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1 Appendix A: Detailed summarization of existing LLMs of code

In the following, we summarize some representative LLMs of code.

1.1 Encoder-only LLMs

(1) CuBERT: First Adaption of BERT for Source Code. CuBERT [1] is the first attempt to
apply BERT to source code by replicating the training procedure of BERT on a code corpus. In particular,
Kanade et al. [1] construct a massive corpus of 7.4M Python files from GitHub and pre-train CuBERT
with masked language modeling and next sentence prediction as the objectives. CuBERT is fine-tuned
on six downstream tasks, including five classification tasks and one program repair task, demonstrating
its superior performance over LSTM and vanilla Transformer models.

(2) CodeBERT: Code-aware BERT-based LLM. CodeBERT [2] represents a successful adap-
tation of BERT from NLP to the source code domain. CodeBERT follows the BERT architecture
(i.e., a multi-layer bidirectional Transformer model), but unlike BERT, which only considers natural
language (NL), CodeBERT takes into account both NL and programming language (PL). Regarding
input representation, CodeBERT’s input is divided into two parts: NL and PL, forming the format
[CLS], w1, w2, ..., wn, [SEP ], c1, c2, ..., cm, [EOS], where the special marker [CLS] is positioned before
these two segments. CodeBERT’s output comprises contextual representations for each token and the
representation of [CLS]. In the pre-training phase, CodeBERT employs two training objectives: masked
language modeling and replaced token detection. The first objective aims to predict the original tokens
that are masked, where only bimodal data (NL-PL pairs) are utilized for training. The second objective
is optimized to train on both unimodal and multimodal data, implying that the generator uses both NL
and PL data.

Compared with CuBERT [1], CodeBERT is more powerful due to several improvements during pre-
training. First, CuBERT is pre-trained with code snippets, while CodeBERT is pre-trained with both
bimodal NL-PL data and unimodal PL/NL data. Second, CuBERT is only pre-trained with Python,
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while CodeBERT is pre-trained with six programming languages. Third, CuEBRT follows the objectives
of BERT, while CodeBERT is trained with a new learning objective based on replaced token detection.

(3) GraphCodeBERT: Structure-aware Pre-training for Source Code. Although CodeBERT
introduces code snippets during pre-training, its training paradigm is still derived from NLP by regarding
a code snippet as a sequence of tokens while overlooking the inherent structure of source code. In
2020, Guo et al. [3] introduce GraphCodeBERT, a graph-based LLM built upon the BERT architecture
designed for code-related applications. GraphCodeBERT employs a representation approach rooted in
data flow learning for code. It involves extracting ASTs through tree-sitter and capturing variables
from the ASTs to form a sequence of variables. The relationships between extracted variables, such
as data source connections, are used to construct a data flow graph. During the model’s pre-training
phase, GraphCodeBERT introduces two innovative training tasks alongside the inherited MLM task
from CodeBERT, i.e., edge prediction and node alignment. The edge prediction task aims to learn code
structural information by predicting edges within the data flow graph, while the node alignment task
aims to learn which specific node in the data flow graph corresponds to which code token in the input
code. Besides, to accommodate the structure of AST graphs, GraphCodeBERT employs graph-guided
masked attention.

1.2 Encoder-decoder LLMs

(1) PYMT5: First Attempt of Encoder-decoder LLM. Similar to CuBERT [1] in the encoder-
only LLM domain, as early as 2020, PYMT5 [4] is the first attempt to apply encoder-decoder LLMs to
source code by replicating the pre-training process of T5 on a code corpus. PYMT5 is pre-trained with
a similar span masking objective from T5 on 26 million Python code snippets and built on an encode-
decoder Transformer with 374 million parameters. PYMT5 is fine-tuned with two tasks, i.e., method and
comment generation, demonstrating superior performance against GPT-2.

(2) T5-Learning: Adaption of T5 for Source Code. In parallel with PYMT5 [4], Mastropaolo et al. [5]
propose T5-learning, to empirically investigate how the T5 model performs when pre-trained and fine-
tuned to support code-related tasks. T5-learning is first pre-trained in a self-supervised way from T5 on
CodeSearchNet with both natural language text and programming language code, i.e., masking tokens
in code and asking the model to guess the masked tokens. T5-learning is then fine-tuned to support four
downstream tasks, i.e., program repair, mutant injection, assertion generation, and code summarization.
The results demonstrate that T5-learning outperforms previous baselines, showcasing the potential of T5
in code-related tasks.

(3) PLBART: BART-based LLM for Code. Unlike PYMT5 [4] only focusing on Python code
generation, in 2021, Ahmad et al. [6] propose PLBART, an encoder-decoder LLM capable of performing a
broad spectrum of code understanding and generation tasks. PLABRT is pre-trained with the denoising
objective and built on the BART architecture. During the pre-training, PLABRT learns to reconstruct
an original text that is corrupted using an arbitrary noise function, including three noise strategies in this
work, i.e., token masking, token deletion, and token infilling. PLBART is fine-tuned for two categories of
four downstream tasks (i.e., code generation, translation, summarization, and classification) across seven
programming languages. The experimental results demonstrate that PLBART outperforms previous
LLMs, such as CodeBERT and GraphCodeBERT, demonstrating its promise in both code understanding
and generation.

(4) CodeT5: Code-aware T5-based LLM. Despite introducing source code, PLBART simply
processes code snippets as natural language and ignores the code-specific characteristics. In 2021,
Wang et al. [7] introduce CodeT5, a unified encoder-decoder LLM based on the T5 architecture by
leveraging the code semantics from the developer-assigned identifiers. CodeT5 considers two types of in-
put representations based on whether a code snippet has a corresponding NL description: unimodal (i.e.,
PL) and bimodal (i.e., PL-NL pairs) data. To encode the input data, CodeT5 concatenates PL and NL
into a whole sequence X with a delimiter token [SEP ], i.e., X = (w1, · · · , wn, [SEP ], c1, · · · , cm, [SEP ]]),
where n and m denote the number of NL word tokens and PL code tokens, respectively. CodeT5 em-
ploys three identifier-aware pre-training tasks (i.e., masked span prediction, masked identifier prediction,
and identifier tagging) to consider the crucial token type information and a bimodal dual generation
pre-training task to learn a better NL-PL alignment between the code and its accompanying comment.
CodeT5 is then fine-tuned with the CodeXGLUE benchmark to perform both code generation and un-
derstanding tasks, i.e., code summarization, code generation, code translation, code refinement, defect
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detection, and clone detection. The results demonstrate that CodeT5 significantly outperforms previous
LLMs in most downstream tasks, such as RoBERTa, CodeBERT, GraphCodeBERT, GPT2, CodeGPT,
and PLBART. Overall, CodeT5 represents a successful adaptation of encoder-decoder LLMs from NLP
to the source code domain and has been widely used in SE research.

(5) SPT-Code: Code-aware Pre-training for Source Code. However, previous LLMs sim-
ply reuse the pre-training tasks designed for NL, while failing to learn the the connection between a
piece of code and the associated NL for code-related tasks. In May 2022, Niu et al. [8] introduce
SPT-Code, which is a sequence-to-sequence LLM designed for source code. When given a complete
method, SPT-Code aims to acquire general knowledge from the method’s source code, its underly-
ing code structure, and the corresponding natural language description. The input is represented as
{c1, · · · , cl, [SEP ], a1, · · · , am, [SEP ], n1, · · · , np}, where l represents the number of code tokens, m de-
notes the length of the linearized Abstract Syntax Tree (AST) sequence, and p signifies the number of
tokens in the natural language description. SPT-Code introduces three specialized code-specific pre-
training tasks, i.e., Code-AST Prediction (CAP), Masked Sequence to Sequence (MASS), and Method
Name Generation (MNG). Each of these tasks enables SPT-Code to capture a distinct aspect of the data
instance. Specifically, CAP focuses on understanding the source code by masking a random fragment
of the code tokens. MNG aims to predict whether a given AST accurately represents a particular code
fragment, thereby gaining insights into the syntactic structure. Finally, MNG’s objective is to generate
subtokens corresponding to the method name, a concise natural language description of the method.
These three pre-training tasks are meticulously designed to enable SPT-Code to learn about source code,
its underlying structure, and the natural language descriptions associated with it. Importantly, SPT-
Code does not rely on any bilingual corpora. This knowledge is leveraged when SPT-Code is applied to
downstream tasks, making use of these three informational sources.

(6) CodeRL: CodeT5-derived LLM for program synthesis. Unlike previous general-propose
LLMs, in 2022, Le et al. [9] propose CodeRL, a successor of CodeT5, for the program synthesis task based
on deep reinforcement learning. CodeRL is built on top of CodeT5-large architecture with (1) an enlarged
pre-training dataset, which has 10.5B tokens and is 10x larger than the CodeSearchNet corpus used in
the original CodeT5; and (2) enhanced learning objectives, i.e., masked span prediction and next-token
prediction. In particular, CodeRL considers program synthesis as a reinforcement learning problem and
applies the actor-critic reinforcement learning method, enhancing CodeT5’s performance by leveraging
unit test signals during model optimization and generation.

(7) CoditT5: CodeT5-derived LLM for Code Editing. Despite achieving impressive perfor-
mance in numerous code-related generation tasks, previous LLMs are not well-suited for editing tasks.
In 2022, Zhang et al. [10] propose CoditT5, an encoder-decoder LLM for code-related editing tasks based
on CodeT5. Initialized from the CodeT5-base model, CoditT5 is pre-trained with an edit-aware pre-
training objective on the CodeSearchNet dataset, i.e., generating the edit-based output sequence given
the corrupted input sequence. CoditT5 is fine-tuned on three downstream tasks, including comment
updating, bug fixing, and automated code review, demonstrating superior performance against previous
generation-based LLMs (e.g., PLBART and CodeT5) in tackling code editing tasks, such as program
repair.

(7) AlphaCode: Competition-level Code Generation LLM. Despite demonstrating remarkable
abilities in code generation, previous LLMs have shown limited success when confronted with competition-
level programming problems that require problem-solving skills beyond simply translating instructions
into code. In 2022, Li et al. [11] from DeepMind propose AlphaCode, an encoder-decoder LLM specif-
ically designed to generate solutions for competitive programming solutions problems that require deep
reasoning. AlphaCode is built on top of an encoder-decoder transformer-based architecture and is pre-
trained with 86.31 million files across 13 programming languages from public GitHub repositories. The
encoder and decoder are pre-trained with masked language modeling and next-token prediction objec-
tives, respectively. AlphaCode takes the problem description as input to the encoder and generates a code
autoregressively from the decoder one token at a time until an end-of-code token is produced. AlphaCode
is then fine-tuned with the CodeContests dataset and the results show that AlphaCode performs roughly
at the level of the median competitor, i.e., achieving on average a ranking of top 54.3% in competitions
with more than 5,000 participants.

(8) CodeT5+: Successor LLM of CodeT5. Although existing LLMs are adept at learning rich
contextual representations applicable to a variety of code-related tasks, they often rely on a limited set
of pre-training objectives. Such objectives might result in substantial performance degradation in cer-
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tain downstream tasks due to the discrepancy between the pre-training and fine-tuning stages. In 2023,
Wang et al. [12] present CodeT5+, a successor of CodeT5 where component modules can be flexibly
combined to accommodate a wide range of downstream code tasks. CodeT5+ is pre-trained with two
objectives (i.e., span denoising and causal language modeling) on unimodal code corpora and two objec-
tives(i.e., text-code contrastive learning and text-code matching) on bimodal text-code corpora. Codet5+
is built on top of the encoder-decoder Transformer architecture and is classified into two groups accord-
ing to mode size. CodeT5+ 220M and 770M are trained from scratch following T5’s architecture and
CodeT5+ 2B, 6B, 16B are initialized from off-the-shelf CodeGen checkpoints. The evaluation experiments
are conducted on 20 code-related benchmarks under different settings, including zero-shot, fine-tuning,
and instruction-tuning. The experimental results demonstrate that CodeT5+ achieves substantial per-
formance on various code-related tasks, such as code generation and completion, math programming, and
text-to-code retrieval tasks

(9) JuPyT5: PyMT5-derived LLM for Jupyter Notebook. Unlike existing LLMs generating
code from descriptions, in 2022, Chandel et al. [13] propose JuPyT5, an encoder-decoder LLM designed
as a data science assistant for the Jupyter Notebook. JuPyT5 is built on the BART architecture and
initialized from a pre-trained PyMT5 checkpoint with the same training hyperparameters. JuPyT5 is then
pre-trained with a cell-infilling objective on a Data Science Problems (DSP) dataset, which is constructed
from almost all publicly available Jupyter Notebook GitHub repositories. DSP consists of 1119 problems
curated from 306 pedagogical notebooks with 92 dataset dependencies, natural language and Markdown
problem descriptions, and assert-based unit tests. These problems are designed to assess university
students’ mastery of various Python implementations in Math and Data Science. The experimental
results demonstrate that JuPyT5 achieves a 77.5% success rate in solving DSP problems based on 100
sampling attempts, proving the potential of using LLMs as data science assistants.

(10) ERNIE-Code: Multilingual NL-and-PL LLM. Despite achieving impressive performance
in various SE tasks, existing LLMs have been essentially connecting English texts (e.g., comments or
docstrings) and multilingual code snippets (e.g., Python and Java). Such an English-centricity issue
dramatically limits the application of such LLMs in practice, given that 95% of the world’s population
are non-native English speakers. In 2023, Chai et al. [14] from Baidu propose ERNIE-Code, which is a
unified LLM designed to bridge the gap between multilingual natural languages (NLs) and multilingual
programming languages (PLs). The cross-lingual NL-PL ability of ERNIE-Code is learned from two pre-
training tasks, i.e., span-corruption language modeling and Pivot-based translation language modeling.
The former learns intra-modal patterns from PL or NL only, while the latter learns cross-modal alignment
from many NLs and PLs. ERNIE-Code is built on the T5 encoder-decoder architecture and trained on PL
corpus (i.e., CodeSearchNe with six PLs), monolingual NL corpus (i.e., CC100 with monolingual NLs),
and parallel NL corpus (i.e., OPUS with 105 bilingual pairs). ERNIE-Code is capable of understanding
and generating code and text in 116 different NLs and 6 PLs, and outperforms previous LLMs such as
PLBART and CodeT5 in various code tasks, such as code-to-text, text-to-code, code-to-code, and text-to-
text generation. Importantly, ERNIE-Code demonstrates superior performance in zero-shot prompting
for multilingual code summarization and text-to-text translation.

1.3 Decoder-only LLMs

(1) GPT-C: First Attempt LLM for Code Generation. As early as 2020, Svyatkovskiy et al. [15]
from Microsoft propose GPT-C, a variant of the GPT-2 trained from scratch on a large unsupervised
multilingual source code dataset. GPT-C is a multi-layer generative transformer model trained to predict
sequences of code tokens of arbitrary types, generating up to entire lines of syntactically correct code.
The pre-training dataset contains 1.2 billion lines of code in Python, C#, JavaScript, and TypeScript.
The experimental results demonstrate that GPT-C achieves an average edit similarity of 86.7% on code
completion tasks for Python programming language. Importantly, GPT-C is implemented as a cloud-
based web service, offering real-time code completion suggestions in Visual Studio Code IDE and Azure
Notebook environments.

(2) CodeGPT: A Variant of GPT-2 for Source Code. In 2021, similar to GPT-C, Lu et al. [16]
from Microsoft propose CodeGPT, a decoder-only Transformer-based LLM, following the model archi-
tecture and training objectives of GPT-2. As one of the baseline LLMs in CodeXGLUE, CodeGPT is
designed to support code completion and text-to-code generation tasks. CodeGPT undergoes pre-training
on the CodeSearchNet dataset, particularly focusing on the Python and Java corpora. There exist two
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versions of CodeGPT, i.e., the original CodeGPT, which is pre-trained from scratch with randomly ini-
tialized parameters; and CodeGPT-adapted, which is re-trained from the checkpoint of GPT-2 on the
code corpus. The experimental results show that in code completion tasks on the PY150 and Github Java
Corpus datasets, CodeGPT achieves a performance of 70.65%, while its enhanced version, CodeGPT-
adapted, reaches 71.28%. In the text-to-code generation task on the CONCODE dataset, CodeGPT
attains a CodeBLEU performance of 32.71%, and CodeGPT-adapted achieves 35.98%.

(3) Codex: A Descendant of GPT-3 for Code Tasks. Inspired by the considerable success
of LLMs (such as GPT-3) in NLP and the abundance of publicly available code, Chen et al. [17] from
OpenAI propose Codex, a descendant of GPT-3 model fine-tuned with publicly available code corpus
from GitHub. Codex is primarily trained for the task of generating independent Python functions from
docstrings. The HumanEval benchmark is constructed to evaluate the functional correctness of generated
code with 164 handwritten programming problems, each accompanied by a function signature, docstring,
body, and several unit tests. The experimental results demonstrate that Codex exhibits remarkable
performance, with its model solving more problems on the HumanEval dataset than GPT-3 and GPT-J,
achieving a success rate of 28.8%. Furthermore, Codex can solve 70.2% of the questions using a repeated
sampling strategy, with 100 samples per question. This suggests that generating multiple samples from
the model and selecting the optimal solution is a highly effective approach for challenging prompts.
Importantly, Codex and descendants are deployed in GitHub Copilot, indicating the power of LLMs in
transforming the landscape of code-related tasks.

(4) PolyCoder: Open-sourced LLM Comparable to Codex. Despite the impressive success
of LLMs of code, some powerful LLMs (such as Codex) are not publicly available, preventing the re-
search community from studying and improving such LLMs. In 2022, Xu et al. [18] propose PolyCoder,
a decoder-only LLM based on GPT-2 architecture. PolyCoder is trained with 249GB of code from
12 programming languages and contains three sizes, 160M, 400M, and 2.7B parameters. The results
demonstrate that despite Codex’s primary focus on Python, it still performs well on other programming
languages, even outperforming GPT-J and GPT-NeoX. However, for the C programming language, Poly-
Coder outperforms all LLMs including Codex. Importantly, unlike Codex, three PolyCoder models of
different sizes are made available for the research community.

(5) CodeGen: LLM for Program Synthesis. To investigate program synthesis with LLMs, in
2023, Nijkamp et al. [19] from Salesforce introduce CodeGen, which employs a self-regressive Trans-
former architecture and is trained sequentially on natural language and programming language datasets
(THEPILE, BIGQUERY, and BIGPYTHON). It is designed for multi-round program synthesis. Code-
Gen undergoes evaluation for both single-round and multi-round program synthesis. In single-round
evaluation, the synthetic benchmark HumanEval is utilized, and it is observed that CodeGen perfor-
mance improves with data sizes. Experimental results demonstrate that the performance of the CodeGen
NL model either surpasses or is comparable to that of GPT-NEO and GPT-J. CodeGen-Multi demon-
strates a significant performance advantage over GPT-NEO, GPT-J, and CodeGen-NL. Furthermore,
CodeGen-Mono, fine-tuned on a pure Python dataset, exhibits remarkable enhancements in program
synthesis.

(6) InCoder: LLM for Code Infilling and Synthesis. Existing LLMs generate code in a left-
to-right manner, which may be unsuitable to many many ubiquitous code editing tasks, such as bug
fixing. In 2022, Fried et al. [20] from Facebook propose InCoder, a decoder-only LLM designed for
program synthesis and editing. InCoder is pre-trained by a causal masking objective, i.e., learning
through the random replacement of code segments with sentinel tokens, moving them to the end of the
sequence. InCoder’s training data consists solely of open-licensed code (Apache 2.0, MIT, BSD-2, and
BSD-3 licenses) from online sources such as GitHub, GitLab, and StackOverflow. It primarily focuses
on Python and JavaScript but encompasses a total of 28 languages, amounting to approximately 200GB
of data in total. There are two versions of the publicly released pre-trained models: one with 6.7 billion
parameters and another with 1.3 billion parameters. The experimental results demonstrate that InCoder
is able to infill arbitrary regions of code under a zero-shot setting for several tasks, such as type inference
and comment generation ,InCoder achieves performance roughly equivalent to CodeGen-Multi on the
HumanEval benchmark.

(7) PyCodeGPT: LLM for Library-oriented Code Generation. Previous state-of-the-art LLMs
are not publicly available, hindering the progress of related research topics and applications. Similar to
PolyCoder [18], in 2022, Zan et al. [21] propose PyCodeGPT, a publicly available LLM particular designed
for Python. PyCodeGPT is derived from GPT-Neo 125M with a vocabulary size of 32K and incorporates
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a novel byte-level BPE tokenizer tailored for Python source code. The training dataset consists of
13 million Python files with 96GB crawled from GitHub. The experimental results demonstrate that
PyCodeGPT achieves a pass@1 score of 8.33% and pass@10 of 13.53% on the HumanEval benchmark,
surpassing other LLMs with similar parameters, such as AlphaCode, CodeClippy, and CodeParrot.

(8) SantaCoder. Regarding the removal of personally identifiable information, the BigCode com-
munity [22] propose SantaCoder, a decoder-only LLM with 1.1 billion parameters. SantaCoder’s ar-
chitecture is based on GPT-2 with multi-query attention and Fill-in-the-Middle objective. Its training
dataset consists of Python, Java, and JavaScript files from The Stack v1.1. The dataset has undergone
several preprocessing steps, including partial data removal, near-duplication removal, de-identification
of personally identifiable information, and filtering based on line length and the percentage of alphanu-
meric characters. Files containing test samples from benchmarks such as HumanEval, APPS, MBPP, and
MultiPL-E have also been excluded. The experimental results on the MultiPL-E benchmark demonstrate
that SantaCoder outperforms InCoder-6.7B and CodeGen-2.7B in code generation and filling tasks.

(9) StarCoder. Committed to developing responsible LLMs, Li et al. [23] from Hugging Face present
StarCoder and StarCoderBase, which are LLMs for code. StarCoder is trained on Stack v1.2, and to
ensure the secure release of open-source LLMs, it has improved the personally identifiable information
editing pipeline and introduced innovative attribution tracking tools. StarCoder undergoes evaluations
on HumanEval and MBPP, the experimental results show that StarCoder outperforms PaLM, LaMDA,
LLaMA, CodeGen-16B-Mono, and OpenAI’s code-cushman-001 (12B) on HumanEval.

(10) PanGu-Coder: LLM for Text-to-code Generation. To address the specific task of text-to-
code generation, adapt to more specific language domains, and handle signals beyond natural language, In
2022, Christopoulou1 et al. [24] from Huawei propose PanGu-Coder, a decoder-only LLM for text-to-code
generation, i.e., generating stand-alone Python functions from docstrings and evaluating the correctness
of code examples through unit tests. PanGu-Coder is built on top of the PanGu-Alpha architecture,
a uni-directional decoder-only transformer with an extra query layer stacked on top. PanGu-Coder is
trained with two objectives, i.e., a causal language modeling on raw programming language data, and
a combination of causal language modeling and masked language modeling for the downstream task of
text-to-code generation. The results under a zero-shot manner show that PanGu-Coder outperforms
industry LLMs such as Codex and AlphaCode on the HumanEval and MBPP datasets.

(11) PanGu-Coder2: LLM with Reinforcement Learning. Inspired by the success of Rein-
forcement Learning from Human Feedback in LLMs, in 2023, Shen et al. [25] propose PanGu-Coder2,
a successor of PanGu-Coder with more powerful code generation capability. PanGu-Coder2 is trained
with a new training paradigm, i.e., Rank Responses to align Test&Teacher Feedback and built on top of
the advanced StarCoder 15B model. The experimental results demonstrate that PanGu-Coder2 is able
to outperform previous LLMs, such as StarCoder, CodeT5+, and AlphaCode on HumanEval, CodeEval,
and LeetCode benchmarks.

(12) PaLM-Coder: A variant of PaLM for Source Code. To investigate the captivity of PaLM
for source code, in 2022, Chowdhery et al. [26] from Google propose PaLM-Coder, a variant of PaLM by
code-specific fine-tuning. The based model PaLM is pre-trained with a high-quality corpus of 780 billion
tokens, including 196GB of source code from open-source repositories on GitHub. PaLM-Coder is further
derived from PaLM with a two-stage fine-tuning process, i.e., (1) an initial fine-tuning over 6.5 billion
tokens, consisting of a blend with 60% Python code, 30% multi-language code and 10% natural language;
and (2) an extended fine-tuning with 1.9 billion Python code tokens. The experimental results show that
PaLM-Coder is able to achieve 88.4% pass@100 on HumanEval and 80.8% pass@80 on MBPP. Besides,
PaLM-Coder demonstrates impressive performance on the DeepFix code repair task with a compile rate
of 82.1%, opening up opportunities for fixing complex errors that arise during software development.

(13) CodeGeeX: LLM for Multilingual Code Generation. Despite demonstrating impressive
performance, previous LLMs (such as Codex) mainly focus on code generation and are closed-source.
In 2023, Zheng et al. [27] introduce CodeGeeX, a multilingual decoder-only open-sourced LLM with 13
billion parameters for both code generation and translation tasks. CodeGeeX is implemented with the
Huawei MindSpore framework and pre-trained on 850 billion tokens from 23 programming languages,
including C++, Java, JavaScript, and Go. Besides, on top of the well-known HumanEval benchmark, a
multilingual code generation benchmark HumanEval-X is constructed to evaluate CodeGeeX by hand-
writing the solutions in C++, Java, JavaScript, and Go. The experimental results demonstrate that
CodeGeeX performs exceptionally well in code generation and translation tasks on the HumanEval-X
benchmark. Importantly, CodeGeeX has been integrated with Visual Studio Code, JetBrains, and Cloud
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Studio. It generates 4.7 billion tokens weekly for tens of thousands of active developers, enhancing the
coding efficiency of 83.4% of its users. Besides, CodeGeeX is open-sourced, as well as its code, model
weights, API, and HumanEval-X, facilitating the understanding and advances in the community.

(14) CodeGen2: A Successor of CodeGen. Considering the high computational cost of training
LLMs, in 2023, Nijkamp et al. [28] propose CodeGen2, an successor of CodeGen, aimed at addressing the
challenge of more efficiently training LLMs for program synthesis and understanding tasks. CodeGen2
provide a training framework along with open-source CodeGen2 models in four variations, including 1B,
3.7B, 7B, and 16B parameters in size. CodeGen2 is trained on the BigPython dataset and evaluated
on the Stack dataset to assess its learning performance in HumanEval and HumanEval-Infill tasks. The
experimental results demonstrate that CodeGen2 performs well across various model sizes and program
synthesis and understanding tasks, outperforming InCoder in the evaluation on HumanEval.

(15) Code Llama: Llama-based LLM for Source Code. On top of the powerful Llama 2 model
in NLP, in 2023, Roziere et al. [29] from Meta AI propose Code Llama, a series of LLMs specialized in
handling code-related tasks. Code Llama exhibits capabilities such as infilling, support for large input
contexts, and zero-shot instruction-following abilities. The dataset of Code Llama primarily comprises
an extensive collection of programming language content, with a special emphasis on Python language,
trained through a code-heavy dataset containing 500B tokens and an additional Python-intensive data
mix of 100B tokens. It comprises multiple versions, covering Code Llama, Code Llama - Python, and
Code Llama - Instruct with 7B, 13B and 34B parameters each. Code Llama undergoes evaluation on
HumanEval and MBPP, the experimental results indicate that Code Llama outperforms LLama and
Llama 2 in terms of performance.
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2 Appendix B: Detailed summarization of existing LLM-based SE studies
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Figure 1 Taxonomy of the application of LLMs in different domains within software engineering
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