Machine Programming

Lecture 12 — Pre-training of Coding Language Models
Ziyang Li



Logistics — Week 7

* Assighment 3
* https://github.com/machine-programming/assignment-3
* Releasing tomorrow; due two weeks from now (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)


https://github.com/machine-programming/assignment-3

The Course So Far

Behavioral Specification

4 - Whatshould the program do?

Examples

Types

Functional Specifications
Natural Language

\

Structural Specification
- What s the space of the programs?

hoOnp =

Synthesis Strategy
- How do we find such a program?

Enumeration
Language Models
- Prompting

- Iterative refinement Domain Specific Languages
- Agentic frameworks

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



The Course So Far: Synthesis Strategy

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

* With prior knowledge:
* We can query language model to write simple programs
* We can perform to follow program grammar
* We can perform to steer language models
* We can build to augment the synthesis



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 si
* We can perform constraint decodingto f
* We can perform prompting strategies to s
* 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

4o Dataset

/\ Learning Procedure
Model Architecture




How to obtain a “good enough” LLM

Dataset

4 - Pre-training dataset/ Fine-tuning dataset
- Instruction tuning dataset

- Alignment dataset
- Human/ Logical feedback dataset

- Evaluation dataset

\

Learning Procedure

Model Architecture - Optimization objectives
- Learning algorithm (SFT, RL, etc.)

- Continual learning, Curriculum learning
- Staged learning

- Encoder-decoder models
- Decoder-only models
- Hyper-parameter tuning
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A Survey on Large Language Models for Code Generation, Jiang et al., 2024



Learning Objective

« © This lecture is 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 |S about:

* Grasping the conceptual framework behind how LLMs are trained

* Developing the skill to new papers, the key ideas, and
them to broader trends

* Recognizing trade-offs and design rationales, not just final numbers
* Building intuition to and



Pre-training Database Instruction Database
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Today’s Agenda

* Pre-training stage
e Model architecture e )

Inference
Pre-training Database Instruction Database Benchmark

* Pre-training dataset =" == P P
: . |
o q
Learning objectives - | S - o

Code LLM

. . (SFT)
Evaluation dataset Pty S smd O\ -

Continual Human Preference

e Special topics (OMom)  pretruiing Opioma) - ASED oo ol
* Post-training staging alg alg
* Scaling law Stage @ Stage @
- J

e Hallucination

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



Pre-training: Model Architecture
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Figure 1: The Transformer - model architecture.

Attention is all you need, Vaswani et al., 2017



Pre-training: Model Architecture
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Pre-training: Model Architecture
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Table 7. The overview of LLMs with encoder-decoder architectures for code generation.

e s . Context
Model Institution  Size Vocabulary Window Date  Open Source
PyMT5[57] Microsoft 374M 50K 1024+1024  2020-10
PLBART[7] UCLA 140M 50K 1024+1024  2021-03 v
CodeT5 [271] Salesforce 60M, 220M, 770M 32K 512+256 2021-09 v
JuPyT5[41] Microsoft 350M 50K 1024+1024  2022-01
. 284M, 1.1B, 2.8B,
AlphaCode[151] DeepMind 8.7B. 41.1B 8K 1536+768  2022-02
CodeRL[139] Salesforce 770M 32K 512+256 2022-06 v
ERNIE-Code[40] Baidu 560M 250K 1024+1024 2022-12 v
PPOCoder[238]  Virginia Tech 770M 32K 512+256 2023-01
220M, 770M, 2B,

CodeT5+[269]  Salesforce  (p7 ™ 50K 2048+2048  2023-05 v
CodeFusion[241] Microsoft 75M 32k 128+128 2023-10 v
AST-T5[81] UC Berkeley  226M 32k 512+200/300 2024-01 v

Encoder-decoder architectures

Table 8. The overview of LLMs with decoder-only architectures for code generation.

Model Institution Size Vocabulary a,::;z’: Date  Open Source
GPT-C [244] Microsoft 366M 60K 1024 2020-05

CodeGPT [172] Microsoft 124M 50K 1024 2021-02 v
GPT-Neo[30] EleutherAI 125M, 1.3B, 2.7B 50k 2048 2021-03 v
GPT-J [258] EleutherAl 6B 50k 2048 2021-05 v

12M, 25M, 42M,
Codex [48] OpenAl 85M, 300M, 679M, - 4096 2021-07
2.5B, 12B

CodeParrot [254] Hugging Face 110M, 1.5B 33k 1024 2021-11 v
PolyCoder [290] CMU 160M, 400M, 2.7B 50k 2048 2022-02 v
CodeGen [193] Salesforce ::ZOII\; 2.78, 6.1B, 51k 2048 2022-03 v
GPT-NeoX [29] EleutherAl 20B 50k 2048 2022-04 v
PaLM-Coder [54] Google 8B, 62B, 540B 256k 2048 2022-04

InCoder [77] Meta 1.3B, 6.7B 50k 2049  2022-04 v
PanGu-Coder [55] Huawei 317M, 2.6B 42k 1024 2022-07
PyCodeGPT [306] Microsoft 110M 32k 1024 2022-06 v
CodeGeeX [321] Tsinghua 13B 52k 2048 2022-09 v
BLOOM [140] BigScience 176B 251k - 2022-11 v
ChatGPT [196] OpenAl - - 16k 2022-11 v
SantaCoder [9] Hugging Face 1.1B 49k 2048 2022-12 v
LLaMA [252] Meta ZZZ’;S'OB’ 3258, 32K 2048 2023-02 v
GPT-4 [5] OpenAl - - 32K 2023-03
CodeGenz2 [192] Salesforce 1B, 3.7B, 7B, 16B 51k 2048 2023-05 v
replit-code [223] replit 3B 33k 2048 2023-05 v
StarCoder [147] Hugging Face 15.5B 49k 8192 2023-05 v
WizardCoder [173] Microsoft 15B, 34B 49k 8192 2023-06 v
phi-1 [84] Microsoft 1.3B 51k 2048 2023-06 v
CodeGeeX2 [321] Tsinghua 6B 65k 8192 2023-07 v
PanGu-Coder2 [234] Huawei 15B 42k 1024 2023-07

Llama 2 [253] Meta 7B, 13B, 70B 32K 4096 2023-07 v
OctoCoder [187] Hugging Face 15.5B 49k 8192 2023-08 v
Code Llama [227] Meta 7B, 13B, 34B 32k 16384 2023-08 v
CodeFuse [160] Ant Group 350M, 13B, 34B 101k 4096 2023-09 v
phi-1.5 [150] Microsoft 1.3B 51k 2048 2023-09 v
CodeShell [285] Peking University 7B 70k 8192 2023-10 v
Magicoder [278] UIuC 7B 32k 16384 2023-12 v
AlphaCode 2 [11] Google DeepMind - - - 2023-12
StableCode [210] StabilityAl 3B 50k 16384 2024-01 v
WaveCoder [301] Microsoft 6.7B 32k 16384 2023-12 v
phi-2 [182] Microsoft 2.7B 51k 2048 2023-12 v
DeepSeek-Coder [88] DeepSeek 1.3B, 6.7B, 33B 32k 16384 2023-11 v
StarCoder 2 [170] Hugging Face 15B 49k 16384  2024-02 v
Claude 3 [14] Anthropic - - 200K 2024-03
CodeGemma [59] Google 2B, 7B 25.6k 8192 2024-04 v
Code-Qwen [249] Qwen Group 7B 92K 65536  2024-04 v
Llama3 [180] Meta 8B, 70B 128K 8192 2024-04 v
StarCoder2-Instruct [304] Hugging Face 15.5B 49K 16384  2024-04 v
Codestral [181] Mistral AT 22B 33k 32k 2024-05 v

Decoder-only architectures

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




Model Architecture Case Study: Llama 3

0\ Meta

The Llama 3 Herd of Models

Llama Team, Al @ Meta’
LA detailed contributor list can be found in the appendix of this paper.

Modern artificial intelligence (AI) systems are powered by foundation models. This paper presents a
new set of foundation models, called Llama 3. It is a herd of language models that natively support
multilinguality, coding, reasoning, and tool usage. Our largest model is a dense Transformer with
405B parameters and a context window of up to 128K tokens. This paper presents an extensive
empirical evaluation of Llama 3. We find that Llama 3 delivers comparable quality to leading language
models such as GPT-4 on a plethora of tasks. We publicly release Llama 3, including pre-trained and
post-trained versions of the 405B parameter language model and our Llama Guard 3 model for input
and output safety. The paper also presents the results of experiments in which we integrate image,
video, and speech capabilities into Llama 3 via a compositional approach. We observe this approach
performs competitively with the state-of-the-art on image, video, and speech recognition tasks. The
resulting models are not yet being broadly released as they are still under development.

Date: July 23, 2024
Website: https://llama.meta.com/

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



Model Architecture Case Study: Llama 3

N Meta

The Llama 3 Herd of Models

Llama Team, Al @ Me

naeniedonrivd 3,2  Model Architecture

Modern artificial in . . . N .

sowset of oot Lulama, 3 uses a standard, dense Transformer architecture (Vaswani et al., 2017). It does not deviate significantly
multilinguality, cod: . . .

1058 purametcrs . {rOmM Llama and Llama 2 (Touvron et al., 2023a,b) in terms of model architecture; our performance gains are
empirical evaluation . . . o . . . . o o e

models such as P primarily driven by improvements in data quality and diversity as well as by increased training scale.
post-trained version:
and output safety. & %
video, and specch o We make a few small modifications compared to Llama 2:
performs competitivi
resulting models are

e We use grouped query attention (GQA; Ainslie et al. (2023)) with 8 key-value heads to improve inference
] speed and to reduce the size of key-value caches during decoding.

e We use an attention mask that prevents self-attention between different documents within the same
sequence. We find that this change had limited impact during in standard pre-training, but find it to be
important in continued pre-training on very long sequences.

The Llama 3 Herd of Models, Llama Team, Al@Meta, 2024
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3.2 Model Architecture

Llama 3 uses a standard, dense Transformer architecture (Vaswani et al., 2017). It does not deviate significantly
from Llama and Llama 2 (Touvron et al., 2023a,b) in terms of model architecture; our performance gains are
primarily driven by improvements in data quality and diversity as well as by increased training scale.

We make a few small modifications compared to Llama 2:

e We use grouped query attention (GQA; Ainslie et al. (2023)) with 8 key-value heads to improve inference
speed and to reduce the size of key-value caches during decoding.

o We use.an : attention mask that prevents self-attention between different documents within the same
sequence. We ﬁnd.that this change had limited impact during in standard pre-training, but find it to bel
important in cont].nued pre‘t-nalnlng on very long sequences.
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DeepSeek-Coder: When the Large Language Model Meets

QO Meta
The Llama 3 Herd of Models Programming - The Rise of Code Intelligence
Llama Team, Al @ Meta'
ot B 20B 405B | Hyperparameter | DeepSeek-Coder 1.3B | DeepSeek-Coder 6.7B | DeepSeek-Coder 33B
Moderm art} Gui Hidden Activation SwiGLU SwiGLU SwiGLU
g Layers 32 80 126 Hidden size 2048 4096 7168
el et \odel Dimension 4,096 8192 16,384 gﬁgfime‘lhate siee 5;24 1130208 1962200
; . . idden layers number
petnined  FFN Dimension 14,336 28,672 53,248 Attontion omdo 1 o o
v Attention Heads 32 64 128 Attention Multi-head Multi-head Grouped-query (8)
reulting g Key / Value Heads 8 8 8 Batch Size 1024 2304 3840
e sy Peak Learning Rate 3x107% 15x10"% 8x10°° Max Learning Rate 5.3e-4 4.2e-4 3.5e-4
westt - Activation Function SwiGLU
. Table 2 | Hyperparameters of DeepSeek-Coder.
Vocabulary Size 128,000 | Hyperp P
Positional Embeddings RoPE (6 = 500, 000)
gpt-0ss-120b & gpt-o0ss-20b Model Card
Google DespMind [ 2. Model Architecture
OpenAl
. Gemma 3 models follow the same general .
Gemma 2: Improving Open Language Models decoder-only transformer architecture as previ- August 5, 2025
at a Practical Size ous iterations (Vaswani et al., 2017), with most :
Parameters 98 278 architecture elements similar to the first two
Gemma Team, Google DeepMind?
e d_model 3582 4008 Gemma versions. We use a Grouped-Query Atten- Component 1205 205
Promorm s yes tion (GQA) (Ainslie et al., 2023) with post-norm MLP 114.71B  19.12B
Post-norm yes yes and pre-norm with RMSNorm (Zhang and Sen- Attention 0.96B 0.64B
nonnearlty  GeaLy ool GOl nrich, 2019). Inspired by Dehghani et al. (2023), Embed + Unembed 1.16B 1.16B
Head type GoA  coa Wortsman et al. (2023) and Chameleon Team -
Num heads 16 32 Google DeepMind (2024), we replace the soft-capping of Gemma 2 Active Parameters 5.13B 3.61B
um K heads oo e with QK-norm. In this section, we focus on some |— 2 >12 Total Parameters 116.83B  20.91B
Global att. 8192 8192 T ) ’ - . . . .
Siiding winamw 4096 4006 Gemma 3 Technical Report Checkpoint Size 60.8GiB  12.8GiB
Vocab size 256128 256128 256128
Tied embedding yes yes Gemma Team, Google DeepMind!
Table 1 | Overview of the main model parameters
and design choices. See the section on model
architectures for more details.




Today’s Agenda

* Pre-training stage
s—Modetarchitecture
* Pre-training dataset
* Learning objectives
* Evaluation dataset

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

-

Pre-training Database

z28g

Pretrained
(Base) LLM
Stage D \

. Continual
(Optional) Pre-training

Pre-training Database

Stage @

A

Instruction Database

=28g

Supervised
Fine-tuning
(SFT)
Stage @ \
(Optional)

" Code LLM

A

Human Preference
Alignment with RL
(e.g., RLHF)

Preference Database

Stage @

Inference
Task

Desctl'iption g % %

Instruct

Benchmark

— Evaluation

l

Generated
Source Code




Pre-training: Dataset

N Meta

The Llama 3 Herd of Models

Llama Team, Al @ Meta!

LA detailed contrib

3.2 Model Architecture

Modern artificial int]
new set of foundatid
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ety <o Llama 3 uses a standard, dense Transformer architecture (Vaswani et al., 2017). It does not deviate significantly

empirical evaluation

e maraapy  from Llama and Llama 2 (Touvron et al., 2023a,b) in terms of model architecture;l our performance gains are I

~trained versions . . . . . . . . . . .
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resulting models rs -~ W€ Make a few small modifications compared to Llama 2:

20T e | e We use grouped query attention (GQA; Ainslie et al. (2023)) with 8 key-value heads to improve inference
speed and to reduce the size of key-value caches during decoding.

e We use an attention mask that prevents self-attention between different documents within the same
sequence. We find that this change had limited impact during in standard pre-training, but find it to be
important in continued pre-training on very long sequences.
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Table 4. The statistics of some commonly-used pre-training datasets for LLMs aimed at code generation. The
column labeled ‘#PL’ indicates the number of programming languages included in each dataset. It should
be noted that in the CodeSearchNet [110] dataset, each file represents a function, and for the Pile [78] and
ROOTS [137] datasets, only the code components are considered.

Dataset Size (GB) Files(M) #PL Date Link

CodeSearchNet [110] 20 6.5 6 2022-01 https://huggingface.co/datasets/code_search_net

Google BigQuery[96] - - - 2016-06 github-on-bigquery-analyze-all-the-open-source-code

The Pile [78] 95 19 - 2022-01 https://huggingface.co/datasets/EleutherAl/pile

CodeParrot [254] 180 22 1 2021-08 https://huggingface.co/datasets/transformersbook/codeparrot
GitHub Code[254] 1,024 115 32 2022-02 https://huggingface.co/datasets/codeparrot/github-code
ROOTS [137] 163 15 13 2023-03 https://huggingface.co/bigscience-data

The Stack [132] 3,136 317 30  2022-10 https://huggingface.co/datasets/bigcode/the-stack

The Stack v2 [170] 32K 3K 619  2024-04 https://huggingface.co/datasets/bigcode/the-stack-v2

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

The Llama 3 Herd of Models

Llama Team, Al @ Metal
LA detailed contributor list can be found in the appendix of this paper.

Modern artificial intelligence (AI) systems are powered by foundation models. This paper presents a
new set of foundation models, called Llama 3. It is a herd of language models that natively support
multilinguality, coding, reasoning, and tool usage. Our largest model is a dense Transformer with
405B parameters and a context window of up to 128K tokens. This paper presents an extensive
empirical evaluation of Llama 3. We find that Llama 3 delivers comparable quality to leading language
models such as GPT-4 on a plethora of tasks. We publicly release Llama 3, including pre-trained and
post-trained versions of the 405B parameter language model and our Llama Guard 3 model for input
and output safety. The paper also presents the results of experiments in which we integrate image,
video, and speech capabilities into Llama 3 via a compositional approach. We observe this approach
performs competitively with the state-of-the-art on image, video, and speech recognition tasks. The
resulting models are not yet being broadly released as they are still under development.

Date: July 23, 2024
Website: https://llama.meta.com/
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QO Meta

The Llama 3 Herd of Models

Llama Team, Al @ Metal
LA detailed contributor list can be found in the appendix of this paper.

Modern artificial intelligence (AI) systems are powered by foundation models. This paper presents a
new set of foundation models, called Llama 3. It is a herd of language models that natively support
multilinguality, coding, reasoning, and tool usage. Our largest model is a dense Transformer with
405B parameters and a context window of up to 128K tokens. This paper presents an extensive
empirical evaluation of Llama 3. We find that Llama 3 delivers comparable quality to leading language
models such as GPT-4 on a plethora of tasks. We publicly release Llama 3, including pre-trained and
post-trained versions of the 405B parameter language model and our Llama Guard 3 model for input

3.1 Pre-Training Data

We create our dataset for language model pre-training from a variety of data sources containing knowledge
until the end of 2023. We apply several de-duplication methods and data cleaning mechanisms on each data
source to obtain high-quality tokens. We remove domains that contain large amounts of personally identifiable
information (PII), and domains with known adult content.

3.1.1 Web Data Curation
Much of the data we utilize is obtained from the web and we describe our cleaning process below.

PIl and safety filtering. Among other mitigations, we implement filters designed to remove data from websites
are likely to contain unsafe content or high volumes of PII, domains that have been ranked as harmful
according to a variety of Meta safety standards, and domains that are known to contain adult content.

o e e e e e e e e R M e e mmm M e e e M e e e e e e



Pre-training: Dataset

e Dimensions:
[ e Data curation ]
e Size and data mix

* Key considerations:
* Specializing for coding
* Data pollution
* Scaling law

om o  mm w e  mm mm m  mm mmm me e mm mmm mm e m mmm me e m mem m — — —

_________________________________________________

DeepSeek-V2: A Strong, Economical, and Efficient
Mixture-of-Experts Language Model

DeepSeek-Al

research@deepseek.com
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DeepSeek-V2: A Strong, Economical, and Efficient

3.1.1. Data Construction
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While maintaining the same data processing stages as for DeepSeek 67B (DeepSeek-Al,2024),
we extend the amount of data and elevate the data quality. In order to enlarge our pre-training
corpus, we explore the potential of the internet data and optimize our cleaning processes, thus
recovering a large amount of mistakenly deleted data. Moreover, we incorporate more Chinese
—— data, aiming to better leverage the corpus available on the Chinese internet. In addition to
the amount of data, we also focus on the data quality. We enrich our pre-training corpus with
high-quality data from various sources, and meanwhile improve the quality-based filtering
algorithm. The improved algorithm ensures that a large amount of non-beneficial data will
be removed, while the valuable data will be mostly retained. In addition, we filter out the
contentious content from our pre-training corpus to mitigate the data bias introduced from
specific regional cultures. A detailed discussion about the influence of this filtering strategy is
presented in Appendix E]
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DeepSeek-V3 Technical Report

DeepSeek-Al

research@deepseek.com
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