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Motivation

Universal model

* Pre-training
according to scaling law, pre-training large models on comprehensive datasets can push a broad range of final
states towards their sensitivity frontier

* Achieve state-of-the-art performance
reach the best possible accuracy across all established tasks (e.g. A vs. B tagging, mass/ p; regression, etc.)

* Ensure strong generalization
reach as better performances as possible for new tasks

Collected a few examples

(sorry for missing your favourite work) JetCLR RS3 L

¢ Contrastive Iearning via pos/neg samples 5;?0;255,”’ - %)ii—gjgjfgf) CLEAR
:  MPM Bumble-bee 1ooaysak
’X‘ BERT'Ilke masked XX modelllng 2401.13537 “945!\2(5'3\9!2 241207867 /S;)pgon '
- . Omnilet-a w/ JetLlass-
e GPT-like: next-token prediction 7 5 25051 12000 105 12075

¢ JEPA-like: predict masked representation P-JEPA J-JEPA HEP-JEPA
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https://indico.ihep.ac.cn/event/29575/contributions/227701/attachments/105856/143118/(%E4%B8%AD%E5%B1%B1%E5%A4%A7%E5%AD%A6)QC%20and%20ML-2026.pdf

Motivation

Computer Vision

* models trained on ImageNet were among the earliest pretrained CV models. (serving to generalize to other
CV domains)

* Modern self-supervised learning (SSL) methods (e.g. MAE, I-JEPA, ...) show strong performance and beat SL.

* Dbut one fact is that the supervised baseline is relatively weak (ImageNet-1k only has 1M images)

e - ImageNet-1k
=== the cornerstone of modern CV
; 1M dataset; 1000 labels

HEP dataset

» Establish a very strong baseline
modern supervised models (e.g. SOTA taggers in ATLAS/CMS) are already trained on o(100M)-level datasets.
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Motivation

(a) Pre-training

Current Sophon model Ny = 128 0 N, = 188 classes
O
: : ® ® -
* Sophon: Signature-Oriented Pre- i ® o o Ce(szonant]e)ts /9
. . O O () prongs
training for Heavy-resonance — . o o o
Ob ioN > OP OLL IR DL OI O IO resonant jets %‘ A
servatio (main structure) 8' 8 |8 (3, 4 prongs)
| |
| N2
 Key concept: Pre-training an ; a
expressive Transformer model on a (b) Usage T
wide range of jet phase spaces on a - o o 0
multiclass classification task S 7 o @
O O ® g Zg
8 Train new layers 8 ; discr. = 2 ge +.Zgo
» Target boosted-jet phase-space X i 0 o
explored simulate datasets S o ®  Constructing
QCD, resonant jets with 2, 3 or 4 Transfer learning SO istriminants

prongs (188 categories)



Motivation

* Provides directly usable discriminants and
outperforms SOTA results

* Demonstrate broad ability to construct
discriminants and sensitively probe
resonances with unknown properties
(QCD, V+jets, ttbar+single top, di-boson,

Higgs production)

Way to improve

* A simple classification approach
* Jet signatures of initial state remain unused

* Enhance transfer-learning ability in other tasks
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Next Step

Supervised approach + X?

R T

¥ \

“Signature-Oriented Pretraining” <> pretraining with labels Further enhance model
serving as a pretraining foundation generalization with some SSL/...

Sophon
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Next Step

Supervised approach + X?

R T

¥ \

“Signature-Oriented Pretraining” <> pretraining with labels Further enhance model
serving as a pretraining foundation generalization with some SSL/...

Sophon Sophon++
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Next Step
CLIP

* Contrastive Language-Image Pre-training

* Multi-Modality(language, image)

(1) Contrastive pre-training (2) Create dataset classifier from label text

Encoder

plane
car
Pepper the
aussie pup » Text dog .| A photo of N Text

a {object}. “| Encoder
. A 4 A\ 4 A 4 A4
T T, | T3 Ty
> LT | LT | LTy o | I'Ty -
(3) Use for zero-shot prediction v v v
ﬁ > I LT | IbTy | IyTy | . | IyTy T, | T, | Ts
Image » 1 I3Ty | 3Ty | 13T I3-T
» 3 374 3712 B 37N Image
Encoder g 1 LTy | T, | T
‘ Encoder 1 l 1Ty | Ty | T3
. \ 4
> Iy INTy | InTy | InT3 | | InTN A photo of
a dodg.
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Pre-training Setup

* Gen-Level Encoder
Input: features of dedicated final-state
quarks and leptons

O

* Jet-Level Encoder
Input: features of jet constituents
(same as original Sophon)

/ outgoing particles
® \ bl
7 W :

2 \
/ &
iy ?
collision point / 5
 ?
proton beams
;

An e

Class tokens: separated token for each task

Network structure: ParT for both
2026/8/19
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N = Batch Size = 2048

Encoder
O W v v v
Gl GZ G3 GN
> J |G, |IG,|IG, J -G,
=% ﬁ > J | |1G |1G |G, 1G,
=¥ Jet-Level
; — . oder > J. | JG|LG|IG, J,G,
> I | |1,G, |1G, |G, J Gy
e
5
\ 4 . i
Classification Loss
MLP > 2.
(@)
—
(@)
17
\ 4
loss = a * contrastive loss + f * classification
loss 9




Pre-training Setup

@:g \' ldentity target Block-diagonal soft target
Gen-Level N=Batch Size =2048 2 = 0 {standard CLIF | InfuNCE) ¥ £ {0, 1] (babel-swnru)
—>
Encoder
Y Y Y Y
G |G |G | - |G, Oy Gy Gy Gy Gy Oy Gy Ga Gy Gu G Gy
—> I | |36, |1G,|) G| ~ |G 1 1
I i
ﬁ 1) 1,G, |6, |G| - |1Gy . Ban a D-
Jet-Level g —_—
> Encoder > I | |1G|LG|LG,| .. |I G, B
gy gy
T I
> X G, |G, [IG, I Gy
A " i
S
M‘]{,? Classification Loss ;<>§ chliis A dass B dass O clages A class B class O
(¢} s
g‘ .!.I_ - II:|_| :I :_l;
1@ anky matched pak [i=i} Is positive Ty = £ 5 i) w=m
s ma-cliss jefs breafed Gy agabsam O  stharvdia
_ . . . . ) )
loss = a * contrastive loss + 8 * classification then Ty = o/ T, T
loss mme-class jets = partial posthves
. rratched palr (= 1) same-class soft posithes (= a; &g a=0.4) negative [= 0
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Pre-training Setup

Network parameters:

Encoder Particle Embedding Pairwise Embedding Particle Attention Block Heads Class Attention Block FC Projection
2 (for classification) (512, 188) -
Jet-level (512,128,512) (64, 64, 64, 8) 8 8
2 (for contrastive) (512,512,512) 512
gen-level (64, 64, 64) (32,32,32,4) 4 4 2 (256) 512
L blocks Class token T_’
N\ {
E Particle Particle Particle AEla?.s Aglaf.s
articles 5 ention Attention === ====- Attention sRLon SHEO0R 1 1
Structure of R i ;loék e Pt M | Block Block For classification
Jet-level: 5 4
Interactions = § v _J ) ... —
=)

Training parameters(Sophon++):
a=0.5,3=1,s=0.4

Batch size=2048

Learning rate=5 x 1073

Steps per epoch=5000 (1024 = 10,000/2048)
Epoch=160

Use NCCL on 4 GPU
2026/8/19

Training parameters(original Sophon):
a=0, =1

Batch size=2048

Learning rate=3 x 1073

Steps per epoch=5000

Epoch=160

Use NCCL on 4 GPU
11



Pre-training Setup

Network parameters:

Encoder Particle Embedding Pairwise Embedding Particle Attention Block Heads Class Attention Block FC Projection

2 (for classification) (512, 188) -
2 (for contrastive) (512,512,512) 512
gen-level (64, 64, 64) (32,32,32,4) 4 4 2 (256) 512

Jet-level  (512,128,512) (64, 64, 64, 8) 8 8

L blocks Class token
=N (
Particle Particle Class Class

(o)
S Particles =] ié Pt??ritcll(f Attention f=======- Attention > oo Ainuon > — F 1 f 1
tructure of I Block Block Bloﬂ x| § s e : or classification
Jet-level: % f f { -
Interactions = E; LS I E—— e @i}[ Class i Class

— > “Boct [—>For contrastive
Training parameters(Sophon++): Training parameters(original Sophon):
a=0.5,3=1,s=0.4 a=0, =1
Batch size=2048 Batch size=2048
Learning rate=5 x 1073 Learning rate=3 x 1073
Steps per epoch=5000 (1024 = 10,000/2048) Steps per epoch=5000
Epoch=160 Epoch=160
Use NCCL on 4 GPU Use NCCL on 4 GPU
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Result of classification (188 categories)

Classification accuracy

Classification loss

Contrastive loss

2.2
Sophon+ 4+ (train) Sophon<+ + (train)
71 - — Sophon++ (val.] — Sophon++ (val.l
LA === Sophon (final) 11.0 1
A i
©2.0- &
) 5 w 10.5 -
° = 1.91 =
§ o 3
= 1.8 - = 10.0 1
< 0.40 - ﬁ 1.8 E
Sophon++ (brain) o 1.7 1 ~ 9.5
— Sophon++ [val.) .
0.35 4 -—- Saphon {final) 1.6
0 20 100 150 0 20 100 150 0 =0 100 150
Epoch Epoch Epoch
Lblos Classtoken @L Similar result in classification task
N\ a
Particle Particle Particle Atiz:ison At(t:elzfison = §
Particles =] Attention Attention fpe====n== Attention > = 2 — 1 1
et et s J Block Block g 2 For classification

Interactions =

U

A A

(Embedding) (Embedding)
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Class token
Class

Attention

Class
Attention

Block Block —For contrastive

13



Result of classification (188 categories)

Frozen contrastive-branch probe

Transfer-learn the contrastive branch onto the 188-class .
classification task G 0527
-]
Freeze the full backbone; train only a Sophon-identical FC layer 5 0.507
(512, dropout 0.1) + classification head é 0.48
Probe accuracy reaches 0.5246, matching Sophon (0.524) and the S 0.46 4
Sophon++ classification branch (0.525), at the same loss (~1.62) 2" probe (train)
— —s— probe (val.)
Contrastive representation is ‘classification-complete’: full © 0447 ~=~ Sophon (0.524)
supervised info is pretained. 5 10 15 20

Epoch

L blocks Class token
N\ {
: Class

Particle Particle Particle Cla;s .

. Attention Attention
Attention Attention === == == Attention > Block Block
Block Block BlockJ xL { e o

—> For classification

Particles =

SoftMax

L
A A

Class token
U
-------- —
Class Class

| Attention Attention
“| Block Block

Interactions =

(Embedding) (Embedding)

MLP

>»For contrastive
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contrastive branch is ‘classification-complete’



When Contrastive Learning Becomes Classification

(The label-only limit: theory and experimental validation)



What remains if the gen input contains only the label?

T fixed prototype

Class Genlevel N = Batch Size = 2048

> Encoder
label v v
G |e @] - | &

J-G|JG | - [JG

1 1 1 1 2 1 3 1 N

&
<
&
<

v
-
Q

!
o=
—
Q

gL - 2 2 ‘lz'Gz ‘]:’GJ JZ'G
- Jet-Level
- W< ~ —> Bncoder 3 AN R G R A I LA

> I | |1:G,|3G,|IG

N N

Y
o=

Z
Z

\ 4 I .
MLP Classification Loss 54

U
SSOT QAIISEIUO))

&
<

Sophon++ Label-only

Is the model still learning gen—reco correspondence, or has it become a classifier?

m) “matching a jet to a gen event” becomes “matching a jet to a class prototype”
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Label-only limit

Standard classification Label—only contrastive learning

h*(x,y) =logp (y|x) + a(x) s*(x,y) =logp (y|x) —logv(y) +C

Notation

(x): reconstructed jet input.
(y € 1,...,K):jet class label.

(v(y)): frequency with which class (y) is sampled as a candidate in the training batches.

(h* (x, y)): theoretically optimal classification logit for class (y).

(5*(x,y)): theoretically optimal contrastive similarity score between jet (x) and label (y).

(a(x)): an additive term shared by all classes for the same jet; it does not affect the class softmax.

1.

2.
3.
4

Both objectives learn essentially the same class

Contrastive learning removes the effective class prior

With class-balanced sampling, the two optimal scores differ only by an irrelevant constant.
The reverse contrastive objective removes a(x), leaving only a global additive constant.

Therefore, the two models should give very similar event rankings,
but their class-to-class calibration may differ.



—_

Background efficiency (Xcc FPR

Label-only ROC per-class performance

10°

Res2P: Xbb (0) vs Xcc (1) v = E=— P E =

10—1 .

1072 i

1073 i

| A —N— N —
’ /i / a | // / i »
Random j / AN = | | It H,,/ Ll ‘ = i /

== genlabelonly cont(auc=o0.8979y | L 1L L 1l T T L LS Tl L
= Sophon score (AUC=0.9980)

Xbb VS QCD sub class (27 classes)

1074
0.0

2026/8/19

Dj2 0j4 0j6 0:8 1.0 | ‘ }' ‘ J i ‘ i ‘ '
Signal efficiency (Xbb TPR) / | |} “‘/ i } | ) i j i { i ‘ i

Xpb V8 Xec Xcc vs QCD sub-class (27 classes)

Full ROC shapes remain consistent across all tested QCD subclasses 18



Background efficiency, g (inclusive QCD)

Label-only ROC discriminant performance

S
D —_ P Degny = ¢
Sophon — + Z VS Ucont = eSs + Z w.. e5a
Ps q pq qq
Xee vs Inclusive QCD — Uncorrected Xce Vs Inclusive QCD — Training-Prior Correction Xcc vs Inclusive QCD — Optimized Class Calibration
10° 10° 5 10°
= Uncorrected (AUC = 0.9701) ] Uncorrected (AUC = 0.9701) Uncorrected (AUC = 0.9701)
= Sophon (AUC = 0.9834) ] « Training-prior corrected<(AUC = 0.9784) ‘ Training-prior CO!"’E‘_?tEd $AUC =10.9784)
Random classifier —_ 1 = Sophon (AUC = 0.9834) | — === Optimized class calibration (AUC = 0.9810)
8 ] Random classifier 8 —— Sophon{AUC = 0.9834)
10-1 4 & 10— 1 O 10714 Random classifier
e ] >
2 2
- :
g <
1072 = 1024 = 1079
w ] W
- >
9 g
ko S Lo
o _ i -3
1073 4 & 1074 =
@ ] ©
© c
c 3
3 o
= (o]
10—4 4
104 4 2 1044 g
o) ] ©
© m
o
10°° : . ; ;
1070 - . : . 1075 +—~ ; ; ; : 0.0 0.2 0.4 0.6 0.8 1.0
0.0 0.2 o 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 Signal efficiency, g5 (Xcc)
Signal efficiency, &5 (Xcc) Signal efficiency, €5 (Xcc)
. — . . . . . . . . opt
Uncorrected: wg = 1 Theoretical-prior correction: w, = v, /vx.. Optimized class calibration: w,; = w,

Label-only contrastive learning behaves as an

approximately calibrated form of multiclass classification
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Downstream Verification Experiments
(Generalization: To testify global optimization of Sophon++)



Verification Experiment 1

delta R Distribution

3000 A

2500 A

2000 A

1500 -

Events number

1000

500 -

! !
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
delta R

Distribution of angle between bb

2026/8/19

Modifying data config(yaml card):

* Only input events labeled as ‘X to bb’
* Define new variables to calculate bb_deltaR
* Assign indices for each event according to

bb_deltaR

» Set the indices as the new label

0.0~0.1: 0

0.1~0.2:1 » A 10-class classification

0.8~0.9: 8 model
>0.9: 9

21



Verification Experiment 1

Universal model selection:

Model Epoch Selection Accuracy  Classification Loss  Contrastive Loss
Sophon 158 0.5241 1.619 -
classification branch 0.5249 1.618 -
Sophon++ _ 159
contrastive branch - - 9.191
O
O
O
ini - Main structure of S
Training parameters: Linear-probe , S| 10 nodes
Batch size=1024 Particle-Transformer S
Learning rate=1 x 1073 8
Steps per epoch=5000 (1024 = 5,000/1024) 0O
Epoch=20 (10 for Linear-probe)
Linear-probe (train a one-layer FC with 10 nodes) 8 8 8
Transfer-learning (train a best FFN to get highest accuracy) 1 O O O
1 GPU per trainin ' . : 0
P s Transfer-learning M?un structure of > < I R > 8 10 nodes
Particle-Transformer J S S S
O @) O
@) @) O
O O 0]
2026/8/19 -

hidden-layers



Verification Experiment 1

[ Linear probe Transfer learning

Accuracy

0.8

0.7 1
>
U e e -]
o
5 0.6
(O]
U]
<

0.5

0.4 ]

Sophon  Sophon++  Sophon  Sophon++
l.p. l.p. t.l. t.l.

- == Sophon++ |.p.

——=- Sophon++ t.l.

AUC (one-vs-rest)

1.00

0.95
= 0.90 -
<

0.85 A

0.80

Sophon
l.p.

Sophon++
l.p.

Sophon
t.l.

Sophon++
t.l.

Mean += 1 s.d. across five fine-tunes

performance of Sophon++ is much better than Original Sophon!

2026/8/19
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Verification Experiment 1

[ Linear probe Transfer learning

REj30%: bin 4 vs bin 5

T
0 L e 7 -
5 7
O 300 -
Q
o
. 200 A
(@)
o
100 - /
) _[\' G
Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

Bkg. rejection

Sophon++ I.p.

— == Sophon++ t.l.

R9j50%: bin 4 vs bin 5

80 -
60 -
40 A
20 7] r—\
0 I I
Sophon Sophon++
l.p. l.p.

Mean x 1 s.d. across five fine-tunes

performance of Sophon++ is much better than Original Sophon!

2026/8/19

Sophon
t.l.

2

~




Verification Experiment 2: hadronic W tagging

» While Lorentz-boosted hadronic W/Z jet tagging has been considered in
Run 1, recent deep learning advances now enable discrimination of the
W boson charge

 traditional approach: uses jet charge (pr weighted particle charge) as a discriminant

e opportunity: integrate charge determination into the standard deep learning jet tagging
framework

e.g. as explored in [PRD 101, 053001 (2020)]

2026/8/19
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Verification Experiment 2: hadronic W tagging

[ Linear probe Transfer learning —==- Sophon++ I.p. —=- Sophon++ t.l.
Accuracy AUC (one-vs-rest)
0.8 0.95
0.90 A
0.7 o N Y )
3 % ., 0.85- //
S =
)
0.80 -
< 0.6 A / /
/ 0.75 - /
0.5 ! ' l 4 0.70 T T |%
Sophon  Sophon++  Sophon  Sophon++ Sophon  Sophon++  Sophon  Sophon++
l.p. l.p. t.l. t.l. l.p. l.p. t.l. t.l.

Mean *= 1 s.d. across five fine-tunes

performance of Sophon++is better than Original Sophon in linearprobe

»
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Verification Experiment 2: hadronic W tagging

[ Linear probe

Rejso%: W' vs QCD

Transfer learning -

Sophon++ I.p.

1500 4 - oo 20009 . =
5 5 7
B 1000 g 12007 /
: L 1 2
Rej30% o © 1000 /
2 500 - g /
o @ 500 A /
0 T T 0 T | - | |¢
Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++
.p. l.p. t.l. t.l. l.p. .p. t.l. t.l.
Rej50%: W+ vs QCD REj50%: W~ vs QCD
300 -
_______________________________________________ 7 -
5 5 300- 7
*g 200 - *8 /
T 2001 /
: 0 . .
RCJSOA) 2100 o 1004 /
m o
0 0 2

Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

2026/8/19

W+*vs QCD

Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

W-vs QCD

40 1

Bkg. rejection

Bkg. rejection

30 A1

20 A

10 +

=== Sophon++ t.l.

Rejsgo: WT vs W~

Sophon Sophon++ Sophon Sophon++
L.p. l.p. t.l. t.l.

Rej50%: W+ vs W~

[00]
1

«)}
1

o
1

N
1

o

Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

Mean = 1 s.d. across five fine-tunes

W' vs W-
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Verification Experiment 3: X—>WW(¥) tagging

» Discriminating X—WW®) signals across varying my,/my and against
QCD backgrounds

» Exploring H/X—WW® in a fully-merged topology is an emerging

LHC direction

multiple CMS results now available: SM (single/di-Higgs), and BSM searches
SM HH—bbWW*(4q) [CMS-PAS-HIG-23-012], H->WW?* [CMS-PAS-HIG-24-008]
Resonant X—H(bb)Y(WW) [CMS-PAS-B2G-23-007]

» Different my,/my ratios probe distinct phase space regions — require
separately optimized discriminants

> We consider four benchmark scenarios
* my/myx=0.2,0.4, 0.6432 (SM case), 0.8

The “onshell-onshell” case

(mx = 2mw)

2026/8/19 28

The “onshell-offshell” case



Ewvents number

Verification Experiment 3: X—>WW(¥) tagging

xww Distribution

1000 4

800

600 4

400 +

200

1 T 1
0.12 0.14 0.16
W mass / Higgs mass

0.18

0.20

0.22

Ewvents number

xww Distribution

xww Distribution

12004

1000 4

800 1

600

400 4

200 4

T T f
0.20 0.25 0.30
W mass / Higgs mass

0.35

xww Distribution

600 -

500

400 +

300 A

Events number

200

100 4

0.40 0.45 0.0 0.1 0.2 0.3

600 4

500 1

400 A

300 1

Events number

200 1

100 A

0.4 0.5 0.6 0.7 0.0

W mass / Higgs mass

The “onshell-onshell” case
(mx = 2mw)

The “onshell-offshell” case

0.2

0.4 0.6
W mass / Higgs mass
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Verification Experiment 3: X—>WW(¥) tagging

[ Linear probe Transfer learning - == Sophon++ |.p. - == Sophon++ t.l.
Accuracy AUC (one-vs-rest)
0.70 0.90
0.65 - 0.881
> B [ I~ Y h
O % ., 0.861 //
5 0.60 - 2
g + / o //-1 /
0.5 / 0.82 - /
0.50 . . .% 0.80 , : .%
Sophon  Sophon++  Sophon  Sophon++ Sophon  Sophon++4+  Sophon  Sophon++
l.p. l.p. t.l. t.l. l.p. l.p. t.l. t.l.

Mean = 1 s.d. across five fine-tunes

performance of Sophon++is better than Original Sophon

w
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Verification Experiment 3: X—>WW(¥) tagging

[ Linear probe Transfer learning === Sophon++ I.p. === Sophon++ t.l.
Rejspe: 0.6432 vs QCD Rej3o%: 0.6432 vs 0.2 Rej3p%: 0.8 vs 0.6432
600 -
------------------------- - 10.0 femmmmmm— e -
- % 7
§ 400 5 // 5§ //
4 8499 / s /
. ] ) (] |
Rej30% = 200 . / 5 /
~ ~ 200 A / ~ /
0 : : o JL N — % 0.0 : : %
Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l. Lp. L.p. t.l. t.l. l.p. Lp. t.. t.l.
Rejspe: 0.6432 vs QCD Rejso%: 0.6432 vs 0.2 Rejso%: 0.8 vs 0.6432
100 A o T it ] eieieteteieiety 7 -
5 5 S 4 %
o 2 100 1 o
. § ™ g2 /
Rej50% o 5 v
= 507 = =27
o o 50 A o /
N~ v N~
o 25 @ @ 7 /
0 T T 0 T T 0 T T |A
Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l. l.p. l.p. t.l. t.l. l.p. l.p. t.l. t.l.

Mean = 1 s.d. across five fine-tunes

2026/8/19 0.6432 vs QCD 0.6432 vs 0.2 0.8 vs 0.6432 e



Verification Experiment 3: X—>WW(¥) tagging

S

8

. 0 EI_J
Rej30% 5
m

S

- [
Rej50% o
g

m
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[ Linear probe

Rejszo%: 0.6432 vs QCD

600 -
400 S
© 4001
o
200 - :
22001
m
0 T T 0
Sophon Sophon++ Sophon Sophon++
l.p. L.p. t.l. t.l.
Rejso%: 0.6432 vs QCD
100 - -
5
75 i -"3 100 T
L
50 - L
° ° ° ? 50-
Similar with Sophon
o L1 TemEmvzl
Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

0.6432 vs QCD

Transfer learning === Sophon++ L.p.

Rejzp%: 0.6432 vs 0.2

=== Sophon++ t.l.

""""""""""""" W B c
.0
v
/ o
] H
Sophon Sophon++ Sophon Sophon++
L.p. l.p. t.l. £,

Rejso%: 0.6432 vs 0.2

[ ]

Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

0.6432 vs 0.2

Rejzp%: 0.8 vs 0.6432

10.0 F==mmrem e -

7.5 1

5.0 1

2.5 1

0.0

+

Sophon Sophon++ Sophon Sophon+
L.p. Lp. t.l. t.l,

Rejso%: 0.8 vs 0.6432

Sophon Sophon++ Sophon Sophon++
l.p. l.p. t.l. t.l.

Mean = 1 s.d. across five fine-tunes

0.8 vs 0.6432

32



Verification Experiment 3: X—>WW(¥) tagging
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Conclusion

» Sophon, as a large-scale multi-classifier, has achieved optimal performance

across various specific tagging tasks.
note: It is implemented in CMS as part of GloParT and has been utilized for various boosted
jet analyses in Run 3.

How can we enhance its generalization capabilities?

we are exploring contrastive "gen-reco" matching.

while pure unsupervised models have been developed in recent years to create jet foundation
models, we propose insights derived from computer vision history.

* a‘“supervised + X approach” can be developed.

o “X” refers to a methodology akin to OpenAl’s CLIP: it continuously encodes different
configurations of gen-level information into Sophon’s latent space, thereby achieving
stronger generalization.

demonstrated superior performance in specific fine-tuning tasks; further optimizations are
underway.

» Sophon—++ provides a promising pathway to upgrade GloParT in CMS!

2026/8/19
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Thanks for your
attention!
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Backup: Core value of Sophon/GloParT at LHC physics

» Sophon method implies a pre-training philosophy: “large models for large-scale

classification”
It has been applied in CMS as GloParT

» A brief summary: GloParT's role for CMS’s joint Run2+Run3 analyses in the

coming years:
* Greater sensitivity improvements for the planned analyses
 H/HH/BSM search related to H—bb/cc/WW*/t1. .., analyses requiring W/Z/t tagging, ...(several works
now using GloParTv1/2/3)
- Expanding the landscape of boosted-topology search
* Novel final states to be explored! - a reminder to investigate calibration feasibility and discuss with
BTV+IME
« Creating new paradigms in exploiting the AKS8 jet model
* Fine-tune GloParT at the analyses level (design custom taggers); support broad MC-free searches
» Facilitate anomaly detection via GloParT fine-tuning will be a great complement to current BSM
programs
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Backup: Visualization of output vectors

dim-2

X = qdlgg {2-prong)

Gen-level branch

X = It (2-prong)

X =YY {3--4-prong) QD

Jet-level branch

dim-2
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  𝛼 ∗ contrastive loss


  𝛽


  𝛼 ∗ contrastive loss


  𝛽


  5 ×   10  − 3


  1024 ∗ 10 , 000 / 2048


  3 ×   10  − 3


  5 ×   10  − 3


  1024 ∗ 10 , 000 / 2048


  3 ×   10  − 3


  Notation


   ( x ) : reconstructed jet input .


   (  y ∈ 1 , … , K ) : jet class label.


   (  𝜈  ( y ) ) : frequency with which class (y) is sampled as a candidate in the training batches.


   (   h ∗  (  x , y ) ) : theoretically optimal classification logit for class (y).


   (   s ∗  (  x , y ) ) : theoretically optimal contrastive similarity score between jet (x) and label (y).


   (  a  ( x ) ) : an additive term shared by all classes for the same jet; it does not affect the class softmax.


   h ∗  (  x , y ) =   log ⁡ p  (  y | x ) + a  ( x )


   s ∗  (  x , y ) =   log ⁡ p  (  y | x ) −   log ⁡ 𝜈  ( y ) + C


  a  ( x )


   X  bb


   X  cc


   X  bb


   X  cc


   D  Sophon =    p s   p s +  ∑ q   p q       vs        D  cont =    e   s s   e   s s +  ∑ q   𝜔 q  e   s q


   𝜔 q = 1


   𝜔 q =  𝜈 q /  𝜈  X c c


   𝜔 q =  𝜔 q  opt


  1 ×   10  − 3


  1024 ∗ 5 , 000 / 1024

