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Logistics – Week 7

• Assignment 3: Coding Agents
• Due: Oct 23

• Oral presentation sign up sheet
• Sent out during the weekend
• Oral presentation starting on Week 9

• Forming groups for your final projects!
• Sign up form will be sent out on Thursday
• Form a group of 2-3 before Next Thursday (Oct 16)



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
- 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
- …



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

Language Models

• General purpose ones
• GPT series (3, 3.5, 4, 4.5, 5, o1, o3)
• Gemini series (1, 1.5, 2, 2.5) / Gemma
• Llama series (1, 2, 3, 3.1)
• Claude series (3, sonnet-4)
• DeepSeek series (v1, v2, v3)

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



Today’s Agenda

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



Pre-training: Learning Objectives

• Causal Language Modeling
• Next token prediction
• Infilling

• 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)

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







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

<EOS>



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>



Improving FIM Code Completions via Context & Curriculum Based Learning, Sagtani et. al., 2025
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Q: How do we detect these AST node types?
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Q: How do we detect these AST node types?

A: Using parser and static analyzers!

Improving FIM Code Completions via Context & Curriculum Based Learning, Sagtani et. al., 2025



Task: “In a Python program, randomly find a 
body of an if/elif/else statement and make it a 
prefix-infill-suffix datapoint for FIM training”



Task: “In a Python program, randomly find a 
body of an if/elif/else statement and make it a 
prefix-infill-suffix datapoint for FIM training”

https://docs.python.org/3/library/ast.html

https://docs.python.org/3/library/ast.html


import ast

class IfBodyCollector(ast.NodeVisitor):
  def __init__(self):
    self.bodies = [] # (label, first_node, last_node)

  def visit_If(self, node: ast.If):
    # the main "if" body
    if node.body:
      self.bodies.append(("if", node.body[0], node.body[-1]))

    # walk the elif/else chain in orelse
    cur = node
    while True:
      if not cur.orelse: break
      if len(cur.orelse) == 1 and isinstance(cur.orelse[0], ast.If):
        # this is an "elif"
        e = cur.orelse[0]
        if e.body:
          self.bodies.append(("elif", e.body[0], e.body[-1]))
          cur = e
          continue
        else:
           # this is the terminal "else" (a list of statements)
           first = cur.orelse[0]
           last = cur.orelse[-1]
           self.bodies.append(("else", first, last))
           break

    # keep descending to catch nested ifs
    self.generic_visit(node)

tree = ast.parse(src)
collector = IfBodyCollector()
collector.visit(tree)

Task: “In a Python program, randomly find a 
body of an if/elif/else statement and make it a 
prefix-infill-suffix datapoint for FIM training”
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  def __init__(self):
    self.bodies = [] # (label, first_node, last_node)

  def visit_If(self, node: ast.If):
    # the main "if" body
    if node.body:
      self.bodies.append(("if", node.body[0], node.body[-1]))
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        # this is an "elif"
        e = cur.orelse[0]
        if e.body:
          self.bodies.append(("elif", e.body[0], e.body[-1]))
          cur = e
          continue
        else:
           # this is the terminal "else" (a list of statements)
           first = cur.orelse[0]
           last = cur.orelse[-1]
           self.bodies.append(("else", first, last))
           break

    # keep descending to catch nested ifs
    self.generic_visit(node)

tree = ast.parse(src)
collector = IfBodyCollector()
collector.visit(tree)

Python abstract syntax tree (AST) node visitor

We want the visitor to visit If statements

Collect the body of “if”

Collect the body of “elif”

Collect the body of “else”

Run the if-body collector

Task: “In a Python program, randomly find a 
body of an if/elif/else statement and make it a 
prefix-infill-suffix datapoint for FIM training”











Today’s Agenda

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

• Post-training stage
• Supervised fine-tuning
• Reinforcement learning
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Pre-training: Optimizations

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

• Next-token prediction

• Loss function ℒ: Negative-log likelihood (NLL) loss

𝜃 = argmin!.
𝐱∈𝒟

ℒ(𝐱; 𝜃)

ℒ 𝐱; 𝜃 =.
%&'

(
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Pre-training: Optimizations

• How do we find the “optimal” set of parameters 𝜃?
• Back-propagation
• Optimizers
• Learning rates & schedulers
• Batching & parallelism
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Q: How do we calculate #tokens per GPU per optimization step?
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A: (Seq. Len.) * (Batch size/DP) / (TP * PP)

Tensor Parallelism Pipeline Parallelism Batch size per data-parallel replica
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Today’s Agenda

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

• Post-training stage
• Supervised fine-tuning
• Reinforcement learning



Evaluation Benchmark

• Coding benchmarks can be used to evaluate LLMs’ abilities



Evaluation Benchmark

A Survey on Large Language Models for Code Generation, Jiang et al., 2024
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Evaluating Large Language Models Trained on Code, Chen et. al., 2021
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Evaluation Benchmark: MBPP

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



Evaluation Metrics

• PASS@k
• Standard metric to evaluate code generation models
• Intuition: practical success rate under multiple tries
• Procedure:

• Sample k independent code generations from the model
• See if at least 1 code snippet satisfies success criteria

• Success criteria:
• Syntax, compilation check, no runtime error
• Pass all test cases (assumes that test cases are present)



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

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


https://llm-stats.com/benchmarks/humaneval

2021

2025

GPT-3.5

Claude 3 Opus

https://llm-stats.com/benchmarks/humaneval


























Evaluating Coding Language Models

• High-level Task
• Function implementation, Resolve GitHub issues, Fixing vulnerability, etc.

• Mid-level Task
• In-place code completion, Patch generation, Bash operation, etc.

• Low-level Task
• Next-token prediction

• Evaluation Dataset
• MBPP, HumanEval, BigCodeBench, ClassEval, NaturalCodeBench, etc.
• CRUXEval, SWE-Bench (different variants), etc.

• Evaluation Metric
• Pass@k, %Resolved, $Cost, Token Cost, Time, BLEU score, etc.



Today’s Agenda

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

• Post-training stage
• Supervised fine-tuning
• Reinforcement learning



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
- …



Logistics – Week 7

• Assignment 3: Coding Agents
• Due: Oct 23

• Oral presentation sign up sheet
• Sent out during the weekend
• Oral presentation starting on Week 9

• Forming groups for your final projects!
• Sign up form will be sent out on Thursday
• Form a group of 2-3 before Next Thursday (Oct 16)


