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Generative Al

20,4

“What I can not create, I do not understand”

Training data Sampling
(e.g. 64x64x3=12K dims)

P BY - =N
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;
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Leamning
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Want to model the observed data's underlying but unknown distribution,
to further :

* Understand/Inference the data (inherent structure, properties, features...)
* Sample according to the distribution
Suppose observation dataset :
X = {z), 2?2 . ™)} . Deutal®)
We use parametric model to approach the data distribution :
po(T) = Pdata(T)

Often use NN to parametrize transformation log pg(x) = log pe(fe(2zo))



Why GenAl matters for — high-dim distribution problems

Lattice QFT HIC Simulation Inverse Inference
critical slowing down Multi-stage EbE slow Recover physics from noisy data

topological freezing Fluctuations/correlations Calibration and uncertainty

lattice sampler HIC surrogate posterior engine

p(¢) x e~ 51! > plevent | c) p(0 | y)

Bottlenecks differ, but all revolve around high-dimensional probability measures.




between probability measures

1. Generation = sampling 3. Different GenAl models realize the path differently
learned dynamics flow / FM:  dx¢ = ve(at)dt,
o ~ PO > L1~ P1-
x; = Tp(xo) 8tpt = -V- (ptvt),
» data-driven: p1 = pgata(® | v); diffusion: da¢ = bi(xe)dt + gedWre,
» action-driven: p1r = Z_le_s(m); 8tpt =-V- (btpt) + %VQ(gfpt).

» inference-driven: p1 = p(0 | y).

Physical reading
> state = fields, particles, detector responses, or
{pt}icron) po simple,  p; physical target. inferred parameters;

> probability path = evolution of uncertainty from
prior/noise to physics ensemble;

» dynamics = transport that should respect action,

symmetry, conservation laws, and response;

2. A probability path is chosen

path in distribution space
» output = an ensemble/posterior with calibrated

observables, not a single plausible picture.

noise/prior >][ transport D][physics ensemble




Learning from : Samples or Unnormalized Target

Known samples Known unnormalized target

X~ pasea(x), 0% =argmax ) _log pp(x). P =, p.(x)=B(x)/Z

Dk1.(qy || ps) = Eq, [log gy (x) + E(x)] + log Z.

Spin models, scalar/gauge fields, many-body
Boltzmann weights, unnormalized Bayesian
posteriors.

HMC ensembles, hydrodynamic events,
detector responses, experimental distributions.

Message: The information boundary determines the objective: likelihood from samples, free energy from

unnormalized targets, posterior density from observations.



Variational principle for data-less GenAl

NO TARGET TRAINING ENSEMBLE

Fla] = (5)q + (logq),

action / energy negative entropy

Flq] + log Z = Dxy(q||7) >0

Difficulties in Applying the Variational

. . Principle to Quantum Field Theories!
The trial measure is now a neural sampler.

Connection to the Gibbs-Bogoliubov-Feynman bound

— logZ < — log ZO + <S _ SO>qg Richard P. Feynman

‘transcript of his talk in 1987

A richer trial measure is useful only if we can sample it and evaluate its density.

Gibbs-Bogoliubov-Feynman principle;
Feynman, Phys. Rev. 97 (1955) 660;
Wau et al., PRL 122 (2019) 080602.



Given Hamiltonian/Action —

® Reverse KL divergence

Diatan 1) = Y av(9 1 (2 g, =) Fa= 5 D4 BE) + mguts)

()

® Autoregressive  qo(s) = H%(S: | 515+, 8i-1)
- D. Wu, Lei Wang and P. Zhang, PRL122,080602(2019)

® Continuous Autoregressive for XY model

Input

L. Wang, Y. Jiang, L. He, K. Zhou, CPL 39, 120502 (2022)
Configuration: Masked convolutional layers
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Flow based GenAl —

A series (Flow) of invertible/bijective transformations for p(z)

fi(zo) @ fi(zi 1) @ it+1(2i)
2 gl o iy
. N . N . N
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z; ~ p;(z;)

2z ~ po(2o) 2k ~ pk(zK)

'1 (z;) ]detJ 1| = pi—1(Zi—1 |dCtJf1|

= Pi— 1
— log p(x logpo‘+210g‘|—logpo zo)—210g|detJf|

Markov ¥y .

. _— -.' - - .
chain 4 x g’h" .
+
Proposals from ...-i &"z B : @
flow model d : g.h" =

ideal
Spui(z) = S(Ty(z)) — log | det DTy(z)| = So(z)+C
Lischer, 0907.5491; Albergo +, 1904.12072; Boyda +, 2008.05456; Favoni +,
2012.12901; Abbott +, 2208.03832; Abbott +, 2211.07541; Abbott +, 2305.02402;
Bulgarelli+ 2412.00200 (SU(3)); Abbott +, arXiv:2502.00263
K.C G.K,S.R, D.R, P.S., Nature Reviews Physics 5, 526-535 (2023)

Fourier Flow Model

(@ = @ - o

S. Chen, O. Savchuk, S. Z,B. C,H. S, L. W, K. Zhou,
PRD107, 056001(2023)

\ Fourier Frequency(Matsubara) Space
I\
4"‘ \‘ |
A —J
Sin = % Z4sm ( )\$k|2
Z~po(2o)
0.5 f=2 14
0.4 ® Ep(F-flow+MCMC)
s 124 * m Ey(F-flow+MCMC)
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Data-driven GenAl — early proof of principle for IQFT/many-body physics

K. Zhou, G. Endrédi, L.-G. Pang, and H. Stocker .
Training data Sampling PRD 100, 011501 (2019) Monte-Carlo

(e.g. 64x64x3=12K dims)

30 GAN
» >
P(x). o o E G 25
data
3]
a L 020
\ 2
b =
b - ® a°
/' EM-distance 2
a0

o

Fake
Generator data
G(z) )

MM iR

0 L |I
0.38 0.40 0.42 0.44 0.46 0.48 Q.50 0.52
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Observations
s Nerual Networks 0.15 T
—.—HANN(T=0.8
—e—H, (T=1.0
4 Y] e
Phase Diagram I
; % 0.05
. N\ Ps) >
L. Wang, L. He, Y. Jiang, K. Zhou, j\
Chin. Phys. Lett. 39 (2022) 12, 120502 — o
\ Likelihood / 0¥

0.5 | 15 2 25
Temperature

T. Xu, L. Wang, L. He, K. Zhou, Y. Jiang,
Chin. Phys. C 48 (2024) 10, 103101
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Diffusion Model B

F#F LK F R
The Chinese University of Hong Kong, Shenzhen

“A heavy quark move inside quark-gluon plasma”




Model meets lattice QFT

p() = =597

1 % =f(®,9) + 9 ‘;—‘f = [f(p, ) — g()*Vylog p.()] + g(O)7
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L. Wang, G. Aarts, K. Zhou, JHEP 05 (2024) 060

L. Wang, G. Aarts, K. Zhou, 2311.03578 (NeurlPS 2023 workshop “ML & Physical Sciences”)

G.A,D.E. H, L. W, K. Zhou, 2410:21212 (NeurlPS 2024 workshop “ML & Physical Sciences) - “Best Physics for Al Paper” Award
Q. Zhu, G. Aarts, W. Wang, K. Zhou, L. Wang, JHEP 2026,

G. Aarts, D.E.H, L.W, K. Zhou, MLST 6(2025)025004, 2510.01328

S. Chen, M. Qian, G. Aarts, B. Lucini, K. Zhou, JHEP 2026, 2606.13790 (training without HMC data preparation)



Diffusion Model as Stochastic Quantization

) & =16.0+aOn 9 _ 1i9,0) - 9T ylogpe@)] + 907
® Forward diffusion SDE 2:(; = f(0.€) + g(E)n(&) v R e RS (')-]-'-"'*
(n(E)n(&")) =2ad(¢=¢) “ ’ A
® Backward diffusion SDE
d ‘ 7] 0
9 _ [f(,1) = gz(t)V¢ logpi(9)] +gO)7(t) t =T —¢ Po p
di

N
® Score matching Training Ly = ngEPO(%)]Epi(@@O) [|59(@i,5) -V, logp.i(®i|®0)||g}
i=1

® DM generation SDE and Stochastic Quantization ._ o =
Peq(©)) o e~ pM/
V,Som = —Vlog g (0) I
(" 0p(x,7) Opr(0) W f 08 (0 L)
((9—7 = g*(1)Vylog P(¢;7) + g(T)n(w, ) or /d ’ {9350 (Q’o‘o‘ + VaSDr\-i)}PT(O)-
\_/\
oo(z, T oP[p, 7] J’ o8 (8 88
(g—'r) = —V4S(¢) + \/57?(-'5: T remnke ald'x 55 \ 59 + 5 Plo, 7]
g J
® A flow of effective action will be'learned in DMs
sampling from DM is <& optimizing a stochastic trajectory to approach the “equilibrium state”
10

L. Wang, G. Arts, K. Zhou, JHEP 05(2024) 060



DM Relation to (inverse) RG

® Forward diffusion kernel: gaussian smoothing

(0% — 1)1)

pe(dedo) —N(Og;cao, g o

Pr(x) = ¢o(x) + 1/%6(){) with.e ~ N(0.1)

® [n Fourier space:

Jojejaio9 juiod z

, , O.QT_
ér(p) = b0 (p) + 1/ Sreaac(P)

® | the above evolution will perturb (smear) higher momentum modes first,
With decreasing cut scale because of the gradually increasing noise level !

In FRG, the high frequency (short-distance) degrees of freedom
is progressively integrated out ! 11



W]

Higher order cumulants Wl =log 27}, #n= =55

J=

» Higher connected functions are Fassssssssmse vy T s e T =
fingerprints of non-Gaussian i ML e e A
interactions. 3 =y —op| ) W

» They test more than marginal T e

histograms or two-point structure.

P A useful score must reconstruct hidden
interaction information.

forward

backward

r3(€) = cira(0) + Var(ng)

Cumulants turn diffusion validation into a field-theory Knsa(€) = € hn(0)
question.
Why this matters for diffusion
Demonstrated: higher connected cumulants can be learned . ; :
by difficior fodele » forward noising quickly h|de$
Bottleneck: checking interaction physics under denoising non-Gaussian structure behind added

variance

» the learned score must therefore carry
that information implicitly

» this is a much more physical diagnostic
than image-like quality metrics

Open: routine validation in harder theories

awig) dn
dJ (&)™ li=0 — dJ(t)"

Kn>2(t) = log Ep, [eJ(t)z"f(t’O)]‘J:O = Kn(0)f"(t,0)

Aarts, Habibi, Wang, Zhou, MLST 6 (2025) 025004. 12



Stochastic Path Sampler without HMC data

Forward path Forward protocol vs backward reference
=l B Pp(7) Pp(1)
Pp(1) = mo(z0) H aF (Tks1|zk). W(r) =log Qp(1)’ (r) =log Qgp(t) R Rt
k=0

Equilibrium Driven nonequilibrium -
stateA trajectories

Possible IMH on the path:

Time-reversal symmetry

Er[O(zx)e 7]

/Trajectory Balance ( O) — A _ : 1 Wold*WneW
™ = 1min e
E F[e —W} { ’ }
Backward reference .
) —&— M (5PS) -@- M (HMC)
" T-1 - )V (SPS)  -ME- YV (HMC)
Qp(r) = e €(@r) H qg(wklfk-f—l)- 209 A U(SPS)  -&- U(HMC)
k=0

Observable

L E ol ) S(x7)
. h ™~ pe |10 —— + X
pat & O8(1) g

K

The learning signal is global trajectory consistency. (b)y L = 32 (b)y L = 32

S. Chen, M. Qian, B. Lucini, G. Aarts, K. Zhou, 2606.13790 (JHEP accepted) 13



GenAl — flow PDEs

General SDE ladder BIEEREET#: a_t=a(t) VE DM case b_t=0, a(t)=g(t)"2
SDE + Fokker-Planck forward heat semigroup
n dX; = by(Xy) dt + 0y(Xe) AW, @y = oo X, = g(t)dWs, 7= ftg(r)zdr — o(t)?
Apr = —V- (bip) + 50:0;(aijpe) 8upr = 100, '

J

n log transform: p_t = exp(-S_t)
a(t)

t
0:S; =V-by — b;- VS; + T(AS} — HVStHz)

effective action PDE =HJB / KPZ

8.8, = +(AS, — ||VS,|?)

Hopf: pen(.S} iLARERMALH: action flow .
178 action LLEIRIEBHL RS  gauge-like T, Cole-Hopf pet{:S] LA ATEERAFEM. action flow

J

score 5 probability-flow velocity
Ct(t) ST - _VST, vr — _%81— - %VST

n St = VIngt = —VSt, Uy = bg — TSt
. _ 1
Busi =V |~V be— b sy + (T 50+ [sel]?)] ur:=V8 = Orur+ (ur V)ur = gAu,

KE ODE/SDE D score ; WIZREEEBAM St HAFEEHE, Burgers #2Z0iEA score HAREREBEE, MERET.

Outcome: path — PDE type — feasible solver




GenAl — flow PDEs

] path F1H% scalar action S}
VE dX = g(t)dw 9,8 = %(AS —|IVS|?)
DDPM/VP dX = OS = —kd+ Kz - VS +
—3BXdt + kAS — k|| VS||?
VBAW
Flow X;=(1- S =V-v—v-VS
matching t) Xo +tX
Schrédinger dX =eVndt + oS =AYy —VS . -Vy
bridge \VedW

From functional PDE to tractable control

VyVYyY VYV

score PDE

0rs = 3V(V -5+ s]*)

s =k[s+ (z-V)s+
V(V s+ |s]*)]

Os=-V(V-v+v-s)

Ops = — V(A + Vip - 5)

v+ (v-V)v=—p!
2

v+ (v-V)v=
—5 V(AVD/VP)

solve layerwise and center unknown normalizers;

fit scalar potentials or local operator coefficients, not arbitrary
high-dimensional vector fields;

sample collocation points from the current typical set;
use Hutchinson/JVP estimators for traces and Burgers terms;

known action "~ PDE/BSDE N score/velocity
Sy control St, Ut
A
l Y
observables MALA/MH proposal
O; kd correction i sampler 15

close with MALA/MH and physical observables.



Physics-informed Kernels for lattice Generative models

PHYSICS-INFORMED KERNELS

T — Zt_le_st, 87571',5 = — diV(ﬂ't’Ut)

div UVt — Vg vSt — atSt _ <8tSt>7Tt

Choose the physical probability path, then Learn the velocity that can
induce that path, or, conserves those probability.

Linear in v for specified action path; Reference-field subtraction removes the unknown time-only normalizer.

Ilhssen, Kapust, Pawlowski, arXiv:2510.26678.

16



Stochastic path optimization for prescribed physical path

The Chine enzhen

To follow a specific physical path, one can set it
via stochastic path consistency by constraining
the relationship between forward and backward

ENDPOINT OBJECTIVE PRESCRIBED PHYSICAL PATH

Any useful route to r, Specified nit at every time

Intermediate marginals are unconstrained

rior arge
/”/ A constrained stochastic path objective becomes

orior - = - = Farget a variational route to Wegner transport equation

nl n2 n3 n4 5

Shared parameters # shared generation prefixes The plaquette and the Wilson loops against beta_eff, every arm, raw and reweighted (T = 2500)
§ ais: nothing learned: annealed Langevin, sigma from cmcd X
#  cmed: one correction K_net around K_0 ¥ nels
¥ sps: both drifts learned

oth drifts leamed around K_0 (zero = ais}
d, K_B =2 K_0 - K_F (zero = free diffusion)

(a) plaguette: raw {b) 2x2 loop: raw (c) 3x3 loop: raw (d) 4x4 loop: raw
025~
bars: +-2 sigma (std. emor)  _ _ g0 - 0.08 -
08 - Ce e 0.5 7 N~ % | A
. -’,-‘: . ,:’ * 020- 4 3 /
= y = a4- 2 = ’ 5 006 ;
£0s . E A Lo A g r %
£ os K 8% i 4 £® A oo ‘
R.Thakkar, K. Zhou, et.a £ ). : / / g /
’ ’ ’ 3 » 205 P 2 .y 2 o
T o M. % A X £
= % & d & . 3 002 - i
Vos- [/ Yo1- ”- ¥ 005- AW v —.rﬂ:
. P 2 #g
0z o, 4 - -
to appear soon . aor o f soo- madf oo B4 3§
: 4 6 3w : &+ s 8 1 2 4+ s 8 1 2 4+ & 8 1
beta_eff = lambdalt) beta beta_eff = lambda(t) beta beta_eff = lambda(t) beta beta_eff = lambdal(t) beta E P I . .
(e) plaquette: reweighted {f) 2x2 loop: reweighted (g) 3x3 loop: reweighted (h) 4x4 loop: reweighted re “ I “n a ry
08 T 2 sigma (std. error) [ S 0.6 { % 0.100
- e
. - _ ﬁ [ P
g o Tos P I B %dF }
£ 07 A E K3 £’ E 5 oos0- -
2 r g 04 '3 8 o, .| ] J
gos- rg i *’ H &z § o0s- I —
A 05- '{ A };’ A 010 3 A 0.000- -
g 4 o a o A =3
S o4 goz2 | 2 oos % 8 —0.025-
g ; Qon- 4 b - % _o0s0-
Fos-/ 7 y § oo SR
M_P' LLES I8 ~0.05- A

2 10 : 4 8 8 W @ 4 s 8B M 2 4 s 8 1 17
beta_eff = lambdait) beta beta_eff = lambda(t) beta beta_eff = lambda(t) beta beta_eff = lambda(t) beta



Stochastic path optimization for prescribed physical path

ENDPOINT OBJECTIVE

Any useful route to r,

PRESCRIBED PHYSICAL PATH

Specified nit at every time

Intermediate marginals are unconstrained

Prior /* Target

Prior —I L L L L
nl n2 n3 n4 n5
Shared parameters # shared generation prefixes.
_
E
2 s
@ i
+25k O ¢
08~ H
-%-np 5 s
R.Thakkar, K. Zhou, et.al, ¢ A
iina- A .
Vos—/¢ Plag
02 .‘
to appear soon ol
)beta_
(e) plai
09 -
bars: +-2 si¢
g0
507
inaf s
Loa-
EM-#”

(a) Reweighted Observable Deviations from Closed Forms

Target

To follow a specific physical path, one can set it
via stochastic path consistency by constraining
the relationship between forward and backward
drifts >

A constrained stochastic path objective becomes
a variational route to Wegner transport equation

(b) Partial-Weight Effective Sample Size Ess/ N along Path

Partial-Weight ESS/ N [\%]

107 7

tloop: raw

i

(<} Intermediate Mean Plaquette Tracking =, ,

Raw Plaquette Pair (- F) [x10°7]
|

o
A
02 04 08 08 10 4 0
Diffusian Stap Time £ (0.1, 1.0 k ﬂ'
(d) Plaguette-Pair Difference (¥ F) vs. Stop Coupling
6 8 10
lambdal(t) beta P I . .
p: reweighted E re I l I I I n a ry

, 1%
= *H *»

17

4 8 3 8
Intermediate Coupling A= A(t)d lambda(t) beta



GenAl for HIC physics bottleneck —

expensive forward map » Infer E0S, initial conditions, transport
. . coefficients, and phase structure from
physics 6 - transport / hydro / hybrid B»| observables P
. observables.
4 .
.t » Forward map: transport, hydrodynamics,
posterior , - hybrid evolution, detector response.
(]y) ¢ model-data comparison 14— data y _
S » Bottleneck: repeated simulator calls
repeated inside Bayesian scans inside likelihood or posterior loops.
Observable emulator Event-level generator
{parameters GP emulator] [parameters generator H events ]
\/any observable}
» Efficient for a small observable vector. » Samples complete events; observables are
» Harder to scale when many differential computed afterwards.

observables, correlations, and cumulants are » Better aligned with event-by-event Bayesian
needed. inference and multi-observable systematics. 18



Generative diffusion model to heavy-ion collisions

An end-to-end generative diffusion model for heavy-ion collisions Phys.Rev.C 112 (2025) 5, L051903

Jing-An Sun.“? Li Yan,"? Charles Gale,”> and Sangyong Jeon?

Initial density profile @ charged particle spectra The predicted noise
tor. We carried out (2+1)D minimum bias simulations

of Pb-Pb collisions at 5.02 TeV, choosing the shear vis-
cosity 77/s to be one of three distinct values: 0.0, 0.1, and
0.2. For each value of n/s, we generate 12,000 pairs of
| initial entropy denfity profiles and final particle spectra,
corresponding to 12,000 simulated events, as the training
dataset. 70% of the total events are used for training and
the rest are used for validation.
Considering that the spectra Sy depend on the initial
entropy density profiles I and the shear viscosity 7n/s, we
» s . train a conditional reverse diffusion process p(So|I,7n/s)
; : without modifying the forward process.

%00 50 00 50 100
x (fm)

| Diffusion |

| Time step t |
Shear viscosity
conditioning

nls

3
i L . T R | [ [ one single central collision event in just @ S on
i T Y T ¥
0 | Il t a GeForce GTX 4090 GPU.
TE d 3§ A S ST i d f A S &S A4 & 4 4 = < = = Dbleprecision, as the traditional numerical simulation of
& g 3 Ny 8% % d IV YYYYYYYY ' .
T & 2 3 DT oo oW oW v v @ v v hydrodynamics for one cgatTal evegt typically takes ap-
S 8 S 33035 w3035 3G . : 4 .
5 $§ffs g $:d proximately 120 minuteq (10* secongs) on a single CPU.
S 19
S




Point Cloud Diffusion Model for HICs —

- o 18k UrQMD simulation events for central
Au-Au@10 AGeV collisions
o HEIDi:

His decisions aren't any better than yours
— but they're WAY faster...

t= 50 t= 30
Reverse diffusion

0 -5 0
p- [GeV/c]

M. O.K, K. Zhou, J. S, H. S, PRC 112 (2025), L051902;
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Heavy-ion Events through Intelligent Diffusion

PointNet encoder + Normalizing flow decoder + Pointcloud diffusion >

o
1x 128

I 1% 128

" Latent encoding

. UrQMD >D-
HEIDi &
i
3
2o.
Z
So.
o
o
o
0.0
Multiplicity
Au - Au
Ei:p=10 AGeV
b=1fm
AL (| I l nm
7 ¢ o o % O O x o+, 0 A A
Q»{~@ CRICLRAEL Ty vy s
Particle

PointNet = of event features
encoder m (0,1) ;
5 correlations
—— 11 x 128]
urQMD z Normalising > "
event 1x 128 flow —
1084 x 32 N©,I) Q
-
— v ; . 2
HEIDi Pointcloud —> |1084 x 32 | §-
event diffusion €
1084 x 32
~ N(0,1)
En=10AGeV 1

PRC 112 (2025), 054907



Point Cloud Diffusion Model for HICs —

1128 )
“ " Latent encoding

o
1x 128

ot . .
o 18k UrQMD simulation events for central i — of event features
Au-Au@10 AGeV collisions 5 correlations
— 1 1% 128]
e} HEIDi: urQMD ; 2128 l:z Norr'r;alising —> ‘
’ event X ow j—
Heavy-ion Events through Intelligent Diffusion xS ) No.n @
* [1084 x 32| 8
HEIDi Pointcloud ——> R )
PointNet encoder + Normalizing flow decoder + Pointcloud diffusion > 10;;"*"‘32 < diffusion € A
His decisions aren't any better than yours e ) N(0,1)

— but they're WAY faster...

= UrQMD 50 o0 Running time of UrQMD simulation
0.06&— 175 HEIDi E . .
I 5oz cascade : ~ 3 sec/event;
0.04 2 > 150 = . . .
8 O S with potential : ~ 3 min/event;
. = 125 g : .
IO o = ; hybrid : ~ 1 hour/event
t= 50 t= 30 0.8 _‘g 210 0.0 10 20 30
Reverse diffusion . i% E 75 Multiplicity
U= Au- A o HEIDI on A100: ~ 30 ms/event
0.4 é Ei.p=10 AGeV
53 Q‘%' 25 I b=1 fm
l = obedlmn LLel | PP o Speedup 2 ~ 5 orders of magnitude
0.0 ORI ILREL Ry 4 29
Particle

0 -5 0
p- [GeV/c]

M. O.K, K. Zhou, J. S, H. S, PRC 112 (2025), L051902; PRC 112 (2025), 054907 20



Inverse Inference — GenAl as a posterior engine

p(0|y) x<p(y|8)p@)

[observable y]—)[likelihood / simulatorH posterior J
» The physics signal may be hidden, smeared,
or only indirectly observed.

. foldi )
» GenAl enters as learned unfolding, {SBl / cond. flowj (amortlzed pH]

conditional density estimation, or
simulation-based inference.

Physics interpretation

The model should not merely predict a hidden variable;
it should quantify which physical explanations remain
plausible.

Inverse problems turn GenAl from a generator into an uncertainty-aware inference tool.

» The desired output is a distribution over
explanations, not only a point estimate.

21



in HICs

» initial entropy-density or nucleon-configuration features are
encoded from event bags;

z
(Conv 1x1)
Na: X
=
Multi-Head )

MLP

GeLU

Dropout

g

R

» conditional flow/SBI returns a calibrated posterior over - B 5.
. Initial Entropy ConvNeXt Block Prediction MLP
deformation parameters; Bty Bianie) § § 2 g o
. . p=
P the GenAl component represents non-Gaussian uncertainty, . r w 5
1 e Bl E = - = MLP SetTransformer e
not only regression. (AR S E 3 g
S @ Concatenation operation
b ez ey €4 - L/ J PMA: Pooling-by-multihead-attention ;
» Single events are too noisy: participant fluctuations obscure  Atuibutes Point MLP ACS Rt covplig P(Bz Bal)
deformation information. M=100
» Grouping many events with the same deformation paftraim” 3“
parameters strongly improves identifiability. 02 T —

Jé?
@S
=
@
R

» Conditional normalizing flows provide | :

po (B2, s | event bag)

04 LVnh'an(iuu "

instead of a single estimate. oot a I ‘
» GenAl acts as a many-event likelihood-to-posterior map. = I ’ 1 - ’ - ‘
0.2 3 4 L L
04
0.4 FTest |
02 ‘
5 00 b 1| |
J. Tao, Y. Liu, Y. Sha, X. Fan, Y. Tu, K. Zhou, 02t ‘ L ’ 1t ‘ | ‘
H. Zheng, B. Zhang, arXiv: 2603.24088 04r
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Summary

Lattice QFT HIC simulation Inverse problems
sampler and PDE testbed conditional surrogate posterior engine
m[¢] o e ) p(event | c) p(9]y)
transport must preserve action, fast generators must preserve models should infer hidden
symmetries, cumulants, topology, event structure relevant for variables, uncertainties, and earlier
and path-space diagnostics Bayesian calibration and dynamical stages
observables

probability paths + action structure + physical validation

Unifying statement

GenAl is useful here when it becomes a controlled transport tool: a sampler, a surrogate, or a posterior
map whose errors are judged by physics.
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