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RÉSUMÉ

Les accélérateurs d’ions générés par interaction laser-matière représentent une voie prometteuse
pour de nombreuses applications en science des matériaux, en médecine, en radiographie ultra-
rapide et en physique nucléaire. En effet, les lasers femtosecondes de puissance ultra-élevée,
focalisés à des intensités extrêmes, permettent de produire des faisceaux d’ions compacts at-
teignant plusieurs mégaélectronvolts. Parmi les mécanismes d’accélération disponibles, l’accélé-
ration TNSA (« Target Normal Sheath Acceleration ») demeure aujourd’hui la plus robuste et la
plus utilisée. Toutefois, la stabilité, la qualité et l’efficacité énergétique des faisceaux générés res-
tent des enjeux majeurs. En particulier, les performances résultent d’un équilibre subtil entre des
mécanismes de couplage laser–plasma hautement non linéaires, sensibles à la géométrie du fais-
ceau, aux propriétés de la cible et à la structure spatio-temporelle de l’impulsion laser. Les progrès
expérimentaux sont souvent ralentis par les faibles cadences de tir, le bruit de mesure et le coût
élevé des campagnes expérimentales nécessitant l’exploration de larges espaces de paramètres.
Bien que les simulations numériques puissent offrir un éclairage précieux, les modèles réalistes
demeurent coûteux en temps de calcul et ne remplacent pas une optimisation expérimentale sys-
tématique.
Parallèlement, l’essor de l’intelligence artificielle et des stratégies de contrôle autonome ouvre de
nouvelles perspectives pour les accélérateurs laser–plasma. En particulier, l’optimisation bayé-
sienne constitue un outil efficace pour explorer rapidement des espaces de paramètres complexes
tout en réduisant le nombre d’expériences nécessaires. Ces approches permettent d’accélérer
l’optimisation, d’améliorer la reproductibilité et de réduire la dépendance aux ajustements manuels.
Cette thèse présente la mise en place d’une plateforme d’accélération d’ions stable et partiellement
automatisée hébergée par l’« Advanced Laser Light Source (ALLS)» de l’Institut national de la re-
cherche scientifique (INRS). Ce travail combine développement expérimental, modélisation numé-
rique et optimisation guidée par apprentissage automatique afin d’améliorer les performances et la
stabilité des faisceaux d’ions. Après avoir renforcé l’alignement, la préparation des cibles, l’intégra-
tion des diagnostics et la répétabilité du système, nous avons conçu une méthode d’optimisation
multi-étapes fondée sur des modèles de substitution et l’optimisation bayésienne, adaptée aux
contraintes des lasers à haute puissance. Cette approche a permis d’optimiser efficacement plu-
sieurs paramètres expérimentaux malgré le bruit et le faible taux de répétition, conduisant à des
améliorations significatives de la stabilité et des performances des faisceaux d’ions. Ces travaux
contribuent à établir l’accélération laser-plasma assistée par apprentissage automatique comme
une voie prometteuse pour les futures sources d’ions compactes et leurs applications scientifiques,
industrielles et sociétales.

Mots-clés : Interaction laser-plasma; Accélérateurs de protons par laser; Target Normal Sheath
Acceleration; Automatisation; Apprentissage automatique; Optimisation bayésienne; Modelage du
front d’onde laser; Fluctuations tir à tir; Stabilité des faisceaux d’ions; Contrôle adaptatif des fais-
ceaux d’ions.
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ABSTRACT

Laser-driven ion accelerators are promising candidates for applications in materials science, me-
dical therapy, ultrafast probing, and nuclear physics. Indeed, modern high-intensity laser systems,
operating in the multi-hundred-terawatt range and focused to extreme intensities, can generate
multi-MeV proton beams from compact, high-brightness sources. Among the available accelera-
tion schemes, Target Normal Sheath Acceleration (TNSA) remains the most robust and widely
used, but improving the stability, beam quality, and energy throughput of these sources remains
a central challenge. In particular, their performance results from a complex interplay of nonlinear
laser–plasma processes that are highly sensitive to laser conditions, target properties, and spatio-
temporal laser beam structure. Furthermore, progress is often limited by low repetition rates, sub-
stantial experimental noise, and the cost of large multi-parameter scans. Although numerical si-
mulations can provide valuable insight, high-fidelity models remain computationally expensive and
cannot replace systematic experimental optimization.
In parallel, the rapid development of data-driven methods and autonomous control strategies has
opened a new path for laser-plasma accelerators. Machine learning, and in particular Bayesian op-
timization, offers a powerful route to efficiently explore high-dimensional parameter spaces while
requiring only a limited number of experimental evaluations. Its successful deployment in other
accelerator platforms demonstrates its potential to accelerate optimization, reduce human inter-
vention, and improve overall machine reliability.
This thesis presents the development of a stable and partially automated laser-driven ion acce-
leration platform at the Advanced Laser Light Source (ALLS) facility of the Institut national de la
recherche scientifique (INRS). The work combines experimental innovation, numerical modeling,
and machine-learning-assisted control to enhance both performance and stability. After improving
target alignment, targetry, diagnostic integration, and operational repeatability, we developed
a multi-step surrogate-assisted Bayesian optimization framework tailored to the constraints of
high-power laser systems. This approach enabled efficient optimization of key experimental
parameters despite low repetition rates and significant shot-to-shot fluctuations. The resulting
improvements in beam stability and proton performance demonstrate that data-driven strategies
can effectively guide experiments, paving the way toward adaptive, autonomous laser-driven
ion accelerators. This work contributes to establishing machine-learning-assisted laser-plasma
acceleration as a promising route for future compact ion sources and their scientific, industrial,
and societal applications.

Keywords : Laser-plasma interaction; Laser-driven proton accelerators; Target Normal Sheath Ac-
celeration; Automation; Machine Learning; Bayesian optimization; Laser wavefront shaping; Shot-
to-shot fluctuations; Ion beam stability; Adaptive ion beam control.
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SOMMAIRE RÉCAPITULATIF : OPTIMISATION PAR APPRENTISSAGE
AUTOMATIQUE DES LIGNES DE FAISCEAUX D’IONS ACCÉLÉRÉS

PAR INTERACTION LASER-MATIÈRE

Contexte général et hypothèse directrice

Cette thèse s’inscrit dans le développement d’accélérateurs d’ions générés par interaction laser-
matière dans le régime Target Normal Sheath Acceleration (TNSA) (Wilks et al., 2001) et, plus
généralement, des accélérateurs laser-plasma. Si des protons de plusieurs MeV peuvent être
accélérés de manière routinière via TNSA (Zeil et al., 2010; Fourmaux et al., 2013; Yao et al.,
2024b), l’adoption de ces sources pour des usages scientifiques, technologiques ou sociétaux
(Bolton et al., 2018) exige des améliorations au niveau de leur stabilité, répétabilité et efficacité.
L’hypothèse centrale de cette thèse est qu’une optimisation assistée par apprentissage automa-
tique (Machine Learning, ML) — en particulier l’optimisation bayésienne (OB) (Jones et al., 1998;
Brochu et al., 2010; Shahriari et al., 2015; Frazier, 2018) — peut améliorer de façon significative
la performance et la robustesse des faisceaux d’ions accélérés, y compris dans des conditions
expérimentales à faible cadence et marquées par un bruit intrinsèque élevé, caractéristiques du
domaine de l’accélération laser-plasma (Nishiuchi et al., 2009; Treffert et al., 2022a; Giuffrida et al.,
2023; Nedbailo et al., 2023). Cette hypothèse est testée sur la ligne d’ions de l’Advanced Laser
Light Source (ALLS) (Vallières et al., 2020), installée au Centre Énergie Matériaux Télécommu-
nications de l’Institut national de la recherche scientifique (INRS) dans la province du Québec au
Canada, en exploitant un contrôle spatio-temporel du faisceau laser, utilisé pour la génération et
l’accélération des ions, à l’aide d’un miroir déformable (MD) et d’un filtre dispersif programmable
(FDP).

Objectifs

Les travaux présentés dans cette thèse poursuivent trois objectifs principaux.

Tout d’abord, Il s’agit d’abord de démontrer qu’une source d’ions accélérés par le mécanisme
TNSA peut fonctionner de manière stable sur un grand nombre de tirs consécutifs, tout en
caractérisant avec précision ses grandeurs caractéristiques. Celles-ci incluent notamment l’éner-
gie maximale des protons (Ep,max), les flux d’ions différentiels ( d2N

dEdΩ ) et totaux (Ntot), ainsi que
l’efficacité de conversion de l’énergie laser en énergie des ions accélérés (α).

Le second objectif est d’évaluer et de comparer l’influence relative de deux leviers de contrôle in-
dépendants sur les grandeurs caractéristiques des faisceaux de protons : d’une part, l’ajustement
du profil temporel de l’impulsion laser via sa phase spectrale, en modulant la dispersion de groupe
(GDD) et la dispersion d’ordre trois (TOD) ; d’autre part, le profilage spatial du front d’onde du
faisceau au moyen d’un MD. Cette analyse vise à déterminer lequel de ces paramètres, ou quelle
combinaison, contribue le plus efficacement à l’amélioration des performances du mécanisme de
TNSA.

Enfin, le troisième objectif est de concevoir et valider une stratégie d’optimisation multi-étapes
(Multi-Step Bayesian Optimization, MSBO) intégrant des modèles de ML de type forêts aléatoires
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et une OB. L’enjeu est de démontrer expérimentalement que cette approche permet d’identifier
rapidement et efficacement une configuration optimale, puis d’en quantifier le gain en performance
par rapport aux méthodes d’optimisation conventionnelles.

Approche expérimentale et dispositifs

Les expériences ont été menées sur la ligne d’ions de l’installation ALLS, sous différentes confi-
gurations expérimentales (Figures 3.1.A, 4.6 et 5.1), en utilisant des impulsions laser polarisées
p, incidentes à 20◦ sur la cible et tirant à une cadence de 0.625 Hz. Les cibles consistent en des
feuilles métalliques d’épaisseur micrométrique, adaptées à l’accélération d’ions en régime TNSA.
La caractérisation des faisceaux est assurée à l’aide d’un spectromètre à parabole de Thom-
son (TPS) équipé d’un détecteur à microcanaux (MCP), permettant de mesurer avec précision
les spectres d’énergie et les grandeurs caractéristiques des ions accélérées. Le contrôle spatio-
temporel du faisceau laser est assuré par l’utilisation combinée d’un MD couplé à un analyseur de
front d’onde et d’un FDP.
Afin de permettre l’acquisition de données sur de longues séries expérimentales, un porte-cibles
multi-échantillons, d’une capacité de 400 cibles, a été conçu et intégré au système expérimental
(voir Figure 3.1.C).

Développement

Chapitre 1 - Fondements physiques et technologiques de l’accélération laser-plasma

Ce chapitre présente les fondements technologiques et physiques de l’accélération laser–plasma,
en s’articulant autour de : (i) l’essor des lasers ultra-intenses permis par la Chirped Pulse Ampli-
fication (CPA) (Strickland et al., 1985), (ii) le cadre électromagnétique, fondé sur les équations
de Maxwell, régissant l’interaction laser–plasma, et (iii) les principaux mécanismes d’accélération
d’électrons et d’ions, avec un accent particulier sur le régime TNSA. L’introduction rappelle le
principe en trois étapes de la CPA — étirement, amplification et recompression — (Figure 1.1),
puis replace ces avancées dans le contexte international des grandes installations (Figure 1.2) et
de l’évolution historique des puissances crêtes et intensités atteintes (Figure 1.3). La montée en
cadence et en puissance moyenne, essentielle pour les plateformes expérimentales modernes,
est illustrée par la cartographie énergie–cadence de la Figure 1.4.

Le cadre électromagnétique est rappelé sous forme différentielle pour traiter les phénomènes
ultrarapides et localisés caractéristiques des interactions laser–plasma (Maxwell–Lorentz). Dans
les plasmas sous-denses, l’accélération d’électrons par sillage (Laser Wakefield Acceleration,
LWFA) met en jeu la force pondéromotrice (Esarey et al., 2009) et la formation d’une cavité ionique
(«bubble», Figure 1.5), permettant d’atteindre des gradients de l’ordre de 100 GV/m grâce à des
cibles gazeuses de densité électronique ne ∼ 1018 cm−3 et la production concomitante de rayonne-
ment X betatron (Esarey et al., 2002; Kostyukov et al., 2003) (Figure 1.6). Ces résultats motivent,
côté ions, l’étude des régimes à cible solide où dominent les champs quasi-électrostatiques de
gaine.

Le mécanisme TNSA, mis en évidence expérimentalement dès les années 2000 (Clark et al.,
2000; Maksimchuk et al., 2000; Snavely et al., 2000; Wilks et al., 2001) et décrit analytiquement
via des modèles d’expansion plasma dans le vide (Mora, 2003), repose sur la génération d’élec-
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trons chauds à la surface frontale de la cible, leur transport balistique à travers celle-ci, puis la
formation d’une gaine électrostatique à l’arrière, responsable de l’accélération des protons (Figure
1.7) et d’autres espèces ioniques. Le déroulement temporel de ces étapes clefs est synthétisé
dans la Figure 1.8. Les mécanismes d’absorption conduisant à la production d’électrons chauds
dépendent fortement de l’intensité laser, de la polarisation et de l’angle d’incidence. On distingue
principalement : l’absorption résonante (Wilks et al., 1992) (Figure 1.9), le chauffage de Brunel
(Brunel, 1987) en présence de gradients abrupts de densité, et, au-delà du seuil relativiste, le
chauffage J⃗ × B⃗ (Kruer et al., 1985), qui domine alors la dynamique et fixe l’ordre de grandeur
de la température électronique via l’énergie pondéromotrice. Le phénomène de saturation de
l’absorption est discuté en lien avec la Figure 1.10. Dans un second temps, le modèle isotherme
à durée d’accélération finie relie la température des électrons chauds Thot (Mora, 2003; Fuchs
et al., 2006), la géométrie de la gaine et l’échelle temporelle d’injection à l’énergie maximale des
ions. Enfin, les principales lois d’échelle établies à partir d’études paramétriques et d’ensembles
expérimentaux (Fuchs et al., 2006; Robson et al., 2007; Flippo et al., 2008; Zeil et al., 2010) sont
synthétisées et mises en perspective avec la Figure 1.11.

Au-delà du régime TNSA, d’autres mécanismes prennent le relais lorsque l’intensité atteint
des valeurs extrêmes (≥ 1020 W.cm−2) et/ou lorsque la cible devient ultrafine (épaisseurs sub-
micrométriques). Parmi eux, la Radiation Pressure Acceleration (RPA) (Esirkepov et al., 2004)
constitue le scénario radiatif de référence : la pression de radiation transmet directement sa
quantité de mouvement au plasma, impulsionnant collectivement les ions. Ce régime se décline
en deux configurations — Hole Boring (HB) pour des cibles « épaisses » et Light Sail (LS) (Qiao
et al., 2009; Macchi et al., 2013) pour des cibles nanométriques — comme illustré en Figure 1.12.
La polarisation circulaire, en réprimant le chauffage collisionless de type J⃗ × B⃗, renforce l’efficacité
de cette poussée collective. À encore plus haute intensité, l’augmentation de la température
électronique peut conduire à une transition vers la transparence relativiste (Vshivkov et al., 1998),
ouvrant la voie à des scénarios d’accélération volumique tels que le Break-Out Afterburner (BOA)
(Yin et al., 2006, 2007). Dans ces conditions, l’onde laser pénètre le plasma devenu transparent
au sein relativiste du terme, ce qui favorise un chauffage volumique efficace et l’établissement
de champs longitudinaux capables de générer des spectres ioniques plus énergétiques. D’autres
mécanismes, tels que la Collisionless Shock Acceleration (CSA) (Silva et al., 2004; Haberberger
et al., 2012) et le Magnetic Vortex Acceleration (MVA) (Nakamura et al., 2010; Park et al., 2019),
sont également rapportés dans la littérature pour certaines configurations de densité et de durée
d’impulsion. Bien qu’ils ne soient pas étudiés en détail dans ce manuscrit, ils sont mentionnés pour
compléter le panorama des moteurs d’accélération laser-plasma accessibles à haute intensité.

Les performances et la stabilité des faisceaux accélérés dépendent à la fois des caractéristiques
du laser (énergie, durée d’impulsion, contraste temporel, polarisation, géométrie focale) et des
propriétés des cibles (matériau, épaisseur, densité, structuration). Pour répondre aux contraintes
imposées par les cadences élevées, plusieurs solutions de rafraîchissement ou de renouvellement
des cibles ont été développées, telles que les rubans (Noaman ul Haq et al., 2017; Noaman ul Haq
et al., 2018; Dover et al., 2020b), les jets liquides (Gauthier et al., 2016; Obst-Huebl et al., 2017;
Grieser et al., 2019; Polz et al., 2019), les systèmes multi-échantillons (Catrix et al., 2023), ou
encore les jets de gaz (Jinno et al., 2013; Chen et al., 2017; Puyuelo-Valdes et al., 2019b), illustrés
en Figure 1.13. Du côté de la métrologie, la caractérisation spectrale et multi-espèces repose
principalement sur les détecteurs à parabole de Thomson (Sadowski et al., 2009; Gwynne et al.,
2014; Tata et al., 2017), dont les schémas et l’implantation expérimentale sont présentés en Figure
1.14. Ce diagnostic est couramment complété par des mesures de charge à l’aide d’Integrating
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Current Transformers (ICT) (Geulig et al., 2022), par des réseaux de fibres scintillantes (Patel
et al., 2024), ainsi que par des dispositifs temps-de-vol (Scuderi et al., 2020; Vallières et al., 2020).

Enfin, le chapitre replace ces sources dans leurs domaines applicatifs : analyses élémentaires
et science des matériaux (Barberio et al., 2017b) (Particle Induced X-ray Emission et imagerie,
Figures 1.15.A–C), chauffage isochore (Patel et al., 2003; Roth et al., 2005) (Figure 1.15.D), ra-
diobiologie/hadronthérapie et scénarios FLASH (Vozenin et al., 2022; Flacco et al., 2024), radio-
graphie protonique de champs transitoires (Mackinnon et al., 2004), et production radio-isotopique
médicale (Ledingham et al., 2004) (Figure 1.15.E). L’ensemble établit le lien entre technologies
CPA, cadres électromagnétiques et stratégies expérimentales, préparant les méthodes d’implan-
tation, de contrôle et d’optimisation développées dans les chapitres suivants.

Chapitre 2 — Machine Learning dans la physique des plasmas

Ce chapitre introduit les concepts fondamentaux de ML et examine son rôle émergent dans la
physique des plasmas, en particulier pour l’optimisation de l’accélération d’ions par laser (Hatfield
et al., 2021; Trieschmann et al., 2023; Döpp et al., 2023; Roussel et al., 2024). Après avoir
défini le ML et ses principales sous catégories — apprentissage supervisé, non supervisé et par
renforcement — (Figures 2.1 et 2.2), il présente son fonctionnement typique (Figure 2.3) et ses
limites actuelles.

L’intégration du ML en physique des plasmas répond à la complexité non linéaire et multi-
dimensionelle des interactions laser–plasma, aussi bien en régimes de plasmas froids que
chauds, comme le montre la comparaison synthétique du Tableau 2.1. Les applications incluent
la diminution du coût computationnel de simulations, la modélisation de plasmas complexes et
l’optimisation de procédés expérimentaux.

La section suivante analyse la complexité des interactions laser–plasma : chauffage électronique,
auto-focalisation relativiste (Ritchie, 1994; Sprangle et al., 2007) ou pondéromotrice (Osman
et al., 1999) (Figure 2.4), instabilités paramétriques (Giulietti et al., 1999; Salcedo et al., 2003; Yao
et al., 2024a; Ruskov et al., 2024; Lian et al., 2025), et importance des diagnostics expérimentaux
comme la diffusion Thomson (Kaloyan et al., 2021, 2022) ou la radiographie protonique (Mackin-
non et al., 2004; Romagnani et al., 2005).

Le chapitre détaille ensuite la nature multi-paramétrique de l’accélération d’ions par laser, influen-
cée par :

— les paramètres laser (énergie, durée, contraste temporel, qualité du front d’onde),

— les propriétés de la cible et les conditions de pré-plasma (Hadjisolomou et al., 2020; Gizzi
et al., 2021; Kim et al., 2022; Strehlow et al., 2022; Keppler et al., 2022),

— l’environnement expérimental (pression résiduelle (Snyder et al., 2020), champs magné-
tiques externes (Sarri et al., 2012; Ferri et al., 2019a; Weichman et al., 2020; Khan et al.,
2024)).

Ces paramètres doivent être optimisés conjointement pour maximiser l’efficacité et la stabilité du
faisceau d’ions.

Différentes techniques ML appliquées à l’accélération laser-plasma sont ensuite évoquées :
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— Réseaux de neurones : puissants pour la modélisation non linéaire et la prédiction de
spectres de protons (Figure 2.5);

— Support Vector Regression (SVR) : adaptée aux jeux de données synthétiques et non
bruités (Figure 2.6) ;

— Forêts aléatoires : modélisent efficacement des relations non linéaires complexes tout en
restant robustes au bruit expérimental et interprétables malgré des jeux de données limités;

— Régression par processus gaussiens (GPR) : fournit à la fois prédictions et incertitudes
(Figure 2.8) ;

— Optimisation bayésienne (OB) : exploite généralement la régression par processus gaus-
siens pour optimiser des fonctions coûteuses à évaluer, en équilibrant exploration et exploi-
tation (Figure 2.9);

— Apprentissage par renforcement (RL) : contrôle adaptatif en temps réel d’installations com-
plexes (Figure 2.10).

Chaque méthode est comparée en termes de domaines d’efficacité, points forts et limites (Tableau
2.6).

En conclusion, le chapitre souligne l’impact du ML sur l’efficacité expérimentale (réduction du
temps d’optimisation, diagnostic synthétique en temps réel, contrôle adaptatif) et sur la compré-
hension des interactions laser–plasma (découverte de corrélations cachées, lois d’échelle révi-
sées, optimisation multi-objectifs). Les perspectives incluent : approches hybrides (GPR + RL),
réseaux de neurones informés par la physique sous-jacente des interactions laser-plasma, inté-
gration de diagnostics synthétiques en boucle fermée et utilisation des hautes performances de
calcul des machines futures (ordinateurs quantiques, supercalculateurs...) pour accélérer les si-
mulations et l’optimisation expérimentale.

Chapitre 3 — Fonctionnement répété et stabilité

Ce chapitre présente la mise en œuvre et la caractérisation de la ligne d’accélération d’ions
d’ALLS, optimisée pour le régime TNSA (Catrix et al., 2023). Le système repose sur un porte-
cibles motorisé multi-cibles (jusqu’à 400 cibles, Figure 3.1.C), permettant l’acquisition de longues
séries de tirs consécutifs avec un maintien de l’alignement par un système de positionnement à
cinq axes (Figure 3.4). L’importance de ce type de montage réside dans la capacité à enchaîner
des centaines de tirs sans réalignement manuel, ce qui était auparavant l’un des principaux
obstacles à la reproductibilité des expériences en accélération laser-plasma. La motorisation à
plusieurs degrés de liberté permet de compenser les dérives mécaniques et d’alignement optique,
assurant une meilleure reproductibilité dans le temps. Les faisceaux d’ions produits par TNSA sont
caractérisés à l’aide d’un TPS couplé à un MCP calibré (Figure 3.5, Tableau 3.1), et les spectres
sont analysés par un traitement automatisé via Matlab pour extraire les grandeurs caractéristiques
des faisceaux d’ions. L’automatisation de la chaîne de traitement, depuis l’acquisition des images
jusqu’au calcul des spectres et des grandeurs caractéristiques des faisceaux d’ions, constitue un
gain en fiabilité et en rapidité, et permet également de manipuler un volume de données beaucoup
plus important qu’avec des analyses manuelles, ouvrant la voie à des études statistiques robustes
sur plusieurs centaines de tirs consécutifs.

Les mesures effectuées sur une série de 296 tirs consécutifs sur une cible d’aluminium de 4.5 µm
d’épaisseur (Figures 3.6.A–B) montrent une excellente stabilité au niveau de l’énergie maximale
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des protons : Ep,max = (5.6 ± 0.4) MeV, soit ∼7 % de fluctuation, et des variations de flux intégré
(Ntot) de 14.9 %. Cette longue série démontre que l’on peut maintenir un fonctionnement stable
sur plusieurs minutes (∼15 minutes) sans réalignement, alors même que chaque tir détruit locale-
ment la cible. Cette performance est directement liée à la rigidité du porte-cibles et à la stabilité du
laser, qui ne présente que 2.5 % RMS de variation d’énergie impulsionnelle. Ce niveau de stabilité
se démarque par rapport aux autres infrastructures internationales, où les fluctuations rapportées
dépassent souvent 20–30 % pour des systèmes similaires. L’efficacité de conversion entre l’éner-
gie du laser et l’énergie des protons reste typique de ce type d’infrastructure ∼0.005 avec une
fluctuation tir à tir de 12 %. Ces valeurs de fluctuations tir à tir, bien que modestes en comparaison
des grands accélérateurs conventionnels, sont cohérentes avec les mécanismes TNSA où seule
une fraction des électrons chauds contribue effectivement à la formation du champ de gaine. Elles
témoignent néanmoins d’une remarquable constance sur la durée de l’expérience. Les comparai-
sons multi-matériaux et multi-épaisseurs (Figures 3.6.C et 3.7, Tableau 3.3) confirment que :

— les cibles métalliques fines (2 µm Ta, 1 µm Cu) produisent les énergies maximales les plus
élevées (∼ 6.2 MeV) avec une bonne stabilité (5-7 %),

— l’aluminium 4.5 µm offre la meilleure robustesse mécanique pour les longues séries, malgré
un rendement moindre,

— les cibles en Polytéréphtalate d’éthylène (PET) présentent des fluctuations importantes (∼ 45
%), dues à leur souplesse mécanique et à la difficulté d’alignement optique. Leur transpa-
rence aux diagnostics optiques rend de surcroît le centrage plus complexe, expliquant leur
instabilité par rapport aux métaux opaques et rigides.

Ces résultats soulignent que la reproductibilité des faisceaux ne dépend pas uniquement du laser
mais de la combinaison fine entre matériau, épaisseur et contraintes mécaniques, ce qui impose
une réflexion sur le design global du système.

À intensité réduite (IL ∼ 3.3 × 1019 W.cm−2), les énergies maximales chutent à ∼ 1.8 MeV (Figure
3.9.A), mais la stabilité relative d’Ep,max reste comparable (5–9 %). Cela prouve que, même dans
un régime où l’énergie déposée est plus faible et où les électrons produits ont une température
moindre, la reproductibilité au niveau de l’énergie maximale du système n’est pas dégradée. En
revanche, le flux à 1 MeV de protons devient plus fluctuant (Figure 3.9.B), en raison d’une plus
grande sensibilité aux irrégularités de surface et aux variations d’absorption à plus faible intensité
laser. Ces observations confirment l’importance d’un excellent contraste temporel : en l’absence
de préplasma stabilisant, la rugosité locale ou les défauts de surface dominent la physique de
l’absorption, rendant les fluctuations plus marquées.

Enfin, l’application à la spectroscopie PIXE/XRF (Particle Induced X-ray Emission/X-ray Fluo-
rescence), illustre concrètement l’intérêt d’une source TNSA versatile et stable à haut taux de
répétition. Dans cette configuration, un faisceau d’ions et de rayons X généré par une cible de
Ta d’épaisseur 2 µm est utilisé pour exciter un échantillon organique contenant des éléments
traces. L’accumulation de 50 tirs consécutifs, rendue possible grâce à la stabilité mécanique et
énergétique du système, permet de faire émerger dans le spectre des raies d’émission caractéris-
tiques d’éléments de faible concentration, en particulier l’arsenic (As) avec une raie Kα détectée
à 10.54 keV (Figure 3.10). En comparaison, un tir unique ne permet pas de distinguer cette raie
du bruit de fond, démontrant que la répétabilité et la constance du faisceau sont essentielles pour
atteindre des seuils de détection plus bas. Cette capacité à accumuler des tirs reproductibles
ouvre la voie à des applications analytiques avancées dans le domaine du patrimoine culturel, de
la science des matériaux ou de la médecine, où la détection de traces élémentaires peut avoir
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une valeur critique. En particulier, elle montre que l’accélération laser-plasma n’est pas seulement
une prouesse physique, mais qu’elle peut devenir un véritable outil d’analyse multidisciplinaire.

Ce résultat met en évidence que l’optimisation conjointe du matériau et de l’épaisseur des cibles
ne répond pas uniquement à des critères de rendement énergétique ou de stabilité, mais consti-
tue également un levier pour adapter la source de protons aux besoins spécifiques de différentes
applications avancées. Parmi celles-ci figurent la caractérisation d’éléments traces, l’imagerie ré-
solue en énergie et les études de composition élémentaire de matériaux sensibles, où la possibilité
de cumuler des acquisitions sans dégradation significative des performances est un atout déter-
minant. En outre, ce travail démontre l’importance des approches comparatives et statistiques, car
ce n’est que sur de longues séries de tirs que la notion de stabilité prend tout son sens. Les résul-
tats obtenus à l’INRS placent ainsi cette ligne d’accélération parmi les systèmes les plus stables
actuellement rapportés dans la littérature. En somme, ce chapitre démontre que la mise en place
d’une infrastructure robuste et reproductible n’est pas seulement une prouesse technique, mais
une condition essentielle pour transformer l’accélération laser-plasma en un outil fiable au ser-
vice d’applications scientifiques et technologiques concrètes, allant de la physique fondamentale
jusqu’aux analyses appliquées.

Chapitre 4 — Contrôle paramétrique des faisceaux de protons par modelage spatio-
temporelle du laser

Ce chapitre explore de manière systématique l’influence du modelage spatio-temporel du fais-
ceau laser sur les performances de l’accélération de protons dans le régime TNSA. L’approche
expérimentale repose sur le couplage d’un MD bimorphe à 48 actionneurs (Figure 4.7) avec un
analyseur de front d’onde et d’un FDP, permettant un contrôle indépendant du front d’onde spatial
et de la phase spectrale. Concrètement, l’impulsion Ti :Saphir (3.2 J sur cible, 22 fs minimum,
800 nm) est comprimée par une chaîne CPA double, avec une gestion de phase spectrale par
un FDP de type Dazzler ; le front d’onde est mesuré par un analyseur de front d’onde de type
SID4 et corrigé par un MD bimorphe en boucle fermée. Les mesures sont réalisées sur des cibles
d’aluminium de 4.5 µm, irradiées à une intensité de ∼1.3×1020 W.cm−2 ou inférieure, avec un
diagnostic de type parabole de Thomson couplé à un MCP (Figure 4.6). Le faisceau est focalisé
par une f/3 OAP, en polarisation p à 20◦ de l’axe normal de la cible; la cadence expérimentale
est de 0.625 Hz avec un porte-cibles multi-cibles (≤400 cibles) assurant la répétabilité. Un étage
XPW en amont améliore le contraste (ASE ≤ 10−10 à −100 ps). L’extraction des observables
(Ep,max, Ntot, Etot, Ē , Ē2, Thot) est réalisée tir à tir par un code Matlab.

L’étude du modelage temporel, par variation systématique de la dispersion d’ordre 2 (β2) et de la
dispersion d’ordre 3 (β3) dans la plage β2 ∈ [−1250, 1250] fs2 et β3 ∈ [−7000, 7000] fs3, montre que
les fluctuations des métriques de faisceau de protons restent dominées par le bruit intrinsèque
tir-à-tir (Figure 4.8, Tableau 4.1). Pour chaque couple (β2, β3), trois tirs consécutifs sont acquis
(N=114 configurations au total), ce qui permet d’estimer la variabilité tir-à-tir σsts et la dispersion
inter-configuration σconfig; on observe systématiquement σconfig ≲ σsts, indiquant l’absence d’effet
systématique fort du façonnage temporel dans la plage explorée. L’élargissement de la durée
d’impulsion de 22 fs jusqu’à ∼160 fs (Figure 4.8) induit, à énergie laser constante, une baisse
d’intensité crête (I ∝ 1/τL) sans bénéfice corrélatif sur les performances du faiceau de protons,
ce qui demeure cohérent avec les cartes iso-intensité de (Fuchs et al., 2006). Par ailleurs, comme
le temps de double-transit électronique (∼32 fs pour une cible de 4.5 µm) n’est pas dépassé par
l’impulsion courte (22 fs), le mécanisme de renforcement du champ de gaine par recirculation
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(Mackinnon et al., 2002) ne peut s’installer; à l’inverse, l’allongement de la durée d’impulsion
en variant β2 et β3 dégrade potentiellement le contraste et favorise une expansion prématurée,
neutralisant tout gain lié au temps d’interaction additionnel avec une impulsion laser plus longue
dans le temps. En résumé, dans notre fenêtre paramétrique, une compression maximale de
l’impulsion laser proche de la limite de diffraction suffit et un ajustement plus fin de la phase
spectrale n’apporte qu’un bénéfice marginal.

À l’inverse, le modelage spatial via le MD génère des variations systématiques et reproductibles
sur toutes les métriques de faisceau (Tableau 4.2). Une analyse corrélative (Figure 4.10) révèle
qu’un petit sous-ensemble d’actionneurs, en particulier l’Actionneur 0 (défocus global), joue un
rôle prépondérant avec des corrélations > 0.8 sur Ep,max et Etot. La campagne d’exploration
repose sur 360 configurations issues d’un Latin Hypercube Sampling dans l’espace [−80, 80]
V pour les 20 actionneurs centraux (0–19), superposées au point de fonctionnement SID4
(front d’onde quasi-plan). Les corrélations inter-actionneurs faibles (< |0.17|) suggèrent une
quasi-indépendance des degrés de liberté, ce qui renforce l’interprétabilité des effets de chaque
actionneur. La dépendance non linéaire Ep,max(V0) (Figure 4.13, ajustement quadratique avec
a = −9.96×10−4 MeV.V−2, b = 1.28×10−2 MeV.V−1, c = 5.34 MeV) traduit le rôle de la courbure
imposée par l’Actionneur 0 sur la taille de la tache focale et la distribution d’intensité, modulant
directement Thot et la force du champ de gaine accélérateur.

Des cartes bidimensionnelles issues de modèles de forêts aléatoires (Speiser et al., 2019) (Figure
4.14) montrent que les meilleures performances sont obtenues pour des impulsions temporel-
lement comprimées combinées à une légère tension positive sur l’Actionneur 0, minimisant le
défocus. Les modèles RF (composés de 300 arbres décisionnels chacun) sont entraînés sur
(τL, V0) et prédisent chacune des métriques des faisceaux de protons; ils atteignent des R2 de
0.91 à 0.94 selon la métrique, pour des RMSE proches du bruit expérimental, ce qui valide leur
usage pour prédire les différentes métriques des faisceaux de protons. La corrélation forte entre
Ep,max et l’ensemble des autres métriques (Figure 4.12) confirme sa pertinence comme paramètre
unique de suivi et d’optimisation du mécanisme de TNSA, grâce également à sa faible sensibilité
au bruit (∼5 % de fluctuation). Ainsi, piloter l’expérience sur Ep,max revient, dans notre cas, à
co-optimiser simultanément l’ensemble des métriques des faisceaux de protons, tout en limitant
l’influence des incertitudes d’étalonnage et des fluctuations tir à tir.

Dans notre étude, nous mettons en évidence que l’absence de gain lors de l’allongement
d’impulsion est liée à la baisse d’intensité pic et aux dégradations possibles du contraste,
empêchant l’effet bénéfique attendu de la recirculation électronique. Cette lecture est cohérente
avec la littérature : l’allongement n’est avantageux que si la durée dépasse le double-transit
(densification de gaine), et si le contraste reste suffisant pour éviter la pré-expansion de la face
arrière (Mackinnon et al., 2002; Fuchs et al., 2006). À l’inverse, le modelage spatial permet un
contrôle déterministe du couplage, indépendamment de l’intensité maximale, et constitue un levier
puissant pour améliorer la performance du mécanisme de TNSA. En pratique, cela se traduit par
des rapports σconfig/σsts compris entre 2.2 et 3.8 (Tableau 4.2) pour toutes les observables, avec
un maximum sur Ep,max.

Sur le plan méthodologique, on notera que les contrastes apparents entre Figures 4.10 et 4.14
résultent des conditions d’échantillonnage : la corrélation de Pearson sous-estime l’influence
d’un actionneur lorsque la réponse en énergie est non monotone (symétrie autour d’un optimum
de V0), car des contributions positives et négatives au numérateur se compensent. De plus,
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la quasi-colinéarité des métriques (coefficients ≥ 0.95 hors Ntot) justifie la sélection de Ep,max

comme observable pilier, réduisant la dimension de sortie pour le contrôle optimal.

En conclusion, ces résultats démontrent que, dans nos conditions expérimentales, le contrôle spa-
tial du front d’onde est beaucoup plus influent que le modelage temporel en termes d’impact sur
les performances du TNSA, et qu’Ep,max peut être utilisé comme indicateur robuste et unique pour
piloter des stratégies d’optimisation basées sur le ML. Cela ouvre la voie à un contrôle en temps
réel, à 0.625 Hz, où un algorithme d’optimisation séquentielle ajuste un sous-ensemble d’action-
neurs (centré sur l’actionneur 0) tout en surveillant Ep,max comme critère unique, assurant une
convergence rapide et une robustesse accrue. À plus long terme, l’approche est généralisable
au jeu complet des 48 actionneurs et à d’autres géométries/épaisseurs de cibles, avec des pers-
pectives d’augmentation de stabilité, de rendement énergétique et de répétabilité des sources
laser-plasma.

Chapitre 5 — Optimisation bayésienne assistée par modèles de substitution pour
l’accélération laser de protons

Ce chapitre présente une stratégie d’optimisation multi-étapes (Multi-Step Bayesian Optimization,
MSBO) destinée à améliorer les performances des faisceaux de protons générés dans le régime
TNSA par façonnage adaptatif du front d’onde au moyen d’un MD (Catrix et al., 2025). L’approche
exploite un modèle d’apprentissage automatique basé sur des forêts aléatoires pour prédire la
relation entre tensions appliquées aux actionneurs du MD et métriques du faisceau de protons,
suivi d’une OB pour identifier une des configurations optimales dans un espace de paramètres à
20 dimensions (actionneurs 0 à 19) — une réduction de dimension guidée par des considérations
d’efficacité computationnelle et par la zone d’impact des actionneurs les plus centraux sur le
faisceau laser.

L’installation expérimentale (Figure 5.1) repose sur le laser Ti :saphir 150 TW de l’ALLS, délivrant
3.2 J en 22 fs, focalisé par une parabole hors-axe f/3 sur des cibles d’aluminium de 4.5 µm.
Le contraste temporel du faisceau (< 10−10 à -100 ps, < 10−6 à -3 ps) assure des conditions
d’interaction optimales et reproductibles. Le diagnostic repose sur un détecteur de type parabole
de Thomson couplé à un MCP, permettant la mesure en temps réel du spectre de protons tir
par tir. L’ensemble est complété par un MD bimorphe à 48 actionneurs (Figure 5.3), couplé à
un analyseur de front d’onde SID4 pour caractériser le front d’onde du laser, et à une caméra
CCD pour visualiser la tache focale. La combinaison d’un porte-cibles multi-échantillons (jusqu’à
400 cibles) et de la stabilité intrinsèque de la chaîne laser (fluctuations de 2.5% RMS) garantit la
possibilité de collecter des jeux de données statistiques fiables, condition essentielle à l’application
de méthodes d’optimisation basées sur l’apprentissage automatique dans un contexte de cadence
expérimentale limitée (0.625 Hz).

La méthode MSBO se décompose en quatre étapes (Figures 5.4 – 5.11). Après une phase
d’échantillonnage initial par Latin Hypercube Sampling (Helton et al., 2003) des 20 premiers
actionneurs (Figure 5.5), un modèle RF est entraîné sur les données expérimentales et comparé
à d’autres modèles (linéaire, perceptron multicouche, k-nearest neighbors, Support Vector Re-
gression). Le modèle RF se distingue avec une précision élevée (R2 = 0.97, RMSE = 0.24 MeV),
confirmant sa capacité à capturer les relations non linéaires complexes et bruitées inhérentes
aux interactions laser–plasma. L’analyse des importances relatives (Figure 5.7) révèle l’influence
dominante de l’Actionneur 0 (défocus global), avec une corrélation de 0.86 avec Ep,max, alors
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que les autres actionneurs présentent des corrélations faibles et peu interdépendantes. L’OB
guidée par ce modèle identifie rapidement des configurations efficaces, atteignant 90 % des
performances optimales en ∼30 tirs et convergeant en 100–150 tirs (Figure 5.18), soit un gain
considérable par rapport aux méthodes classiques.

Les résultats expérimentaux (Figure 5.12) montrent une augmentation de Ep,max de 72 % par
rapport à la configuration du MD où tous les actionneurs sont à 0 V, et de 24 % par rapport à
la configuration du MD donnée par l’analyseur de front d’onde qui minimise les aberrations pour
converger vers un front d’onde plan, atteignant (6.64 ± 0.30) MeV. Fait marquant, la configuration
optimale n’est pas celle correspondant à un front d’onde plan (Figures 5.13.A–D) et n’atteint
pas l’intensité focale maximale, ce qui suggère que l’optimisation agit sur les conditions de
couplage laser–plasma plutôt que sur la seule concentration d’énergie. En d’autres termes, ce
travail démontre que maximiser la qualité optique classique d’un faisceau laser, en maximisant
par exemple le Strehl ratio, n’implique pas nécessairement une maximisation de l’efficacité du
mécanisme TNSA, un résultat qui bouscule l’approche traditionnelle de l’optique adaptative
appliquée aux lasers de puissance.

Une analyse modale basée sur la décomposition de Laguerre–Gauss (Figures 5.15–5.17) a
révélé une structure radiale complexe conservant une forte symétrie cylindrique (|ℓ| = 0 dominant
à 91%), avec 95% de l’énergie concentrée dans les 10 premiers modes. Cette compacité modale,
malgré le caractère principalement non-gaussien du faisceau, suggère que la MSBO génère un
profil structuré en intensité, qui optimise le transfert d’énergie vers les électrons chauds tout en
minimisant les pertes latérales. Ce résultat rejoint les travaux récents sur les faisceaux porteurs
de moment angulaire orbital, où ce caractère joue un rôle dans la collimation des protons et la
limitation des pertes transverses (Willim et al., 2023).

L’étude de la phase spatiale (front d’onde) par décomposition en modes de Zernike (Figures
5.19–5.21, Tableau 5.4) montre que la configuration MSBO exploite volontairement des aberra-
tions de bas et moyen ordre (coma, tilt, astigmatisme), contrairement à la correction donnée par
l’analyseur de front d’onde qui les minimise. Malgré un Strehl ratio réduit (0.179 contre 0.692),
la configuration MSBO conduit à une meilleure efficacité de conversion laser–protons (0.74%
contre 0.61%). Ce constat illustre un paradigme intéressant : certaines aberrations optiques, loin
d’être purement nuisibles, deviennent des leviers de contrôle pour améliorer l’absorption laser et
la génération d’électrons chauds.

Ces observations, confrontées aux lois d’échelle du TNSA (Fuchs et al., 2006; Robson et al.,
2007; Flippo et al., 2008; Zeil et al., 2010), confirment que l’amélioration obtenue ne provient
pas d’une intensité focale accrue, mais bien d’un couplage laser–plasma optimisé. Dans notre
configuration MSBO, la température des électrons chauds atteint Thot = 1.58 MeV, soit une valeur
supérieure à celle prédite par les seules lois d’échelle en intensité, et nettement supérieure à celle
mesurée avec un faisceau corrigé (1.16 MeV). Cela montre que le front d’onde optimal pour le
TNSA n’est pas nécessairement celui qui maximise l’intensité, mais celui qui maximise l’efficacité
d’absorption et la symétrie du champ de gaine.

En définitive, la MSBO démontre la pertinence des approches de façonnage non conventionnelles
du front d’onde pour repousser les performances des sources de protons laser-plasma. L’approche
est particulièrement adaptée aux installations où la mesure du front d’onde à pleine puissance est
impossible, et où le nombre de tirs disponibles est limité : elle offre un cadre général pour des
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optimisations rapides, sûres et robustes. À plus long terme, la méthodologie pourrait être étendue
à un espace de paramètres élargi incluant plus d’actionneurs, l’énergie laser, la polarisation ou le
type de cible ouvrant la voie à des stratégies d’optimisation multidimensionnelles pour l’ensemble
des régimes d’interaction laser-plasma.

Conclusion

Ce travail démontre que l’optimisation guidée par ML n’est pas seulement un concept théorique,
mais bien une stratégie pratique et efficace pour améliorer les performances de l’accélération de
protons par TNSA dans des conditions expérimentales réalistes. Au-delà des gains spécifiques
obtenus sur l’énergie maximale des protons, le cadre méthodologique modulaire développé ici
constitue une voie évolutive vers un contrôle adaptatif, fondé sur les données, des interactions
laser–plasma à haute intensité. L’extension de cette approche vers un fonctionnement en temps
réel, combinée à l’intégration d’algorithmes d’optimisation complémentaires et à son application
à d’autres régimes d’interaction, constituerait un levier déterminant pour accélérer la transition
des expériences de démonstration de principe vers des sources laser–plasma autonomes, stables
et pleinement opérationnelles, adaptées aux exigences concrètes des applications scientifiques,
industrielles et sociétales.
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INTRODUCTION

The advent of high-power lasers, which can produce compact bunches of coherent photons, has
opened up possibilities of laser-based particle acceleration. The original idea of laser-driven par-
ticle acceleration was initially brought up by Toshiki Tajima and John M. Dawson in 1979 (Tajima
et al., 1979), at a timely moment with regards to the advent of the Chirped Pulse Amplification
(CPA) technique, which would occur six years after (Strickland et al., 1985) developed by the 2018
Nobel laureates Donna Strickland and Gérard Mourou. These two events further triggered the de-
velopment of laser-based electron and ion acceleration. The acceleration of electrons has been
studied since the 70s-80s through wakefields and has very recently made a breakthrough by rea-
ching the GeV limit (Leemans et al., 2006) in mono-energetic bunches (Geddes et al., 2004; Faure
et al., 2004; Mangles et al., 2004). The first evidence of proton production by laser-target inter-
action was observed in experiments between 1978 and 1982, yielding very low maximum proton
energies of ∼0.56 MeV. Among the various mechanisms explored since Toshiki Tajima and John
Dawson first proposed laser-driven particle acceleration in their seminal paper (Tajima et al., 1979),
the Target Normal Sheath Acceleration (TNSA) regime has emerged as one of the most widely
implemented and experimentally accessible approaches for ion acceleration. The field was laun-
ched by three landmark experiments in 2000, which reported the generation of multi-MeV proton
beams from solid targets irradiated by high-intensity lasers (Snavely et al., 2000; Clark et al., 2000;
Maksimchuk et al., 2000). These findings demonstrated the potential of compact, tabletop laser
systems to rival large-scale particle accelerators.

At the heart of this field lies the interaction of ultra-intense laser pulses, typically exceeding 1018

W.cm−2, with solid, gaseous, or pre-ionized plasma targets. These interactions produce extreme
physical conditions, including relativistic electrons, highly non-equilibrium plasmas, and strong
electromagnetic fields. Rapid ionization of the target leads to charge separation and the forma-
tion of space-charge fields capable of sustaining gradients on the order of tens of TV/m over
micrometer-scale distances (Romagnani et al., 2005). These gradients can accelerate ions, espe-
cially protons, to tens of MeV over just a few microns, far shorter than the meter-scale acceleration
lengths required by conventional accelerators.

Ion acceleration mechanisms, including TNSA (Wilks et al., 2001), Radiation Pressure Acceleration
(RPA) (Robinson et al., 2008), Collisionless Shock Acceleration (CSA) (Silva et al., 2004; Haber-
berger et al., 2012), Magnetic Vortex Acceleration (MVA) (Nakamura et al., 2010; Park et al., 2019),
and Break-Out Afterburner (BOA) (Yin et al., 2006, 2007), rely on different physical processes. The



efficiency and spectral characteristics of each regime depend sensitively on laser parameters such
as pulse duration, intensity, contrast, wavefront quality, focal geometry, and polarization state.

The development of TW- and PW-class laser systems has expanded the frontier of compact
and tunable ion accelerators. These sources offer substantial advantages over conventional
radiofrequency-based systems, including ultrashort beam durations, micron-scale source sizes,
high peak currents, and excellent laminarity. Facilities such as ELI-Beamlines (ELI - Extreme Light
Infrastructure, 2011) and Apollon (Papadopoulos et al., 2016) (Laboratoire pour l’utilisation des la-
sers intenses, France) are enabling higher ion energies, better beam stability, and increased repe-
tition rates. Nonetheless, a critical hurdle for practical applications is the increase in laser repetition
rate while preserving ultra-high intensities. Recent advances in thin-disk laser technology (Giesen
et al., 2007; Baer et al., 2010; Saraceno et al., 2019) and fiber-based architectures (Richardson
et al., 2010; Zervas et al., 2014) are paving the way toward compact, high-average-power, and
reliable laser systems for next-generation ion sources.

In parallel, Machine Learning (ML) and data-driven optimization techniques, such as Bayesian
Optimization (BO), have emerged as powerful tools to enhance the performance and efficiency
of laser-plasma acceleration systems (Gonoskov et al., 2019; Lin et al., 2021; Döpp et al., 2023;
Roussel et al., 2024). Given the high dimensionality of the parameter space — including laser pa-
rameters, target configurations, and diagnostic settings — and the high cost of experimental shots,
ML offers an efficient strategy for intelligent exploration and optimization with minimal iterations.
Surrogate models, such as Gaussian Processes (GP), Random Forests (RF), or neural networks
(NNs), can be trained on experimental or simulated datasets to accurately predict key particle
beam characteristics, including maximum energy, total yield, and beam divergence, enabling real-
time decision-making and closed-loop optimization (Ferran Pousa et al., 2023). Recent studies
have demonstrated that incorporating ML into laser-driven ion acceleration workflows can signifi-
cantly reduce experimental time, improve reproducibility, and uncover non-intuitive control strate-
gies that would be difficult to identify using traditional approaches (Shalloo et al., 2020; Djordjević
et al., 2021b; Loughran et al., 2023; Beier et al., 2024; McQueen et al., 2025). As laser systems
grow more complex and tunable, the integration of ML will likely play a central role in enabling
autonomous and adaptive control of next-generation laser-driven ion sources.

Worldwide, an increasing number of laboratories are commissioning laser-driven proton beamlines
(Giulietti et al., 2007; Yogo et al., 2009; Agosteo et al., 2014; Cirrone et al., 2015; Kim et al.,
2016; Wagner et al., 2016; Higginson et al., 2018; Obst-Huebl et al., 2018; Barberio et al., 2020),
supporting a rapidly expanding range of applications currently under active investigation, including :

— Medical applications : such as hadron therapy, radiobiology, and Flash therapy (Bulanov et al.,
2002; Malka et al., 2004; Flacco et al., 2024),

— Material science : including ion-induced structural studies (Sciscio et al., 2017; Barberio et al.,
2017a,b, 2018a; Puyuelo-Valdes et al., 2021),

— Astrophysics (Patel et al., 2003; Albertazzi et al., 2014)
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— and many more.

The current doctoral thesis aims to enhance our understanding and control of laser-driven ion
acceleration, with a particular focus on improving the reproducibility and performance of proton
beams in the TNSA regime for unlocking bottlenecks of some applications. The work is carried out
using the 150 TW Ti : Sapphire laser system at the Advanced Laser Light Source (ALLS) facility
in Varennes, Canada. Key objectives include enhancing laser-driven proton beam reproducibility
through the deployment of high-stability target delivery systems, determining optimal laser–target
interaction conditions, and applying ML strategies to enable efficient experimental optimization.
This research combines advanced diagnostics, adaptive optical control, and data-driven modeling
to develop reliable, high-performance laser-plasma sources for compact accelerator applications.
This integrated approach deepens our understanding of laser–matter interactions while enabling
data-driven optimization of next-generation ion sources.

This doctoral thesis is structured as follows :

Chapter 1 introduces the fundamental physical principles and technological innovations underpin-
ning laser-driven particle acceleration. It begins by tracing the development of high-power lasers
and the breakthrough of CPA, which revolutionized ultrafast science. The chapter then explores the
electromagnetic foundations necessary to understand the dynamics of laser-plasma interactions
and ion acceleration. Building on this foundation, it presents the key mechanisms of laser-driven
particle acceleration by intense lasers, covering both electron and ion acceleration. Particular em-
phasis is placed on TNSA, with a detailed discussion of hot electron generation, sheath field for-
mation, and the resulting ion acceleration.

Chapter 2 explores the transformative role of ML in advancing laser-driven particle acceleration.
It begins by defining key concepts in ML and tracing its recent emergence in plasma physics re-
search. The chapter then delves into the inherent complexity of laser-plasma interactions, exami-
ning nonlinear optical phenomena, heating mechanisms, plasma instabilities, and the challenges
of experimental modeling. A key focus is placed on the high-dimensional parameter space gover-
ning laser-plasma acceleration, including laser, target, pre-plasma, and environmental parameters.
The chapter then reviews various ML techniques for optimization such as neural networks, support
vector regression, random forests, Gaussian process regression, and reinforcement learning, high-
lighting their potential for improving beam quality and experimental efficiency. A discussion section
evaluates the broader impact of ML on experimental workflows and outlines insights gained from
data-driven approaches. Finally, future perspectives emphasize the integration of ML with real-time
feedback control and high-performance computing for next-generation acceleration platforms.

Chapter 3 demonstrates the capability of the ALLS 150 TW ion acceleration beamline to reliably
generate stable proton beams over hundreds of consecutive shots in the TNSA regime, using a
custom-designed 400-target holder accommodating various foil materials and thicknesses. Despite
some shot-to-shot variability, the proton yield (<26%) and proton maximum energy (<7%) show
low shot-to-shot fluctuations compared to other facilities. These results are particularly significant
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in the 1-5 MeV range for different target types. This setup ensures robust and reproducible proton
beam generation, offering improved stability over previous similar studies and facilitating rapid
target alignment, thus providing a strong foundation for further optimization and development of
laser-plasma ion sources.

Chapter 4 presents a comprehensive study of proton acceleration in the TNSA regime, focusing
on spatio-temporal laser beam shaping. 20 out of 48 actuators of a bimorph deformable mirror
(DM) and an acousto-optic programmable dispersive filter were used to independently control the
ALLS laser’s spatial wavefront and spectral phase, respectively. By evaluating the response of
key laser-driven proton beam metrics to these adjustments, we demonstrate that spatial shaping
plays a predominant role in enhancing laser-driven proton beam quality, while temporal phase
modulation has a comparatively minor effect when using 4.5-µm-thick aluminum targets. In this
context, the maximum proton energy emerges as a particularly relevant optimization metric, as
it strongly correlates with other beam characteristics and thus serves as a reliable proxy for the
overall TNSA efficiency.

Finally, Chapter 5 introduces an innovative ML-based strategy to enhance the performance of
laser-driven proton acceleration, with a focus on maximizing proton energy in the TNSA regime. By
optimizing 20 out of 48 actuators of a bimorph DM using a multi-step BO (MSBO) framework guided
by a random forest surrogate model, a 72% increase in the maximum proton energy was achieved.
Starting from zeroed DM actuator voltages, our method identified an optimal configuration using
20 out of 48 actuators, requiring fewer than 150 experimental laser shots. Our method surpassed
conventional wavefront correction by 24%, which typically minimizes aberrations to converge to-
ward a flat wavefront by leveraging real-time feedback from a wavefront sensor. This data-driven
approach, which integrates advanced wavefront control, challenges the conventional emphasis on
aberration correction aimed at producing a flatter wavefront in laser-driven ion acceleration. This
work demonstrates that surrogate-assisted, data-guided optimization can significantly accelerate
the tuning of high-energy laser–plasma interactions, even when diagnostic access is limited. By
rapidly converging toward optimal conditions in complex parameter spaces, the method opens a
pathway to widespread implementation of ML-based control at experimental facilities and to more
stable, higher-performance laser-driven ion sources.
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1 HIGH-POWER LASER TECHNOLOGIES AND ELECTROMAGNE-
TISM AS FOUNDATIONS OF PARTICLE ACCELERATION

Intense laser–matter interaction generates strong electromagnetic fields that accelerate ions into a

forward-directed high-energy beam. Original image created by the author (Elias Catrix). No external

permission is required; use authorized by the author.



Foreword — This chapter serves as a comprehensive foundation for understanding the physics of
laser-driven particle acceleration, with a particular emphasis on Target Normal Sheath Acceleration
(TNSA). The content is structured to guide the reader from the historical and technological context
of high-power lasers to the detailed electromagnetic and plasma-physics principles underlying ion
acceleration.

We first introduce the historical development of Chirped Pulsed Amplification and its role in pro-
pelling high-intensity laser science, before revisiting the electromagnetic framework that governs
plasma interactions. We then present the main acceleration mechanisms for both electrons and
ions, starting with a concise overview of Laser Wakefield Acceleration for electrons, followed by
a detailed discussion of TNSA. Complementary mechanisms such as Radiation Pressure Acce-
leration, Collisionless Shock Acceleration, Magnetic Vortex Acceleration, and Break-Out Afterbur-
ner are also introduced to provide a broader context of high-intensity ion acceleration. Finally, we
examine the practical aspects of laser–plasma experiments, including target engineering, beam
diagnostics, and the scaling laws that guide experimental optimization.

Together, these elements provide a conceptual and technical foundation for the experimental stra-
tegies and optimization methods explored in the chapters that follow.

1.1 High-power lasers and Chirped Pulse Amplification : Revolutionizing ultrafast
science

The development of high-power laser systems has fundamentally transformed the study of laser-
matter interactions, enabling groundbreaking advances in plasma physics and particle accelera-
tion. At the heart of this transformation lies the technique of Chirped Pulse Amplification (CPA). In
their seminal 1985 paper (Strickland et al., 1985), Donna Strickland and Gérard Mourou proposed
a method to circumvent the limitations of traditional laser amplification that led to nonlinear distor-
tions or damage due to peak intensities. The CPA technique consists of three essential steps as
shown in Figure 1.1 :

1. Stretching the ultrashort pulse temporally (typically from femtoseconds to picoseconds)
using a dispersive element (e.g., a pair of gratings), reducing its peak power.

2. Amplifying the stretched pulse using a gain medium (e.g., Ti : Sapphire).

3. Recompressing the pulse back to its original (or nearly original) duration, recovering the
high peak intensity.

The CPA technique allows the amplification of pulses to joule-level energies while maintaining
femtosecond durations, leading to peak powers to the TW level (1012 W) and up to 10 PW (10 ×
1015 W). The most powerful lasers currently operational are a pair of 10 PW lasers located in the
Extreme Light Infrastructure (ELI) - Nuclear Physics facility in Măgurele, Romania (Radier et al.,
2022). In the UK, a laser called Vulcan 20-20 will become the most powerful (20 PW) laser in the
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FIGURE 1.1 : Principle of Chirped Pulse Amplification.

This figure has been adapted from Strickland et al. (1985), with the publisher’s permission.

world when it is finished in 2029 (Baraniuk, 2023). Figure 1.2 provides a global overview of the
major high-intensity laser labs in operation or development as of 2020.

Building on these international efforts, the development of PW-class systems has a rich history,
marked by early milestones that paved the way for today’s most powerful laser infrastructures.
In 1994, Barty et al. (1994) demonstrated the feasibility of extending CPA systems to PW-class
peak powers (e.g., ∼15 J in ∼15 fs) using available technologies. The Nova Petawatt Laser, for
example, reached 1 PW in 1996 at the Lawrence Livermore National Laboratory (LLNL) (Barty
et al., 2004). This milestone led to a rapid global expansion of ultrafast, high-intensity laser sys-
tems, many of which now serve as platforms for fundamental research in laser-plasma interactions,
attosecond science, and particle acceleration. Ti : Sapphire CPA lasers dominate due to their broad
gain bandwidth, enabling sub-30 fs pulse durations (Joyce et al., 2010; Dabu, 2018). This enables
exceptional temporal resolution, making them ideal for investigating ultrafast phenomena. Other
systems based on Yb :glass (Taira et al., 1997; Südmeyer et al., 2009; Morrissey et al., 2017;
Dietz et al., 2020), or Optical Parametric CPA, commonly named OPCPA (Ross et al., 2002; Xu
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FIGURE 1.2 : Worldwide map of ultrahigh-intensity lasers

Worldwide distribution of ultrahigh-intensity laser facilities as of 2020. This figure has been adapted from Inter-
national Committee on Ultrahigh Intensity Lasers (2020), with the publisher’s permission.

et al., 2013; Zeng et al., 2017; Xiao et al., 2021; Wang et al., 2022) have emerged for different
pulse formats and repetition rates. Figure 1.3 demonstrates the chart of the historical development
of laser systems with high pulse power and intensity. Although facilities like ELI, IZEST, and C3 are
among the most advanced high-intensity laser projects, they have not yet reached the 1025 W.cm−2

threshold due to several limiting factors. While their energy and compression capabilities suggest
that this intensity is within reach, practical constraints, such as optical damage thresholds, imper-
fect vacuum conditions, and focusing limitations, prevent its full realization. At these intensities,
focusing PW-class pulses to micrometer-sized spots without introducing aberrations or damaging
optics remains a major engineering challenge. Thus, despite theoretical potential, reaching 1025

W.cm−2 still requires substantial advances in laser technology, targetry, and vacuum infrastructure.

One of the central challenges in scaling CPA systems to higher pulse energies and peak powers
lies in mitigating various nonlinear and thermal effects that arise during amplification. Among these,
gain narrowing can significantly limit the spectral bandwidth, thus lengthening the recompressed
pulse and reducing temporal resolution (Perry et al., 1994). Additionally, high average powers can
induce thermal lensing and stress in optical components, threatening system stability and beam
quality (Brida et al., 2007). To address these limitations, several technical innovations have been
developed. OPCPA offers an alternative to traditional gain media by utilizing nonlinear crystals for
parametric gain, enabling amplification over broader spectral bandwidths and with superior tem-
poral contrast (Dubietis et al., 1992). Additional techniques, such as double CPA architectures
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FIGURE 1.3 : Historical evolution of high-power laser systems.

Timeline showing the historical evolution and projected development of pulsed high-power laser systems as of
2012. This figure has been adapted from Mourou et al. (2012), with the publisher’s permission.

and cross-polarized wave (XPW) generation, as implemented at the Advanced Laser Light Source
(ALLS) laser facility, have been employed to enhance the temporal contrast of ultrashort laser
pulses significantly. These methods are particularly effective in suppressing pre-pulses and pe-
destal energy, which is crucial for ensuring high-contrast conditions in laser-plasma interaction
experiments (Jullien et al., 2005; Levy et al., 2008; Fourmaux et al., 2011b). Moreover, thin-disk
amplifiers (Giesen et al., 2007; Baer et al., 2010; Saraceno et al., 2011; Jung et al., 2016; Sara-
ceno et al., 2019) and fiber-based (Richardson et al., 2010; Zervas et al., 2014) CPA configurations
provide efficient thermal management and are well-suited for high-repetition-rate operation.
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FIGURE 1.4 : Pulse energy versus repetition rate of high-power lasers.

This figure has been adapted from Siders et al. (2016), with the authors’ permission.

The field has progressively evolved toward higher repetition rates and increased average powers
(Figure 1.4), as exemplified by systems such as LLNL’s High-repetition-rate Advanced Petawatt
Laser System (HAPLS). This development marks a pivotal transition toward feedback-optimized,
high-performance laser platforms designed to serve both fundamental research and societal ap-
plications. These advancements collectively contribute to the ongoing evolution of CPA systems,
pushing the frontiers of ultrafast, high-intensity laser science. One of the most prominent applica-
tions is in laser–plasma acceleration, where intense femtosecond laser pulses are focused into an
underdense plasma to generate large electric fields capable of accelerating electrons to GeV ener-
gies over centimeter-scale distances, a process known as Laser Wakefield Acceleration (LWFA).
In contrast, Target Normal Sheath Acceleration (TNSA) occurs when high-intensity laser pulses in-
teract with solid targets and form overdense plasmas, producing ultra-short, high-energy bursts of
protons and heavier ions, with applications ranging from inertial confinement fusion to ultrafast ra-
diography. In the realm of attosecond science, CPA lasers are fundamental in driving high-harmonic
generation, enabling the generation of coherent extreme ultraviolet and soft X-ray pulses with atto-
second durations (Krausz et al., 2009). These tools allow for real-time probing of electron dynamics
in atoms, molecules, and condensed matter. Furthermore, CPA-based laser systems are increa-
singly used to investigate warm dense matter, a regime relevant to planetary physics and inertial
fusion, where matter exists at high energy densities but near-solid densities (Glenzer et al., 2009).
The availability of PW-class beamlines at major facilities such as ELI (Danson et al., 2019), the La-
serNetUS network (LaserNetUS, 2025) or Laserlab Europe (Laserlab-Europe Consortium, 2025)
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has democratized access to these cutting-edge experimental platforms, enabling broad internatio-
nal collaboration and rapid scientific progress across disciplines.

1.2 Electromagnetic foundations of laser-driven particle acceleration

Electromagnetic fields are at the heart of laser-plasma accelerators. They accelerate, focus, and
guide charged particles, and they are responsible for the stability as well as the instability of particle
beams. Their range extends from constant fields up to very fast-changing fields with frequencies
of many GHz.

Long ago, electricity and magnetism were well-known separate phenomena. The birth of electro-
magnetism began with the discovery of Hans Christian Ørsted (1820), who found that an electric
current is always associated with a magnetic field. Later, Michael Faraday (1831) discovered elec-
tromagnetic induction, which led to the creation of electric fields by changing magnetic fields. Elec-
tromagnetism was born. James Clerk Maxwell (1864) extended and completed this work with four
equations that relate the electric field E⃗ and the magnetic field H⃗, together with the electromagnetic
Lorentz force. The four equations are :

Equation 1.1 : Ampère–Maxwell law∮
H⃗(r⃗, t) · ds⃗ =

∫∫
J⃗(r⃗, t) · dA⃗ + d

dt

∫∫
D⃗(r⃗, t) · dA⃗ (1.1)

Equation 1.2 : Faraday’s law of induction∮
E⃗(r⃗, t) · ds⃗ = − d

dt

∫∫
B⃗(r⃗, t) · dA⃗ (1.2)

Equation 1.3 : Gauss’s law∫∫
D⃗(r⃗, t) · dA⃗ =

∫∫∫
ρ(r⃗, t) dV (1.3)

Equation 1.4 : Gauss’s law for magnetism∫∫
B⃗(r⃗, t) · dA⃗ = 0 (1.4)

with :

— E⃗, H⃗ the electric and magnetic fields,

— D⃗, B⃗ the electric displacement and the magnetic induction, which are responsible for the
effects of the material on the fields,
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— J⃗ the electric current density,

— ρ the electric charge density.

The term
∫∫

J⃗(r⃗, t) · dA⃗ includes all currents going through the area A⃗, which may consist of :

Equation 1.5 : Conduction current density

J⃗c(r⃗, t) = κE⃗(r⃗, t) (1.5)

Equation 1.6 : Convection current density

J⃗cv(r⃗, t) = ρ(r⃗, t) v⃗(r⃗, t) (1.6)

Equation 1.7 : Additional (induced or external) current density

J⃗i(r⃗, t) (1.7)

where :

— J⃗c(r⃗, t) is the conduction current density,

— J⃗cv(r⃗, t) is the convection current density,

— J⃗i(r⃗, t) represents additional current density (e.g., induced or external),

— κ is the electrical conductivity of the medium,

— v⃗(r⃗, t) is the velocity of charge carriers,

— r⃗ is the position vector,

— t is time.

The term
∫∫∫

ρ(r⃗, t)dV includes all charges in the volume V . Current and charge may have different
distributions, e.g., point-like, lines, surfaces, and volumes.

In most cases, Maxwell’s equations are used in their differential form, for which an extensive set
of tools is available. They can be derived from equations 2.1 to 2.4 using Stokes’ and Gauss’
theorems :
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Equation 1.8 : Ampère–Maxwell law (differential form)

∇ × H⃗ = J⃗ + ∂D⃗

∂t
(1.8)

Equation 1.9 : Faraday’s law of induction (differential form)

∇ × E⃗ = −∂B⃗

∂t
(1.9)

Equation 1.10 : Gauss’s law (differential form)

∇ · D⃗ = ρ (1.10)

Equation 1.11 : Gauss’s law for magnetism (differential form)

∇ · B⃗ = 0 (1.11)

It should be noted that Maxwell’s theory is a continuum theory, in which all electromagnetic quan-
tities must remain continuous. Apparent discontinuities, such as those found at material interfaces
or in rapidly evolving plasma boundaries, are handled through the integral form of Maxwell’s equa-
tions. In the context of laser-driven particle acceleration, whether of electrons or ions, both integral
and differential formulations are used depending on the spatial and temporal scales of interest.
However, due to the ultrafast, nonlinear, and highly localized nature of laser–plasma interactions,
the differential form of Maxwell’s equations is often more appropriate for theoretical modeling and
numerical simulations. This is particularly relevant when resolving the dynamics of charge sepa-
ration, sheath field formation, and field-driven acceleration, which are central to both electron and
ion acceleration processes.

1.3 Fundamentals of laser-driven particle acceleration

This section outlines the fundamental physical principles underlying the main laser-driven particle
acceleration mechanisms. Both electron and ion acceleration processes are governed by the in-
terplay between ultra-intense laser fields and rapidly evolving plasma structures, where collective
electromagnetic effects and charge separation dynamics play a central role.

A concise overview of laser-driven electron acceleration is first presented here. The objective is
not to present an exhaustive treatment of the subject, as it lies outside the primary focus of this
doctoral work, but rather to introduce the key concepts and major historical developments. For
a more detailed discussion, the reader is referred to several excellent reviews available in the
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literature, upon which this summary is based : Malka et al. (2008, 2013); Esarey et al. (2009);
Tajima (2010) and Cakir et al. (2020).

The remainder of the section focuses on the mechanisms most relevant to laser-driven ion accele-
ration (LDIA), particularly TNSA, which remains the most widely studied and experimentally robust
ion acceleration regime to date. Scaling laws and theoretical insights into Radiation Pressure Ac-
celeration (RPA) are also discussed, along with complementary mechanisms such as Collisionless
Shock Acceleration (CSA), Magnetic Vortex Acceleration (MVA) and Break-Out Afterburner (BOA),
to provide a broader perspective on the diverse landscape of laser-based ion acceleration.

1.3.1 Electron acceleration

Among the various mechanisms for accelerating electrons using ultra-intense lasers, LWFA has
emerged as the most prominent and widely studied. The following words introduce the key physical
principles of LWFA and its operational conditions.

LWFA is a plasma-based acceleration mechanism that operates in an underdense plasma. An
underdense plasma is a plasma in which the electron density ne is lower than the critical density
nc corresponding to the frequency ω of an incident electromagnetic wave. This condition can be
expressed as :

Equation 1.12 : Underdense plasma condition for LWFA

ne < nc = ε0meω2

e2 (1.12)

where ne is the electron density of the plasma, nc is the critical electron density, ε0 = 8.854 × 10−12

F.m−1 is the vacuum permittivity, ω is the angular frequency of the laser (ω = 2πf ), me is the
electron mass and e = 1.6 × 10−19 C. In this regime, the laser can propagate through the plasma,
unlike in overdense media, where it is reflected. As an ultra-intense, ultra-short laser pulse travels
through the underdense plasma, it exerts a ponderomotive force (Esarey et al., 2009) :

Equation 1.13 : Ponderomotive force exerted by an ultra-intense laser

F⃗p = −mec2∇⃗
(

a2
0

2

)
(1.13)

where a2
0 = e2

m2
ec2ω2 |E⃗|2 is the square of the normalized vector potential of the laser and c =

299792458 m.s−1 is the speed of light. The ponderomotive force expels electrons from its path,
creating a positively charged ion cavity. This displacement of charge launches a plasma wave
(wakefield) trailing the pulse, oscillating at the plasma frequency ωp. The plasma frequency de-
termines the natural oscillation rate of electrons in the plasma, thereby setting the characteristic
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wavelength and phase velocity of the excited wake. As detailed in the work of Esarey et al. (2009),
the amplitude and phase velocity of the wakefield can be directly related to the plasma frequency :

Equation 1.14 : Plasma frequency

ωp =

√
nee2

meε0
(1.14)

which determines the characteristic scale of the acceleration structure. In the linear regime, the
corresponding electric field supported in the plasma can be expressed as :

Equation 1.15 : Maximum accelerating electric field in plasma (linear regime)

E0 = c me ωp

e
=

√
nemec2

ε0
(1.15)

Equation 1.15 shows that the maximal electric field sustainable in plasma depends on the electron
density ne since the remainder of the expression is constituted of fundamental constants. Conven-
tional gas jets have densities on the order of ne ∼ 1018 cm−3, after insertion into equation 1.15
leads to E0 ∼ 100 GV/m, which is three orders of magnitude higher than the maximal electric field
reachable in RF cavities, being limited by the cavity material’s electrical breakdown. If electrons are
injected into this wake either via self-injection (in the nonlinear bubble regime) or through controlled
schemes. This acceleration occurs over the dephasing length of the plasma wake, which is usually
on the order of several tens to hundreds of micrometers, determined by the Rayleigh length of
the focal volume. Hence, this enables the acceleration of electron bunches to energies that are
equivalently reached in conventional accelerators that are several tens of meters long, compared
to the sub-millimetric scale with LWFA. Nowadays, gas nozzle technologies have undergone major
developments, allowing them to reach electron densities of ne ∼ 1020 − 1021 cm−3, thus opening
the path to generate accelerating gradients on the order of several TV/m.

Following the seminal paper of Toshiki Tajima and John Dawson in 1979 (Tajima et al., 1979), along
with the advent of CPA-based lasers (Strickland et al., 1985) in 1985, several early experiments to
perform all-optical electron acceleration occurred in the 1990s up to 2001. The resulting electron
beams were characterized by ∼100 MeV maximal energy with Maxwellian energy spectrum (i.e.
100% energy spread exponentially decreasing with the vast majority in the lower energy section
below 10 MeV) and large beam divergences (Kitagawa et al., 1992; Clayton et al., 1993; Everett
et al., 1994; Modena et al., 1995; Nakajima et al., 1995; Umstadter et al., 1996; Ting et al., 1996;
Moore et al., 1997; Amiranoff et al., 1998; Gahn et al., 1999; Malka et al., 2001). These characte-
ristics were obtained by using Joule-level short-duration (tens of femtoseconds) laser pulses and
focusing the laser energy in a sphere with a radius smaller than the plasma wavelength, which
completely expels the electrons locally. This leads to the formation of a positively charged cavity
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FIGURE 1.5 : Laser wakefield acceleration in the bubble regime.

The high-intensity laser pulses drive a plasma wave in its wake, which generates a longitudinal electric field
that accelerates an electron bunch.

and thus to high electron trapping, a mechanism called the bubble or blow-out regime, depending
on the laser intensity used (see Figure 1.5). The high-quality electron beams resulting from the
bubble regime were rapidly perfected to reach 1 GeV electron energies in 2006 (Leemans et al.,
2006)), and were further optimized over the recent years (Faure et al., 2006; Karsch et al., 2007;
Hafz et al., 2008; Geddes et al., 2008; Froula et al., 2009; Clayton et al., 2010; Lu et al., 2011; Kim
et al., 2013; Leemans et al., 2014; Kim et al., 2017). The record electron energy of nearly 8 GeV
was reached in 2019 by the work of Gonsalves et al. (2019).

As described by Esarey et al. (2002) and Kostyukov et al. (2003), the strong ionization of the
gaseous medium during LWFA creates an ion channel that exerts a restoring force on expelled
electrons. While being accelerated longitudinally, the relativistic electrons undergo transverse be-
tatron oscillations, leading to the emission of synchrotron-like X-ray radiation, known as betatron
radiation. Thus, LWFA simultaneously acts as both an accelerator and a compact plasma wiggler,
producing ultrashort (tens of femtoseconds), highly coherent X-rays with spectral properties similar
to those from conventional undulators and wigglers. The first experimental observation of betatron
radiation from LWFA was reported in 2004 by Rousse et al. (2004).

Insightful reviews on recent advances in betatron sources driven by LWFA can be found in the
works of Albert et al. (2014) and Albert et al. (2016). One of the key advantages of laser-based be-
tatron radiation (Figure 1.6.A) lies in its high spatial coherence, which enables the use of advanced
imaging techniques such as X-ray Phase Contrast Imaging (XPCI) (Figures 1.6.B and 1.6.C). This
technique, which leverages phase retrieval to significantly enhance image resolution, has become
a routine diagnostic tool in LWFA experiments. Notably, the X-ray yield produced from a single
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FIGURE 1.6 : Betatron x-ray mechanism and imaging.

(A) Schematic of the betatron mechanism. When an electron is injected into the ion cavity, it is submitted not
only to the accelerating force but also to a restoring transverse force, resulting in its wiggling around the
propagation axis. Because of this motion, the electron radiates x-rays whose typical divergence is θ = κ/γ. (A)
This figure has been adapted from Corde et al. (2013), with the publisher’s permission. (B) and (C) are images of
a bee with the x-ray Betatron beam with an edge line out indicated by the rectangular area : (B) one laser shot;
(C) 13 laser shots. (B) and (C) have been adapted from Fourmaux et al. (2011a), with the publisher’s permission.
© Optica Publishing Group.

laser shot is not only competitive with synchrotron-based sources but also offers unique and com-
plementary features. These capabilities have been demonstrated in several studies : Fourmaux
et al. (2018); Vargas et al. (2019); Hussein et al. (2019); Fourmaux et al. (2020); Doherty et al.
(2023) and Senthilkumaran et al. (2024).

1.3.2 Pioneering experiments and the establishment of Target Normal Sheath Acce-
leration

LDIA is a rapidly evolving field that leverages ultra-intense laser pulses (> 1018 W.cm−2) to ac-
celerate ions to high energies via their interaction with matter. The field was launched by three
landmark experiments in 2000, which reported the generation of multi-MeV proton beams from so-
lid targets irradiated by high-intensity lasers (Snavely et al., 2000; Clark et al., 2000; Maksimchuk
et al., 2000). These findings demonstrate the potential of compact, tabletop laser systems to rival
and complement large-scale particle accelerators in terms of particle energies, opening the door
to novel applications.

In one of the first studies, Clark et al. (2000) used a 1 ps laser pulse at intensities around 5 × 1019

W.cm−2 to irradiate aluminum foils and observed the emission of multi-MeV protons directed nor-
mal to the rear surface of the target. They attributed the acceleration to transient sheath electric
fields generated by hot electrons transiting the target and escaping into vacuum, creating space-
charge separation at the rear interface. This work provided early evidence of what would later be
formalized as the TNSA mechanism. In parallel, Maksimchuk et al. (2000) irradiated thin aluminum
foils with 400 fs laser pulses at similar intensities and observed forward-directed proton beams with
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energies up to 1.5 MeV and narrow angular divergence. Like Clark et al. (2000), the protons were
originating from the front target surface and crossed the full target thickness. Maksimchuk et al.
(2000) also set up early experimental attention to the influence of ion species on acceleration. The
most comprehensive and impactful demonstration came from Snavely et al. (2000), who employed
the Nova Petawatt laser to deliver 500 fs pulses at a peak intensity of 3 × 1020 W.cm−2 onto gold
foils. They reported the generation of proton beams reaching up to 58 MeV with high flux and nar-
row divergence, conclusively demonstrating rear-side acceleration consistent with a robust sheath
field. With proper target preparation, heavier ions could also be accelerated to comparable ener-
gies per nucleon. The explanation came the following year from the work of Wilks et al. (2001), in
a description of the mechanism called the TNSA, and received correct mathematical modeling of
plasma expansion in vacuum in the work of Mora (2003). Crucially, Snavely et al. (2000) introduced
and substantiated the TNSA mechanism, wherein relativistic laser-generated electrons form a qua-
sistatic sheath field at the rear target surface, leading to efficient proton acceleration from surface
contaminants. A schematic diagram of TNSA is shown in Figure 1.7. Supported by 2D particle-in-
cell simulations, this framework rapidly became the foundation for understanding LDIA using solid
targets. Collectively, these pioneering studies established the fundamental physics of laser-based
ion acceleration, highlighted the importance of fast electron transport, target surface conditions,
and sheath dynamics, and propelled the field toward the systematic investigation of laser-plasma
coupling and optimization of beam parameters. The process also required sufficiently high laser-
to-prepulse intensity contrast to avoid the pre-expansion of the target before the interaction with
the main pulse, which would degrade the ion generation efficiency. Indeed, a nanosecond-long
contrast of at least 10−6 was necessary when using intensities above 1018 W.cm−2) since the io-
nization threshold for most atoms is around intensities of 1013 W.cm−2. The ionization of atoms
before the main pulse causes a charge imbalance followed by a plasma expansion, which dis-
turbs the laser pulse propagation before reaching the interaction point with the target bulk. These
prepulses originate primarily from the Amplified Spontaneous Emission (ASE) pedestal of the am-
plification chain and imperfections in pulse stretching or compression. Inconsistent explanations of
the phenomenon driving the acceleration occurred among those publications.

1.3.3 Beam properties in Target Normal Sheath Acceleration

Building on these early demonstrations and armed with higher-contrast laser systems, better-
diagnosed experiments, and refined theoretical models, the community soon shifted its focus from
simply proving ion acceleration to mapping and engineering the full phase-space properties of the
beams. Systematic studies of laser contrast, pulse duration, focal geometry, and target tailoring
revealed clear pathways to higher energies, larger bunch charges, and tighter emittances, bringing
TNSA sources into direct competition and complementarity with conventional accelerators. The
next milestone, therefore, is not the mere observation of acceleration but the quantitative descrip-
tion of the beams that modern setups can now routinely produce.
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These laser-driven ion beams are accelerated with kinetic energies up to 150 MeV for protons (Zie-
gler et al., 2024) and are surrounded by a co-moving electron cloud which forms a quasi-neutral
plasma bunch that ensures beam stability and hence prevents its explosion due to electrostatic
repulsion (i.e. the so-called Coulomb explosion). Ion beams also have short bunch duration (fs to
ps at the source, three orders of magnitude shorter than what is achieved in conventional accele-
rators), can contain 1011 to 1013 protons per laser shot i.e. high bunch charges with a current in kA
range if we remove the co-moving electrons, have a conical beam divergence of (< 25◦ half-angle),
as well as an intrinsically low normalized transverse emittance as low as 4 µm.mrad (Cowan et al.,
2004; Borghesi et al., 2004, 2008; Nürnberg et al., 2009) due to the small initial source size (a few
microns) and short acceleration time. Reported beam divergences in TNSA experiments range
from 5◦ to 25◦ full angle, with typical values around ∼ 10◦ − 20◦, depending on target thickness and
laser focusing conditions.

FIGURE 1.7 : Schematic of Target Normal Sheath Acceleration (TNSA).

Simplified representation of Target Normal Sheath Acceleration (TNSA) using solid targets. A high-intense short
laser pulse interacts with the front surface of the target, generating hot electrons that propagate through the
foil and form an intense sheath field at the rear surface, which accelerates ions to high energies. This figure
has been adapted from Roth et al. (2016), with the publisher’s permission.
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1.3.4 Laser-plasma accelerators : A high-field alternative to RF-based systems

Although conventional accelerators are well-established and widely implemented, they are funda-
mentally constrained by the material breakdown threshold of their accelerating structures. This limi-
tation caps the maximum achievable accelerating gradient to around 10-100 MV/m, depending on
the cavity geometry and operating frequency. Exceeding these limits results in vacuum breakdown
followed by an electrical discharge, which can damage components and degrade performance.
Consequently, to reach particle energies in the hundreds of MeV or GeV range, conventional acce-
lerators must span tens to thousands of meters, as seen in facilities like synchrotrons or linacs used
in cancer therapy or high-energy physics. In addition, the equipment needed for beam transport
and focusing - such as magnets and vacuum systems - makes conventional accelerators large, ex-
pensive, and complex. In contrast, laser-plasma accelerators use the collective behavior of plasma
to generate electric fields above 1 TV/m, over 1,000 times stronger than those in traditional RF
accelerators. These extreme fields arise from ultrashort (<1 ps), high-intensity laser pulses (≥ 1018

W.cm−2) that generate highly relativistic electrons and drive strong space-charge separation. The
resulting electrostatic or radiation pressure fields can efficiently accelerate electrons over millime-
ter to centimeter distances and ions over sub-micrometer to millimeter scales, depending on the
regime of interaction. Among the various ion species, protons are preferentially accelerated due to
their high charge-to-mass ratio (Z/A = 1), which makes them more responsive to the rapidly evol-
ving sheath fields generated in TNSA (Macchi et al., 2013). Their low mass allows them to reach
high velocities within the short acceleration timescale, and they can follow temporal variations of
the accelerating field more closely than heavier ions (Daido et al., 2012). Additionally, protons often
originate from contaminant layers (e.g., hydrocarbons or water) on the target rear surface, placing
them directly at the peak of the sheath field and enhancing their acceleration efficiency (Toncian
et al., 2006). Unless these layers are removed, heavier ions typically exhibit lower energies due to
their smaller charge-to-mass ratio and delayed response to the sheath field (Hegelich et al., 2006).

1.3.5 Foundational reviews in LDIA

These previous observations are further supported by three influential reviews that have shaped
the field. In particular, the comprehensive work by Macchi et al. (2013) classifies LDIA mechanisms
based on the laser intensity, target thickness, and ion species involved, with particular emphasis on
TNSA, the most widely studied regime to date. This study also examines alternative mechanisms
such as RPA and BOA, which become dominant at higher laser intensities and with ultrathin or
transparent targets. The review discusses :

— Scaling laws for maximum ion energy and ion number,

— Effects of laser pulse contrast, focal geometry, and target structuring,

— Instabilities that can degrade beam quality,
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— Developments in diagnostics and beam characterization,

— Applications in proton therapy, nuclear physics, and ultrafast probing.

Finally, the authors stress the importance of numerical simulations, particularly Particle-In-Cell
methods, to predict experimental outcomes and explore unexplored regimes. The paper concludes
with an outlook on challenges and prospects, including high-repetition-rate operation, beam trans-
port, and laser technology improvements required for real-world applications. Daido et al. (2012)
provide a comprehensive review outlining analytical models based on plasma expansion into va-
cuum, especially those developed by Mora (2003), which capture the scaling of maximum ion
energy with laser and target parameters. These models relate the ion energy to the hot electron
temperature, itself dependent on the laser intensity through the ponderomotive scaling. The paper
also discusses refinements accounting for finite sheath sizes and electron divergence, which are
critical for matching experimental data. TNSA is also contrasted with other mechanisms such as
Coulomb explosion, RPA, and CSA, but it stands out for its relative simplicity, reproducibility, and
compatibility with currently available TW- and PW-class laser systems. Experimental validation
of the TNSA scaling laws across multiple facilities, as well as its applications in proton radiogra-
phy, isochoric heating, and medical therapy, underscores its versatility and practical relevance.
More recently, the book Applications of Laser-Driven Particle Acceleration, edited by Bolton et al.
(2018), presents an overview of both the fundamental principles and the emerging applications
of laser-driven particle sources. Divided into two parts, the first section addresses the underlying
physics and technical capabilities of electron and ion acceleration using high-intensity lasers, inclu-
ding associated X-ray, γ-ray, and neutron generation. The second part explores a broad spectrum
of envisioned applications, such as ion beam radiotherapy, space radiation studies, radiobiology,
nuclear reactions in plasmas, radioisotope production, materials analysis, and advanced imaging
techniques. A central concept emphasized throughout the book is the "uniqueness strategy" which
advocates for leveraging the distinctive features of laser-driven particle beams, such as ultrashort
pulse duration, compactness, and multi-species synchronization, to complement and extend the
capabilities of conventional accelerator systems. Indeed, authors propose that laser-based accele-
rators should not try to replace conventional particle accelerators but instead offer new capabilities
like very short bursts of particles or multiple types of particles at once, which conventional accele-
rators can’t provide. This perspective reinforces the potential of laser-based sources to contribute
meaningfully to the advancement of accelerator-driven applications.

1.3.6 Physics of Target-Normal Sheath Acceleration

The Target-Normal Sheath Acceleration mechanism occurs when a high-intensity (IL ≥ 1018

W.cm−2), short-duration (≤ 1 ps) laser pulse interacts with a thin solid target, typically of microme-
tric thickness. For efficient acceleration, it is essential to maintain an unperturbed target surface
up to the arrival of the main pulse. This requires a high temporal contrast ratio (≥ 106) to suppress
prepulses that might induce premature plasma formation. Above the electron’s relativistic intensity
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threshold (IL ≥ 1018 W.cm−2 for a laser wavelength of 1 µm), the intense EM wave pushes the
electrons from the target, which are easily ionized mainly through high-field tunnel ionization, in the
laser’s forward direction through the relativistic ponderomotive force. The accelerated electrons un-
dergo strong heating mostly through J⃗ × B⃗ heating and vacuum heating absorption mechanisms
in the intensity range of [1018;1020] W.cm−2. Hot electrons then propagate through the target at
relativistic velocities and exit the target’s rear side, where some of them are retained due to strong
charge separation, based on the target’s capacitance, and form an electron cloud (the "sheath")
that establishes an intense quasi-electrostatic electric field over a distance on the order of the De-
bye length λD. The longitudinal electric field completely ionizes water molecules and hydrocarbon
impurities instantaneously, which are naturally present on the surface, and ions get accelerated
along the target-normal direction. The acceleration terminates when both the ejected ion and elec-
tron populations have reached the same thermal velocities to form a quasi-neutral plasma bunch.
Different ion species can be accelerated by this mechanism; however, protons are of particular
interest since they respond more quickly to the accelerating electric field, which results in stronger
energy absorption from the hot electron cloud, owing to their higher charge-to-mass ratio compa-
red to carbon ion species, for instance. The same plasma expansion also occurs on the target’s
front surface; however, the acceleration is more efficient from the rear surface in the forward di-
rection as a result of sharper density gradients, leading to stronger electric fields. More precisely,
the front surface’s plasma gradient is more affected by the EM wave’s perturbation that produces
a blow-off plasma, which hinders the conservation of a steep plasma density gradient. The high
intensity of the EM wave, combined with the fact that ions start at rest on a cold surface, leads to
strongly forward-oriented (i.e., non-isotropic) and relatively low divergence and laminar energetic
ion beams, hence providing high beam quality. The short laser pulse duration ensures the genera-
tion of a steep hot electron density gradient and thus of a strong accelerating electric field. Another
crucial factor is the laser contrast, which must be high enough to prevent a too-strong target de-
compression before the interaction with the main pulse. The TNSA mechanism, therefore, relies on
the generation of a dense hot electron cloud as an intermediate step in the laser-to-proton energy
transfer. The acceleration process (Wilks et al., 2001) can be modeled by a plasma expansion
model (Mora, 2003).

1.3.7 Electron heating and sheath formation : Electromagnetic framework of Target-
Normal Sheath Acceleration

Maxwell’s equations in differential form provide a fundamental basis for describing the field dyna-
mics governing TNSA. In this study, we explore how each equation contributes to the different
stages of electron heating, sheath formation, and ion acceleration. Those different stages are
shown in Figure 1.8.
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FIGURE 1.8 : Stages of TNSA-driven proton acceleration.

Illustration of the key stages leading to Target Normal Sheath Acceleration (TNSA) of protons. (A) a laser with
finite contrast interacting with an initially solid target. The rising edge of laser intensity creates a pre-plasma
(B) and heats it. Plasma density rises up to a critical density (C) where the intensity peak becomes reflected. A
shock wave is created (D), and meanwhile electrons become forward-accelerated. Escaping fast electrons build
up a potential that stops slower electrons, which form a sheath (E). Contamination on the target rear side is
ionized and subsequently accelerated (F). Accelerated ions take electrons with them, forming a quasi-neutral
TNSA beam. The process ends due to a disturbance by the shock or by the end of laser-electron acceleration.
With time, fewer electrons are within the sheath, and the acceleration efficiency drops. This figure has been
adapted from Ehret (2016), with the author’s permission.

Electron heating and laser-plasma interaction in Target Normal Sheath Acceleration

The initial stage of TNSA is dominated by the interaction of an ultra-intense laser pulse with a
solid target (Figure 1.8.A). The rising edge of the laser intensity generates and heats a pre-plasma
at the target front (Figure 1.8.B). The plasma density grows until it reaches the critical density,
where the main intensity peak is reflected (Figure 1.8.C). This interaction launches a shock wave,
while electrons are driven forward into the target (Figure 1.8.D). The fastest electrons escape,
creating an electrostatic potential that traps slower electrons and forms a sheath at the target
rear (Figure 1.8.E). Understanding the mechanisms governing electron heating and transport is
therefore essential for optimizing ion acceleration. At laser intensities exceeding 1018 W.cm−2,
relativistic effects dominate the electron dynamics, leading to various absorption mechanisms that
transfer laser energy to the electrons. With increasing laser intensity, the prevailing electron-heating
mechanisms transition through several regimes, including :

1. Resonant absorption (Wilks et al., 1992) : Occurs under p-polarization and requires a lon-
ger density gradient at the critical surface to match the laser frequency to the local plasma
oscillation.

2. Vacuum heating (Brunel absorption) (Brunel, 1987) : Efficient for p-polarized light at
oblique incidence, particularly in steep density gradient plasmas.

3. J⃗ × B⃗ heating (Kruer et al., 1985) : A relativistic mechanism dominant at normal incidence
and high intensities, particularly for linearly polarized pulses (effective for both s- and p-
polarization, and even at normal incidence).

4. Ponderomotive acceleration (Wilks et al., 1992) : Arises from the inhomogeneous laser
field pushing electrons away from high-intensity regions; relevant under most conditions but
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especially in the relativistic regime. Works with both p- and s-polarization. No requirement for
incidence angle : can be normal or oblique.

These mechanisms govern the coupling of laser energy into relativistic electrons, which in turn
drives plasma expansion and ion acceleration. Each of these mechanisms can be analyzed through
Maxwell’s equations in differential form.

Ampère’s Law (equation 1.8) describes the generation of magnetic fields by the hot electron cur-
rent. As a high-intensity laser pulse strikes a solid target, it drives forward-propagating hot electron
currents through the plasma. To maintain charge neutrality, return currents flow in the opposite
direction within the colder background plasma. These opposing current systems create strong azi-
muthal and time-variant magnetic fields via Ampère’s Law. The resulting self-consistent magnetic
fields significantly influence the transport and confinement of hot electrons, thereby shaping the
spatial and temporal characteristics of energy deposition at the target rear surface.

Faraday’s Law (equation 1.9) describes how time-varying magnetic fields induce electric fields.
The temporal evolution of those magnetic fields gives rise to azimuthal electric fields, which in turn
influence the confinement and transport of hot electrons. This feedback mechanism affects both
the spatial localization of electron energy deposition and the efficiency of sheath field formation.

Gauss’s Law (equation 1.10) relates the electric field to the local charge density, and thus governs
charge separation. As the laser drives hot electrons forward, many escape the target surface,
leaving behind a region of net positive charge. This localized charge imbalance generates strong
electrostatic fields, which in turn influence the dynamics of electron escape and sheath formation.
These quasi-static sheath fields directly accelerate surface ions. Consequently, Gauss’s Law
underpins the spatial structure and strength of the accelerating field, and thereby strongly impacts
ion acceleration efficiency.

Mechanisms of laser energy absorption by electrons

Several mechanisms contribute to electron heating in TNSA, each dependent on laser intensity,
polarization, and angle of incidence.

Resonant absorption is a collisionless energy transfer mechanism that occurs when a p-polarized
electromagnetic wave impinges obliquely on a plasma with a steep density gradient. Under these
conditions, the laser frequency matches the local plasma frequency near the critical surface, en-
abling efficient coupling of laser energy into plasma oscillations. As shown schematically in Figure
1.9, this resonance condition leads to the excitation of electron plasma waves, which grow rapidly
during the initial optical cycles of the laser pulse. The absorbed energy is subsequently transferred
to plasma electrons through mechanisms such as wave damping from charged particle collisions,
Landau damping, and wave breaking (Forslund et al., 1977; Estabrook et al., 1978). The plasma
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frequency is given by Equation 1.14. The degree of absorption is dependent on the plasma den-
sity and the laser’s wavelength. It represents the fraction of laser energy absorbed by the plasma
following the relationship :

Equation 1.16 : Fraction of laser energy absorbed by the plasma (resonant absorption)

A ≈ π

2

(
Ls

λL

)1/3
sin2 θ (1.16)

where λL is the laser wavelength, Ls is the plasma gradient scale length and θ is the angle of
incidence of the laser.

FIGURE 1.9 : Schematic of resonance absorption.

Schematic diagram of resonance absorption. Both linear polarizations are defined, the p-polarization being
when the electric field is oriented in the EM wave’s plane of incidence (yz-plane here), whereas the s-polarization
is for an electric field oriented perpendicularly to the plane of incidence. This figure has been adapted from
Gibbon (2005), with the publisher’s permission.
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It is important to note that resonant absorption contributes only marginally to electron heating as
the laser intensity approaches the relativistic threshold, typically around 1018 W.cm−2, beyond
which its efficiency rapidly diminishes. Consequently, it does not constitute the dominant absorp-
tion mechanism in the relativistic regime relevant to TNSA. Resonant absorption is therefore
not the dominant mechanism driving hot electron generation in TNSA. Nonetheless, resonant
absorption can still contribute to initial electron heating during the rising edge of the laser pulse,
especially when the intensity is still below the relativistic threshold. Its role is thus relevant in
shaping the early-time hot electron population and influencing pre-plasma dynamics.

When a p-polarized EM wave with oblique incidence encounters a very steep plasma density gra-
dient (i.e. Ls/λL ≤ 0.08), resonant absorption becomes "not-so-resonant" since the sharp gradient
hinders the growth of plasma waves. In this context, Brunel (1987) proposed an alternative and
highly efficient absorption mechanism, now widely known as vacuum heating or Brunel absorption.
Vacuum heating occurs when electrons are pulled from the plasma by the laser into the vacuum by
the oscillating laser electric field before being reinjected with increased energy. This mechanism is
dominant when the plasma density is well above the critical density and when the density gradient
scale length is much shorter than the electron quiver length (Ls ≪ vosc/ω), making it a key process
in high-power laser-solid target interactions. Brunel absorption is one of the major absorption me-
chanisms for intensities in the range 1017 to 1019 W.cm−2, above which the J⃗ ×B⃗ heating absorption
mechanism dominates. The Brunel absorption coefficient can reach ∼10% around the electron re-
lativistic regime intensity threshold (laser intensity of IL = 1.37 × 1018 W.cm−2 for λL = 1 µm). A
particularly noteworthy feature of this mechanism is the generation of ultrashort electron bunches,
emitted at the laser frequency fL = ω/2π, resulting in a periodic injection of high-energy electrons
at every optical cycle. The energy absorbed per cycle can be estimated using the relation :

Equation 1.17 : Energy absorbed per optical cycle in Brunel absorption

K = eE0Ls (1.17)

where E0 is the peak laser field strength.

Above the electron relativistic regime threshold, the oscillation velocity of electrons in the EM field
approaches the speed of light, and the v⃗ × B⃗ term becomes of preponderant importance in the
Lorentz force. J⃗ × B⃗ heating is effective for both linear polarizations s and p, however, completely
suppressed for circular polarization. The intense electric field first makes the electrons oscillate
from the ponderomotive force in the transverse plane, providing them with a relativistic velocity
and thus a strong oscillatory electron current J⃗e. The steadily growing current density J⃗e then
concomitantly interacts with the B-field of the EM wave and generates a Lorentz force that pulls the
electrons out of the target to finally re-inject them back in. Since v⃗ and B⃗ both oscillate at the same
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frequency, the resulting term oscillates at the doubled frequency and therefore re-injects electron
bunches in the target twice per laser period. The relativistic electrons that acquire kinetic energy
on the order of the ponderomotive potential go far beyond the skin depth and Debye length, away
from plasma influence, which makes them shielded from the laser field thereafter. This absorption
mechanism occurs similarly to vacuum heating with the presence of steep-edged density gradients
and high intensities; however, in the J⃗ × B⃗ mechanism, the B-field is non-negligible and pushes
the relativistic electrons along the longitudinal axis even for s-polarization, being most effective
for normal incidence. It is the combination of both the effects of electrons oscillating at relativistic
velocities and the non-negligible B-field in the Lorentz force that gives rise to the J⃗ × B⃗ heating
as a non-linear ponderomotive force. This absorption process dominates the TNSA mechanism
for intensities in the range 1018 to 1020 W.cm−2, and is explained in Kruer et al. (1985). A few
years later, Wilks et al. (1992) has shown through simulations that the average kinetic energy of
the relativistic electrons re-entering the target, also called hot electron temperature kBThot can be
properly estimated by the relativistic ponderomotive energy :

Equation 1.18 : Relativistic hot-electron temperature from ponderomotive scaling

kBThot ≈ mec2
(√

1 + a2
0 − 1

)
(1.18)

where a0 = eE0
meωc is the normalized laser vector potential, directly influencing the energy of the

laser-driven ions. The hot electrons escaping into the vacuum establish a charge separation, lea-
ding to the formation of a strong sheath field (∼TV/m), which accelerates ions normal to the target
surface. Efficient J⃗ × B⃗ heating enhances the sheath field in TNSA experiments. It is important
to note here that the ponderomotive energy is a reasonable estimate for the electron temperature
and provides the proper scaling, but does not provide a rigorous description of electron heating.
The absorption coefficient AJ⃗×B⃗ can be written as follows :

Equation 1.19 : Absorption coefficient for J⃗ × B⃗ heating

AJ⃗×B⃗ ∼ 1
2π

[
1 −

(
1 + a2

0

)−1/2
]

(1.19)

Similarly to the Vacuum heating, the J⃗ × B⃗ heating absorption coefficient will reach an asymptotic
value with increasing laser intensity, going up to 16% for high values of a0 as shown in Figure
1.10. The Brunel absorption coefficient describes the direct vacuum heating of electrons at steep
plasma–vacuum interfaces, where oscillating electrons are periodically pulled into and out of the
plasma by the laser electric field. For oblique incidence, it can be approximated by :
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Equation 1.20 : Brunel absorption coefficient for oblique incidence

AB ≈ 0.05 a−1
0 tan θ

[√
1 + a2

0 sin2 θ − 1
]

(1.20)

where a0 is the normalized vector potential and θ the incidence angle. The saturation observed in
Figure 1.10 originates from the transition between the sub-relativistic and relativistic regimes of the
J×B heating process. At moderate intensities (a0 ∼ 1), the electron’s transverse velocity oscillates
sinusoidally, and the longitudinal Lorentz force Fz ∼ v⊥B⊥ produces asymmetric kicks that lead to
a net forward drift and efficient absorption. However, as a0 ≫ 1, the electron motion becomes ultra-
relativistic : its transverse oscillation flattens near ±c, the Lorentz factor γ remains nearly constant,
and forward and backward kicks become symmetric, causing the cycle-averaged current ⟨J⟩ → 0.
Consequently, the absorption coefficient saturates at its theoretical upper limit of approximately
16% (≃ 1/2π). In practice, this limit is rarely achieved because real laser–solid interactions deviate
from the idealized model : finite contrast pulses generate preplasmas; multidimensional effects,
surface roughness, and self-generated fields break the symmetry; competing mechanisms such
as parametric instabilities and sheath formation divert part of the absorbed energy; and finally,
collisions and return currents redistribute the absorbed energy within the target, preventing the
clean saturation predicted by theory.

The transport properties of hot electrons play a crucial role in defining the efficiency of sheath
formation. Studies using high-intensity laser pulses confirm that J⃗ × B⃗ heating significantly
contributes to hot electron production, leading to proton energies exceeding tens of MeV, making it
a critical process for optimizing LDIA. Hot electron temperatures of 1-5 MeV have been observed
in high-intensity laser experiments (Fuchs et al., 2006), with fast electron transport distances
reaching 100s of microns in experimental setups at LULI, Vulcan, and Titan laser facilities. PIC
simulations confirm the dominance of J⃗ × B⃗ heating in the relativistic regime (Sentoku et al.,
2008). These simulations further reveal the formation of return current-driven magnetic fields,
which can reach strengths of 100 T (Gremillet et al., 2002), affecting electron transport and sheath
formation.

Sheath Formation and Charge Separation

As foreseen in the previous section, when an ultra-intense laser pulse irradiates a solid target,
energetic electrons are generated at the front surface and rapidly transported to the rear side
of the target. A fraction of these hot electrons escapes into vacuum, leaving behind a positively
charged ion layer. This results in a charge separation that gives rise to a quasi-static electrostatic
sheath field normal to the target surface. The strength of this field can reach several TV/m and is
among the most intense electric fields achievable in laboratory conditions (Wilks et al., 2001; Mora,
2003; Fuchs et al., 2006).
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FIGURE 1.10 : Absorption saturation in the J⃗ × B⃗ regime.

J⃗ × B⃗ absorption coefficient as a function of the normalized laser vector potential a0. The absorption increases
rapidly in the sub-relativistic regime and asymptotically saturates near 1/(2π) ≈ 0.159 for a0 ≫ 1. This reflects
the nonlinear saturation of energy transfer from the laser field to electrons in steep density gradient plasmas.

The spatial extent of the sheath is on the order of the Debye length :

Equation 1.21 : Debye length at the target front surface

λD(t) =
(

ε0kBThot

ne,front(t) e2

)1/2

(1.21)

where Thot is the hot electron temperature and ne,front(t) the time-dependent electron density at the
sheath front, which evolves as :

Equation 1.22 : Time-dependent electron density at the sheath front

ne,front(t) ≃ 2 ne0
ω2

pi t2 (1.22)

with ne0 the hot electron density and ωpi =
√

Z2e2ni/miε0 the ion plasma frequency (Mora, 2003).
It can be estimated from energy conservation and geometric considerations. The total number of
hot electrons generated by the laser and transported to the rear surface is given by :
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Equation 1.23 : Total number of hot electrons transported to the rear surface

Ne = f EL

Thot
(1.23)

where f is the fraction of laser energy converted into hot electrons, EL is the total laser energy de-
posited on the target, and Thot is the mean hot electron temperature. These electrons are injected
over the laser pulse duration τlaser and are assumed to populate a sheath region of area Ssheath.
The corresponding hot electron density is then :

Equation 1.24 : Hot electron density at the sheath front

ne0 = Ne

c τlaser Ssheath
= f EL

Thot c τlaser Ssheath
(1.24)

The sheath area accounts for the divergence of electrons within the target and is given by :

Equation 1.25 : Electron sheath area

Ssheath = π (r0 + d tan θ)2 (1.25)

where r0 is the laser spot radius on the front surface, d is the target thickness, and θ is the typi-
cal divergence angle of the electrons inside the target ( θ ∼ 25◦, Coury et al. (2013)). In TNSA
experiments, this yields electron densities in the range ne0 ∼ 1019–1021 cm−3, depending on the
laser intensity, conversion efficiency, and target geometry. Assuming typical TNSA conditions using
ALLS 150 TW laser characteristics :

— Laser-to-hot-electron conversion efficiency : f = 0.005,

— Laser pulse energy : EL = 3.2 J,

— Laser pulse duration (FWHM) : τlaser = 22 fs = 22 × 10−15 s,

— Speed of light : c = 3.00 × 108 m · s−1,

— Hot electron temperature : Thot = 1 MeV = 1.602 × 10−13 J,

— Initial hot electron density : ne0 = 1.0 × 1027 m−3,

— Ion charge : Z = 1,

— Ion mass (protons) : mi = 1.67 × 10−27 kg,

— Elementary charge : e = 1.602 × 10−19 C,

— Vacuum permittivity : ε0 = 8.854 × 10−12 F · m−1,

Equation 1.24 reduces to Ssheath ≃ 1.51 × 10−11 m2. We then compute the ion plasma frequency :

ωpi =

√
(1.602 × 10−19)2 · 1027

1.67 × 10−27 · 8.854 × 10−12 ≈ 4.17 × 1013 rad/s,
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allowing to estimate the sheath-front density at t = 1 ps :

ne,front(t) ≃ 2 · 1026

(4.17 × 1013)2 · (1 × 10−12)2 ≈ 9.2 × 1026 m−3.

Finally, since kBThot = 1.602 × 10−13 J, we compute :

λD ≈
√

8.854 × 10−12 · 1.602 × 10−13

9.2 × 1026 · (1.602 × 10−19)2 ≈ 0.23 µm.

Having estimated the key plasma parameters governing the sheath dynamics, we now introduce
the fundamental equation that describes the electrostatic potential structure within the sheath re-
gion. This is given by Poisson’s equation, which relates the spatial distribution of the potential to
the local charge density :

Equation 1.26 : Poisson’s equation

∇2Φ = − ρ

ε0
(1.26)

This equation forms the foundation for modeling the electrostatic potential Φ that arises from the lo-
cal charge imbalance in the sheath formed at the rear side of a laser-irradiated target. The solution
of this equation provides insights into the sheath expansion dynamics and the potential available
for ion acceleration (Macchi et al., 2013). ρ = e(Zni − ne), where ne is the hot electron density
and ni is the ion density. Assuming a Boltzmann distribution for the hot electrons (Mora, 2003), the
density profile takes the form :

Equation 1.27 : Boltzmann density profile for hot electrons

ne(x, t) = ne0 exp
(

eΦ(x, t)
kBThot

)
(1.27)

leading to a nonlinear form of Poisson’s equation :

Equation 1.28 : Nonlinear form of Poisson’s equation in the sheath region

d2Φ
dx2 = − e

ε0

[
Z ni(x, t) − ne0 exp

(
e Φ(x, t)
kBThot

)]
(1.28)

Solving this equation in combination with ion motion equations allows one to derive the sheath field
and its temporal evolution. The electric field at the ion front, as derived by Mora (2003), evolves
as :
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Equation 1.29 : Temporal evolution of the electric field at the ion front (Mora model)

Efront(t) ≃ 2 E0√
2e ωpi t

(1.29)

with E0 =
√

ne0kBThot
ε0

and ωpi =
√

Z2e2ni0
miε0

.

In TNSA, the maximum (cutoff) energy acquired by ions during rear-surface sheath expansion can
be modeled using a time-limited, isothermal, self-similar fluid approach (Fuchs et al., 2006). The
model assumes that a burst of hot electrons rapidly sets up a sheath field, and ion acceleration oc-
curs over a limited time tacc, approximately proportional to the laser pulse duration. The expression
for the maximum ion energy is given by :

Equation 1.30 : Maximum ion energy from isothermal sheath expansion (Mora/Fuchs model)

Emax = 2Z kBThot

[
ln
(
tp +

√
t2
p + 1

)]2
(1.30)

where Thot is the hot electron temperature and tp = ωpitacc/
√

2e is the dimensionless acceleration
time normalized by the ion plasma frequency ωpi. This model provides a refinement over previous
freely expanding plasma models by taking into account the limited duration of electron injection
and sheath field formation. In experiments, the acceleration time is found to scale approximately
as tacc ∼ 1.3τlaser (Fuchs et al., 2006).

The resulting ion energy spectrum is approximated by a quasi-thermal distribution with a sharp
cutoff at the maximum energy. The number of protons per unit energy is given by Mora (2003) :

Equation 1.31 : TNSA proton yield (isothermal expansion model)

dN

dE
=
[

ne0 cs tacc Ssheath
2 E kBThot

]1/2
exp

(
−
√

2E
kBThot

)
(1.31)

where cs =
√

ZiThot/mi is the ion sound speed. This expression predicts an exponentially decaying
spectrum with a sharp cutoff, consistent with experimental observations of proton beams from solid
targets irradiated at relativistic intensities.

Building on the theoretical description of the ion spectrum, experimental studies have sought to
directly characterize the ultrafast sheath fields that govern the acceleration process. Femtosecond-
resolved measurements using Electro-Optic Sampling have revealed that the accelerating sheath
field in TNSA can reach magnitudes of up to ∼ 0.6 TV/m at the target surface (Pompili et al., 2018).
These measurements, performed at the FLAME 100 TW laser using a ZnTe crystal, showed that
the field amplitude scales with the laser energy approximately as ET ∝ E0.30

L , and that the charge
expansion across the target surface occurs at nearly the speed of light. Using the experimentally
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established scaling law, we estimate sheath electric fields of approximately 0.7 TV/m for ALLS
(3.2 J), 2.1 TV/m for Titan (130 J), and 2.6 TV/m for Apollon-LULI (265 J), confirming the multi-
TV/m regime for PW-class systems. These measurements confirm the theoretical predictions of
sheath evolution models (Romagnani et al., 2005). Advanced experimental diagnostics, such as
proton radiography, have enabled the visualization of sheath dynamics in real-time (Simpson et al.,
2021a, 2023). These techniques provide valuable insights into the spatial and temporal evolution
of the accelerating fields. Additionally, interferometry-based measurements have been used to
characterize the expansion of the plasma sheath and the formation of strong electric fields at the
rear surface of thin foil targets (Green et al., 2014a; Feister et al., 2014; Bisesto et al., 2019). The
results from these experimental studies have been used to validate theoretical models predicting
ion energy distributions and acceleration efficiencies.

1.3.8 Scaling laws in Target Normal Sheath Acceleration

An increase in laser intensity on target generally results in a rise in the maximum proton energy
(Ep,max) within the TNSA regime, as shown in Figure 1.11. However, the appropriate scaling law
governing proton energy as a function of laser irradiance remains a subject of ongoing debate.
While Figure 1.11 highlights the influence of laser irradiance, it is clear that other factors such as
pulse duration, temporal contrast, polarization, incidence angle, and, equally importantly, target
characteristics (including material composition, density, thickness, surface roughness, and geome-
try) also play critical roles in determining the final proton energy. Several parametric studies have
explored how Ep,max depends on laser irradiance, pulse duration, energy, and fluence. Four models
(Fuchs et al., 2006; Robson et al., 2007; Flippo et al., 2008; Zeil et al., 2010) for laser-driven proton
acceleration offer complementary insights into how the maximum proton energy scales with laser
parameters, each developed under specific experimental and theoretical conditions.

Fuchs et al. (2006) introduced a time-limited isothermal fluid model for proton acceleration in the
TNSA regime, incorporating ponderomotive scaling to estimate the hot electron temperature and
a realistic acceleration time proportional to the laser pulse duration (tacc ∼ 1.3τlaser). This model
predicts the maximum proton energy and energy conversion efficiency over a wide range of la-
ser parameters (1018–1020 W.cm−2), as confirmed by both experiments and 2D PIC simulations.
The model assumes a quasi-one-dimensional, isothermal plasma expansion from the rear target
surface and does not account for multi-dimensional effects or temporal electron cooling, yet still
provides strong agreement with measured scaling trends for varying laser energy, pulse duration,
and target thickness.

In contrast, Robson et al. (2007) extended the experimental investigation of laser-driven proton
acceleration up to intensities of 6 × 1020 W.cm−2, revealing that the one-dimensional isothermal
plasma-expansion model employed by Fuchs et al. (2006) substantially overestimates the maxi-
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mum proton energy in this ultrahigh-intensity regime. Based on their dataset, Robson et al. (2007)
established a simple empirical scaling of the form

Equation 1.32 : Empirical proton cutoff scaling (Robson et al.)

Ep,max = a Ib (1.32)

where b = 0.5±0.1. obtained for aluminum foils of 10–25 µm thickness at a constant pulse duration
of 1 ps. The authors further noted only a weak dependence of Ep,max on the laser pulse duration
(1–8 ps) and a systematic increase in proton energy for thinner targets, both attributed to enhanced
hot-electron coupling and sheath-field formation. Although no explicit multi-parameter formula was
provided, these observations emphasize that a combination of laser intensity, pulse duration, and
target geometry influences proton energy scaling. To reconcile experimental results with theory,
Robson et al. (2007) introduced a revised two-phase expansion model including time-dependent
electron temperature and approximate three-dimensional effects, yielding improved agreement
with the experimental data.

Flippo et al. (2008) provided another empirical scaling law from experiments on the Trident 200
TW laser, reporting :

Equation 1.33 : Empirical proton cutoff scaling (Flippo et al.)

Ep,max ∝ I0.565 (1.33)

with observations spanning 1018 to 1020 W.cm−2. Their results are consistent with the relativistic
ponderomotive scaling and support the notion that proton energy is not only a function of hot
electron temperature but also of sheath field geometry and temporal coupling.

Zeil et al. (2010) conducted a systematic experimental study using ultrashort laser pulses (∼30
fs) from the 100 TW-class Draco Ti : Sapphire laser and demonstrated a linear scaling of maxi-
mum proton energy with laser power rather than with intensity. This behavior was attributed to the
short acceleration timescale, comparable to the laser pulse duration, and the localized sheath field
formation at the rear surface of micron-thick foil targets. The authors provided both analytical mo-
deling and 2D PIC simulations to support this interpretation, emphasizing the role of 3D effects
and the importance of maintaining tight focusing and excellent temporal contrast.

Altogether, these models vary in applicability based on pulse duration, intensity regime, target thi-
ckness, and temporal contrast, and they highlight the need to account for laser-plasma interaction
physics beyond simplistic 1D assumptions as experimental conditions push into new regimes. An
alternative class of models assumes that the highest-energy ions behave as test particles acce-
lerated in a quasi-static sheath field, unaffected by their dynamics. These static models depend
critically on accurate characterizations of the sheath field, which in turn rely on realistic assump-
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tions about the distribution of hot electrons. Passoni et al. (2008) developed a theoretical model
describing ion acceleration in the early stage of the TNSA process, focusing on the quasista-
tic electric field formed by ultrarelativistic bound electrons at the rear surface of thin targets. By
considering only electrons with negative total energy (i.e., trapped), the model predicts a finite ac-
celerating sheath and avoids the divergences present in earlier fluid-based expansions. Analytical
expressions for the electric field profile, maximum ion energy, and proton spectra are derived and
show good agreement with a broad set of experimental data (Passoni et al. (2010) : 0.1–500 J,
IL ∼ 1018–1020 W.cm−2), typically within 10% error. The model also captures enhancements ob-
served with ultrahigh-contrast pulses and provides scaling laws for future systems targeting proton
energies up to 300 MeV, relevant to hadron therapy.
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FIGURE 1.11 : Maximum proton energy versus laser irradiance.

Maximum proton energy from laser-irradiated metal foils for experiments on different laser systems as a func-
tion of the laser pulse irradiance, grouped in three different ranges of pulse durations. References to the rele-
vant experiments can be found in Borghesi et al. (2006), except for the points labeled Saclay (Ceccotti et al.,
2007) and Lund (Neely et al., 2006) marked in light green. This figure has been adapted from Macchi et al. (2013),
with the publisher’s permission.

1.3.9 Radiation Pressure Acceleration

If the laser intensity climbs above 1020 W.cm−2, another acceleration mechanism comes into com-
petition with TNSA when using overdense targets, namely the Radiation Pressure Acceleration
(RPA). The RPA mechanism was first suggested in the work of Esirkepov et al. (2004) for intensi-
ties in excess of 1023 W.cm−2, in an intensity range where it strongly predominates over TNSA.
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In this mechanism, the momentum carried by the electromagnetic wave is so high that it pushes
directly on the target, providing collective thrust to the particles. This results in a forward-oriented
beam of particles emerging from the radiation pressure exerted upon the EM wave’s impact with
the front target surface. RPA is only effective for very thin targets (typically sub-micrometric in
thickness). If the impact is sufficiently strong, the accelerated ions from the front surface in the la-
ser’s forward direction can reach velocities exceeding those of ions accelerated at the rear surface
through TNSA, while also exhibiting a much lower energy dispersion.

A way to further increase the predominance of RPA is to use circularly polarized laser pulses to
suppress hot electron generation — particularly by inhibiting J⃗ ×B⃗ heating — and thereby preserve
only the drift term in the longitudinal momentum equation (Robinson et al., 2008).

The radiation pressure Prad of a laser pulse of peak intensity I0 upon impact with a target can be
expressed as (Macchi et al., 2013) :

Equation 1.34 : Radiation pressure on a target by a laser pulse

Prad = (1 + R − T )I0
c

= (2R + A)I0
c

(1.34)

where R, T , and A are the reflection, transmission, and absorption coefficients, respectively. In
equation 1.34, the conservation of energy implies that R + T + A = 1. In the ideal case of a
“perfect” relativistic mirror (T = A = 0, R = 1), this leads to a maximum radiation pressure of
P max

rad = 2I0/c. where R, T , and A are the reflection, transmission, and absorption coefficients,
respectively.

It is possible to distinguish two main regimes of RPA : one for thick targets, called the Hole Bo-
ring (HB) regime, and another for ultrathin targets, called the Light Sail (LS) regime. Schematic
representations of both regimes are provided in Figure 1.12, and further details are given below.
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FIGURE 1.12 : Comparison of Hole-Boring and Light-Sail RPA regimes.

Schematic diagrams of the RPA. (A-B) Two distinct acceleration cases within RPA are the Hole Boring (A) and
Light-Sail (B) regimes. These figures have been adapted from Macchi (2017), with the author’s permission.

Hole Boring regime

The Hole Boring (HB) regime (also called the laser piston regime) occurs when the laser pulse
does not penetrate through the target, as a result of using a thick target (i.e., much thicker than the
laser penetration skin depth, d ≫ ls), and pushes the particles to continuously increase the local
density from its pressure. This steepens the density of the target as the laser acts on the surface
like a piston. This ultimately bores a hole in the plasma and accelerates particles up to a velocity
called the hole boring velocity vHB, thereby defining the target thickness condition d > vHB τlaser,
with τlaser being the laser pulse duration. Estimations of the HB velocity are found by balancing the
electromagnetic and mass momentum fluxes in planar geometry (Robinson et al., 2009; Schlegel
et al., 2009). This leads to the following kinetic energy scaling for ions :

Equation 1.35 : Hole boring (RPA) ion kinetic energy scaling

EHB
K = 2 mec2 Z

nc

ne
a2

0 (1.35)

Hence, we see from equation 1.35 that the ion kinetic energy scales as EHB
K ∝ a2

0 ∝ I0, compared
to ETNSA

K ∝ a0 ∝
√

I0 for the TNSA mechanism, explaining why RPA attracts significant attention in
the laser acceleration community.

It is also worth noting that EHB
K ∝ 1/ne, and thus high electron densities are not conducive to

high ion energies in the HB-RPA regime. The target density must therefore be reduced close to
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ne ∼ nc but not below, since the target would become transparent, thereby reducing the reflection
coefficient and the strength of the impact. Moreover, reducing the target thickness also helps to
increase ion energies by minimizing collisional energy losses.

Promising theoretical estimates using I0 > 1022 W.cm−2 and near-critical targets of micrometric
thickness predict proton energies exceeding 100 MeV and quasi-monoenergetic beams (Klimo
et al., 2008; Macchi et al., 2010; Robinson et al., 2012).

Light Sail regime

If the target thickness d is reduced such that d < vHB τlaser, with vHB being the hole boring velocity
and τlaser the laser pulse duration, the ion front reaches the rear side of the target before the
end of the laser pulse. In this situation, the entire target is accelerated as a single unit within the
focal volume. This regime is known as the Light Sail (LS) regime, and the target behaves like a
thin relativistic mirror propelled by radiation pressure. This configuration minimizes particle energy
losses by eliminating the background plasma and continuously accelerates the same ion layer that
was initially compressed by the laser.

Ion energy estimations in the LS regime yield the following expression for ion kinetic energy (Qiao
et al., 2009; Macchi et al., 2013) :

Equation 1.36 : Light Sail (RPA) ion kinetic energy scaling

ELS
K = mpc2 F 2

2(1 + F ) (1.36)

with
F = 2Z

A

nc

ne

cτlaser
d

a2
0.

where F is the dimensionless fluence, Z and A are the ion charge and mass numbers, nc the critical
density, and ne the target electron density. As opposed to the HB regime, the target thickness d

explicitly appears in equation 1.36, leading to the scaling ELS
K ∝ 1/d. Therefore, reducing the target

thickness enhances energy gain in the LS regime.

However, the LS regime is eventually limited by the onset of relativistic transparency. As the la-
ser intensity increases, the target can become partially transparent to the incident field, thereby
reducing the effective radiation pressure. This effect becomes significant when the relativistically
corrected critical density drops below the target electron density. When d ≪ λ, the transparency
threshold is governed by the condition (Vshivkov et al., 1998) :
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Equation 1.37 : Relativistic transparency threshold in the LS regime

a0 > ξ = ne d

nc λ
(1.37)

which shows that reducing the target thickness also lowers the intensity threshold for transparency.

The LS-RPA optimal point occurs when the target becomes transparent at the end of the laser
pulse. Inserting equation 1.37 into equation (1.36) and simplifying leads to :

Equation 1.38 : Optimal ion energy in the LS regime at the transparency threshold

ELS,opt
K = 2π mec2 Z

A

(
c τlaser

λ
a2

0

)2
(1.38)

Current record laser intensities (Yoon et al., 2019) suggest optimal target thicknesses on the order
of tens of nanometers, which is now achievable with state-of-the-art target manufacturing tech-
niques. For instance, considering I0 = 1022 W.cm−2 (i.e., a0 ≈ 100) with a solid target density of
ne = 400nc and a wavelength λ = 1 µm yields an optimal thickness of dopt ≈ 80 nm.

Despite these advances, producing and maintaining ultra-thin targets at high temporal contrast
remains technically challenging. Indeed, a laser-to-prepulse contrast as high as 1010 at peak inten-
sities of 1023 W.cm−2 corresponds to prepulse or ASE levels around 1013 W.cm−2. Such intensities
already exceed the ionization threshold of most solid targets and can pre-ionize or destroy the foil
before the main pulse arrives, undermining the LS acceleration process.

1.3.10 Relativistically induced transparency-driven acceleration

Relativistically induced transparency (RIT) arises when an ultra-intense laser drives electrons to
relativistic velocities, increasing their effective mass and thereby raising the transparency threshold
so that an initially overdense plasma with density ne ≳ nc becomes transmissive once the effective
critical density grows to γnc (Palaniyappan et al., 2012; King et al., 2023; Fernández et al., 2017).
In ultrathin, rapidly expanding foils, this enables laser propagation into and through the target, re-
shaping absorption and field structures that strongly affect ion acceleration - most notably in the
so-called Break-Out Afterburner (BOA) regime (Yin et al., 2006, 2007; Henig et al., 2009). In BOA,
the laser penetrates the target once transparency is reached, enabling sustained volumetric elec-
tron heating and stronger ion acceleration. This regime can produce a denser and hotter sheath
compared to TNSA, and benefits from reduced collisional energy losses. Experiments and simu-
lations have shown that the onset and duration of RIT depend sensitively on target thickness and
laser contrast, with improved contrast shifting the optimal thickness and modestly impacting the
peak proton energy (Dover et al., 2023). Moreover, kinetic effects such as electron heating from

40



finite pulse rise times raise the effective transparency threshold above cold-fluid predictions (Ferri
et al., 2019b), while finite ion motion can further modify the transition dynamics. RIT can also act as
a ”relativistic plasma aperture” locally boosting on-axis intensity through diffraction of transmitted
light and enabling new regimes of ion acceleration and strong-field physics (Jirka et al., 2021). To-
gether, these studies establish RIT as a transient, controllable pathway linking target engineering,
laser contrast, and hot-electron phase-space to enhanced ion and radiation sources (Macchi et al.,
2013).

1.3.11 Magnetic vortex acceleration

Magnetic vortex acceleration (MVA) is a mechanism of ion acceleration that emerges when an
ultra-intense laser pulse propagates through a near-critical or underdense plasma, generating a
strong, self-consistent magnetic vortex structure in the wake of the laser pulse (Nakamura et al.,
2010; Park et al., 2019). In this regime, the ponderomotive force of the laser expels electrons
radially, forming a positively charged channel that sustains multi-megagauss azimuthal magnetic
fields due to the return currents at the channel boundary (Zhidkov et al., 2007). As the laser exits
the plasma, these magnetic fields collapse, converting magnetic energy into an intense longitudi-
nal electric field that accelerates ions located near the rear plasma-vacuum interface (Nakamura
et al., 2010). The process is highly dependent on plasma density, target thickness, and laser fo-
cal geometry. Optimal MVA conditions are typically achieved in near-critical plasmas where the
laser can fully penetrate but still drive strong collective electron motion. Particle-in-cell simula-
tions and experiments have shown that MVA can generate quasi-monoenergetic ion beams with
energies exceeding hundreds of MeV, offering an alternative to TNSA and RPA in the relativistic
transparency regime in RIT-driven acceleration. Recent studies have highlighted the possibility of
controlling the vortex topology and associated fields through pre-shaped plasma channels or den-
sity gradients, paving the way for compact, high-repetition-rate sources of energetic ions (Garten
et al., 2024; Tazes et al., 2024). Overall, MVA links the relativistic laser–plasma dynamics of un-
derdense regimes with efficient ion acceleration through the conversion of magnetic energy into
directed electrostatic potential energy.

1.3.12 Collisionless shock acceleration

Collisionless shock acceleration (CSA) is a prominent mechanism for ion acceleration in high-
intensity laser–plasma interactions, occurring when a laser pulse drives a sharp electrostatic shock
front through an underdense or near-critical plasma (Silva et al., 2004; Haberberger et al., 2012).
In this process, the laser’s ponderomotive force and electron pressure gradients launch a nonlinear
ion-acoustic wave that steepens into a collisionless shock, mediated by collective electromagne-
tic fields rather than binary collisions (Forslund et al., 1971; Tidman, 1971). Ions in the upstream
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plasma that encounter this moving potential barrier are reflected and accelerated to twice the
shock velocity in the laboratory frame, yielding quasi-monoenergetic ion beams with narrow energy
spreads and low divergence (Haberberger et al., 2012). The efficiency and energy of CSA strongly
depend on the Mach number M = vs/cs, plasma temperature gradients, and the laser–plasma
coupling conditions, which determine the shock velocity vs and stability (Fiúza et al., 2012). Expe-
riments using CO2 and Ti : Sapphire lasers have demonstrated CSA-driven proton beams up to
tens of MeV with energy spreads below 10%, confirming its potential for controlled, high-quality
ion sources (Romagnani et al., 2008; Haberberger et al., 2012). Recent studies have explored how
tailored plasma density ramps and multi-pulse irradiation can stabilize shock formation, extend its
lifetime, and enhance ion energies (Pak et al., 2018; Kumar et al., 2019; Marquès et al., 2024).
Overall, CSA represents a robust, tunable mechanism linking laser-driven plasma hydrodynamics
and collective field structures to the production of monoenergetic, high-brightness ion beams.

1.3.13 Limitations and pathways toward stable, high-repetition-rate laser-driven ion
acceleration

Despite the rapid progress in LDIA, a major constraint lies in the low repetition rates of PW-class
laser systems, which typically operate at or below 10 Hz (see Figure 1.4) due to thermal manage-
ment challenges, damage thresholds of optical components, and the need for target replacement
between shots. This restricts the average particle flux and hinders applications requiring high-
dose delivery or statistically significant datasets. In addition, shot-to-shot reproducibility remains
a significant challenge : slight variations in laser pulse quality, preplasma formation, or target mi-
crostructure can lead to substantial fluctuations in beam energy, direction, and charge (yield). This
inherent instability complicates data interpretation and reduces the reliability as well as the overall
implementation of laser-driven ion sources in real-world settings. Current research efforts are ad-
dressing these issues through innovations in laser technology (e.g., OPCPA systems), advanced
target engineering (e.g., structured and layered foils), and real-time feedback optimization (e.g,
wavefront sensors, laser chirp controllers...) to improve stability, spectral control, and system repe-
tition rates. This is why now strong interest is given to laser-driven sources of smaller scale (i.e.,
generating lower proton energies) but providing higher reliability and repetition rate for applications,
able to run at a few Hz to tens of Hz as typically found with commercial TW-scale Ti : Sapphire
lasers. Consequently, optimizing laser–target interactions for reliable and high-quality ion beams
requires not only the fine-tuning of laser parameters (energy per pulse, intensity, pulse duration,
contrast, polarization, and incidence angle) but also an equally careful selection of the target pro-
perties, including material composition, density, thickness, surface roughness, and macroscopic
geometry.
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1.3.14 Repetition rate constraints and target technologies in laser-driven ion acce-
leration

In TNSA, the properties of the target - specifically its material composition, thickness, and density
- play a central role in determining the efficiency and quality of the accelerated ion beams. Among
these, target thickness has been the subject of numerous studies, which have explored its impact
on hot electron transport and sheath field formation (Dong et al. (2003); Esirkepov et al. (2006);
Zeil et al. (2010), among others). However, achieving optimal performance in laser-driven ion acce-
leration also depends on overcoming several experimental constraints. One major challenge stems
from the stringent alignment requirements imposed by the use of large numerical apertures, which
are essential for focusing the laser to ultra-high intensities. Additionally, the use of solid targets
presents practical limitations, particularly regarding the need to refresh the target after each laser
shot in high-repetition-rate setups.

The choice of target material affects various factors, including electron density, ionization poten-
tial, and the resultant electric fields, all of which play pivotal roles in the acceleration process.
Targets composed of high atomic number (high-Z) materials, such as gold (Au) or tantalum (Ta),
exhibit higher electron densities and ionization potentials compared to low-Z materials like car-
bon or plastic. The increased electron density in high-Z materials enhances the production of hot
electrons when irradiated by high-intensity laser pulses. More electrons are establishing intense
sheath electric fields at the rear surface, which are crucial for ion acceleration. However, high-Z
materials can also introduce complexities such as increased bremsstrahlung radiation, which may
affect the overall acceleration efficiency (Nishiuchi et al., 2020; Măgureanu et al., 2022). Incorpo-
rating high-Z elements into low-Z matrices, such as embedding gold nanoparticles into polymer
substrates, has been explored to optimize TNSA performance. This approach aims to combine the
favorable properties of both materials, enhancing electron density while maintaining manageable
ionization thresholds. Experimental studies have demonstrated that such composite targets can
lead to increased hot electron generation and, consequently, stronger sheath fields, resulting in
more efficient ion acceleration (Torrisi et al., 2017, 2019). The presence of surface contaminants,
often hydrocarbons or water vapor, can significantly impact the ion species and energies in TNSA.
These contaminants, typically low-Z materials, are ionized and accelerated preferentially due to
their lower ionization potentials. Implementing techniques such as fs-laser desorption to remove
these contaminants has been shown to modify the ion acceleration dynamics, reducing proton
acceleration and enhancing the acceleration of target material ions (Hoffmeister et al., 2013). Utili-
zing nanostructured targets, such as those with nanocone or nanohole arrays, has been shown to
enhance laser absorption and hot electron production. These structures increase the effective in-
teraction area and create localized field enhancements, leading to more efficient TNSA processes.
Simulations have indicated that such nanostructuring can result in higher proton cutoff energies
compared to flat targets. Here are a few studies reporting the use of nanostructured targets for
TNSA-enhanced process : Barberio et al. (2016); Vallières et al. (2017); Thiele et al. (2019); Val-
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lières et al. (2021). The material composition of the target is a critical parameter in TNSA, influen-
cing electron dynamics, sheath field formation, and ion acceleration efficiency. Careful selection
and engineering of target materials, including the use of high-Z elements, composites, and nano-
structuring, can significantly enhance the performance of laser-driven ion acceleration systems.

Experimental studies have demonstrated a strong correlation between target thickness and the
maximum energy of accelerated protons in the TNSA regime. While thinner targets often enable
higher proton energies by reducing the scattering and energy loss of hot electrons as they transit
the target, this trend holds only within a specific range. For example, a 0.65-µm-thick aluminum
target produced protons with a maximum energy of 3.5 MeV, compared to only 1.25 MeV for a
12.5-µm-thick target (Su et al., 2013). It is important to distinguish between nanometric and micro-
metric targets, as their behavior differs markedly depending on laser contrast and pulse duration.
There exists an optimal target thickness below which the acceleration efficiency decreases. Howe-
ver, for ultrathin targets (a few tens of nanometers), a high temporal contrast is essential to avoid
premature expansion or destruction of the target by the laser pedestal or prepulse, which would
suppress efficient sheath formation. In such cases, insufficient hot electron generation can occur,
or the rear side of the target may deform or expand before the main pulse arrives, leading to inef-
ficient ion acceleration. Moreover, ultrathin targets can become relativistically transparent or even
induce a transition toward different acceleration regimes such as RPA, especially under conditions
of high contrast and circular polarization (Macchi et al., 2013). In RPA, the laser pulse directly
transfers momentum to the entire target, which can result in quasi-monoenergetic ion spectra and
higher acceleration efficiencies, but this regime is highly sensitive to laser and target parameters.
Additionally, target thickness influences beam divergence. Thicker targets tend to yield more colli-
mated beams due to their resistance to deformation by pre-plasma-induced shock waves, whereas
thinner targets often generate broader angular distributions (Lundh et al., 2007; Esirkepov et al.,
2014; Ivanov et al., 2014). This sensitivity is again linked to contrast conditions and the presence
of prepulses, which can pre-ionize or expand the target rear surface. Finally, a critical thickness
threshold exists, below which targets become transparent or fail to support adequate charge sepa-
ration. In experiments with high-contrast pulses, this threshold has been well characterized (Lécz
et al., 2022), reinforcing the idea that optimal performance is obtained only when both the laser
contrast and the target thickness are jointly considered.

The density of the target material also significantly influences the acceleration process. Lower-
density target materials can achieve higher maximum proton energies. This enhancement is at-
tributed to the more efficient generation and transport of hot electrons in low-density materials,
leading to stronger sheath electric fields at the target’s rear surface. However, lower-density tar-
gets are more susceptible to deformation due to laser-induced shock waves, which can increase
the divergence of the proton beam. Utilizing near-critical density (NCD) targets, where the electron
density is close to the critical density for the laser wavelength, has been shown to enhance laser
absorption and hot electron production. This enhancement leads to more efficient proton accele-
ration. Simulations indicate that coupling a solid target with a low-density layer can significantly
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increase both the energy and number of accelerated protons (Sgattoni et al., 2012; Tong et al.,
2018). Recent experiments using foam targets with densities between those of gases and solids
have provided insights into ion acceleration mechanisms. These studies have demonstrated that
foam targets can influence the charge states of accelerated ions, affecting their energy deposition
and transport properties (Passoni et al., 2014; Ma et al., 2023).

Recent advancements in target design for laser-driven ion acceleration have explored several in-
novative configurations, including liquid, tape, and cryogenic targets, each offering distinct ad-
vantages and challenges. Liquid targets, such as liquid leaf targets, have emerged as promi-
sing candidates for high-repetition-rate experiments. Their continuously refreshing surface ensures
consistent interaction conditions, which is essential for stable ion acceleration at high shot rates
(Schnürer et al., 2005; Morrison et al., 2018; George et al., 2019; Treffert et al., 2022b; Puyuelo-
Valdes et al., 2022). Moreover, recent studies have employed artificial neural networks trained on
PIC simulation data to develop surrogate models for liquid leaf target experiments, enabling optimi-
zation of experimental parameters for maximum ion energy and laser-to-ion conversion efficiency
(Schmitz et al., 2023).

Cryogenic targets (Morrison et al., 2012; Gauthier et al., 2016; Margarone et al., 2016; Scott et al.,
2018; Polz et al., 2019) have also gained attention, particularly those employing isotopically laye-
red structures. A notable design includes a nanometer-thick layer of pure deuterium at the target-
vacuum interface, which facilitates a dual-species plasma expansion (Scott et al., 2018). This confi-
guration enables the generation of composite ion beams with tunable density ratios and allows for
the suppression of high-energy protons in favor of spectrally peaked deuteron beams, opening new
possibilities for tailored ion beam production.

Finally, high-repetition-rate tape target delivery systems have been developed to meet the demands
of ultra-intense laser-matter interactions. These systems employ spooled solid tapes to deliver
fresh material to the laser focus for each shot, allowing continuous operation under high-vacuum
conditions (Fujii et al., 2003; Nayuki et al., 2003; Noaman ul Haq et al., 2017; Dover et al., 2020b).
Recent work by Ehret et al. (2023) demonstrated excellent shot-to-shot stability, confirming that
tape targets are a reliable and scalable solution for high-repetition-rate laser applications.

In conclusion, careful selection and optimization of target material composition, thickness, and
density are essential for enhancing the efficiency and quality of LDIA. Understanding the interplay
of these parameters allows for the design of targets that tailor ion beams, thereby advancing the
development of compact and efficient laser-driven ion accelerators.

Figure 1.13 shows an overview of some target delivery systems for high-repetition-rate LDIA expe-
riments.
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FIGURE 1.13 : Target delivery systems for high-repetition experiments.

Overview of target delivery systems for high-repetition-rate laser-driven ion acceleration experiments. (A) Tape
drives (Gao et al., 2017). (B) Liquid jets provide stable, self-refreshing targets suitable for high repetition rates
(Treffert et al., 2022a). (C) Multi-target holders allow precise positioning of dense target arrays for efficient
experimental throughput (400 shots per pumping cycle) (Catrix et al., 2023). These figures have been adapted
with the publishers’ permissions.

1.3.15 Diagnostics in laser-driven ion acceleration

In LDIA, the adage "a beamline is only as good as its diagnostics" holds particularly true. Accurate
and comprehensive diagnostics are essential not only for unraveling the underlying acceleration
mechanisms but also for optimizing performance and tailoring the ion beam properties to meet the
demands of specific applications. These diagnostics encompass a range of techniques designed to
measure key beam parameters such as energy spectrum, spatial distribution, temporal profile, and
charge state. The energy distribution of accelerated ions is typically characterized using Thomson
parabola spectrometers (TPS) (see Figure 1.14.A and B.). These devices separate ions based on
their charge-to-mass ratio and energy, providing detailed insights into the ion species present and
their respective energies (Sadowski et al., 2009; Gwynne et al., 2014; Tata et al., 2017). The TPS,
which separates ions via simultaneous deflection in parallel electric and magnetic fields, is parti-
cularly well-suited for its near-unambiguous mapping of ion trajectories onto the detector plane.
To accommodate a wide range of ion energies and charge-to-mass ratios, both the electric and
magnetic field strengths must be adjustable. Adjusting the electric field is relatively straightforward,
typically achieved by varying the applied voltage. Several groups have further optimized geome-
tries to enhance the dynamic range of the electric field (Sakabe et al., 1980; Morrison et al., 2011;
Alejo et al., 2016; Nedbailo et al., 2023). In contrast, tuning the magnetic field is more complex,
especially when relying on permanent magnets, which are commonly used to establish the di-
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pole field. Innovations such as dynamic yokes have been introduced to allow adjustable magnetic
field strengths (Kojima et al., 2020), and some designs employ electromagnets to adapt the field
strength to the analyzed ion species and energy (Harres et al., 2008; Schillaci et al., 2014). These
approaches are generally tailored to ions within the MeV energy range. Building on this, Riedlin-
ger et al. (2024) presented an electromagnetic TPS that leverages a fully tunable electromagnet,
granting independent control over both deflection axes. This capability enables the spectrome-
ter to capture wide ion spectra with minimized measurement uncertainty. Crucially, the system is
designed for vacuum compatibility without requiring active coil cooling. Its compact form factor al-
lows easy integration into experimental setups, preserving space for essential components such
as focusing optics, beam dumps, and additional diagnostics.

Accurate measurement of the total charge in ion beams is vital, especially for applications like
radiotherapy where dose precision is critical. Integrating Current Transformers (ICTs) offers a non-
invasive means to measure the charge of accelerated ion bunches, enabling online dose measu-
rements and facilitating beam tuning. The implementation of ICTs in PW LDIA experiments has
demonstrated its effectiveness in real-time charge diagnostics. Geulig et al. (2022) presents the
first successful implementation of an ICT as a noninvasive, online charge diagnostic in LDIA ex-
periments at the BELLA PW facility. The ICT is used to measure the total charge of ion bunches,
enabling real-time dose estimation during radiobiological cell irradiation.

In summary, the array of diagnostic tools for LDIA is both extensive and rapidly advancing. Beyond
the TPS, a variety of detectors are employed and combined to capture the full complexity of char-
ged particle emissions. These include Radiochromic Films (RCF), CR-39 track detectors, Imaging
Plates (IP), MicroChannel Plates (MCP), and TOF delay lines paired with plastic scintillators, sili-
con nitride (SiN), or diamond detectors. For example, TOF detectors are employed to measure the
temporal profile and energy of ion beams by recording the time taken for ions to reach the detector.
This method has been employed to diagnose high-energy laser-driven protons, enabling real-time
measurements of key beam parameters (Scuderi et al., 2020; Vallières et al., 2020). Additional
techniques involve a compact scintillating fiber imaging spectrometer based on the tomographic
reconstruction of proton energy deposition in a layered fiber array (Patel et al., 2024) and pixelated
semiconductor detectors (Reinhardt et al., 2011; Würl, 2018). To further enhance the interpretation
and efficiency of these diagnostic techniques, some recent efforts have turned toward data-driven
approaches. In particular, the integration of Machine Learning algorithms into diagnostic systems
represents a significant advancement. For example, neural network-based synthetic diagnostics
have been developed to predict the energy spectra of laser-driven protons. By combining variatio-
nal autoencoders with feed-forward networks, these models can predict energy spectra based on
secondary diagnostics of laser-plasma interactions, achieving notable accuracy with limited trai-
ning data (McQueen et al., 2025).
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Each of these diagnostics plays a critical role in unraveling the intricate physics of laser-plasma
interactions and in refining ion beam parameters to meet the demanding specifications of both
fundamental research and emerging technological applications.

FIGURE 1.14 : Compact Thomson parabola ion diagnostics.

(A) Schematic drawing of the miniature Thomson analyzer (not to scale). This figure has been adapted from
Sadowski et al. (2009), with the publisher’s permission. (B) Scheme of the TPS at the ALLS 150 TW ion beamline.

1.3.16 Applications of laser-driven ion beams

The rapid development of LDIA has been motivated not only by its fundamental interest in high-
field science but also by its promising potential across a range of impactful applications. In ma-
terials science, laser-driven ions offer unique opportunities to induce structural transitions, phase
changes, and defect formation on ultrafast timescales. They are also valuable for highly sensi-
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tive elemental analysis, for instance through Particle-Induced X-ray Emission (Sciscio et al., 2017;
Barberio et al., 2017b, 2018a, 2019; Puyuelo-Valdes et al., 2021; Boivin et al., 2022), as illustra-
ted in Figure 1.15.A–C. The short duration and high intensity of the LDIA beam enable studies
of material behavior under extreme energy densities and strain rates. One of the most prominent
and long-standing applications is in inertial confinement fusion (ICF), particularly the fast igni-
tion approach, where a short and intense proton beam is used to rapidly heat a pre-compressed
deuterium-tritium (D-T) fuel core to ignition temperatures. In a pioneering study, Roth et al. (2001)
proposed that the sheath-accelerated proton beams generated by ultra-intense laser pulses could
deliver energy precisely and rapidly into the fuel core, offering a simpler and more localized heating
method than relativistic electron transport, which suffers from beam filamentation and divergence
issues in dense plasmas (Figure 1.15.D). Experimental campaigns since then have demonstrated
proton-induced heating of fusion-relevant materials and validated key aspects of this scheme (Pa-
tel et al., 2003; Roth et al., 2005). In hadron therapy, LDIA has attracted attention as a compact
and cost-effective alternative to conventional cyclotron and synchrotron-based proton accelerators.
Traditional systems are large and expensive, with significant infrastructure and maintenance requi-
rements. Laser-driven protons, by contrast, can be generated using table-top systems and ultra-
intense femtosecond lasers, offering the prospect of hospital-scale accelerators (Bulanov et al.,
2002; Malka et al., 2004). The ultrashort pulse duration, small transverse emittance, and high par-
ticle flux make LDIA beams especially promising for FLASH therapy, which delivers ultrahigh dose
rates and has shown normal tissue-sparing effects (Vozenin et al., 2022; Flacco et al., 2024). Al-
though challenges remain in terms of beam stability, energy spread, and repeatability, ongoing ad-
vances in beam transport optics and target engineering continue to narrow the gap toward clinical
implementation. Another important area is proton radiography, where laser-driven protons act as
probing particles for dynamic field structures and dense matter. Their sensitivity to transient elec-
tric and magnetic fields, combined with high penetration and ultrafast duration, make them ideal
for imaging plasmas, shock fronts, and current filaments with high spatial and temporal resolution.
Borghesi et al. (2002) and Mackinnon et al. (2004) demonstrated the use of TNSA-driven protons
for diagnosing electrostatic fields in laser-target interactions, revealing filamentation, plasma ex-
pansion dynamics, and return currents. This diagnostic capability has been extensively used in
high-energy-density physics (HEDP) and laboratory astrophysics (Romagnani et al., 2005; Sarri
et al., 2012). LDIA is also a promising driver for compact radioisotope production and applications
in nuclear medicine. Using proton beams to induce nuclear reactions in thin targets, short-lived iso-
topes relevant for positron emission tomography (PET) can be produced on demand. For example,
Ledingham et al. (2004) demonstrated for the first time the production of clinically relevant positron-
emitting isotopes (11C and 18F) using a high-power PW laser, highlighting a potential alternative to
conventional cyclotrons for PET imaging. It also reports the successful synthesis of 2-[18F]FDG, a
radiopharmaceutical (specifically a radiotracer), from laser-generated 18F, and discusses the future
viability of compact, high-repetition-rate laser systems for on-site isotope generation, which could
significantly reduce the infrastructure and cost barriers in nuclear medicine (Figure 1.15.E).
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Altogether, these applications - spanning fusion energy, medical therapy, diagnostics, radioisotope
production, and materials research - are major drivers of LDIA research. Continued developments
in laser technology, target design, and beam control are expected to further accelerate progress
toward practical deployment of LDIA systems.
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FIGURE 1.15 : Applications of laser-driven ion beams.

(A) Archaeological situ and details about the ceramics used for testing the damaging effect of the laser-
generated protons during the one-shot PIXE; Images show the artifact before and after the irradiation; (B) XRF
optical image of the sample before and after proton irradiation; (C) Results of the dating process performed
before and after irradiation. (A), (B) and (C) have been adapted from Barberio et al. (2017b), with the publisher’s
permission. (D) Energy deposition of protons between 15 and 23 MeV in a NIF-type indirect drive target. (D) has
been adapted from Roth et al. (2001), with the publisher’s permission. (E) Total activity (front + back) generated
by a single laser shot for both 11C and 18F as a function of laser irradiance with pulse energies from 15 to 300J.
The circles refer to 11C production, and the single triangular point for 18F was measured at the highest energies.
The hatched areas at the top of the graph indicate the level of required 18F activity from which an 18F-FDG pa-
tient dose would be generated, the required 11C activity, e.g. in the form of [11C]CO. (E) has been adapted from
Ledingham et al. (2004), with the publisher’s permission.
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1.4 Conclusion

This chapter has laid the foundational groundwork for understanding laser-driven particle accelera-
tion by examining the interplay between high-power laser technologies and electromagnetic theory.
The development of CPA has enabled the generation of ultrashort, ultra-intense laser pulses, revo-
lutionizing our ability to explore extreme field interactions and compact particle acceleration. These
advancements have led to the emergence of laser–plasma acceleration schemes that achieve
electric field gradients several orders of magnitude higher than those of conventional RF-based
accelerators.

Focusing primarily on the TNSA mechanism, we explored how laser-generated hot electrons es-
tablish intense sheath fields capable of accelerating ions to multi-MeV energies. The theoretical
underpinnings of TNSA, including Maxwell’s equations, plasma expansion dynamics, and energy
scaling laws, were presented alongside experimental observations and diagnostic techniques. We
also briefly introduced alternative regimes such as RPA, CSA, MVA and BOA, which become in-
creasingly relevant at higher intensities or with ultrathin targets.

Moreover, practical considerations such as laser contrast, target design, repetition rate limitations,
and diagnostic requirements were discussed in the context of building stable, high-performance ion
sources. The chapter highlighted that the performance of laser–plasma accelerators is not dictated
solely by laser intensity, but rather by a delicate balance of laser parameters, target properties, and
control over electromagnetic field structures.

Collectively, these insights establish a coherent framework for understanding and optimizing the
core mechanisms of LDIA and provide the theoretical and technological basis for the experimental
strategies, machine-learning methods, and optimization techniques developed in the chapters that
follow.
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2 MACHINE LEARNING IN LASER-DRIVEN PARTICLE ACCELERA-
TION

Data-driven control guiding laser–plasma acceleration. Original image created by the author (Elias

Catrix). No external permission is required; use authorized by the author.



Foreword — Despite substantial advances in the field, the nonlinear, multi-parameter nature of
laser–plasma interactions continues to present significant challenges for both physical understan-
ding and experimental control.

To respond to these challenges, the rise of Machine Learning (ML) driven by advances in compu-
ting, algorithms, and data availability has introduced powerful tools for modeling complex systems,
inferring structure from limited data, and optimizing experiments where first-principles approaches
fall short. These capabilities are particularly well-suited to laser-plasma acceleration, where expe-
rimental constraints, limited diagnostics, and multi-parametric control demand adaptive strategies.

This chapter introduces ML concepts and examines its emerging role in plasma physics with a
focus on laser-driven ion acceleration. Recent studies are reviewed to illustrate how supervised
learning, especially Gaussian process regression, Bayesian optimization, Random Forests and
neural networks, have been applied to improve predictive modeling, enhance beam stability, and
guide experimental optimization.

As laser systems advance toward higher repetition rates and increasing operational complexity,
ML is poised to play a central role in enabling next-generation accelerators to operate with greater
efficiency, adaptability, and autonomy. This chapter provides both the conceptual background and
the practical context for integrating ML methodologies into high-field plasma physics.

2.1 What is Machine Learning ?

Machine Learning (ML) is a subfield of Artificial Intelligence (AI) (see Figure 2.1) concerned with
developing algorithms that allow computers to learn patterns from data and make decisions or
predictions without being explicitly programmed for each specific task. As defined by Tom Mitchell
in a foundational text (Mitchell, 1997) : "A computer program is said to learn from experience E
with respect to some class of tasks T and performance measure P, if its performance at tasks in T,
as measured by P, improves with experience E". Unlike traditional programming, where rules are
hand-crafted by humans, ML systems construct their internal logic based on data, using statistical
inference to capture complex patterns. This paradigm has become especially powerful in areas
where analytical models are difficult to derive or where the volume and complexity of data exceed
human interpretability.

ML is commonly divided into three broad types (Bishop et al., 2006; Murphy, 2012) :

— Supervised Learning
In Supervised Learning, the algorithm is trained on a dataset where each input is associated
with a corresponding output (label). The goal is to learn a function that maps inputs to out-
puts with minimal error. Common examples include classification (e.g., identifying whether
an image contains a cat or dog) and regression (e.g., predicting a continuous value such
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FIGURE 2.1 : Hierarchy of AI, machine learning, and deep learning

Hierarchical relationship between Artificial Intelligence, Machine Learning, and Deep Learning, along with key
algorithmic techniques and some used in this doctoral work marked in bold.

as temperature). Techniques such as linear regression, support vector machines, and neural
networks are widely used in this setting.

— Unsupervised Learning
In contrast, Unsupervised Learning involves datasets without labels. The algorithm must infer
structure from the data itself, often by clustering similar examples or reducing the dimensio-
nality of the dataset. Examples include principal component analysis (PCA) and k-means
clustering. These methods are especially useful in exploratory data analysis and feature ex-
traction.

— Reinforcement Learning
Reinforcement learning (RL) differs fundamentally from the two previous categories. An agent
interacts with an environment, receiving feedback in the form of rewards or penalties. Over
time, it learns a policy that maximizes cumulative reward. RL has been successfully applied
in robotics, resource management, and games (e.g., AlphaGo by Google DeepMind depicted
in Silver et al. (2016)).

A comparison between these three concepts is illustrated in Figure 2.2.

At the heart of most ML methods is a model : a mathematical representation that captures the
relationship between inputs and outputs. The process of training such a model typically involves :
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FIGURE 2.2 : Main categories of Machine Learning approaches.

Main approaches include classification and regression under the Supervised Learning and clustering under the
Unsupervised Learning. Reinforcement Learning enhances the model performance by interacting with environ-
ment. Coloured dots and triangles represent the training data. Yellow stars represent the new data which can
be predicted by the trained model. This figure has been adapted from Peng et al. (2021), with the publisher’s
permission.

1. Defining a loss function that quantifies how far predictions are from true labels;

2. Using optimization algorithms (e.g., stochastic gradient descent) to minimize this loss;

3. Evaluating the model on unseen data to test its generalizability.

A crucial element of modern ML, which workflow is illustrated in Figure 2.3, is the use of neu-
ral networks, especially deep learning architectures, which have achieved remarkable success in
tasks such as image recognition, natural language processing, and scientific data modeling (LeCun
et al., 2015).

Despite its promise, ML has limitations. These include :

— Data dependence : Large, high-quality datasets are often required.

— Overfitting : Models can become too specialized to the training data and fail to generalize.

— Interpretability : Especially in deep learning, models often act as "black boxes."

— Bias and fairness : ML models can inherit or amplify biases present in training data.

Addressing these issues is a central focus of current research in the field, and growing interest in
explainable AI (Xu et al., 2019) aims to enhance transparency and trust in ML-driven systems.
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FIGURE 2.3 : Machine Learning Workflow.

This figure has been adapted from Peng et al. (2021), with the publisher’s permission.

Having outlined the fundamentals of ML, we now turn to its application in plasma physics, where
its capacity to model complex, nonlinear, and data-rich systems offers powerful tools for tackling
the field’s multi-scale and computational challenges.

2.2 Emergence of Machine Learning in plasma physics

The integration of ML into plasma physics has emerged as a promising approach for addres-
sing the field’s inherent complexity. Plasmas exhibit highly nonlinear, multiscale, and collective
behaviors that make traditional modeling and simulation approaches both challenging and com-
putationally demanding. ML offers data-driven methodologies that can complement physics-based
models, providing new pathways for understanding, predicting, and controlling plasma dynamics.
In computational plasma physics, ML is increasingly used to improve the accuracy, efficiency, and
predictive power of simulations.

Its applications span a wide range of plasma regimes, from low-temperature plasmas in industry
to high-temperature, laser-driven plasmas in fusion and high-energy-density physics. Table 2.1
compares these two types, highlighting the diverse physical conditions and modeling challenges
they present. Despite their differences, both require tailored approaches for diagnostics, control,
and simulation, needs that ML effectively addresses. As such, ML emerges as a unifying tool for
tackling the complexity of both low- and high-temperature plasma environments.

Trieschmann et al. (2023) offers a comprehensive review of ML applications in low-temperature
plasma modeling. Traditional plasma modeling faces challenges due to multi-scale, multi-physics
dynamics and the complexity of plasma chemistry and plasma–surface interactions. The review
describes ML methods, including deep learning, Gaussian Process Regression, physics-informed
neural networks, and reduced-order modeling, that are increasingly applied to :

— accelerate or replace computationally expensive plasma simulations,
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TABLE 2.1 : Low-temperature versus high-temperature plasmas.

Property Low-Temperature Plasma High-Temperature Plasma
Electron Temperature 1–10 eV (10,000–100,000 K) 100 eV – 10 keV (1–100 mil-

lion K)
Ion Temperature ∼0.1–1 eV (often much lower

than electrons)
Comparable to electron tem-
perature

Equilibrium State Non-thermal equilibrium Often thermal equilibrium
Ionization Level Partially ionized Fully or nearly fully ionized
Typical Density 108–1013 cm−3 1018–1022 cm−3

Examples Glow discharges, plasma jets,
plasma medicine

Tokamaks, inertial confine-
ment fusion, laser-produced
plasmas

Applications Surface treatment, etching,
sterilization

Fusion energy, astrophysics,
high energy density physics

— predict plasma chemistry, surface interactions, and sputtering yields,

— enable data-driven optimization and process control.

Since computational demands have long been a bottleneck in plasma research, Faraji et al. (2025)
demonstrated how ML can significantly accelerate simulations while preserving accuracy. In high-
energy-density physics, where plasmas experience extreme conditions, ML plays a crucial role in
managing and interpreting large datasets. Likewise, Döpp et al. (2023) and Roussel et al. (2024)
highlight ML-driven strategies in laser-plasma physics that facilitate experimental design, inverse
problem-solving, and real-time optimization of plasma conditions. The studies emphasize the sy-
nergy between ML and high-performance computing to handle the complex and vast datasets
generated in laser-plasma experiments. Furthermore, Gonoskov et al. (2019) employ ML, specifi-
cally artificial neural networks, to bridge theory and experiment in laser-plasma physics by analy-
zing high-dimensional spectral data. Their approach reduces the computational cost of parameter
sweeps by using ML models as surrogate predictors, enabling faster theory validation and experi-
mental optimization. These advancements collectively demonstrate that ML is not only enhancing
computational plasma physics but also enabling new avenues for real-time control and predictive
modeling of complex experimental plasma behaviors. In addition, Hatfield et al. (2021) discussed
the data-driven future of high-energy-density physics, illustrating how ML models can rapidly iden-
tify complex interactions within large datasets. This capability is relevant for enhancing the predic-
tive accuracy of simulations under extreme physical conditions. Hatfield et al. (2021) reveal that ML
has already facilitated new insights into plasma turbulence, a critical factor affecting confinement
in fusion devices.

The growing interest in ML applications within plasma physics is further evidenced by dedica-
ted special issues and collaborative research topics. For example, the Journal of Plasma Phy-
sics published a special issue titled "Machine Learning for Plasma Physics and Fusion Energy" in
2022, collecting numerous contributions that explore the integration of ML, data science, and AI in
plasma research. Similarly, Frontiers in Physics launched a research topic on "Machine Learning
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in Plasma Physics, Chemistry, and Processing," aiming to disseminate the latest developments in
ML methods across these disciplines. In addition to this, conferences such as the Laser-Plasma
Acceleration Workshop or Frontiers in Optics series have included ML-dedicated sessions.

As ML continues to establish itself as a transformative tool in both low- and high-temperature
plasma research, its relevance becomes particularly pronounced in the study of laser-plasma inter-
actions. These interactions represent some of the most complex and nonlinear regimes in plasma
physics, where traditional modeling struggles with the interplay of relativistic dynamics, steep gra-
dients, and ultrafast processes. In this context, the following section delves into the intrinsic com-
plexity of laser-plasma interactions and sets the stage for understanding how ML can help unravel
their rich physical behaviors.

2.3 Complexity of laser–plasma interactions

High-intensity laser–plasma interactions involve a broad spectrum of nonlinear processes that
dictate how energy is absorbed, transported, and converted into energetic particles. Understan-
ding these dynamics is crucial in high-energy-density physics encompassing fields such as laser-
plasma acceleration and inertial confinement fusion (ICF).

2.3.1 Plasma heating and hot electron generation

When an ultra-intense laser pulse strikes a target, plasma electrons absorb energy through se-
veral mechanisms that determine subsequent plasma behavior. These mechanisms generate hot
electron populations that drive secondary plasma phenomena, including sheath formation and ion
acceleration in TNSA, for example. A detailed discussion of the electromagnetic foundations of
these processes is provided in Section 1.3.7.

2.3.2 Nonlinear propagation and self-focusing

As intense laser pulses propagate through plasma, nonlinear optical effects reshape the beam and
influence energy deposition :

— Relativistic self-focusing arises because the oscillatory motion of electrons in the laser
field increases their effective mass, reducing the local plasma frequency and increasing the
refractive index in the beam core (Ritchie, 1994; Sprangle et al., 2007).

— Ponderomotive self-focusing occurs when the ponderomotive force expels electrons from
high-intensity regions, forming a low-density channel that further guides the laser (Osman
et al., 1999).
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Together, these effects can increase on-axis intensity but also trigger filamentation and beam brea-
kup, resulting in uneven energy deposition and reduced stability. Controlling self-focusing is there-
fore critical for stable particle acceleration. Approaches include using preformed plasma channels,
multi-beam configurations, or applying external magnetic fields (Andreev et al., 1997; Hafizi et al.,
2000).

Theoretical and computational models such as paraxial approximations (Hora, 1969), PIC simula-
tions (Naseri et al., 2010), and source-dependent expansion methods (Choobini et al., 2024) have
mapped out the regimes and thresholds of self-focusing. Figure 2.4 illustrates how the pondero-
motive force shapes spot-size evolution under varying laser intensities.

2.3.3 Parametric and collective instabilities

Beyond self-focusing, intense laser–plasma interactions are often dominated by parametric insta-
bilities that redistribute energy and limit coupling efficiency :

— Stimulated Raman Scattering (SRS) couples the laser to electron plasma waves, produ-
cing lower-frequency scattered light and hot electrons that can preheat the target, thereby
degrading acceleration efficiency (Salcedo et al., 2003).

— Stimulated Brillouin Scattering (SBS) couples laser light to ion acoustic waves, causing
backscattering and depletion of the driving pulse, which lowers the energy available for
plasma heating and particle acceleration (Giulietti et al., 1999).

— Two-plasmon decay (TPD) occurs when a photon decays into two plasmons, generating
hot electrons with properties often suboptimal for acceleration, and contributing to premature
target heating (Yao et al., 2024a; Ruskov et al., 2024; Lian et al., 2025).

Collectively, these instabilities can remove a substantial fraction of the incident laser energy, frag-
ment the beam, and induce uncontrolled plasma heating. The resulting beam breakup and phase
distortions reduce the peak intensity at focus, while excessive or nonuniform electron heating al-
ters plasma profiles, preheats the target, and weakens the density gradients needed for efficient
acceleration.

Their impact is particularly severe in the relativistic and near-critical density regimes, where SRS
and SBS growth is enhanced (Weber et al., 2008; Moreau et al., 2017). In these regimes, the two
processes can be coupled through shared plasma wave dynamics and density modulations, mea-
ning that suppressing one instability can unintentionally amplify another. Next-generation multi-PW
laser systems will operate closer to these instability thresholds due to higher intensities, longer
interaction lengths, and higher repetition rates. As a result, effective mitigation strategies such as
plasma tailoring, multi-beam geometries, or the application of strong external magnetic fields must
account for their interplay. A comprehensive understanding of these coupled instabilities is there-
fore essential for ensuring stable, efficient energy coupling in future high-energy laser facilities.
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FIGURE 2.4 : Self-focusing of a laser beam in magnetized plasma.

(A) Schematic of self-focusing of a laser beam in magnetized plasma. z is the propagation axis; the full lines
represent the norm of the wave vector |k| before (black) and in the plasma (blue); the dashed lines represent
the wavefront. (B) Impact of the ponderomotive force on the amplitude of spot size of the laser beam vs the
normalized distance of propagation (ζ = z/zR) for λ = 800 nm, γ = 1.1, ωp = 2 THz, B0 = 100 T, σ = +1, and
a = 0.01. (C) Variations in the spot size of the laser beam vs the normalized distance of propagation (ζ) for
different laser intensities and for λ = 800 nm, γ = 1.1, ωp = 2 THz, B0 = 100 T, and σ = +1. These figures have
been adapted from Choobini et al. (2024), with the publisher’s permission.

2.3.4 Experimental diagnostics and modeling

Significant progress in diagnostic techniques and simulations has deepened our understanding of
these interactions :
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— PIC simulations provide kinetic-level insights into phenomena such as filamentation, hot-
electron generation, and sheath evolution, and can incorporate coupled atomic and plasma
processes (Copplestone et al., 2019).

— Thomson scattering, which involves the scattering of laser light by plasma electrons, allows
non-invasive measurements of electron temperature and density in dense plasmas (Kaloyan
et al., 2021, 2022).

— Proton radiography has visualized evolving electromagnetic fields and plasma bubble dy-
namics in ultra-intense interactions (Mackinnon et al., 2004; Romagnani et al., 2005).

These tools have clarified how self-focusing, filamentation, and parametric instabilities arise and
interact, guiding stabilization strategies and informing predictive models.

2.4 High-dimensional parameter space in laser–plasma acceleration

Laser-driven ion acceleration (LDIA) emerges from the coupled influence of laser parameters,
target properties, pre-plasma conditions, and environmental factors. Optimizing one parameter
inevitably affects others, creating a high-dimensional landscape that governs the laser-driven beam
quality.

2.4.1 Laser parameters

Laser beam energy, pulse duration, temporal contrast, and focusing geometry (wavefront) are
strongly interdependent and jointly determine the efficiency, stability, and spectral quality of LDIA

— Pulse energy sets the total energy available for generating hot electrons and accelerating
ions in TNSA and RPA (Esirkepov et al., 2004; Fuchs et al., 2006). Increasing energy ge-
nerally enhances ion yield and maximum energy but without adequate temporal contrast,
excessive energy can pre-expand targets and reduce coupling efficiency (McKenna et al.,
2006; Ceccotti et al., 2007; Kim et al., 2024). Efficient use of high-energy pulses therefore
requires contrast enhancement techniques such as plasma mirrors or cross-polarized wave
generation.

— Pulse duration defines the effective acceleration timescale. Sub-picosecond pulses produce
higher peak intensities and narrower energy spectra, suppressing undesired interactions and
minimizing target expansion (Oishi et al., 2005; Fuchs et al., 2006; Fourmaux et al., 2013;
Simpson et al., 2021b). However, pulses that are too short deposit insufficient energy to
sustain a stable sheath (Mackinnon et al., 2002), while overly long pulses promote prema-
ture plasma blow-off. Optimal durations thus balance peak intensity with sustained electron
heating.
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— Focal geometry and wavefront quality govern the transverse scale of energy deposition,
rear-sheath uniformity, and ultimately the divergence and cutoff energy of TNSA proton
beams. Afshari et al. (2020) showed that replacing a tightly focused Gaussian spot (5 µm
FWHM) with a smoothed top-hat profile (35 µm) on the PHELIX laser reduced proton diver-
gence from ∼ 16◦ to ∼ 2◦ and boosted total yield, due to a flatter, wider sheath field. Wang
et al. (2025) demonstrated that Laguerre–Gaussian beams both increase proton energy and
halve the angular spread compared to Gaussian beams. Real-time adaptive optics further en-
hances wavefront control : for example, the ARTAO system introduced by Ohland et al. (2025)
stabilizes wavefronts on a shot-to-shot basis under vacuum, using fast wavefront sensing, a
closed-loop controller, and a bimorph deformable mirror. This approach is especially advanta-
geous for high-repetition-rate systems, where thermal drift and laser fluctuations would other-
wise compromise reproducibility. Adaptive optics thus not only mitigate aberrations but also
actively enable fine-tuning of focal conditions, opening new degrees of freedom for control-
ling laser–plasma coupling and improving laser-plasma acceleration performance (Fourmaux
et al., 2008; Lin et al., 2019; Oumbarek Espinos et al., 2023; Tang et al., 2024).

While laser parameters set the fundamental conditions for generating and shaping the accelera-
ting fields, their influence is inseparable from the state of the target at the time of interaction. In
particular, the temporal contrast, focal geometry, and wavefront quality discussed above not only
determine the intensity profile at focus but also govern the formation of pre-plasma and the degree
to which the target surface is modified before the arrival of the main pulse. Consequently, to fully
optimize laser–plasma coupling in LDIA, these beam characteristics must be considered along-
side target properties and pre-plasma conditions, which together dictate the efficiency, stability,
and spectral quality of the accelerated particle beams.

2.4.2 Target properties and pre-plasma conditions

The impact of target material composition, thickness, and density on the efficiency of TNSA and
RPA has already been thoroughly discussed in Section 1.3.14. In LWFA using gas jets, the plasma
density profile — shaped by the gas type, backing pressure, and nozzle geometry — plays a crucial
role in determining the wakefield strength, electron injection conditions, and beam quality, making
precise control of gas jet parameters essential for efficient acceleration. Several studies have dealt
with this reality : Lorenz et al. (2019); Zhou et al. (2021); Cobo et al. (2024).

In LDIA, especially in the TNSA regime, pre-plasma conditions are crucial in shaping both the ef-
ficiency and quality of the accelerated ion beams. Among the key factors influencing these condi-
tions are pre-pulse formation and the pre-plasma scale length, both of which significantly impact
laser absorption and energy transfer dynamics.

63



A pre-pulse, defined as a lower-intensity laser pulse arriving before the main high-intensity pulse,
can ionize the target surface and form a pre-plasma that substantially modifies the subsequent
laser–target interaction. The presence of pre-plasma impacts laser absorption, hot-electron gene-
ration, and the sheath electric fields that drive ion acceleration.

Controlled pre-plasma formation has been shown to significantly enhance proton acceleration.
Micrometer-scale pre-plasmas can produce substantial increases in proton cut-off energy and
beam charge; in some cases, three-fold energy gains have been observed due to improved cou-
pling of laser energy into hot electrons (Gizzi et al., 2021). However, excessive pre-plasma for-
mation can be detrimental, leading to increased beam divergence and reduced proton energy,
underscoring the need for precise control of pre-pulse parameters. Although several experimental
and simulation studies support these trends (Hadjisolomou et al., 2020; Gizzi et al., 2021; Kim
et al., 2022; Strehlow et al., 2022; Keppler et al., 2022), the optimal pre-plasma conditions remain
strongly dependent on laser parameters, target properties, and the specific acceleration regime.

A key parameter is the pre-plasma scale length, the distance over which the plasma density rises
from underdense to critical, as it governs electron heating, laser absorption, and ultimately the
efficiency of ion acceleration. Vladisavlevici et al. (2025) show that increasing the scale length
can significantly enhance absorption into hot electrons, sometimes up to 80–90%, because the
laser interacts more effectively with near-critical regions. This enhanced coupling can raise the
maximum proton cutoff energy, but only up to an optimum scale length : for example, about 1 µm
in thin titanium foils and ∼3 µm in thick CH targets, beyond which electron dilution and weaker
sheath formation reduce acceleration efficiency. Thus, while longer scale lengths can improve la-
ser–electron coupling, efficient TNSA requires balancing this gain against the degradation of the
rear-side sheath field, leading to a target- and geometry-dependent optimum rather than a simple
monotonic trend.

To mitigate the detrimental effects of pre-pulses, techniques such as plasma mirrors, cross-wave
polarizers, and saturable absorbers have been developed. Plasma mirrors enhance contrast by
reflecting only the high-intensity main pulse, allowing low-intensity pre-pulses to pass without in-
teraction. Cross-wave polarizers use polarization filtering to suppress pre-pulses while transmitting
the main pulse. Saturable absorbers block low-intensity light but become transparent at high inten-
sities, effectively filtering out pre-pulses. This enhancement ensures that the main pulse interacts
with a well-defined target surface, thereby optimizing the conditions for efficient ion acceleration.

2.4.3 Environmental factors

Residual gas pressure and applied magnetic fields can also shape LDIA :

— Low ambient pressure (< 10−2 mbar) minimizes unwanted interactions and improves
conversion efficiency (Snyder et al., 2020).
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— External magnetic fields (up to kT-level) confine hot electrons, enhance sheath fields, and
collimate ion beams (Sarri et al., 2012; Ferri et al., 2019a; Weichman et al., 2020; Khan et al.,
2024).

Careful environmental control can thus complement laser and target optimization.

2.4.4 Conclusion

Laser–plasma interactions are inherently multi-parametric and nonlinear, involving coupled pro-
cesses of electron heating, self-focusing, and collective instabilities. Efficient LDIA requires a joint
optimization of laser parameters, target properties, pre-plasma, and environmental conditions.

Modern diagnostics, high-fidelity simulations, and ML-based optimization are increasingly essential
to explore this high-dimensional space, mitigate deleterious instabilities, and guide next-generation
high-repetition-rate laser–plasma accelerators toward reliable, high-performance operation.

2.5 Machine Learning techniques for laser–plasma physics optimization

Recent advancements in ML have further augmented real-time optimization capabilities in TNSA
experiments. The works of Döpp et al. (2023) and Roussel et al. (2024) provide a comprehen-
sive overview of how ML techniques are transforming laser-plasma physics, particularly in areas
like laser-plasma acceleration and ICF. With advancements in high-power laser technology, re-
searchers can now collect extensive datasets from both experiments and simulations. The authors
discuss the application of various ML methods, including Supervised Learning for modeling and
prediction, Unsupervised Learning for data exploration, and optimization algorithms for enhan-
cing experimental setups. They highlight how these data-driven approaches enable more efficient
analysis, improved predictive capabilities, and the potential to uncover new physical insights in
laser-plasma interactions.

2.5.1 Artificial neural networks

Artificial neural networks (see Figure 2.5) are a class of ML models inspired by the structure and
functioning of the human brain. They are the backbone of many technologies we use today, from
facial recognition and self-driving cars to language translation and ChatGPT itself. At their core,
neural networks are function approximators. They learn to map inputs to outputs by adjusting inter-
nal parameters through a process called training. The concept of a neural network originates from
neuroscience. The human brain consists of billions of neurons connected by synapses. Each neu-
ron receives signals from others, processes them, and passes the signal along if certain conditions
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are met. Artificial neural networks take inspiration from this architecture. While vastly simplified,
they mimic the brain’s way of learning patterns from data.

FIGURE 2.5 : Feedforward neural network and single neuron model.

This figure has been adapted from Baduge et al. (2022), with the publisher’s permission.

A basic neural network consists of three types of layers :

— Input layer : Receives the raw data (e.g., pixels of an image, words in a sentence).

— Hidden layers : These perform transformations of the input. The more hidden layers there
are, the deeper the network, hence the term deep learning.

— Output layer : Produces the final result (e.g., classification label or predicted value).

Each layer contains nodes (or neurons), and each node performs a simple mathematical operation :
it computes a weighted sum of its inputs, adds a bias, and passes the result through a nonlinear
activation function. This allows the network to model complex, nonlinear relationships.

Neural networks learn by adjusting their weights and biases to minimize a loss function, which
measures the error between the network’s predictions and the actual outputs. This optimization
(minimizing a loss function) is done using a process called backpropagation, combined with gra-
dient descent. Here’s how it works :

1. Data is fed into the network to make predictions.

2. The loss is calculated.

3. The gradient of the loss is computed with respect to every weight in the network.

4. Each weight is updated slightly in the direction that reduces the error.

This process is repeated over many cycles, called epochs, gradually improving the network’s per-
formance.

Different tasks require different network architectures :
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— Feedforward Neural Networks (FNN) : The simplest type; data flows in one direction (Figure
2.5).

— Convolutional Neural Networks (CNN) : Used for image processing; they recognize spatial
hierarchies in data.

— Recurrent Neural Networks (RNN) : Designed for sequential data like time series or lan-
guage; they have memory of previous inputs.

— Transformers : A newer architecture that has revolutionized language processing. Unlike
RNNs, transformers use attention mechanisms and process data in parallel.

Neural networks are powerful because they can automatically extract features from raw data and
approximate complex functions with high accuracy, often beyond what traditional models can do.
They are universal function approximators, meaning that with enough data and the right architec-
ture, they can model virtually any input-output relationship. This ability has led to breakthroughs
in :

— Medical diagnosis from imaging,

— Natural language processing,

— Physics-informed modeling,

— Autonomous vehicles.

Despite their success, neural networks come with limitations :

— Data hungry : They often require large datasets to generalize well.

— Opaque : They are typically black-box models, hard to interpret.

— Computationally expensive : Training deep networks demands significant hardware and
energy.

— Overfitting : Without proper regularization, they can memorize instead of generalize.

Thus, there is an ongoing push toward making neural networks more efficient, interpretable, and
robust.

Building on these foundational concepts, neural networks have been increasingly applied to model
and optimize laser–plasma interactions. Recent studies demonstrate how their capacity to learn
complex nonlinear mappings between experimental or simulated inputs and beam characteristics
can significantly accelerate parameter exploration and reduce reliance on computationally expen-
sive PIC simulations or extensive experimental campaigns. Schmitz et al. (2023) modeled a liquid
leaf target TNSA experiment using 2D PIC simulations combined with deep neural networks to pre-
dict proton spectra from laser and target parameters. The trained surrogate model reproduced PIC
results with high accuracy, enabling rapid parameter scans and reducing the need for extensive
simulations or experimental shots. This data-driven approach offers a fast, reliable tool for optimi-
zing laser–plasma experiments, particularly in high-repetition-rate facilities. McQueen et al. (2025)
recently introduced a synthetic diagnostic framework based on deep neural networks, capable of
predicting laser-driven proton spectra from experimental input parameters. This approach facili-
tates high repetition-rate optimization, achieving accurate proton beam characteristics prediction
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within approximately 700 laser shots. Djordjević et al. (2021b) investigate the application of deep
learning techniques to optimize ion acceleration driven by short-pulse lasers. The authors employ
neural networks as surrogate models to efficiently map extensive parameter spaces, enabling the
identification of optimal conditions for ion acceleration. A significant finding from this study is the ob-
served dependence of ion energy on the pre-plasma gradient length scale, highlighting the intricate
dynamics of the acceleration process. The methodologies presented in this research offer a promi-
sing approach to reducing computational costs associated with traditional simulation techniques.
The same group (Djordjević et al., 2021a) developed a stacked convolutional and recurrent neural
network (CNN-RNN) as a surrogate model to predict ion acceleration time in short-pulse, LDIA.
The model is trained on a large ensemble of PIC simulations, incorporating time dependencies
for improved regression. Pretraining on lower-fidelity 1D analytical models enhances the learning
of high-fidelity simulation data. The study explores how laser and plasma parameters affect ac-
celeration time, providing a data-driven approach to optimizing ion acceleration dynamics while
reducing computational costs. The authors of Mariscal et al. (2024) developed a neural network
with uncertainty quantification to predict the number of hot electrons generated during laser–target
interactions from various pulse-shaping parameters. To validate their approach, they compared two
models : one trained exclusively on experimental data and another on ensemble PIC simulations.
Both predicted a potential increase in hot electron generation of approximately 12–18%; however,
experiments did not show a statistically significant enhancement. This discrepancy mainly stems
from the inherent gap between idealized simulations and real experimental conditions. Simulations
assume perfectly controlled parameters, identical targets, precise laser energy and no hardware or
diagnostic noise whereas experiments face inevitable fluctuations such as energy jitter, pre-pulses,
beam pointing drifts and alignment errors. Moreover, simulations often explore a broader parame-
ter space than what is experimentally accessible, capturing stronger theoretical trends that real
systems cannot safely reproduce. Finally, while experimental data are affected by ∼20–30% shot-
to-shot noise and detector artifacts, simulations exhibit ≤1% numerical variation, yielding smoother
and more correlated results. Together, these factors explain the differing trends observed between
simulation- and experiment-trained models.

2.5.2 Support Vector Regression

Support Vector Regression (SVR) (Smola et al., 2004; Basak et al., 2007; Awad et al., 2015) is
an ML technique adept at modeling complex nonlinear relationships. SVR operates by mapping
input data into a higher-dimensional feature space using kernel functions, enabling it to capture
intricate patterns within the data (Zhang, 2023). The goal is not to assign a class but to predict
a real number, such as temperature or energy output. This means that SVR allows small errors
without penalty, only focuses on data points outside this tolerance range (called support vectors),
and tries to make the model as simple as possible while remaining within acceptable error.
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To visualize the SVR principle, imagine drawing a tube around a predicted curve. This tube has a
certain width, defined by ϵ. SVR tries to find the curve such that :

— Most of the training points fall inside the tube.

— The model is as simple and smooth as possible (i.e., it avoids overfitting).

— Only points outside the tube (those with error greater than ϵ) influence the model’s parame-
ters.

This leads to a sparse solution : the final model only depends on a subset of the data. Those points
lying outside the tube are known as support vectors. This principle is illustrated in Figure 2.6 in 2D
where ϵ = Maximum margin.

FIGURE 2.6 : Support Vector Regression representation.

This figure has been adapted from Spot Intelligence (2024), with the publisher’s permission.

One of the strengths of SVR is that it can be extended to handle nonlinear relationships. Instead of
fitting a straight line or flat plane, SVR can project the data into a higher-dimensional space where
a linear model becomes a nonlinear model in the original space.

Common kernels include :
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— Linear kernel : for simple problems.

— Polynomial kernel : for capturing curved trends.

— Radial Basis Function (RBF/Gaussian) kernel : for flexible, smooth fits.

Compared to linear regression, SVR is more robust to outliers thanks to its margin-based formula-
tion. Relative to neural networks, SVR typically requires fewer data points and is less prone to over-
fitting, although it can become computationally expensive for very high-dimensional or large-scale
datasets. Here, high dimensionality refers to cases where the number of input features exceeds
several tens of correlated variables, while large datasets correspond to training sets comprising
more than a few thousand experimental shots or simulation samples. In a recent study, Desai
et al. (2024) compared three ML models — SVR, Gaussian Process Regression (GPR), and a
three-hidden-layer neural network — for optimizing and predicting key outputs in laser-driven pro-
ton acceleration. Using a synthetic dataset derived from a modified Fuchs et al. (2006) model that
incorporates experimental realism such as focal position variation and noise, the authors optimi-
zed parameters including laser intensity, target thickness, and target position relative to focus. The
performance metrics evaluated were maximum proton energy, total kinetic energy, average energy,
and laser-to-proton energy conversion efficiency, with training sets of up to 20,000 synthetic data
points. Results showed that SVR provided a favorable balance between accuracy and computa-
tional efficiency, GPR offered strong predictive performance with robust uncertainty quantification,
and neural networks required larger datasets to achieve comparable accuracy. A key limitation of
the SVR results reported by Desai et al. (2024) is that the model was trained exclusively on syn-
thetic data, which is smoother and less feature-rich than real experimental datasets. Therefore,
SVR does not provide inherent uncertainty quantification, which is valuable in noisy, shot-limited
experiments. Furthermore, in optimization tests, SVR exhibited systematic biases, favoring thinner
targets and focal offsets that deviated from the ground-truth model. These factors, combined with
the lack of validation on real experimental data, limit the immediate transferability of the reported
SVR performance to complex, high-repetition-rate laser–plasma experiments.

The efficacy of SVR in modeling laser-plasma interactions can be attributed to several factors :

— Nonlinear modeling capability : SVR’s use of kernel functions allows it to capture complex,
nonlinear relationships inherent in laser-plasma dynamics.

— Robustness to overfitting : By focusing on a subset of critical data points (support vectors),
SVR maintains generalization performance, even with limited data.

— Computational efficiency : SVR’s optimization framework ensures efficient training, making
it suitable for real-time applications where rapid predictions are essential.

Despite its advantages, SVR presents several limitations when applied to LDIA :

1. Scalability issues :

— SVR’s computational cost increases significantly with large datasets, as its training com-
plexity is O(n2) to O(n3), where n is the number of data points.
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— This makes SVR less practical for handling high-dimensional datasets generated from
large-scale PIC simulations or experimental data with thousands of input features.

2. Limited extrapolation ability :

— Unlike deep learning models, which can generalize better to unseen experimental condi-
tions, SVR struggles with extrapolating beyond the parameter range of its training data.

— This limits its usefulness in highly dynamic, exploratory experimental setups where
unexpected plasma behavior may occur.

3. Kernel selection sensitivity :

— The choice of kernel function (e.g., polynomial, Gaussian, RBF) heavily influences the
accuracy of SVR predictions.

— Selecting an inappropriate kernel may lead to poor model performance, requiring exten-
sive hyperparameter tuning to optimize.

4. Difficulty in handling noisy experimental data :

— Laser-plasma experiments inherently produce noisy and sparse datasets due to fluctua-
tions in laser intensity, target surface conditions, and pre-plasma formation...

— SVR, particularly with complex kernels, may struggle to filter out experimental noise
effectively compared to deep learning methods that can learn noise-resilient represen-
tations.

Several strategies can mitigate these limitations :

— Cross-validation and regularization : tuning the penalty parameter C and kernel width γ

helps control model complexity and prevent overfitting to noisy data.

— Data augmentation and feature scaling : expanding and normalizing the training space
improves kernel performance in high-dimensional parameter domains.

— Hybridization with probabilistic models : combining SVR with Gaussian Process Regres-
sion (SVR–GPR) can provide uncertainty-aware predictions.

Hybrid approaches also offer promising paths forward. For instance, SVR–Neural Network en-
sembles leverage SVR’s robustness for coarse trend prediction and use neural networks to refine
residual errors or extract nonlinear correlations. Alternatively, SVR–Random Forest frameworks
can exploit the interpretability of tree-based models to guide feature importance and adaptive ker-
nel weighting. Such hybridization can enhance both accuracy and generalization, making SVR-
based methods more suitable for noisy, high-dimensional laser–plasma experiments.

While SVR remains a powerful and interpretable tool for modeling nonlinear dependencies in la-
ser–plasma systems, its performance can degrade when confronted with highly noisy, nonsta-
tionary, or strongly multidimensional experimental data. These limitations are not prohibitive but
highlight the importance of careful kernel selection, regularization, and dataset design to ensure
physical consistency and generalization. In practice, SVR performs best when used alongside
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complementary methods, such as Gaussian Process Regression for uncertainty quantification or
neural networks for feature extraction, within hybrid or ensemble frameworks. Such approaches
can combine SVR’s robustness and interpretability with the adaptability of deep learning, offering
a balanced path toward accurate and reliable modeling of complex laser–plasma dynamics.

2.5.3 Random Forests

Among the various supervised learning methods used to model complex relationships between
input parameters and physical observables, Random Forest (RF) models have emerged as one of
the most robust and practical approaches. Their good generalization capabilities, low sensitivity to
noise, and ability to handle multivariate, non-linear dependencies make them particularly suited for
laser-driven particle acceleration studies, in which experimental data are often limited, noisy, and
affected by shot-to-shot fluctuations.

RF is an ensemble-learning algorithm proposed by Breiman (2001), based on aggregating multiple
decision trees. Each tree is trained on a randomly resampled dataset (bootstrap sampling), and
at each node a random subset of features is used for splitting. For regression tasks, the final
prediction is the average output ŷ of all Ntrees trees :

Equation 2.1 : Random Forest regression prediction

ŷ(x) = 1
Ntrees

Ntrees∑
i=1

Ti(x) (2.1)

where Ti is the i-th decision tree and x is the feature vector (e.g., laser parameters...). Two sources
of randomness - bootstrap sampling and random feature selection — reduce correlation among
trees and thereby lower the variance of the aggregated estimator (Hastie et al., 2008).

Each tree is grown by recursively partitioning the feature space to minimize an impurity measure
(e.g., mean squared error for regression). Hyperparameters include the number of trees (Ntrees),
maximum depth, minimum samples per split/leaf, and the number of features sampled per split. In
practice, RFs are remarkably stable to these choices; performance typically improves monotoni-
cally with Ntrees until saturation (Breiman, 2001).

Laser-driven ion acceleration (e.g., TNSA) depends on many coupled parameters : wavefront struc-
ture, pulse duration and spectral phase, target thickness/material, pre-plasma evolution, focusing
geometry, and contrast. These dependencies are (i) highly nonlinear, (ii) non-invertible analytically,
(iii) sensitive to initial conditions, and (iv) often observed through sparse, noisy datasets.

A particularly useful property is feature importance analysis, which quantifies how much each
input contributes to prediction quality. In practice, this helps identify a subset of the most influential
control knobs (e.g., a handful of DM actuators or specific spectral-phase terms), reducing search
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TABLE 2.2 : Experimental challenges vs. Random Forest strengths.

Experimental Challenge RF Strength
Noisy, sparse data (few 10s–100s of shots) Bagging/averaging yields noise-robust predic-

tions (Breiman, 2001)
Nonlinear, high-order feature interactions Trees capture complex, nonparametric rela-

tions
Need for interpretability (what knobs matter?) Feature importance (MDI/Permutation) (Liaw

et al., 2002)
Limited need for heavy hyperparameter tuning Good defaults; graceful scaling with Ntrees

dimensionality and informing subsequent optimization (Liaw et al., 2002). Table 2.2 shows
experimental challenges and strengths of the RF regression.

Illustrative example

To illustrate (Figure 2.7) the RF process in its simplest form, consider a toy example in which we
wish to model the dependence of the proton maximum energy Ep,max on only two experimental
inputs : (i) x1 the deformable mirror defocus actuator voltage and (ii) x2 the spectral phase term β2

(group-delay dispersion). Suppose we have 10 experimental shots :

TABLE 2.3 : Illustrative toy dataset.

Shot # x1 [V] x2 [fs2] Ep,max [MeV]
1 -40 -200 1.8
2 -20 -150 2.5
3 0 -100 2.9
4 20 -50 3.4
5 40 0 3.1
6 60 50 2.7
7 80 100 2.4
8 100 150 2.1
9 120 200 1.9

10 140 250 1.6

Training. The RF trains many decision trees on bootstrap-resampled versions of Table 2.3. Each
tree sees a slightly different dataset and selects either x1 or x2 at each split, forming a set of simple
rules.

Prediction. For a new configuration (x1, x2) = (30 V, −70 fs2), each tree returns a slightly dif-
ferent estimate Ti(x1, x2); the forest prediction is the average : Êp,max = 1

Ntrees

∑Ntrees
i=1 Ti(30, −70) ≈

3.25 MeV.
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Tree 1
T1(30, −70) = 3.3 MeV

Tree 2
T2(30, −70) = 3.1 MeV

· · ·
Tree N

TN (30, −70) = 3.2 MeV

Individual predictions
{3.3, 3.1, . . . , 3.2}

Average (RF prediction) : Êp,max = 1
N

∑
i

Ti ≈ 3.25 MeV

Input configuration : (x1, x2) = (30 V, −70 fs2)

FIGURE 2.7 : Random Forest prediction using multiple decision trees.

Illustration of the Random Forest inference process. Each decision tree produces an independent prediction,
and the final output is obtained by averaging across all trees to reduce variance and improve robustness.

Feature importance. The RF also indicates which feature matters most. In this toy case, a typical
outcome is :

Feature Importance

x2 (GDD) 0.70
x1 (Defocus) 0.30

suggesting that dispersion influences Ep,max more than defocus in this simple two-parameter sys-
tem.

2.5.4 Limitations and Complementarity

Despite their strengths, RFs have limitations :

— Extrapolation : Predictions are trustworthy within the training domain; RFs do not extrapolate
physically beyond observed data.

— Non-smoothness : The predictor is piecewise constant across leaf regions; when a smooth
functional surrogate is needed, Gaussian processes are preferable (Snoek et al., 2012).

— Model size : Large forests can be memory-heavy.

Practical Tips

— Start simple : Use Ntrees = 300–500, moderate max depth (e.g., 8–14), and enable out-of-
bag (OOB) error to track generalization without extra validation splits.
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— Stability checks : Report both impurity-based and permutation-based importances; inspect
collinearity and cluster inputs that move together.

— Physics awareness : Constrain the search to physically safe/meaningful regions (e.g., avoid
spectral holes; respect hardware voltage/current limits; account for contrast).

In the context of relativistic laser–plasma experiments, RFs have been successfully used as super-
vised regression tools to link experimental controls with plasma-beam observables. For example,
in laser-wakefield acceleration, RF models were trained to predict the accelerated electron charge
from laser-wavefront parameters and were shown to offer competitive accuracy and superior inter-
pretability, revealing which Zernike modes most strongly impact beam generation (Lin et al., 2021).
At larger scales, ensemble-based supervised learning is also cited as an effective approach in
inertial ICF research, complementing deep-learning frameworks for surrogate modeling, prediction
and diagnostic inference, particularly where datasets are limited and model interpretability remains
valuable (Humbird et al., 2019). Taken together, these studies demonstrate that RFs are especially
attractive for plasma physics because they handle high-dimensional nonlinear parameter spaces,
tolerate experimental noise, and provide direct physical insight through feature-ranking capabilities
that are difficult to obtain from purely optimization-oriented or black-box neural models.

Indeed, RFs offer a powerful and interpretable tool for laser-driven particle acceleration. Their ro-
bustness against noise, ability to capture nonlinear physics, and capability to reduce dimensionality
make them well-suited for data-driven control of high-intensity laser–plasma sources.

2.5.5 Gaussian Process regression

While less well-known outside of research, Gaussian Process regression (GPR) is a gold standard
for regression problems when interpretability, uncertainty estimation, and small-data performance
are essential (Rasmussen, 2003; Quinonero-Candela et al., 2005). At its heart, GPR is a non-
parametric, probabilistic model. Most models try to find one fixed formula that fits your data. GPR
works differently; instead of guessing just one curve, it considers many possible curves that could
match your data, each with its own probability. We can think of it as saying, “Here are all the
shapes the data might take, and here’s how sure we are about each part of the shape.” In GPR,
the predictions at different points are linked, so if you learn something in one region, it also changes
what you believe in nearby regions. This means it doesn’t just give you numbers with error bars, it
tells you how confident it is about the entire curve. Formally, a GP is defined by a mean function
m(x) and a covariance function (or kernel) k(x, x′) :

Equation 2.2 : Definition of a Gaussian Process

f(x) ∼ GP
(
m(x), k(x, x′)

)
(2.2)

75



where x and x′ are input points. Here, ∼ indicates that the random variable follows a certain
distribution, in this case, a GP. This notation means that for any finite set of input points, the cor-
responding function values follow a multivariate normal distribution whose mean and covariance
are given by evaluating m(x) and k(x, x′) at those inputs. The kernel function k(x, x′) measures
the similarity between inputs : it is largest when x = x′ and typically decreases as the distance
between x and x′ increases.

Choosing the GP Mean and Kernel

The mean encodes the large-scale trend you expect before seeing data :

— By default : m(x) = 0 (works well if data are centered or detrended).

— We use non-zero mean when a trend is known.

— Tip : If you subtract the average trend from your data (detrending), you can still safely use a
zero mean.

The choice of kernel dictates how the model interprets correlations in the data. In practice, the
kernel controls properties such as smoothness, correlation length, periodicity, and the presence of
multiple characteristic scales. Several standard kernels are widely used :

— Squared Exponential (RBF) : k(x, x′) = σ2
f exp

(
− (x−x′)2

2ℓ2

)
, which produces very smooth

functions and is often a reliable default;

— Matérn kernel, which introduces a tunable roughness parameter ν, allowing the model to
represent less regular and more realistic experimental behaviors;

— Periodic kernel, well-suited for signals exhibiting repeating or oscillatory structure;

— Linear kernel, which captures global trends or drift in the data.

Because real systems rarely behave according to a single structure, kernels can be combined
through addition or multiplication to model more elaborate behavior (e.g. additive long- and short-
scale effects, or periodic fluctuations around a trend). The corresponding hyperparameters — in-
cluding the length scale ℓ, the signal variance σ2

f , and the noise variance σ2
n — are typically inferred

by maximizing the marginal likelihood, ensuring that the chosen kernel makes the observed data
statistically most plausible.

In most applications, an effective strategy is :

1. Begin with a simple prior, using a zero mean m(x) = 0 and either an RBF or Matérn kernel;

2. Optimize the kernel hyperparameters (ℓ, σ2
f , σ2

n) via marginal likelihood;

3. Evaluate residuals and learning curves to identify remaining structure; if patterns persist,
refine the kernel by :

— adding or multiplying a periodic kernel for oscillatory behavior,

— summing multiple RBF kernels for multi-scale dynamics,
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— introducing a non-zero mean when a clear baseline trend is known.

4. Validate the resulting model using held-out data or cross-validation to ensure generalization.

As a guideline, the mean should describe only the global trend, while the kernel accounts for local
variations. In addition, keeping the mean function simple generally leads to more robust inference,
since the kernel naturally carries most of the structural information. Finally, when working with
experimental data, Matérn kernels often provide a better fit than the overly smooth RBF kernel.

One of the key strengths of GPR lies in its Bayesian interpretation :

— Rather than fitting a single curve to the data, GPR considers a range of possible functions
consistent with the observed data and the prior defined by m(x) and k(x, x′).

— It provides both predictions and uncertainty estimates at each input point, making GPR
highly interpretable and particularly useful in scientific and exploratory modeling.

Illustrative Example : Sampling from a Gaussian Process Prior

To visualize how a GP defines a distribution over functions, we construct an illustrative example
where functions are sampled from a GP prior. The process is governed by a mean function and
a covariance (kernel) function. The mean function m(x) is your best guess for the function shape
before seeing any data.

Setup : We define :

— A set of input points x ∈ R100, evenly spaced in the interval [-5, 5];

— For our example, we define a mean function m(x) = 1
4x2, representing the expected value of

the function at each point;

— A kernel function given by the squared exponential (RBF) form :

k(x, x′) = exp
(
−1

2(x − x′)2
)

, which defines the entries of the covariance matrix Σ ∈ R100×100

by evaluating the kernel at all pairs of input points.

Sampling : We draw 3 independent samples f (1), f (2), f (3) ∈ R100 from the multivariate normal
distribution : f (i) ∼ N (µ, Σ), where each sample represents one possible realization of a function
under the GP prior.

Uncertainty Visualization : The 95% confidence interval around the mean is visualized by sha-
ding the region :

m(x) ± 1.96
√

diag(Σ),

where
√

diag(Σ) represents the standard deviation at each input point.
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Interpretation : This example highlights a key feature of GPs : instead of fitting a single curve to
data, GPs define a distribution over functions. Each sampled curve represents a plausible function
consistent with the prior defined by m and Σ, even before observing any data. Figure 2.8 illustrates
several such realizations : f (1) (Sample 1 in blue), f (2) (Sample 2 in green) and f (3) (Sample 3 in
red).

FIGURE 2.8 : Gaussian Process samples with confidence interval.

Three sample functions drawn from a Gaussian Process with mean function m(x) = 1
4 x2 and squared exponen-

tial kernel k(x, x′) = exp
(
− 1

2 (x − x′)2). Colored curves represent distinct realizations. The shaded area is the
95% confidence interval m(x) ± 1.96

√
Var[f(x)].

Here, we considered GPs as priors over functions, defined solely by a mean function and a cova-
riance kernel. However, once data is observed, the GP framework allows us to compute a posterior
distribution over functions that are consistent with both the prior and the data. This posterior
forms the basis of GPR, enabling both prediction and quantification of uncertainty at unseen inputs.

Gaussian Process posterior

In the previous section, we introduced GPs as distributions over functions, defined by a mean
function and a covariance kernel. When no data is available, these priors capture our initial beliefs
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about function smoothness, amplitude, and variability. However, once observations are made, we
can update these beliefs. This process yields the GP posterior, which forms the basis of GPR.

Given training data D = {(xi, yi)}n
i=1, where each yi is a noisy observation of the underlying func-

tion f(x) , we model the observations as :

Equation 2.3 : Noisy observation model for Gaussian Process regression

yi = f(xi) + εi, εi ∼ N
(
0, σ2

n

)
(2.3)

The GP posterior provides a distribution over function values at any new test point x∗, which re-
mains Gaussian. Its predictive mean and variance are given by :

Equation 2.4 : Posterior predictive mean and variance in Gaussian Process regression

µ(x∗) = k(x∗, X)
[
K(X, X) + σ2

nI
]−1y, (2.4)

σ2(x∗) = k(x∗, x∗) − k(x∗, X)
[
K(X, X) + σ2

nI
]−1

k(X, x∗). (2.5)

where :

— σ2
n is the noise variance,

— K(X, X) is the n × n covariance matrix between training inputs,

— k(x∗, X) is the 1 × n vector of covariances between the test input x∗ and all training inputs,

— y is the vector of observed targets.

The predicted mean µ(x∗) is a linear combination of the observed outputs, weighted by their si-
milarity to x∗ as encoded by the kernel. σ2(x∗) is the predictive variance, which measures the
uncertainty in the prediction. This uncertainty is naturally lower near regions with training data and
increases in regions far from observations.

Overall, GPR provides not only a flexible model for non-linear regression but also a principled way
to quantify uncertainty.

Advantages of Gaussian Process Regression :

— Uncertainty quantification : GPR provides variance estimates along with predictions.

— Non-parametric : The model complexity grows with the data.

— Data efficiency : Performs well with small datasets.

— Interpretability : The kernel encodes meaningful structural assumptions.
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Drawbacks of Gaussian Process Regression :

— Computational cost : Involves inverting an n×n matrix, which becomes expensive for large
datasets (O(n3)).

— Scalability : Not well suited for datasets with tens or hundreds of thousands of points without
approximation methods.

— Kernel selection : Choosing and tuning the right kernel requires domain knowledge and
experience.

Therefore, GPR is used in :

— BO for experimental design and tuning,

— Surrogate modeling of expensive simulations,

— Geostatistics,

— Uncertainty-aware learning in physics and engineering.

2.5.6 Bayesian Optimization with Gaussian Processes

BO is a probabilistic global optimization framework designed for optimizing objective functions that
are expensive to evaluate, noisy, or lack a closed-form expression. The core principle involves
modeling the unknown objective function f(x) with a surrogate model, typically a GP, that provides
a posterior predictive mean and variance.

At each iteration, BO uses this surrogate to define an acquisition function that guides the selection
of the next evaluation point, balancing two competing objectives :

— Exploration : Sampling points in regions of high uncertainty to gain knowledge of the func-
tion.

— Exploitation : Sampling where the predicted mean is favorable to refine known good
solutions.

Bayesian Optimization Procedure

1. Surrogate modeling : Initialize a Gaussian Process at a time t using the observed dataset
Dt = {(xi, f(xi))}t

i=1, yielding a posterior predictive distribution :

Equation 2.5 : Posterior GP surrogate model used in BO

f(x) ∼ GP
(
µt(x), σ2

t (x)
)

(2.6)
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2. Acquisition function maximization : Define an acquisition function αt(x) and select the
next evaluation point as :

Equation 2.6 : Next evaluation point in BO

xt+1 = arg max
x

αt(x) (2.7)

3. Function Evaluation : Query the true objective function f(xt+1) at the new point.

4. Model Update : Augment the dataset and retrain the GP.

5. Repeat until convergence or budget exhaustion.

The BO framework is given in Algorithm 1, where we iterate between steps 2 and 5 until the
evaluation is over (with D1:n = {(x1, y1)}, {(x2, y2)}, {(x3, y3)}, ..., {(xn, yn)}) :

Algorithm 1 Bayesian Optimization

1: for n = 1, 2, 3, . . . do
2: Select new xn+1 by optimizing the acquisition function α :

xn+1 = arg max
x∈X

α(x; D1:n)

3: Query the objective function to obtain yn+1
4: Augment data D1:(n+1) = D1:n ∪ {(xn+1, yn+1)}
5: Update the GP model
6: end for

Common Acquisition Functions

Several acquisition functions have been proposed to formalize the exploration-exploitation trade-
off :

— Expected Improvement (EI) :

αEI(x) = E[max(f(x) − f(x∗), 0)] = (µ(x) − f(x∗))Φ(Z) + σ(x)ϕ(Z)

where the x∗ refers to the best point found so far, E[·] denotes the mathematical expectation,
Z = µ(x)−f(x∗)

σ(x) , Φ is the standard normal cumulative distribution function (CDF), and ϕ is the
probability density function (PDF).

— Probability of Improvement (PI) :

αPI(x) = Φ
(

µ(x) − f(x∗) − ξ

σ(x)

)

where ξ is a small positive parameter to encourage exploration.
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— Upper Confidence Bound (UCB) :

αUCB(x) = µ(x) + κσ(x)

where κ > 0 balances exploration (high κ) and exploitation (low κ).

Illustrative Example of Bayesian Optimization (Figure 2.9)

To clarify how BO unfolds in practice, we illustrate a concrete example corresponding to Figure
2.9. The goal is to maximize the one-dimensional objective function : f(x) = sin(3x) + 0.3 cos(5x),
defined over the interval x ∈ [0, 7]. This function is deterministic, but assumed to be expensive to
evaluate. To simulate a real-world optimization task, we begin with only two randomly chosen initial
evaluations of f(x), which form the initial dataset D2 = {(x1, y1), (x2, y2)}.

A GP surrogate model is trained on this initial dataset, yielding a posterior mean µ(x) and uncer-
tainty σ(x) over the domain. Using these quantities, we construct the UCB acquisition function :
UCB(x) = µ(x) + κσ(x), which balances exploitation of promising regions (high µ(x)) and ex-
ploration of uncertain areas (high σ(x)). The next sampling location x3 is chosen by maximizing
UCB.

This procedure is repeated iteratively : at each iteration, a new point xt+1 is selected, the true
function is evaluated at that point, and the dataset is updated with (xt+1, f(xt+1)). The GP model
is retrained on the new dataset, and the acquisition function is recomputed accordingly. Figure 2.9
corresponds to iteration 12 of this process; UCB values at iteration 12 are represented in Table 2.4
where κ is kept constant during the whole process. The figure shows :

— The true target function f(x) (black dashed curve),

— The GP posterior mean (blue curve) and its 95% confidence interval (blue shaded region),

— The acquisition function (green dashed line),

— The past observations (red dots),

— The next sampling point (black circle), which corresponds to the maximum of the UCB.

TABLE 2.4 : UCB values at iteration 12

Iteration µ(x12) σ(x12) κ UCB(x12)
12 1.28 0.033 2 1.34

This example concretely illustrates how BO dynamically balances exploration and exploitation to
efficiently locate the maximum of an unknown function.
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FIGURE 2.9 : Example of GP modeling and UCB-guided sampling at iteration 12.

The true objective function f(x) is shown as a dashed black curve. The GP surrogate model is plotted in blue,
with a shaded region representing the 95% confidence interval. Red dots indicate past observations, while the
green dashed line represents the UCB acquisition function. The next sampling point, selected as the maximizer
of the UCB, is marked with a black circle.
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Scientific Applications

BO is well-suited to scenarios where objective evaluations are costly or limited in data points. It
has been applied extensively to :

— Hyperparameter tuning in ML,

— Surrogate-assisted design in engineering,

— Material discovery and drug design,

— Experimental optimization in physics and biology.

In high-power laser experiments, where each shot is costly and setup changes are time-consuming,
BO is a sample-efficient strategy for identifying optimal configurations, such as temporal pulse
shape or beam wavefront, while minimizing the number of required iterations. Its ability to incorpo-
rate uncertainty estimates from GPR makes it particularly well-suited for closed-loop optimization
in complex, noisy environments.

BO, in turn, leverages these surrogate models to optimize black-box objective functions that are
expensive to evaluate, noisy, and potentially non-differentiable. It is particularly effective in low-
dimensional spaces (typically ≤ 20 parameters) (Jones et al., 1998; Mockus, 2005; Brochu et al.,
2010; Frazier, 2018), making it ideal for experimental plasma physics applications where rapid
convergence is essential.

Recent studies have demonstrated the effectiveness of GPR in plasma physics. Döpp et al. (2023)
compared GPR with other interpolation techniques such as nearest-neighbor and cubic splines,
showing that GPR provides superior predictive accuracy with well-defined uncertainty estimates.
In another study, McClarren et al. (2011) used a physics-informed emulator based on GPR and
Bayesian Multivariate Adaptive Regression Splines (BMARS) to model uncertainty in laser-driven
radiating shock simulations. While BMARS effectively handled discontinuities, GPR excelled in
uncertainty quantification, making it a valuable tool for sensitivity analysis and optimization.

Numerical approaches leveraging Bayesian methods have emerged as powerful tools for opti-
mizing laser–plasma interactions and predicting proton beam characteristics. BO is particularly
effective in exploring large, high-dimensional parameter spaces while minimizing computational
cost. Ferran Pousa et al. (2023) demonstrated a BO framework that combined high-fidelity PIC
simulations (FBPIC) with reduced-model simulations (Wake-T ), achieving a tenfold speedup in
optimization. Similarly, Dolier et al. (2022) applied BO with GPR in the code BISHOP, optimizing
laser-driven proton acceleration by efficiently tuning laser energy, pulse duration, and target pro-
perties to maximize proton energy reaching 220 MeV. Further, Takagi et al. (2021) introduced a
statistical approach using Bayesian inference to predict the maximum proton energy achievable
through TNSA. By analyzing experimental parameters alongside hot electron temperature and
density from corresponding PIC simulations, the study derives a multivariate scaling law that ac-
curately forecasts proton energies under varying experimental conditions. This methodology not
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only demonstrates the effectiveness of Bayesian inference in modeling complex laser-plasma in-
teractions but also provides valuable insights for designing experiments aimed at achieving proton
energies exceeding 100 MeV.

In experimental applications, Loughran et al. (2023) showcased the first real-time BO of a laser-
driven ion source, achieving performance comparable to manual tuning but with only 57% of the
laser energy consumption. Other studies have applied BO to betatron radiation tuning in LWFA,
improving X-ray photon yields within just a few iterations. By tuning plasma density and laser focal
position, Ye et al. (2022) applied BO to efficiently optimize betatron radiation from LWFA. They
used GPR to rapidly identify optimal conditions, doubling the X-ray photon number within 10 ite-
rations, compared to traditional grid searches. A PIC simulation further explained the observed
radiation enhancement, showing how plasma density influences electron injection and oscillation
amplitude. A key advantage of BO in accelerator physics is its adaptability to multi-objective optimi-
zation. Irshad et al. (2023) developed a Bayesian framework that balances competing parameters,
constructing a Pareto front (Tušar et al., 2014) for optimizing electron beam energy and charge
while minimizing computational costs. Furthermore, Shalloo et al. (2020) automated the tuning of
six key laser wakefield accelerator parameters : pulse energy, chirp, pulse duration, focal posi-
tion, plasma density, and target length. This optimization led to an 80% increase in electron beam
charge while adjusting pulse duration by just 1%.

The increasing role of BO in plasma physics extends to safe and efficient optimization techniques.
Jiang et al. (2025) implemented parallel BO for compact FELs driven by laser wakefield accelera-
tors in the soft X-ray regime. Using GPR as a surrogate model, the method efficiently tunes FEL
beamline parameters to maximize radiation energy. Starting from random parameter settings, the
optimization process increased FEL energy from 10 nJ to 25 µJ within tens of iterations.

GPR and BO offer powerful tools for modeling, optimization, and uncertainty quantification in the
complex, high-dimensional parameter spaces of laser–plasma physics. GPR provides both predic-
tive accuracy and confidence intervals, enabling the construction of surrogate models that capture
nonlinear dependencies and reduce reliance on computationally expensive PIC simulations. BO
leverages GPR to optimize experimental and simulation parameters with minimal evaluations, si-
gnificantly lowering the cost of parameter sweeps : an advantage when trials are expensive or
high-fidelity simulations are time-consuming. Limitations include GPR’s poor scalability with large
datasets (O(n3) complexity) and sensitivity to kernel choice, as well as BO’s reduced efficiency
in high-dimensional spaces (>20 variables) without dimensionality reduction or physics-informed
priors. Standard BO can also suffer from limited interpretability, motivating hybrid approaches that
integrate domain knowledge. Despite these challenges, combining GPR and BO with multi-fidelity
models, adaptive experimental design, and real-time optimization frameworks has shown promise
in optimizing plasma-based accelerators. As computational power and dataset sizes grow, these
methods are poised to play a central role in improving predictive plasma models, enhancing expe-
rimental reproducibility, and accelerating discovery in high-energy-density physics.
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2.5.7 Reinforcement learning

Reinforcement Learning (RL) is a branch of ML focused on how agents can learn to make se-
quences of decisions by interacting with an environment. Unlike Supervised Learning, where lear-
ning is guided by known input-output pairs, RL involves learning through trial and error, guided
by feedback in the form of rewards or penalties. This approach is particularly well-suited to pro-
blems where the correct actions are not immediately obvious and must be discovered over time.
Foundational work in this field is well-documented in Sutton et al. (1998).

The basic RL setup includes an agent that perceives its environment, selects actions, and receives
feedback. At each step, the agent observes the current situation, chooses an action, and obtains a
reward from the environment. This action also changes the environment’s state, prompting the next
decision. Over time, the agent uses this feedback to develop strategies that maximize cumulative
reward. The environment and agent together form a feedback loop that makes RL dynamic and
adaptable represented in Figure 2.10.

FIGURE 2.10 : Reinforcement Learning interaction loop and analogy.

(A) RL workflow which shows the formal agent-environment interaction loop where the agent receives a state
St, selects an action At, and obtains a reward Rt, influencing the next state St+1. (B) The goal of learning in this
case is to train the dog (agent) to complete a task within an environment, which includes the surroundings of
the dog as well as the trainer, highlighting the roles of actions, observations, and rewards in RL. These figures
have been adapted from Spiceworks (2024) and The MathWorks Inc. (2024), with the publishers’ permission.

RL algorithms are broadly divided into model-free and model-based approaches. Model-free algo-
rithms like Q-learning and policy gradient methods learn directly from experience without construc-
ting an explicit model of the environment’s dynamics (Watkins et al., 1992; Schulman et al., 2017).
In contrast, model-based methods attempt to learn how the environment behaves, enabling the
agent to simulate and plan future actions (Ha et al., 2018). A hybrid strategy known as actor-critic
combines policy learning (actor) with value estimation (critic), improving training efficiency and
stability.

A central challenge in RL is the exploration-exploitation dilemma. To maximize rewards, the agent
must exploit known strategies that perform well. However, to discover better strategies, it must also
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explore unknown actions. This balance is maintained using techniques such as random action
selection, uncertainty-driven sampling, or entropy regularization. Effective exploration strategies
are crucial for success, particularly in large or unfamiliar environments.

RL has delivered groundbreaking results in a variety of domains. In games, RL systems such as
AlphaGo and AlphaZero have achieved superhuman performance in Go, Chess, and Shogi by
combining RL with deep neural networks and self-play (Silver et al., 2016, 2018). In robotics, RL
allows machines to learn physical tasks like walking or object manipulation in dynamic settings
(Kober et al., 2013). In healthcare, RL has been used to design personalized treatment strategies
and optimize chemical reactions in drug discovery (Zhou et al., 2017). Autonomous vehicles also
use RL to learn complex navigation and control tasks.

Despite its versatility, RL faces important challenges. One major limitation is sample inefficiency.
Many algorithms require vast amounts of experience to learn effectively. Generalizing learned be-
haviors to novel situations remains difficult, especially in high-dimensional spaces. Furthermore,
RL decisions are often difficult to interpret, raising concerns in safety-critical applications. Tech-
niques like Deep Q-Networks (DQN) and Proximal Policy Optimization (PPO) have helped RL
scale to more complex and high-dimensional problems (Mnih et al., 2015).

There, RL offers a powerful and flexible framework for adaptive decision-making. By learning from
interaction and focusing on long-term outcomes, RL is uniquely positioned to solve problems where
dynamic, context-sensitive behavior is essential. As research continues to address current limita-
tions and improve sample efficiency and safety, RL has emerged as a promising alternative, offe-
ring model-free optimization capabilities that enable real-time, adaptive control. Unlike conventional
methods, RL continuously learns and refines control policies based on direct interaction with the
system.

Deep RL (DRL) extends traditional RL by incorporating deep neural networks, enabling it to handle
high-dimensional and complex state spaces that are unmanageable for tabular or linear methods.
Both aim to teach an agent how to act based on rewards from its environment. The key difference
lies in how they process information. RL works with simple, low-dimensional data using rule-based
tables, while DRL uses deep neural networks to handle complex, high-dimensional inputs like
images or sensor data. For example (Table 2.5), imagine teaching a robot to ride a bike :

— In RL, the robot uses a few basic rules like “if tilting left, turn right.”

— In DRL, the robot learns directly from a video feed using a neural network to decide what to
do.

One of the key applications of DRL is the optimization of the temporal profile of high-power laser
pulses. Traditional pulse shaping methods rely on iterative simulations, which can be computatio-
nally demanding and fail to account for transient effects. In contrast, DRL enables a data-driven
approach to autonomously adjust dispersion coefficients, effectively minimizing pulse duration and
maximizing intensity. For example, Capuano et al. (2025) developed a DRL framework that suc-
cessfully optimized laser pulse shaping at the ELI Beamlines facility, achieving near transform-
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TABLE 2.5 : Simple comparison between RL and DRL.

Aspect Reinforcement Learning
(RL)

Deep Reinforcement Lear-
ning (DRL)

Input type Simple, low-dimensional data Raw, complex inputs (e.g.,
images, sensors)

Model type Lookup table or basic func-
tion

Deep neural network

Best for Simple environments with few
states

Complex, high-dimensional
environments

Example "If tilting left, turn right" rule Learns from camera feed to
keep balance

limited pulses — i.e., pulses compressed close to the minimum duration allowed by their spectral
bandwidth — with a full width at half maximum (FWHM) of 1.6 ps. The RL agent, trained using a
high-power laser simulator, was capable of adjusting spectral phase coefficients in real time to op-
timize intensity while maintaining pulse stability. In another study, TempoRL (Capuano et al., 2023),
explored a similar approach for adaptive dispersion control using DRL, demonstrating that model-
free learning can effectively tune nonlinear temporal dynamics without requiring explicit physical
models. Model-free learning is like learning by trial and error. The agent improves its behavior just
by interacting with the environment, without needing to understand how the environment works.

In nonlinear optics, RL has been employed for self-tuning and control of mode-locked fiber lasers,
which are critical for ultrafast laser applications. Traditional tuning methods often require direct pa-
rameter sweeps, which can be inefficient. Sun et al. (2020) integrated DRL to autonomously adjust
waveplate and polarizer settings, achieving robust mode-locking even under fluctuating system
conditions. A comparative study by Pan et al. (2025) evaluated three RL algorithms - Double Deep
Q Network (DDQN), Twin Delayed Deep Deterministic Policy Gradient (TD3), and Soft Actor-Critic
(SAC) - for optimizing ultrafast mode-locked lasers. Their results demonstrated that :

— DDQN effectively learned control policies but required longer training.

— TD3 converged more quickly and efficiently handled continuous action spaces.

— SAC outperformed both, providing the highest stability and robustness, even under distur-
bances.

These findings suggest that RL, particularly SAC-based methods, offers a powerful framework for
adaptive photonic system control, enhancing both performance and reliability.

RL has also been successfully applied to conventional particle accelerator optimization, where
beam alignment and trajectory control are crucial. At FERMI FEL, RL techniques such as Q-
learning and Natural Policy Gradient algorithms have been employed to align seed lasers and
maintain beam stability by compensating for thermal drifts and perturbations in real-time (Bruchon
et al., 2020). Similarly, CERN has implemented model-free RL algorithms for trajectory steering
in electron lines and linear accelerators, demonstrating the ability of RL to adapt to time-varying
system dynamics and handle multiple degrees of freedom (Kain et al., 2020). These applications
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highlight RL’s effectiveness in automating traditionally manual alignment processes, significantly
improving efficiency and beam quality.

Deploying RL in high-power laser laboratories demands careful safeguards. Policies must remain
within hardware and physics constraints, requirements that can be enforced through safe-RL for-
mulations (algorithms specifically designed to avoid unsafe actions during learning), rule-based
guards (predefined safety limits or thresholds coded into the system), or hybrid schemes (ap-
proaches that combine RL with physics-based models or conventional control logic to guide lear-
ning within safe operational boundaries). Because each laser shot is expensive, data efficiency is
paramount : model-based RL, transfer learning, or physics-informed priors can extract maximum
value from limited experiments. Smooth integration with existing control software is also essential,
often achieved by coupling fast, interpretable physics models with RL agents that refine those ba-
seline solutions. With these measures in place, RL becomes a transformative tool for optimizing
laser-based infrastructures, elevating the performance and reproducibility of high-energy-density
physics experiments.

Future improvements in RL should aim to :

— Make learning faster and more efficient by reusing knowledge from past experiments (using
methods like meta-learning (Schweighofer et al., 2003) and transfer learning (Weiss et al.,
2016).

— Include basic physics rules in the learning process to make results more stable and easier to
understand.

— Use safety-focused RL methods to keep experiments within safe and reliable limits.

With continued advancements, RL-driven control systems have the potential to fully automate com-
plex experimental setups, accelerating discoveries in laser-plasma physics and high-intensity la-
sers.

2.6 Conclusion and perspectives on Machine Learning in laser-driven ion accele-
ration

2.6.1 Impact on Experimental Efficiency

The integration of ML techniques into laser-plasma acceleration has improved experimental
throughput and data quality in several ways :

1. Reduction in experiment time :

— With BO, optimization is achieved in fewer iterations than traditional parameter sweeps
especially in multi-dimensional parameter spaces.
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2. Enhanced data interpretation and uncertainty quantification :

— GPR models provide probabilistic confidence intervals, quantifying and taking into ac-
count experimental uncertainty.

— Neural network-based synthetic diagnostics allow real-time feedback, preventing wasted
laser shots on suboptimal configurations.

3. Adaptive control for complex systems :

— RL-based control systems can automatically fine-tune experimental parameters in real
time, helping maintain consistent beam properties even under changing conditions.

— Combining adaptive optics with ML allows for real-time correction of wavefront distor-
tions (Loughran et al., 2023), improving laser pointing stability (Amodio et al., 2025) and
enhancing ion acceleration efficiency (Catrix et al., 2025).

2.6.2 Insights from Machine Learning-driven optimization

Beyond optimizing existing techniques, ML has shown insights into laser-plasma interactions :

1. Identification of hidden correlations :

— Deep learning models discovered that pre-plasma gradient length plays a more signifi-
cant role in proton energy than previously understood (Djordjević et al., 2021a).

— SVR models revealed that the optimal thickness for TNSA targets varies based on pulse
contrast and electron temperature, a dependency previously overlooked (Desai et al.,
2024).

2. New scaling laws for ion acceleration :

— Bayesian inference models led to revised scaling laws for TNSA, demonstrating that
multi-variable regression models provide more accurate predictions than traditional
power-law approximations (Takagi et al., 2021).

3. Optimization of multi-objective trade-offs :

— BO-enabled optimization of laser-plasma interactions led to Pareto-optimal solutions
balancing proton energy, beam divergence, and pulse duration (Irshad et al., 2023).

ML techniques have transformed LDIA by improving predictive modeling, experimental efficiency,
and real-time adaptability. While neural networks excel at pattern recognition, RFs deliver noise-
resilient nonlinear surrogate modeling along with quantitative feature importance, SVR offers com-
putationally efficient regression in low-data regimes, GPR enhances uncertainty quantification, and
RL enables adaptive control. Table 2.6 summarizes these methods’ roles and trade-offs.

Looking forward, further progress in LDIA is likely to come from several emerging directions :
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— Hybrid ML approaches : Combining techniques such as GPR and RL can enhance data
efficiency while enabling adaptive control strategies that respect experimental constraints.

— Physics-informed neural networks (PINNs) : Embedding known physical laws into neural
networks improves interpretability and reduces the amount of data needed for training.

— Experiment-driven ML frameworks : Integrating synthetic diagnostics with closed-loop op-
timization creates robust systems capable of adapting in real-time to changing conditions.

— Real-time feedback mechanisms : Advanced control systems using RL or BO can fine-tune
laser parameters on the fly, improving beam quality and reproducibility.

— High-performance computing (HPC)-integrated simulations : Coupling ML with high-
performance computing accelerates parameter scans, surrogate model training, and uncer-
tainty quantification in complex simulations.

These strategies aim to bridge the gap between modeling and experimentation, pushing laser-
plasma accelerators toward full automation, enhanced beam quality, and faster experimental
cycles. Continued interdisciplinary collaboration between plasma physicists, computer scientists,
and ML experts will be essential to drive these advances forward.
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TABLE 2.6 : Comparison of ML techniques for optimization.

ML method Most Efficient Domain Key Strengths Key Weaknesses

Neural Net-
works (NN)

Predictive modeling of
ion beam properties;
synthetic diagnostics.

Handles complex, high-
dimensional parameter
spaces; generalization
for unseen data.

Requires large data-
sets; computationally
expensive training;
black-box nature limits
interpretability.

Support Vector
Regression
(SVR)

Regression tasks
with limited data; low-
dimensional parameter
space optimization.

Computational effi-
ciency; works well in
low-data environments;
avoids overfitting.

Poor scalability for large
datasets; limited extra-
polation ability beyond
training range.

Random Forest
Regression
(RF)

Surrogate modeling
and sensitivity analy-
sis for sparse, noisy
experimental datasets.

Robust to noise and
shot-to-shot fluctua-
tions; good genera-
lization with limited
data; provides feature
importance for identi-
fying key laser/target
parameters.

Limited extrapolation
capability outside trai-
ning domain; ensemble
averaging reduces in-
terpretability compared
to single-tree models.

Gaussian
Process Re-
gression (GPR)

Uncertainty quantifica-
tion; surrogate mode-
ling for simulations; pro-
babilistic modeling.

Provides confidence in-
tervals; useful for expe-
rimental planning; sur-
rogate modeling.

Computationally ex-
pensive for large data-
sets (O(n3) complexity);
limited scalability.

Bayesian Opti-
mization (BO)

Global optimization of
laser and target para-
meters; tuning experi-
mental setups.

Reduces experimental
iterations; balances
exploration-exploitation
in parameter tuning.

Less effective in high-
dimensional parameter
spaces; requires good
surrogate models.

Reinforcement
Learning (RL)

Adaptive real-
time control; high-
dimensional optimi-
zation with dynamic
constraints.

Learns from direct in-
teraction; continuously
improves experimental
conditions dynamically.

Sample inefficient (re-
quires many iterations);
safety constraints for
experimental use.

Each method has specific strengths and limitations, making them suitable for different applications within
experimental and computational laser-driven ion acceleration.
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3 STABLE HIGH REPETITION-RATE LASER-DRIVEN PROTON BEAM
PRODUCTION FOR MULTIDISCIPLINARY APPLICATIONS

Stable sequence of consecutive laser-driven proton beam spectra. Original image created by the

author (Elias Catrix). No external permission is required; use authorized by the author.



Foreword — This chapter builds upon and expands the findings published in the journal Review
of Scientific Instruments, in the article titled “Stable high-repetition-rate laser-driven proton beam
production for multidisciplinary applications on the Advanced Laser Light Source ion beamline”
(Catrix et al., 2023). It further develops the underlying concepts and incorporates additional insights
that extend beyond the original publication.

Laser-driven ion accelerators are increasingly regarded as compact and versatile tools for a wide
range of applications. The advent of multi-hundred-TW laser systems has enabled the routine
generation of relativistic peak intensities above 1018 W.cm−2, producing ion beams in the multi-
MeV energy range. Yet, challenges remain in achieving the stability, reproducibility, and beam
quality required for practical deployment, especially in contexts demanding narrow spectral control
or high ion flux.

This chapter describes a high-repetition-rate (0.625 Hz) laser-based ion acceleration platform im-
plemented at the 150 TW Ti : Sapphire beamline of the Advanced Laser Light Source (ALLS). The
system delivers laser pulses with an RMS energy stability of 2.5%, focused to intensities between
1019 and 1020 W.cm−2. Proton acceleration in the Target Normal Sheath Acceleration regime was
studied using solid foils of various compositions and thicknesses. Through systematic multi-shot
series — up to 400 laser shots per pumping cycle — we quantify fluctuations in maximum proton
energy, proton yield, energy-integrated proton yield, and laser-to-proton energy conversion effi-
ciency across different target configurations. These high-statistics datasets provide critical insights
into the operational stability of laser–plasma accelerators, enabling their use in high-throughput
applications where reproducibility is paramount.

Building on this foundation, the chapter explores one such application : laser-driven Particle-
Induced X-ray Emission (PIXE), where enhanced beam repeatability — supported by the careful
selection of target material and thickness — directly translates into improved accuracy and reliabi-
lity in trace element analysis.

3.1 Introduction

The practical deployment of laser-driven ion accelerators is hindered by the inherently pulsed and
fluctuating nature of laser–plasma ion sources. Among the various acceleration mechanisms, Tar-
get Normal Sheath Acceleration (TNSA) remains the most widely studied and reliably reproduced,
typically using micrometer- or nanometer-thick solid targets to generate multi-MeV ion beams.
Achieving high laser-to-ion energy conversion efficiency in this regime requires stringent condi-
tions, particularly in laser focusing and target alignment. To maximize on-target intensity, solid
targets must be positioned within the laser’s focal plane with sub-Rayleigh length precision, typi-

cally on the order of zR = πw2
0

λ =
π

(
wFWHM

2
√

ln 2

)2

800 nm ≈ 70.8 µm at the Advanced Laser Light Source
(ALLS), where wFWHM ∼ 5 µm is the focal spot size at the Full Width at Half Maximum (FWHM),
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placing strict constraints on shot-to-shot alignment. Compounding this challenge, each target is
destroyed after a single laser shot, necessitating a rapid and automated delivery system to sustain
high-repetition-rate operation. Without such automation, ion flux is severely limited by the time-
consuming process of manual replacement, undermining the practicality of laser-driven ion acce-
leration in high-throughput experimental or applied environments.

To address these constraints, the laser-plasma community has developed a range of strategies to
enable higher repetition rates. Tape targets (Noaman ul Haq et al., 2017; Noaman ul Haq et al.,
2018; Dover et al., 2020b) offer a cost-effective and simple solution for continuous target reple-
nishment, but suffer from mechanical instabilities that cause misalignment and reduced intensity.
Cryogenic hydrogen targets (Gauthier et al., 2016; Obst-Huebl et al., 2017; Grieser et al., 2019;
Polz et al., 2019) offer better spatial stability and higher flux, but are complex and costly. Microme-
tric solid targets, though widely used, still exhibit significant shot-to-shot variability, underscoring
the need for improved alignment and target-holder design. Gas-jet targets (Jinno et al., 2013; Chen
et al., 2017; Puyuelo-Valdes et al., 2019b) provide continuous operation without physical replace-
ment and are easy to implement, but underperform in maximum energy and yield compared to
solids, limiting their suitability for high-energy applications.

For many practical applications - including proton radiography (Romagnani et al., 2005), fast-
ignition fusion research (Roth et al., 2001), warm dense matter and laboratory astrophysics (Patel
et al., 2003; Albertazzi et al., 2014), neutron production (Roth et al., 2013; Higginson et al., 2015;
Lelievre et al., 2024), medical therapy (Nemoto et al., 2001; Yogo et al., 2011), cultural heritage
studies (Barberio et al., 2017b), injectors for larger accelerators (Antici et al., 2008, 2011), and ma-
terials science (Sciscio et al., 2017; Barberio et al., 2018a,b) - stability and repeatability outweigh
peak performance. As a result, TNSA with solid foils remains the most reliable and reproducible
solution.

However, because solid targets are ablated after every laser shot, high-repetition-rate TNSA inevi-
tably relies on robust, automated multi-target positioning systems (Chagovets et al., 2021). Cur-
rent setups can deliver sub-Hz multi-MeV beams (Gao et al., 2017; Treffert et al., 2022a; Giuffrida
et al., 2023; Nedbailo et al., 2023), yet scaling beyond 1 Hz (Nishiuchi et al., 2009) remains chal-
lenging due to the dual requirements of fast target exchange and micron-level alignment. Overco-
ming these technical barriers is essential for transitioning next-generation laser-plasma accelera-
tors from proof-of-concept experiments to practical, application-ready sources, motivating ongoing
research on target delivery and shot-to-shot beam stabilization.

From a practical perspective, conventional accelerators are increasingly required to deliver preci-
sely tailored combinations of beam current, energy, and quality (Rawlinson et al., 2002; Mathot
et al., 2019). Laser-plasma accelerators offer a promising alternative, especially for material ana-
lysis, due to their flexibility and rapid switching capabilities. For example, they allow alternating
between laser-driven PIXE and X-ray fluorescence (XRF) simply by changing the target’s atomic
number (Puyuelo-Valdes et al., 2021; Boivin et al., 2022). Beyond this versatility, laser-based ion
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sources provide additional advantages over conventional systems : their broadband energy spec-
tra allow real-time, depth-resolved analysis with energy selectors (Chen et al., 2014); their ultrafast
temporal resolution (ns) enables observation of transient processes that conventional accelerators
(ms) cannot resolve; and they support pump-probe spectroscopy via X-ray signals to track rapid
electronic and atomic dynamics. However, these benefits are tempered by a generally lower ion
flux, necessitating high-repetition-rate target refreshment to achieve meaningful yields (Passoni
et al., 2019a; Mirani et al., 2021).

To overcome low ion yield troubles and shot-to-shot fluctuations, we developed an automated high-
repetition-rate target system that ensures consistent target replenishment while preserving key
advantages of laser-based ion sources, such as ultrafast resolution and versatile elemental analy-
sis. We assess the repeatability and stability of TNSA-driven proton spectra at the 150 TW ALLS
ion beamline using a multi-hundred (400) solid-target holder. Our analysis focuses on the stability
of maximum proton energy, proton yield at various energies, energy-integrated proton yield, and
laser-to-proton energy conversion efficiency. By systematically varying target materials and thick-
nesses, we evaluate the reproducibility of proton acceleration and benchmark our results against
prior studies. This work is motivated by applications in PIXE and XRF (Passoni et al., 2019b;
Barberio et al., 2019), which depend on stable proton beams in the 1–5 MeV range, critical for
efficient X-ray production (Puyuelo-Valdes et al., 2021). Ensuring spectral stability in this window
is essential for advancing laser-based spectroscopic techniques. Our high-repetition target system
represents an important advance toward enhancing the reliability and practicality of laser-plasma
ion sources, particularly for applications that demand stringent precision and consistent repeatabi-
lity

3.2 Experimental setup

The experiment was conducted at the ALLS 150 TW ion acceleration beamline, located at Institut
national de la recherche scientifique (INRS) in Varennes, near Montréal, Canada. The ALLS fa-
cility hosts a Ti : Sapphire 150 TW laser system (Vallières et al., 2020), operating at a maximum
repetition rate of 2.5 Hz with a central wavelength of λ0 = 800 nm. The laser system employs a
double-Chirped Pulse Amplification (CPA) scheme, delivering laser pulses with an on-target energy
of EL = 3.2 J and an ultrashort pulse duration of τL = 22 fs. The experimental setup is illustrated in
Figure 3.1.A. An f /3 off-axis parabola is used to focus the laser beam (measured at e−2) down to a
spot size of wFWHM ∼ 5 µm (Figure 3.1.B), achieving a peak intensity of IL ∼ 1.3×1020 W.cm−2. To
investigate intensity-dependent trends, we also conducted experiments at a lower peak intensity of
IL ∼ 3.3 × 1019 W.cm−2. To ensure a high-contrast laser pulse (Figure 3.2), a cross-wave polarizer
(XPW) stage was implemented before the second CPA amplification. This setup effectively reduces
Amplified Spontaneous Emission (ASE), achieving an ASE contrast <10−10 at -100 ps before the
main pulse and a temporal contrast <10−8 at -10 ps and <10−6 at -3 ps, ensuring a steep intensity
rise. The apparent prepulses observed around -20 ps before the main peak are not physical. These
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features are known measurement artifacts intrinsic to the Sequoia third-order cross-correlator (Am-
plitude Laser, 2025a), typically arising from internal reflections and phase-matching imperfections
in the nonlinear crystal. Therefore, they do not represent real pre-pulses and have no measurable
influence on the laser–target interaction.

The p-polarized laser pulses were incident at 20° with respect to the target-normal, irradiating thin
micrometric foils of various materials, including copper (Cu), tantalum (Ta), aluminum (Al), and
polyethylene terephthalate (PET), at different thicknesses. These foils were mounted on a custom-
designed multi-target holder (Figure 3.1.C) optimized for high-repetition-rate TNSA. Each 5×5 cm2

target foil was secured between two stainless steel components forming the target holder, en-
abling up to 400 shots per pumping cycle at a maximum repetition rate of 0.625 Hz (a quarter of
the laser maximum repetition rate). At repetition rates above 0.625 Hz, performance was limited by
(i) drive–laser mis-synchronization and (ii) stage settling/position accuracy under continuous mo-
tion. Specifically, the target delivery system did not always reach the commanded position within
the laser’s firing window, so shots were occasionally taken off-target or during residual vibration.
We assume that the dominant contributors were timing jitter between the laser’s shot marker and
the motion controller, variable settling times after high-acceleration moves, and intermittent en-
coder dropouts under vacuum/cable strain. Moreover, we operate in a multi-shot operation mode
where all target positions were preloaded into the motorized stage control software (OWIS software
shown in Figure 3.3), allowing the laser to be triggered synchronously at 0.625 Hz, fully compatible
with the target holder’s motion system. In this mode, alignment is verified only at the beginning
of the shot sequence, as presented in Figure 3.4, typically on the target located in the bottom-left
corner of the target holder, and is then kept fixed for the duration of the sequence. This strategy in-
creases the likelihood of positional drift over time, which can progressively degrade the laser-target
overlap and compromise beam stability. However, the use of a five-axis alignment system (three
translational and two tilt degrees of freedom) helps mitigate this limitation by ensuring precise initial
positioning. In contrast, single-shot mode offers a more precise alternative, where laser focus is
readjusted before each laser shot on target, ensuring optimal conditions for every target. However,
this method significantly reduces the shot repetition rate, limiting data acquisition efficiency.
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FIGURE 3.1 : Experimental setup, focal spot, and target holder

(A) Experimental chamber and Thomson Parabola spectrometer layout. (B) A view of the focal spot in the far
field and (C) a picture of the custom-made target holder (dimensions in mm). This figure has been adapted from
Catrix et al. (2023), with the publisher’s permission.
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FIGURE 3.2 : Temporal contrast measurement of ALLS 150 TW laser.
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FIGURE 3.3 : OWIS chain-sequence control for multishot operation.

The chain function enables synchronized motion of the target-holder motors with the 0.625 Hz laser repetition
rate, ensuring reliable shot-to-shot target refreshing during high-throughput experimental runs.
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FIGURE 3.4 : Rear surface at best focus on a 2-µm-thick Ta foil.
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The energy of the accelerated ions, including protons and carbon ions (ranging from C+ to C6+),
was characterized using a calibrated Thomson Parabola spectrometer (TPS) positioned along the
target-normal axis (0°). The TPS was coupled with a MicroChannel Plate (MCP) detector, enabling
the acquisition of ion trajectory images at every laser shot (Figure 3.5). A custom MATLAB script
was developed to extract and plot the ion energy spectra from the raw data acquired by the TPS.
This script plots and processes the ion spectra by averaging the signal intensity over multiple laser
shots and quantifies shot-to-shot fluctuations by computing the standard deviation at each energy
bin of ion beam metrics, providing a measure of the statistical dispersion across the ensemble of
spectra. This study will focus solely on the analysis of proton beam characteristics, as protons are
typically the dominant ion species accelerated via the TNSA mechanism due to their high charge-
to-mass ratio and prevalence as surface contaminants (e.g., hydrocarbons or water vapor). Their
lighter mass allows them to be accelerated to higher energies compared to heavier ions under
the same sheath field conditions and therefore exhibit longer projected ranges, making them more
relevant for in-depth analysis in applications such as radiobiology, material science, and medical
physics. In this study, the maximum proton energy (i.e, the cut-off energy) Ep,max was determined
by identifying the proton energy value located at the midpoint of the final slope in the spectrum.
For further details regarding the experimental setup and laser system specifications, we refer the
reader to the work : Vallières et al. (2020).

FIGURE 3.5 : Thomson Parabola image of ion traces.

A laser-triggered image from the Thomson Parabola spectrometer after irradiation of a 1-µm-thick copper foil.
The parabola traces of the carbon species that were not considered in the analysis of the present study are also
represented. In particular, the one on the left of C2+ is C+, along with the two above C4+ being C5+ and C6+.

To accurately analyze the images recorded on the MCP used within the TPS, it is essential to
correctly track the ion trajectories, which vary according to their energy and charge-to-mass ratio
under the influence of electric and magnetic fields in the TPS. Since these fields may not remain
perfectly uniform along the ion paths, it is more appropriate to describe them using the field inte-
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grals IB (for the magnetic field) and IE (for the electric field), introduced in equations 3.1 and 3.2.
As highlighted by Ducret et al. (2018), this approach offers a more general characterization of the
magnetic B⃗ and electric E⃗ fields, avoiding the oversimplified assumption of uniform, top-hat field
profiles along the TPS axis. These integrals can then be used in the established non-relativistic,
non-paraxial dispersion relations (equations 3.3 and 3.4), which describe the motion of charged
particles through static fields in the TPS :

Equation 3.1 : Magnetic field integral in the TPS

IB =
∫ LB

0
B(z) dz = B LB (3.1)

Equation 3.2 : Electric field integral in the TPS

IE =
∫ LE

0
E(z) dz = E LE (3.2)

Equation 3.3 : Magnetic deflection of ions in the TPS

x(EK , IB) = LB

q IB

(√
2EKm − (qIB)2 −

√
2EKm

)
− ∅B

qIB√
2EKm − (qIB)2 (3.3)

Equation 3.4 : Electric deflection of ions in the TPS

y(EK , IE) = qIE

2EK

(
LE

2 + ∅E

)
(3.4)

with the validity condition 2EKm ≥ (qIB)2. This condition corresponds physically to the requirement
that the particle’s kinetic energy is sufficiently large for it to traverse the magnetic field region wi-
thout being completely turned back by the Lorentz force. In equations 3.3 and 3.4, the parameters
q, m and EK correspond to the particle’s charge, mass, and kinetic energy, respectively. The quan-
tities LB and LE denote the lengths of the magnetic and electric field regions, respectively, while
∅B and ∅E refer to the corresponding drift distances after each field region. A schematic repre-
sentation is provided in Figure 3.1.A. These field-related distances are determined experimentally
and are thus known (Table 3.1). Once the field integrals IB and IE are properly calibrated, the
system becomes fully defined in terms of the particle’s kinetic energy and its charge-to-mass ratio.
With these calibrated parameters and the analytical expressions provided, the TPS can be used to
quantitatively determine both the number and kinetic energy of laser-driven ions.

First, the magnetic field profile was measured using a calibrated gaussmeter. The field integral IB

was initially estimated using the magnetic field length LB as a first approximation. For the electric
field, the voltage difference ∆V between the electrodes and their separation d, as well as the field
length LE , was used to obtain a first estimate of IE .
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TABLE 3.1 : Electrostatic and magnetic parameters used in the TPS design.

Parameter Description Value
LB Magnetic field length 0.12 m
LE Electric field length 0.06 m
∅B Magnetic field drift length 0.075 m
∅E Electric field drift length 0.195 m
∆V Voltage difference between electrodes 15000 V
d Electrode separation 0.02 m

By Magnetic field strength 0.43 T
Ey Electric field strength 7.5 × 105 V/m

To quantitatively analyze the traces obtained with the Thomson Parabola Spectrometer (TPS) cou-
pled to a microchannel plate (MCP), we implemented a dedicated MATLAB routine that recons-
tructs the energy distribution of detected ions from their parabolic traces. The main steps of the
analysis are as follows :

1. Image preprocessing and smoothing : A Gaussian convolution kernel of size NGauss = 5
and standard deviation σGauss = 1 pixel is applied on the raw MCP image (Figure 3.5) to
reduce high-frequency noise while preserving the parabolic trace structure :

Equation 3.5 : Gaussian smoothing of the raw MCP image

Ismooth = Iraw ∗ G(x, y), G(x, y) = exp
[
−x2 + y2

2σ2
Gauss

]
. (3.5)

This filtering effectively removes shot noise without altering the spatial profile of the ion tra-
jectories.

2. Trajectory selection and trace extraction : The code selects the ion species of interest
(e.g., H+, C2+, C3+, C4+, ...) and applies a polynomial fit corresponding to the expected
parabolic trajectory. The coefficients are initialized from previous experimental calibrations
and refined iteratively to align with the observed trace.

3. Signal projection and background subtraction : The signal intensity is integrated along
the parabolic trace over a finite transverse width of ±5 pixels, corresponding to twice the 500
µm pinhole diameter. The background reference is taken from a triggered MCP of a shot
in vacuum (without a target in the laser beam path), ensuring the subtraction of MCP dark
current and scattered X-ray background.

4. Energy calibration : The transverse displacement of the ions recorded on the MCP is map-
ped to kinetic energy using equations 3.3 and 3.4.

5. Spectrum reconstruction : The differential number of particles per energy and solid angle
d2N
dEdΩ (proton yield) is obtained from the intensity after applying a calibration factor and cor-
recting for the detector’s geometry and sensitivity. Energy bin width and angular divergence
effects are included.
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6. Proton number and energy transfer calculation : The total number of particles per stera-
dian (energy-integrated yield) is computed via numerical integration of proton spectra. Addi-
tionally, the laser-to-proton energy conversion efficiency is estimated by integrating the total
proton energy within the measured solid angle and normalizing by the laser energy.

7. Validation : The extracted experimental trace is compared to the theoretical parabolic tra-
jectories derived from the known E and B fields, ensuring correct energy scaling. Overlaying
multiple theoretical curves (H+, C2+, C4+) confirms calibration consistency.

This approach provides an absolute, quantitatively calibrated characterization of laser-driven ion
spectra, including accurate yield and conversion efficiency estimates for protons above minimum
energy measured on the MCP.

3.3 Proton energy spectrum analysis and beam quality evaluation

Figures 3.6.A and B present the proton energy spectrum and the average proton spectrum, res-
pectively, for a sequence of 296 consecutive laser shots irradiating a 4.5-µm-thick aluminum foil.
These data serve as the basis for extracting key statistical parameters to assess the quality and
stability of the produced proton beams. We selected this specific target thickness and material as it
offers the best compromise between proton yield, maximum proton energy, and mounting stability.
These factors are crucial when choosing targets for high-repetition-rate experiments, where main-
taining consistent beam characteristics across multiple shots is essential. Figure 3.6.A reveals a
gradual downshift in proton maximum energy over multiple shots, highlighting the effects of align-
ment drift that would not occur in single-shot mode. Despite this, the precision of the motorized
stage and the optical imaging system minimizes energy fluctuations. Regardless of the alignment
mode, this stability mainly stems from the f /3 off-axis parabolic focusing system, which ensures a
pointing stability of 3.9 µm RMS laterally and 5.2 µm RMS vertically at the focal plane well within
the 2-mm-diameter circular target size. From Figure 3.6.B, we inferred a hot electron temperature
of approximately 0.9 MeV, estimated from the slope of the energy spectrum (Haines et al., 2009).
The measured average maximum proton energy was (5.6 ± 0.4) MeV (i.e ±7%), confirming the
observed small gradual downshift in proton maximum energy in Figure 3.6.A. For the 4.5-µm-thick
aluminum foil, the shot-to-shot fluctuation (standard deviation) over 296 laser shots in the measu-
red proton yield was (Figures 3.6.A and .B) :

— 14.9% for the integrated proton yield,

— 18.2% for the proton yield at 1 MeV,

— 17.6% for the proton yield at 2 MeV,

— 25.7% for the proton yield at 4 MeV.

The observed shot-to-shot fluctuations in proton yield, integrated proton yield and maximum proton
energy can be attributed to multiple factors :
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— Laser energy fluctuations : Small variations in pulse energy directly affect the intensity at
the focus (ALLS laser has a 2.5% RMS energy variation).

— Long-term laser wavefront thermal drift : Over time, thermal effects can introduce slow
wavefront distortions, modifying the focal spot shape and energy distribution.

— Target non-planarity : Small deformations or surface irregularities in the target introduce
inconsistencies in laser-plasma coupling from shot-to-shot, leading to fluctuations in the ac-
celeration process (Brenner et al., 2011; Coury et al., 2012).

We then calculated the laser-to-proton energy conversion efficiency as :

Equation 3.6 : Laser-to-proton energy conversion efficiency

α = Etot
EL

=

∫ Ep,max

Ep,min

d2N

dE dΩ E dE

EL
× Ω. (3.6)

where Etot is the total proton energy, EL is the energy of the laser, d2N
dEdΩ the proton yield, Ep,min the

minimum proton energy detected by the MCP, Ep,max the maximum proton energy and Ω the solid
angle covered by the conical proton beam. Our measurements indicate that α = 0.005 defined by
equation 4.5 remains relatively stable across multiple shots, with a shot-to-shot fluctuation of 12%.

To further explore how target properties influence laser-driven proton acceleration, we extended
our study to include a range of target materials and thicknesses. We compared copper foils (1 µm
and 3 µm), tantalum (2 µm), PET (1.5 µm), and the 4.5-µm-thick aluminum foil at a laser intensity
of IL ∼ 1.3×1020 W.cm−2 and a maximum repetition rate of 0.625 Hz. As illustrated in Figure 3.6.C
and reported in Table 3.2, comparisons across different target materials and thicknesses indicate
that the maximum proton energy remained relatively stable across targets, with only modest varia-
tions. As expected, thinner targets yield slightly higher maximum proton energies, consistent with
the scaling behavior typical of the TNSA regime (see Figure 1.A in Fuchs et al. (2006)).

TABLE 3.2 : Ep,max and α across foil types and thicknesses.

Foil type Cu (Z=29) 1 µm Ta (Z=73) 2 µm Cu (Z=29) 3 µm Al (Z=13) 4.5 µm

Ep,max [MeV] 6.2 (±7%) 6.2 (±5%) 6.0 (±6%) 5.6 (±8%)

α [%] 0.7 (±21%) 1.0 (±16%) 0.6 (±15%) 0.5 (±12%)

A clear correlation emerges when comparing maximum energy with the laser-to-proton energy
conversion and its shot-to-shot fluctuation : foils achieving higher energies tend to exhibit larger
fluctuations, while thicker foils trade off peak energy for improved reproducibility. The most notable
cases include :

— 2-µm-thick tantalum foil : Achieved the highest maximum proton energy of approximately
6.2 MeV (Figure 3.6.C), with a low shot-to-shot fluctuation of 5.0% over 200 shots. This
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stability is attributed to tantalum’s intrinsic stiffness, which offers superior resistance to defor-
mation compared to copper and aluminum.

— 1-µm-thick copper foil : Produced a comparable maximum proton energy (∼6.2 MeV), but
with a higher standard deviation of 7.2% across 168 shots, indicating reduced shot-to-shot
stability, likely due to the foil’s lower mechanical robustness.

— 3-µm-thick copper foil : Demonstrated improved beam stability with a standard deviation of
6.1% over 113 shots. The increased thickness likely enhances mechanical rigidity, mitigating
alignment fluctuations observed with thinner copper foils. Reduced shot-to-shot stability, likely
due to the foil’s lower mechanical robustness compared to the tantalum foil.

While thinner foils generally support higher proton energies (Figure 3.7), our analysis reveals that
they exhibit larger error bars considering the same material, primarily due to mechanical instability
and increased alignment fluctuations. These issues affect the repeatability of the laser-target inter-
action, leading to higher variations in proton acceleration efficiency. Moreover, their effectiveness
is contingent on maintaining an excellent pre-pulse contrast at this laser power level (150 TW)
(Levy et al., 2008). Poor contrast can lead to premature plasma expansion, significantly altering
the acceleration dynamics. Unlike metallic foils, PET targets introduce additional challenges due
to their mechanical softness, which makes it difficult to maintain a perfectly flat surface at the laser
focus. This misalignment leads to substantial fluctuations in proton energy, yield, and therefore
beam quality. Additionally, they are transparent and weakly scattering light, making them hard to
image or align with visible light diagnostics. In particular, our measurements for the 1.5-µm-thick
PET foil yielded a maximum proton energy of 5.8 MeV, but with a very large shot-to-shot fluc-
tuation of ∼45%, significantly higher than for metallic foils. These findings emphasize that, while
PET foils remain an interesting alternative for specific applications, their use in high-repetition-
rate laser-plasma experiments requires additional strategies to mitigate alignment instability and
improve shot-to-shot consistency. Potential solutions could include pre-tensioning mechanisms or
rigid support structures to reduce surface deformation.
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FIGURE 3.6 : Proton spectra and cut-off energy for various foils.

(A) Proton energy spectrum in the laser forward direction for 296 shots on a 4.5-µm-thick aluminum foil at a
laser power of 150 TW recorded at 0.625 Hz. (B) Average spectrum of a sequence of 296 consecutive shots on
a 4.5-µm-thick aluminum foil (the error bars are calculated using the square root of the minimum variance over
the whole spectrum for better data visualization) (C) Mean maximum proton energy for a given foil irradiated by
a laser intensity IL ∼ 1.3 × 1020 W.cm−2; Shot-to-shot fluctuations are calculated using the standard deviation
over 200 laser shots for tantalum 2 µm, 168 for copper 1 µm, 113 for copper 3 µm, 296 for aluminum 4.5 µm and
253 for PET 1.5 µm. These figures have been adapted from Catrix et al. (2023), with the publisher’s permission.
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FIGURE 3.7 : Comparison of averaged proton spectra from different foil materials and thicknesses.

Shot-averaged proton spectra for different target configurations : 113 shots on a 3-µm-thick Cu foil, 296 shots
on a 4.5-µm-thick Al foil, 200 shots on a 2-µm-thick Ta foil, 168 shots on a 1-µm-thick Cu foil. Error bars have
not been included here for better visualization.
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As shown in Table 3.3, the shot-to-shot fluctuation in maximum proton energy across all metallic
foils in our experiment is 6.8%, indicating a high degree of stability relative to comparable studies
conducted at other high-power laser facilities. A comparative study was conducted at the ATLAS
300 TW laser system (Gao et al., 2017), where researchers tested a multi-target holder using
various target materials and thicknesses ranging from 50 nm to 1 µm — including 550-nm-thick
polymer foils — with hexapod-controlled positioning. Their system operated at 0.5 Hz, slightly lower
than our maximum 0.625 Hz repetition rate. However, their shot-to-shot variations were significantly
larger, with a maximum proton energy fluctuation of ∼27% and a proton yield variation of ∼86%
at 4 MeV. These results highlight the advantage of our setup in providing more consistent proton
beam parameters over repeated shots. Further comparison with Green et al. (2014b) shows even
larger fluctuations in maximum proton energy, with their study reporting variations greater than 15%
for a 6-µm-thick aluminum foil and exceeding 30% for a 2-µm-thick aluminum foil. These results
align with expectations, as thinner foils tend to exhibit larger fluctuations due to their sensitivity
to pre-pulse contrast and laser energy variations. Another notable example is the DRACO laser
facility in Germany, where high-repetition-rate proton beams were generated using a continuously
flowing cryogenic hydrogen jet target (Gauthier et al., 2016). Their system achieved proton beams
with an average maximum proton energy variation of ∼30%, while the proton yield at 3 MeV fluc-
tuated by ∼50% from shot-to-shot. The use of cryogenic hydrogen jets provides an advantage in
terms of target replenishment at high repetition rates, but it also introduces inherent fluctuations in
density and positioning, contributing to the observed instabilities. Additionally, cryogenic hydrogen
jets are often transparent or weakly scattering, making them hard to image or align with visible light
diagnostics, while safety concerns arise from the flammability of hydrogen. Their implementation
also requires sophisticated cooling systems (cryostats, vacuum insulation, cryo-compressors) to
maintain hydrogen in liquid or solid form. Studies performed in Japan on the J-KAREN laser (Ni-
shiuchi et al., 2009) have also reported similar shot-to-shot fluctuations, particularly for experiments
involving quasi-monoenergetic lower-flux ion beams produced using passive magnetic elements.
While their approach provides more controlled beam profiles, the trade-off is a higher degree of
flux fluctuations compared to direct TNSA acceleration. At ELI Beamlines (Giuffrida et al., 2023),
experiments have demonstrated the production of 10 MeV protons at a repetition rate of 0.5 Hz.
However, their experimental setup is significantly more complex than ours, requiring additional
beam transport and focusing optics, making direct comparisons challenging. Nonetheless, their
results confirm the feasibility of high-energy proton production at high repetition rates, even though
maintaining long-term stability remains a key challenge in such systems.
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TABLE 3.3 : Averaged proton statistics at IL ∼ 1.3 × 1020 W.cm−2.

Material (thickness) Ep,max N1 N2 N4 Ntot α

[MeV] [Pr/MeV/sr] [Pr/MeV/sr] [Pr/MeV/sr] [Pr/sr] [%]
Cu (Z=29) 1 µm 6.0 6.1 × 1010 2.1 × 1010 5.0 × 109 6.1 × 1011 0.5
Ta (Z=73) 2 µm (±6.8%) (±22.7%) (±18.8%) (±20.7%) (±18.7%) (±12.4%)
Cu (Z=29) 3 µm
Al (Z=13) 4.5 µm

Statistics at maximum laser intensity (IL ∼ 1.3 × 1020 W.cm−2). The values are averages over 777 laser shots
on metallic target foils and are extracted from the mean spectra. This table has been extracted from Catrix et al.
(2023), with the publisher’s permission.

∗ Ep,max : Proton maximum energy.
∗ N1 : Proton yield at 1 MeV.
∗ N2 : Proton yield at 2 MeV.
∗ N4 : Proton yield at 4 MeV.
∗ Ntot : Integrated proton yield.
∗ α : Laser-to-proton energy conversion efficiency.

For the integrated proton yield (Ntot [protons.sr−1]), it appears that error bars on thinner targets
are higher since they are mechanically less stable and subject to more alignment issues (Figure
3.8.B). For many practical applications, such as neutron generation (Lelievre et al., 2024) or PIXE
spectroscopy (Puyuelo-Valdes et al., 2019a) via laser-driven ions, a specific energy range within
the proton spectrum is more critical, often linked to the maximum cross-section of the nuclear
or atomic process involved. We therefore quantify the proton yield and its stability at 1, 2 and
4 MeV (Figure 3.8.A) for the metallic foils. Although all points in Figure 3.8.A appear to overlap
within their respective error bars; this does not necessarily imply that the target thickness does not
influence the acceleration process. Rather, the relatively narrow range of foil thicknesses explored
here (1–4.5 µm) and the observed shot-to-shot fluctuations, typically on the order of 15–25%,
make it difficult to resolve a systematic trend. Nonetheless, its standard deviation for all types of
foils does not overcome 25.7% (for the 4.5-µm-aluminum foil at 4 MeV). The 2-µm-thick tantalum
foil produces the highest number of protons.sr−1 (Ntot = 1.5 × 1011 protons.sr−1 ± 18.6%) at
I0 ∼ 1.3×1020 W.cm−2 because it is stiffer than any other material tested here, yielding a straighter
foil on most laser shots, leading to a more efficient sheath acceleration. On ATLAS (Gao et al.,
2017), a variation on the proton yield per laser shot of about 86% at 4 MeV was obtained. On the
DRACO laser (Gauthier et al., 2016), the proton yield per laser shot at 3 MeV varies by roughly
50% from shot to shot. Relevant parameters covering all shots are found in Table 3.3 and exhibit
better stability than previous work.

To further investigate the impact of laser intensity on proton acceleration, we conducted experi-
ments at a reduced intensity of IL ∼ 3.3 × 1019 W.cm−2, enabling us to assess energy scaling
and stability under weaker field conditions. As shown in Figure 3.9.A, the mean maximum proton
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energy remains relatively uniform across different materials and thicknesses, ranging from 1.72
MeV (1 µm Cu) to 1.90 MeV (2 µm Ta and Al), in agreement with the TNSA scaling law exhibited in
Borghesi et al. (2008). The standard deviation in maximum proton energy across target types is in
the same range as in high-intensity regimes (IL ∼ 1.3×1020 W.cm−2), ranging between 5% and 9%.
However, Figure 3.8.B reveals that Ntot exhibits greater shot-to-shot variability at IL ∼ 3.3 × 1019

W.cm−2. This latter can be attributed to :

— Enhanced sensitivity to surface imperfections : The high temporal contrast of the ALLS
laser suppresses preplasma formation, creating a sharp density gradient at the critical sur-
face. Without a preplasma layer, due to the lower laser intensity, microscopic surface irregula-
rities are not smoothed out, and the incident laser couples directly to the solid-density target.
Consequently, local variations in morphology (e.g., roughness, contaminants, or defects) can
significantly affect absorption, modify the sheath-field distribution, and thus influence the ac-
celeration efficiency. Similar behavior has been discussed in a study on laser-induced break-
down and surface conditioning, which emphasizes the role of incipient plasma formation in
homogenizing absorption and reducing shot-to-shot variability (Yang et al., 2022). Future
investigations could systematically explore this regime by combining controlled preplasma
generation (e.g., using a low-intensity prepulse or external preionization) with time-resolved
diagnostics to directly correlate surface morphology, preplasma scale length, and the resul-
ting proton-beam stability.

Since the maximum proton energies remain below 2 MeV, we evaluated proton yield at 1 MeV
(Figure 3.9.B). Its shot-to-shot fluctuation mirrors that of the total yield, confirming that :

— The majority of protons are concentrated around 1 MeV, making it a relevant stability evalua-
tion metric.

— Material- and thickness-induced yield fluctuations are more significant at lower intensities.

3.3.1 Discussion

Overall, mechanical instabilities in plastic (PET) targets, particularly under multi-shot operation,
compromise reproducibility and alignment, making them unsuitable for precision applications. For
scenarios requiring both high yield (> 1011 protons.sr−1) and energy, high-Z target materials (Ta
or Cu) are generally more effective for generating high-energy protons in TNSA because of their
enhanced laser absorption mechanisms, such as Brunel absorption or resonance absorption in
pre-plasma. This results in greater energy transfer from the laser to hot electrons. Moreover, the
electron stopping range in high-Z materials is shorter, which causes hot electrons to accumulate
near the rear surface. This builds a denser and stronger sheath, leading to more efficient ion
acceleration and higher maximum proton energies. In contrast, the 4.5-µm-thick aluminum foil,
while more stable regarding the integrated proton yield, produces fewer hot electrons and therefore
generates a weaker sheath field, demanding significantly more shots to reach equivalent yields :
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— 30% more than 1 µm Cu,

— 70% more than 2 µm Ta,

— 40% more than 3 µm Cu.

Despite this, aluminum’s superior mechanical stability supports long acquisition sequences with
minimal yield and energy drift. The setup also achieves a stable laser-to-proton conversion energy
efficiency of (0.5 ± 0.1)%.

Therefore, this study demonstrates that careful target optimization enables reliable, stable proton
beams, making the approach well-suited for high-repetition-rate applications demanding efficiency
and reproducibility.

Future advances toward higher repetition rates could be achieved through tighter synchronization
and active feedback control :

— Hardware synchronization : Phase-lock the motion controller to the laser’s reference clock
and distribute triggers through low-jitter hardware lines.

— Two-step handshake : Implement a logical interlock in which the motion controller asserts a
POSITION_READY signal only when the target is stationary within tolerance (e.g., ±10-20 µm)
before the laser gate is opened.

— Predictive motion scheduling : Estimate settling times dynamically and initiate target mo-
tion early so that the stage is fully stabilized before each shot.

— Live position monitoring : Integrate a fast imaging or displacement sensor to verify the
target alignment in real time, allowing the system to delay or inhibit a shot if misalignment is
detected.

With these improvements, particularly hardware-level synchronization and real-time feedback, the
system could realistically approach full exploitation of ALLS laser maximum repetition rate of 2.5
Hz while maintaining high shot-to-shot reproducibility.

3.4 Application to PIXE spectroscopy

As previously mentioned, the 4.5-µm-thick aluminum foil offers an optimal trade-off between proton
yield, maximum energy, and mechanical stability, making it a reliable choice for laser-driven PIXE.
The effectiveness of PIXE relies on proton energies within the 1–5 MeV range, which are ideal
for inducing characteristic X-ray emission from many elements, especially when proton/photon-
to-X-ray conversion efficiency is high (e.g., metals). When combined with laser-driven XRF, the
technique, referred to as XPIF (X-ray and Particle-Induced Fluorescence), provides complemen-
tary information for comprehensive material analysis, particularly in trace element identification.
However, aluminum’s K-shell emission energies (Kα ≈ 1.49 keV, Kβ ≈ 1.56 keV) fall below the
lower detection limit of our X-ray detector, which is typically sensitive in the 2–25 keV range. As
such, aluminum is not suitable for generating detectable characteristic X-rays in laser-driven XRF,
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limiting its use in full XPIF characterization. A notable advantage of laser-driven ion accelerators is
their versatility : by simply replacing the target with a high-Z material such as tantalum, the same
setup can be readily adapted from PIXE to full XPIF operation. Tantalum’s L-shell emission ener-
gies (Lα ≈ 8.1 keV, Lβ ≈ 9.3 keV) lie well in the detection range. These emissions enable XPIF
measurements, making tantalum an effective choice for extending the analytical capabilities of the
setup without substantial modifications to the laser or beamline parameters.

In many cases, a single laser shot can generate sufficient proton and photon flux to produce a
clear X-ray spectrum, allowing for the identification of material components in a sample (Barberio
et al., 2017b). However, certain materials, particularly organic materials, wood, and composite
structures, exhibit lower proton/photon-to-X-ray conversion efficiency, making it difficult to achieve
an X-ray peak that meets identification specifications. In such cases, accumulating multiple laser
shots is the only viable method to enhance the signal-to-noise ratio (SNR) and improve detection
sensitivity. To illustrate the importance of stable and cumulative high-repetition-rate proton beams
in XPIF, Figure 3.10 presents a comparison of X-ray spectra obtained from a Madder Lake Mock-
up, a wood finish historically used in Cremonese (Italy) bowed string instruments. This sample was
analyzed using XPIF with a 2-µm-thick tantalum target, which supports both PIXE and laser-driven
XRF due to its higher proton maximum energy and efficient X-ray production. Here are the key
observations from the X-ray emission spectra (Figure 3.10) :

— Single laser shot : The arsenic (As) peak at 10.54 keV is not detectable, indicating that a
single-shot signal is insufficient for clear peak identification.

— Accumulation over 50 laser shots : The arsenic peak becomes visible, demonstrating that
multi-shot accumulation significantly improves the SNR, making it possible to detect trace
elements in historical materials.

This example highlights the importance of stable, high-repetition-rate proton beam production for
analytical techniques demanding high signal quality. By optimizing target material and ensuring
consistent proton flux, XPIF becomes a powerful tool for historical material analysis, cultural heri-
tage preservation, and advanced compositional diagnostics. These results emphasize the need to
tailor target selection and refine multi-shot strategies to enhance X-ray signal detection for mate-
rials requiring enhanced X-ray signal detection.

3.5 Conclusion

Using a custom-designed multi-target holder, we have demonstrated that the ALLS 150 TW ion
acceleration beamline can reliably generate stable proton beams (and therefore ion beams) over
hundreds of consecutive laser shots in the TNSA regime. Despite inherent shot-to-shot fluctua-
tions, the proton yield and maximum energy remain highly consistent, making this setup well-suited
for high-repetition-rate applications such as laser-based PIXE and XPIF. Thinner metallic foils —
such as 2-µm tantalum and 1-µm copper — produce higher-energy protons and greater yields,
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whereas 4.5-µm aluminum offers the best long-term operational stability, which reduces alignment
errors and ensures better overlap with the laser over hundreds of shots. In contrast, PET foils ex-
hibit significant fluctuations, limiting plastic target use in precision contexts. The robustness of this
configuration, combined with fast alignment, enables efficient multi-shot sequences with minimal
drift, enhancing the reliability and repeatability of laser-based ion sources. These results represent
a significant improvement over previous stability benchmarks and underscore the potential of this
approach for advancing compact, high-repetition-rate laser–plasma accelerators. Ensuring such
stability is critical for further beamline optimization and for enabling other high-precision applica-
tions.
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FIGURE 3.8 : Proton yield versus foil thickness at two intensities.

(A) Mean proton yield at 1, 2, and 4 MeV (protons/MeV/sr) at laser intensity IL ∼ 1.3 × 1020 W.cm−2. (B) Total
number of protons per steradian [protons.sr−1]. Variations are calculated using the standard deviation over 200
laser shots for tantalum 2 µm, 168 for copper 1 µm, 113 for copper 3 µm, and 296 for aluminum 4.5 µm. These
figures have been adapted from Catrix et al. (2023), with the publisher’s permission.
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FIGURE 3.9 : Cut-off energy and proton yield at IL ∼ 3.3 × 1019 W.cm−2.

(A) Mean maximum proton energy at laser intensity IL ∼ 3.3 × 1019 W.cm−2; (B) Proton yield at 1 MeV at laser
intensity IL ∼ 3.3 × 1019 W.cm−2. Variations are calculated using the standard deviation over 200 laser shots
for tantalum 2 µm, 168 for copper 1 µm, 113 for copper 3 µm and 296 for aluminum 4.5 µm. These figures have
been adapted from Catrix et al. (2023), with the publisher’s permission.
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FIGURE 3.10 : X-ray spectra of a Madder Lake Mock-up.

(A) X-ray emission spectrum of a Madder Lake Mock-up (piece of wood) for one laser shot; (B) X-ray emission
spectrum of a Madder Lake Mock-up (piece of wood) cumulated over 50 consecutive laser shots. These figures
have been adapted from Catrix et al. (2023), with the publisher’s permission.
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4 PARAMETRIC CONTROL OF LASER-DRIVEN PROTON BEAMS
THROUGH LASER SPATIO-TEMPORAL SHAPING

Spatial phase distribution of the laser beam. Original image created by the author (Elias Catrix). No

external permission is required; use authorized by the author.



Foreword — This chapter presents a study of laser-driven proton acceleration using spatio-
temporal laser beam shaping in the Target Normal Sheath Acceleration (TNSA) regime. By em-
ploying 20 of the 48 actuators of a deformable mirror in combination with an acousto-optic pro-
grammable dispersive filter, we independently tailored the laser’s spatial wavefront and spectral
phase. Using 4.5-µm-thick aluminum targets, spatial shaping had a pronounced influence on pro-
ton beam quality, whereas temporal shaping produced only a marginal effect. We further identify
the maximum proton energy as a strong predictor of overall TNSA performance, establishing it as
an effective single-parameter lever for the global optimization of laser-driven proton sources.

4.1 Introduction

Stable and efficient particle acceleration in high-intensity laser–plasma interactions relies on pre-
cise control of the laser’s spatial and temporal properties, which govern hot-electron generation
and transport. The properties of these hot electrons, especially their temperature and the steep-
ness of local density gradients, ultimately control sheath strength and the resulting ion acceleration
(Wilks et al., 2001). The spatial properties of the laser, such as width, divergence, propagation,
and wavefront quality, are critical for achieving optimal focusing and efficient energy deposition
(Fourmaux et al., 2008). Additionally, temporal characteristics, including pulse duration, spectral
phase, and temporal contrast, also influence laser–matter coupling (Kaluza et al., 2004; Fuchs
et al., 2006; Fourmaux et al., 2011b; Dollar et al., 2013). This temporal structure dictates the likeli-
hood of pre-plasma formation, often triggered by pre-pulses or pedestal intensity, which can affect
hot electron energy absorption efficiency by modifying front-surface absorption and weakening the
rear-surface sheath field. Complementarily, target characteristics, such as composition, thickness,
surface cleanliness, and geometry, influence ion beam divergence, maximum energy, and overall
quality (Vallières et al., 2018; Catrix et al., 2023). Capturing these spatio-temporal dependencies
requires diagnostics capable of resolving both the temporal amplitude and phase of ultrashort laser
pulses (Trebino et al., 1997; Iaconis et al., 1998; Amplitude Laser, 2025b) as well as the laser wa-
vefront (Phasics, 2025). Such comprehensive measurements are essential for understanding and
controlling the mechanisms driving TNSA, ultimately enabling precise ion-acceleration dynamics
and consistent high-quality beam generation.

Building on these diagnostic insights, adaptive optics - particularly deformable mirrors (DMs) -
are commonly used to correct wavefront distortions and optimize the laser focus (Lei et al., 2012;
Lefaudeux et al., 2013; Holmes, 2022). By adjusting actuator voltages, DMs enable real-time cor-
rection of aberrations and can also be used to tailor the wavefront for specific interaction conditions
deliberately. When combined with spectral phase control using, for example, an acousto-optic pro-
grammable dispersive filter (AOPDF) in high-power laser experiments, this integrated approach
allows systematic tuning of the laser in both space and time.
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Together, these control tools set the stage for Machine learning (ML) approaches to efficiently ex-
plore and optimize TNSA performance. Neural network–based surrogate models have predicted
maximum proton energy and ion yield from laser intensity, focal position, target thickness, and
pre-plasma scale length, enabling rapid exploration of high-dimensional parameter spaces (Djord-
jević et al., 2021b; Schmitz et al., 2023). Stacked convolutional neural networks–Recurrent neural
networks models extended this to ion acceleration time, emphasizing the role of temporal pulse
shaping and pre-plasma gradients (Djordjević et al., 2021a), while neural networks with uncer-
tainty quantification predicted hot-electron generation from pulse-shaping parameters (Mariscal
et al., 2024). Moreover, statistical and Bayesian methods have linked laser energy, pulse duration,
and hot-electron properties to maximum proton energy and efficiency, with multivariate regression
providing predictive scaling laws above 100 MeV (Takagi et al., 2021; Desai et al., 2024). Moving to
online optimization, a closed-loop Bayesian optimization (BO) simultaneously tuned five Zernike-
mode wavefront aberrations and the target position relative to best focus to maximize proton beam
energy in real-time, achieving performance comparable to manual tuning with only 57% of the la-
ser energy (Loughran et al., 2023). Collectively, ML methods connect controllable laser and target
parameters to key TNSA performance metrics.

In this chapter, we systematically investigate the influence of spatio-temporal beam shaping on
laser-driven proton acceleration in the TNSA regime. By decoupling spatial and temporal degrees
of control, we evaluate their individual impact on key proton beam properties. Spatial shaping is
performed by adjusting 20 out of 48 actuators of a bimorph DM, while temporal shaping involves
tuning the Group Delay Dispersion (GDD, β2 [fs2]) and the Third-Order Dispersion (TOD, β3 [fs3])
(Ghigo et al., 2007) spectral phase terms using an AOPDF. Using a combination of experimental
measurements and numerical modeling with 4.5-µm-thick aluminum targets, we quantify how each
component influences laser-driven proton beam metrics. Importantly, our analysis reveals that un-
der our experimental conditions, maximum proton energy is the most sensitive and informative
metric that exerts the greatest influence on acceleration efficiency. This study thus clarifies the dis-
tinct roles of spatial and temporal shaping and supports the use of maximum energy as a reliable
single-parameter metric for guiding optimization strategies.

4.2 Deformable mirror actuators for wavefront control

DMs are a fundamental technology in adaptive optics, usually designed to correct wavefront distor-
tions in high-precision optical systems. They consist of a thin reflective membrane whose surface
can be actively controlled by an array of actuators. These actuators induce localized deforma-
tions, enabling real-time control of the mirror surface essential for precision applications such as
astronomical imaging, microscopy, and high-power laser systems. DM actuators can be electrosta-
tic (Bifano, 2011), piezoelectric (Kokorowski, 1979; Toporovskiy et al., 2019a), or magnetic (Biasi
et al., 2010), each offering distinct advantages in terms of response time, stroke range, and preci-
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sion. The piezoelectric DMs in turn could be divided into two large categories : bimorph (Zhu et al.,
2017; Kazasidis et al., 2018; Toporovskiy et al., 2019b) as the one available on the Advanced Laser
Light Source (ALLS) 150 TW ion beamline and stacked-actuator DMs (SADMs) (Wlodarczyk et al.,
2014; Samarkin et al., 2021).

4.2.1 Structure and working principle of deformable mirrors

A DM is composed of several key elements :

— Reflective membrane : A thin, highly polished metal-coated surface that reflects incoming
light. This membrane must be both flexible and resilient to withstand frequent shape changes.

— Actuator array : Distributed beneath the membrane, these actuators push or pull the surface
to compensate for wavefront distortions.

— Control system : A feedback mechanism that computes the necessary corrections based
on wavefront sensor (WFS) data and adjusts the actuators’ pushing forces accordingly.

— Support structure : A base that holds the actuators and provides mechanical stability.

A sketch of a typical bimorph DM is shown in Figure 4.1. The deformation of the mirror surface
allows correction of wavefront errors (see Figure 4.2), ensuring an optimal focal spot and reducing
distortions due to atmospheric turbulence or optical aberrations in telescopes for example.

FIGURE 4.1 : Structure of a bimorph deformable mirror.

1 : Substrate with a reflective coating = Reflective membrane, 2 : Grounding electrode, 3 : Piezoceramic disk,
and 4 : Actuator array.
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FIGURE 4.2 : Working principle of a DM.

4.2.2 Types of actuators used in deformable mirrors

Actuators are the essential components that enable shape modulation of the DM. Among the
different types, electrostatic actuators (Zamkotsian et al., 2006) are widely used due to their high
resolution, fast response time, and low power consumption. These actuators operate based on
electrostatic attraction between a movable membrane and a fixed electrode, allowing for fine control
over mirror deformation. However, their performance is constrained by a limited stroke range, which
restricts the maximum displacement, and their susceptibility to voltage breakdown, which can affect
long-term reliability. Despite these limitations, electrostatic actuators are particularly well-suited for
applications requiring high-precision wavefront correction, such as adaptive optics in astronomy
and compact optical systems. Their ability to provide rapid and highly accurate deformations makes
them a key component in modern optical engineering.

Magnetic actuators (Cugat et al., 2001; Fernández et al., 2006) utilize the interaction between
current-carrying conductors and a magnetic field to generate displacement, making them a va-
luable technology for DMs requiring large and precise shape adjustments. One of their key advan-
tages is their large stroke range, which allows them to correct significant optical aberrations that
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other actuator types may struggle to address. Additionally, they exhibit a highly linear response and
low hysteresis, ensuring consistent and predictable performance. However, these benefits come at
the cost of a relatively slower response time compared to electrostatic or piezoelectric actuators,
as well as a bulkier design that demands more physical space within optical systems. Despite
these limitations, magnetic actuators are particularly well-suited for applications such as correcting
atmospheric distortions in ground-based telescopes, where maintaining high image quality over
varying observing conditions is critical.

Piezoelectric actuators (Kanno et al., 2007; Toporovskiy et al., 2022) are a widely utilized techno-
logy in DMs due to their ability to generate substantial force and induce significant mirror deforma-
tions with high precision. These actuators operate based on the piezoelectric effect, where certain
materials change shape in response to an applied electric field (or tension), exerting force on the
mirror membrane. Their key advantages include high force output, fast response times in the sub-
millisecond range, and excellent repeatability, making them suitable for dynamic wavefront control.
However, their performance can be limited by hysteresis effects, which necessitate compensation
strategies, and prolonged operation may induce material fatigue. Despite these constraints, pie-
zoelectric actuators remain widely used in high-power laser systems due to their fast response
and high precision. In this context, a piezoelectric bimorph DM equipped with 48 actuators, each
operable within a voltage range of [–200 V, +200 V], was integrated into the ALLS 150 TW beamline
to enable fine wavefront control and optimization.

4.2.3 Traditional bimorph deformable mirror

The design of a conventional bimorph DM has been presented in Figure 4.1. It consists of a pas-
sive substrate made of glass, silica, or copper and an active piezodisk firmly glued to the substrate.
There is one “ground” electrode between the substrate and the piezodisk and a set of electrodes
(actuators) placed on the outer surface of the piezodisk to reproduce various aberrations (Alek-
sandrov et al., 2004). When some voltage is applied to the control electrodes, the transverse pie-
zoelectrical effect provides the mirror bend. If we consider, for example, a piezoceramic disk with
surface S, then the change of surface ∆S for this shape is defined as :

Equation 4.1 : Surface deformation of a bimorph piezoelectric disk

∆S = 2V Sd13
t

(4.1)

where d13 is the transverse piezoelectric coefficient quantifying how effectively the piezoceramic
disk translates a vertical electric field into horizontal mechanical strain. Thus, it tells you how much
radial strain (e.g., lateral deformation or displacement) results from an electric field applied across
the thickness of the material. It usually comes from manufacturer datasheets obtained via defined
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standards on piezoelectricity (Cain et al. (2014)). V is the applied voltage, and t is the thickness of
the piezoceramic disk.

Bimorph DMs are particularly advantageous in laser-plasma acceleration experiments due to their
high reliability, ease of integration, and ability to achieve large stroke deformations of the mirror
surface. Bimorph DMs remain functional even in the event of individual electrode failure and de-
form in response to voltages applied to large, continuous electrodes that span broad regions of the
mirror surface. Each electrode induces a global, smooth deformation, which resembles a specific
optical aberration or mode (Roddier, 1988). This contrasts with "zonal" control (like in MEMS or
stacked-actuator DMs), where each actuator affects a small, localized area independently. This
makes bimorph DMs well-suited for compensating low-order wavefront aberrations, which is cru-
cial for optimizing laser intensity distribution and focal spot quality in high-power laser systems (Lee
et al., 2006; Samarkin et al., 2015). However, their primary limitation lies in their comparatively low
spatial resolution, which restricts their ability to correct high-order aberrations in the wavefront.
Addressing this issue requires increasing the density of control electrodes on the piezoceramic
surface while minimizing insulation gaps, a trade-off that results in smaller electrode sizes and a
corresponding decrease in the peak-to-valley deformation of each actuator. Maintaining an ade-
quate local stroke necessitates reducing the mirror substrate thickness, which, in turn, increases
the complexity of manufacturing, particularly in achieving high-quality mirror surface polishing. Des-
pite these challenges, bimorph DMs remain a promising tool for enhancing laser-plasma interaction
control, thereby contributing to more stable and efficient ion acceleration.

The curvature of a DM surface depends on different parameters and is given by the following
equation (Ellis, 1999) :

Equation 4.2 : Radius of curvature of a bimorph deformable mirror

ρsemi = 1
R

=
(

d13Emax
t1

) 6kr(1 + r)
1 + k2r4 + 2kr(2 + 3r + 2r2) (4.2)

where ρsemi is the radius of curvature, Emax is the electric field, and r = t2/t1, t1 and t2 are
the thicknesses of the piezoceramic plate and mirror substrate, respectively, and k = E2/E1, E1

and E2 are the Young’s moduli of the piezoceramic material and substrate material, respectively.
Here, the Poisson’s coefficient (a material’s property that describes the ratio of transverse strain
to axial strain when a material is stretched or compressed) is assumed to be the same for both
materials and therefore does not appear in Equation 4.2. The curvature of a bimorph DM arises
from the strain mismatch between the bonded piezoceramic and substrate layers when an electric
field is applied. The term d13Emax

t1
quantifies the strain induced per unit thickness in the active

layer, directly contributing to the overall bending. The fractional expression modulating this term
captures the mechanical coupling governed by the relative thickness (r = t2

t1
) and stiffness (k =

E2
E1

) of the two materials. Maximum curvature is obtained by minimizing the piezo layer thickness
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(t1 ↓ ), maximizing the piezoelectric coefficient (d13) and electric field (Emax), and optimizing the
mechanical ratios r and k.

The sensitivity Sb of the round bimorph DM could be expressed as the ratio between applied voltage
and stroke of the mirror surface as :

Equation 4.3 : Sensitivity of a round bimorph deformable mirror

Sb = d2

8RV
= d2

4t2
2
d13 (4.3)

where d is the diameter of the piezoceramic disk. The first expression for sensitivity reflects the
relationship between mirror stroke and curvature, with stroke proportional to d2

8R , a standard result
for spherical cap deformation. Substituting the radius of curvature R, derived from the piezoe-
lectric bending model, leads to a simplified second form involving only the substrate thickness t2

and the piezoelectric coefficient d13, under the assumption of a strong mechanical asymmetry bet-
ween layers. A larger mirror diameter or a thinner substrate results in greater sensitivity. Sensitivity
improves with a high d13 and a small t2, aligning with more compliant mirror designs. Thin piezoe-
lectric layers combined with stiff substrates enable larger curvatures and enhance the possibilities
for wavefront shaping. The sensitivity Sb is essential for selecting the actuator voltage range nee-
ded to achieve a desired stroke, making this framework critical in the design and calibration of DMs
for adaptive optics applications.

In summary, real-time wavefront correction depends on the tight integration of precise sensing
and reliable modulation. At our facility, this modulation is provided by a traditional bimorph DM,
which adjusts the optical wavefront via voltage-controlled surface deformations. Its performance,
however, hinges on real-time feedback from a high-resolution WFS (a SID4 WFS from Phasics),
completing the formation of a closed-loop system enabling wavefront shaping.

4.2.4 SID4 wavefront sensor from Phasics : Real-time feedback in adaptive optics

The SID4 WFS, developed by Phasics, is a high-resolution Quadriwave Lateral Shearing Interfe-
rometry (QWLSI)-based WFS designed to measure and analyze optical wavefronts in real time
(Chanteloup, 2005). This method whose principle is shown in Figure 4.3, operates as follows :

1. Diffractive grating encoding : The incoming beam passes through a specialized diffraction
grating (MHM), creating multiple replicas of the wavefront.

2. Interference Pattern Formation : These replicas interfere at a fixed lateral shear on a detec-
tion plane, generating an interferogram recorded by a high-resolution CCD or CMOS sensor.

3. Phase gradient measurement : By analyzing the spatial phase gradients from the interfe-
rogram, the wavefront is reconstructed.
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4. Wavefront reconstruction : Using proprietary reconstruction algorithms, the absolute wave-
front phase map is obtained, allowing detailed characterization of optical aberrations in both
Zernike and Legendre formalisms.

FIGURE 4.3 : Quadriwave Lateral Shearing Interferometry.

This figure has been adapted from Song et al. (2024), with the publisher’s permission.

The wavefront phase W (x, y) is obtained by integrating the measured phase gradients :

Equation 4.4 : Wavefront phase reconstruction

W (x, y) =
∫

∇W dx dy (4.4)

where W (x, y) represents the wavefront phase, and ∇W is derived from the measured intensity
gradients.

At the ALLS 150TW facility, the SID4 wavefront sensor (WFS) based on quadriwave lateral shea-
ring interferometry (QWLSI) is coupled with a bimorph deformable mirror (DM) in a closed-loop
configuration to correct optical aberrations. The real-time feedback loop operates as follows :
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1. Initial wavefront measurement : The WFS captures the uncorrected wavefront profile
ϕ0(x, y) of the laser beam. The RMS wavefront phase error is computed as

RMS =
( 1

|Ω|

∫
Ω

[ϕ0(x, y) − ϕref(x, y)]2 dA

)1/2
,

where ϕref represents the desired (typically planar) wavefront and Ω the sensor aperture.

2. DM calibration : The calibration process establishes the influence matrix M that links ac-
tuator voltages to measured phase changes. A known voltage is sequentially applied to each
actuator, and the resulting phase deformation is recorded by the WFS. Assuming a linear mir-
ror response, M can later be inverted to compute the voltages required to produce a specific
corrective phase map.

3. Actuator adjustment and response measurement : The measured wavefront is decompo-
sed into a modal basis, typically a set of Zernike polynomials Zj(x, y) :

ϕk(x, y) ≈
J∑

j=1
a

(k)
j Zj(x, y),

where a
(k)
j are the modal coefficients at iteration k. Low-order aberrations (tilt, defocus, astig-

matism, coma, spherical) are compensated first. The DM voltages are updated to minimize
the RMS error according to a regularized least-squares criterion :

∆V =
(
M⊤M + λ2I

)−1M⊤(ϕref − ϕk),

followed by a conservative update Vk+1 = Vk + g ∆V with a gain factor 0 < g ≤ 1.

4. Instantaneous correction validation : After each voltage update, the new wavefront ϕk+1

is measured, and the residual RMS error is evaluated. The loop continues until the RMS
convergence criterion ∆RMS < ϵ is reached or the target RMS value is achieved.

5. Optimized configuration determination : The final actuator voltage vector corresponds to
the configuration that minimizes aberrations according to the RMS wavefront phase error.

In practice, convergence is typically achieved within a few iterations, yielding a near-diffraction-
limited beam quality.

The quantitative impact assessment of different DM actuator configurations relies on wavefront
quality metrics, such as :

— Peak-to-Valley (PtV) wavefront error : The maximum optical path difference between the
highest and lowest points of the wavefront. It is sensitive to localized aberrations but does not
provide a statistical measure of overall wavefront quality.
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— RMS wavefront error : The square root of the spatial average of the squared deviations
from a reference wavefront, often a plane. It offers a robust statistical indicator of the overall
wavefront distortion and is less affected by isolated defects than PtV.

— Strehl ratio : The ratio of the peak intensity of the actual point spread function (PSF) to that
of an ideal, aberration-free system. It provides a normalized measure (ranging from 0 to 1) of
optical quality, with values above 0.8 typically considered diffraction-limited.

The Strehl ratio can be approximated for values above 0.3–0.4, as expressed by Mahajan (1983) :

Equation 4.5 : Strehl ratio in the Fraunhofer approximation

Strehl Ratio = exp
[
−(2πσϕ)2

]
(4.5)

where σϕ is the RMS wavefront phase error.

At the ALLS 150 TW facility, the SID4 wavefront sensor plays a pivotal role in the real-time charac-
terization and optimization of the laser beam wavefront before target interaction. Its high-resolution
phase retrieval enables the accurate detection and correction of aberrations induced by optical
components or thermal effects, and supports precise wavefront tailoring through DM actuation.
In contrast to traditional Shack–Hartmann sensors or Fizeau interferometers (see Figure 4.4),
the SID4 achieves a nanometric phase resolution < 2 nm RMS and an absolute accuracy of
∼20 nm RMS over a ∼10 mm pupil, as specified by the manufacturer. The dynamic measure-
ment range reaches up to ∼ 500 µm PtV, which enables simultaneous detection of small resi-
dual aberrations and large-scale distortions within a single acquisition. By comparison, high-quality
Shack–Hartmann sensors typically offer phase resolutions of 10–20 nm RMS with dynamic ranges
below 50–100µm PtV, limited by microlens pitch and spot centroiding accuracy, while Fizeau in-
terferometers, although capable of λ/200 (≃4 nm at 800 nm) accuracy, require vibration isolation
and are less suited for single-shot or high-power environments. The SID4 thus combines the nano-
metric precision of interferometry with the robustness and temporal resolution of imaging sensors,
making it ideally suited for closed-loop feedback control in adaptive wavefront shaping experiments.
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FIGURE 4.4 : Comparison of wavefront sensing techniques.

This figure has been adapted from Phasics (2025), with the publisher’s permission.

4.3 Pulse characterization and compression

Precise characterization of ultrashort laser pulses is critical for understanding and controlling light-
matter interactions in high-intensity regimes. Conventional techniques such as FROG (Trebino
et al., 1997) and SPIDER (Iaconis et al., 1998) suffer from limitations in temporal resolution and
require complex phase retrieval algorithms. On the ALLS 150 TW beamline, optimal pulse cha-
racterization is achieved by using a Wizzler (Amplitude Laser, 2025b) device developed by Fast-
lite to measure the spectral phase of the laser pulse and dynamically adjust it via feedback to a
Dazzler AOPDF developed by Fastlite. The Dazzler is inserted between the two CPA stages as
a spectral-phase and dispersion management tool. It’s not for compression itself, but for program-
mable pre-compensation and shaping before the final amplification and compression. Thus, the
Dazzler allows dynamic adjustment of dispersion (β2, β3, ...) and spectral phase shaping. This is
critical for :

— Optimizing pulse duration after final compression.

— Pre-compensating for known material dispersion in downstream optics (mirrors, compressor
gratings, target chamber windows).

— Tailoring the temporal profile of the pulse.

The Wizzler is an advanced pulse measurement system specifically designed for precise spec-
tral phase characterization of amplified ultra-short, near-Fourier-transform-limited laser pulses. It
utilizes Self-Referenced Spectral Interferometry (SRSI), a patented technique developed by FAST-
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LITE. It is single-beam, single-shot, and delivers both spectral phase and amplitude measure-
ments, i.e, the complete temporal characterization of an ultrashort pulse.

An ultrashort laser pulse in the spectral domain is given by :

Equation 4.6 : Spectral representation of an ultrashort laser pulse

E(ω) = |E(ω)| eiϕ(ω) (4.6)

where |E(ω)| is the spectral amplitude and ϕ(ω) is the spectral phase.

The spectral phase can be expanded as :

Equation 4.7 : Spectral phase expansion around the central frequency

ϕ(ω) = ϕ0 + τg(ω − ω0) + β2
2 (ω − ω0)2 + β3

6 (ω − ω0)3 + . . . (4.7)

where :

— τg is the group delay describing how different frequency components travel through the optical
system. If all frequency components are delayed by the same τg, the pulse maintains its
shape. Only its arrival time shifts.

— β2 = dτg

dω is the GDD and describes how fast the group delay changes with frequency, intro-
ducing pulse broadening (linear chirp),

— β3 = d2τg

dω2 is the TOD which causes asymmetric pulse distortions.

SRSI enables direct retrieval of the spectral phase of an ultrashort pulse by utilizing Cross-
Polarized Wave (XPW) generation as a self-referenced phase measurement. The resulting interfe-
rogram encodes phase-dependent modulations :

Equation 4.8 : Interferometric spectral intensity retrieved by SRSI

I(ω) = |E(ω)|2 + |EXPW(ω)|2 + 2 |E(ω)| |EXPW(ω)| cos
(
∆ϕ(ω)

)
, (4.8)

where EXP W (ω) is the XPW-generated reference pulse and ∆ϕ(ω) = ϕ(ω) − ϕXP W (ω) is the
relative phase.

Applying a Fourier-domain filtering technique allows direct retrieval of the spectral phase ϕ(ω),
eliminating the need for iterative phase retrieval algorithms such as those used in SPIDER or
FROG.
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4.4 Working mechanism of the Wizzler

4.4.1 Temporal pulse reconstruction

To measure the duration of ultrashort laser pulses with a Wizzler device, a fraction of the input
beam generates a reference pulse through XPW generation in a nonlinear crystal. The XPW pulse
has a broader spectrum and a flatter spectral phase than the original pulse. In parallel, a delayed
replica of the input pulse is created using a birefringent plate. The XPW pulse and the replica
interfere at the spectrometer, producing a spectral interferogram. By applying Fourier-Transform
Spectral Interferometry (FTSI) (Lepetit et al., 1995; Dorrer et al., 2001) analysis, the Wizzler re-
trieves both the spectral phase and spectral amplitude of the input pulse, and reconstructs its
temporal profile. From the extracted spectral phase, dispersion coefficients such as β2, β3, and
higher orders can be precisely determined.

4.4.2 Experimental implementation

The Wizzler is typically integrated into the laser chain as follows :

1. A small fraction of the laser beam is picked off and directed to the Wizzler diagnostic line.

2. The device retrieves the spectral phase and reconstructs the corresponding temporal profile,
including the pulse duration.

3. These measurements are then used to refine and apply the desired spectral phase correc-
tions through the Dazzler.

4.4.3 Spectral phase compensation using the Dazzler

The Dazzler is used to shape the spectral phase of the ALLS laser. The core mechanism relies
on acousto-optic interaction in a birefringent crystal. A radio-frequency (RF) signal, modulated in
time, generates a traveling acoustic wave along the crystal’s z-axis. This acoustic wave forms a
dynamic volume grating whose local spatial frequency varies along the z-axis and encodes the
RF signal shape. When a chirped optical pulse (initially in the ordinary polarization) enters the
crystal, each optical frequency ω encounters a specific grating region z(ω) where phase-matching
is satisfied. At that location, part of the light is diffracted into the extraordinary polarization. This
frequency-selective diffraction causes each spectral component to be delayed differently because
the group velocities of the ordinary and extraordinary polarizations are not the same. The result
is a programmable spectral phase and amplitude modulation of the optical pulse. By tailoring the
RF waveform, the Dazzler allows for precise control over GDD, TOD, and even higher-order spec-
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tral phase terms. Figure 4.5 illustrates the interaction between a chirped acoustic wave and an
ultrashort optical pulse, highlighting the frequency-dependent diffraction and induced group delay.

FIGURE 4.5 : Dazzler principle in CPA laser.

Setup of an ultrafast CPA laser with a Dazzler. (B) Explanation of the Dazzler principle in terms of group delay
control. These figures have been adapted from the Dazzler user manual : Amplitude Laser (2019), with the
publisher’s permission.

The group delay τg applied to the diffracted pulse can be expressed by Tournois (1997) :

Equation 4.9 : Group delay induced by the Dazzler crystal

τg(ω) = ngo(ω)
c

z(ω) + nge(ω)
c

(
L − z(ω)

)
, (4.9)

where ngo and nge are respectively the ordinary and extraordinary group indexes along the propa-
gation direction, c the speed of light and L the crystal length.

Controlling for each optical frequency ω, the position z(ω) where ω is diffracted enables control of
the pulse group delay. The amplitude of the output pulse is controlled by the acoustic power at
position z(ω).

4.5 Experimental setup to perform Target Normal Sheath Acceleration

Experiments were conducted on the laser-driven ion acceleration beamline at the Institut national
de la recherche scientifique (INRS) in Varennes, Canada, using the 150 TW Ti : Sapphire laser
system at the ALLS facility (Vallières et al., 2020). The experimental setup is depicted in Figure
4.6. This dual-stage CPA system delivers 3.2 J on target with a minimum pulse duration of 22
fs at 800nm. Temporal shaping was achieved with a Dazzler AOPDF, enabling independent tu-
ning of GDD and TOD, and a closed-loop Wizzler–Dazzler system was first used for optimization
through dispersion control of the pulse duration from 32 fs to 22 fs. In our setup, the Wizzler is
positioned on a diagnostic arm that samples a small fraction of the main beam after the compres-
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sor, and therefore after both the DM and the Dazzler. This configuration ensures that the spectral
phase characterization includes all dispersive and corrective elements acting on the beam before
focusing and target interaction, providing an accurate measurement of the pulse as delivered to
the experimental area. Downstream, spatial wavefront shaping is performed using a piezoelectric
bimorph DM (Figure 4.7) from AKAOptics, equipped with 48 actuators operating over a [-200 V,
+200 V] range. The laser beam’s spatial profile is optimized through a closed-loop configuration
that couples the DM with a SID4 WFS from Phasics, iteratively minimizing the RMS wavefront error
to achieve a near-flat-wavefront spot. Combined with the shortest pulse duration (22 fs), it defined
the reference setup from which independent variations in spatial and temporal shaping of TNSA
were explored. Finally, the beam is directed toward the target and tightly focused by an f/3 off-axis
parabola to a focal spot size of approximately 5 µm, reaching a peak intensity of I0 ∼ 1.3 × 1020

W.cm−2. To ensure good temporal contrast, the laser pulse undergoes XPW generation before final
compression, resulting in an amplified spontaneous emission contrast better than 10−10 at -100 ps
before the main pulse, and a steep power rise with contrast below 10−6 at -3 ps.

FIGURE 4.6 : Experimental setup layout.
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FIGURE 4.7 : Layout of the 48 actuators on the DM.

The 48 actuators on the deformable mirror are used for laser wavefront control. Actuators are numbered from
0 to 47, with those utilized for the analysis highlighted in red (actuators 0–19). Actuator 0 corresponds to the
global defocus mode, which translates the entire mirror surface forward or backward.
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The experiment employed p-polarized laser pulses incident at an angle of 20◦ relative to the tar-
get normal to irradiate 4.5-µm-thick aluminum foils, thereby generating ion beams via the TNSA
mechanism. Targets were mounted on a multi-target holder capable of accommodating up to 400
targets, allowing for high-throughput operation at a repetition rate of 0.625 Hz (Catrix et al., 2023).
The target was precisely positioned at the laser focus to ensure consistent interaction conditions.
Ion spectra were measured shot-by-shot using a Thomson parabola spectrometer (TPS) coupled
with a microchannel plate (MCP) detector. Additional details on the diagnostic configuration and
experimental setup can be found in Catrix et al. (2023) and Vallières et al. (2020).

4.6 Methodology : Proton beam characterization and adaptive laser parameter tu-
ning

The properties of laser-driven proton beams, such as energy distribution, yield, and spectral shape,
are sensitive to the laser spatio-temporal aspect at the time of interaction, making precise para-
meter optimization essential for improving proton beam quality and stability. For each laser shot,
key performance metrics are extracted from the ion spectra recorded by the TPS using a custom
Matlab code (see Chapter 3).

The total proton yield per steradian (Ntot [protons.sr−1]) is obtained by integrating the proton yield
d2N
dEdΩ [protons.MeV−1.sr−1] over energy :

Equation 4.10 : Energy-integrated proton yield

Ntot =
∫

d2N

dE dΩ dE , (4.10)

with E [MeV] the proton energy, N [protons] the total number of protons and Ω the solid angle
occupied by the laser-driven proton beam.

The total proton energy, Etot [MeV], is computed by weighting the proton distribution by energy,
providing an estimate of the overall energy carried by the beam (Snavely et al., 2000; Wilks et al.,
2001) :

Equation 4.11 : Total proton beam energy

Etot =
∫∫

d2N

dE dΩ E dE dΩ (4.11)

The maximum proton energy (cut-off energy), Ep,max [MeV], typically defined experimentally as
the proton energy located at the midpoint of the final slope in the spectrum, serves as a crucial
parameter in assessing the efficiency of the acceleration mechanism (Fuchs et al., 2006; Robson
et al., 2007; Flippo et al., 2008; Zeil et al., 2010).
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The mean proton energy, Ē [MeV], characterizes the average energy of the proton beam and is
given by :

Equation 4.12 : Mean proton energy

Ē =
∫∫ d2N

dE dΩ E dE dΩ
Ntot

(4.12)

Similarly, the second-order moment in energy (Ē2 [MeV2]) is defined as :

Equation 4.13 : Second-order moment in energy

Ē2 =
∫∫ d2N

dE dΩ E2 dE dΩ
Ntot

(4.13)

Both Ē and Ē2 play a significant role in defining the energy distribution width and spectral shape.

Additionally, the hot electron temperature Thot, inferred from the slope of the proton spectrum
on a logarithmic scale, provides a crucial link between laser-plasma interaction physics and the
acceleration process (Mora, 2003; Fuchs et al., 2006; Passoni et al., 2010).

These metrics collectively enable a comprehensive analysis of proton beam properties, guiding
optimization efforts in TNSA experiments.

To enable high-repetition-rate laser-driven ion acceleration at 0.625 Hz while actively tuning laser
parameters, an adaptive feedback system has been implemented to adjust the voltages of the DM
dynamically. The DM control system was developed in MATLAB using the SID4 OASys software
development toolkit from Phasics. Before each laser shot, a specific DM voltage configuration is
applied, shaping the wavefront before the laser pulse interacts with the target. To facilitate the
configuration and deployment of DM settings, a custom MATLAB GUI was developed. This GUI
enables users to modify actuator voltages, load mirror drivers, monitor high-voltage status, and
generate voltage maps. It also provides options to define actuator ranges, voltage limits, and step
sizes, offering experimental flexibility. Simultaneously, the Dazzler is remotely controlled via a ser-
vor to perform shot-to-shot spectral phase shaping at the same 0.625 Hz repetition rate, allowing
independent tuning of GDD and TOD.

4.6.1 Dispersion-induced variations in proton beam metrics

In the context of ultrafast optics, the electric field of an initially Fourier-limited Gaussian pulse in the
frequency domain is given by :
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Equation 4.14 : Electric field of a Fourier-limited Gaussian pulse in the spectral domain

Ẽ(ω) = E0 exp
[
−(ω − ω0)2

2∆ω2
0

]
(4.14)

where ω0 is the central angular frequency and ∆ω0 is the spectral width (related to the FWHM pulse
duration via τ0 = 2

√
ln 2

∆ω0
). When a spectral phase ϕ(ω) is applied, such as through a dispersive

medium or an AOPDF, the modified spectrum becomes :

Equation 4.15 : Modified electric field spectrum through a dispersive medium

Ẽout(ω) = Ẽ(ω) exp[iϕ(ω)] (4.15)

where the spectral phase is typically expanded in a Taylor series around ω0 and dominated by its
second- and third-order terms. In the weak-dispersion regime, the output pulse duration τout can
be estimated using the second-moment method :

Equation 4.16 : Output pulse duration after dispersion through a Dazzler

τout = τ0

√√√√1 +
(4 ln(2) β2

τ2
0

)2
+
(

4(ln(2))3/2 β3
τ3

0

)2

(4.16)

where :

— τ0= 22 fs : Initial transform-limited pulse duration (FWHM), i.e., the shortest possible duration
with minimal spectral phase distortion.

— β2 : GDD applied by the Dazzler, in fs2.

— β3 : TOD applied by the Dazzler, in fs3.

— 4 ln(2), (ln(2))3/2 : Constants arising from the relation between FWHM and RMS duration for
a Gaussian temporal profile.

This formula is derived under the assumption of small spectral phase distortions and remains valid
in the weak dispersion regime, typically for |β2| ≪ τ2

0 and |β3| ≪ τ3
0 . For each set of dispersion

values β2 and β3 applied by the Dazzler, the resulting pulse duration τout of the modified pulse is
determined by fitting a Gaussian function to its temporal intensity profile even if TOD introduces
asymmetric distortions and create sub-structures or satellite pulses due to phase oscillations in
the spectral phase. Figure 4.8 illustrates the temporal broadening of the ALLS 150 TW laser pulse
across a range of β2 and β3 values due to the spectral phase imparted by the Dazzler. These
values were used to guide the laser pulse shaping conditions applied in the experiment.

Although a Gaussian pulse shape is exact only for transform-limited pulses with symmetric tempo-
ral profiles, it remains a convenient and consistent metric to extract an effective duration τout from
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experimental or simulated traces. In our analysis, the temporal intensity I(t) is systematically fitted
using a skewed-Gaussian model :

Equation 4.17 : Skewed-Gaussian temporal intensity profile

I(t) = I0 exp
[
−4 ln(2)

(
t − t0
τout

)2
] [

1 + erf
(

s
t − t0
τout

)]
(4.17)

where I0 is the peak intensity, t0 the temporal centroid, τout the full width at half maximum (FWHM)
of the Gaussian envelope, and s a skew parameter. The fitted width τout is reported as the “pulse
duration” for comparison between dispersion settings, while the skew parameter s captures tem-
poral asymmetry. This two-parameter fit provides a robust description of the main pulse even in
the presence of higher-order spectral phase, such as TOD, which can generate pre-pulses, post-
pulses, or asymmetric wings.

Figure 4.9 illustrates representative temporal intensity profiles obtained for different β2 and β3 va-
lues applied by the Dazzler. The extracted parameters τout and s allow direct visualization of both
the broadening and asymmetry trends across the dispersion scan.

FIGURE 4.8 : Pulse duration vs β2 and β3.

Temporal broadening, or increasing pulse duration, of ALLS 150 TW laser pulse after travelling through the
Dazzler crystal, plotted as a function of β2 and β3.

In this experiment, we performed a sensitivity analysis of proton beam metrics as a function of
the laser pulse’s spectral phase, specifically the β2 and β3. By systematically varying β2 within the
range [-1250,1250] fs2 and β3 from -7000 to 7000 fs3 using the Dazzler, we assess the impact
of temporal pulse shaping on proton beam generation. Prior to the experimental campaign, the

139



FIGURE 4.9 : Asymmetric Gaussian fits of pulse intensity profiles.

Intensity profiles fitted with an asymmetric Gaussian model, defined by an effective pulse duration τout and a
skewness parameter s. The comparison illustrates how increasing s leads to stronger temporal asymmetry and
a sharper rising edge, while larger τout values broaden the overall envelope.

range of Dazzler parameters (e.g., GDD and TOD extrema) to be explored was carefully identified
to ensure machine safety and spectral integrity. Each configuration was pre-calculated to confirm
that the applied phase would not introduce discontinuities or spectral holes in the laser pulse spec-
trum. This preventive step ensured that only physically consistent and optically safe settings were
uploaded to the Dazzler before firing high-power shots.

Moreover, to evaluate the influence of temporal pulse shaping on proton beam metrics in our expe-
rimental setup, two key statistical metrics are used to assess whether temporal pulse shaping via
GDD and TOD is relevant for further TNSA optimization efforts. The mean shot-to-shot standard
deviation, denoted as σsts, characterizes the average fluctuation in proton beam metrics across
repeated laser shots, providing a measure of the system’s intrinsic temporal stability. For each
combination of β2 and β3, 3 consecutive measurements were acquired. The standard deviation
was first calculated across these 3 shots for each dispersion setting referred to as σi. The mean
variability over all configurations was then computed as :

Equation 4.18 : Mean shot-to-shot standard deviation of proton beam metrics

σsts = 1√
N

√√√√ N∑
i=1

σ2
i (4.18)

where :
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— σi denotes the standard deviation calculated over 3 laser shots for the i-th β2-β3 combination,

— N=114 is the total number of tested β2-β3 combinations.

The second statistical metric quantifies the variability of mean proton beam metrics across all
tested β2–β3 configurations. Denoted as σconfig, this metric reflects how much the average beam
performance varies from one dispersion setting to another. It is defined as :

Equation 4.19 : Configuration-to-configuration variability of proton beam metrics

σconfig = 1√
N

√√√√ N∑
i=1

(x̄mean − x̄i)2 (4.19)

where :

— x̄i is the mean value of the proton beam metric for the i-th β2–β3 combination (averaged over
3 shots),

— x̄mean is the overall average across all configurations,

— N=114 is the total number of tested β2-β3 combinations.

This metric provides a measure of the spread in average beam performance across configurations,
offering insight into the sensitivity of the acceleration process to spectral phase shaping.

Table 4.1 shows that σsts is nearly identical or higher than σconfig regardless of the proton beam
metric, it suggests that the variability within individual β2-β3 combinations is similar or higher to
the variability across different β2-β3 combinations. This indicates that changing β2 and β3 does not
introduce much additional variability beyond the inherent fluctuations in the system and that the
spectral phase changes do not have a strong systematic effect on the TNSA efficiency across the
explored β2-β3 parameter space.

TABLE 4.1 : Sensitivity of proton metrics to temporal dispersion.

Proton beam metrics σsts σconfig σconfig/σsts

Ntot [1010 protons·sr−1] 0.77 0.61 0.79

Etot [J] 2.62 × 10−3 2.31 × 10−3 0.88

Ep,max [MeV] 0.32 0.35 1.09

Ē [MeV] 8.06 × 10−2 6.56 × 10−2 0.81

Ē2 [MeV2] 0.64 0.65 1.02

Statistics on the sensitivity of proton beam metrics to temporal dispersion. Comparison of shot-to-shot stan-
dard deviation (σsts), across-configuration variability (σconfig), and their ratio for each metric as a function of
GDD and TOD.
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4.6.2 Sensitivity analysis of proton beam metrics concerning deformable mirror ac-
tuator voltages

First, a matrix of 360 DM configurations was generated by varying the voltages of actuators 0–19
within the range [-80 V, 80 V], using Latin Hypercube Sampling (LHS) (Shields et al., 2016; Hel-
ton et al., 2003) to ensure diverse and well-distributed coverage of the 20-dimensional parameter
space. These variations were applied on top of the initial configuration provided by the SID4 wave-
front sensing software, serving as the baseline for further adjustments. Subsequently, systematic
variations were introduced to the first 20 actuators, and each resulting configuration was tested
experimentally to evaluate the correlation between DM voltages and key proton beam metrics.

The correlation matrix in Figure 4.10.A highlights that only a small subset of the 20 DM actuators
significantly influence the main proton beam metrics. Among them, Actuator0 stands out, showing
consistently strong positive correlations with values exceeding 0.8 for Ep,max, Ē , Ē2, Etot and Thot.
Its absolute average correlation across all metrics (Figure 4.10.B) is substantially higher than that
of the other actuators, indicating that it has a dominant effect on the effective intensity delivered on
target. Actuator1, and to a lesser extent Actuator16 and Actuator3, also show moderate influence,
while the remaining actuators have minimal impact. This suggests that the system is susceptible
to a reduced set of actuators, enabling efficient optimization even within a lower-dimensional para-
meter space. Moreover, Figure 4.11 shows weak inter-actuator correlations (<|0.17|), suggesting
that most actuators function independently with minimal mutual influence.
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FIGURE 4.10 : Actuator–proton metric correlation analysis.

(A) Correlation matrix heatmap showing the Pearson correlation coefficients between the first 20 actuators of
the DM — corresponding to the central region of the mirror surface as defined in Figure 4.7 — and the main
proton beam metrics. The values represent the strength and direction of the linear correlation. (B) Average
absolute correlation of each DM actuator with all proton beam metrics.
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FIGURE 4.11 : Correlation matrix of DM actuators.

Correlation matrix heatmap showing the Pearson correlation coefficients between the 20 actuators of the DM.
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Figure 4.12.A presents a correlation analysis among key laser-driven proton beam metrics, sho-
wing that evaluated proton beam metrics are nearly all strongly correlated (coefficients ≥0.95), in-
dicating that these observables evolve coherently under varying laser beam wavefront conditions.
Only Ntot exhibits weaker correlations with other metrics (0.73), suggesting a more independent
behavior. Figure 4.12.B quantifies the average absolute correlation of each metric with the others,
confirming that Ep,max captures the collective behavior of the acceleration process. Unlike inte-
grated metrics, which are more sensitive to shot-to-shot fluctuations and calibration uncertainties,
Ep,max exhibits a low standard deviation of only ∼5%. This low noise sensitivity, high reproduci-
bility and strong correlation with other proton beam metrics make it a robust indicator of TNSA
performance. Its close physical connection to hot electron temperature and therefore sheath field
strength further reinforces this aspect (Fuchs et al., 2006). Taken together, these properties make
Ep,max a highly informative, stable, and physically meaningful quantity, ideally suited to guide further
experimental optimization of laser-driven ion acceleration.

TABLE 4.2 : Sensitivity of proton metrics to wavefront shaping.

Proton beam metrics σsts σconfig σconfig/σsts

Ntot [protons·sr−1] 6.85 × 109 1.67 × 1010 2.4

Etot [J] 2.89 × 10−3 6.38 × 10−3 2.2

Ep,max [MeV] 0.37 1.42 3.8

Ē [MeV] 0.1 0.37 3.7

Ē2 [MeV2] 0.7 1.7 2.5

Statistics on the sensitivity of proton beam metrics to laser wavefront shaping. Comparison of shot-to-shot
standard deviation (σsts), across-configuration variability (σconfig), and their ratio for each metric, highlighting
the impact of spatial wavefront control on beam performance.

The results presented in Table 4.2 confirm the influence of laser wavefront shaping on key proton
beam metrics in the TNSA regime. For all observables, the standard deviation across configura-
tions (σconfig) exceeds the shot-to-shot variability (σsts), with ratios ranging from 2.2 to 3.8. This
indicates that spatial modulation of the laser wavefront using the DM introduces systematic and
reproducible variations in the beam properties that surpass inherent shot-to-shot fluctuations. No-
tably, the maximum proton energy (Ep,max) exhibits the highest sensitivity, with a ratio of 3.8, un-
derscoring its role as a particularly responsive and informative metric for diagnosing the effects
of wavefront control. These findings confirm that spatial shaping of the laser beam is a powerful
lever for tuning the coupling conditions at the target surface, directly impacting the efficiency of the
acceleration process. Therefore, optimizing the laser wavefront provides a robust and deterministic
strategy for enhancing TNSA performance, beyond the limits set by intrinsic laser fluctuations.
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FIGURE 4.12 : Correlation among proton beam metrics.

(A) Correlation matrix heatmap showing the Pearson correlation coefficients among key proton beam metrics
measured in the experiment. (B) Average absolute correlation of each proton beam metric with all other beam
metrics.

146



We therefore evaluate the influence of Actuator0 on the maximum proton energy. Figure 4.13
shows the dependence of Ep,max on the voltage applied to Actuator0 of the DM. Each blue point
corresponds to a single laser shot, with vertical error bars representing shot-to-shot fluctuations.
The red curve shows a second-order polynomial fit to the data. V0 is the voltage applied to Actua-
tor0. The shaded area around the curve denotes the root mean square error (RMSE) of the fit. The
observed nonlinear dependence confirms the important influence of Actuator0 on the acceleration
process. This effect is likely mediated through its strong impact on the spatial phase of the laser
wavefront, which in turn modulates the intensity distribution at focus and the efficiency of TNSA.

FIGURE 4.13 : Effect of Actuator0 on maximum proton energy.

Each data point corresponds to a single laser shot, with error bars indicating shot-to-shot fluctuations. The
red curve is a second-order polynomial fit capturing the nonlinear trend where a = −9.96 × 10−4 MeV.V−2,
b = 1.28 × 10−2 MeV.V−1, and c = 5.34 MeV. The shaded area represents the model’s RMSE.

To capture and interpret the coupled influence of the laser pulse duration (τL) and Actuator0 on key
proton beam characteristics, we constructed a series of surrogate models using Random Forest
(RF) regression. For each proton beam metric, a dedicated RF model was trained on experimental
data, using τL and the voltage applied to Actuator0 as input features. Each model was configu-
red with 300 decision trees and a fixed random seed to ensure reproducibility. The choice of RF
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was motivated by its ability to capture non-linear relationships and handle noisy experimental da-
tasets, which is a known challenge in laser–plasma acceleration experiments. Their robustness to
noise and interpretability make them particularly well-suited for data-driven optimization in high-
dimensional, low-repetition-rate laser systems. This choice is further supported by the findings of
Catrix et al. (2025), where RF models achieved predictive errors close to the intrinsic experimental
noise (RMSE ∼0.3 MeV), demonstrating their practical value for modeling under realistic conditions
in laser-plasma experiments. In the present study, the trained RF models were used to generate
two-dimensional contour maps over a densely sampled parameter grid (Figure 4.14.A–E), offering
detailed insight into the coupled impact of τL and Actuator0 on the proton beam metrics. The mo-
dels exhibited excellent performance on the training data, with coefficients of determination (R2)
ranging from 0.91 for Ntot to 0.94 for Ē2, and RMSEs that remained low relative to the magnitude of
each metric. Across all metrics, a consistent trend emerges : optimal beam performance is achie-
ved in regions where both optimal temporal compression and moderate positive actuator voltages
(achieving minimal defocus, i.e., best focused spatially, with a near-planar wavefront at the target
plane) are combined. The correlation matrix (Figure 4.14.F) confirms the trends observed in the
previous two subsections : the voltage of Actuator0 shows a strong positive correlation with all
beam metrics (e.g., R > 0.6), whereas the laser’s pulse duration exhibits weak or slightly negative
correlations.

FIGURE 4.14 : Joint influence of τL and Actuator0 on proton beams.

(A-E) Two-dimensional maps showing the dependence of proton beam metrics on laser pulse duration τL [fs]
and the voltage applied to Actuator0 [V] : (A) Ep,max, (B) Ē , (C) Ē2, (D) Ntot, and (E) Etot. (F) Correlation matrix
between τL, Actuator0 voltage, and the proton beam metrics. Strong positive correlations between actuator
voltage and all beam metrics are observed, while pulse duration exhibits weak or negative correlations. These
findings underscore the dominant influence of spatial wavefront shaping in enhancing TNSA performance.
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The analysis reveals that while a subset of actuators, notably Actuator0, exerts a strong influence
on both proton yield and energy distribution, pulse duration exhibits only weak or negligible correla-
tions with the proton beam metrics. This suggests that global wavefront control, achieved through
coordinated actuator actuation, plays a dominant role in hot electron generation and potentially
subsequent sheath field formation in the TNSA regime. As such, optimization strategies should
emphasize modal or pattern-based DM control to tailor the focal spot intensity profile for enhanced
energy coupling and improved proton beam metrics.

4.7 Discussion

Our comprehensive investigation into spatio-temporal laser pulse shaping reveals a distinct asym-
metry in the sensitivity of proton beam metrics to spectral phase versus spatial wavefront control.
Adjusting the spectral phase via GDD and TOD showed limited influence on key beam charac-
teristics. As summarized in Table 4.1, the variability in performance metrics across different dis-
persion settings (σconfig) remained comparable to the system’s inherent shot-to-shot fluctuations
(σsts). This indicates that, beyond achieving optimal temporal compression, further spectral phase
tuning yields marginal benefits under our experimental conditions. In other terms, when varying
the pulse duration from 22 fs to ∼160 fs while keeping the focal spot and laser energy constant,
evaluated proton beam metrics remained approximately constant. Since laser intensity scales in-
versely with pulse duration (I ∝ 1/τL), this observation implies a drop in peak intensity over the
scan. Figure 4.A of Fuchs et al. (2006) suggests that when pulse duration is increased we slide
horizontally to the right across iso-intensity contours (from ∼ 1020 W.cm−2 to ∼ 1019 W.cm−2 in our
case), confirming intensity is dropping while Ep,max remains approximately constant. Moreover, in
our experiment using a 4.5-µm aluminum foil and a 22 fs, high-intensity laser pulse, hot electrons
with an average energy of 1.2 MeV reach the rear target surface within ∼16 fs. However, the laser
pulse ends before the earliest refluxed electrons can return (∼32 fs), preventing reinforcement of
the rear-side sheath field. This is consistent with the model proposed by Mackinnon et al. (2002),
which shows that significant enhancement of maximum proton energy only occurs when the laser
pulse exceeds the double transit time, enabling sheath densification through electron recircula-
tion. However, no enhancement is observed in our case because the pulse duration is modified by
adjusting the GDD and TOD. This approach not only reduces the peak intensity for a fixed pulse
energy, but can also degrade the temporal contrast. As illustrated in Osvay et al. (2005), changes
to the phase compensation terms — specifically GDD and TOD — can significantly impact the
temporal contrast of high-intensity femtosecond pulses. This can introduce preplasma formation
or pre-ionization, especially at the target rear, disrupting optimal TNSA conditions. As a result,
the expected benefits of longer laser–target interaction time (e.g., enhanced sheath field via reflux
or extended acceleration) may be offset by reduced hot-electron temperature, lowered absorption
efficiency, and premature target expansion, leading to an observed plateau in maximum proton

149



energy as observed. This suggests that, within the explored range, proton acceleration efficiency
is not solely determined by laser intensity.

In contrast, spatial wavefront shaping via the DM demonstrated a clear and consistent influence
on all major beam metrics. Among the 20 actuators studied, Actuator0 emerged as the dominant
control parameter, showing strong correlations with Ep,max, Ē , Etot, and Thot. It also exhibited the
highest absolute average correlation with all other proton beam metrics, confirming its pivotal role in
modulating laser–plasma coupling. Our study also suggests that the system is primarily sensitive to
a reduced subset of actuators, allowing efficient optimization within a lower-dimensional parameter
space. Identifying the most influential actuators is therefore critical for reducing experimental and
computational complexity.

Ep,max shows both high correlation with all other proton beam metrics and low relative shot-to-
shot fluctuation (∼5%), making it a reliable and informative optimization target. Therefore, it can
serve as a practical proxy for enhancing the overall efficiency of the TNSA process. Since Ep,max

reflects the strength of the sheath field and the efficiency of hot electron generation, optimizing this
parameter inherently improves the collective acceleration dynamics.

The apparent difference in the correlation of Actuator0 with the proton beam metrics between Fi-
gure 4.10.A and Figure 4.14.F arises from how Pearson’s correlation coefficient captures statistical
variance under different experimental designs. Pearson’s correlation ρX,Y is defined as :

Equation 4.20 : Pearson correlation coefficient between two variables X and Y

ρX,Y =

∑
i

(Xi − X̄)(Yi − Ȳ )√∑
i

(Xi − X̄)2
√∑

i
(Yi − Ȳ )2

(4.20)

and measures the degree of linear co-variation between two variables. In the multi-actuator scans
(Figure 4.10.A), where all actuators vary independently following a LHS, the influence of Actuator0
on the proton beam metrics is largely monotonic. This leads to an elongated elliptical distribution
in the (V0, Y ) plane (where Y is a given proton beam metric), producing consistently high values
of (Xi − X̄)(Yi − Ȳ ) in the numerator of ρX,Y , and thus a strong linear correlation. In contrast,
in the 2D scans (Figure 4.14.F), where τL is varied simultaneously with Actuator0, the response
becomes more non-monotonic and symmetric, often peaking around V0 ≈ 3 V and decreasing on
both sides. This introduces two sign changes in (Yi − Ȳ ) across the range of V0, causing positive
and negative terms in the covariance sum to cancel out, thereby reducing the correlation even if
Actuator0 still drives the main physical variation. As a result, Pearson’s coefficient underestimates
the true influence of Actuator0 in designs where the response is nonlinear.

These findings highlight the importance of rethinking optimization strategies for laser-driven proton
acceleration. Although laser peak intensity is commonly regarded as the main factor governing hot
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electron temperature and sheath field strength, our results — together with prior studies (Fourmaux
et al., 2011b; Esirkepov et al., 2014; Yao et al., 2024b) — indicate that excessive intensity can be
detrimental. Temporal artifacts such as pre-pulses or imperfect compression may generate under-
dense pre-plasma, reducing energy coupling efficiency. Moreover, nonlinear propagation effects,
including relativistic self-focusing (Sprangle et al., 1987), filamentation (Metternich et al., 2022),
and reflectivity induced by plasma instabilities (Dover et al., 2020a; Gizzi et al., 2021) can disrupt
energy confinement and broaden the hot electron distribution. As a result, a moderately intense,
well-compressed, and high-contrast pulse may outperform higher-intensity configurations in terms
of reproducibility and acceleration efficiency (Takagi et al., 2021; Willim et al., 2023).

Altogether, these results highlight the necessity of systematic parametric studies and data-driven
strategies to navigate the complex, nonlinear landscape of TNSA. Achieving optimal performance
requires more than maximizing intensity; it demands fine-tuned control over the laser’s spatio-
temporal profile to ensure stable, efficient coupling to the plasma and the generation of high-quality
ion beams.

4.8 Conclusion

Our results demonstrate that spatial wavefront shaping, particularly through targeted actuator
control, has a significantly greater impact on proton beam quality than spectral phase adjust-
ments around optimal compression under our experimental conditions. Among all metrics, the
maximum proton energy (Ep,max) emerged as a sensitive and reliable indicator of acceleration
performance, serving as a robust optimization target. These findings underscore the importance
of spatio-temporal laser shaping and support a shift from intensity-driven strategies toward more
refined control of laser–plasma coupling conditions to enhance TNSA efficiency.
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5 20-DIMENSIONAL SURROGATE-ASSISTED BAYESIAN OPTIMIZA-
TION OF LASER-DRIVEN PROTON BEAMS

Spatial intensity profile of the laser focal spot. Image originale réalisée par l’auteur (Elias Catrix).

Original image created by the author (Elias Catrix). No external permission is required; use

authorized by the author.



Foreword — This chapter distills and extends the results recently reported in Applied Physics
Letters named “20-dimensional surrogate-assisted Bayesian optimization of laser-driven proton
beams.” (Catrix et al., 2025).

In this chapter, by leveraging Machine Learning (ML) to optimize the laser wavefront, we demons-
trate the improvement in key performance metrics, including maximum proton energy (Ep,max),
mean proton energy (Ē), total proton beam energy (Etot), integrated proton yield (Ntot), laser-to-
proton energy conversion efficiency (α), second order moment (M2) and hot electron temperature
(Thot). This was accomplished through adaptive control of a deformable mirror (DM) using a multi-
step Random Forest surrogate-assisted Bayesian optimization approach. Starting from zeroed DM
actuator voltages, our method identified an optimal configuration using 20 out of 48 actuators,
requiring fewer than 150 experimental data samples. Our method outperformed conventional wa-
vefront correction, which typically minimizes aberrations to converge toward a flat wavefront by
leveraging real-time feedback from a wavefront sensor, with the primary aim of increasing the pro-
ton beam energy. Integrating advanced wavefront control, this data-driven method challenges the
preference for correcting aberrations to achieve a flatter wavefront in laser-driven ion accelera-
tion. We also propose a strategy for optimizing short focal length laser-driven ion accelerators at
facilities where measuring the wavefront at nominal full laser power is not implemented.

5.1 Introduction

Among laser-driven ion acceleration techniques, Target Normal Sheath Acceleration (TNSA) per-
mits the production of ultra-short proton bursts with high peak energies (Wilks et al., 2001). Howe-
ver, achieving stable and repeatable high-brightness beams remains challenging due to an uns-
table laser-plasma interaction that impacts particle yields, energies, and the divergence profile.
Precise control of laser parameters is essential to optimize these complex interactions.

Machine Learning (ML) has recently gained interest as a data-driven approach for exploring com-
plex parameter spaces in experimental physics (Anirudh et al., 2023; Döpp et al., 2023; Roussel
et al., 2024). By efficiently guiding the search for optimal conditions, it offers a promising avenue
for improving laser-based particle acceleration. This approach leverages real-time diagnostics and
predictive modeling to refine experimental parameters with minimal iterations, i.e, in a minimal
number of laser shots. Recent developments have highlighted the growing role of ML in mode-
ling and optimizing laser–plasma interactions, including neural network-based surrogate modeling
for phase-stable acceleration dynamics (Liu et al., 2024) and synthetic diagnostics predicting on-
shot proton energy spectra using deep variational autoencoders and ensemble learning strategies
(McQueen et al., 2025).

In particular, Bayesian optimization (BO) (Jones et al., 1998; Mockus, 2005; Brochu et al., 2010;
Shahriari et al., 2015) has proven effective for optimizing computationally or experimentally in-
tensive, noisy, black-box objective functions in low-dimensional parameter spaces (typically ≤ 20)
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(Frazier, 2018). BO builds a probabilistic model, usually a Gaussian Process (GP), of the objec-
tive function - i.e, the function to optimize - allowing efficient sampling of points. This probabilistic
BO technique has been used to maximize the pulse energy at the LCLS x-ray free-electron laser
facility (Duris et al., 2020) and improve the electron beam quality in laser wakefield electron ac-
celeration (Shalloo et al., 2020; Jalas et al., 2021, 2023). However, its application for laser-driven
proton acceleration remains relatively underexplored (Loughran et al., 2023), largely due to the li-
mited repetition rates (Nishiuchi et al., 2009; Gao et al., 2017; Treffert et al., 2022a; Giuffrida et al.,
2023; Nedbailo et al., 2023; Catrix et al., 2023) of ion beamlines and the noisy data resulting from
non-linear laser-plasma interactions (Sprangle et al., 1990; Kaw, 2017).

The laser spatial spot size and shape are crucial for efficient laser-driven ion acceleration and
depend on the wavefront profile. Conventional wavefront correction methods, guided by wavefront
sensors, can improve beam quality (Beaurepaire et al., 2015; Lin et al., 2019; Kurz et al., 2021),
often optimizing towards Gaussian profiles and flat wavefronts. However, several groups have de-
monstrated superior performances using non-Gaussian beams (Brabetz et al., 2015; Willim et al.,
2023; Wang, 2024), hence, these wavefront correction methods face challenges in navigating the
complex parameter space of ion acceleration as they don’t directly optimize the final ion beam
parameters.

In this chapter, we present a data-driven framework that integrates advanced wavefront control
with a multi-step BO (MSBO) strategy to enhance the overall performance of laser-driven proton
beams in the TNSA regime. By adaptively adjusting the actuators of a DM, this approach systema-
tically explores non-intuitive wavefront profiles, challenging traditional assumptions about optimal
laser beam profiles for TNSA ion acceleration. Through experimental feedback, this method im-
proves multiple beam characteristics. Moreover, the technique is well-suited for high-intensity laser
systems that lack terawatt or petawatt attenuators, where direct focal spot characterization at full
power is infeasible. It offers a practical, model-free solution for optimizing interaction conditions
under realistic operational constraints.

5.2 Experimental setup

Experiments were conducted on the laser-driven ion acceleration beamline at the Institut national
de la recherche scientifique (INRS) in Varennes, Canada, using the Advanced Laser Light Source
(ALLS) 150 TW Ti : Sapphire laser (Vallières et al., 2020). This double chirped-pulsed amplified
(CPA) system delivers 3.2 J on target with a pulse duration of τFWHM = 22 fs (Full-Width-Half-
Maximum) and a central wavelength of λ0 = 800 nm. The experimental setup, illustrated in Figure
5.1, employs an f/3 off-axis parabola (OAP) to focus the 95 mm diameter beam (measured at
e−2) down to a focal spot size of wFWHM ∼ 5 µm, achieving a peak intensity I0 of approximately
1.3 × 1020 W.cm−2. Before laser pulse compression the beam underwent a cross-wave polarizer
(XPW) cleaning, ensuring an Amplified Spontaneous Emission (ASE) pre-pulse contrast < 10−10
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at -100 ps relative to the main pulse and a steep power rise with a contrast < 10−6 at -3 ps
(see Figure 5.2). A piezoelectric bimorph DM with 48 actuators from AKAOptics (with a maximum
voltage range [-200V, +200V]), shown in Figure 5.3, allowing for precise wavefront shaping, and a
SID4 wavefront sensor (WFS) from Phasics provided real-time feedback to assess quantitatively
the impact of DM actuator configurations on the laser beam wavefront. At the same time, a CCD
camera was used for beam visualization at the focus position. This beam analysis is performed at
the laser nominal energy of 3.2 J by attenuating the laser beam energy with wedges before the
diagnostics.

FIGURE 5.1 : Experimental setup layout.

Sketch of the experimental setup including direct visualization of the laser focus (CCD) and laser wavefront
real-time diagnostics (WFS), both measured at maximum laser energy (3.2 J). This figure has been adapted
from Catrix et al. (2025), with the publisher’s permission.

The experiment utilized p-polarized laser pulses incident at a 20° angle relative to the target normal
on a 4.5-µm-thick aluminum foil to generate ion beams via the TNSA regime. The target, mounted
on a multi-target holder accommodating up to 400 targets, was positioned at the laser focus, en-
abling systematic and efficient experimentation at a repetition rate of 0.625 Hz (Catrix et al., 2023).
A Thomson parabola spectrometer (TPS) coupled with a microchannel plate (MCP) detector was
employed to measure the proton spectrum and record the proton beam metrics at every laser shot.
More information on the setup can be found in Vallières et al. (2020) and Catrix et al. (2023).
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FIGURE 5.2 : Temporal contrast of the ALLS 150 TW laser.

FIGURE 5.3 : Layout of the 48 actuators on the DM.

The 48 actuators on the deformable mirror are used for laser wavefront control. Actuators are numbered from
0 to 47, with those utilized for the analysis highlighted in red (actuators 0–19). Actuator 0 corresponds to the
global defocus mode, which translates the entire mirror surface forward or backward.
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5.3 Methodology

To optimize the laser-driven proton beams, we aimed to optimize the maximum proton energy,
chosen for its broad dynamic range and strong sensitivity to laser wavefront conditions, as detailed
in Chapter 4. This beam property provides a clear distinction between tested DM configurations
and offers a reliable metric for optimization. To leverage this, we implemented an MSBO strategy
that integrates a Random Forest (RF) model with BO, as illustrated in Figure 5.4. RF was selected
for its ability to model complex non-linear relationships and perform reliably in the presence of
noise and high-dimensional data. Its effectiveness in both predictive accuracy and interpretability
has been demonstrated in applications such as disruption classification and hybrid physics–ML
frameworks for plasma stability forecasting (Rea et al., 2018; Speiser et al., 2019; Piccione et al.,
2020). In our study, the RF model was trained to approximate the relationship between DM actuator
voltages and the resulting maximum proton energy. BO was then employed to efficiently explore
the actuator parameter space and identify configurations that maximize the predicted energy. This
combined approach led to the identification of an optimized DM configuration with performance
stable within experimental uncertainty bounds.
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FIGURE 5.4 : Multi-Step Bayesian Optimization workflow for DM tuning.

This figure has been adapted from Catrix et al. (2025), with the publisher’s permission.

FIGURE 5.5 : Step 1 of the MSBO approach.
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The first step (Figure 5.5) in the optimization process involves generating an initial dataset to train
a surrogate model. Starting from a reference configuration, where all 48 DM actuators are set to
0 V and saved as a .txt file compatible with the DM control system, voltage variations were intro-
duced on a selected subset of actuators. Indeed, to reduce dimensionality and focus on the most
impactful region, only the central 20 actuators (out of 48) were varied, based on their proximity
to the high-intensity area of the laser focal spot. This selection was aimed at improving computa-
tional efficiency, as BO is most effective for parameter space dimensions typically ≤ 20 (Frazier,
2018). Each of the 20 actuator voltages was allowed to vary within ±80 V relative to the reference
configuration (all DM actuators set to 0 V). To ensure uniform and space-filling sampling of the
multidimensional parameter space, Latin Hypercube Sampling (LHS) was employed (Helton et al.,
2003; Shields et al., 2016). Unlike simple random sampling, LHS guarantees that each actuator
samples its range evenly, avoiding clustering or gaps. The lhsdesign function in MATLAB was used
to generate these configurations efficiently. The generated actuator configurations were stored in
an Excel spreadsheet, with each row representing a unique DM voltage map. These were later ex-
ported as .txt files for direct use with the DM control system during experimental runs for evaluation
of the proton beam metrics. An illustration of this dataset construction process is shown in Figure
5.5. Finally, a correlation analysis between the actuators and the measured proton beam para-
meters revealed that Actuator0, responsible for controlling laser beam defocus, had the highest
correlation (0.86) with the maximum proton energy, indicating its dominant influence. In contrast,
most other actuators exhibited weak correlations (average of 0.08), and inter-actuator correlations
remained low (< |0.1|), confirming that the actuators operate largely independently.

We then evaluated several surrogate models to identify the most suitable one for capturing the
relationship between the DM actuator voltages and the resulting maximum proton energy. Table
5.1 presents a comparative summary of five ML regression models, highlighting their performance
in terms of the coefficient of determination (R2) and the root mean square error (RMSE). The RMSE
is a commonly used metric in ML indicating the model’s predictive performance. It is defined as :

Equation 5.1 : Root Mean Square Error of a regression model

RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)2 (5.1)

where n is the number of laser shots, yi are the actual (experimentally measured) maximum proton
energy values, and ŷi are the predicted maximum proton energy values.

The models span linear, ensemble-based, instance-based, kernel-based, RFs, and neural network
paradigms. The RF model emerged as the most suitable surrogate for our application, achieving an
R2 of 0.97 and an RMSE of 0.24 MeV. This indicates a high predictive accuracy and excellent ge-
neralization over the observed data without signs of overfitting. RFs are particularly robust for mo-
deling complex nonlinear relationships and handling high-dimensional input spaces, which makes
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them well-matched to the 20 actuator parameters involved in our experiment. The Linear Regres-
sion and Multi-layer Perceptron (MLP) regressor models also showed reasonable performance,
with R2 values of 0.81 and 0.78, respectively. However, the linear model cannot capture nonli-
near effects, while the MLP requires more data to reliably train and may exhibit instability without
extensive hyperparameter tuning. In contrast, K-Nearest Neighbors (KNN) and Support Vector Re-
gressor (SVR) underperformed, with lower R2 values and higher RMSEs.

Among the tested models, KNN and SVR algorithms were found to be more sensitive to feature
scaling and local fluctuations in the parameter space. This is primarily because both methods rely
on distance- or similarity-based metrics to define relationships between data points. In KNN, varia-
tions in the relative magnitude of features or the presence of noise can distort the neighborhood
geometry, leading to unstable predictions when the data are not properly normalized. Similarly, in
SVR, the kernel function (typically radial or polynomial) depends on pairwise distances, making the
regression surface highly sensitive to sharp variations and local irregularities in the input space. In
contrast, ensemble and probabilistic models such as RF or NN demonstrate greater robustness, as
they learn adaptive internal representations or smoothing scales that mitigate the effects of scaling
and noise.

Based on this comparative analysis, we selected the RF model as the surrogate of choice for
guiding optimization in our MSBO framework. Its balance between interpretability, robustness, and
predictive power makes it well-suited for modeling the complex parameter space of laser-driven ion
acceleration experiments.

TABLE 5.1 : Comparison of surrogate models for Ep,max prediction.

Model Description R2 RMSE [MeV]
Linear Regression A simple model that assumes a linear re-

lationship between inputs and the target.
0.81 0.62

Random Forest An ensemble of decision trees that im-
proves prediction by averaging multiple
trees.

0.97 0.24

Support Vector Regressor A kernel-based method that tries to fit
data within a specified error margin.

-0.022 1.40

K-Nearest Neighbors Predicts values based on the average of
k-nearest neighbors in the training set.

0.68 0.79

MLP Regressor A neural network model that uses multiple
layers to capture nonlinear relationships.

0.78 0.67

Therefore, in the second step of our MSBO (Figure 5.6), an RF model is trained on the initial data-
set to estimate the relationship between the 20 DM actuators and the proton beam metrics. Using
300 decision trees, predictions are made with robustness and noise reduction. In the algorithm,
the trees grow until the leaves are pure. A pure leaf, in this context, means that a set of actuator
voltages results in the same proton energy output. Figure 5.7 compares the actuator importance
profiles derived from RF regressors trained independently on six different proton beam metrics :
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FIGURE 5.6 : Step 2 of the MSBO approach.

maximum proton energy (Ep,max), mean proton energy (Ē), total proton beam energy (Etot), inte-
grated proton yield (Ntot), second-order moment (M2) and hot electron temperature (Thot). Each
line represents how strongly the 20 DM actuators influence the prediction of a given metric. The
curves reveal a consistent pattern across all outputs, indicating that the same subset of actuators
(notably Actuator0) plays a dominant role in shaping all beam properties. Importantly, among the
evaluated metrics, Ep,max is both equally sensitive to actuator tuning and exhibits the lowest shot-
to-shot fluctuations, typically within ±5% RMS, whereas other metrics such as Ntot or Etot fluctuate
by ±15–25%. This confirms that the proton maximum energy provides a practical and reliable tar-
get for optimization. Constraining the BO process to this metric ensures rapid convergence and
meaningful experimental gain, while still indirectly improving correlated metrics due to the shared
actuator dependencies observed in this plot and insights given in Chapter 4. Figure 5.8 displays
the predictive performance of RF regression models trained to estimate six distinct beam output
metrics using the 20 actuator voltages of the DM as input features. Each subplot shows predicted
values plotted against measured ground truth, with the ideal 1 :1 correspondence indicated by a
dashed red line. Across all proton beam metrics, RF achieves high accuracy, with coefficients of
determination R2 ≥ 0.95. This strong agreement indicates that the actuator configurations encode
sufficient information to accurately predict not only global beam energy but also spectral and ther-
mal properties of the proton source. These results validate the use of RFs as effective surrogate
models for downstream optimization.
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FIGURE 5.7 : Actuator feature importance for proton beam metrics.
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FIGURE 5.8 : RF predictions of proton beam metrics.

Prediction vs actual values for six key output metrics using RF regression models trained on DM actuator
voltages. The dashed red line represents the ideal 1 :1 agreement. All models show excellent predictive perfor-
mance, with coefficients of determination R2 ranging from 0.95 to 0.97 for cutoff energy, total energy, proton
number, mean energy, second-order momentum, and hot electron temperature. The slight deviation observed
on the high side of the predicted parameter space likely originates from the reduced data density and higher
experimental uncertainty in this region.
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Figure 5.9 presents the distribution of prediction errors for the RF regression model trained to
estimate proton maximum energies. The histogram represents the deviation between predicted
and actual values (ϵ = ypred−ytrue) across the entire dataset. The error distribution is approximately
Gaussian and centered at zero, confirming that the model is unbiased and does not systematically
over- or under-predict the output. Moreover, the majority of errors lie within ±0.4 MeV. This narrow
spread further supports the model’s high precision and reinforces its suitability as a surrogate
model in this study.

FIGURE 5.9 : Distribution of RF prediction errors for Ep,max.

Distribution of prediction errors from the RF model trained to estimate proton maximum energy from DM actua-
tor voltages. The histogram shows the difference between predicted and actual values across the full dataset.
The distribution is centered near zero and approximately symmetric, indicating an unbiased model with low
systematic error. Most errors fall within ±0.4 MeV, reflecting the model’s high accuracy and consistency.
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FIGURE 5.10 : Step 3 of the MSBO approach.

In the third step (Figure 5.10), BO was performed using Python’s gpminimize function from scikit-
optimize package (Contributors, 2025), with the trained RF model as the objective function. This
GP-based method iteratively refined predictions by balancing exploration (sampling uncertain
regions) and exploitation (focusing on promising configurations). The Upper Confidence Bound
(UCB) acquisition function helped to efficiently navigate the high-dimensional, noisy search space,
prioritizing high-energy or uncertain configurations. The Bayesian optimization was implemented
using a Gaussian Process (GP) surrogate model with a Matérn 5/2 kernel, which provides a good
compromise between smoothness and flexibility. This kernel assumes that the objective function is
twice differentiable, allowing the model to capture moderately non-smooth behavior while avoiding
overfitting to experimental noise. The kernel hyperparameters, including the characteristic length
scale ℓ and the process variance σ2

f , were optimized automatically at each iteration via marginal
likelihood maximization. The acquisition function used was the Upper Confidence Bound (UCB)
with κ = 1, balancing exploration and exploitation by sampling both high-uncertainty and high-
predicted-yield regions of parameter space. A total of 120 iterations were performed, initialized
with the zeroed DM actuator configuration. The optimization converged toward a stable optimum
after approximately 70-80 evaluations, beyond which the acquisition function consistently proposed
points within the same narrow region of the search space. To validate the robustness of the opti-
mum, additional points were sampled in the vicinity of the predicted maximum, confirming that the
model’s response surface exhibited a well-defined local maximum rather than a noise-induced arti-
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fact. This indicates that the identified optimum is not only numerically stable but also experimentally
reproducible within the measurement uncertainty of the system.

FIGURE 5.11 : Step 4 of the MSBO approach.

In the final step (Figure 5.11), BO identified an optimized configuration of the DM, and the cor-
responding maximum proton energy was predicted using the trained RF model. This configuration
was subsequently tested experimentally to evaluate the performance of the optimization strategy.

Optimal values of a trained RF model can be found using random search, grid search, or optimiza-
tion algorithms. BO was chosen for its efficiency in complex, high-dimensional spaces, guiding the
search toward promising regions for maximizing proton energy. This iterative approach significantly
reduces evaluations needed to converge to an optimal solution compared to an exhaustive random
or grid search.

In low-repetition-rate experimental contexts, where each laser shot is time-consuming and
resource-intensive, reducing the number of experimental evaluations is essential. BO offers an
effective framework for this, even more so when paired with fast-to-evaluate surrogate models like
RF. By using a trained RF model, BO can efficiently explore the search space without needing real
experiments at each step, saving significant time and cost. The RF model handles noisy experi-
mental data well and enables rapid evaluations, supporting robust offline optimization that smooths
out noise and can ignore failed shots. It also reduces the risks of damaging configurations during
live runs, like extreme voltages that could damage optics, by decoupling optimization from the ex-
periment. This not only accelerates the search for optimal configurations but also facilitates safer
and more flexible implementation. Our approach is well-aligned with established methods in the
literature, such as Sequential Model-Based Algorithm Configuration (Hutter et al., 2011) and Effi-
cient Global Optimization (Jones et al., 1998), which demonstrate the power of surrogate-assisted
optimization in high-dimensional, costly-to-evaluate settings.

5.4 Results

A comparison of experimental proton spectra for three actuator configurations is shown in Figure
5.12. The maximum proton energy increased by 72%, reaching Ep,max = (6.64 ± 0.30) MeV with
the MSBO-determined optimal DM configuration. This represents a significant improvement over
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the zeroed DM configuration, which yielded Ep,max = (3.85 ± 0.14) MeV. MSBO also outperforms
conventional wavefront correction methods, which optimizes the laser beam towards a flat wa-
vefront, by ∼24% (Ep,max = (5.37 ± 0.24) MeV), demonstrating the superior performance of the
MSBO-optimized configuration. Unlike MSBO, traditional wavefront correction lacks proton beam
feedback when relying solely on the SID4 WFS. Ep,max exhibits there a ∼5% shot-to-shot fluctuation
observed when the system is operated at a given actuator configuration, under nominally identi-
cal experimental conditions. This was assessed by analyzing 10 consecutive laser shots for fixed
DM settings. Error bars in Figure 5.12 represent standard deviations over several repeated shots
(10 per configuration). For the zeroed DM actuators, the WFS-corrected, and MSBO-optimized
configurations, the relative standard deviations are :

0.14 MeV
3.85 MeV ≈ 3.6%,

0.24 MeV
5.37 MeV ≈ 4.5%,

0.30 MeV
6.64 MeV ≈ 4.5%

.

FIGURE 5.12 : Proton spectra for various DM configurations.

Average proton spectra over 10 shots under different optimization conditions; The window has been cut to 8
MeV for visualization purposes, but energies up to 12 MeV can be measured; Error bars are calculated using
the standard deviation over 10 laser shots. This figure has been adapted from Catrix et al. (2025), with the
publisher’s permission.

The results reveal that the highest maximum proton energy consistently corresponds to a defor-
med wavefront, as shown in Figure 5.13. A-C and 5.14 .A-C, which present beam profiles without
corrections, with WFS-based optimization, and with MSBO, respectively. Notably, maximum pro-
ton energy is achieved without maximizing laser intensity on the target. Figure 5.13.D highlights
focal spot differences under identical conditions (same camera settings and gain). These findings
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suggest that BO optimizes proton acceleration by shaping the wavefront for a more favorable laser-
plasma interaction, even with lower peak intensity and broader width than WFS-based optimization.

FIGURE 5.13 : Focal spots for various DM configurations.

Focal spots with (A) no wavefront correction, (B) optimized towards a flat wavefront using a WFS, and (C)
optimized with MSBO. (D) Comparison of focal spot transverse (horizontal) profiles for 3 wavefront optimization
strategies. The intensity is plotted as a function of position for three different cases : MSBO (solid blue), no
correction (dotted red), and WFS correction (dashed green). These figures have been adapted from Catrix et al.
(2025), with the publisher’s permission.

5.5 Comparison with established TNSA scaling laws

To place the enhancement in proton acceleration achieved with our MSBO configuration into pers-
pective, we compare our experimental results with established scaling laws from the literature.
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FIGURE 5.14 : Focal spots with (A) no wavefront correction, (B) optimized towards a flat wavefront using a WFS,
and (C) optimized with MSBO.

Although based on different physical assumptions and valid in distinct regimes, these models pro-
vide a useful framework to interpret how laser–plasma interaction parameters govern Ep,max in the
TNSA mechanism.

5.5.1 Fuchs et al. (2006) scaling model

Fuchs et al. (2006) model predicts the maximum proton energy based on the hot electron tem-
perature (Thot) and the normalized acceleration time (tp), and is given by equation 1.30 using the
estimation :

Thot = mec2

(1 + Iλ2

1.37 × 1018 W · cm−2 · µm2

)1/2

− 1

 , (5.2)

where tp = ωpi
tacc√

2e
, with ωpi =

√
Zie2n0

e
miϵ0

being the ion plasma frequency and tacc = 1.3 τlaser the
acceleration time. Here, e is the elementary charge, ϵ0 is the vacuum permittivity, and Thot, n0

e are
the temperature and density of the hot electrons that drive the rear-surface expansion.

Although this scaling law is derived from a one-dimensional isothermal expansion model — which
is a simplification of the actual three-dimensional plasma dynamics — it has been shown to ac-
curately describe experimental results for TNSA-driven proton acceleration, particularly for laser
pulse durations ranging from 40 fs to 10 ps, and intensities up to 6 × 1019 W.cm−2, which is slightly
different from our highest intense regime (22 fs, 1.3×1020 W.cm−2). While the model is a simplified
approximation to the actual 3D behavior, it remains a robust and widely used tool for interpreting
proton energy scaling.

In our case, we find that despite a lower peak intensity in the MSBO condition, the measured hot
electron temperature is higher (T MSBO

hot ≈ 1.58 MeV) than in the wavefront-corrected (WFS) case
(≈ 1.16 MeV). This observation contrasts with the model’s intensity-based prediction of Thot. This
result highlights that in TNSA the hot electron temperature is not determined solely by peak laser
intensity, as assumed in the ponderomotive scaling of Equation 4.2. In our MSBO configuration,
improved spatio-temporal wavefront shaping enhances laser absorption and energy transfer into
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hot electrons, leading to a higher Thot despite the lower on-target intensity. The stronger sheath field
resulting from this hotter electron population directly contributes to the observed increase in Ep,max.
This underscores the limitation of one-dimensional scaling laws, which neglect multidimensional
effects such as spatial focusing, plasma expansion geometry, and modified absorption channels.

5.5.2 Robson et al. (2007) empirical scaling

Robson et al. (2007) reported an empirical scaling law for the maximum proton energy based on an
extensive dataset of PW-class laser–plasma experiments. Their study extended the investigated
range of laser parameters up to 400 J of laser energy, intensities of 6 × 1020 W.cm−2, and pulse
durations up to 10 ps. They found that the increase of the maximum proton energy with laser
intensity was significantly slower than previously predicted by isothermal expansion models such
as Fuchs et al. (2006).

In particular, for a constant pulse duration of 1 ps and target thicknesses of 10–25 µm, the maxi-
mum proton energy Ep,max was shown to follow a simple power-law scaling expressed in equa-
tion 1.32. This dependence indicates that the maximum proton energy is proportional to the hot-
electron temperature, consistent with ponderomotive scaling (Thot ∝ (Iλ2)1/2). For intensities ran-
ging from 4 × 1019 to 6 × 1020 W.cm−2, Ep,max increased only from about 10 MeV to 55 MeV.

They also investigated the dependence on pulse duration τL at fixed intensity (∼ 8×1019 W.cm−2),
finding that Ep,max increased only weakly, from 19 MeV at 1 ps to 24 MeV at 8 ps. This weak sen-
sitivity contrasts with the predictions of Fuchs et al. (2006), who reported much stronger increases
at lower intensities and shorter pulse durations.

Although the Robson scaling does not provide a closed analytical expression for Ep,max in terms
of all laser parameters, it serves as an empirical benchmark showing that at high intensities (>
1020 W.cm−2), multidimensional effects and time-dependent electron dynamics significantly limit
proton energies compared to 1D isothermal predictions. To capture this, Robson et al. extended
the Mora isothermal expansion model (Mora, 2003) by introducing a two-phase description of the
hot-electron temperature : a linear rise during the laser pulse followed by an adiabatic decay as in
Mora (2005). This refinement accounts for the fact that when the electron temperature peaks, the
rear surface already exhibits a finite density gradient, which weakens the sheath field and reduces
acceleration efficiency. As a result, the predicted maximum energies are lower than the isothermal
model, yet still about a factor of three higher than experimental measurements, underscoring the
limitations of one-dimensional approaches in reproducing multidimensional laser–plasma coupling.

In our case, with ultrashort pulses of 22 fs on thin 4.5 µm aluminum foils, the MSBO configuration
increases the hot-electron temperature and maximum proton energy beyond the values predicted
by intensity-based scaling. This improvement stems from surpassing the performance of the WFS
DM configuration, which provides a higher effective laser intensity through spatial mode control.
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These results highlight that the dynamics are not governed solely by temporal heating and cooling,
as assumed in the two-phase model, but also depend critically on spatial optimization. It is the-
refore important to note that the empirical Robson scaling derived for picosecond pulses (1–10
ps) and thicker targets (10–25 µm) cannot be directly extrapolated to our regime. This reinforces
that intensity-based scaling is not suitable under our conditions and underscores the necessity of
adaptive optimization strategies such as MSBO to capture the multidimensional physics at play.

5.5.3 Flippo et al. (2008) scaling at 200 TW

Flippo et al. (2008) provided another empirical scaling law from experiments on the Trident 200 TW
laser, reporting in equation 1.33, with observations spanning 1018 to 1020 W.cm−2. Their results are
consistent with the relativistic ponderomotive scaling and support the notion that proton energy is
not only a function of hot electron temperature and density, but also of sheath field geometry and
temporal coupling. In their commissioning of the 200 TW Trident laser, Flippo et al. reported that
optimized laser conditions, particularly high contrast and improved focusing, allowed the system
to outperform empirical scaling curves at sub-1019 W.cm−2 intensities, although they noted that
Trident comes out ahead of the curves for intensities below 1 × 1019 W.cm−2, but falls along the
scaling laws above that value.

Our observations are consistent with the findings of Flippo et al. (2008), who stressed that de-
termined scaling laws are apparently laser dependent due to some of the other individual laser
characteristics that affect the beam quality and beam energy, such as the laser focal spot, pre-
pulse contrast, and ASE contrast. However, at 7 × 1019 W.cm−2 we fall in a regime where Flippo
et al. observed convergence back to intensity-based scaling. In this context, Trident-type scaling
is not completely fitted to our case and validate the use of adaptive strategies such as MSBO to
exploit degrees of freedom.

5.5.4 Zeil et al. (2010) linear scaling with ultrashort pulses

Zeil et al. (2010) investigated TNSA with 30 fs, 100–150 TW Ti : Sapphire pulses and few-µm
foils, reporting maximum proton energies up to 17 MeV on Draco laser and, crucially, a departure
from the traditional

√
PL law toward a linear scaling with laser power in the ultrashort regime. They

interpret the data with the Schreiber surface-charge model (Schreiber et al., 2006), which yields

Equation 5.2 : Asymptotic proton maximum energy in the ultrashort-pulse regime (Zeil et al., 2010)

E∞ = 2mec2

√
ηPL

Pe
, Pe ≡ mec3

re
≃ 8.7 GW (5.3)
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and

Equation 5.3 : Proton maximum energy in the ultrashort-pulse regime (Zeil et al., 2010)

Ep,max = E∞ tanh2
(

τL

2τ0

)
, τ0 = R

v∞
, R = rf + d tan ϑ (5.4)

Here η is the laser to electron conversion, PL the laser power, τL the pulse duration, rf the focal
radius on target, d the foil thickness, and ϑ the hot-electron half-divergence inside the foil. Two
asymptotic scalings follow : for τL ≪ 2τ0, Ep,max ≈ E∞

( τL
2τ0

)2 ∝ ηPL (linear in power), while for
τL ≫ 2τ0, Ep,max → E∞ ∝

√
ηPL (square-root regime). With Draco parameters (∼150 TW, ∼30 fs,

rf ∼ 1.7 µm, d = 2–5 µm, ϑ ∼ 10◦), the experiment falls in the short-acceleration-time regime and
indeed exhibits near-linear power scaling up to ∼17 MeV. Rear-surface geometry also matters :
preplasma-driven shocks can deform thin foils and steer the most energetic protons off the target
normal, complicating spectral inference and indicating sensitivity to R through d, rf and ϑ.

Interestingly, in our MSBO configuration, the wavefront shaping leads to an increase in focal spot
size, which by itself would reduce the maximum proton energy within the Zeil framework (through
a larger effective source size R). However, this effect seems to be more than compensated by an
increase of the coupling efficiency η, together with enhanced sheath symmetry.

5.6 Laguerre–Gaussian mode analysis of the MSBO laser beam

To quantify the nature of the MSBO laser beam profile, we performed a Laguerre–Gaussian (LG)
mode decomposition of the far-field intensity distribution after optimization. The decomposition was
carried out in cylindrical coordinates using a complete orthonormal LG basis (LGl

p) up to radial
order p = 5 and azimuthal order ℓ = ±5. The analysis (Figures 5.15 and 5.16) reveals that the
optimized beam exhibits a complex structure composed of both low- and higher-order modes. The
fundamental Gaussian mode LG0

0 contributes about 29% of the energy, but substantial fractions
are found in higher-order radial modes such as LG0

2, LG0
3, and LG0

4. This demonstrates that the
MSBO primarily reshapes the wavefront by introducing structured radial content, consistent with
the nontrivial phase and intensity modulations observed in Figure 5.13.D.

Figure 5.15 provides the detailed modal decomposition across the full LG basis, while Figure 5.16
summarizes the energy grouped by radial (p) and azimuthal (|ℓ|) indices. figure 5.16.A highlights
the significant redistribution of energy across multiple radial orders, confirming the role of the DM in
generating complex radial phase variations. Figure 5.16, in contrast, shows that more than 90% of
the beam energy remains concentrated in azimuthally symmetric modes (|ℓ| = 0), with only ∼10%
carried by higher-order orbital angular momentum (OAM) modes. This indicates that the beam,
despite being far from a pure Gaussian or low-order LG mode, retains strong cylindrical symmetry.
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Such a configuration is particularly relevant in the TNSA context, as beams carrying OAM have
been shown to enhance proton energies by modifying laser–plasma coupling in the near-critical
layer (Willim et al., 2023). Indeed, they show that reduced relativistic self-focusing of OAM beams
prevents premature relativistic transparency of the overdense foil, preserving a cold rear surface
and maintaining cylindrically symmetric sheath fields. These symmetric fields confine hot elec-
trons axially and minimize transverse work on the most energetic protons, thereby reducing lateral
energy losses and allowing a larger fraction of the absorbed laser energy to be converted into
forward proton momentum. This mechanism may allow, in our case, the MSBO laser beam to de-
liver proton beams with higher proton maximum energies than Gaussian drivers at the same laser
energy, while simultaneously achieving much lower divergence.

FIGURE 5.15 : Radial and azimuthal LG energy distribution of the MSBO laser beam.

Laguerre–Gaussian mode decomposition of the laser beam obtained under the MSBO configuration. The bar
heights represent the normalized contribution of each LG mode, indexed by radial number p and azimuthal
index ℓ, to the reconstructed beam profile.
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FIGURE 5.16 : LG mode decomposition of the MSBO-optimized laser beam.

(A) Total normalized energy per radial index p and (B) per absolute azimuthal index |ℓ| for the Laguerre–Gaussian
decomposition of the MSBO laser beam.
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This complex but structured profile suggests that, although the beam deviates significantly from a
Gaussian, its energy may still be concentrated within a limited subset of modes. To better quantify
this property, we analyze its decomposition into LG modes, focusing on the distribution of energy
among the modes. The LG mode decomposition reveals that the MSBO-optimized beam, though
non-Gaussian, can be reconstructed using only a few dominant modes, highlighting its compact
structure and enabling simplified modeling of the laser–plasma interaction if required. Figure 5.17
presents the cumulative normalized energy distribution across the first 66 modes in the LG de-
composition of the MSBO-optimized beam. The curve illustrates how many modes are required
to capture a given fraction of the total beam energy. The sharp initial rise and early saturation
reveal that 95% of the beam’s energy is contained within the first 10 modes, with higher-order
modes contributing negligibly. This demonstrates that, despite its non-Gaussian profile, the opti-
mized beam can be effectively represented using a low-dimensional LG mode set. Such modal
compactness is valuable for both physical understanding and further computational modeling for
precisely understanding the underlying processes that are happening through the interaction of
our MSBO beam with solid targets.

FIGURE 5.17 : Cumulative LG energy vs number of modes for MSBO beam reconstruction

Cumulative normalized energy as a function of the number of LG modes included in the reconstruction of the
MSBO beam. The red dashed line marks the 95% energy threshold, which is reached with only the first 10
modes (vertical green dashed line). This demonstrates that the beam profile can be effectively represented
using a compact subset of the full LG basis.
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5.7 Convergence and predictive accuracy of data-driven MSBO

To evaluate the efficiency and reliability of the optimization process, we conducted 89 consecutive
optimization trials, each one using a different RF predictive model trained on a randomly selected
and size-increased subset of 2 to 358 laser shots from the initial dataset (2, 6, 10, 14 ... up to
358). Each optimization trial was repeated 10 times for statistical robustness, tracking the global
maximum proton energy predicted by the GP model at each iteration. All runs started with DM
actuator voltages set to 0 V. Figure 5.18.A shows the mean (blue curve) and standard deviation
(shaded sky blue curve) of the predicted optima across ten runs, illustrating the evolution of Ep,max

as a function of the number of laser shots. Initially, Ep,max is ∼3 MeV for ∼5 shots, rising sharply
to ∼90% of its final value within 30 shots and reaching 6 MeV around 50 shots. The growth then
slows down, stabilizing around 6.2 MeV after about 100 shots, with minor fluctuations up to 358
shots. This suggests that 100-150 shots suffice to determine an optimal DM configuration and
reliably estimate Ep,max = (6.44 ± 0.33) MeV, closely matching the experimental value (Ep,max =
(6.64 ± 0.30) MeV). The fitting function (orange curve) is defined as :

Equation 5.4 : Empirical convergence law under MSBO for the maximum proton energy

Ep,max(Nshots) = 3.337
(
1 − e− Nshots/12.23

)
+ 2.948 (5.5)

where Nshots is the number of laser shots. The shaded region represents uncertainty, initially higher
due to limited data but narrowing as more shots improve the model’s confidence. This analysis
highlights the trade-off between data acquisition and predictive accuracy, crucial for optimizing
experiments. The entire process, including dataset collection, parameter setting, and computation
(5 minutes), took ∼1 hour. In comparison, manual and wavefront correction methods require at
least a similar timeframe but yield suboptimal results. Optimizing only Actuator0, which correlates
most with Ep,max, resulted in Ep,max = (5.25 ± 0.22) MeV, demonstrating the advantage of high-
dimensional wavefront control in laser-plasma acceleration.

In Figure 5.18.B, we represent the evolution of the RMSE of RF predictive models as a function of
the number of laser shots used to train and test the model. Here, RMSE is computed on experi-
mental test datasets (15% of the initial data) to evaluate model error and optimization convergence.
Initially high (∼1.3 MeV for <10 shots) with large fluctuations due to limited training data, RMSE
decreases rapidly, falling below 0.5 MeV around 50 shots. Beyond ∼100 shots, it stabilizes at 0.25
to 0.35 MeV, with minor fluctuations up to 358 shots, indicating that additional data beyond this
threshold yield minimal accuracy gains. The residual noise (∼ ±0.3 MeV) at higher shot numbers
likely stems from inherent experimental measurement noise, in particular shot-to-shot fluctuations.
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FIGURE 5.18 : Convergence of Ep,max prediction and RF model RMSE.

(A) Average convergence plot for maximum estimated proton energy selecting successively and randomly 1 to
360 data samples to build the predictive model, over 10 runs of MSBO. (B) Evolution of the Root Mean Square
Error of the RF predictive model as a function of shots used to train and test the model. These figures have
been adapted from Catrix et al. (2025), with the publisher’s permission.
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5.8 Zernike decomposition and wavefront analysis

To assess the optical quality and modal structure of the laser beam, we performed a Zernike
decomposition of the wavefronts measured using the SID4 WFS. This decomposition quantifies
the contribution of optical aberrations (e.g., defocus, astigmatism, coma) to the overall wavefront
error, providing direct insight into how each DM configuration affects the laser beam quality and,
consequently, the laser–plasma coupling efficiency. Three distinct configurations of the DM were
analyzed :

— (A) MSBO-optimized

— (B) WFS-based correction

— (C) Zeroed DM actuators

All configurations were analyzed using the first 21 Zernike modes.

5.9 Zernike polynomials and their mathematical representation

Zernike polynomials are orthogonal functions defined on the unit disk, used extensively in optics to
describe wavefront aberrations (Niu et al., 2022). Because Zernike polynomials are orthogonal on
the unit disk and correspond naturally to classical aberration modes, they provide a mathematically
rigorous and physically intuitive basis for analyzing, correcting, and optimizing optical wavefronts.
Their use in adaptive optics and wavefront sensing enables precise correction of aberrations, im-
proving image quality and system performance. Each polynomial is described by a radial order
n ≥ 0 and azimuthal frequency m, where |m| ≤ n and n − |m| is even.

The general form is :

Equation 5.5 : General definition of Zernike polynomials on the unit disk

Zm
n (r, θ) =


R m

n (r) cos(mθ), m > 0,

R
|m|
n (r) sin(|m|θ), m < 0,

R 0
n(r), m = 0,

(5.6)

with the radial component defined as :

Equation 5.6 : Radial component of the Zernike polynomial

R m
n (r) =

n−m
2∑

k=0
(−1)k (n − k)!

k!
(

n+m
2 − k

)
!
(

n−m
2 − k

)
!

r n−2k. (5.7)
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5.10 Zernike indexing conventions

5.10.1 Noll indexing scheme

To simplify the handling and referencing of these modes in optical metrology and computational
tools, R.J. Noll introduced a one-dimensional indexing scheme (Noll, 1976) that maps each (n, m)
pair to a single scalar index j.

The so-called Noll index assigns a sequential number to Zernike modes in a specific order. This
scalar indexing is especially useful in wavefront sensing and reconstruction. Table 5.2 summarizes
the first 21 Zernike polynomials according to Noll’s indexing.

TABLE 5.2 : First 21 Zernike modes using Noll’s convention.

Noll Index j Zernike Mode Radial Order n Azimuthal Order m

1 Piston 0 0
2 Tilt X 1 1
3 Tilt Y 1 -1
4 Defocus 2 0
5 Astigmatism @ 0° 2 2
6 Astigmatism @ 45° 2 -2
7 Coma X 3 1
8 Coma Y 3 -1
9 Trefoil @ 0° 3 3

10 Trefoil @ 30° 3 -3
11 Spherical Aberration 4 0
12 Secondary Astigmatism @ 0° 4 2
13 Secondary Astigmatism @ 45° 4 -2
14 Tetrafoil @ 0° 4 4
15 Tetrafoil @ 25.5° 4 -4
16 Second Coma X 5 1
17 Second Coma Y 5 -1
18 Second Trefoil @ 0° 5 3
19 Second Trefoil @ 30° 5 -3
20 Pentafoil @ 0° 5 5
21 Pentafoil @ 18° 5 -5

Each Zernike mode corresponds to a distinct type of optical aberration that is commonly encoun-
tered in laser systems and adaptive optics :

— j = 2, 3 : tip and tilt (beam pointing errors)

— j = 4 : defocus (curvature, convergence/divergence)

— j = 5, 6 : astigmatism (elliptical deformation)

— j = 7, 8 : coma (off-axis aberration)

— j = 9, 10 : trefoil (triangular distortion)

180



— j = 11 : spherical aberration (peripheral focus shift)

The phase Φ(x, y) is reconstructed as :

Equation 5.7 : Wavefront reconstruction using Noll-indexed Zernike polynomials

Φ(x, y) =
N∑

j=1
aj Zj(x, y), (5.8)

where Zj is the Noll-indexed Zernike polynomial and aj is its corresponding coefficient.

5.10.2 Phasics SID4 convention

The Phasics SID4 WFS uses a decomposition that retains the native (n, m) structure and outputs
two separate coefficients :

— ce
n,m : coefficient for cos(mθ) (even term, corresponds to +m)

— co
n,m : coefficient for sin(mθ) (odd term, corresponds to −m)

Only modes with m ≥ 0 are explicitly listed, with both signs of m encoded via trigonometric com-
ponents. The phase is reconstructed as :

Equation 5.8 : Phase reconstruction using the Phasics SID4 convention

Φ(x, y) =
∑

n,m≥0

[
ce

n,m Rm
n (r) cos(mθ) + co

n,m Rm
n (r) sin(mθ)

]
. (5.9)

This decomposition avoids redundancy and simplifies the interpretation of individual modal contri-
butions. It is especially useful when analyzing experimental wavefronts captured by the SID4 WFS.

While both methods rely on the same underlying Zernike basis, their representations differ :

TABLE 5.3 : Comparison of Noll and Phasics Zernike decompositions.

Aspect Noll Convention Phasics Convention
Indexing Scalar index j Explicit (n, m) pairs

(with m ≥ 0)
Angular terms Combined sign in Zj Split into components

cos(mθ) and sin(mθ)
Coefficient One per mode : aj Two per mode : ce

n,m (even),
co

n,m (odd)
Normalization Orthonormal (optional RMS) RMS-normalized by default
Interpretability Compact scalar index Explicit physical meaning

for each mode
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5.11 Wavefront reconstruction

Wavefront reconstruction from Zernike decomposition provides a quantitative and interpretable re-
presentation of the optical phase aberrations present in the beam. Despite the differences in repre-
sentation, both conventions (Noll and Phasics) produce mathematically equivalent reconstructions
of the wavefront. The consistency between them was verified by reconstructing the phase maps
using both sets of coefficients and comparing the resulting phase maps.

Figure 5.19 shows the reconstructed wavefronts for the three DM configurations in Noll’s conven-
tion.

FIGURE 5.19 : Reconstructed wavefront maps for three DM configurations.

Reconstructed phase maps in units of λ for the three DM configurations in Noll’s convention : (A) Zeroed DM
actuators configuration, (B) MSBO DM configuration and (C) WFS-based optimization.

Figure 5.20 shows the reconstructed wavefronts for the three DM configurations in the SID4 Pha-
sics convention. The phase map is flipped in this convention compared to Noll’s convention.

FIGURE 5.20 : SID4 phase maps for three DM configurations.

Reconstructed phase maps in units of λ for the three DM configurations in the SID4 Phasics convention : (A)
Zeroed DM actuators configuration, (B) MSBO DM configuration and (C) WFS-based optimization.

The Phasics analysis software shows that WFS correction yields the best beam quality in classical
optical terms (Table 5.4), while the MSBO configuration deliberately accepts greater wavefront dis-
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TABLE 5.4 : Wavefront quality metrics for three DM configurations.

Configuration PtV Phase (λ) RMS Phase (λ) Strehl Ratio
Zeroed DM actuators 0.97 0.287 0.066
WFS 0.44 0.110 0.692
MSBO 1.52 0.432 0.179

tortion to achieve better outcomes. More precisely, in the zeroed DM actuators’ configuration, the
dominant aberration is defocus (0.265λ), accompanied by minor contributions from low-order astig-
matism (e.g., −0.012λ and 0.016λ) and coma (0.004λ, −0.008λ). This suggests a relatively simple
but uncorrected wavefront error typical of a relaxed or initial DM state. In the WFS-corrected confi-
guration, all aberrations are significantly reduced, with defocus (0.009λ) and coma X (−0.056λ)
being the largest residual components, indicating that the WFS-based correction effectively mini-
mizes both low- and mid-order terms, resulting in the highest Strehl ratio. In contrast, the MSBO
configuration presents a markedly different aberration profile, with significant contributions from
coma Y (−0.189λ), tilt Y (−0.185λ), tilt X (0.272λ), and astigmatism (0.124λ). Despite the resul-
ting lower Strehl ratio (0.179), this configuration yields to a better TNSA efficiency. These results
suggest that the MSBO strategy exploits deliberate low- and mid-order aberrations, particularly
coma and astigmatism, to enhance laser energy deposition and hot electron generation, ultimately
improving ion acceleration efficiency in the TNSA regime.

5.11.1 Energy spectrum per configuration

In Noll’s convention, the phase Φ(x, y) over the unit pupil is reconstructed using equation 5.7 with
N=21. Modal energy is given by :

Equation 5.9 : Modal energy in Noll’s convention

Ej = a2
j (5.10)

We use here the Noll-indexed decomposition to compute modal energy spectra. Figure 5.21 shows
the Zernike energy modal decomposition of the measured wavefronts for three DM configurations,
using the Noll indexing convention. In configuration A, where all DM actuators were set to 0 V, the
modal energy is concentrated in the defocus mode (Noll index 5), with negligible contributions from
higher-order aberrations. Configuration B corresponds to the optimized wavefront obtained through
MSBO. Here, the modal energy is more broadly distributed, primarily across low-order modes such
as tilt (indices 2–3), astigmatism and coma (indices 6–8), suggesting that the optimization pro-
cess selectively compensated for defocus (index 4) while introducing other types of aberrations.
This suggests that non-ideal, structured focal shapes — containing astigmatism, slight tilt, coma or
higher-order features — can improve energy coupling to hot electrons and thereby boost the proton
energy. Rather than seeking a perfectly flat wavefront, the optimization exploits constructive asym-
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metry to concentrate energy into favorable regions at the target, improving laser-to-proton energy
conversion. Configuration C, based on a WFS-guided correction, exhibits a lower modal energy
profile compared to B with reduced amplitude in mid-order modes (indices >10). This indicates
that the WFS correction effectively reduces overall aberration levels but may lack the fine-tuning
capabilities of MSBO towards improving the laser energy deposition on the target.

FIGURE 5.21 : Zernike modal energy three DM configurations.

Modal decomposition of the measured wavefronts into Zernike polynomials (Noll indexing) for three DM confi-
gurations. The bar plots represent the modal energy [λ2] associated with the first 21 Zernike modes. (A) DM
actuators set to zero volts. (B) MSBO DM configuration and (C) WFS-based DM configuration.
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5.12 Discussion

For MSBO to be effective, source stability is crucial, as experimental noise inherently limits predic-
tion accuracy. Indeed, the experimental standard deviation, the standard deviation of the predicted
maximum energy, and the RMSE of the RF model, are all of the same order (∼5%), indicating that
the model’s predictive accuracy is well-aligned with the shot-to-shot fluctuations.

In our case, each target-holder allows for approximately 400 shots before target-holder replace-
ment, with the optimization process requiring ∼150 shots, leaving 250 for further studies. Even
with only 50–100 shots, MSBO maintains good performance while preserving more shots for ad-
ditional studies. Testing the MSBO-determined DM configuration on a new target-holder resulted
in a lower maximum proton energy (Ep,max = (5.82 ± 0.38) MeV), a 13% reduction, with minimal
misalignment effects. This decline is likely due to target surface quality, alignment variations, or
long-term laser energy drift, which can reach ∼10% if unadjusted during an experiment.

The superior performance of non-flat wavefronts optimized via DM configurations over traditional
flat profiles in laser-driven ion acceleration suggests that unconventional beam profiles could un-
lock new operational regimes in laser-plasma interactions. This matches with prior findings where
ion acceleration optimization was achieved through advanced control techniques without maxi-
mizing on-target laser intensity (Loughran et al., 2023). Beyond peak intensity, factors such as
wavefront shaping parameter tuning and spatiotemporal profiles play a crucial role in enhancing
acceleration. Recent studies favor novel laser modes, such as LG beams (Wang, 2024; Brabetz
et al., 2015), which enhance proton acceleration by reducing divergence and improving energy
deposition. Willim et al. (2023) investigate the use of high-intensity twisted laser beams — speci-
fically, LG modes carrying OAM — to produce collimated proton bunches with energies up to 40
MeV and a divergence approximately 6.5 times smaller than those driven by conventional Gaus-
sian laser beams of the same energy. In fact, LG beams enhance hot electron production, leading
to higher proton energies, likely due to a structured intensity distribution improving energy coupling
into plasma electrons. This structured intensity profile, similar to ours, may reduce hot electron
divergence, keeping more electrons near the propagation axis and ensuring a uniform sheath field
for efficient proton acceleration.

Our findings demonstrate how non-Gaussian laser modes improve energy coupling to plasma,
enhancing proton beam metrics. Understanding the specific focal spot shape emerging from this
optimization would require costly 2D–3D simulations to investigate its influence on energy transfer
and plasma dynamics in the TNSA process. While such studies could provide deeper insights, this
study primarily demonstrates MSBO’s effectiveness in tuning maximum proton energy for applica-
tions and identifying key areas for future in-depth research.

While the primary goal of our MSBO algorithm was to maximize the proton beam metrics, our ex-
perimental observations do not show an improvement in energy stability when operating under the
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optimized actuator configuration. Several known sources contribute to the shot-to-shot fluctuations
in proton maximum energy, including :

— Laser energy fluctuations : The ALLS laser exhibits a 2.5% RMS energy variation, which
directly influences the intensity on target and hence the accelerating electric field.

— Long-term thermal wavefront drift : Over time, thermal effects within the laser chain can
cause slow distortions of the wavefront, altering the focal spot shape.

— Target non-planarity : Minor deformations or surface irregularities in the target introduce
inconsistencies in laser–plasma coupling, which affect the efficiency and stability of ion ac-
celeration.

Although the percentage fluctuation remains comparable and inherent to the experimental noise,
the optimized configuration maintains shot-to-shot stability while operating in a higher-energy re-
gime, suggesting that MSBO identifies not only high-energy configurations but also robust solutions
within the experimental noise envelope.

While our optimization targeted the maximum proton energy, we also examined other available
beam metrics presented in Table 5.5. Beam divergence was not measured in this experiment and
therefore cannot be evaluated. Regarding Ntot, we found that this metric exhibits significant shot-
to-shot fluctuations (on the order of ∼18%), making precise optimization more challenging. Never-
theless, Ntot is mostly improved for proton energies above 3 MeV as it can be observed in Figure
5.12.A. The MSBO configuration outperformed the others in nearly all aspects. It produced the
highest number of protons in the 3–8 MeV energy range at 1.61 × 1010 protons.sr−1, representing
a 77% enhancement over WFS correction and a fivefold increase compared to the zeroed DM
actuators configuration. In terms of energy transfer, MSBO achieved the highest laser-to-proton
energy efficiency at 0.74%, versus 0.61% for WFS correction and 0.60% for zeroed DM actuators.
The mean proton energy under MSBO reached 1.68 MeV, surpassing WFS correction (1.41 MeV)
and zeroed DM actuators (1.23 MeV), while the second moment (indicative of spectral width) was
also highest for MSBO at 4.63 MeV2. Finally, the hot electron temperature, extracted from the lo-
garithmic slope of the energy spectrum, reached 1.58 MeV for MSBO. This is significantly higher
than the values for WFS correction (1.16 MeV) and zeroed DM actuators (0.78 MeV), suggesting
more effective electron heating in the MSBO configuration. Altogether, these findings highlight the
crucial role of wavefront shaping and data-driven optimization in enhancing both the energy and
quality of laser-driven proton beams.
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TABLE 5.5 : Proton beam metrics across three DM configurations.

Metric MSBO WFS Zeroed DM
actuators

N3−8MeV
tot [protons·sr−1] 1.61 × 1010 9.12 × 109 3.12 × 109

(±20%) (±17%) (±18%)
Etot [J] 2.35 × 10−2 1.94 × 10−2 1.93 × 10−2

(±6%) (±15%) (±14%)
α [%] 0.74 0.61 0.60

(±6%) (±15%) (±14%)
Ē [MeV] 1.68 1.41 1.23

(±2%) (±2%) (±2%)
M2 [MeV2] 4.63 3.02 2.06

(±9%) (±4%) (±5%)
Thot [MeV] 1.58 1.16 0.78

(±8%) (±6%) (±7%)

5.13 Conclusion

Our approach is particularly advantageous for facilities with limited diagnostic capabilities, as it
eliminates the need for complex wavefront measurements at nominal energy. By leveraging data-
driven optimization it provides a cost-effective and scalable pathway for enhancing laser-driven
ion acceleration, making performance gains accessible to a broader range of high-power laser
installations.

In this study, we focused on optimizing 20 of the 48 DM actuators to maintain computational effi-
ciency. Scaling to a larger number of control parameters remains challenging for conventional BO,
as surrogate models tend to lose accuracy in high-dimensional spaces (Frazier, 2018). Neverthe-
less, advanced surrogate modeling, parallelized BO strategies, and hybrid optimization schemes
offer promising routes to overcome these limitations and could ultimately unlock higher proton
energies. Furthermore, adapting this methodology to facilities with low repetition rates or severe
shot constraints (e.g., fewer than 100 shots) would broaden its applicability.

Overall, this framework demonstrates a resource-efficient route for accelerating optimization in
laser-plasma experiments, paving the way toward more systematic and reliable tuning strategies.
Its versatility opens the door to future extensions targeting other laser-plasma processes, reinfor-
cing data-driven optimization as a key enabler for next-generation high-intensity laser science.
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6 GENERAL CONCLUSION

6.1 Summary and novelty of the work

This doctoral work focused on the development, implementation, and experimental validation of
Machine Learning (ML)-assisted optimization strategies for laser-driven ion acceleration in the Tar-
get Normal Sheath Acceleration (TNSA) regime, using the 150 TW Ti : Sapphire laser at the
Advanced Laser Light Source (ALLS). The overall goal was to demonstrate that data-driven opti-
mization methods, and in particular surrogate-assisted Bayesian Optimization (BO), can be used
to efficiently explore and exploit high-dimensional experimental parameter spaces, even under the
challenging constraints of low repetition rate (0.625 Hz), significant shot-to-shot fluctuations, and
measurement noise typical of high-power laser-plasma experiments.

The work addressed three major, interconnected objectives :

1. Establishing a robust and repeatable experimental platform. A prerequisite for any mea-
ningful optimization is the ability to deliver reproducible experimental conditions over many
consecutive laser shots. This thesis therefore began by stabilizing the ALLS ion beamline
through :

— The design and deployment of a high-capacity (400 targets) automated target delivery
system, enabling extended operation without manual intervention.

— The implementation of precise target alignment routines, ensuring consistent focal po-
sitioning at the target interaction point.

— The integration of synchronized data acquisition and beam diagnostics to monitor key
beam parameters in real time.

These developments reduced the relative shot-to-shot fluctuations in maximum proton energy
and in proton yield, establishing a stable baseline from which to measure the impact of opti-
mization strategies.

2. Systematic investigation of spatio-temporal laser shaping effects on TNSA perfor-
mance. A combined adaptive optics and temporal shaping setup was commissioned, consis-
ting of a bimorph deformable mirror (DM) with 20 out of 48 actuators for wavefront control,
and an acousto-optic programmable dispersive filter (AOPDF) for spectral phase modulation.
Using this system, the thesis quantified :

— The relative influence of spatial (wavefront) vs. temporal (dispersion) shaping on proton
beam characteristics for thin (4.5 µm) Al foils.

— The robustness of maximum proton energy as a single-parameter metric for optimi-
zation, due to its strong correlation with other beam quality indicators (yield, spectral
shape), and low shot-to-shot variability.



— The limits of conventional flat wavefront optimization approaches, showing that non-
planar optimal wavefronts can outperform maximum-intensity configurations.

3. Development and validation of a multi-step surrogate-assisted Bayesian Optimization
(MSBO) framework. The core methodological contribution of the thesis is the implementation
of a modular optimization framework leveraging ML techniques that :

— Uses initial experimental data to train a surrogate model (Random Forest regression)
predicting maximum proton energy from actuator voltage configurations.

— Applies an MSBO strategy to efficiently search the reduced parameter space (20 selec-
ted actuators out of 48 for computational efficiency).

— Iteratively updates the surrogate model with experimental feedback, refining predictions
and guiding subsequent actuator configurations.

This approach achieved :

— A 72% gain in maximum proton energy compared to the zeroed DM actuators’ configu-
ration.

— A 24% improvement over standard wavefront sensor-based correction methods.

— Convergence within fewer than 150 laser shots : a critical requirement for low-repetition,
high-cost experiments.

Beyond the achieved performance gains, the MSBO results revealed that the optimal DM
configuration introduced structured aberrations rather than removing them entirely, providing
interesting physical insights into the complex laser-plasma coupling dynamics in TNSA.

In summary, this thesis advances the state-of-the-art in laser-driven ion acceleration by :

— Delivering a stable, automated, and high-capacity experimental platform for optimization ex-
periments and multidisciplinary applications.

— Providing quantitative spatio-temporal sensitivity mapping of TNSA performance using wa-
vefront and spectral control.

— Demonstrating that surrogate-assisted BO can yield performance gains with minimal shot
counts, while uncovering non-intuitive optimal configurations.

6.2 Perspectives and future directions

The work presented in this thesis establishes a robust experimental and methodological foundation
for the integration of ML-assisted optimization in laser-driven ion acceleration. The approaches de-
veloped are inherently platform-agnostic and can be extended to other high-intensity laser–matter
interaction regimes, such as LWFA, and laser-driven neutron, gamma-ray, or X-ray sources. Buil-
ding on this foundation, several avenues emerge for advancing the capabilities toward autonomous,
adaptive, and multi-regime operation :
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1. Transition from offline to online optimization. The optimization strategies presented here
were primarily implemented in an offline configuration, relying on surrogate models trained
from pre-acquired datasets. A natural progression is the integration of the BO framework
into a real-time, closed-loop environment. Coupling live diagnostic feedback with adaptive
hyperparameter tuning would allow the system to account for experimental drifts, laser poin-
ting fluctuations, and shot-to-shot variability. This step is expected to enhance convergence
speed, resilience to noise, and reproducibility of beam performance directly in situ.

2. Parametric exploration and feature selection. Applying this methodology to other plat-
forms requires a systematic identification of the parameters most critical to performance.
Techniques such as correlation analysis, variance-based sensitivity indices, and advanced
feature selection algorithms can be employed to reduce dimensionality and improve inter-
pretability. This will guide experimental prioritization, ensuring that optimization efforts are
concentrated on the degrees of freedom with the highest influence on target metrics.

3. Optimization of advanced radiation sources. Beyond ion acceleration, the framework can
be generalized to optimize LWFA-based electron beams, betatron X-rays, and secondary
particle sources such as neutrons or gamma rays. Both offline and online optimization modes
could be used to enhance stability, reproducibility, and adaptability across high-dimensional
parameter spaces, even under conditions of limited diagnostic coverage. The long-term goal
is to deliver application-ready, high-quality radiation sources across multiple regimes.

4. Real-time adaptive control systems. Developing a modular software–hardware architec-
ture capable of monitoring key performance indicators — such as beam pointing, stability,
and spectral properties — in real time and applying corrective actions autonomously repre-
sents a transformative step. Approaches based on reinforcement learning (RL) could enable
continuous optimization during extended experimental campaigns, rapid adaptation to evol-
ving laser or target conditions, and ultimately, fully autonomous operation.

In the longer term, these advances could transform laser–plasma accelerators into self-optimizing
systems, drastically shortening tuning procedures, boosting experimental efficiency, and delive-
ring high-quality beams for a wide spectrum of applications. By lowering operational complexity
while improving beam stability and performance, this approach lays the groundwork for a new ge-
neration of compact, reliable, and versatile sources, bridging the gap between proof-of-principle
experiments and practical implementation in many fields.

6.3 Concluding remarks

This thesis establishes ML-guided optimization as a practical and effective route to improving TNSA
performance under realistic experimental constraints. Beyond the demonstrated gain in TNSA ac-
celeration with limited shots, the work provides a scalable framework for adaptive, data-driven
control of high-intensity laser-plasma interactions. By extending to online control, adding comple-
mentary optimization methods, and generalizing across regimes, this approach charts a credible
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path toward autonomous, application-ready laser-plasma sources for science, technology, and so-
ciety.
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(2019) Near-3-MeV protons from target-normal-sheath-acceleration femtosecond laser irradia-
ting advanced targets. https://onlinelibrary.wiley.com/doi/full/10.1002/ctpp.201800
127.

Torrisi L, Cutroneo M, Ullschmied J (2017) TNSA and ponderomotive plasma production in enri-
ched carbon polyethylene foils. Physics of Plasmas, 24(4). https://pubs.aip.org/aip/pop/a
rticle/24/4/043112/110200.

227

https://www.nature.com/articles/s41598-024-54475-1
https://www.nature.com/articles/s41598-024-54475-1
https://www.mathworks.com/discovery/reinforcement-learning.html
https://www.mathworks.com/discovery/reinforcement-learning.html
https://arxiv.org/abs/1905.11131
https://api.semanticscholar.org/CorpusID:123085169
https://api.semanticscholar.org/CorpusID:123085169
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.77.5377
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.77.5377
https://www.science.org/doi/full/10.1126/science.1124412
https://www.science.org/doi/full/10.1126/science.1124412
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.21.051303
https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.21.051303
https://opg.optica.org/jot/abstract.cfm?uri=jot-86-1-32
https://opg.optica.org/jot/abstract.cfm?uri=jot-86-1-32
https://opg.optica.org/ao/fulltext.cfm?uri=ao-58-22-6019&id=416163
https://opg.optica.org/ao/fulltext.cfm?uri=ao-58-22-6019&id=416163
https://www.mdpi.com/2304-6732/9/5/321
https://onlinelibrary.wiley.com/doi/full/10.1002/ctpp.201800127
https://onlinelibrary.wiley.com/doi/full/10.1002/ctpp.201800127
https://pubs.aip.org/aip/pop/article/24/4/043112/110200
https://pubs.aip.org/aip/pop/article/24/4/043112/110200


Tournois P (1997) Acousto-optic programmable dispersive filter for adaptive compensation of group
delay time dispersion in laser systems. Optics communications, 140(4-6):245–249. https:
//www.sciencedirect.com/science/article/pii/S0030401897001533.

Trebino R, DeLong KW, Fittinghoff DN, Sweetser JN, Krumbügel MA, Richman BA, Kane DJ (1997)
Measuring ultrashort laser pulses in the time-frequency domain using frequency-resolved optical
gating. Review of Scientific Instruments, 68(9):3277–3295. https://pubs.aip.org/aip/rsi/a
rticle-abstract/68/9/3277/322634/Measuring-ultrashort-laser-pulses-in-the-time.

Treffert F, Curry CB, Chou HG, Crissman CJ, DePonte DP, Fiuza F, Glenn GD, Hollinger RC, Ned-
bailo R, Park J et al. (2022a) High-repetition-rate, multi-MeV deuteron acceleration from conver-
ging heavy water microjets at laser intensities of 1021 W/cm2. Applied Physics Letters, 121(7).
https://doi.org/10.1063/5.0098973.

Treffert F, Glenn GD, Chou HG, Crissman C, Curry CB, DePonte DP, Fiuza F, Hartley NJ, Ofori-
Okai B, Roth M et al. (2022b) Ambient-temperature liquid jet targets for high-repetition-rate HED
discovery science. Physics of Plasmas, 29(12). https://pubs.aip.org/aip/pop/article/2
9/12/123105/2843606.

Trieschmann J, Vialetto L, Gergs T (2023) Machine learning for advancing low-temperature plasma
modeling and simulation. Journal of Micro/Nanopatterning, Materials, and Metrology, 22(4):
041504–041504. https://www.spiedigitallibrary.org/journals/journal-of-micro-nan
opatterning-materials-and-metrology/volume-22/issue-4/041504/Review--Machine-l
earning-for-advancing-low-temperature-plasma-modeling/10.1117/1.JMM.22.4.04150
4.full.
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