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LLMs provide the core capabilities.



Goal
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Understand the core principles of LLMs.
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It is easy to use, but has super powerful and wide applications, 
especially in software engineering.
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In your view, what defines a good model?



Language Models

Next-token prediction
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LLMLLMs are Large

LLMLLMs are Large Language

LLMLLMs are Large Language Models

Prompt

Token

词元



How LLMs Response a Question?
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LLMWhat is Nobel Prize of 
Computing?

Turing

LLM Award

LLM [END]

What is Nobel Prize of 
Computing? Turing

What is Nobel Prize 
of Computing? Turing 
Award

Answer



Can You Answer?

• Roses are red, violets are ___

• I opened the fridge and found a ___

9



How to Predict Next Token?

• A huge space for the next possible token
• How do LLMs choose the next one?
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Token Score
Award 0.5
Home 0.2

at 0.0000...

how 0.0000...

……

Next-token possibility distribution

LLMWhat is Nobel Prize of 
Computing? Turing



How LLMs Response a Question?
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LLMWhat is Nobel Prize of 
Computing?

Turing

LLM

Award

LLM
[END]

What is Nobel Prize of 
Computing? Turing

What is Nobel Prize 
of Computing? Turing 
Award
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What is the problem of probabilistic?



Probabilistic Output

• Probabilistic next-token prediction makes the output uncertain.
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LLMWhat is Nobel Prize of 
Computing?

TuringIt

Turing (Turing Award)

It (It is Turing Award)

A better mode has a more accurate probability for the next-
token prediction.



Next-Token Prediction is Challenging

1. Understand the code intention
2. Correct function name
3. Correct variable name
4. Enclosed brackets
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LLMnumbers = [1, 2, 3, 4, 5]
result = 

max ( numbers )

sum ( numbers )

min ( numbers )

len ( numbers )

Multiple tokens 
together for simplicity



The Mechanisms Behind LLMs 
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LLMUser task or incomplete 
code

𝑓 𝑥𝑓𝑥

A huge number of weights!

e.g., 𝑓 𝑥 = 𝑎𝑥 + 𝑏
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120 billions



Architecture of 𝑓: Transformers

• Reference material: 
https://jalammar.github.io/illu
strated-transformer/

• We do not explain too detailed 
as it is not a LLM 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
• GitHub: 420M+ 

projects/repositories
• Stack overflow: biggest question-

and-answer website for computer 
programmers. 

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

• User response data
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max ( numbers )

sum ( numbers )



How to Learn Parameters?
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Annotation dataPublic data from 
internet 

User response data

Pre-train SFT RLHF

(Supervised Fine-Tuning) (Reinforcement Learning 
with Human Feedback)

Alignment



Learning Process

• Each stage’s output is the input of the next stage
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Pre-train SFT RLHF

Initial model with 
default weights

Version 1 Version 2 Final version



Pre-train

• Pretrain requires a huge amount 
of data

22
[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.

print

(

)

sum

out



Self-supervised Learning
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print(“hello world!”);

Input Output
print (
print( “

print(“ hello

print(“hello world

……

Internet

A huge amount 
of data Update weights

Few human effort involved.



How Large Data is Used?
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LLaMA 3 https://arxiv.org/abs/2407.21783

DeepSeek-V4
https://arxiv.org/p
df/2606.19348



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.

25

1000 tokens



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.

26

1000 tokens
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What happens if data is exhausted?
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Not….., instead…

We lost our uniqueness



29



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?

30



Training = Spending Compute

• An approximation for transformer language models:

31

C ≈ 6ND

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

Scaling Law: https://arxiv.org/abs/2001.08361



Training = Spending Compute

• For example, Llama 3: 

32

C ≈ 6 × 70 billion × 15 trillion
= 6.3 × 1024 FLOPs

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



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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https://arxiv.org/pdf/2001.08361



Compression

• LLMs are not remembering everything from the training.
• LLMs compress all knowledge they have seen.
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1. def add(a, b):
return a + b

2. def multiply(a, b):
return a * b

3. a / b

def function_name(input1,input2):
return input1 operator input2

def divide(a, b): return a / b



Is More Data Better?

36
Quality is also important



Date Cleaning
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https://arxiv.org/abs/2401.16380
Rephrasing the Web



Pre-train

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



SFT

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

39

Pre-train SFT RLHF

Initial model with 
default weights

Version 1 Version 2 Final version



SFT

• SFT teaches the model: “How should I answer a user?”
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def divide(a, b): return a / b

User:
Write a Python function 
that divides two numbers.

Assistant:
def divide(a, b):

return a / b

SFT

User:
Write a Python function 
that divides two numbers.

Assistant:
I cannot write it.



SFT

• Use few but high-quality data to further adjust weights.
• LLaMA2
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https://arxiv.org/abs/2307.09288



RLHF

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

42

Pre-train SFT RLHF

Initial model with 
default weights

Version 1 Version 2 Final version



RLHF

• Reinforcement Learning with Human Feedback
• RLHF teaches the model: “Which answer do humans prefer?”
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User:
Write a Python function 
that divides two numbers.

Assistant:
def divide(a, b):

return a / b

Assistant:
def divide(a, b):

if b == 0:
return "Error"

return a / b

No new training data!
Use preferences as feedback 
to adjust weights.



Which One Do You Prefer?

44

> 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!"

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

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."



Reinforcement Learning

45
Environment

Observation Action

Reward

Action =   
f( Observation )

Actor

Find a policy maximizing 
total reward 



Observation

Reinforcement Learning

46
Environment

Action

Reward

Next Move



Observation

Reinforcement Learning

47
Environment

Action

Reward

If win, reward = 1

If loss, reward = -1

reward = 0 in most cases

Find an actor maximizing expected reward. 



Reinforcement Learning

48

Prompt

Chessboard
The next move

“5-5”

The next tokenLLM

AlphaGo



The Reward is Important
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https://openai.com/index/faulty-reward-functions/?video=745142691

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


Learning Process

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

50

Pre-train SFT RLHF

Initial model with 
default weights

Version 1 Version 2 Final version
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Are tokens must be text?



52



Image Representations of Code
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https://arxiv.org/pdf/2602.01785
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https://arxiv.org/pdf/2602.01785



Black-box LLMs

• Typically commercial
• Huge
• Powerful
• We do not know how 𝑓 works and is produced

55Claude

ChatGPT

Gemini

LLMUser task or incomplete 
code

𝑓 𝑥𝑓𝑥



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

56

LLMUser task or incomplete 
code

𝑓 𝑥𝑓𝑥



Open-weight LLMs

• A trade-off between black box and open source
• Only parameters are public
• We know the internal of 𝑓
• We can download and deploy on local machines

57LLaMA

Gemma

Mistral

LLMUser task or incomplete 
code

𝑓 𝑥𝑓𝑥



Open-weight LLMs

58



Hugging Face

• Two types:
• Parameters are public
• Training process is public

59https://huggingface.co/models



MiMo

60https://huggingface.co/XiaomiMiMo/MiMo-V2.5-Pro

We will provide MiMo API for all students!



Local Deployment

61https://ollama.com/

We will provide GLM API for all students!



Recommendations

An excellent course of LLMs by Prof. 
Hung-yi Lee(李宏毅台湾大学).
https://www.youtube.com/playlist?list
=PLJV_el3uVTsMMGi5kbnKP5DrDHZp
TX0jT
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Next lecture: Principles of Agents
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