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1. A brief history of Al =)
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1. A brief history of Al

CNN
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1. A brief history of Al

KESIEE (LLM) : BiISEXAHEII% , ARG, SR FrIEE.
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2. Al for HEP: from data to theory

SREE RUE] 224
r @ESti(E 1 SRS ERIRE

(PB, EB)

T h E : ry B Classical papers
e Finding Gluon Jets With a Neural Trigger (1990)

e Neural Networks and Cellular Automata in Experimental High-energy Physics (1988)
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2. Al for HEP: from data to theory

1. Boosted Decision Tree ( BDT)

Boosting: combining many "trees” into a strong classifier.

-

—EREE
() = 2y wily ()

NE , FEENEL

N /

The goal is to minimize an objective function

Depth<10

{M@ZM%W+Z&%)}

IRERE  IERMLERE Root node




2. Al for HEP: from data to theory

m muon
. T

Jet 1(b) oy

neutrino

proton beam

\
neutrino o

clectron

PHYSICAL REVIEW D VOLUME 47, NUMBER 5 1 MARCH 1993

Comparison of the use of binary decision trees and neural networks in top-quark detection

David Bowser-Chao* and Debra L. Dzialo"
Center for Particle Physics, University of Texas at Austin, Austin, Texas 78712
(Received 11 September 1992)

The use of neural networks for signal versus background discrimination in high-energy physics experi-
ment has been investigated and has compared favorably with the efficiency of traditional kinematic cuts.
Recent work in top-quark identification produced a neural network that, for a given top-quark mass,
yielded a higher signal-to-background ratio in Monte Carlo simulation than a corresponding set of con-
ventional cuts. In this article we discuss another pattern-recognition algorithm, the binary decision tree.
We apply a binary decision tree to top-quark identification at the Fermilab Tevatron and find it to be
comparable in performance to the neural network. Furthermore, reservations about the “black box” na
ture of neural network discriminators do not appy to binary decision trees; a binary decision tree may be
reduced to a set of kinematic cuts subject to conventional error analysis.
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2. Al for HEP: from data to theory

Roe, Yang, , Zhu, Liu, Stancu, NIMA 543 (2005) 577; Yang, Roe, and Zhu, NIMA 555 (2005) 370

Number of Events

< 100

4/37
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52/48
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= 100
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48/11
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39/1
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2025/11/2
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AdaBoost Output

20 30

h - yy

Photon ID

arXiv:1407.0558 (5.1+19.7 fb!)

19.7 fb™' (8 TeV,
o =103 ( ) -
= T CMS 7
S 80 —30 {
—— - ] -
L =
= B ] @
q>_) - —— H — vy (mH=1 25 GeV) ] <<I>
@ 60— | =1
[a~] -
= ¢ Data 120 ‘i
o - s MC background n o
T — =Y i f=
40 — ------ y-jet | no
B jet-jet ]
- — 10
20 (— N
90.6 -0.4 -0.2 (o] 0.2 0.4(-)

Photon ID BDT score

h - prw

CMS: a 23% increase in sensitivity (= 50% more data).

ATLAS: a 50% increase in sensitivity

h — cc, htt......

kHN BN

arXiv:1807.06325 (35.fb1)

ATLAS-CONF-2019-028 (Full run-2)
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2.

Al for HEP: from data to theory

@ \)
VYormaL UM

2.

Conventional Neural Networks (CNN)

40x40IREElG , piEE , 3SEEH
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n pixels 7 pixels
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2. Al for HEP: from data to theory

\)
VYormaL UM

3. Graph Neural Networks (GNN)

LHC Etop-squark3d/=4E
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2. Al for HEP: from data to theory

3. Graph Neural Networks (GNN)
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2. Al for HEP: from data to theory

4. Generative adversarial neural networks (GAN)
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2. Al for HEP: from data to theory

5. Anomaly Detection (AD)

REEROETMIESSEHRE (SM) MIRE 18 D=(x) BEEEAB: n(R) BESHINGIT
INPUT § OUTPUT
Reta sample D 7 D}ist. log ratio E‘%ﬁﬂﬁﬁ: n(x|w): n(ag'w) — n(gj|R)
p——

i PEEE . log [5—;” =3, log[ g;’;;g} — [N(w) — N(R)]
Reference sample R @ain L ~ f(z;w) ~ log [ZZEH

m o Sz W) Test statistic ZIOHkE

computed on the
Py, =
.- S = I o S EEIEET (AL BRI )
{IPRELHGES | FRIRIRE o MLEa b. SEEXRXI ( K458 ) . BXETRFCIHE
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2. Al for HEP: from data to theory

6. Physics Information Neuron Network (PINN)

= = | ]l.(l())
MEER P P—MERHS2HTEE ( PDEs ) RIRE o ® ® ®
€Ty
’l.(ll)
— —
O F(%;¢) = Ay, (T;¢) - F(3;€), Vi = 1 e o e ®
dv; 9 — Ly, 9 9 y — 4
. At T £ —% ]
N A EREE e @ @A BN
WTiEFEE  ERSIERERNRE . )
N s, V11
fidl - FREERPTE « BARISZIMRIRE
HEHIENLSEH BN BUEEE - GELU , (RIEZMAS , @F BN
SEHIZER EEAE #ZIMEE (MMRD) XRETEERR BIERRK
1BEREERD 1E5UEITE (handyG) ~107® WS BAE; 2LmTh: ~10° 7 (CPU) 7T
A A} = P = 3
mmgggl&‘uﬁg 7 ;ﬂ*@ﬁ Ewﬁﬁhﬁﬁ + ﬂﬁ{ﬁggﬁ ASGHERL (PIDL) 2.2x10° g 16 5 (GPU); BARITHE: ~10°1 (GPU) 2 MBFRR
2 B RERERD E5EImTE (SCHk [108]) ~107 WS BA: BaRih: ~102 % (CPU) T
2 2 MAENEEZES) (X#k [65]) 3% Igk: 408 (GPU); BRRiT4: ~107F (GPU) 10 MRER
Lpg = Z N ] E :A:r:l rw k) Ly = E ' |:h(w) (5(1)) o g(w) (j‘(l))] AXIBERE (PIDL) 11107 i 5354 (GPU); BAAHE: ~10°9 (GPU) 6 Mns
J J 2 BERXERY TEGEEE (AMFlow) ~10™ BRI ~2% (CPU) It (BRitHE)
AXHEZRL (PIDL) 7.3x1072 Ik 75 D% (GPU); BRRIHE: ~10°%) (GPU) 10 MABFR
I; Eﬁl‘ ﬁAé Eﬂjtﬂmzznegzﬂ Jllg'ﬁ 2 BT &R ERBEL (DIffExp) ~2% AR : 4 /\BF (CPU); BEaasmiHd: ~10°# (CPU) I (RABAER)
A HEMLE (PIDL) 3.9x107° IZR: 32 9% (GPU); BRRIFH: ~10°F (GPU) 20 MBFR
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2. Al for HEP: from data to theory

7. Symbolic Aggression 2207

Symbolic Tree

( HFEREABMEIERT )

3.1y - (2% 4+ 1)

Q HLEE Q
g o " g e

@ 00 OEE® 00 ®

(“ﬁiﬁ)

OEORE - © @
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19751R= (Accuracy ) + SZE ( complexity )
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do o

_ 2
dcos®  2s ARt
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9,
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Accuracy Best Score
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¢} +0.03439) + 0.03503 0.03503 003459 ¢ +0.03503
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2
0.03498 0.03447 - c5 4 0.03498
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0.03447 - ¢ 4 0.03495
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2. Al for HEP: from data to theory

8. Large Language MOdEI (LLM) 2501.09729 WEBRE)3 Transformer ( 3.57{2&%%)

hfgEARE BAESSH

in H§id]
tHE{EFH aF
XIFRTE i8i&

(4

RitSEAHE:
"N ERIEETRE"

2025/11/2
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2. Al for HEP: from data to theory

9. SR/LLM for HEP in China

Y.-Q. Ma + students 2504.01538 Cao, Liu, Luo, Zhu + students 251008317

Al-Newton  HIiREE+DSL+7F5618 o) ISIEFEMIFE XTI - fEE | BFRX
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3. Prospects and Challenges

IE AR T 2SRRIV FREITEXIE |
MdFEEF IR EEIE RIEM.

)

2IERAN : MIBENEEPREVIIE R 1

PIEEE - AES, SFHRRIERE

EEIR : 192eerlIMRaSHIRE
HB3ZH : FREEYERIRRHITREE
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1. SHERIDE 2. MPNN #&81Z24y
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b BHE. RIFNE. RAMEEAEEE MET), TR TERE x, A 7 4: BT RIPRSEER, THIRIIHSE, REDOT:
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A BE54% (Voting & Prediction) : SN B TEZR £, 8
1
3 YIS EE HESEME Y, BARFETROTSEY = ) Z Yi fE%
- RIS RSB AU Adam ($3% 0.001); JILHIE W{Er discrimination score (ZRUEMIEAIREAIES).

z8: PyTorch (GPU H0iE) ;

- XJEEREE: DNN (BEBWAKE, FFIEZR). MPNNG/DNN6 (X
FH 6 ™MZIOKIF: 1 TDEF. 270 b BHE. 2 MK RENE.
MET, EIERERIAN) .
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BRI TN PySR BUEREE , BIR BHE —RERASE — SRRty Rk | 2
FILSITRET B (AR ML ). EAT (ERAARS—R) B EE
R ARG XA MRS , S TR,

KIESHEE ( Large Language Model, LLM ) : R—METREFINBEAESHIERA |, BIYEENARE
gy, EeRtERE. ERMAIHEE X AAIEE

ZRFELRE - KR Transformerti2M%s , K BIEEIIVHIMEIRNAFS] , EERFHITITERER
ZRAHE © D AF0)4k (ZREFEY ) . M (BmE%Y ) fRLHF ( EFAXKRRRECES ) =1THER

43
SR | BRI IEHTZE2E (AMGPT-3RY1750{2248 )
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