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Jets as Probes of the Quark-Gluon Plasma

» Hard partons fragment into jets that
traverse the QGP — energy loss and
substructure modification (jet quenching).

» Differential observables (vs pT, R,
substructure) constrain medium transport
coefficients.

> Frontier for sPHENIX: low-pT and large-
R jets — exactly where modification is
largest...

> ...and where the underlying event in Jet cone
the jet cone approaches or exceeds
the jet itsellf.

Track

Calorimeter tower

Heavy Ion Beam
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Conventional Subtraction: Area Method & ICS

» Area Method: subtract (p) x jet area — global

background density.
> |terative Constituent Subtraction: tower-by-tower
ALICE: shallow neural network deep neural network

with iteration; better local handling. R LA TS T A ; .
_ ‘§ [ ALICE, Embedded PYTHIA 1 -~ (a) ;‘\{‘Ifal’lt,hRd— 0.2
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> Substructure (mass, girth, soft-drop) gets PLB 849 (2024) 138412

distorted even when (pT) is OK.
> Prior ML — Improved pT resolution
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Supervised ML — Promising but Two Caveats

» Recent supervised regressors map (jet, constituents) — truth py.

» Improves access to low-p; and large-R relative to area-based methods.
> Domain bias: trained on PYTHIA, mis-corrects quenched jets — biases the very physics we want.
> Scalar regression compresses the full calorimeter grid into one number — loses substructure.

» Image-based supervised models keep the full grid — but still need labeled pairs.

> ldea: drop the labels. Use unpaired domain transfer.

Supervised regression

Lcalo towe_r CNN scalar
nergy grlrj I PT

X needs paired (grid, pith)
X collapses the grid - 1 number
X trained on PYTHIA - biases quenched jets
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CycleGAN: learn the A ¢ B domain transfer

domain B
(combined:
calo grid)

Ga-B

— — A:: jet

e

Gg-a

domain A

Ao: bkg

v no paired labels — learns A « B distributions

v preserves the full grid (substructure)

v minimal MC dependence
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What is CycleGAN? (intuition)

» CycleGAN learns to translate between two image domains WITHOUT paired examples.

» Two domains A, B; learn G,_,g and Gg_, 5 (one generator per direction).

» Adversarial loss: discriminator Dg can't tell Ga_g(a) from real B (and vice-versa).

> No paired (a, b) needed — just samples from each domain; famous example: horse <> zebra.
> For us: A =(separated jet, separated bkg), B = combined HI image.

(Cycle consistency: Gg.a(Gasg(a)) = a]

: GaoB i
Domain A Domain B
(separated: >< >< (combined:
jet, bkg) jet+bkg)
GB - A
Da : real / fake A Dg : real / fake B

adversarial loss + cycle loss = no paired training data
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Apply Naive CycleGAN — Identity Collapse

(a) Difficulty of naive CycleGAN to achieve effective signal extraction » A = isolated J etS, B = jetS in HI events.

—animemame » Goal: Gg_, 5 extracts the clean jet.
o HEEEET » Reality: most hyperparameter

Effective signal extraction

configurations collapse to Gg_, 5 = ldentity.
> Cycle is the bind — a real extraction

discards the background, leaving G, g
(b) Failure mode of naive CycleGAN nOthing to invert.

No signal extraction!

>
5
et
e
(<B)
S
95}
o=
w0
=l
—
e
7
(<]
—
=
)‘J
&)

LA | Gpoa £, K ik Gsaa S
o » fa e il -»)Ul‘\J.» .
~ Identity : ~ Identity .

&2 COLUMBIA UNIVERSITY
IN THE CITY OF NEW YORK

[1]Y. Go, D. Torbunov, Y. Huang, S. Li, et al., arXiv:2510.23717 (2025). 8/22



Naive CycleGAN: Trained, but Not Subtracting

» Cycle closure can be satisfied by hiding background information in high-frequency pixels of the extracted

jet.

> Discriminator strength is a delicate balance:

— strong enough to keep adversarial pressure on signal, weak enough not to detect the encoded

background.

» Each new dataset / centrality / detector = re-tune from scratch — not deployable.

> We need an architecture where cycle closure cannot rely on hidden information — i.e., where

B—A loses no information.

Cycle closure via hidden background residuals

ﬁcyc -0 ’

yet

input HI
image

GB—»A

p(GB—h’—\(b)) * psignal

GB—»A(b)

...but encodes the background as high-frequency residuals

Discriminator must remain insensitive to these residuals

[11Y. Go, D. Torbunov, Y. Huang, S. Li, et al., arXiv:2510.23717 (2025).

output

appears jet-like...

reconstruction

cycle

9/22
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Split Domain A into (background, signal)

> Insight: cycle requires preserving the information that B—A loses.
> Modify the setup: A=(A, A)=(A_bkg, A_sgn).
» Gg_,A Now decomposes a mixed image into bkg + sgn — no information lost.
» (@G, g learns the inverse: combine independently sampled bkg + sgn.
> Three streams (all unpaired, all available in real experiments):
— pure jets — PYTHIA, or pp data;
— pure bkg — HIJING min-bias, or HI min-bias data;
— mixed — jet in HI events (PYTHIA+HIJING).
> Cycle G, g(Gg ,a(b)) = b is now solved by an actual bkg + sgn decomposition.

Split A so cycle closure can be solved by actual decomposition

/GB_,A (decompose) ——~—~_ Domain A = (Ao, A;)

D(c:nlpaeilgl B A;: signal (jet)
ixed:

jet + bkg)
: ? \GA_,B (combine) / Ao: background

B—A preserves all information = no hidden-encoding pathway
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UVCGAN-S Architecture

» Backbone: UVCGANv2 (Torbunov et
Inference al.)
b — hybrid Vision Transformer + style-
modulated UNet generator
— 12 ViT blocks, 6 attention heads, 384
emb features
— UNet 3-level: [96, 192, 384] channels
Discriminator changes for our

Cycle-
bl """ consistency ¢
loss

GB-4 G..p Problem:
‘ — deeper ResNet, 4 levels
________ [64,128,256,512]
e los "~ hinge loss

— Stronger D would kill vanilla
CycleGAN — works only because
stratification removes the need to
cheat.
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sPHENIX-like Calorimeter Images

EMCal + inner/outer HCal energies summed and projected onto a (n, ¢) grid.

An =A¢ =0.1 —» image is 24 x 64 pixels (one channel).
Au+Au Vs_NN = 200 GeV; HIJING central 0-10% (worst-case UE).
PYTHIA jets pT_truth > 30 GeV; anti-kT, R =0.2 — 0.5; Inl < 0.6.
Three datasets, all unpaired during training:

— pure jets

— pure bkg

— mixed

» Validation/test: mixed images with known truth components.

Domain B: ‘ Domain A:
background+signal = I J background and sign
combined data L 5 I L . data, separately w ‘»
) |
l I 'l : | ' Neural )

I 1 i 1‘ ] translators

1 | «Did-
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o

25 30 35 40 45 50
P [GeV]

> An =n_sub - n_real

» All methods recover (An) = 0.

> RMS(An) reduced by up to
~40% vs Area/ICS at R = 0.5.
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pT Response
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> Top: psue/pyreal distribution (32—34 GeV bin)
» Mid: <p_|_sub/p_|_real> VS p_l_real

» Bot: 0(stub/p_|_reaI) VS p_l_real

» R =0.2: comparable across methods.

> R =0.5: o(pssub/predl) reduced by ~2x — up

to 100% better.
> Mean response close to unity across pT.
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Jet Substructure: 6 Observables Track Truth

(a) (b)
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Trained on PYTHIA, Tested on JEWEL Quenched Jets

» JEWEL simulates parton energy
loss in QGP — produces visibly
modified girth and z_lead.

> Network never saw quenched jets in

Z| o [T I zZ N 5 7 T ]
©IT - — Real (PYTHIA Au+Au \s,, =200 GeV TITO - Au+Au \s,, =200 GeV ] L.
—1Zy og|- = UVCGAN-S (PYTHIA)  Anti-k; jet R=0.4 | ~IZ | ‘ Anti-k; jet R=0.4 - ’[rammg_
i UVCGAN-S (JEWEL) 20<p_<30GeV 41 5&‘ 20 <p_ <30 GeV
0.06 o, <08 - oF :/"ﬂ P E g Yet UVCGAN-S falthfully
i L ; o ] N ¥ t\.‘ ~=- UVCGAN-S (PYTHIA) - : o
004 Y : L H W i e reproduces JEWEL's distinct
R A | | A\ distributions.
. — . . o — - 1] —]
L P J o 't"‘ - B | 99 m .
» » .ﬂ - -i'- : B 14 > —
N A . BG subtraction is emergent — the
0 005 01 015 02 025 0.3 0 0.2 0.4 0.6 0.8

Girth g Zioaing ( = 120" consivent it ' network learns the background,
not the jet.
» |Implication: minimal physics-model
bias on the very observables (z_g, m,
...) used to extract g.
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From Simulation to Real Data — and Beyond

> All three input streams already exist in nature —
no labels required:
— pure jets — pp collisions (sSPHENIX 2024 & prior

TODAY (simulation) TOMORROW (sPHENIX data)
Pp)

— pure bkg — min-bias Au+Au events PYTHIA jets p+p jet events

» Cuts reliance on MC for the background model. Jwap streamz——
_ HIJING central ® | min-bias Au+Au

» Residual non-closure addressable by standard

calibration on labeled MC: small because baseline PYTHIA + HIJINC triggered Au+Au

gam IS Iarge' no labels ¢ no MC dependence at training time

» Method is general — wherever signal +
background superpose in image-like data
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Take-aways

> Problem: jet bg subtraction in central Au+Au —
paired data impossible, conventional methods
leak at R=0.5/low pT, supervised ML carries

domain bias. 2 UVCGAN-S vs conventional (R=0.5)
» Method: UVCGAN-S = Stratified CycleGAN. Split g | —40% -50% +7pts —13pts
Domain A into (bkg, sgn) so cycle closure cannot 2
rely on hidden information — 2 generators, 3 ? 50 -
discriminators. o
> Result: closure on simulation across position, (_% 0-
) o(An)  o(pTsub/pTreal) Efficiency Fake rate

R=0.5 R=0.5 R=0.5, low pTR=0.5, low pT

pT, efficiency, fake, and 6 substructure
observables.
> Generalizes from PYTHIA to JEWEL with no
retraining — background subtraction is emergent.
» Path to label-free training on real sSPHENIX data.

Bl conventional (ICS) B UVCGAN-S
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Liotal = 3LLcan(Gg-a, Day) + Laan(Gea, Da)] + Lean(Gag, Dg)

)\B—>A—>B£B—>A—>B + AA—)B—)AEA—>B—>A

cyc cyc cyc cyc

4+ = )\B—>A B-A + )\A—>B A-B

idt 1dt idt 1dt
weights: AZ7A78 =10, A% =10, AJL=100 (signal-preserving), A= 0.5 Acy

Adam (B; =0.5, B> =0.99), Ir=5x10", batch 4, 400 epochs

input: log-normalized 24 x64 calo image, Xyom =log(x + 0.1)
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Stratified CycleGAN — Full Loss Equations (App. eqs 8—15)

Adversarial (one per discriminator):

Loan(Gpsa, Da,) = Ea,[f(Da,(a0))] + Ep[g(Da,(Ma,Ge-a(b)))]
Lcan(Gpoa, Da,) = Eq,[f(Da,(a1))] + Ep[g(Da,(Ma, G- a(b)))
Loan(Gasp, D) =Ep[f(Dg(b))] + E4,, ,[9(Da(Ga-p(ao, a1)))]

Cycle consistency:

ﬁgx?A_)B Epl]|Ga-s(Ggsalb)) —Db|1]
L5282 A = E[||Ma,( GB—>A(GA—>B(aO ai))) — aoll1 + (same for a;)]
ldentity:

LB2A=E[||Ma, (Ge-alag +a1)) —aoll1 + (same for a1)]
LAZB =Ep[[|Gasg(b, 0) = bl1]

f, g define the adversarial objective (we use the hinge form, ref [29]).
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