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The Course So Far
Behavioral Specification
- What should the program do?

Structural Specification
- What is the space of the programs?

Synthesis Strategy
- How do we find such a program?

1. Examples
2. Types
3. Functional Specifications
4. Natural Language

General Purpose Programming Language
Python / Java / C / Rust / …

Enumeration
Language Models
- Prompting
- Iterative refinement
- Agentic frameworks

Domain Specific Languages



The Course So Far: Synthesis Strategy

• No prior knowledge
• Enumerate the entire program space to find the “correct” program

• With prior knowledge: assumes a good enough language model
• We can query language model to write simple programs
• We can perform prompting strategies to steer language models
• We can build agentic framework with tools to augment the synthesis

How do we obtain a good enough 
language model?



How to obtain a “good enough” LLM

Dataset

Learning Procedure

Model Architecture



How to obtain a “good enough” LLM
Dataset

Learning Procedure

Model Architecture

- Pre-training dataset / Fine-tuning dataset
- Instruction tuning dataset
- Distillation dataset
- Human / Logical feedback dataset
- Evaluation dataset
- …

- Optimization objectives
- Learning algorithm (SFT, RL, etc.)
- Continual learning, Curriculum learning
- Staged learning
- …

- Encoder-decoder models
- Decoder-only models
- Hyper-parameter tuning
- …



A Survey on Large Language Models for Code Generation, Jiang et al., 2024

Language Models

• General purpose ones
• GPT series (Astra, Luna, …)
• Gemini series (3, 4-Argon) / Gemma
• Claude series (sonnet, opus, fable, …)
• Llama series (1, 2, 3, 4)
• DeepSeek series (v1, v2, v3, v4)

• Specialized for:
• Reasoning: deepseek-r1
• Coding: Code Llama, DeepSeek Coder



Learning Objective

•🚫 This lecture is NOT about:
• Memorizing every model name, size, or configuration
• Ranking models by “who’s best” or “who wins on benchmark X”
• Treating architecture, objective, or training stage as absolute recipes
• Chasing transient leaderboard scores or buzzwords

•✅ This lecture IS about:
• Grasping the conceptual framework behind how LLMs are trained
• Developing the skill to read new papers, extract the key ideas, and 

connect them to broader trends
• Recognizing trade-offs and design rationales, not just final numbers
• Building intuition to anticipate and interpret future developments



High-level Training, Inference, and Evaluation

A Survey on Large Language Models for Code Generation, Jiang et al., 2024



Today’s Agenda

• Pre-training stage
• Model architecture
• Pre-training dataset
• Learning objectives
• Evaluation dataset

• Special topics
• Post-training staging
• Scaling law
• Hallucination

A Survey on Large Language Models for Code Generation, Jiang et al., 2024



Model Architecture Case Study: Llama 3

The Llama 3 Herd of Models, Llama Team, AI@Meta, 2024
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GPT-4 Technical Report, OpenAI, 2023



GPT-4 Technical Report, OpenAI, 2023



Today’s Agenda

• Pre-training stage
• Model architecture
• Pre-training dataset
• Learning objectives
• Evaluation dataset

• Special topics
• Post-training staging
• Scaling law
• Hallucination



Pre-training: Learning Objectives

• Causal Language Modeling
• Next token prediction
• Infilling
• Multi-token prediction

• Auxiliary pre-training tasks
• Masked token prediction
• (Coding) Masked identifier prediction
• (Coding) Identifier tagging
• (Coding) Text-code matching
• (Coding) Text-code contrastive learning



Pre-training: Learning Objectives

• Learning Objective (Machine Learning 101)
• Loss function ℒ(𝐱; 𝜃) where 𝜃 is the model parameter

𝜃 = argmin!.
𝐱∈𝒟

ℒ(𝐱; 𝜃)
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Pre-training: Learning Objectives

• Learning Objective (Machine Learning 101)
• Loss function ℒ(𝐱; 𝜃) where 𝜃 is the model parameter

• Next-token prediction

• Example

𝜃 = argmin!.
𝐱∈𝒟

ℒ(𝐱; 𝜃)
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Pre-training: Learning Objectives

• Next-token prediction
• Taking prefix 𝐱)% and predict the next token 𝑥% 
• But what about code editing happening in the middle?



Pre-training: Learning Objectives

• Next-token prediction
• Taking prefix 𝐱)% and predict the next token 𝑥% 
• But what about code editing happening in the middle?

• Infilling
• Assume prefix 𝐱)% and suffix 𝐱./, predict the middle infill 𝐱%:/
• Idea: reduce the problem of infilling to next-token prediction



DeepSeek-Coder: The Rise of Code Intelligence, Guo et al., 2024
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Infilling / Fill-in-the-Middle (FIM)

impl TypeVarAllocator {
  pub fn new() -> TypeVarAllocator {
    TypeVarAllocator { next_id: 1 }
  }

  pub fn next_id(&mut self) -> FIRUnifVarId {
    let id = FIRUnifVarId(self.next_id);
    self.next_id += 1;
    id
  }

  pub fn reset(&mut self) {
    self.next_id = 1;
  }
}
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Infilling / Fill-in-the-Middle (FIM)

impl TypeVarAllocator {
  pub fn new() -> TypeVarAllocator {
    TypeVarAllocator { next_id: 1 }
  }

  pub fn next_id(&mut self) -> FIRUnifVarId {
let id = FIRUnifVarId(self.next_id);
self.next_id += 1;
id

  }

  pub fn reset(&mut self) {
    self.next_id = 1;
  }
}

impl TypeVarAllocator {
  pub fn new() -> TypeVarAllocator {
    TypeVarAllocator { next_id: 1 }
  }

  pub fn next_id(&mut self) -> FIRUnifVarId {

}

  pub fn reset(&mut self) {
    self.next_id = 1;
  }
}

<FIM_START>

<FIM_HOLE>

<FIM_END>
let id = FIRUnifVarId(self.next_id);
self.next_id += 1;
id
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Infilling / Fill-in-the-Middle (FIM)

• A single data-point can be augmented 
into multiple data-points for in-filling
• Suits modern developer workflow nicely:

• Developer may be working on an existing file
• Developer wants to change a function or edit 

a part of the file

• Question:
• Where do we slice the program?

impl TypeVarAllocator {
  pub fn new() -> TypeVarAllocator {
    TypeVarAllocator { next_id: 1 }
  }

  pub fn next_id(&mut self) -> FIRUnifVarId {

}

  pub fn reset(&mut self) {
    self.next_id = 1;
  }
}

<FIM_START>

<FIM_HOLE>

<FIM_END>
let id = FIRUnifVarId(self.next_id);
self.next_id += 1;
id

<EOS>



Code Llama: Open Foundation Models for Code, Roziere et al., Meta AI, 2023
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Pre-training: Learning Objectives

• Next-token prediction
• Taking prefix 𝐱)% and predict the next token 𝑥% 
• But what about code editing happening in the middle?

• Infilling
• Assume prefix 𝐱)% and suffix 𝐱./, predict the middle infill 𝐱%:/
• Idea: reduce the problem of infilling to next-token prediction

• Multi-token prediction (MTP)
• Taking prefix 𝐱1% and predict the next 𝑘 tokens 𝑥%2', … , 𝑥%23 
• Idea: have multiple prediction heads each predicting the next 𝑖-th token



Multi-token Prediction

Better & Faster LLMs via Multi-token Prediction, Gloeckle et al., 2024
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Better & Faster LLMs via Multi-token Prediction, Gloeckle et al., 2024



Multi-token Prediction

Better & Faster LLMs via Multi-token Prediction, Gloeckle et al., 2024



DeepSeek-V4: Towards Highly Efficient Million-Token Context Intelligence, DeepSeek-AI, 2026



Today’s Agenda

• Pre-training stage
• Model architecture
• Pre-training dataset
• Learning objectives
• Evaluation dataset

• Special topics
• Post-training staging
• Scaling law
• Hallucination



Evaluation Benchmark

• Coding benchmarks can be used to evaluate LLMs’ abilities

The Llama 3 Herd of Models, Llama Team, AI@Meta, 2024



Evaluation Benchmark

A Survey on Large Language Models for Code Generation, Jiang et al., 2024



Evaluation Benchmark: HumanEval

Evaluating Large Language Models Trained on Code, Chen et al., 2021



Evaluation Benchmark: HumanEval

Evaluating Large Language Models Trained on Code, Chen et al., 2021



Evaluation Benchmark: HumanEval

Evaluating Large Language Models Trained on Code, Chen et al., 2021



GPT-4 Technical Report, OpenAI, 2023
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Evaluation Benchmark: MBPP

Program Synthesis with Large Language Models, Austin et al., 2021
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Evaluation Benchmark: MBPP

Program Synthesis with Large Language Models, Austin et al., 2021



Code Llama: Open Foundation Models for Code, Roziere et al., Meta AI, 2023



https://evalplus.github.io/leaderboard.html



https://www.swebench.com



SWE-bench: Can LMs Resolve Real-World GitHub Issues?, Jimenez et al., ICLR 2024
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SWE-agent: Agent-Computer Interfaces Enable Automated SE, Yang et al., 2024SWE-bench: Can LMs Resolve Real-World GitHub Issues?, Jimenez et al., ICLR 2024



Introducing SWE-bench Verified, OpenAI, August 2024
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gpt-oss-120b & gpt-oss-20b Model Card, OpenAI, August 2025SWE-bench: Can LMs Resolve Real-World GitHub Issues?, Jimenez et al., ICLR 
2024



DeepSeek-V4: Towards Highly Efficient Million-Token Context Intelligence, DeepSeek-AI, 2026SWE-bench: Can LMs Resolve Real-World GitHub Issues?, Jimenez et al., ICLR 
2024



Why SWE-bench Verified No Longer Measures Frontier Coding Capabilities, OpenAI, Feb 2026
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SWE-Bench Pro: Can AI Agents Solve Long-Horizon SE Tasks?, Deng et al., Scale AI, 2025
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System Card: Claude Opus 5.5, Anthropic, September 2026SWE-Bench Pro: Can AI Agents Solve Long-Horizon SE Tasks?, Deng et al., 
Scale AI, 2025
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Build Hard Dataset

Discover Noise

Clean Dataset

Scores Jump

Scaffolds Diverge

Saturate

Suspect Contamination

Retire Dataset
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Vero: Can AI Agents Build Formally Verified Software Repositories?, Ye et al., 2026
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Today’s Agenda

• Pre-training stage
• Model architecture
• Pre-training dataset
• Learning objectives
• Evaluation dataset

• Special topics
• Post-training staging
• Scaling law
• Hallucination



Post-Training Staging
• Instruction tuning
• Full parameter fine-tuning (FFT)
• Supervised fine-tuning (SFT)
• Parameter-efficient fine-tuning (PEFT)

• Reinforcement learning (RL)
• Human Feedback
• Logical Feedback
• Compiler Feedback
• LLM-as-judge Feedback



Scaling Law

• “Compute”: FLOP
• FLOP: Floating point operations
• Total training compute that 

aggregates over model size, dataset 
size and training duration
• Approximation:

• FLOPs ≈ 6	×	𝑁	×	𝐷
• N: number of model parameters
• D: number of dataset tokens
• Factor 6: forward + backward passes + 

architecture constants

The Llama 3 Herd of Models, Llama Team, AI@Meta, 2024



Scaling Law

Observational Scaling Laws and the Predictability of LM Performance, Ruan et al., 2024
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Scaling Law

Observational Scaling Laws and the Predictability of LM Performance, Ruan et al., 2024



Hallucination

A Survey on Hallucination in Large Language Models, Huang et al., 2023
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A Survey on Hallucination in Large Language Models, Huang et al., 2023



Hallucination

Exploring and Evaluating Hallucinations in LLM-Powered Code Generation, Liu et al., 2024
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Today’s Agenda

• Pre-training stage
• Model architecture
• Pre-training dataset
• Learning objectives
• Evaluation dataset

• Special topics
• Post-training staging
• Scaling law
• Hallucination



How to obtain a “good enough” LLM
Dataset

Learning Procedure

Model Architecture

- Pre-training dataset / Fine-tuning dataset
- Instruction tuning dataset
- Alignment dataset
- Human / Logical feedback dataset
- Evaluation dataset
- …

- Optimization objectives
- Learning algorithm (SFT, RL, etc.)
- Continual learning, Curriculum learning
- Staged learning
- …

- Encoder-decoder models
- Decoder-only models
- Hyper-parameter tuning
- …


