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ALEgE (Al) SHlasF> (ML)

ARTIFICIAL INTELLIGENCE (Al)

Computers mimic
human behaviour

* First chatbots

* Robotics

+ Expert systems

* Natural language
processing

* Fuzzy logic

+ Explainable AI

||
-

Narrow Al

MACHINE LEARNING (ML)

Computers learn without being
explicitly programmed to do so
and improve with experience

DEEP LEARNING (DL)

Multi-layered neural networks perform
certain tasks with high accuracy

Speech/handwriting
recognition

* Language translation

Recommendation engines

* Computer vision

roa = ,,
ey L@_I ()¢

How can machine learning help future light source? (Garcia 2023)

o ——
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/ Machine
[ Learning ﬁ

Deep
Learning
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O M2 aY LR SR AL

SEEMEZ ML (Full Connection, FC)

LT Z M4 (Convolutional Neural Network, CNN)
El# 222 (Graph Neural Network, GNN)

TBIREEZ ML (Recurrent Neural Network, RNN)

4 A4S (Generative Adversarial Network, GAN)

Transformer (%£338)



H R 0] £2 5014
BS SIRMENLE (CNN)

¢ SINFE: BEEER (BEBELETX)

® BNE. FEARE, ME—=4%E (BER])

¢ SiHHE W=HEERENERTESR, BR% (&

&) EEYZE—EETEmE

¢ L/ KFE . BRI BENE—TTRIER

B8R

¢ E=- SIHMENAYEE

FULLY CONNECTED NEURAL NET

Example: 1000x1000 image
IM hidden units
‘ 10712 parameters!!!

- Spatial correlation is local

- Better to put resources elsewhere!

LOCALLY CONNECTED NEURAL NET

((1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+
(-1x2)+(0x4)+(1x1) =-3

Convolutions

IM hidden units

Subsampling Fully connected
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B2 YWIHEMLEE (Generative Adversarial Network, GAN)
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IGAN DCGGAN, WGAN, LSGAN, Style-GAN '
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m Reward model

L TN
»lun)w 2= oS
Large Language Model z.ﬁgﬁgﬁ 3. AE Rt RLHF
Transformer 1.5)l|145
EREFP—l|&EdEZ
AL, ChatGPTE8E "fill F—Ma" B =gk =28 U HAS fEEYRE 3R

USER: Please introduce the Institue of High Energy Physics. 10 tokens

LLM: The Institute of High Energy Physics (IHEP) was established in 1973, It is one

of the research institutes under the Chinese Academy of Sciences ... 32 tokens

Token(Fric): BRiEEFEHEIRIFRPIIZES (AR A/N50257); TokenEiRELEEHH5AVER/NETT,
Tokenizer: {88 FiEHRAFRCHN TR,
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OpenAl

GPT-3, an autoregressive language model with 175 billion parameters

Y deepsecek

Chat with DeepSeek Al

Definition of Emergence (JB¥) in

“More Is Different” by Nobel prize-

winning physicist Philip Anderson
(Anderson, 1972):

Emergence is when quantitative
changes in a system result in qualitative
changes in behavior.

a focused definition of emergent
abilities of large language models: An
ability 1s emergent if it is not present in
smaller models but is present in larger
models.

Transformer

—e—LaMDA —=— GPT-3 —4— Gopher —&— Chinchilla —@— PalLM

(A) Mod. arithmetic
50
40
=]
=30
)
g
<10

0F
1018 1020 1022 1021

(E) TruthfulQA
70
60
g 50
2\ 40
5 30
B P
g
10
0

1020 1022 1024

’ ‘ .f{.{b?.
2ER

Large Language Model

1.5l

(B) IPA transliterate
50

40
30

a
= 20
m
10
[]- S—

1018 1020 1022 1024

(F) Grounded mappings
70

60
& 50

=40

Sl

Soof /.
10

0

1020 1022 1[]24

ro25
©0-0-0-0 PPO

Reward model

. /‘ < o “ ‘ Chat
Ny GPT
2.EEME 3. AXRIREMFEIRLHF
- - - Random
(C) Word unscramble (D) Figure of speech
50 50
g 40 g 40
5 30 5 30
o =3
E g Ea0
g g
210 P Ew
0| S—ememm®S. .. 0

1018 102!] 1022 1024

(G) Multi-task NLU

550

1[]15 1020 1022 10'2'1

(H) Word in context
70

60
£ 50/t - wamummn agf- -

%40

=

g 30

32
10
0

1020 1022 1024

Model scale (training FLOPs)

1020 1022 1024

Emergent abilities of large language models (Wei et al., 2022).
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Problem
N
Assistant
\ Message —

Assistant Message’ O

E User Message m

LLM Assistant ey
gel User

MathChat Message €

et’s use Python to solve a math problem. 6]
Ouery requirements::
You should always use the “print” function for the output and use fractions/ rad\ca\
‘forms instead of decimals.
iYou can use packages like sympy to help you.
iYou must follow the formats below to write your code:

thon

First state the key idea to solve the problem. You may choose from three ways to solve the problem: @

Case 1: If the problem can be solved with Python code directly, please write a program to solve it. You can
enumerate all possible arrangements if needed.

Case 2: If the problem is mostly reasoning, you can solve it by yourself directly.

Case 3: If the problem cannot be handled in the above two ways, please follow this process:

1. Solve the problem E (do not over-divide the steps).
2. i be asked TagaNealmaites (for example, any
calculations or equat\ons that can be calculated).

3. for me to give the results. :
4, if you think the result is correct. If the result is invalid or unexoected
e correct your queryiey

\

(D Tool-using

"E”(:(‘;E.“‘I‘l‘g format

@ Strategy
Selection

‘using and
‘reasoning
"'Step by step

;Error handeling

@ Final Answer

)
Fh

74

IR

SAT & ACT . &5t

Courtesy Yun Fu

MathChat{&Hfl

) TE

(Let's use Python--

Problem: Fake gold bricks are made by covering concrete cubes with gold paint, so the cost of the paint is proportional |
to their surface area while the cost of the concrete is proportional to their volume.
| costs $6.80, then how much would a 3 inch cube cost?

If a 1 inch cube costs $1.30 to make while a 2 inch cube

User Proxy Agent

follows:
cost = ky T surface_area + ky * volume
~-We are given:
1 inch cube costs $1.30
surface_area_1 = 6% (1?2
volune_1 = (1)
1.3 =k " surface_area_1 + ky " volume_1
2 inch cube costs $6.80
surface_area_2 = 6% (2)2
volume_2 =(27
6.8 = k; " surface_area_2 + ky " volume_2
- We will solve these equations to find
k1 and k2. Afterwards, we wil find the
cost of the 3 inch cube using the same
cost equation.

Multi-step tool- |

-

surface_area_3 =6* (3)%

volume_3 = (3)

cost_3 = ky “surface_area_3 + ky " volume_3

solve the system of linear equations to find the
values of &, and k,. Then, we will calculate the
cost of a 3 inch cube using the cost equation.

import sympy as sp

k1, k2 = sp.symbols('kl k2",
positive=True)

surface_area_2 = b * (2)**2

volume_2 = (2)**3

eql = sp.Eq(6.8, k1 * surface_area_Z2 + k2
* yolume_2)

kl_value, kZ_value = sp.solve((eql, eq2),
k1, k2))

surface_area_3 = 6 * (3)**2

volume_3 = (3)**3

cost_3 = kl_value* surface_area_3 +
kZ_value * volume_3

L.

¥
(..-we can write the cost equation asmTo continue solving the problem, we will first m Let me oorrecrm -«| will correct the cocm

A

this and provide the and provide the proper
correct result. result.
kl_value, k_values =
kZ2_value = sp.solve((eql, eq2),
sp.solve((eql, k1, k2), dict=True
eq2), (k1, k2), kl_value =
dict=True) k_values[@][k1]
kZ_value =
cost_3 = k_values[@][k2]

kl_value[kl] *
surface_area_3 +
kZ2_value[k2] *
volume_3

Let s now run the
corrected code to get
the cost of a 3-inch
cube.

cost_3 = kl_value *
surface_area_3 +
kZ_value *
volume_3

Let's run the corrected
code to get the cost of a
3-inch cube.

.&' (@ Ask to con:inue,ﬂ

(2 Return valid result /

\ J
‘L' (3 Return error ﬁ \& Correct!

Continue. Please keep solving the

problem until you need to query. (If you

54k, + 27k,

get to the answer, put it in "\boxed{}.)

ValueError:
values to unpack

(expected 2, got 1)

not enough

18.90

Wau, Yiran, Feiran Jia, Shaokun Zhang, Han-Tai Li, Erkang Zhu, Yue Wang, Yin Tat Lee, Richard Peng, Qingyun Wu and Chi Wang. “An Empirical Study on Challenging Math Problem Solving with GPT-

47 (2023).
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FIG. 9. Averaged results of faulty BPMs detection on 20

simulated measurements using IF contamination factor 0.01 FIG. 10. The comparison is carried out on 20 simulations for

and SVD cut 0.3. each plane, the results are averaged. Each bar represents the
number of BPMs removed by the method. The dark fraction
corresponds to the number of removed BPMs that are actually bad.

55



1188 2 =] ZE R 25 s A9 Kz

* Al R R H 77 1a]

MIREFHIREE A H M A
FaZE5IAK (155) RE

IR SEEEEESS R (ER/AIRMIBEREN)

56



CERN: &R "o EBR" &S

> g ARG METER: SREAER

R ‘ SRt ‘ —
> R, AHSHRKEE > SEDE, HEGEETES
> TR, KSR - TR, EEEEES P —
> B A T > EAN, Bt ._
> IR ~ R B TR RE AR BEUNES A

s & PLINAT

KE STRFELTHETHAERL TH
171E%, FRBEAITRIZERM.
BaidlE, BREER

Al for the FCC-ee, V. Kain, eeFACT 2025, March 3-7 Coutesy of SRS



The (obvious) new equipment paradigm

iaitalisati Full automation

Full digitalisation Full virtualisation
Think banking apps, heating Automation across systems. o
systems,.... Automation within given system. You cannot go there to fix it...

- : i Redundancy, robotics,...
All digital, all remote controllable/ — different players to implement
analysable automation

& All equipment designed with j
Simulations will be key. ~+§» automation in mind: 4
Fast-executing, differentiable. auto-configure, auto-stabilize, auto-
Digital twins... analyse, auto-recover,... v
‘m-.l..,,,_____ _—“—_/’//4
L JI\ J\ )

A (IDiEriE. 80RO AR, "8IFZFE" |
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Intervention Environments Modular Designs

Infrastructure is not designed
to host robots

MNeed to constantly adapt
robots to the environment

Wariable Model Based
i Autono Control Permanent
Mobile Robots I iy I Installations
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Resources Environment Enviranment Y
LHC ISOLDE
/ I nToF sPS CHARM | N
Sophisticated Precise Robot
Locomotion sensor Parameters Models
Integration Identification

E. Matheson et al, machine learning and computer vision in robotic interventions at CERN boosting maintainablility,
5t MALAPA workshop, 2025-03
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Autonomous Accelerators

- Are we getting somewhere close to it?
- There is an impressive work in subparts of accelerators
- How to put these subparts together and run together?

Schematic Overview of a Injection Tuning Agent
it o Synchrotron Light Source )
A |
Agent Iy Beamline Agent || .
Algorithm | | .
SRF Anomaly Detection [:
Logbook (read/write)
i
( ) ‘ Logbook Agent
Agent Controller | | [:__] .
LLM
Decision Tree [D
,\ T N— Orbit Feedback Agent ——
T l Archiver Agent V
Input/Output H I

Sulc, A., Hellert, T., Kammering, R., Hoschouer, H., & John, J. S. Towards Agentic Al on Particle Accelerators. ML4Al 2024
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