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TR R BFR BS R5F S A E £ T %i?f B ARET Y AR 5 AT
2 )‘?%%IIEJ_ GBI F B G RR o in R Al ERfr@ st EAR
ST AR- 5 HPC st i@ FIP ARG B 4 R > 7 FpF
3

£ # R (Mixed-precision) & ¥ g *
REMAREBRME & Al "RE M HF R R B o EE 7 R
ERHAEREEEABE 2 E > ARPIEREFL TR T R E L

2L kS R PLE AR A8 B .

¥z > AMD ROCm 7.x e it #3 # (TheRock)

ROCm AT dicififleit ity » 2 P EH R LI L7 UG
REE - Heed BT o0 F Az B B R  F GPU fr#{r%
AP RET£R %7 -

e R A LR T F4E HPC & eid 8 5 chE ATHN 0 4
i

NN

A

4

2 Applications & Benchmarks 1 i®-] % > /% > 7 f2E&*% HPC

F_* \\Xy

<L

Joint Benchmarks #7253+ ~ sxae A 4587 5 ARG 3 F o i
“Ee B4 AP w Ak k2 p @ o Benchmark 3R 4]~ B
AR T 0 FARGIE 4 FTREEE 0 & HPC & Al 85 3 i 840
VR B ki o e pF > AP BB P o E 3 42 Joint Benchmarks
T A4 TS A R E L s PR C BAAY A
ADAC e B 58 R o

Iz
J;";r
AR
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tdgr—
Al Scientist
5T
S e s R e
1. #&
ﬁﬁ*"lﬁﬁéﬁﬁpﬁﬂﬁiﬁﬁaﬁéﬂ% S
BiH - Eian T etiEy (AIforSc1ence)J~ WaE it d &

A% % 3] (LLMs) Sx#cen T p 4 28 512 (Agentic Science ) | °
TRG AT 0 AT AL £ F ”j"\(AI Scientist) % %t 5625:15??}'1)2 =
SREFIENAE RN R T F R ERAENE A1
TR

AR 2w R T B AR B mffmv[]?c P ALk e fE Ao R
@~zkAI}&%@ﬁklﬁaua%@aﬁgpxﬂﬁfﬁ@
RAFERA o FpF > o FIET g p L AN EF A HEFE
(Hmniﬂjvﬁaﬁmﬁ%oﬁﬁﬁﬁﬁﬁﬁ,?ﬁﬁﬁﬁﬁp
TEHRERPB L BIDRAEE Al £ R & IFaniTHic o

KHELFEWMEPRI) AR E (Scientific Agents)
79?’51\35&5”5' wit- B FAIFEFT LR P2 - o Kitano
(2021) #4117 T B f B &+ % (Nobel Turing Challenge ) ;> # ¥ B
FARpLEFREPEFAL T A2 ESFRD AL S5 TR

Fhd o A RPPEFT T N R RG] 0 )R 4y e

F]H
" Science of Science | °
"EF < AIRE S A (LLM) $psaniesh » F i ¢ e fmiv 1 g

F&f~ o Wei et al. (2025) 4= Renetal. (2026) s%#* 3 1 it ® iﬁ o, pa

Wit Al % T2 £FFRI1E 72 o A5 LLM el 8 R34 &
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AT R AL (B BB ERE ) P AL
v

B A FRB Y ARG B foT EATH .

Q Idea Generation Tree-Based Experimentation == Paper Write-Up

(((

Plotting +
VLM Feedback

LLM Idea/Plan |
Innovation

—>[ 1. Preliminary Idea Investigation

& [Write to exp. log] ¢ OI(Select Best Node] \
.

Manuscript
Template

[ 2. Baseline Hyperparameter Tuning

J

Novelty Check
Sem. Scholar

& [Write to exp. log] * DOISelect Best Node] /

Manuscript

[ 3. Research Agenda Execution %

& [Write to exp. log] ‘ O[Select Best Node] \

!
[4. Conducting Ablation Studies %J—
Bl 1 : The Al Scientist v2 ep & i L EF 7 /idR o sk Sl B 7
BEERRECHEL S SIS F G R R R e R
MECAL pBF A e B PR G AR T B AR A v
AT BB AR e A8 o (B 5 kR : Yamada et al., 2025)

LLM Paper

Reviewing

Idea scoring /
archiving

3. Pk 3u2E ﬁ.;‘-? 1 1E542 ¢ 14 Al Scientist 3
RIFRBFRPILOPEFT AL BRI RS
¢ B E (N4 Mg Sakana Al B 5 < The Al Scientist
Lu et al., 2024; Yamada et al., 2025) - i& B & SeR-FLE 7 7 37f%
A- R R DB PR
I. #82+ (Idea Generation) : ) sLi% it % foa 417
AR IRDEREAFY S e o
2. R =& R % (Experimentation) : 3L K B354 18 13 2
BASRNE P AN ERRY J{FEL TR TARD o
3. #Hi<iEBE % 4 (Paper Write-up & Review) : x soi#-3

Beig k2 SHREF I L d p 2 LLM i (T
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A fr’ [0 AN
B% = i k5L The Al Scientist v2 ¢ » 7 3 BIff < W £ 47 i
éﬁ# v 5l T IR AR HEE  (Agentic Tree Search ) s > 3 4e 3
L P ef % ¢ 12 B (Experiment Manager) -l o AizE 4T > F
FHREWETILARRE S ET BT RET ek R BAESNE A, L A
TP R EE B4R e kL€ p B w @ (Backtrack) I F R

p;%%g,rﬁzgr:q/\?ré’?}bo

TRFE RS S R AT R AT AR R B
VRIS ’&_’ji%frﬁ%ﬂig AEY OB AR eid o R R AR B E R

TR RATAE L AR e 4 o pheh s KABEE T AREF T
(VLM) > )AL T F e Bl - Al it 5y "5 2 p & 2 = chlicdy B
2o p Bk AR E s BIOIE SRS RN AT T 0 g BIAESY
FE Rl £ ] F ok @ & B IR aE it (Yamada et al., 2025) o
¥ b > Google BIFp#k e Al Co-scientist Z 4+ * ¥ - f67
17 3 (Gottweis et al., 2025) > A3 FLE 2 jE %0 T4 &~ 54
% 1* (Generate, Debate, and Evolve ) | %% o E g8 k3 > % 5LifiE 5
B NIRARN R TR R E R O AR
1. 2 & &~ 12 (Generation Agent): ¥4 % ~ }*Jﬂ’ DA PR BGR -
2. # ##32 (RankingAgent) : &% v & iR E ph? 0 &
F ol BGRS B S o iR R J & AR EF aiEGR o
3. F & 32 (Reflection Agent) : et hle 7% - % & &
S R RACT A 1
4. 1 32 (Evolution Agent) YEFE D TR A BRI (TR R o
fRé i i s il SR Y RL T 2 e

ERUREY BARCELE SRS R Ek S R ICA T () A o =8
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Human Intent

Natural Language

Computer Language

Physical
Information

Bl 20 f 3 f15 R0 % S AT B A0 7 4 Bl o A AT R S
o AL RIZ7 R BT R A A f O ERI AR RS P £ 4 o
VRS AT AT B A AR FIRE 0 2 R K TR
EoREE AR A B B L 45 £ IR AL (%R Zhou et
al., 2025)

4. BHBEEL BAFET A BaFRZER
B BB ESY WE ATy 20k o AL R D R4
p ARPF R E PR XL P T £ B > 9w o Zhouetal.
(2025) 4pdt > p A R APFFRY he d 3 R EIE oA A
%,gégggg%ﬁ$~éﬁ%€~ﬁﬁ%ﬁﬁﬂﬁgo
g e s dpdiy B T BECA) T AR SR AL E R RERE 0 B S
A2 P EPRPF DS o AT NFLE NI L Sk o AR
PRI ERAARAEE R AR KT AE ARG 2 E
7* i Al AEBEERRS A 1T FRF > ¢ X I #E #17)
BEREEAU] R 2 S RIEE T AR B A kA
g SOAL et BHen Tl &) (dord el o 0B 2 B 2
516 ) Tz ERar g E o F Al 2 2 - FE AN E
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EATB AR BEETHE E IR 2P EHFLIAG S L o R
WG R AT R T AN o

AL S N AIL B RAT R G AR E N E R bR

FEGRE RSP  EE o

5. Bk EEHIRB P ehitE A PR
BB afa 4 e Al RIE R - R R PIREINE DR
B EFLEE Ak p &L T hE & - ) o Kotama et al.
(2026) 4*+%+#- The Al Scientist v2 & * *> HPC
SRR R PR 4T o
?‘}]%:}F, Do HPC BB hE FHBAF e R R 33 - HFERT T
Al AL EFEFBRD THRBEEPR 04 )I}zu,; ek T
TR A AL e i ® o 3 RPWEFR T2 45
R a3 T ERLY T Y SR R S
shE - Jaap Al g2 ® (CPU & GPU %2 HA150) &8
& N E AR 0 X AR AT ik ?sw%'fi =
B R RN R A IR T ORI § S H AT e
- AR EBEAIESL J Y HPC BBV HZE A D F’“rm.ﬂzg
SRR P FER NS INF AT A fFEar
AR FR R A A U AL R R s o
c PRGN BPIRBREBR AT P L EF T AL NI A
e b enfigt B4 o Blde k SLF LR FRRRRIRIAR 0 3R
OpenBLAS %7 FHcE# AR 248 T amwei 2 & A4 &%

o RBE P Ao ARt B2 0T B FRE o
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FRA 2 % Al f¥E~ HPC 72 R AL T4 > @ 8 £k

=

RET FIAFRRE L TR > J B2 FHLp B PEE gk o

Stage 1: Preliminary Investigation Stage 2: Hyperparameter Tuning
y o —] O Non-buggy nodes
O Buggy nodes

Hyperparameter nodes
Ablation nodes

Replication nodes

Wy Wy - A4
v v . Aggregation nodes
Stage 3: Research Agenda Execution Stage 4: Ablation Studies O Best nodes

... Refinement

..., Debugging

System Info Ti f
Q’ Compile Success — Execute (v/) % il b o

% Compile Error (X) g Compie & Execute
B 3:HPC #E s B HAT Al SR F el EERBR Y hp b
gy iTe ek SEEEEA Y S LLM ¥ F BRE T HRBFR
AL A T PR e R R REK A P
A2V A5 i AL R B e HPC #8284 o (B ® %Rk  Kotama et al.,
2026)

p
Ak mT g F B Bk Ak NIk é_&?éﬁié%'r%ki‘f i s At
SRR A BR R AHEEEE A 1A k0 F HPC RA
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Mtdr =~
Mixed-Precision Computing
L]
BT R B 2R E
1. F&
B a8 (HPC) 2 - 2 M EH R 524k (FP64) 1T 5 #2158
PR R iE R A EF A EAM DI GRS RS

AR L EFF R GPU & e w ke B R RH T R
BAamMmH RS+ (40 FP16 ~ BFI6~ INT8) o iz 57 » &2 B 4L

PEFHMHEIHREL G R B IRT L R F AWML %
BE 4R AR AR ¢ 4k o 4L (Kashi etal., 2025b) ©

A BFIREHREE i RRAAHEFEEFE KPP H e

ety (Memory Wall) R 3% (Kashietal., 2025a) ™ :x & 74
Fded A~ Ao B L oaflr L AL R Ee R B -
e BF o> » 21# Ozaki scheme ( Mukunoki, 2025 ; Uchino et al., 2025 ;
Ozaki et al., 2025 ) ~ 1% i~ zzigj# (Haidar et al., 2020 ; Higham & Mary,
2022)> z2 p# it SR BT E (Chenetal, 2026 ; Zhou et al.,
2025) B FTHEEE /T 3o oo

2. KEHHRIFTREG

Bl HPC k3% »TiEH AR - EARGAE T miba
R g R ekl (FP64) EHp £ BRE - Ra »"gFAMA &
e 0 B ER B A6 T o i o 1 NVIDIA 3 & 4
IR B L B 50 B AL DVREHEGHF EE Y D7
Fo iR ERe e MHFREFY o AKITH GPU P > & 5
A EIE LR (FP16/BF16) & & #ic (INTS) & ¥ ¥ ~

s}
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(4 Tensor Cores ) > iz ¥ A~ h1@ 5 E 5 E 7 1 FP64 3 ) 8
216 43 % § % (Kashietal., 2025b ; Ozaki et al., 2025) »

S A A T AR ARARETHATRY w0
A1 80% eI B 4 Kk p M B A (Kashietal, 2025b) © 4%
FEFA TR Y FP64 - B3 A MFTRE B fril Frck KT 5 7

PELEGREAY B 2 AT AHA S SHAART R -

101 —=— FP64_vector ‘
i FP64_matrix
103 + —*— FP16_matrix |

{ —=— FP8_matrix
| = MemBW(TB/s)

Performance (TF)

0—)
2012 2014 2016 2018 2020 2022 2024
Year

Bl 1:GPU ® 45 4 %+ :FP64 (B # & ) vs. Tensor Cores ( 4#F
B ) meiTE g GPU #E » &% 7}‘[?”}? it * 7 FP64 50 322
AT s m 5 Al e R ¥ ~ (Tensor Cores) B4 % 73

AMAEARE cizEh T ook PR * FPO4 FE 0 A2 90%
HHWE 47 a g4 sl * o (B % &k : Kashietal., 2026)

3. qub*?}imax p-;f\',f 3'91’9:,\
REMHRPPERZEFENERR TEL e B2 ) kA

o 3 RS ICH R o3 E B BB L R AR B AE S (4o

SRBEELRE ) EARIFFLENEHERE L L A B ELriF
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FIERTMEPET A FP64 3 AP (Higham & Mary,
2022 ; Le Galloetal., 2018) = i&46 T4e 5 4efF i3 | eh= ;N3 ks h
BFREDERRORPFE > REE - HARE Y G )

1 =R %2
BB FEYFERY o FHRE AR EERE R R
(A SE SRS SR AT © (SN AR S R L LN
MR s (40 FP16 & INT8) R 2 & FP64 w A2 — F|~ A2 -
OREG R T AR R T AT 0 B R MR
FH A @A L Rt R E A 2 AR IR B e R Y
#] (Kashi et al., 2025a) -

4 Exascale @& ¢ » p44oe X 5 XA E o RG] o MAFR TS
H A F TR B B B )L E 4 B F Mt FP64 B & o
7 TR R EHRBMT LG Wi‘a‘ﬂﬂﬂ@*m‘h T R PR
SNFEEE R A D c HONE PFRE Y ooy RO A R R

A HERTA R RN FER L AT o FFA AT LR
C

A B i RAL T Ozaki scheme £ 3% e i2 48 4
MEMHBREE gy 2 Wk p AMER > & RIEFE 2 E

4.1 Ozaki scheme £ %% p d f&3% (Error-Free Transformation )
Ozaki scheme #& &7 — fa#-3 # B E & #E D) M R AR 2>
By HrEFZ pod i (EFT) o &30 35 ¢ %R 4o if Bhiicie 'L
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¥ 5 B IR e AR R B e ol T G
AR (40 FP16 2 INT8) th& m RN o EH o ik il
REAY T i3l AL AR HARRY o o4t
o piizn FEL Y Ty B R MO R e S HER
J1 FP64 2 § B # & cr4 % (Uchino et al., 2025) o

fAH 3> 0zaki > 28 (Fv upds s TAIFf2 588 - 1
T jodcB 257 RisB HAERELH 7 4 X 5 B Segments > F&
FE BBE A ARB AR E e T BF o Aol 2T AT 0 B
A BAkiE B E Y H A ()4 Tensor Cores ) 7L 735 o 1o

At R AR BT T FAST R A e o

TR

—0—0zIMMU : . = 210 —se—0zZIMMU : n = 2! — 6 0ZIMMU : n = 212 —5— 0zZIMMU : n = 213
e FP64 : 1 = 210 o FPG4 : p = 21! FP64:n =22 . FP64 : n = 213

¢=0 p=1
§

107 :
10-12 ] ]
10-15 ]

5 7 91 5§ 7 911 5 7 91T 5 7 9 1
# slices # slices # slices # slices

max relative error
=)
[}

ozMMu [ lsplit A [ split B [ Gemm in INT8-TC [ accumulate in FP64 [ copy| RTX4090

3 slices, 4 slices, 5slices 6 slices, 7 slices 8 sli
1 ..ll..l-..'.-l---.--l_--.--l

09
08 ' ' 0.8
0.7 ' \ | 07
06 ' ‘ ' 06

X 05 | i } 0.5
0.4 | 0.4
03 ' ! ' 03
02 | ‘ | 02
. m '

J

ONOTNM ONOTNM ONOTNM DO TNM DNOTNM ONONM ONOTNM ONO—NM ONO—NM ONHO—NM

= O =T D
@20mg1%ﬁ&9ﬁﬁﬂw.WM@Pﬁ%%%W?EHW4
BRHAEEEITN S BRI EEL O TEETIEEFEE A Tensor
Cores } enT 78 E 2 S (B HA B A 2R ELHIHER
SRR 4 it FPO4 2 { MR E %% (B &k Uchino
et al., 2025 ) o
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#1717 Ozaki Scheme II 31 » 7 Chinese Remainder Theorem
mM)ﬁﬁ&@ﬁ,%ﬁygggﬁég%iﬁﬁ&k%ﬁﬁoéﬁ
NVIDIA Tensor Cores 7 INT8 #i;\ T evzsy { & ° fft FP64 &

g B 4 FP64 A% 7 ¥ 10 & (Ozakietal., 2025) -

4.2 ¥ Nizigj2 (Iterative Refinement)
WA Y KRR ARl o 32 A MO R B T4

é%a#?$ﬁ&@ﬁ§i°ﬁﬁéi&FM6i%ﬁ&Tiﬁi
BAE A fR 0 SR1S* FP64 3B E » 5w i ' B {8 18 Tl fe 2
FP64 &5 - il renjio ofd M RFR - FHAB L | 32
O IR B P eh S AR b KRR T R A s A2 -
I Az- o R ERFRERTE TR AAFEEHRRE PR T R
Yz & (Haidar et al., 2020 ; Higham & Mary, 2022 ) °
5. pf it RBIMEI B
W3 R G RITFHBE R RFERS o § & NSV R
FURHR HEC )R AEL §EREKED FT AR F AT
- RApE It E D RSB IR S VR T AR AR

5.1 Perci-AD 27 p & jic A v

Perci-AD {22 41 * p # iz~ (Automatic Differentiation ) His > p #

iéwii‘ PAEE SEHER S SRR (T THARER ) BiE
EH R s e R A FLAR X p A Sk

@ﬁ§w§OW%ﬁﬂ&%%ﬁi@mﬁﬁ%%%»ﬁﬁi%ﬁﬁﬁ

e samdr ™ > { 5ol AAYE E i 4 (Zhouetal, 2025) -
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clang R clang
i
Clang LLVM compiler Floating-point I._T_h:‘:?]lo_l‘l_l New Clang LLVM compiler
Source Code Codipack variables Conhguratlon Output Code
_ compilation — satisfied Rewriter
AST analysis E error analysis v
— . r=J 4
- » » > »
instrumentation . ——
<code> om— : <code >
Automatically Ranking by Error wixedbretision
Differentiation Contribution PICCISIONL

Dynamie b !
Precision Tuning :

Tunmg
Configuration Result

B 3:Perci-AD p # it FH R IBICIZEF TR o LB Ep Bk
APERAEN Y L REHEER SR PRERARA N p D O
HRIFAFLERS ORE T p#fpl & F o R 6o ok
FTREBREBRFOAAE EL VR Fap B (B F K
/R Zhou et al., 2025 )

5.2 Verificarlo 2* z'rj? L ALY 14 ﬁ‘:ﬁlf%}i:a“_ﬁ_

3w CFD & k¥ 228 7 X /N BFD N SRR
it A2 ¥ 4 o Verificarlo #% i Dynamic Instrumentation {544 »
AATF G R BEER T B R R T kB (T 5 0 1R EY I AREF Rk 35 7
iR EMS A FL RSN NAL o BWEHEL LD E > bl
Nekbone % #L# % @ P> e K2 Rog Py m* 84 A &
MR 7 W e imE R o 0 Ao e A L EF
Bl a4 Fen1 A2 > » ¥ R B ETHAE B SRS T T
4 A& g (Chenetal., 2026) ©

ﬂﬁ%ﬁﬁﬁﬁﬂ

REDFELGRERATE S B REMHARES ¢
AR A ERERAL A AL BRI E R AR 5 e M—H?E
ARG TY o T OugER BB A R HARS o B
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) U EJ.
EXERHLR
6.1 M RAR R A F7enp # i

BATRE R AT I p R I ERPIEFEFL S TR OIS
© &4 AU o Blde Perci-AD 122858 p B A FopT 0 A D ETURL 42
SR A G RE F LR (Zhouetal, 2025) - iof8)2 #icdy &
AA RN SN 1 ABNED RIE R USRS BRI K
A R R ok e e

6.2 B3 infeBr sk

#8142k & > i Nekbone # Neko &g @ S F 4pid 2 4R
vk B %42 (Chen et al., 2026 ) o #-4 B BlzE 5 » CI/CD #*
FEL AR T AAEEE R DRSO RT BB B o B
T AR T

6.3 3 oA WiR e
EF TR R g AR e a4 e Al B B (de
Tensor Cores ) * H#E ZF 3+ A > » > FH S 2w B A
# ersciy (Kashietal., 2025b) » 54 Ozaki = %3 #7 — AHHEF
HMREE G TRAMEZ P AEHR » W JILB AR T
( Mukunoki, 2025 ) iz 8 #c A # 15 fe fit eV B or 0 A R g SR
B ORP A R TR0 e 4 o

7. B
MEMREL AL E R LA R E A EP R
B Al S ol % o4 (Kashi et al., 2025b )« B 50 gk jie =

HARfd BERE T R EHRC B ARBINF NiEE o G

TF
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Reconstructing multidimensional vector fields from path-integrated projection data is a fundamental challenge in high-

ey-density physics, | y when

sources exhibit spectral broadening and shot-to-shot jitter. We

present a physics-informed deep-learning framework that addresses this ill-posed inverse problem by formulating global
reconstruction as an aggregation of local inference tasks. By training a neural network on single-particle trajectories

in randomized uniform magn

fields, we develop a “local solver’ capable of zero-shot generalization to complex

magnetohydrodynamic (MHD) topologies. To handle nen-ideal laser-driven proton sources, we introduce a spectral
out-of-distribution (OOD) filter that rejects non-physical inputs and prevents extrapolation errors. We demonstrate

high reconstruction fidelity (R > 0.99, NRMSE < 3%) across diverse spectral condition
verifiable a priori metric for uncertainty quantification based on the in

Furthermore, we provide a
stribution fraction of the source spectrum. This

approach can be directly tned o match experimental hardware, such as stacked nuclear track detectors, establishing a
robust and parallelizable pipeline for quantitative plasma diagnostics.

I INTRODUCTION

High-energy-density (HED) laboratory plasmas, generated
when intense lasers interact with solid or gaseous targets, ex-
hibit rapidly evolving electric and magnetic fields that repro-
duce astrophysical phenomena such as shocks, magnetic re-
connection, and various plasma instabilities. >’ Understand-
ing the generation and evelution of these fields is a central
goal of HED physics. lon radiography (or proton imaging)
s a powerful diagnostic for this purpose. mapping transient
field structures by Rno_.&:m the deflection of high-energy pro-
tons traversing the plasma.®'! Upon reaching a detector, spa-
tial variations in proton fluence encode integrated information
about the electromagnetic fields encountered along the trajec:
tories.

However, practical laser-driven sources (e.g., TNSA) exhibit
broadband energy spectra and substantial shot-to-shot energy
jitter,'®1% which vielate these idealized assumptions and sig-
nificantly reduce reconstruction accuracy.

In recent years, Scientific Machine Learning (Se¢iML) has
emerged as a transformative alternative for solving high-
dimensional inverse problems where classical algorithms
struggle.2* By incorporating physical constraints into neu-
ral architectures, deep learning models can approximate com-
plex appings that are putationally expensive
or analytically intractable. In the context of plasma diagnos-
tics, this approach has enabled the automation of complex
analyses, from optimizing laser-target parameters™ to infer-
ring plasma prope ectly from experimental data.

Field reconstruction  strategies generally follow  two
digms.”* 2% The first treats the radiograph as an image,

De: s strong capability, q recon-
struction of fields from proton radiographs remains a chal-
lenging ill-posed inverse problem. The problem is intrin-
sically nonlinear and under-constrained, because a radio-
graph contains only a two-dimensional projection of the cu-
mulative Lorentz-force deflections accumulated along three-
dimensional particle trajectaries.’>1? Different field configu-
rations can produce indistinguishable fluence patterns, and the
formation of caustics, where particle trajectories overlap, in-
troduces singularities that are difficult for standard inversion
technigues o handle. * Conventional approaches typically
rely on regularized inversion or forward-fitting under simpli-
fied assumptions, such as monoenergetic proton sources,'>!”

employing Convolutional Neural Networks (CNNs) w0 map
fluence patterns directly 1o field profiles.”® While effective at
capturing spatial correlations, these "image-to-image” mod-
els often struggle to generalize outside their training distribu-
tion (e.g., to new field topologies). The second strategy, the
"inverse particle motion” approach, learns the local physics
of particle deflection *¥ This framework acts as a general-
purpose “local solver,” making it inherently more robust o
topological changes in the global field.

In this work, we extend the inverse particle-motion [rame-
work to address a key bottleneck for applying machine learn-
ing to experiments: the domain gap between idealized train-

Domain-Adaptive Local Solver for Field Reconstruction in Proton Radiography 2

ing data and non-ideal experimental conditions. In particu-
lar, we focus on magnetic field reconstruction in the pres-
ence of spectral broadening and shot-to-shot energy jitter. In
contrast to previous studies that assume monoenergetic parti
cle sources, 172 we introduce a spectral out-of-distribution
(00D} filtering mechanism. This approach enables a net-
work trained only on simple, local particle—field interactions
o robustly reconstruct complex global magnetic topologie:
such as MHD vortices, even when the driving source is noisy
and polychromatic. Furthermore, by explicitly quantifying the
valid data fraction” determined by the source spectrum, our
framework provides an a priori metric for reconstruction reli-
ability. This directly addresses the important requirement for
uncertainty quantification in Al-driven diagnostic methods.

Il PHYSICS-IN ED LEARNING FRA

The proposed framework addresses the inverse problem by
decomposing global magnetic field reconstruction into many
local inference tasks. As shown in Fig. 1, the workflow con-
sists of three main . synthetic proton radiographs
are generated from two-dimensional magnetic field profiles
ohtained from MHD simulations, which serve as ground truth.
Second, instead of training on full radiograph images, a neu-
ral network is trained on the elementary interaction between
a single charged particle and a uniform local magnetic field.
This training strategy produces a domain-generalizable local
solver. Finally, the trained network is applied to synthetic ra-
diographs to infer spatially resolved magnetic field distribu-
ons and recover the underlying global field structure,

To ensure robustness for realistic laser-driven proton
sources with broadband spectra, a spectral OOD filter is in-
corporated during inference. This filter rejects inputs that fall
outside the training energy envelope, preventing extrapolation
and improving reconstruction fidelity.

A. Experimental Geometry and Interaction Model

The physical model is based on a standard laser-driven pro-
ton radiography setup (Fig. 1 (a)). A proton source at the ori-
gin (0,0,0) emits particles that traverse a magnelic interac-
tion volume centered at z = 8 mm with a transverse extent of
0.512 % 0.512 mm? and thickness L. = 0.256 mm. Within this
“local” interaction zone, the magnetic field is assumed to be
z-invariant. A detector (CR-39) located at z = 48 mm records
the final phase-space coordinates y = [X, Y.V, V,.V.] for each
particle. The inverse problem seeks to map this detector vec-
tor ¥ back to the local field parameters x = [B,,B,| and the
particle’s entry coordinates [X,y, Y] :

B. Zero-Shot Evaluation Benchmark (MHD Vortex)

To assess the model ty to generalize to unseen opolo-
gies (zero-shot generalization), we utilize magnetohydrody-
namic (MHD) Orszag-Tang vortex simulations™ as a ground-

truth benchmark (Fig. | (b)). Generated using the PLUTO
code™, these profiles evolve from simple initial conditions
into highly complex turbulent structures containing shocks
and current sheets.* 52

Data extracted at nondimensional times 7" = 1,2,3 are
mapped to physical units (= [=3,3] T) on a 512 % 512 grid,
as shown in the ground-truth profiles of Fig. 2 (). Crucially,
none of these topological structures are included in the train-
ing dataset, ensuring that successful reconstruction relies on
learning the underlying physical laws rather than memorizing
field paterns.

C. Spectral Noise and Source Madeling

Realistic laser-driven proton sources introduce inherent un-
certainty into the inverse problem through spectral broaden-
ing and shot-to-shot energy jitter. We model the source en-
ergy spectrum S(E) as a Gaussian distribution .4 (Ey, AE”),
To systematically evaluate the robustness of our method, we
construct a test suite consisting of 15 different source config-
urations:

* Energy jitter (domain shift
8,9.10,11.12 MeV.

mean energy Ey €

* Spectral broadening (noise): energy width AE &
1.2.4 MeV.

For each configuration, synthetic proton radiographs are
generated by propagating 16 x 512° particle trajectories
through magnetic fields imported from MHD simulations u:
ing a Boris pusher with time step Ar = 107" 5. The resulting
synthetic radiographs, which incorporate spectral broadening
and serve as the model’s input, are illustrated in Fig. 2 (b).
This dataset allows for a rigorous test of the model’s do-
main generalization capahilities under non-ideal source con-
ditions.”

D. Neural and Domain R;

Instead of training on global images, we employ a multi-
head perceptron (MLP) that is trained on single-particle tra-
Jectories.

. Training Data vie Domain Randomization:  We gen-
erate a training dataset of 50,000 samples by propagating pro-
tons through randomized uniform magnetic fields, where B,
and B, are sampled independently and linearly from a uniform
distribution %[~5.5] T. This domain-randomization strat-
egy encourages the network to learn the fundamental Lorentz-
force relationship F = g(v x B), instead of overfitting to par-
ticular geometric field structures. Crucially, the training set
contains no spatial correlation or wpological information: the
network never sees’ a vortex, a shock, or a gradient during
the learning phase.
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(¢) Proton source for pit data
| step 1.)
energy spread
(a) System setup (d) Detector output
N /:
shot-to-shot energy jitter
Detector
(f) Multilayer Perceptron Model
(e) Proton source for training data .
Imported Field
uniform VDs.
v
Proton Source
Step 2.

Uniform Field Sampler

and complex experimental inferency
neural network is trained as a generic

ne. The framework bridges the domain gap between
ation data is generated using ground-truth MHD vortex
g only randomized uniform magnetic ficlds Ea single-| v,.:_n_o trajectoric

ple training data
ons. (e-f) The
(g) During

inference, the network reconstructs the global field topology from detector by local

a spectral Q0D filter to reject non-physical inputs.

b Architecture:  The network contains a shared feature
extractor composed of three fully connected layers with 32,
128, and 256 neurons. The resulting latent representation is
then divided into two task-specific heads, each with 64 neu-
rons:

« Field head: predicts the local magnetic field vector
(By,B,).

* Trajectory head: predicts the particle entry coordi-
nates (Xin, ¥in).

All input features are normalized: V. aled to [0,1],
while the remaining phase-space coordinates [X.Y, V., V] are
scaled to [—1,1].

¢ Spectral Variants: To study the trade-off between
precision and recall, we train three model variants that dif-
fer only in their training velocity bandwidth: NN10-4 (10 +
2MeV), NN10-2 (104 1 MeV), and NN10-1 (10+0.5 MeV).
Each model is trained for Ncec epochs using a _.:_.Q_ size ca 25

optionally applying

E. Spectral 00D Management

A primary challenge in deploying neural local solvers to ex-
perimental data is the presence of OOD inputs. In this frame-
work, we define OOD samples as particles whose Kinetic ener-
fall outside the specific spectral envelope used during the
on training phase. Because deep learning
exhibit poor extrapolation behavior, process-
ing OOD particles leads to non-physical field predictions. We
explicitly address this by implementing a spectral OOD filter
that acts as a physical gate, ensuring the model only performs
inference on data within its high-fidelity training domain.

F. Inference with Spectral OOD Filtering

Global field reconstruction is performed by aggregating the
local predictions of the network. A key innovation of this
framework is the spectral OOD Filter. In accordance with the
00D management strategy defined in Sec. I1 E, we strictly en-
force a validity condition to prevent the aggregation of extrap-
olated predicti We strictly enforce a validity cond

and a learning rate of 107>, Training
mean-squared-error 10ss, Liotal = Liicld + Lpositions u:a all mod-
els reach convergence with validation loss below 102,

£ 4i ¢ [V, Vi

Domain-Adaptive Local Solver for Field ion in Proton Radi h 4

) Syothatic Sroton imape

Il RESULTS AND DISCUSSION
A.  Zero-Shot Generalization to MHD Topologies

Figure 3 demonstrates the model’s ability to reconstruct
complex, unseen magnetic topologies. Panel (a) displays
the ground-truth B, and B, profiles from MHD simulations
(T = 1,2.3), while Panel (b) shows the corresponding neural
network reconstructions.

y, although the network is trained only on single-

FIG. 2. E ion dataset ing complex ical struc-
tures unseen during training. (a) Ground-truth magnetic field profiles
(B, B,) extracted from MHD Orszag-Tang vortex simulations at
time steps 7 = 1.2, and 3. (b) Corresponding synthetic proton radio-
graphs generated with a broad energy spectrum (Eg = 10 MeV. AE =
4 MeV), serving as the input for esting the model’s domain general-
ization capabilities.

In practice, the corresponding energy acceptance windows
are 8-12 MeV for NN10-4, 9-11 MeV for NN10-2, and
9.5-10.5 MeV for NN10-1.

For accepted particles, the predicted values are mapped
onto the reconstruction grid using the predicted entry coor-
dinates (Xip.¥in). The final magnetic field value at each grid
cell is obtained as the ensemble mean of all valid contributions
assigned to that cell. In this way, the reconstruction becomes
a selective regression problem, where the model gives priority
10 high-confidence (in-distribution) data rather than enforcing
complete spatial coverage. While the ensemble mean provides
a computationally efficient estimate for the final field values,
more robust statistical approaches like the median or pixel-
wise probability density functions could be employe ex-
treme noise environments. The OOD filter used in this work
effectively removes the need for these complex estimators by
cleaning the data before the aggregation step.

particle interactions in simple uniform magnetic fields, it suc-
cessfully recovers the multiscale structure of the Orszag-Tang
vortex. This effective transfer from a randomized training
mc:::= w0 a v.ErE.ﬂ_ v:wv_es_ domain demonstrates the

of the local-solver approach.
‘;m visual fidelity of the reconstructed filaments and shocks
confirms that the model has captured the underlying particle-
field dynamics rather than memorizing specific plasma mor-
phologies, achieving true zero-shot generalization.

B. Ablation Study: Impact of OOD Filtering

The critical role of the spectral OOD filter during infer-
ence is demonstrated by comparing the first two columns of
Fig. 3 (b). In the "No Filter" case, the NN10-4 model is ap-
plied to the entire polychromatic proton distribution. Without
the gating mechanism, the model is forced to perform regres-
ion on particles with energies significantly outside its training
range (102 MeV).

As a__QS_ in the leftmost column of Fig. 3 (b), this leads to

ion errors. ifi 2 T =3, the

s disproportionately distorts the mean field calculation.
By contrast, the spectral OOD filter effectively masks these
outliers, ensuring only physically valid, in-distribution predic-
tions contribute to the final field map.

We quantify this improvement :::n the Pearson correla-
tion icient (R) and the d Root-Mean-Sq
Error (NRMSE), defined as:

N Lw__.ag lw.:_Ju
By — BIe

‘min

NRMSE =

¥ s;_o_d 2 is the number of grid cells populated by valid par-
s. To ensure a compari-
son, :6 metrics are calculated exclusively on valid grid points,
effectively masking cells with null values or those lacking in-
distribution particle contributions.

‘Without the OOD filter, the reconstruction fidelity col-
lapses: for 7= 1 and 2, R drops to =~ 0.3 an NRMSE of
~2 50%. By T = 3, the metrics reach a failure state with R ~
0.02 and NRMSE = 120%. Conversely, applying the spectral
00D filter restores high fidelity (R > 0.99, NRMSE < 3%)
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accurate but sparse maps (low fill factor).

Despite these differences in coverage, all filtered models
maintain high accuracy across the 15 tested source config-
urations (Table I). Consistently maintaining R > 0.99 and
NRMSE < 3% confirms that the local solver is robust to both
source noise and spectral jitter, provided the OOD filter re-
mains active. This point-wise agreement demonstrates that
the system maintains quality regardless of the input source
width,

TABLE . Quantitative evaluation of model robusiness against spec-
tral non-idealities. Correlation coefficients (R) and NRMSE (%) are
reported for the NN10-4, NN10-2, and NN10-1 architectures across
15 d source conditions ( mean energy Ey and spectral
broadening AE). Metrics are caleulated only on populated grid cells
for the complex T = 3 MHD snapshot, demonstrating stability even

N

y {mm)

¥ (mm)

I ‘ |
2241 0 0103 T
x (mm)

¥ (mm)

¥ (mm)

0201 0 o102
x (mm)

MHD simulation without 00D filter

FIG, 3. Qualitative assessment of recon
(B..By). (b) Reconstructed ficlds ac
due to spectral contamination, The subsequent columns (with OOD filter)
between spatial coverage (Fill Factor) and the strictness of the spectral acceptance window (NN10-4 vs. NN10-1).

across all time steps, the filter is a i for  C. Precision-Recall Trade-off
reliable inference in polychromatic environments.

A comparison of the filtered models (NN10-4, NN10-2,
NNI10-1) reveals a fundamental trade-off between spectral ac-
ceptance (recall) and spatial coverage. While NN10-4 retains
more particles to deliver a continuous field profile with su-
perior coverage, the highly selective NN10-1 model produces

under high-jitter conditions,

En  AE NN10-4

NNI10-2

NN10-1

(MeV) (MeV) (R NRMSE) (R / NRMSE) (R / NRMSE)

1 0.996/2.05 0.9%4/2.68 0.995/2.24
8 2 0.996/1.93  0.994/2.66 3
4 0.996/1.96  0.994/2.54 6
I 09977178 09957249 0995/2.10
9 2 09977181 09947246 0.995/2.09
4 0996/1.94 0994/253 0.995/2.12
1 09987162 0994/251 0996/ 1.98
10 2 0.997/1.75 0995/243 0.995/2.08
4 09967192 0.994/2.51 0.995/2.13
1 09977163 0995/229 0996/ 201
1 2 09967176 0995/242 0995/207
4 09967193 0994/252 0995/2.12
I 0996/1.88 0.994/236 0.995/2.07
12 2 0996/1.83 0.994/245 0.995/2.10
4 0995/1.96 0.994/252 0.995/2.13

D. A Priori Uncertainty Quantification

To quantify the spatial completeness of the reconstruction,
we define the Fill Factor (FF') as the ratio of grid cells contain-
ing at least one v; -distribution) particle prediction to the
total number of cel

een the In-Distribution (ID) Fraction, the percentage of par-
ticles passing the OOD filter, and the resulting performance.

+ Fidelity is Independent of Coverage: Panels (a) and
(b) show that reconstruction accuracy remains stable
regardless of the ID fraction, indicating that the OOD
filter successfully decouples "data quantity” from "data
quality.”

+ Coverage is Predictable: Panel (c) demonstrates that
the FF scales with the ID fraction, allowing experi-
mentalists to use the source spectrum as a proxy for
expected spatial coverage.

in Proton Radi phy 6
1.000
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0.998 .
a8
-3
o 0.996 om
g
0.994 - wﬂ» B
0.992 T T T
0 25 50 75 100
0.04
(b)
0.03
w 33
2 ?W +
= 0.02 B om w
-4 M+
Z B .
0.01
0.00 T T T
0 25 50 75 100
1.00
{c) ‘ B+
. 0.75 o®
ool &
= O Eo=8Mev
z % X Eo=9Mev
025 " — se=1mev| + E-loev
— AE = 2 MeV Eq = 11 MeV
— AF =4 MeV Eg = 12 MeV
0.00 T r T
0 25 50 75 100

ID Fraction (%)

via the In-Distri (ID) Frac-

) R,
NRMSE) remains consistently high (R > 0.99) regardless of the 1D
fraction, confirming that the QOOD filter successfully isolates valid
data. (c) The spatial Factor (FF) scales with the 1D fraction, al-
lowing for an @ priori assessment of reconstruction coverage based
solely on the source spectrum.

Because magnetic forces do not alter a particle’s kinetic
energy, the ID fraction is an intrinsic property of the source
spectrum. This allows the metric to be caleulated before per-
forming inference, providing a practical "Go/No-Ge" gauge.
For instance, an ID fraction exceeding 25% consistently yields
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a Fill Factor greater than 0.6, while a fraction above 50%
ensures a Fill Factor exceeding 0.8 with reliable quality.
This framework remains effective even with moderate elec-
tric fields, as high-velocity ditions in HED exp

chitecture addresses two fundamental limitations of tradi-
tional global inversion methods. First, by treating single-
particle dynamics :.invn_.iu:—? the network naturally re-

ensure the detected energy closely represents the particle’s en-
ergy during interaction

V. SUMMARY AND CONCLUSION

This study introduces a  physics-informed  domain-
adaptation  framework ?ﬁ. solving the ill-posed inverse

the learning paradigm from global image-to-image translation
1o a local solver approach, we address the critical challenge
of reconstructing complex vector fields from path-integrated

data corrupted by spectral noise.

Our results demonstrate that spectral 00D filtering is a key
factor in achieving robust inference under realistic experimen-
tal conditions, together with the use of a uniform velocity
istribution envelope during training.  Standard neural
works, without these safeguards, suffer from large extrapo-
lation errors arising from the domain gap berween ide;
training distributions and the polychromatic spectra of laser-
driven sources. By integrating the OOD filter, we isolate the
physically valid regime and reject uncertainty introduced by
out-of-envelope inputs. The model consistently delivers high-
fidelity reconstructions (R > 0.99, NRMSE < 3%) with the
best spatial coverage across all tested jitter conditions. While
c<n:v. strict EE} tend to reduce spatial coverage without
improving precision, the NN10-4 model (trained on broader
spectral data) provides an optimal balance between accuracy
and coverage

A major advantage of this framework is its capahility for a
priori uncertainty quantification. Since magnetic forces con-
snergy, the In-Distribution (ID) fraction is de-
termined solely by the source spectrum and can be calculated
before performing the inference. From a practical standpoint,
this spectral filter can be directly tuned to match the hard-
ware configuration. For example, when using stacked nuclear
track detectors like CR-39, the energy range of each layer is
fixed by the stack design. Selecting an OOD filier window
that matches the energy response of the detector layer ensures
that the physical measurement and the neural network oper-
ate within the same domain. This provides experimentalists
with a verifiable, ground-truth-free metric for assessing recon-
i lity. Our results indicate that an 1D fraction
ds a spatial fill factor greater

ion above 50% ensures a fill factor over
0.8 with high-fidelity results

Because the local solver operates independently of spati
gradients and global symmetries, the reconstruction frame-
work is inherently independent of field topology. The
Orszag-Tang vortex serves as a rigorous benchmark for mul-
tiscale structures, but the EGV al mapping learned by the net-
work is fundamentally cable to any arbitrary magnetohy-
drodynamic profile :_o.: further training.

From a methodological perspective, the local-solver ar-

solves math ical ambi arising from trajectory cross-
ings and caustic formation. Second, the framework ex-
hibits strong zero-shot generalization: although trained only
on E_,_n_o_,: “uniform fields, it successfully reconstructs com-
plex, magnetohydrodynamic vortex Fi-
nally, because each local solver operates independently, the
inference process is embarrassingly parallel. enables
h-throughput analysis on modern GPU clusters, estab-
ng a robust and efficient machine-learning pipeline for
high-energy-density physics diagnostics.  While the current
framework focuses on magnetic field reconstruction, future
11 extend the “local solver’ architecture to explicitly
disentangle concurrent electric and magnetic field contribu-

higher-dimensional phase-space mappings.
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