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Part |

Introductions - ML and
LLMs & Agents

Purpose: know what it can do and what it can not do !
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* There are many many lectures online
— ¥ https://www.bilibili.com/video/BV1YsqSYSEiW/

— R BEA: https://www.bilibili.com/video/BV1Bg421A74G/?spm id from=333.337.search-
card.all.click

* Orjust ask LLM: deepseek, kimi, etc.
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A: %]lﬁ-\ 'ﬁl_%_ﬁgtl:%fgiﬁgﬁﬁga Identification of tau decays using a neural network

V. Innocente (CERN and INFN, Naples), Y.F. Wang (INFM, Florence and Flerence U.), Z.P. Zhang (World Lab,
Lausanne and Hefei, CUST)
Jun, 1992

28 pages
Published in: Nuclinstrum.Meth. A 323 (1992) 647-656
DOk 10.1016/0168-9002(92)90011-R
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ANNs improved the sensitivity of searches for the Higgs boson at the CERN Large Electron- E 400 7
Positron (LEP) collider during the 1990s [44], and were used in the analysis of data that led to E
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its discovery at the CERN Large Hadron Collider in 2012 [45]. ANNs were also used in studies of S
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Al, ML, Deep learning

A technique which enable the
machines to mimic human behavior

Artificial Intelligence Subset of Al which use statistical

methods to enable machines to
Machine learning improve with experience

Deep learning

Subset of ML which use low level
features and more layers to learn
Large complex patterns

language

A specific model which train on
massive natural language data
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What i1s Machine learning

- In CS, neuron is a simple function

Neural network: multiple connected
neurons

An extremely complex function which maps the
input to output

Millions/Billions float parameters

Training: adjust the parameters to make
outputs move towards target, e.g. truth, similar
to fitting

Two key parts:
Data representation
Function (model)

input layer hidden layer 1 hidden layer 2 output layer
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What is machine learning

Supervised learning

input data Predicted output

|
-t
v
)
o
]

modeil/algorithm

'y

labeled data (by supervisor)

Unsupervised learning

unlabeled input data output

model/algorithm

2026/10/06 2026 BESII +—Hfif <>

Supervised learning
« Training a model on labeled data,
allowing the model to learn the
relationship between inputs and outputs
« Classification, Regression, Gradient
Boosting etc..

Unsupervised learning
 Training unlabeled data, identifying
patterns and structures within the data
without predefined labels
« Nearest neighbor mapping, k-means
clustering, anomaly detection etc..

Others, semi-supervised learning,
reinforcement learning, not covered today
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What is machine learning

Traditional approach

_con [ rocion

Machine learning

N + B0
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How machine learn

2026/10/06

For traditional fitting:

User define a function y = f(x)
Define a x? or likelihood £

+ Eg.x* =3 - f(xi))z/ffiz
Minimize y? or —log(£)

For machine learning:

User define a model (combinations of multiple
neurons) M

Define a loss, e.g. MSE = Y.(y; — M)?

Minimize loss
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Gradient descent

Starting from an arbitrary A
position, the weights are updated .,
after every iteration “t" ,

w (t+1)=w, (1) - UW(I)

n is the learning rate

Initial

weight \

- Gradient

§~‘
-~
N o~

Global cost minimum

I — Jmin(\N)
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What if we have too many parameters?
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MODE CONNECTIVITY

OPTIMA OF COMPLEX LOSS FUNCTIONS CONNECTED BY SIMPLE CURVES OVER Y 7 7 A6 e y LOSS (TRAIN MODE)
WHICH TRAINING AND TEST ACCURACY ARE NEARLY CONSTANT /7 5 et
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Local and global minima

« Always a problem for ML
« Typical solution:

« Recommendation

2026/10/06

— Loss function

Lack of exploration

—— Lack of exploitation

Random Initialization and Multiple
Restarts

Simulated Annealing

Noise Injection

Dynamic Learning Rates

Etc.

Start with Adam + learning rate T
scheduling + multiple random -

e e . local minimum
initializations T

global minimum
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Overfitting and regularization

* More data
* Simpler models
* Dropout
* Early stopping
* Regularization
* Add penalty terms to the loss function to limit
large weights

New_Loss = loss + A1} w;

loss

Early stopping
e Recommendation:

e use cross-validation to select the best
regularization method and hyperparameters

Test set

Training set
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Popular ML models

 Boosted decision tree (BDT)
e Multi-layer perceptron (MLP)
e Convolutional NN (CNN)
 Graph NN (GNN)

* Transformer

* Not covered today
— Recurrent NN (RNN)
— Generative adversarial network (GAN)
— AutoEncoder (AE)
— Flow

— Diffusion
— Physics informed NN (PINN)
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Useful libraries

» scikit-learn: For most of the “basic” algorithms like Linear Regression and
Boosted Decision Trees. Also useful for preprocessing, model combination, etc.

 teann

« XGBoost, LightGBM, CatBoost: For optimized tree-based models

?GI'CBoost rr‘ nghtGBM 4 CatBoost

* TensorFlow, PyTorch, Jax: For deep learning models

¥ TensorFlow () PyTorch o

2026/10/06 2026 BESIII +—Hfi-f £ 15




Decision tree

Sequential application of cuts -> splits the data
into nodes

« Each cut depends on cuts in previous nodes
« The process is repeated until some condition (depth
of tree) is met

Final nodes classify an event as signal or
background

Boosting: use multiple trees

Advantage:
« Easy to understand/interpret
« Training is fast
« Good performance with multivariate data

z<c4

"4

B

Z>c4

\
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Applications at HEP
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Signal/Background
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https://arxiv.org/abs/physics/0408124

Multilayer perceptron (MLP)

 Classic neuron network
e 1980s Hidden Layer

 Fully connected network input Layer

« Still popular, e.g. feedforward block in transformer

Many options for activate function

Function Formula Use Case
RelU f(z) = max(0,z) Hidden layers (avoids vanishing gradients).
- - o 1 . .pe -
Sigmoid f(2) = = Binary classification output.
Tanh flz) = % Hidden layers (zero-centered output).
Softmax fl@:) = \f‘;w, Multiclass classification output.
bt}
And loss
¢ Classification: Cross-Entropy Loss
c
L=-> ylog(p)
i=1
» Regression: Mean Squared Error (MSE)
1
L=y Dy —9)

2026/10/06 i1 N+t 2 18



Convolutional NN (CNN)

* Inspired by the layered architecture of
the human visual cortex
* Use convolution kernel to identify and
extract patterns and features
e All kernels move over the whole
image
* One kernel is used to recognize one
pattern, e.g. one kernel to recognize
a straight line, another for vertical
line
* Use max/average pooling to do
dimensionality reduction while
preserving salient features
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fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network

Conv_1 Conv_2 RelU activation
Convolution Convolution /—/ N—
(5 X 5) kerr.tel Max-Pooﬁng (5 )( 5) ken:'el Max-PooIing (Wlth
valid padding 2x2) valid padding (2x2) \.dropout)
g N /@ A0
e e:
; I s e
INPUT nl channels nl channels n2 channels n2 channels || E / \‘ 9
(28x28x 1) (24 x24 xn1) (12x12 xn1) (8x8xn2) (4x4xn2) J R
n3 units
Convolution:
yn] = (f * E f gln — k]

2D Convolution: |
CNN convolutlon kernel |

Z men
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CNN, take a closer look

OOOO.Q.D
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Inpu‘t Imase
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Pixel representation

More details in tutorials
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https://www.datacamp.com/tutorial/introduction-to-convolutional-neural-networks-cnns

CNN, how convolution works
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Ox1+0x0+ 0x1+
Ox0+0x1+ 0x0+

Ox1+0x0+ Ox1 =

Convolution Sign

0 |0 |0 |0.2

0 )
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Pixel representation

Convoluted Matrix
0.2x1+0x0+0.2 x1 +

0.2x0+0x1+ 0x0+
Ox1+0x0+ 0Ox1 =(0.49
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CNN, pooling

6 0 |10 O.m
0 |105|04| 1.6
03|02 1.7 | 11
&2 04| 11 ﬂ

Convoluted Matrix
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Mox Pooliv\g

2x2 Blter
Stride=2
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Pooling Result

Feature extracted

22



CNN summary

Spatial Hierarchy Preservation Fixed Kernel Size

Same kernel slides across input, reducing Struggles with Non-Grid Data
parameters.

Detects features regardless of position Pooling Loss

Efficient for Grid Data Fixed Input Size
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Graph NN (GNN)

GNN vs CNN
Property GNN CNN
Data Topology Non-Euclidean (graphs) Euclidean (grids)
Core Operation Message passing Sliding kernel convolution
Parameter Sharing Shared across nodes Shared across spatial locations
Translation Invariance Node-order invariant Partially invariant to shifts
Typical Tasks Node classification, link prediction Image classification, object detection o

Key features:

2026/10/06

Nodes (Vertices): Represent entities (e.g., users in social networks, atoms in molecules).
Edges: Represent relationships between nodes (e.g., friendships, chemical bonds).
Aggregation: Each node collects features from its neighbors (e.g., mean, sum).

Update: Combines its own features with aggregated neighbor features.

Iteration: Repeats to capture higher-order neighborhood information.

2026 BESHI +—H#f i< 24



GNN, take image as an example
| 0-1 1-1 2-1 3-1 4-1
| 0-2 | 1-2 3-2 4-2

)

Image Pixels

In GNNs, all nodes can be interconnected, unlike in CNNs where only spatially adjacent
nodes are connected.
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Transformer and attention

* Query (Q)
« Represents "what I'm looking for. “
- Key (K
« Represents ‘what | have.’
. Value (K)
« Represents "the information | want
to get if a match is found”

Scaled Dot-Product Attention

t

MatMul
1

SoftMax

)

Mask (opt.)

)

Scale

1

MatMul

1

Q

1

K V

Example: You're at a Large Party Looking for Interesting People to Chat With
* Q: You walk into the crowd with your interests and topics you want to

discuss.
e K: Every person at the party is implicitly carrying their self-introduction and

tags

* V: When your "query" matches with a person's "key," the specific content
(their experiences, knowledge, insights) you want to gain is the "value."

2026/10/06
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Output
Probabilities

( N\
Add & Norm

Feed
Forward

4 N\ Add & Norm
Add & Norm

Multi-Head

Feed Attention

Forward D) Nx
N
Add & Norm
Nx

Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
T - TR S
\_ J \_ J)
Positional Positional
Encodi D ¢ i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Vaswani, Ashish, et al. "Attention Is All You Need."
Advances in Neural Information Processing Systems,
vol. 30, 2017, pp. 5998-6008.

Citation> 26 /3 !
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LLMs & Agents

2026 BESII +—Hfif <>
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Large Language Model (LLM)

[ What is your name }

&

E My name is
Han Meimei.

What's your name?

[ My name is Li Lei 1
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What is LLM

A very large Neural Network:

Input: a sequence of words (tokens)
Output: a distribution over possible next words

2026/10/06

Input Context:

Decoder (Generation)

Encoder (Representation)

!

What

!

is

!

Pt

your name

2026 BESII +—Hfist 4>

e P(xt+1 | X1..X¢)

/ \\\
e e -G
\ context window )

. P(w]context): My
|
Li

0.55

0.20

0.15

0.02
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What is LLM

Hello

Input Token
Embeddings

Attention
Model

Inelouant

Decoder
Layer

Tokenized Output

2026/10/06 2026 BESII +—Hfist 4>

Trillions of parameters in the model
Trained on massive amount of text data
Predict the next most statistically probable
token

This training allow the model “understand”
the patterns in the training data

/

We should embed our knowledge into
these patterns

30



Why LLM matters for Science

« For centuries, understanding and generating human language has been a
uniquely human trait.

« It's how we express ideas, build relationships, and create knowledge.

« For computers, however, it's been an incredibly complex challenge due to
language's nuance, ambiguity, and context.

« We always “translate” our knowledge, our understanding into natural
language !

« If we want to build an “intelligent” system, we have to use LLM otherwise
it" s difficult to communicate with human !



Training pipeline

« Normally LLMs are trained on an absolutely
massive amount of text data — billions, even
trillions, of words from:

Books
Articles
Websites

Conversations

And more!

Raw text
corpus

« This training allows them to “understand” and
generate human language with unprecedented
accuracy.

2026/10/06

—>
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' i) ' R
Pre-training SFT
Next-token Supervised
predictionon F—>| fine-tuning on
raw text instruction-
corpus response pairs
A ¥ J
Grammar, world Response format,
knowledge, task structure,
reasoning tone

RLHF

Reward-model
optimization via
human
preference

Aligned
—> instruction
follower

Lo rankings

Helpfulness,
safety,
preference

S

Pre-train = SFT — RLHF
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Al trends

® Anthropic ® OpenAl ® Kimi ® Alibaba ® Meta ® SpaceXAl @ ZAl ® Google @ DeepSeek ® MiniMax @ Xiaomi @ Thinking Machines @ Mistral @ Cohere
Z: Artificial Analysis

80 -

Artificial Analysis Intelligence Index

Nov 22 May 23 Nov 23 May 24 Oct24 Apr25 Oct 25 Mar 26 Aug 26

Release Date
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Al trends

Most attractive quadrant -+ Pareto line

e Kimi ®ZAl ®DeepSeek ® MiniMax ® Xiaomi @ Thinking Machines @ Alibaba ® Meta ® Mistral ® Google @ OpenAl @ Cohere @ SpaceXAl ® China Mobile
® InclusionAl ® Al9Stars @ OpenBMB

70 -
Z Artificial Analysis

60 - ..-®

B e
ceamenvsenns o
g ’
: [ )

° :
D . ® ‘ .
2 O
T 0T e '{
7 g
8 3 g ‘” ‘ o
5 L ' ]
g ®
< ® o ® o
(]
g % o & ‘ °e o
e
- S o g oo

10 - R

. o ® °_o
......... g ® Qe o0 . e
O _.. 1 \. . . . 'I 1 1 1 1 1 1 1 1 1 1 ] 1 1
400m  700m 1 2 0 70 100 200 300 400 600 800 1k 2k 3k 4k 6k 8k 10k

Total Parameters (Billions, Log Scale)

More details in https://artificialanalysis.ai/trends
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How can LLM help us to do research

« What Can LLMs Do?
— Answer questions: From simple facts to complex explanations.
— Summarize long documents: Condense articles, reports, or research papers.
— Generate code: Assist programmers by writing or debugging code snippets.
« It's Not Magic, It's Statistics!
— Important to remember: LLMs aren't truly "thinking" or "understanding” in the human sense.
— They are incredibly sophisticated statistical models.
— When you ask an LLM a question, it's not consulting a knowledge base like a human brain.

— Instead, it's predicting the most statistically probable sequence of words that would answer your
question based on all the data it's seen during training.

« Another application: Automation -> Autonomy discovery

— Take LLM as a controller, i.e. generate configuration/programs to control the scientific
tool

— DrSai project at BESIII
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My name is Li Lei
| am Li Lei
Li Lei
" My family name is Li, given name is
L Lei )

2026 BESII +—Hfif 4>

Which one is correct?
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TR
Prompt engineering preR
#HBE (CoT)

« Important feature for ML R

. AERRATRIR T
— Garbage in, garbage out !

Prompt Chaining

— Same for the prompt of LLMs

Less effective X: FBHER (ToT)

KWERIGEAR (RAG)

Extract the entities mentioned in the text below. Extract the following 4 entity

types: company names, people names, specific topics and themes. Eﬂ]ﬁlﬂ#ﬁﬂﬂlﬁ
(ART)

Text: {text}
B TA2)m

Show, and tell - the models respond better when shown specific format requirements. This .
Active-Prompt

also makes it easier to programmatically parse out multiple outputs reliably.

JIENE R

Better [4:
Program-Aided

Extract the important entities mentioned in the text below. First extract all Language Models
company names, then extract all people names, then extract specific topics which fit
palz]
the content and finally extract general overarching themes Re;\Ctﬁ§7h
Reflexion

Desired format:

Company names: <comma_separated_list of_company_names> ” .
ZRESBUENHR RO

People names: -||-

Specific topics: -||-

HFEER
st More details in https://www.promptingguide.ai -,

General themes: -||-

2026/10/0¢

Text: {text}




Al Agents

-
Tools
A LLM + a well controlled environment
easoning Core
Input: a task (a sequence of words) o onal Memory
Output: results Sulercs retrieval
 Plots 9 Autonomous Agent
« Numbers
. Plan
decompose goal \
Re-plan | Iterate until Act
adjust next step goal met invoke tool
\ Observe /
parse output,
update memory
2026/10/06 2026 BESII +—Hisf 2
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LLMs vs. Al Agents

Large Language Models (LLMs)

Passive Knowledge Engines: Process text inputs and generate

predictions based on probabilistic patterns learned during pre-training.

Stateless & Isolated: Cannot execute actions, access live external data

natively, or persist memory across disconnected sessions.

Example: Answering a question, drafting an essay, or translating code

snippets.

Autonomous Al Agents

Active Task Executors: Combine LLMs as reasoning backbones with

tools, memory, and goal-directed planning loops.

Stateful & Action-Oriented: Can browse the live web, execute code,

call APIs, continuously self-correct, and achieve complex goals.

Example: Conducting market research, debugging repos, or running

multi-day experiments.

2026/10/06 2026 BESIII +—HF i) 2>
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Core Architecture of an Agent

Brain [ LLM

Acts as the central cognitive
engine responsible for
reasoning, intent
understanding,
decomposition, and decision-

making.

2026/10/06

~

Planning

Deconstructs complex goals
into sub-tasks (Chain-of-
Thought, Tree-of-Thought)
and self-reflects on execution

mistakes.

[((

Memory

Stores short-term working
context (chat history) and
long-term knowledge (vector

DBs, external file systems).

2026 BESII +—Hfist 4>

x

Tools [ Action

Interfaces with external
environments: search
engines, Python REPLs,
database connectors, and

web browsers.
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The Agentic Execution Loop

Think — Execute — Reflect

Unlike standard single-pass LLM prompts, Al agents operate in
an iterative feedback loop:

1. Perception & Goal Setup: The agent receives an goal and
analyzes environmental state.

2. Tool Invocation: The LLM selects a tool (e.g., web search,
code executor) and generates parameters.

3. Observation & Reflection: Reads tool output, checks for
errors, adjusts its strategy, and iterates until completion.

2026/10/06 2026 BESIII +—Hft i &

Plan

Reflect

[ Planning ]»
Act
l (tool call)

N v P

core

l Observe

——

Environment 1/0
(text, images, audio)

|

v

Monitoring
Evals

’J

T
|
|
|
|
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OpenClaw: Autonomous Gateway

Good for personal assistant

Seamless Messaging Integration: Connects Al models directly to

%> Pl 3
everyday channels like Wechat. ‘ <3 e @ *9 ° ,
Persistent Identity & Memory: Treats agents as long-term digital TR SN ‘
assistants with dedicated state, skills, and behavior rather than single {
session chatbots. .
Copilot Studio Microsoft Agent Framewark

1 Azure Al Foundry

Open Skill Marketplace (ClawHub): Extends agent capabilities with one- ‘ —_— $ ‘ —.'

click installable skills for web research, code execution, and daily tasks.
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Deep Research: Multi-Agent Synthesis

Supervisor & Sub-Agent Orchestration

Task Scoping & Delegation: A supervisor agent decomposes complex
gueries into independent sub-topics and assigns them to isolated sub-

agents.

Parallel Investigation: Sub-agents execute tool calls, search web
sources, and prune raw tokens before returning clean findings to the

supervisor.

Continuous Reflection & Reporting

Gap Analysis: The supervisor reviews sub-agent results, identifies

missing information, and spawns follow-up iterations.

Structured Synthesis: Produces comprehensive reports complete with

methodological transparency, confidence ratings, and citations.
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Many many Challenges !

Al AGENT IN PARTICLE PHYSICS: IDEAL VS. REALITY
IDEAL REALITY

(What data? ) ! » ...OK, now use 2019 dataset...
r r‘r;:;l;;i t:rf)szg(: : (g?o)n J [Think... Select Data... Which dataset | | use the J/mt decay channel...
P ; Write Code... Analyze... \ (MC or data)” try to fit the background

Estimate Uncertainties...] | | with a polynomial...
\ ’_(What decay process?) i

(WhICh final states")\sc}:m?}'csatgno)

Whlch variables? >
" Whatis an

oz - — —{ How to estimate
‘ What selectlon) background? |
! criteria? ~
Z.(3900) S :
, Which \ * )} uncertainty?

/ How to calculate

15 20 25 30 35

N W\ systematically?
: - ’\ Code Specs
\

/ﬂ uncertaln .
What isa How do % Manually Input
\/ Cross sectlon’? - Param)éteps

2026/10/06 2026 BESIII +~ﬁﬂ~ e

| RESULT:
Cross Section =
15.2+1.1 (stat) £ 0.8 (syst)pb |

44



2026/10

/06

Questions & Discussion
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backup
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5256 205 Y Foundation Model

(a) Hybrid pre-training

Contrastive learning

: [ Slass AL b
Shared ttention lead SS

Encoder

(Transformer ( 7 [Hybrid Recon. | S
Decoder —* Head — IEo:s:s )
L) |msE+cMms+cE Reconstructed event

mbed + ConditionEmbed

Transfer
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Final state Method Precision Recall F
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(2). Far-OOD Detection
(a) Embedding space (t-SNE)
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