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Generative Models
meets Physics
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Generative Models

Want to model the observed data's underlying but unknown distribution,
to further :

Y

* Understand/Inference the data (inherent structure, properties, features...)

s how e rotit 1A07) | gl
/.JW“@M Th/’/‘ W | -,,,,,/J\ ",;.‘Il e /_,% Hesled

* Sample according to the distribution

“What I can not create, I do not understand” Suppose observation dataset :

.1.d
Training data Sampling X — {w(l) 9 $(2)7 seey m(N)} Z,.’l;/ pdata (x)

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

We use parametric model to approach the data distribution :

Po (LL’) — Pdata (37)

Often use NN to parametrize transformation log pg(x) = log pe(fs(2z0))

T

* Maximize Likelihood Estimation : (given training samples) Reverse KL Divergence : Sample many zg ~ po(zo)

(given unnormalized target distribution, e.g., Action)
N

N
1 .
0" = ] X) = — E :1 (4) 1

=1 0 i=1

1



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
| d dynami : _
0 ~ po earned dynamics | 21~ pr. flow / FM:  dx¢ = ve(at)dt,
Otpr = =V (ptue),
» 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;

» output = an ensemble/posterior with calibrated
observables, not a single plausible picture.

2. A probability path is chosen

path in distribution space

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




Data-driven lattice GenAl — early proof of principle from ensembles

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

Sampling

L. Wang, L. He, Y. Jiang, K. Zhou,
Chin.Phys.Lett. 39 (2022) 12, 120502

T. Xu, L. Wang, L. He, K. Zhou, Y. Jiang,

Learning
Interaction

Nerual Networks
0

s e Y

[ P .>g§.
\}.7

v

mpﬁ@

\ Likelihood )

Chin.Phys.C 48 (2024) 10, 103101, arXiv:2007.01037

K. Zhou, G. Endrédi, L.-G. Pang, and H. Stocker .

PRD 100, 011501 (2019)
30
) 2
- £
5% s o
o 1511 <
r == 0 20
= 2
b s =
o [~ @ g"
sl EM-distance 2
| E 10
Generator
" c@ 5
0
038 040
1
0.9 H
H
0.8 i
0.7 ‘g
(2]
Phase Diagram Los ” 9]
< Q.
£ £
S04 £
* S
E 0.3 >
] ) == ‘Onsager solution
Hfs) < —TInpfs) 0.1 }|=*—L = 16, Training size = 1000
[—o— L = 16, Training size = 5000

1 1.5 2 25
Temperature

! Monte-Carlo
GAN
i1 |
1 (M
I|I ll LJII‘!‘HI
042 044 046 048 050 052
¢
0.15
—o—H  (T=08
—o—H o (T=1:0
HXY
01}
0.05}

oo

1 1.5 2

25
Temperature



Diffusion Model b

A B P XK # ORI
The Chinese University of Hong Kong, Shenzhen

ersity of H

“A heavy quark move inside quark-gluon plasma”




Diffusion Model on lattice QFT configurations

dp _ d¢
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ang, G. Arts, K. Zhou, JHEP 05 (2024) 060

ang, G. Arts, K. Zhou, arXiv:2311.03578 (NeurlPS 2023 workshop “ML&Physical Sciences”)

A,D.E.H,L W, K. Z, arXiv:2410:21212 (NeurlPS 2024 workshop “ML&Physical Sciences) - “Best Physics for Al Paper” Award
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Diffusion Model as Stochastic Quantization

) ) do =10+ 9O 2~ 160 -~ 9 glogn()] + 9OF
® Forward diffusion SDE (Tg = f(0. &)+ g 0 W@y >

(&) = 2a6(£=¢)
® Backward diffusion SDE

(fif [£(¢.1) = (Vs logpi(d)] + g(®)ii(t) t =T —¢ b

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

® DM generation SDE and Stochastic Quantization
VSpm = —Vglogg-(9)

a¢(a:i T) ( )vr,i) lOgP((b, ) (T)"](.’II,T) dpéq(_Q) _ /d”;r{gz;o (O!OO VéSDI\.i)}pT(Q).
9¢(z, Plptl (. 6 (6 6S
T = VaS0)+ Van(a,n) el (5 e 5 ) e

® A flow of effective action will be learned in DMs
sampling from DM is <& optimizing a stochastic trajectory to approach the “equilibrium state”

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



Effective Action Flow
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® Flow of the effective action

L 95(6) _
99

9
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DM Relation to (inverse) RG

® Forward diffusion kernel: gaussian smoothing

pe(beldo) = N[ de- b, —— (5% —
pe(olon) = N0 0. 3p—(* - 11

dr(x) = ¢o(x) + 4/ %e(x) with.e ~ N(0.1)

® In Fourier space:

Joje|aliod juiod 7

. ; g2 _
ér(p) = b0 (p) + 1/ Sreac(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 ! 9



DM on 2d scalar ¢* model -

Broken phase:

T= e=025 =05 =075 T=

-. ) -:r !
1 =i 1y
r Yehiety
" |
0y B
3
" s U v
.-. 55 E

numerous “bulk” patterns emerge

o
o

Numbers
N w
(=] o

-0.1 0.0
Magnetization

0.1 0.2

data-set

(M)

X2

Ug

Training (HMC)
Testing (HMC)
Generated (DM)

0.0012+ 0.0007
0.0018 + 0.0015
0.0017+ 0.0015

2.5160 £ 0.0457
2.4463 + 0.1099
2.4227 £+ 0.1035

0.1042 £ 0.0367
-0.0198 + 0.1035
0.0484 + 0.0959

» In the broken phase, the generated fields develop the expected bulk structures; in the
symmetric phase, integrated observables agree with HMC in this benchmark setup.

L. Wang, G. Aarts, K. Zhou, JHEP 05 (2024) 060.
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How correlations are destroyed and rebuilt in DM ?

forward process: z(t) = K(z(t),t) + g(t)n(t)
linear (or zero) drift:
initial data from target ensemble  xg ~ Py(z0)

solution: z(t) = zof(t,0) + /0 ds f(t,s)g(s)n(s)

W|th f(t’ s) — e—% fst ds/k(sl)

moments  uy,(t) = E[z"(t)]
second moment/cumulant:

ka(t) = pa(t) = 12(0) £2(2,0) + =(¢)

=(t) = /0 ds /0 ds' £(2,8)§(t, 8')g(s)9(s' ) En[n(s)n(s’)] = /0 ds f2(t, 8)g%(s)

0<t<T

noise profile g(t) = o*

and cumulants or connected n-point functions

» In a Gaussian theory, all connected
cumulants with n > 2 vanish.

» In an interacting theory, nonzero k.4, ke, . - -
are direct fingerprints of non-Gaussian
dynamics.

» So the real question is not only whether the

model reproduces ko, but whether it
reconstructs the connected hierarchy.

Why this matters for diffusion

» forward noising quickly hides
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

11



Higher order cumulants

o proof to all orders: generating functionals Z[J] = E[e”(1)2®)] WJ] =log Z|J]

O average over both
noise and target Zp|J] =E, [eJ(t)m(t)] _

distribution

[ Dy o~ 3 I3 dsn® (8)+J (D)2 f (£,0)+ [ ds £ (t,8)g(s)n(s)]
[ Dne2 Jo dsn*(s)

O noise average: ZplJ] = et ()zof(£,0)+5 J*(H)E(t)

o total average: Z[J] = ]E[eJ(t)-’”(t)] _ e3 (ME®) /dxo po(xo)eJ(t)-’Bof(t,O)

1
o cumulants: WJ] = log Z1J] = 5 J()2(t) + 1og [ dao Po(a)e? @0/
d*W[J]
one : = | =E(t) +Ep, o] v
o 2" cumulant 10, T2 1o (t) + Ep,[z5] f*(¢,0)
v
o higher-order d"W1J] dn ;
A | — (t)zo f(t,0) ‘ _ n
cumulants: in>2(t) dJ(@)" ls=0  dJ(t)" logEp,[e ]J=0 kn(0)f"(t,0)

12



2d scalar field theory in variance expanding scheme

-r% Ke :;Ll :nooo;
g <
Hc—) < 715000:-
g %hA 710000;— —
K9 K4 Keg Kg
HMC (normalised) | 0.39597(4) | —0.29453(6) | 0.90108(28) | —5.8689(25)
Diffusion model | 0.39598(4) | —0.29454(7) | 0.90113(32) | —5.8694(28)

¢*:32%,k = 0.4,1 = 0.022, 10° configurations

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



. . o O  Quartic model with a complex mass S = laon + l)\z4, o9 =A+iB.
» With a sign problem, the original Boltzmann 2 4
weight is complex and importance samplin 4
faiISg P P ping O  Exact results for partition function Z = /da: e = —gegKﬁ(f) E=03/(8)\)
. a0

» Complex Langevin can sample a real

effective distribution P(ac, y) in the O Sampling from CL process yields empirical histogram 2d-distribution, with no analytical expression

cc?mpllexmed space. B \ A\ J
» Diffusion or energy-based models can then )
learn that effective distribution from CL ' ——
trajectories. = 00 Wz
7112 / %
(0(2)) = / de dy P(z,y) Ol + i) 7 —
This does not solve the sign problem, but it B B [ :
gives a new handle on what CL actually
Samples. Figure 1: Complex-valued quartic model with parameters oo = 147 and A = 1: CL drift in the

complex plane (left) and histogram P(z,y) obtained by sampling the CL process (right)

O EBM learned the Energy directly, the score (from gradient of energy) is conservative, with direct distribution

T

/] first time that a parametrization of

il “‘ - distribution from a CL process is obtained
) \\\\‘é’ig} / 7 / : . [ - in non-trivial case wo histrogram way
| = LM - N ),

A\ J

G. Aarts, D. H, L. W and K. Zhou, JHEP12(2025)160

Figure 4: Quartic model: Energy Ej(x) learned in the energy-based diffusion model (left) and 1 4
the corresponding distribution py(x) ~ exp[—Ep(x)] (right).



Given Hamiltonian/Action —

® Reverse KL divergence

Diatan 1) = Y w91 (2 g, - Fo= 5 D4 BE) + gyt

® Autoregressive  qo(s) = H%(S: | $1,- 05 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)
(Configurations) Masked convolutional layers

—
R e R
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Flow based generative model given unnormalized distribution

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

m veral invertible transformation form the flow :

fl (ZO) @ fi(z" 1) fi | I(Zi)

7 N L, N

’ N ’ s . N
’ \ ’ \ + \
' \ ' 1 ] \
I ! 1 1 I 1
\ ! \ ! 1 !
A / A ’ \ ‘
\ ’

N

\ ’ Ay
5 ~ ¢ . ’
b2 o S 5 N

2z ~ Po(2zo) z; ~ pi(2i) zg ~ pi(2ZK)

pi(z:) = pi-1(f " (25))| det Jp—1| = pi—1(z;—1)| det Jp, |~

K K
— logp(x) = log po(f ™" (x)) + ) _log|det J; 1| = log po(zo) — ) log|det Jy, |F

E-T.‘-ﬂ“';ﬂ‘“T’Eﬂ“}'ﬁ
Proposals from -ﬂ E: E-E__’-I. %

flow model L
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)

Markov
chain

Fourier Flow Model

O ®®-@®

iDFT

/\ Fourier Frequency(Matsubara) Space N
A L
Zo~po(2o) x~q(x)

0.5 =2 14

04 @  Eo(F-flow+MCMC)

o3 121 * B Ei(F-flow+MCMC)
g *  Ex(F-flow+MCMC) *

02 10+ O Reference, Eo

0.1 [] Reference, E;

& 81

00T -2 0 2 a o *

c 6 * m
w *

. 80 4 @y .

§60 5] @ ...... [l @

N S </ I @

0 01— . , ,
5 2 1 0 -1
f2

Selx)

S.Chen, O. Savchuk, S. Zheng, B. Chen, H. Stoecker, L. Wang, K. Zhou,

PRD107, 056001(2023)
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Stochastic Path Sampler for HMC-data-free GenAl

Target and path Trajectory balance Physics leverage
Known physics target, unknown Instead of fitting a local score, » Dataless: only pointwise
normalizer: match whole path measures: evaluations of S(¢) are
R _S(6) . required.
plg)=e ’ 0= 9% Dx1, =E,, {log qFETH . » Global: long-horizon credit
ar . .
SPS learns a stochastic trajectory 1 assignment helps multimodal

The desired endpoint condition is or symmetry-related sectors.

TS0~ qo — ST = ¢. » Symmetry injection: random

qo Hz qr & Plst). physical symmetry moves can
1L, a5 be inserted along trajectories.
qE
global transport | | no MCMC labels > Vfa“datlon: compare |M], x,
a5 Binder cumulant and G(r)
. with HMC.
Forward stochastic path 5
g Mf\ﬁ:?s‘.} :: N:r\?m;)m 7
Si+1 = S¢ + U?KQ,F(Suti)At + o0&V AL B e

A backward path uses another learned drift Ky p on
the same trajectory space.

Observable

2,
K

(b) L = 32 (b) L = 32 T

S. Chen, M. Qian, B. Lucini, G. Aarts, K. Zhou, in preparation



Non-e quilibrium thermodynamical perspective on SPS

Forward/backward path measures

N-1 Py driven forward paths

Pp(7) = mo(z0) gr.k(Tr+1 | zk)

N—1 [ w0 anow‘i'” T = (zgy---,TN) | oce—5 )
~ —S(zN) - — ' g
Qp(T) =€ 7N H qB.k(zk | Zk+1), QB =QB/Z. v
k=0 ) & backward reference
Work and entropy production
Pr(7) | Pr(r) _ . - dentit
W(r) = log = _‘ (1) = log — = W(r) + log Z.Change-ol-measure identities
Qs(7) Qp(7)

<E_E>P}:‘ =1 (e_W>PF =,

w is the nonequilibrium work-like functional: a di- " v — Dt (PellOn) > 0
mensionless accumulated log-ratio along a driven path, (&) Py kL(PrlQs) 2 0.

analogous to 3W ;.. in stochastic thermodynamics. ‘ ) ,
., 2 phys : | SPS |/ trajectory balance: suppress fluctuations of

W (r) so that forward and backward path measures
become more reversible.

The nonequilibrium view gives diagnostics: work, entropy"prnduction, path-space KL, and reversibility.

M. Qian, S. Chen, B. Lucini, G. Aarts, K. Zhou, in preparation 18



PINN for identifying the path from variance-expanding DM

' —S@¢]
Fefm)ﬂf&( “9“5""6’ : @ = a»(‘{f) )7 (€) qs(-f,:o)n/ (

= @
A+ z
= B )
=) Pt(‘f’):f&(‘f,))\{(4’5 qﬁolg(é))ﬂlc#o
P gquaton i 2Pk 1 2
1 e c§t) fecd)
2P, (4) )2 9:4, Py (4)
p) P( y = - - 4&) T 00
= % Aﬁ £(¢ . > ¢ 0,

= éa‘(f) (244 Aépt(‘%) + (BdPZ‘?Pt(@)Z)

= ;ng(t) (9459(4’,1‘,) + 50(45,1&12 )

19



PINN for identifying the path from variance-expanding DM

Take durvobie .y ¢ cf =

95'19(¢ <) [ 2 2
’ - o So 4,¢)
e T2 d® (Y L g, 259
2¢* 2

T

tgaok,wm( o&m«}/}ﬁ ( Geperotion) process

~—" N—

d 2
7% = - -ZLgct)Syccﬁ,e) L Gty ~ )\((O,Jf‘f’)

Vg (¢, £) .



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: p=en:S) ILABTEBRALHE action flow .
78 action LEEUEBHLRIE | gauge-like . Cole-Hopf: pmet () IAAREERAFLL 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 1% scalar action S}
VE dX = g(t)dw 9,8 = %(AS —|IVS|?)
DDPM/VP dX = OS = —kd+ Kz - VS +
—2BXdt + kAS — k|| VS||?
V/BdW
Flow X, =(1- hS=V-v—v-VS
matching t) Xo +tX,
Schrédinger dX =eVndt + S =AYy —VS . -Vy
bridge \VedW

score PDE

Brs = 1V(V -5+ [s]?)

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

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

Ops = —V(AY + V) - 5)

From functional PDE to tractable control

vvyvy VYV

velocity PDE

v=—1s, 6,v+2(v-
Vv = 1Av

v=—k(z+s)

v+ (v-V)v=—p!
(p)

O+ (v-V)v=
~5V(AVB/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 score/velocity
>
S control Sty Ut
A
| Y
observables MALA/MH - proposal
O; correction sampler 21

close with MALA/MH and physical observables.




GenAl for HIC physics bottleneck —

expensive forward map » Infer _EQS, initial conditions, transport
. . coefficients, and phase structure from
physics 6 - transport / hydro / hybrid B»| observables
. observables.
d .
S » Forward map: transport, hydrodynamics,
- e hybrid evolution, detector response.
po(ngrlc))r 4| model-data comparison 14— data y y _ P
P\v1Y » Bottleneck: repeated simulator calls
repeated inside Bayesian scans inside likelihood or posterior loops.
Observable emulator Event-level generator
(parametersHGP emulator] [parametersH 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. 22



Generative diffusion model to heavy-ion collisions

An end-to-end generative diffusion model for heavy-ion collisions Phys.Rev.C112 (2025) 5, 1051903

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

%400 5o oo  sp 100
x (tm)

i dataset. 70% of the total events are used for training and
Limesiep t the rest are used for validation.
Shear viseosity Considering that the spectra 8y depend on the initial
cond ouins entropy density profiles I and the shear viscosity 7n/s, we
train a conditional reverse diffusion process p(So|I,7n/s)
. without modifying the forward process.
3
i o - T I l [ [ one single central collision event in just @ s on
0 . ) | (A i [l a GeForce GTX 4090 GPU.
! NEEEEEEEEF EEEEEEE R Y ble precision, as the traditional numerical simulation of
° g % 2 TEE ~;~ ~;~ ~;~ v;& :; s u; ~;~ v;& hydrodynamics for one cgatTal evegt typically takes ap-
N E § § § § %’ ;3” § § § proximately 120 minute s) on a single CPU.
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Point Cloud Diffusion Model for HICs — UrQMD cascade model

e Event-by-event collision output
e Microscopic non-equilibrium description
e hadrons on classical trajectories

o stochastic binary scatterings

o color string formation

o resonance excitation and decays

_ _ _ . https://itp.uni-frankfurt.de/~bleicher/urgmd-cern.gif
e interactions based on scattering cross sections

e default setup effective EoS: Hadron Resonance Gas

e Non-trivial interactions can be added through QMD approach

Can we emulate UrQMD with DL?

M. O.K, K. Zhou, J. S, H. S, PRC 112 (2025), L051902; PRC 112 (2025), 054907 24



Point Cloud Diffusion Model for HICs —

The Chinese University of Hong Kong, Shenzhen
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-GGV 203 0 Running time of UrQMD simulation
zzj% 175 $o2 cascade : ~ 3 sec/event;
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| =125 i .
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Reverse diffusion el B Multiplicity
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Inverse Inference — GenAl as a posterior engine

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

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

| fola tized
» GenAl enters as learned unfolding, {SBl / cond. flowj (amor ize 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.

26



m HICs with time-embedded UNet

Ni - N
* f= () (M)
—10 -10 N=T N
O REMTE
—20 —20
—20—10 0 10 20 —20—10 0 10 20 —20—10 0 10 20 —20-10 0 10 20 —20—10 0 10 20
x (fm) x (fm) x (fm) x (fm) X (fm)
input p(t) . g, RO e —— » Reconstruct CME-related charge separation from
L ) . N % Fixed f Ground late-stage momentum-space information.
= _10 0.20 1 Fixed f Input -- Hardon freezelout i . L. .
; R AN ol lollll o o T Mixed f Prediction » The signal is blurred by partonic interactions,
mErEE Lo 3 U=l . §  Mixed f Ground ; i ; H
o H a3 3 lallal & &ﬁﬂo R et e e hadronization, and hadronic rescattering.
e © . . - -
S _— ’ E oo S » CME unfolding is therefore a dynamical inverse problem:
. adaron . . H
=] [ o] ] = QGP evolution freeze-out| freeze-out approximate the time-reversed evolution step by step.
@l ool | ——— ﬂ max pool 2x2 005l B . .
oot + cat time embedding ’ ’ 8. .s.- QE o .
qu4 'ﬁ 3@ tﬁ _3@ [ convianspose 22 " by N s ‘s Interpretation
x| x| x x
<! < <! <

op(ti-1
pl(ti1

(=

p(ti-1) — p(ti)
p'(tiz1) + p(t;)

S.Guo, L. Wang, K. Zhou, G.

Time (fm/c)

Ma, Chin. Phys. Lett. 42, 110101 (2025)

The model is not predicting one summary statistic. It is
approximating a time-reversed transport map for the CME
signal itself.
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» initial entropy-density or nucleon-configuration features are 28 (%= X = . :
encoded from event bags; z HIE 5 8 "3
" . . &) ©)
» conditional flow/SBI returns a calibrated posterior over - .@ 5 '\ N
. Initial Entropy ConvNeXt Block = Prediction MLP
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. . =
> the GenAl component represents non-Gaussian uncertainty, . . (\ q ‘g =
not only regression. Jpasas w o 3 MLP SetTransformer 5
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» Grouping many events with the same deformation 0.4[train” 3'@.
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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.

Thanks !
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