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@ chatcer - Claude

LLMs provide the core capabilities.



Goal

. ; @ Start chatting with Instant
Back atit, Jinsheng

What can | help with?

Understand the core principles of LLMs.



@ T, Share

&2
@ What are LLMs?

LLMs are large language models: Al systems trained on huge amounts of text so they can

understand and generate language.

They work by predicting what words or tokens are likely to come next, but at large scale

this lets them do many useful things, such as:

* answering questions

* summarizing text

e translating languages

s writing emails, essays, or code
¢ explaining concepts

¢ helping brainstorm ideas

Examples include ChatGPT, Claude, Gemini, and Llama.

A simple way to think of an LLM: it is a very " anced text-pattern model that has learned

grammar, facts, reasoning patterns, styles, and common ways people communicate. It

- . @

It is easy to use, but has super powerful and wide applications,
especially in software engineering.



In your view, what defines a good model?



Language Models

Token
Next-token prediction

LLMs are
[Prompt i:

LLMs are Large

7T

» Large

» Language

» Models

LLMs are Large Language




How LLMs Response a Question?

Answer

What is Nobel Prize of » Turing
Computing?
What is Nobel Prize of » Award
Computing? Turing e
What is Nobel Prize

» [END
of Computing? Turing | |

Award



Can You Answer?

* Roses are red, violets are

* | opened the fridge and found a



How to Predict Next Token?

* A huge space for the next possible token
* How do LLMs choose the next one?

“oken | Score _

Award 0.5
What is Nobel Prize of T — Home 0.2
Computing? Turing
at 0.0000...

how 0.0000...

Next-token possibility distribution
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How LLMs Response a Question?

Turing

ol

Award

What is Nobel Prize of
Computing?

What is Nobel Prize of
Computing? Turing

HE B
]

What is Nobel Prize LLM
of Computing? Turing

orcor N T
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What is the problem of probabilistic?

12



Probabilistic Output

* Probabilistic next-token prediction makes the output uncertain.

It Turing

Turing (Turing Award)
What is Nobel Prize of . = I H | |_| { It (It is Turing Award)
Computing?

A better mode has a more accurate probability for the next-
token prediction.
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Next-Token Prediction is Challenging

numbers =[1, 2, 3, 4, 5] »

result =

|

Multiple tokens
together for simplicity

max ( numbers)

min ( numbers)

1. Understand the code intention
2. Correct function name

3. Correct variable name

4. Enclosed brackets

sum ( numbers)

len (numbers)

14



The Mechanisms Behind LLMs

eg., f(x)=ax+b

X f f(x)

User task orincomplete
= >
_allsl

-—--*

A huge number of weights!
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Text Generation
Image-Text-to-Text
Image-to-Image

Text-to-Video
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Architecture of f: Transformers

Layer

A

( 1 )
Feed Feed Feed Feed
t
Feed Feed Feed Feed
Self attention Layer ]
\ ------------------------------------------- T---')

* Reference material:
https://jalammar.github.io/illu

strated-transformer/

* We do not explain too detailed
asitis notaLLM course
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https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/

‘Architecture of f: Transformers

* https://bbycroft.net/llm
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https://bbycroft.net/llm

Where to Learn Weights?

* Public data from internet OGitHUb

* GitHub: 420M+
projects/repositories

* Stack overflow: biggest question-
and-answer website for computer
programmers.

* Annotation data
* humbers =[1, 2, 3, 4, 5]
* result = sum (numbers)

* User response data max ( numbers )

sum ( numbers)

00
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How to Learn Parameters?

Alignment

g SFT

Pre-train

A
1
1
1
1

Public data from
internet

g RLHF

(Supervised Fine-Tuning)

A
I
I

Annotation data

(Reinforcement Learning

with Human Feedback)
A

|
User response data

20



Learning Process

* Each stage’s output is the input of the next stage

!:o uo=' 2

L . Al Al noo
~3)  Pre-train - SFT - RLHF e
Initial model with Version 1 Version 2 Final version

default weights

21



Pre-train

* Pretrain requires a huge amount
of data

print
sum

out

Relative Performance

1.0 1

0.8 4

0.6 1

0.4 4

0.2 1

0.0 4

Classifier Probing

(Edge Probing)

Minimum Description
Length Reflected
(Edge Probing)
BLIMP
SuperGLUE

= 2 3 3 = 2
= —
Pretraining Dataset Size

[1] Zhang, Y., Warstadt, A., Li, X., & Bowman, S. (2021, August). When do you need billions of words of pretraining data?. In Proceedings of the 59th
annual meeting of the association for computational linguistics and the 11th international joint conference on natural language processing.




Self-supervised Learning

____Input | Output
Internet | 2 I pr,mt (
print(
N print(* hello
— print(“hello world
A huge amount E _] D .
of data - ° l Update weights
1 (0]
print(“hello world!”); o

Few human effort involved. .



How Large Data is Used?

LLaMA 3 https://arxiv.org/abs/2407.21783

e Data. Compared to prior versions of Llama (Touvron et al., 2023a,b), we improved both the quantity and
quality of the data we use for pre-training and post-training. These improvements include the development
of more careful pre-processing and curation pipelines for pre-training data and the development of more
rigorous quality assurance and filtering approaches for post-training data. We pre-train Llama 3 on a
corpus of about 15T multilingual tokens, compared to 1.8T tokens for Llama 2.

and Heavily Compressed Attention (HCA) to improve long-context efficiency; (2) Manifold-
Dee pSeek-V4 Constrained Hyper-Connections (mHC) that enhance conventional residual connections; (3)
and the Muon optimizer for faster convergence and greater training stability. We pre-train
both models on more than832T diverse and high-quality tokens, followed by a comprehensive
post-training pipeline that unlocks and further enhances their capabilities. DeepSeek-V4-Pro-
Max, the maximum reasoning effort mode of DeepSeek-V4-Pro, redefines the state-of-the-art for
open models, outperforming its predecessors in core tasks. Meanwhile, DeepSeek-V4 series are
highly efficient in long-context scenarios. In the one-million-token context setting, DeepSeek-
V4-Pro requires only 27% of single-token inference FLOPs and 10% of KV cache compared
with DeepSeek-V3.2. This enables us to routinely support one-million-token contexts, thereby

24
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How Large Data is Used?

 Print out 15T of tokens.

* Assuming 100 sheets of paper
are 1 cm thick

 The total thickness would be
1500 kilometers.

1000 tokens
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How Large Data is Used?

Print out 15T of tokens.

Assuming 100 sheets of paper
are 1 cm thick

The total thickness would be
1500 kilometers.

Suppose reading a page in 10
seconds, it requires 4756 years to
complete.

1000 tokens
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What happens if data is exhausted?
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We lost our unigueness

| would not frame the paper as:

"Use Al to generate code.”

That sounds incremental.

Instead:

We control Al to generate repeated code under bounded scope

Not....., Instead...

28






Scaling Law

* Within limited pretraining budget, how should we allocate the
budget to achieve the best possible model?

* More training data?

* More model parameters?
* Both?

* Model architectures?
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Training = Spending Compute

* An approximation for transformer language models:

C=6ND

N: nhumber of model parameters
D: number of tokens
C: compute; floating point operations (FLOPs)

Scaling Law: https://arxiv.org/abs/2001.08361
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Training = Spending Compute
* For example, Llama 3:

C=6x70Dbillion x 15 trillion
=6.3 x 1024 FLOPs

N: nhumber of model parameters
D: number of tokens
C: compute; floating point operations (FLOPs)
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Training = Spending Compute

* Data scaling: change D, what happens to loss?
* Model scaling: change N, what happens to loss?

* Compute scaling: should we increase compute by increasing D
or increasing N?

33
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Compression

* L LMs are not remembering everything from the training.

* L LMs compress all knowledge they have seen.

1.

2. —>

3
. Al
O

Al
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|Is More Data Better?

I'Edd ii Q @ r/microwavegang € 7E r/microwavegang FEE

<« . r/microwavegang - 7 {84 i
Bobbydibi

Mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmimmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmimimm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmim
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmimmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmimmim
mmmmmmmmmmmmmmmmmmmmmmmmmmmm

MM MMBMMBM MM
Mmmmm
m

mmmmmmmmmmmmenmm b B M BMMB R I B MK MMM MMM m MM MM mm MMM MM MMMMB BBV
MR N MR R BA R W B BA R M WA B BA B MR M B MR BA M B M A R B W MMM M MMM MMM MMM MM MMMMMMmmm
AT M T P mim e o mmim mrm mmmmm i mmm e mm mmmm m mmmmm mnmnmmmmmmmmmmm
Tttt tatatalatatntattati ittt ta talala it tstuti bttt taataaaa s T Tt tas T D Taa et taatuatea e ta et alaa e T Taalss)
PYUTE YL P PV VLN P AR T ML PP T YR R i F i mmim e mem mm i m mmmmm

Quality is also important

,@gﬁog'

r/microwavegang

microwavegang

welcome to the microwave gang! here we talk
about topics such as
"MMMMMMMMMMMMMmmMMMMMM...
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2112 32
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u/bl1zzardTHEone microwave mod
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. Rephrasing the Web
Date C lea n I ng https://arxiv.org/abs/2401.16380

For the following paragraph give me a 48
paraphrase of the same in high quality English —
language as in sentences on Wikipedia

Fteph rase
Synth
Data
>

Avg. Zeroshot Accuracy
AYAR
L
S S
. ' g |
\
\,

Z
[
o === \WRAP-85B (ours)
S w-m= C4-85B
= - om= C4-170B

m L &8 -

> Web l ! g RW-300B

Noisy | Text o

# Pre-training = 0 100 200 300

-

Tokens seen (in Billions)
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Pre-train

e Pre-trained models have the chance to make the correct answer

* The chance may not be good enough.

* The pre-trained model is like a rough gem; it still needs meticulous
polishing.

* Next step: SFT & RL increase the chances for the correct answers.

Reasoning with Sampling: Your Base Model is Smarter Than You Think. https://arxiv.org/abs/2510.14901 38



SFT

* Each stage’s output is the input of the next stage

s Pre-train —p SFT —p RLHF s
Version 1 Version 2 Final version

Initial model with
default weights
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SFT

e SFT teaches the model: “How should | answer a user?”

— —
Al
User: 5 O
i Assistant:
A I cannot write it.

Write a Python function
that divides two numbers.

User:
Write a Python function

that divides two numbers.

l SFT

Assistant:
— —

Al

40



SFT

* Use few but high-quality data to further adjust weights.
e LLaMA2

https://arxiv.org/abs/2307.09288

Qualiﬁi Is All You Need] Third-party SFT data is available from many different sources, but we found that
many of these have insufficient diversity and quality — in particular for aligning LLMs towards dialogue-style
instructions. As a result, we focused first on collecting several thousand examples of high-quality SFT data,
as illustrated in Table 5. By setting aside millions of examples from third-party datasets and using fewer but
higher-quality examples from our own vendor-based annotation efforts, our results notably improved. These
findings are similar in spirit to Zhou et al. (2023 ), which also finds that a limited set of clean instruction-tuning
data can be sufficient to reach a high level of quality. We found that SFT annotations in the order of tens of

thousands was enough to achieve a high-quality result. We stopped annotating SFT after collecting a total of
27,540 annotations. Note that we do not include any Meta user data.
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RLHF

* Each stage’s output is the input of the next stage

.
v Pre-train = SFT RLHF

Final version

Ilo
llo

Al
Version 2

Initial model with Version 1

default weights
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RLHF

* Reinforcement Learning with Human Feedback
* RLHF teaches the model: “Which answer do humans prefer?”

O

Assistant:
User: Eifﬂ
Write a Python function — —
that divides two numbers. Al
Assistant:

No new training data!
Use preferences as feedback

to adjust weights.
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Which One Do You Prefer?

> User: "I'm only starting to study the day before the exam-—
is there any hope?"

A:
> "Of course! You can definitely get a high score-go for it!"

B:

> "It's impossible to predict the outcome right now. Tell me the scope
of the exam, your current level of understanding, and how much time
you have available, and I can help you set priorities.”

C:
> "One day is generally not enough to systematically master an entire
course.”
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Reinforcement Learning

Observation

Actor b

Action =
f( Observation )
: B¢

w dl .

Find a policy maximizing

total reward

Reward

"Environment

Action
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Reinforcement Learning
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Reinforcement Learning

Find an actor maximizing expected reward.

EEEEEEEEEEEEEEE

Observation Action
{0: AlphaGo
S
Reward
reward = 0 in most cases
If win, reward =1 o

EEEEEEEEEEEEEEE

If loss, reward = -1

Alpha lice Sedol !

N N /o =

S -
E% = re— |

+ +ForF M
+ v

Environment
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Reinforcement Learning

‘@\ —p W\l iE[C[e ] —————p “_5"

The next move
Chessboard

Prompt = —> The next token
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The Reward is Important

https://openai.com/index/faulty-reward-functions/?video=745142691
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https://openai.com/index/faulty-reward-functions/?video=745142691

Learning Process

* Each stage’s output is the input of the next stage

L . Al Al noo
bl Pre-train  =—— SFT — RLHF s
Initial model with Version 1 Version 2 Final version

default weights
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Are tokens must be text?
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Image Representations of Code

1. Input

Input Image
(Rendered Code)

User Prompt:
What does this code
do?

Text Input
(Instruction)

2. Encoding & Tokenization

-

Visual
Encoder
Patches
word and a
Text Tokens

S

Visual
Embeddings

subword

b

£

3. Alignment & Fusion

y

V-L Adapter

28 P
Pooling & L |
Projection |

' "~ Aligned Visual
Embeddings
Lookup Table
Embedding
Lookup Text
Embeddings

s

H|
%:I::I: =
ECE 2
= = -
=] (X =
'\.u Q‘_‘_J

MLLM Backbone
(Self-Attention Layers)

L

4. Multimodal Modeling & Output

Response:

This code defines
two methodsina
Python class...

Output

https://arxiv.org/pdf/2602.01785
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Text-Only Token Sequence

[def] [ get] [_e] [ig] [ens] [ystem] [(self]
[):] [\t] [ if] [ not] [ self] [.is] [_dirty] [: ]
[\t] [return] [ self] [.e] [igen] [values] [\n]
[\t] [ #] [ Determine] [ the] [ number] [ of]
[\n] [\t] [ #] [ slow] [est] [ times] [cales] [
to] [ keep] [\n] [\t] [ n] [_times] [cales] [
=] [ min] [(self] [.n] [_times] [cales] [,] [
self] [.n] [_states] [+] [J[11[) I [\l [ kI
=] [n] [_times] [cales] [ +] [ ] [1] [\n] [\t] [
ul L1 [ Wl LI [rv]l [ =] solve] [_m] [sm]
[_e] [ige] [(self] [.trans] [mat] [_,] [ k] [,] [
11100] [0] [) ] [\t] [ print] [(f] ["'] [success]
(") 10\e] [return] [ul [,][v] [,] [ rv]

110 text tokens

—>

Visual
Rendering

LLMs read these codes sequentially

https://arxiv.org/pdf/2602.01785

Visualized Code

def

_get_eigensystem(self):
if not self. is dirty:
return self._eigenvalues

# Determine the number of

# slowest timescales to keep

n_timescales = min(
self.n_timescales,
self.n_states_ + 1

= n_timescales + 1

. W, rv = _solve_msm_eige(

E K =

self.transmat_, k, 1080

)
print(f"success!™)
return u, lv, rv

MLLMs see these codes holistically

110 visual tokens

Resolution
Adjustment

Compressed Visualized Code

def _gat_sigensystemi{salf):

if not self. i3 dirty:
return self. _eigenvalues

# etermine the nusber of

# sllowast timescales to keap

n_timescales = min|
self.n_timescalas,
self.n_states_ + 1

L]

= n_timescales + |
Wy, rv = _solve _mse_sige(

=

1 Gl

self.transmat_, k.
|
print{f success! =)
return u, Lw, rv

27 visual tokens

¥ 75.5% fewer tokens, yet distinguishable
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Black-box LLMs

* Typically commercial

* Huge

* Powerful

* We do not know how f works and is produced

X / f(x)

U task ori let
ng; ask orincomplete _> H ||

Gemini

ChatGPT

*

Claude
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Open-source LLMs

* You can see the data, data filtering,
tokenizer, training code,
hyperparameters, checkpoints, logs,
and evaluation process.

* We know how f is produced

X f f(x)

User task orincomplete
code

N M —»ﬁﬂﬂﬂ

Olmo

Our fully open language model and complete model flow.

a BigScience initiative

BLINEM

176B params - 59 languages - Open-access
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Open-weight LLMs Y,

Genll Ao
* Atrade-off between black box and open source Gemma
* Only parameters are public
* We know the internal of f I
* We can download and deploy on local machines h‘
“ f f(x) Mistral

User task orincomplete
code

%Y,

N || M —»ﬁﬂﬂﬂ

LLaMA



Open-weight LLMs

HELLO, I'M MiMo




Hugging Face

~ . Hugging Face

m Tasks Libraries

Other

Tasks
[  Text Generation
Image-Text-to-Text

i Image-to-Image

Languages Licenses

Any-to-Any
¥ mage-to-Text

Text-to-Image

Text-to-Video Text-to-Speech +42
Parameters
<18 6B 128 328 1258  =5008
®
Libraries

& PyTorch W Tensorflow

= Transformers

£ ONNX B GGUF

# Diffusers

sl JAX

# Transformers.js

£ Safetensors

Models Datasets Spaces

Models llama

meta-1lama/Llama-3.1-8B-Instruct

= meta-1lama,/Llama-3.1-3B

0 LatitudeGames/Nova-70B-L1lama-3.3

% meta-1lama/Llama-3.2-1B

meta-1lama/Llama-3.2-1B-Instruct

Community

Full-text search

Docs

Pricing ~= .

tl Sort: Trending

& DavidAU/Ll1ama-3.2-8X3B-MOE-Dark-Champion-Instruct-uncensored-abliterated-18.4B-GGUF

https://huggingface.co/models

»
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V10

[ MiMo-V2.5-Pro T @ lke Follow @@ Xiaomi MiMo

[z  Text Generation = Transformers & Safetensors ® English & Chinese mimo_v2  agent long-context  code  conversational — custom_code Eval Results fpg W

Model card Files and versions ¢ xet Community % Deploy ~
Downloads last month
102,819
=2 Safetensors
° ° ° Model size 1T params  Tensor F32 - BF16 - FE_EAM3
Xiaomi MiMo
Inference Providers new
[ Text Generation
| #2_HuggingFace | = Blog | £~ Xiaomi MiMo API Platform Xiaomi MiMo Studio

Community
WeChat Group | Discord | Telegram | Reddit

MiMo-V2.5-Pro

MiMo-V2.5-Pro is an open-source Mixture-of-Experts (MoE) language model with 1.02T total
parameters and 42B active parameters. It utilizes the hybrid attention architecture and 3-layers

Multi-Token Prediction (MTP) introduced in MiMo-V2-Flash, with up to 1M tokens context length.

Benchmark Results

v Code Snippets

https://huggingface.co/XiaomiMiMo/MiMo-V2.5-Pro

We will provide MiMo API for all students!

mit

7} Chat template

Deeplnfra

Examples v

Send

o Compare providers
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Local_ Dep[Oyment We will provide GLM API for all students!

/ﬂ

The easiest way to build
with open models

irm https://cllama.com/install.psl | iex ©

ste this in PowerShell, or download Ollama

Run any app or agent with

open models o11ana
a model
Get up and running with OpenClaw, Claude Code, and more in
Launch Claude Code
minutes using open models powered by Ollama.
Launc h Codex

Launch OpenClaw

https://ollama.com/ 61



Recommendations

An excellent course of LLMs by Prof.
Hung-yi Lee(FE&E% 572 KF).

https://www.youtube.com/playlist?list

=PLJV_el3uVTsMMGi5kbnKP5DrDHZp
TXOjT

[ERXATESHEES
2R E%2025)

Hung-yi Lee -
11 videos Last updated on Mar 22, 2026

N &
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&P XK E R

;.' 2 ‘ The Chinese University of Hong Kong, Shenzhen
—— ~E

Next lecture: Principles of Agents
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