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Abstract In the past decade, thanks to the powerfulness of deep-learning techniques, we have witnessed a

whole new era of automated code generation. To sort out developments, we have conducted a comprehensive

review of solutions to deep learning-based code generation. In this survey, we generally formalize the pipeline

and procedure of code generation and categorize existing solutions according to taxonomy from perspectives

of architecture, model-agnostic enhancing strategy, metrics, and tasks. In addition, we outline the challenges

faced by current dominant large models and list several plausible directions for future research. We hope

that this survey may provide handy guidance to understanding, utilizing, and developing deep learning-based

code-generation techniques for researchers and practitioners.

Keywords code generation, automated software engineering, deep learning, large model, artificial intelli-

gence

1 Introduction

Since the pioneering studies published in 2014 [1–3], the software engineering (SE) community has been
leveraging deep learning (DL) approaches on programming language processing for comprehension and
generation [4, 5]. In the previous decade, thanks to the rapid growth in the code corpus and deep model
capacity, employing DL for code generation has shown great potential and feasibility for code generation.
The automated process of DL-based code generation allows the practitioner to generate source codes
from the requirements of certain forms [6] (e.g., functional features in natural language) to assist software
development and reduce the workload of developers. Previous studies have confirmed the feasibility of DL
for code generation [3,7,8], and tools deployed for code generation have been available, such as Copilot [9]
powered by Codex [8]. Without exaggeration, we are witnessing a new era of DL-based code generation.

In this survey, we aim to sort out the developments of DL-based code generation solutions. More
specifically, we draw the problem boundary at (1) deep model, i.e., the solution is supposed to be deep;
(2) general-purpose programming language, i.e., the generated code is supposed to be in a general-purpose
programming language; and (3) natural language, i.e., the functional requirement is supposed to be in
natural language. In the rest of the survey, if there is no special instruction, we refer to DL-based
code generation as generating source code snippets from the functional requirements in natural language
through deep models.

We search the literature and find a clear milestone and watershed — transformer. Before that, clas-
sic architectures, such as recurrent neural networks (RNNs) [3], are leveraged to generate codes. The
model capacity is relatively insufficient, and studies then were only able to accomplish simple tasks,
such as paraphrasing instructions from natural language to code line by line [10,11]. To improve perfor-
mance, researchers explicitly incorporated prior program knowledge in the model design, such as parsing
tree [7, 12], code graph [13]. Consequently, a series of models oriented to code generation are proposed.

Since the appearance of the transformer architecture [14] in 2017, the community has been deeply
influenced. The great capacity of the transformer allows for large model and large-corpus pretraining,
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and the explicit model design for code has gradually evolved into implicit large-scale learning. Thanks
to their powerfulness, large model-powered solutions can handle much more challenging code-generation
tasks (e.g., competitive program generation [15]). The role of the deep model during code generation also
changes greatly. Regular researchers and practitioners find it difficult to design, implement, and train
a large model because of soaring costs. However, large models inspire novel learning paradigms (e.g.,
in-context learning and chain-of-thought (CoT)), resulting in a whole new series of research directions.
Therefore, nowadays, large models are less of the subjects of code generation; instead, they become more
like participants. Current research tends to explore how to make better use of large models, rather than
design one from scratch.

In summary, the contributions of this survey are as follows:

• A general and complete framework of DL-based code generation is summarized, based on which a
complete and comprehensive review of the existing solutions is provided.

• According to the proposed pipeline, taxonomy is made from the perspectives of model architecture,
strategy enhancement, evaluation metrics, and benchmarks for DL-based code generation.

• The challenges and limitations within the current popular solutions, i.e., large models, are discussed,
and several plausible directions for future research are presented.

The rest of the survey is organized as follows. Initially, an overview framework of code generation is
provided in Section 3. In Sections 4 and 5, code generation solutions are summarized from the perspective
of model architectures and model-agnostic enhancing strategies, respectively. Sections 6 and 7 list eval-
uation metrics and tasks of code generation, respectively. Finally, challenges and plausible opportunities
of code generation in the era of large models are explored in Section 8, and the survey is summarized in
Section 9.

2 Literature review

Literature search. High-quality studies published in conferences and journals in the field of artificial
intelligence (AI), natural language processing (NLP), and SE, are extracted. To present an overall picture
of the field, preprint papers from arXiv and other open-source or deployed applications (which may not
have corresponding published papers) are also included in this survey. The literature selection process
involves two major parts. (1) The publication list of top-tier conferences and journals from 2016 to
2022 is filtered to gather a collection of candidate papers. (2) To avoid omissions, the DBLP database is
further searched for related publications. In the search, keywords such as “code generation” are used, and
studies lying within the topic boundary are manually selected based on the abstracts. After combining
the two parts, the candidate papers are analyzed. After rounds of discussion, the paper list of this survey
is finalized, including 142 publications.

Publication statistics. Figure 1 presents the statistical information of the 142 publications included
in this survey. In 2021, a clear accelerated upward trend is noted in the number of publications, suggesting
that code generation has become a research hotspot. A plausible reason for this phenomenon could be
the release of GPT-3 [16] in 2020, which demonstrates great capability in sequence generation and opens
the door to the research field. Most studies are published in top conferences or journals, and the top-5
popular publications include ACL, ICSE, EMNLP, NeurIPS, and ICLR. Moreover, a significant portion of
researchers opt for preprints, probably to publish the latest results as soon as possible. Since 2021, some
relevant communities and companies have released numerous code-generation models and applications,
including GPT-Neo [17], GPT-J [18], aiXcoder [19], PaLM-Coder [20], GPT-CC [21], CodeParrot [22],
CodeGeeX [23], Copilot [9], ChatGPT [24], New Bing [25], BARD [26], and GPT-4 [27]. Academic and
industrial fields set their sights on code generation. The breadth and depth of the code-generation field
are truly extensive and quite promising.

Other complementary survey. In this survey, we attempt to convey a relatively complete picture
of DL-based code generation. Therefore, we sort out the development path of this research field from four
perspectives, i.e., model architecture, model-agnostic enhancement, metrics and benchmarks. In addition
to our study, we recommend another recent one [28] to our readers, which nicely complements ours. The
authors focus on large models and provide a thorough discussion of the challenges and issues within large
models for code generation. As complementary, we provide an overview of code generation and sort out
classic DL solutions for code generation besides large models, hoping to bring inspiration to the era of
large models.
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Figure 1 (Color online) Statistics of the publications included in this survey. (a) The number of publications by year;

(b) the publication numbers in each field; (c) the number of publications in each conference or journal. Note that some deployed

applications (“App”) are also included in the figure.

3 DL-based code generation

Code generation refers to the automatic process of producing the source code given a requirement. In
general, the requirements can be expressed in various forms, but in this survey, the requirements are
expressed specifically in natural language. The produced code can be of different granularity, including
statement-level, method-or-function-level, and file-level, or the produced code can be different program-
ming languages, according to the very task requirement.

3.1 Formal definition of DL-based code generation

DL-based code generation can be defined formally as below. Given the requirement, denoted by x, the
goal of the deep model, denoted by f , is to find a piece of source code, denoted by c, whose functionality
matches requirement x most. In addition to f , augmentations such as external knowledge or auxiliary
tasks can be incorporated to enhance the model. f directly predicts and produces probability distribu-
tions, which require sampling techniques to convert them into concrete code snippets. Due to different
architectures and tasks, the input and output formats of f may differ. Therefore, f needs a pre-processing
module, denoted as ppre, to re-format x, and a post-processing module, denoted as ppost, to re-format f ’s
output to source code. Furthermore, ppost can also prune or fix the generation through techniques such
as reranking and repairing to improve the quality of the generated code. The overall procedure can be
formulated by function composition as follows:

c = (ppost ◦ f ◦ ppre) (x) = ppost (f (ppre(x))) , (1)

where ◦ refers to the function composition operator. After generation, we also need to evaluate to what
extent c matches x. Supposing there is an ideal gold ground-truth code, denoted by c∗, which matches
x perfectly, we may directly compare c with c∗. However, c∗ is not always accessible, we may also run
test cases, denoted by t, against c. Please refer to Figure 2 for a demonstrative pipeline of the DL-based
code generation process.
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Loop j from 0 to len(A)−i−1. 
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for i in range(len(A)):
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Python snippet

void sort(int* list, int len) {

for (int i = 0; i < len; i++)
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… …

C/C++ Function

for i in range(1, len(A)):
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Figure 2 (Color online) Demonstrative pipeline of DL-based code generation (better viewed in color). The requirement x which

describes the functional feature can be in various forms, such as abstracted sentences or line-by-line instructions. The pre-processing

module ppre re-formats x according to the needs of the model f , and feeds it into f . f with different deep architectures and optional

augmentations produces its prediction, and passes it to the post-processing module ppost. ppost re-formats the output according to

the demands of the task, and modifies the output to improve the generation quality. So far, the code c is generated according to

x’s requirement. And finally, a gold ground-truth c∗ or a set of test cases t is utilized to evaluate c generated by the deep model.

A perspective of architecture. The deep model f plays a major and important role during the code
generation process. Code can be represented in various formats, such as token sequences, parsing trees,
data flow graphs, and therefore there are various deep architectures available for f . From the perspective
of model architecture (green boxed “deep model f” in Figure 2), we roughly divide the solutions to DL-
based code generation into three categories. (1) The traditional sequential architecture, such as RNN and
long short-term memory (LSTM), models the token sequence, based on the idea of “naturalness” [29–31].
(2) The tree-based architecture generates parsing trees, integrating grammar rules [32, 33] to ensure the
correctness during parsing and compilation. (3) The transformer architecture is one of the most popular
sequential architectures, as it sparks the upsurge of the pretrained model. We discuss transformer and
the pretrain models separately due to their great development and impact.

A perspective of model-agnostic enhancing. With f ’s architecture, the generation results can
be improved by employing additional augmentation, sampling and post-processing ppost (blue boxed
“augmentation”, “sampling” and “post-processing ppost” in Figure 2). Although the augmentation is
embedded in f , it is rather independent to the backbone architecture design. Since f is a probability
model, converting probability distribution to concrete code snippets is an essential step. During such
conversion, sampling is the key technique to control the diversity, creativity, and quality of the generated
code snippet. On the other hand, f may produce erroneous or incorrect code, and post-processing
techniques modify (e.g., repair) or prune (e.g., re-ranking) the predictions from the deep model, leading
to better generation results.

A perspective of metrics. In the pipeline presented in Figure 2, when the generation process is
complete, it is a necessity to evaluate to what extent the generated code c matches the requirement x

(orange boxed “metrics” in Figure 2). There are mainly two types of metrics, based on the references.
(1) The similarity-based metrics reflect the similarity between the gold ground-truth code c∗ and the
generated one c. (2) The execution-based metrics employ unit test cases t to verify the correctness of c.

3.2 Preliminary of deep model

The deep models serve as the technical foundation of DL-based code generation. We illustrate the basic
deep architectures, the encoder-decoder framework, and the transformer architecture in this part.

Basic deep model architecture. The neural network layers serve as the basic components of deep
neural networks (DNN), based on which various models are proposed for code generation [30]. The
components can be stacked and connected at will to construct desired neural networks. In general, the
i-th layer l(i) takes features (usually vectors) x(i) as input and produces new ones x(i+1), by carrying out
certain non-linear but differentiable functional mapping, i.e., x(i+1) = l(x(i)). By stacking and connecting
n layers, the DNNs f , is formulated as follows:

f(x) = (ln ◦ ln−1 ◦ · · · ◦ l1)(x) = ln(ln−1(· · · l1(x) · · · )). (2)

To train l1, . . . , ln in f , we optimize the loss function L(f(x), y), which measures the difference between
the model prediction f(x) and the ground-truth output y. Stochastic gradient descent (SGD) [34,35] and
back-propagation (BP) [36] are involved during the training process.

Some basic neural network layers are presented in Figure 3. (1) RNNs [37] and the variants (e.g.,
LSTM [38, 39] and gated recurrent unit (GRU) [40]) are widely adopted sequential architectures. RNN
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Figure 4 (Color online) Demonstrative illustrations of the seq2seq framework and the accompanying attention and beam search

techniques. (a) The encoder-decoder framework, which encodes the input x into a vector encoding, and generates the output c

conditioned on the encoding; (b) an example of beam search, which maintains a top-k most probable beam, and only expands

examples within the beam; (c) the attention mechanism, which handles the query Q upon key-value pairs (Ki, Vi) by weighted sum

over Vi’s according to the probabilistic attention score αi.

employs a cell to record the internal states of each time-step, denoted as ct. In the t-th time-step, RNN
retrieves ct−1 for history information and passes the updated ct to the next time-step. (2) Convolutional
neural networks (CNN) [41] and the variants [42,43] are another popular type of architectures to process
sequences [44–47]. It adopts one-dimensional convolution to extract features from the sequence in an n-
gram sliding window manner. Besides sequential convolution, there are also tree-based convolution and
graph-based convolution. (3) In addition to sequential data, we also need to deal with tree-structured
data, such as the parsing tree. The recursive neural networks (RvNN) [48] and the variants [49–51] came
into being. It handles the tree nodes recursively in a bottom-up manner. (4) Graph neural networks
(GNN) [52] and the variants [53–55] extend the convolution operation to the non-Euclidean graph space,
by aggregating features of nodes with their neighbors.

Figure 4 shows the demonstrative example of the seq2seq framework as well as the accompanying
attention mechanism for DL-based code generation.

Encoder-decoder. DL-based code generation can be seen as a conditional generation task, i.e., the
requirement is the condition of the generated code. The encoder-decoder framework is designed for such
conditional generation task. As the name suggests, the framework consists of two parts, i.e., the encoder
and the decoder. Both models can be arbitrary architecture, such as the aforementioned RNN and CNN.
Taking sequence-to-sequence (seq2seq) [56] for an example (refer to Figure 4(a)), the encoder processes
the input sequence (e.g., x in code generation), forming a vectorized encoding, and the decoder takes the
encoding as the condition, predicting the output sequence (e.g., the resulting code c). Besides seq2seq,
which constrains the format of the input and the output to be sequential, there are other encoder-
decoder settings, with other input-output formats, such as code2seq (i.e., source code parsing tree to
sequence) [57, 58], and wave2seq (i.e., wave signal to sequence) [59].

Attention. The attention mechanism is one of the most important techniques in the field of DL [60].
It allows the model to focus on the important parts, ignoring the irrelevant ones. As shown in Fig-
ure 4(c), given a vectorized query Q and n vectorized key-value pairs (Ki, Vi)

n
i=1, the attention mechanism

“selects” the most important Vi’s according to the attention score α(Q,K)1). In practice, we may query
with multiple Q’s simultaneously. In a more extreme scenario, where Q, K, and V are identical or
homologous (i.e., Q, K, and V come from the same source, but the computation may differ from each
other), it leads to self attention [61].

Attention mines relations between the query and each key-value pair. A further step is employing

1) Note that attention does not actually select Vi. It performs a probabilistic weighted sum over all Vi according to the attention

score. For easier understanding, we use the word “select” here.
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multiple independent attentions to discover different types of relations between them. Each attention is
called a “head”, and the combination is the multi-head attention mechanism. Multi-head attention then
becomes the basis of the transformer architecture.

Transformer. Based on the idea of “attention is all you need” [14], the transformer architecture is
proposed. It does not involve the aforementioned basic architectures, such as RNN and CNN, instead, it
fully leverages the advantages of multi-head attention. The transformer encoder and decoder each equip
with multi-head self attention modules, and are linked by multi-head cross attention. With the power of
attention, transformer can largely overcome the long-term dependency issue.

Pretraining & finetuning. Thanks to the emergence of the large corpus, the huge computing
power, and the powerful transformer architecture, the deep models have moved to a new stage, i.e., the
large pretrained model [8, 16, 62–69] The paradigm of model learning has shifted from the traditional
from-scratch training to “pretraining and finetuning” [70]. In this scenario, the large deep model is
trained in two phases. (1) The first is to pretrain the model upon an extremely large corpus. The
model is supposed to learn the general knowledge (or we can say the “common sense”). No doubt this
phase is resource-consuming and time-consuming. (2) The second is to finetune the model on a specific
downstream task. The model is supposed to be specialized to the specific task. With the support of large
models and general knowledge learned from the large corpus, the finetuned model ought to outperform
the from-scratch trained ones.

3.3 Relevant research field

There are some other areas that are very relevant to code generation listed as follows.

Program synthesis. Program synthesis searches for the program consistent with the user’s intent
expressed in certain form of constraints [71]. Program synthesis in a broad sense includes the code
generation task as the definition suggests, but there are two differences between traditional program
synthesis and DL-based code generation. (1) The intent of program synthesis is different from the
requirement of DL-based code generation. The former is usually represented as formal specifications, such
as input-output examples [72, 73] or partial programs [74]. In recent years, researchers have gradually
combined the informal natural language description into the intent [75,76]. (2) The target programming
language of program synthesis is often domain-specific languages (DSL, e.g., string operations [72, 73]),
rather than general programming languages, resulting in a distinction from DL-based code generation.

Semantic parsing. Semantic parsing is a process of transforming natural language sentences into
structured meaning representations [77,78], such as abstract logic [79,80] and queries [81–83]. The practi-
tioners may often derive results from the meaning representations against the corresponding environment
or context (e.g., we may execute a SQL query against a relational database). Semantic parsing intersects
with code generation, as the code in some benchmarks, such as HS and MTG [84], are in general-purpose
programming languages (i.e., Python and Java). Semantic parsing differs from code generation in the
language of the target code (or the meaning representation), except for the intersection part. I.e., tra-
ditional semantic parsing converts natural language into logical form [79, 85], lambda calculus [80], or
SQL [81–83], while code generation into general-purpose programming language.

Test assertion generation. Test assertion generation is a key technique to automated software
testing, which aims to generate accurate assertion statements for unit test cases [86,87]. I.e., the assertion
generator is supposed to produce the assertion statement, given the focal method (to be tested), the test
method without the assertion statement (usually replaced by a “placeholder”), and plausible additional
descriptions (e.g., natural language). Hence, test assertion generation is related to code generation, as
the target is source code statements; while the input requirement of test assertion generation is usually
incomplete code, rather than natural language, which is different from DL-based code generation. Test
assertion generation is an emerging research direction that has important implications for automated
software testing.

Code completion. Code completion speeds up software production by predicting the upcoming
code token(s) given the preceding context [29, 88, 89], and it is an essential feature of modern integrated
development environments [90]. In general, the code completion model predicts the next following token(s)
given the incomplete source code snippet, such as next-one-token completion [29,88,90,91], and next-line
completion [89,90,92–96]. Broadly speaking, code completion is highly correlated to code generation, as
their targets are both producing source code. However, in this survey, we limit the requirement to natural
language rather than incomplete code, and thence, we do not take code completion into our taxonomy.
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Zhang H Z, et al. Sci China Inf Sci September 2024, Vol. 67, Iss. 9, 191101:7

Code comprehension. Code comprehension extracts information from the source code to help
understand some certain aspects of the code [97]. Code generation could be viewed as the inverse of
code comprehension, because the former generates source code from the requirement, and the later
extracts information from the code. Code comprehension has been thoroughly studied in the past
decades and is subdivided into many sub-fields, including comment generation [98–102] and code review
generation [103, 104].

Neural machine translation. Neural machine translation is a thriving and booming field in NLP,
where the neural network model translates the text or speech from one language to another automatically
[105, 106]. The development of neural machine translation (the encoder-decoder framework [56], the
attention mechanism [60], and the transformer architecture [14]) has directly or indirectly caused huge
impacts on many following fields, including DL-based code generation.

4 Deep model for code generation

We present deep models for code generation according to the development process and architecture.
Please refer to Figure 5 [3, 7, 8, 12, 13, 21–23, 32, 33, 69, 84, 89, 95, 96, 107–128] for the model architecture
taxonomy of this section.

4.1 Sequential modeling

Based on the hypothesis that “code is natural” [29–31], i.e., most programming languages are usually
simple, repetitive and predictable, a significant body of research has employed sequential modeling as a
direct approach to code generation. This approach conceptualizes code generation as the production of
token or sub-token sequences in a sequential order, encompassing three critical aspects: (1) tokenization,
(2) decoding, and (3) the model architecture.

Tokenization. The sequential modeling techniques entail the conversion of the natural language
requirement into a concrete code sequence. The very first step is to tokenize both the requirement
and the code into token (or sub-token) sequences. Different tokenization approaches lead to different
vocabulary, thus affecting the final sequence generation process. Early work bypasses the tokenization
process by processing and manipulating the character sequence [3]. Soon after, the trivial tokenizer based
on punctuations and white-spaces is introduced [84]. Although straightforward, such trivial tokenization
disregards the certain feature of the programming language and the lexical information of code cannot
be efficiently separated by white-spaces alone. Additionally, code often comprises a vast number of
customized identifiers, leading to an extensive vocabulary size and lots of rare tokens.

To address the challenge, researchers begin to utilize the fine-grained tokenizer to split code tokens
further into sub-tokens [107] by employing the parser to tokenize code according to the lexical rule, and
the outcome identifiers are split following camel case (e.g., “getValue” ⇒ “get”, “Value”) or snake case
(e.g., “set idx” ⇒ “set”, “idx”). The byte pair encoding (BPE) tokenization [129] began to be widely
adopted in code generation [89] after it became popular in NLP. BPE mines the frequent sub-tokens from
the training corpus — the vocabulary starts with characters (the initial sub-tokens), and the algorithm
iteratively merges the most frequent contiguous sub-token pairs into new sub-tokens. BPE can efficiently
tokenize the code into a sub-token sequence while reducing the vocabulary size.

Decoding. Decoding is to generate the token sequence of the code snippet. To achieve so, one trivial
and straightforward solution is to employ the seq2seq framework and directly map the natural language
requirement to the code token sequence, which we call it as the single stage decoding. The single stage
decoding directly regards code generation as an end-to-end task. Mou et al. [3] verified the plausibility
of generating character-level code by LSTM through empirical case studies. Later, latent prediction
network [84] introduces copy mechanism into the character-level RNN model. Iyer et al. [107] proposed an
LSTM encoder-decoder model to generate Java token sequence from the requirement along with member
variables and member method signatures under the same class. These simple but effective solutions
prove the feasibility of code generation from an experimental point of view. They serve as an important
set of baselines, based on which researchers explore various approaches to tackle the problem of code
generation. Furthermore, thanks to the powerful architecture and the abundant corpus, the transformer
model, especially the pretrained model, enables the outstanding proficiency of code generation [89]. The
pretrained model is one of the greatest DL inventions, therefore we introduce it separately in another
subsection, despite its sequential modeling nature.
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Figure 5 (Color online) Model architecture taxonomy for DL-based code generation solutions.

Other studies decompose the decoding process into multiple stages, and the model decodes from coarse
(e.g., an abstracted frame) to fine (e.g., the concrete code token sequence). Such multi-stage decod-
ing comes from the heuristic of program writing, where the programmer usually writes a high-level
frame (“sketch”, “scaffold”, etc.) of the code first, and fills in the missing detail later. Thereupon, the
whole decoding process is decomposed into multiple stages, generating the token sequence from coarse to
fine [108–110]. There are usually two stages — the first is to produce the abstracted code, and the
second is to replenish the detail. The model for multi-stage decoding consists of multiple independent
modules, each handling a decoding stage. Rather than end-to-end training, the modules are also trained
separately. During inference, they generate the code snippet module by module in a pipeline manner.
Coarse-to-fine [108] constructs the abstracted code by stripping the identifiers in the code. GED [109]
further defines the precise grammar of the sketch, which eliminates the identifiers, the constants, etc.,
leaving the APIs and the control statements. Semantic scaffold [110] proposes primary expression sym-
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...

stmt → FunctionDef (identifier name , arguments args , stmt* body ,

expr* decorator_list , expr? returns , string? type_comment)

| If (expr test, stmt* body, stmt* orelse)

| ...

expr → Call (expr func , expr* args , keyword* keywords)

| BinOp (expr left , operator op , expr right)

| ...

...

stmt If

expr …

stmt …

stmt …

stmt …

stmt …

test

body

orelse

…

…

(a) (b)

Figure 6 (Color online) Demonstrative example of the ASDL. (a) A fragment of the Python ASDL grammar, and (b) an illustra-

tion of a subtree construction. The subtree is constructed following the ASDL rule of If (highlighted in blue). As the rule suggests,

the non-terminal If with the type of stmt is expanded into multiple children, including an expr node with the field of test, a set

of stmt nodes with the field of body, and a set of stmt nodes with the field of orelse (in this demonstration, there is only one stmt

in the set).

bols to build the abstracted code — the expressions are compressed into certain symbols. E.g., the entire
for loop expression is compressed into one single symbol, “for statement”. Symbol constraint is exploited
to expand the symbols, filtering out illegal expansions.

Model architecture. There are two main classes of architectures employed by sequential code gener-
ation — RNN and transformer. (1) The early studies usually employ RNN or its variants (e.g., LSTM and
GRU) as the backbone model [3,84,107]. These end-to-end RNN models directly produce the character-
level or token-level code snippet. Other studies design multiple stages for decoding, and leverage RNN to
model each stage [108–110]. (2) Recently proposed transformer is more advanced and powerful than RNN.
It has been employed in code generation to address the issue of lengthy dependencies [89]. Subsequent
studies have leveraged pretraining techniques on transformer and achieved satisfactory performance.
Given the significance of pretraining technology in this context, we will expound on it in a dedicated
subsection (Subsection 4.4) of this paper.

4.2 Tree modeling

It is known that the source code snippet can be parsed into a syntax tree, and the two counterparts
are equivalent. Therefore, there is a natural train of thought to generate the syntax tree first, and then
convert it back to code [32]. Besides, compared with the token sequence, the syntax tree contains rich
structural information, which may benefit the process of DL-based code generation. This subsection
introduces the deep syntax tree generation from four aspects: (1) the generation rule, (2) the generation
order, (3) the representation of the partial tree, and (4) the architecture of the tree model.

Generation rule. Most studies employ top-down generation, where the model repeats the following
iteration until the syntax tree is complete. In each single iteration, the model expands a non-terminal
into a subtree (e.g., Figure 6(b)) following the generation rule. That is, the model selects a non-terminal
along with a corresponding appropriate expansion action, and predicts the child nodes of the non-terminal
according to the action.

Usually, the expansion action is defined by the grammar. There are mainly two kinds of grammar –
the context-free grammar (CFG) or the abstract syntax description language (ASDL) grammar [130].
(1) The generation rule of CFG is of the form A→α, where A is a non-terminal, and it can be expanded
into a sequence of terminals or non-terminals, i.e., α. Defining the generation rule based on CFG is
straight-forward [32, 111–113]. (2) Another branch of research defines the generation rule following the
ASDL grammar [7, 33, 114, 115]. ASDL provides additional types of nodes and fields (i.e., the edges in
the tree). Figure 6 presents a fragment of the Python ASDL grammar. Take the If node with the type
of stmt for instance, it can be expanded into a subtree shown in Figure 6(b), following the construction
rule of If (highlighted in blue in the ASDL grammar).

Generation order. The generation order refers to the order in which the non-terminals are expanded.
It is essential to syntax tree generation, because different orders may yield different generation results.
There are two major classes — the pre-determined order and the dynamic order.

The pre-determined generation order comes from the heuristics, where programmers usually traverse
the tree structure in particular orders. In specific, the generation order is usually depth-first (the expan-
sion goes as deep as possible along each path before backtracking) [7, 33] or width-first (the expansion
goes layer by layer) [32,111,112,116]. In addition, during the iteration of syntax tree generation, solutions
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to depth-first generation usually select the generation rule to expand the current node, and then predict
the value of children one by one; while the width-first order often makes the two steps into a single one,
i.e., the model would select the generation rule and predict the values of the children simultaneously.
In order to reduce the impact of the order upon the generation result, the follow-up study integrates
the depth-first order and the width-first order by mutual learning [12], which transfers the knowledge by
forcing the results of the two generation orders to imitate each other.

Besides the pre-determined order, the dynamic order is also used, where the expansion order is decided
by the model during the generation process [113, 115]. I.e., in each iteration, a branch selector chooses
the most appropriate non-terminal based on the current incomplete tree, and then the model expands
the selected node. The selector is often obtained via reinforcement learning, because the supervised data
for the expansion sequences is often difficult to obtain.

Partial representation. The representation of the (intermediate) partial tree is essential during
the generation, which conveys the syntactic and structural information along the process. As previously
introduced, in each generation iteration, the deep model selects an appropriate expansion rule, and
predicts the child nodes. All these behaviors rely on the vectorized (or tensorized) representation of the
partially generated tree, since the deep model is heavily parameterized.

For the partial representation, the early studies adopt a trivial but straight-forward solution — they
regard the parent node’s state representation as the partial tree representation [32,33], and make predic-
tion upon it. Similar to the design of RNN, ideally, the syntactic information would pass from the parent
to the children step by step. Unfortunately, this solution can hardly represent the global information
of the partial tree, and the long path may lead to the long-term dependency issue. In response to the
shortcoming mentioned above, later, researchers propose to take the important nodes in the partial tree
into account in the partial representation [116, 117]. Here, the important nodes are usually chosen by
heuristic, such as the previously generated terminals and the previous ancestors [116], the siblings and
the path from the root [117]. Recently, some studies have opted to obtain partial representation directly
from the entire partial tree, taking every node within it into consideration [111, 112]. Specifically, they
employ techniques such as tree-base convolution [111] and attention [112] to process the partial tree and
obtain the representation. Compared with the previous solutions, this solution provides a comprehensive
global representation of the partial syntax tree.

Model architecture. There are three major classes of the model architecture — RNN, CNN, and
transformer. (1) The early studies usually adopt RNN as the backbone of their solutions [12,33,114,115],
which considers the generation process as a sequence of generation rules (as aforementioned), and predicts
the generation rule iteratively. (2) Then, the Tree-based convolution is introduced [111], which is employed
to produce partial tree representation (as introduced above). (3) More advanced studies leverage the
attention mechanism, building transformer architecture for syntax tree generation [112, 113].

4.3 Graph modeling

The GNN [52] is a specialized type of DL model designed to process the graph-structured data, and
is widely employed by various code processing tasks. In contrast to the tree modeling methods, GNN
can process more complex graph structure via graph convolution, as the graph is usually composed of
the syntax tree backbone with additional edges, such as data flow or control flow. One representative
study [13] uses the gated graph neural network (GGNN) [55] to generate the code graph, by adding
new nodes and edges step by step in a pre-determined order. The ExprGen task is introduced, which
is to fill the statement in a given hollowed code snippet, to demonstrate the feasibility of the proposed
GGNN solution. However, considering the efficiency of the GNN and the difficulty of graph generation
tasks, there are very few code generation methods of graph modeling. The graph modeling paradigm is
challenging for code generation and more research work is still expected.

4.4 pretrained model

Ever since the proposal of the transformer architecture [14], we have witnessed the dominance of the
large pretrained model in various tasks and fields [16,62–68]. Code generation is also no exception; there
have already been plenty of pretrained models released for automating the code generation process. The
model is usually pretrained upon a large corpus, composed of natural language and program language,
and released through parameters or API. And it can also be adapted to the downstream code generation
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tasks. This subsection will introduce the pretrained model for code generation from two perspectives:
(1) the model architecture, and (2) the adaptation approach.

Model architecture. Most pretrained models are based on transformer, which can be further divided
into encoder-only, decoder-only and encoder-decoder architectures. The encoder-only model [93, 131] is
majorly adopted in code understanding and comprehension tasks, such as clone detection [132, 133] and
program classification [134, 135]. In the following, we will not discuss this category of the pretrained
model but summarize the generative models of decoder-only and encoder-decoder architectures.

Decoder-only. As the name suggests, the decoder-only model contains only the decoder, and is usu-
ally pretrained through language modeling tasks. GPT-C (366M) [89] is one of the earliest pretrained
transformer decoders on source code. The model is the backbone of the code completion tool, namely
IntelliCode. CodeGPT (124M) [96] is then released as a multilingual model pretrained upon the Code-
SearchNet corpus [136], based on GPT-2 [65]. PyCodeGPT (110M) [118] is similar to CodeGPT, apart
from that it is based on GPT-Neo [17, 18] and it is pretrained on Python code solely.

As the descendant of GPT-3 [16], Codex (175B) [8] is one of the largest models released by OpenAI
by far in 2021 for both natural language and programming language generation tasks. However, neither
the code, the corpus, nor the parameters of Codex are available, but Codex is only accessible via the
API provided by OpenAI. To bridge the gap between large powerful model and public accessibility,
researchers have pretrained and open-sourced GPT-Code-Clippy (125M-1.3B, based on GPT-Neo) [21],
CodeParrot (110M-1.5B, based on GPT-2) [22], and PolyCoder (160M-2.7B, also based on GPT-2) [119]
as the publicly available versions of Codex. With the growth of model size, the performance increases
greatly and surprisingly. Thus, more large pretrained models over 1B parameters are proposed, including
CodeGen (350M-16B) [120], PanGu-Coder (317M-2.6B) [121], CodeGeeX (13B) [23], InCoder (1.3B-
6.7B) [122], and FIM (50M-6.9B) [137].

Encoder-decoder. The encoder-decoder models are usually pretrained through self-supervised seq2seq
tasks. The pretrained encoder-decoder models are mostly derived from the field of NLP. According to
the design of pretraining tasks, we categorize these models into three classes, BART-based pretraining,
T5-based pretraining, and customized pretraining. The denoising auto-encoder (DAE) is developed from
BART [66]. During pretraining, BART learns to restore the noisy text (token masking, deletion and
sentence permutation, etc.) back to the original clean ones. Adopting DAE as the pretraining task
and BART as the base model, researchers pretrain PLBART (140M) [123] upon an extensive corpus
of Java and Python text-code pairs. Models derived from T5 [68] are pretrained upon unified seq2seq
tasks. The pretraining corpus of T5, namely C4 [68], is a multi-task mixture of various tasks, where
each task is converted into a text-to-text format. Experimental results of CodeT5 (60M-770M) [124],
which is further pretrained upon CodeSearchNet corpus [136], suggest the capacity and feasibility of code
generation. Multiple T5-based pretrained models for code have emerged in the past years, including
PyMT5 (374M) [125] pretrained upon Python corpus, JuPyT5 (350M) [126] upon Jupyter Notebook,
and CodeEditor (60M, 220M) [138] upon code editing data. In addition, CodeRL (770M) [127] fur-
ther augments CodeT5 with compilation supervision via reinforcement learning. Please refer to Subsec-
tion 5.1 for more illustrations of such augmentation.

Besides the above two classes, other large models are pretrained with customized pretraining tasks.
AlphaCode (300M-41B) [69] is proposed to solve competitive program generation (please refer to Subsec-
tion 7.4 for definition). There are two pretraining tasks for AlphaCode — masked language modeling for
the encoder and regular language modeling for the decoder. On the other hand, UniXcoder (125M) [95]
pretrains one shared transformer to unify the pretraining process of encoder-only, decoder-only and
encoder-decoder models. The trick is to leverage different self-attention masks for different mode. E.g.,
for decoder-only mode (regular language modeling pretraining task), the attention mask makes sure that
each token can only see those in the prefix.

Adaptation. After explaining “what are pretrained models”, now we introduce “how to use them”,
i.e., adapting the pretrained models to downstream tasks. There are two major ways to use a pretrained
model — finetuning and prompting. finetuning is the prevailing way to adapt the pretrained model to
a specific domain and a relatively small dataset [96]. The procedure is similar to training a model from
scratch. Specifically, the practitioner takes the pretrained model as the backbone and initializes it with
the pretrained parameters. Then the model is further trained upon the downstream task, updating all or
part of the parameters. After several epochs, the model is well finetuned and is able to generate desirable
code snippets. As the pretrained model grows larger, finetuning is less practical due to the computational
resource cost. Therefore, a smaller, lighter, more efficient adaptation approach is required.
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The exploration then leads to prompting. Without changing the structure or the already pretrained
parameters, prompting adds some additional sequences to the input to adapt it to downstream tasks. The
additional prompt usually consists of an instruction along with several demonstrations2). E.g., in code
generation, the instruction could be “please generate source code satisfying the given requirement”, and
each demonstration is a pair of the requirement and the corresponding code. By feeding the concatenation
of the instruction, the demonstrations, and the requirement into the pretrained model, the model may
generate the desired code snippet [120,121]. Recently, CEDAR [128] is proposed to automatically retrieve
the demonstrations similar to the natural language requirement. Note that the performance of relatively
small models can be poor in this setting [15].

4.5 Waypoint for DL-based code-generation model

After sorting out deep models for code generation, we can clearly distinguish three development stages.
(1) During the initial exploration, researchers directly adopt off-the-shell seq2seq models. These models
trivially regard code as another natural language and directly generate token sequences [3]. (2) Subse-
quently, researchers find that the model capability is limited, and begin to carefully design the model
architecture, exploiting unique program information. The priors, including heuristic knowledge (e.g.,
habits of the programmers [108–110]) and typical properties of programming languages (e.g., tree [7, 12]
and graph [13] structures), are explicitly introduced during the design of the model. (3) Later, trans-
former [14] emerges. Transformer with great capacity, and the large codebase corpara, empower the
pretrained model. Different from previous classic models, due to the powerful capability, such large
models learn program information and properties implicitly during self-supervised sequential pretraining.
Therefore, in the era of large models, researches usually go back to sequential modeling and generate
code token sequences.

Transformer can be viewed as a milestone and a watershed in the development of deep architecture for
code generation, because (1) it changes the learning procedure, (2) the model capacity increases greatly,
and (3) the unique program information is learned implicitly during pretraining, rather than incorporated
explicitly by model design. As the model size grows larger, fewer researchers and practitioners are able to
independently design, implement, or train a large model from scratch. Thence, perhaps in the upcoming
future, the academic field needs to focus on analyzing, exploiting, and enhancing the existing large models
for code generation. Please refer to Section 8 for more discussions of challenges and future work of large
models.

5 Enhancing strategy

The backbone design of the generation model is important to the final performance, as we have introduced
in the previous section. Besides that, practitioners also incorporate model-agnostic strategies to enhance
code generation performance, independent with the design of the backbone architecture. The strategies
mainly involve (1) augmentation, (2) sampling, and (3) post-processing. Please refer to Figure 7 [3,7,69,
127, 139–163] for the taxonomy from the aspect of model-agnostic enhancing strategies.

5.1 Augmentation

In addition to the solutions categorized by structure and architecture as introduced in the previous
section, researchers also introduce additional knowledge or supervisions into the process to improve the
code-generation models. The augmentations are relatively independent of the design of the architecture,
and we introduce these techniques individually in this subsection.

Retrieval augmentation (external knowledge). When facing an unfamiliar code fragment, a
programmer may search the Internet or the codebase for a demonstration, and then imitate the retrieved
examples. Based on such heuristic, researchers retrieve the external knowledge to enhance the code-
generation model. For instance, Xu et al. [164] proposed to explore the online programming QA website
and the API documentation, and incorporate this external knowledge into the process of code generation.

Other studies establish a text-code database as the retrieval corpus. When the requirement contains
low-frequency phrases (e.g., rare features), the model may retrieve code snippets with similar phrases,

2) If there are multiple demonstrations, the setting is called few-shot. Zero-shot is a more extreme scenario, where no demon-

stration is provided.
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Figure 7 (Color online) Taxonomy of model-agnostic enhancing strategies for DL-based code generation.

and imitate the code demonstrations during the generation process. Such framework, known as “retrieve-
and-edit” [139], decomposes the code generation process into two stages. (1) The “retrieve” stage collects
text-code pairs with natural language description similar to the input requirement from the retrieval
corpus. Usually, the retriever generates a representation of the input requirement, and selects the top-k
pairs in the corpus according to the similarity in the representation space. (2) The “edit” stage augments
the input requirement with the retrieved pairs to improve the generated code. Typically, a concatenation
of input requirement and retrieved pairs is a feasible augmentation for input information. [140].

At first, the retriever is task-dependent [139]. Later, REDCODER [140] proposes to train the inde-
pendent retriever via contrastive learning, where the representations of the positive pair (i.e., similar
examples) are forced to be closer, while the negative pair moves away from each other. The aforemen-
tioned solutions employ the entire retrieved snippet as the prototype for editing concatenation, which
may be redundant. Thereupon, researchers break down the retrieved code into fine-grained components
for editing. ReCode [141] decomposes the retrieved code into much smaller n-grams of tree-expansion
actions, and encourages the model to generate those n-grams during code generation. SkCoder [165]
extracts a code sketch from the retrieved code by removing irrelevant tokens, and edits the code sketch
into the desired code. Experiments on three code generation benchmarks show that SkCoder outperforms
previous retrieval-augmented models, including REDCODER and ReCode.

Besides the concatenation, which directly reuses the retrieved examples, researchers also enable aug-
mentation through the idea of model-agnostic meta-learning (MAML). From the perspective of meta-
learning, each text-code pair can be regarded as a “task”, i.e., the retrieved examples make the meta-
training data, and the code to be generated by the model is the meta-test data. The meta-training
datasets vary for different meta-test examples, since the retrieved examples vary for different natural
language requirements. For each meta-test requirement, they train a model (randomly initialized) upon
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the meta-training data to generate the corresponding code. PT-MAML [142] first proposes to leverage
the MAML learning protocol in semantic parsing3). It leverages support vector machine (SVM) as the
retriever, and regards the support vectors as the similar examples. Therefore, the retrieved example set
is also called a support set. Later, Seq2Action [143] proposes to train a neural retriever on the training
set (the original training set, not the meta-training set) to obtain the support set.

Dual augmentation (auxiliary task). Introducing a dual task into the procedure as auxiliary
may improve the performance of code generation. Code summarization [98–100] is the dual of code
generation, i.e., the former generates the natural language description given the code snippet, while
the latter generates code given the natural language description. Formally, code generation and code
summarization model the probability distribution of p(c|x) and p(x|c), respectively, where c and x refer
to the code snippet and the natural language requirement. With two additional language models, p(x)
for natural language and p(c) for programming language, we can establish the equation p(x) · p(c|x) =
p(c, x) = p(c) · p(x|c) through Bayes law. Dual learning [166] exploits such property, by confining the
joint distributions (i.e., p(c, x)) modeled from two directions (i.e., p(x) · p(c|x) and p(c) · p(x|c)) to be
identical during training. Since the language models (i.e., p(x) and p(c)) with good performance are
easier to obtain, dual learning may help better modeling p(c|x) for code generation and p(x|c) for code
summarization.

Wei et al. [144] proposed to leverage the duality between code generation and code summarization,
by minimizing the difference between the joint distributnions. DIM [146], on the other hand, maximizes
the variational lower bounds of the joint distributions to establish the duality. Later, based on the work
of Wei et al., CO3 [145] further incorporates the code retrieval task (i.e., finding the most relevant code
according to the given natural language query) into the framework, by confining the representations of
code and requirement to be identical in addition to the duality. These studies hold promise for further
improvements of code generation, inspiring researchers to exploit other plausible duality.

Compilability augmentation (supervision signal). Programming language implies an important
feature — compilability, i.e., the code snippet must conform to the lexical, syntactical, and grammatical
rules. Based on this feature, researchers add new supervision signals into the training process to make
sure the generated code can be successfully compiled. Reinforcement learning techniques are adopted to
achieve such a goal. CompCoder [147] takes the actual compiler feedback as the reward for reinforcement
learning. Later, researchers have also made use of similar techniques into the pretrained models, such as
aforementioned CodeRL [127].

Besides treating the compilability constraint as a supervision signal, post-processing is another fea-
sible solution, by filtering the output examples from the model. We will introduce the post-processing
techniques in the following subsections.

5.2 Sampling

At each time-step, the code-generation model predicts a probability distribution over the vocabularies
or tree expansion actions, etc. Therefore, sampling from the distribution is essential. E.g., in sequential
modeling, we need to decide which token to generate at each time-step based on the predicted distribution.
For convenience of description, we limit the scenario to sequence modeling. The introduced techniques
can be easily adapted to other structures and architectures.

Greedy & beam search. In the very early stage, researchers simply adopt argmax, i.e., the greedy
strategy, by selecting the most probable token [3]. However, greedy search is trivial and naive, since the
major drawback is that the optimal at each time-step may not lead to the global optimal. Therefore,
beam search is then introduced, by maintaining a top-k most probable beam (refer to Figure 4 for a
demonstrative example) [7,148]. Beam search is a well-established algorithm for generating sequences in
tasks where the desired output is rather short [167, 168], such as the fine-grained code generation task
(line-by-line code paraphrasing and statement-level generation, please refer to Section 7).

Top-k & top-p sampling. Beam search usually prefers to keep short generations in the beam, and it
also may result in highly repetitive sequences, which damages the diversity of the code. To enable diverse
generation of any length, top-k sampling [149] and top-p [150] sampling are proposed. At each time-
step, both sampling techniques randomly select a token according to certain probability distributions.

3) Although we have stated that semantic parsing, which maps from natural language description to SQL queries, is not included

in our survey. PT-MAML is still highly related to code generation, which is the foundation of other researches. Therefore, we

introduce this study in the survey.
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Top-k sampling [149] filters the k most probable next tokens, and redistributes the probability among
these k tokens for sampling. Top-p sampling, also known as nucleus sampling, further enhances the
flexibility. Instead of redistributing probability upon the k most probable tokens, top-p sampling re-
scales the probability among the smallest token set whose cumulative probability exceeds the threshold
p. Top-p sampling allows the token set size to adapt dynamically to the distribution predicted by the
code-generation model.

Temperature sampling. To improve diversity and creativity, another temperature sampling is intro-
duced [149,151,152]. Temperature sampling employs a variant of softmax to redistribute the probability
distribution. To redistribute the original distribution (p1, . . . , pn) to a new one (q1, . . . , qn), the formula-
tion is as below:

qi =
exp( log(pi)

T
)

∑n

j=1 exp(
log(pj)

T
)
, (3)

where T > 0 is the temperature factor. By adjusting T , the practitioners may control the quality and
the diversity of code generation. (1) At a low temperature, the distribution variation is rather small and
the prediction is highly confident. Therefore, the quality is high, as the generated code closely follows the
distribution of the training data; while the diversity is low, as it may lead to repetitive or conservative
generation. (2) At a high temperature, the situation is reversed. The generated code becomes diverse,
but may contain more errors. The trade-off between quality and diversity is essential, and hence the
appropriate temperature setting is important [69].

Constrained decoding. The programming languages, such as Type-2 Chomsky grammars [169],
are strictly constrained by the lexical, syntactical and grammatical rules. Sampling without constraints
may violate the syntactical and grammatical rules (e.g., produce keywords at an inappropriate location),
resulting in compilation failures and incorrect code generations. Researchers tackle this issue by adding
constraints to control the output [153–155], i.e., constrained decoding. During generation, the model is
allowed or is forbidden to produce certain tokens according to the grammatical constraints. E.g., when the
model needs to refer to a variable, it can only choose from those already defined within the scope. At each
time-step, the candidate token set changes, therefore, researchers usually employ a compilation module
to track the candidate tokens. Picard [153] employs the lexer and the parser to track the constraints.
Similarly, Synchromesh [154] adopts context-free and context-sensitive parsers to constrain the generation
process. CodePAD [155], on the other hand, designs a pushdown automata to regularize the generation
distribution.

5.3 Reranking

Given sufficient trials, the modern code-generation model, such as Codex [8], may be capable to produce
an executable and correct code snippet. However, considering the efficiency of solving problems and the
users’ experience, it is important for models to give the correct code in only a few trials. In order to
search for the correct program, the reranking technique is adopted by researchers. In other words, these
approaches perform a large scale sampling to collect a set of candidate code snippets, and then rerank the
candidates to select the (more likely) correct ones for final evaluation. We categorize these approaches
by heuristics in the design of the rerankers: (1) the execution-based reranking and (2) the model-based
reranking.

Execution-based. Programmatic solutions with the same semantics inherently yield identical out-
comes, given a consistent set of inputs. I.e., amongst a pool consisting of correct code snippets, the
outputs maintain identical across all test cases, while conversely, the erroneous ones diverge in their
execution results. This observation has led to the advent of execution-based reranking methodologies
as proposed by various researchers [69, 156, 157]. These approaches cluster the generated code snippets
based on the outcomes of their executions. Specifically, the correct programs produce the same execution
results, leading to a large cluster, while other programs with error produce different execution results,
leading to multiple much smaller clusters. The reranking score assigned to each candidate is the size of
the cluster it belongs to. Candidates selected from the larger clusters are considered more likely to be
correct.

AlphaCode [69] first collects the candidates that pass the accessible test cases (provided by the dataset).
An independent model then generates additional input cases (without the oracle outputs) to further
cluster the collected candidates, and AlphaCode selects k code snippets from the top-k largest clusters
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(each example from one cluster) as the final generation. Similarly, MBR-EXEC [156] directly clusters the
candidates by the inputs from the accessible test cases provided in the dataset, without additional input
cases generation. MBR-EXEC selects the code from the largest cluster as the final prediction. Both of
these approaches require existing test cases, which may not be provided in many scenarios. CodeT [157]
solves this issue by leveraging a separate model to generate test cases (input-output pairs) based on the
natural language requirement. The candidates, which pass the same subset of the generated test cases,
are put into one cluster. The reranking score of each cluster is the product of the cluster size and the
number of passed test cases. At last, CodeT selects the example from the cluster with the highest score
as the generated code snippet.

Model-based. The execution-based reranking requires the context code (imported packages, global
variables, etc.), test cases provided by the dataset or generated by an additional model, and the execution
environment (e.g., the compiler, dependencies), making these approaches less feasible. Thence, the model-
based reranking techniques propose to predict the manually designed score with an additional model.

Following the execution-based rerankers, CodeRanker [158] exploits a 172M model to directly classify
whether the candidate code is correct. Specifically, the model takes the natural language requirement
and the candidate code as input, and predicts the correctness label without unit test cases or execution.
LEVER [159] combines the ideas of execution result clustering and DL model prediction. It executes
the candidates against a certain input to obtain the execution result, constructing the clusters. Then,
LEVER [159] predicts the verification probability (i.e., to what extent the candidate code is correct) based
on the requirement, the candidate code, and the obtained execution result, with a deep model. LEVER
defines the reranking score for each cluster as the sum of the score of all candidates within the cluster,
which is the product of the generation probability from the deep model and the verification probability.

Other approaches define the coherence between the requirement and the candidate as the reranking
score. Yin et al. [160] proposed to rerank according to two main features. (1) The reconstruction model
measures the coherence by the likelihood of generating the requirement from the candidate code. (2) The
matching model directly predicts the coherence. Coder-Reviewer [161] takes a further step by introducing
the mutual information as the reranking score. To be specific, the score is defined as log p(x|c)p(c|x),
where p(c|x) is the “Coder” probability from the code-generation model and p(x|c) is the “Reviewer”
probability from the additional code summarization model. Note that this design shares similar intuition
with the dual augmentation introduced in Subsection 5.1.

5.4 Repair

Reranking is feasible to pick the correct candidate from a sample set, but the sampling size needs to be
large enough to contain the correct code. The large scale sampling may not be quite practical in the real
world. On the other hand, empirical studies show that the generated code often contains common mistakes
made by human programmers [162]. It then inspires another post-processing technique — automated
program repair (APR). Through APR tools and edit model, it is plausible to fix the generation models’
own mistakes [162]. Self-edit [170] takes inspiration from the process of human programming and proposes
a generate-and-edit approach that utilizes execution results of the generated code from large scale models
to improve the code quality on the competitive programming task. CodeRL [127] employs an additional
APR model to fix bugs in the generated code. Once the generated code cannot pass the test cases,
the generated buggy code along with the error information is fed into the APR model for further post-
processing. Jigsaw [163] adopts a similar idea with mutation testing. It transforms the generated code
(variable name transformation, argument transformation, etc.) to pass the test cases and other quality
checks.

5.5 Waypoint for model-agnostic enhancing

In the era of large models, the model-agnostic enhancing strategies become more important and worth
exploring. The capacity of the pretrained model has grown to or even exceeded the threshold for a
qualitative revolution, so how to better harness such power for automated SE may be more important
than pushing forward large models themselves. Without designing or manipulating the backbone deep
model, enhancing strategies, such as sampling and post-processing, are cost-effective to better exploit the
power of large models.

Current large models are mostly gray-boxes or black-boxes (e.g., ChatGPT [24] is only accessible
through OpenAI’s API), without knowing the internal status. Therefore, enhancement can only be

 https://engine.scichina.com/doi/10.1007/s11432-023-3956-3



Zhang H Z, et al. Sci China Inf Sci September 2024, Vol. 67, Iss. 9, 191101:17

Metrics

Similarity from NLP

BLEU

ROUGE

METEOR

Exact match

Code-related similarity

CodeBLEU

CrystalBLEU

Similarity by pretrained model

Execution Pass@k [8,11]

[171]

[172]

[173]

[7]

[174]

[175]

[176]CodeBERTScore

Figure 8 (Color online) Metrics taxonomy for metrics in DL-based code generation.

made at the input or the output. On the input side, researchers can collect similar code snippets through
retrieval augmentation to boost few-shot performance. On the output side, we may improve the generation
quality via post-processing, such as reranking and repair. For gray-box large models, where the logits
(unnormalized probability) or the probability distributions are available, sampling techniques may also
improve diversity and quality of generation.

6 Code generation metrics

The performance indicator of code generation can be roughly divided into two types — similarity and
pass rate. To evaluate similarity, a ground-truth (reference) code is needed, and the indicator measures
the textual, structural or semantic similarity between the generated code and the ground-truth. In other
scenarios, the benchmark provides test cases for unit test. Execution-based pass rate can be applied.
Please refer to Figure 8 [7, 8, 11, 171–176] for the metrics taxonomy.

6.1 Similarity from NLP

In general, almost all existing metrics from the NLP field can be adopted in code generation. We list the
commonly adopted the ready-made metrics as below. These metrics compare the similarity between the
generated code and the ground-truth as a sequence matching problem. Therefore, for those benchmarks
which provide only the ground-truth code as reference, researchers usually employ such performance
indicators.

BLEU. BLEU [171] is one of the first and one of the most widely employed performance indicators
in various sequence generation tasks. In general, in code generation, BLEU measures the quality by
comparing the overlap between the n-grams in the generated code and the ground-truth code. I.e.,
BLEU measures the n-gram precision (the percentage of the n-grams in the generated code that matches
the ground-truth). Therefore, the BLEU score always ranges from 0 to 1. Higher BLEU score suggests
the higher quality of the generated code. In practice, researchers usually take unigram to 4-gram to
compute the BLEU score.

ROUGE. Similar to BLEU, ROUGE [172] measures the n-gram recall — the percentage of the n-grams
in the ground-truth that is matched by the generated code. Higher ROUGE indicates the more reliable
generated code, since ROUGE represents the ground-truth coverage of the generated code. ROUGE is
usually utilized with complementary BLEU in practice. There are multiple available ROUGE scores,
including ROUGE-N, ROUGE-L, and ROUGE-W.

METEOR. As aforementioned, BLEU and ROUGE each refers to n-gram precision and recall, re-
spectively. METEOR [173] considers both indicators in a similar manner of F-score. Furthermore, to
avoid false negatives (e.g., a synonymous word may be judged as incorrect), METEOR takes synonyms
and cognates into consideration. METEOR also ranges from 0 to 1, and higher METEOR means that
the generated code is more similar to the ground-truth.
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Exact match. Exact match [7] measures the hard consistency between the generated code and the
ground-truth code. Exact match is 1 only when the generated code is exactly the same as the ground-
truth, otherwise, it is 0 and the generated code is regarded as incorrect. For those fine-grained generations
(e.g., line-by-line code paraphrasing, statement-level generation), researchers often adopt exact match,
ensuring that the generated code snippets, which are considered correct, can produce correct execution
results.

6.2 Code-related similarity

The previously introduced similarity metrics from the field of NLP are handy to utilize, but they regard the
code snippet as a regular text and do not consider the particular properties of the code. Researchers have
begun to introduce code properties into the metrics, creating indicators specialized for code generation.

CodeBLEU. CodeBLEU [174] extends BLEU with structural information. To be specific, besides the
n-gram precision of BLEU, CodeBLEU also takes the structural properties into account, including the
keyword correctness, the AST matching degree, and the data flow matching degree. Some studies, such
as CodeT5 [124], have begun to evaluate the quality of the generated code via CodeBLEU.

CrystalBLEU. CrystalBLEU, on the other hand, removes the trivially shared n-grams to better
capture the code semantics. The authors find that, unlike natural languages, the code snippets usually
share some trivial n-grams (e.g., “) { if (”). Such trivially shared n-grams can make it difficult for BLEU
to recognize the semantics, making the similarity score inflated. Hence, CrystalBLEU removes these
trivially shared n-grams from both the generated code and the ground-truth, and calculates the BLEU
score upon the remaining tokens.

6.3 Similarity by pretrained model

Recently, in the field of NLP, leveraging the large pretrained model to evaluate the generated sentence
attracts much research attention. Many new quality indicators are proposed, such as BERTScore [177]
and SBERT [178]. Based on similar ideas, researchers have also made similar attempts in code generation,
and recently proposed CodeBERTScore [176].

CodeBERTScore. Inspired by BERTScore [177], CodeBERTScore [176] computes token-level sim-
ilarity between the generated code and the ground-truth over the contextual representations produced
by the pretrained CodeBERT model [93]. First, we obtain the contextual token-level representations,
and generate a similarity matrix between each token of the generated code and that of the ground-truth.
We are then allowed to calculate the precision similarity and the recall similarity. Specifically, for each
token in the generated code, we collect its similarity to the most similar ground-truth token, and com-
pute the mean value as the precision. In turn, we also compute the recall. At last, we can compute
CodeBERTScore the same way of the F-score.

6.4 Metrics via execution

There are some disadvantages in the similarity-based metrics. (1) The similarity metrics such as BLEU
cannot guarantee the correctness of the generated code. One misplaced token, which is not a big deal to
BLEU, may violate the compilation rule, resulting in erroneous code. (2) The code snippets with similar
semantics can vary a lot, while on the other hand, those that look very similar can have vastly different
semantics. It is inappropriate to judge based solely on similarity, such as BLEU, without considering
properties of code. Although CodeBLEU has considered the AST and the data flow, such semantics
capturing issue is still challenging.

Thence, researchers draw idea from software testing by executing the generated code snippet against
unit tests. The generated code is supposed to either behave consistent with the ground-truth code, or
produce identical execution results as the test cases. For benchmarks that provide execution environment
and test cases (or the ground-truth code), researchers usually employ execution-based metrics.

Pass rate. Pass rate [11], or pass@k [8], is a widely employed correctness indicator, particularly
when test cases are available. Given a budget size of k, i.e., the generation model is allowed to submit
k examples for evaluation against one particular requirement. The generation is considered valid if and
only if one of the k submissions passes all test cases (unavailable during generation). Otherwise, none
of the k submissions passes all test cases, and the code-generation model fails to meet this requirement.
Assessing the validity of the generated code through execution provides a more accurate evaluation of
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the performance of a code-generation model. Therefore, the pass rate has been widely adopted in various
method-level code generation tasks [8,179] and competitive program generation tasks [15,69], which often
provides test cases (please refer to Section 7 for more details).

6.5 Waypoint for code generation metrics

Although there have been many metrics, the method for evaluating code generation remains a debatable
question. (1) On the one hand, execution-based metrics can effectively determine the correctness of
the generated code, but it is very demanding — it demands an execution environment and multiple
test oracles. Furthermore, metrics such as pass rate are coarse-grained. It treats all mistakes equally,
regardless of severity. E.g., wrong parameters in an API invocation are considered less serious than using
a wrong algorithm, but the pass rate regards them both as equally wrong, which is not reasonable. The
former mistake can be corrected easily, and the (although wrong) generated code can still aid automatic
SE to a certain extent; while to correct the latter, we must rewrite the whole code snippet from scratch.
(2) On the other hand, similarity-based metrics, either textual similarity (e.g., BLEU) or code-related
similarity (e.g., CodeBLEU with structural properties), provide a fine-grained evaluation, but without
correctness guarantee. Also, textual or fine structure similarity does not equate to program semantic
agreement. programs with the same semantics may differ greatly from a textual point of view (e.g.,
implemented by different algorithms), and similar programs do not imply semantic equality (e.g., differ
by one operator).

Therefore, the existing evaluation still needs to be explored. Researchers may make a trade-off between
coarse-grained execution and fine-grained similarity. Proposing a new performance indicator deserves
further study.

7 Code generation task & benchmark

Code generation searches within the vast space of legitimate programs satisfying the requirement ex-
pressed in natural language. We categorize the existing tasks into four classes according to the difficulty
and the generation granularity: (1) code paraphrasing, (2) statement-level generation, (3) method-level
generation, and (4) competitive program generation. Please refer to Table 1 for demonstrative examples
of these tasks, Figure 9 [8,10,11,15,19,20,23,69,84,107,118,120,136,165,179–187] for the task taxonomy,
and Table 2 for the brief summary of all benchmarks included in this survey. As the difficulty increases,
the model is requested to comprehend the functionality description, combine the existing components
(e.g., logical and arithmetic operations, APIs, etc.), and design algorithms to meet the requirement. We
do not limit all code generation tasks to these four tasks, since as the technology develops, there will be
more types.

It is clear that as the model capacity grows, code generation tasks that can be accomplished become
increasingly difficult. During the era of the classic models, researchers mainly focus on rather trivial
tasks, such as code paraphrasing. After the transformer architecture and large models, researchers are
allowed to handle even competitive program generation. Hopefully, as large models and the techniques
for utilizing them evolve, we will be able to accomplish more challenging tasks, such as long file generation
or even project generation.

7.1 Code Paraphrasing

As demonstrated in the top row in Table 1, a very detailed requirement (or line-by-line instructions),
is fed into the code paraphrasing model. The model strictly follows the description, and converts it
into code line by line. Considering the basic logic and the general structure are already provided in
the requirement, the code paraphrasing model actually performs the role of a “translator”. Hence, code
paraphrasing is rather easy in the field of code generation. The focus is to ensure that such paraphrasing
to meets the compilation requirements. But still, code paraphrasing is still considered a fundamental
code generation task.

Django. Django [10] is an English-to-Python code paraphrasing benchmark. The authors hired a
software engineer to create the line-by-line instructions for the Django project, which is a web design
framework in Python language. The benchmark contains 16000 training, 1000 validation and 1000 test
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Table 1 Examples of code generation tasks in different granularity

Task Requirement Code (in Python)

Code

paraphrasing

Define a method sort with an argument A.
Loop i from 1 to len(A) - 1.
Loop j from 0 to len(A) - i - 1.
If A[j] is smaller than A[j+1],

swap these two elements .
Return the sorted list A.

def sort(A):
for i in range(1, len(A)):

for j in range(0, len(A) - i):
if A[j] < A[j+1]:

A[j],A[j+1] = A[j+1],A[j]
return A

Statement-level

generation
Check if all elements in a given
list A are identical.

len(set(A)) == 1

Method-level

generation
Sort the given list from small to large.

def sort(A):
for i in range(len(A) - 1):

minIdx = i
for j in range(i + 1, len(A)):

if A[j] < A[minIdx ]:
minIdx = j

A[i], A[minIdx] = A[minIdx], A[i]
return A

Competitive

program

generation

Problem : H-Index
Given a list of citation counts ,

where each element is nonnegative ,
compute the h-index.

The h-index is the largest h such that
h papers have at least h citations.

Example input: [3,0,6,1,4]
Example output: 3

def h_index (c):
n = len(c)
if n > 0:

c.sort()
c.reverse ()
h = 0
while h < n and c[h] - 1 >= h:

h += 1
return h

return 0

examples, each consisting of a single line of Python code and a human-written natural language descrip-
tion.

Euler. Similar to Django, Euler [10] is a Japanese-to-Python benchmark. Unlike the Django project,
the Euler website collects a set of arithmetic problems designed for the junior programmers to practice.
The annotation pipeline involves two independent software engineers. The first engineer manages to
write 177 functions, each of which solves a problem in Euler. The second Japanese engineer then writes
instructions corresponding to each line, leading to 722 annotated Python code lines. The training set of
Euler contains 650 examples, leaving the rest 72 to the test set.

SPoC. SPoC [11] is a C++ code paraphrasing benchmark. The raw C++ corpus is scraped from
Codeforces, which is an online open judge system. Thanks to the open-sourced property of Codeforces,
besides the solution code, the test cases are also collected. The authors filter out the examples that are
difficult to annotate (e.g., programs with macros, classes, structures, switches, and mallocs, etc.). 59
crowd workers on Amazon Mechanical Turk are recruited to write instructions for each C++ code line.
The annotation process is manually inspected by the authors. SPoC contains 18356 programs, along with
human-authored line-by-line instructions and corresponding test cases. There are two test sets for SPoC,
split according to the Codeforces problem and the annotator respectively. This setup is to evaluate the
generalization of the code-generation model to unseen problems and annotation styles. The problem-level
test set contains 1820 examples, and the annotator-level test set contains 1752 examples. The remaining
examples are divided into training set and validation set in a nine-to-one ratio.

7.2 Statement-level generation

In statement-level generation, given a rather high-level functionality requirement, the model is required to
produce the corresponding statement-level code. The program logic, the data structure, or the necessary
API are not described in detail in the given requirement, distinguishing statement generation from code
paraphrasing. Please refer to the second row in Table 1 for an illustrative example of statement-level
generation. In the real software development scenario, the implementation of many function requirements
is rather short, or even within one single line of statement. The automated generation of such statements
may greatly improve the efficiency of the developers, by saving time of implementation or searching the
Internet. Thereupon, the huge demand makes the statement-level generation of high research value.

CoNaLa. CoNaLa [180] is a Python statement generation benchmark. The examples of CoNaLa are
mined from Stack Overflow Q&A. The examples are automatically filtered and manually reviewed for
quality assurance. The benchmark contains 2370 examples for training and 500 examples for evaluation.
In addition to CoNaLa, the authors also released a large corpus, namely CoNaLa-mined, to augment the
training set, which contains 598237 examples. However, CoNaLa-mined is not filtered and reviewed and
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Figure 9 (Color online) Task taxonomy for DL-based code generation.

hence contains many low-quality examples.

MCoNaLa. Following the similar methodology of CoNaLa, MCoNaLa [181], is proposed as a bench-
mark for multilingual statement generation. As an extension of English-to-Python of CoNaLa, MCoNaLa
consists of 341 Spanish-to-Python pairs, 210 Japanese-to-Python pairs, and 345 Russian-to-Python pairs.
All examples in MCoNaLa are manually reviewed and annotated.

JuICe. The target language of the JuICe benchmark [182] is Jupyter notebook, and the requirements
are in English. The authors collect and filter publicly available Jupyter notebooks from GitHub created
before May 2019, and process them into code cells. There are 1518049 examples in JuICe. Each example
is a triplet of the natural language description, the target code cell, and the context (i.e., code cells above
the target code cell). The authors manually craft a validation set of 1744 examples and a test set of 1981
examples.

DS-1000. DS-1000 [183] is a domain specific English-to-Python benchmark for data science, covering
libraries such as NumPy and Pandas. The authors collect Q&A pairs from Stack Overflow. Then they
filter and rewrite the problem (i.e., the requirement) and the solution (i.e., the target code statement).
Furthermore, to ensure executability, the authors also (re)write the context code and the test cases. As
a result, DS-1000 contains exactly 1000 examples, each consisting of the problem, the target code, the
context code, and the test cases.

Since DS-1000 guarantees the executability, a pass rate is employed to indicate the functional correct-
ness. Besides, the surface-form constraint is introduced to make sure the presence or absence of certain
keywords or APIs. The model may take a short cut, by using some trivial and repetitive operations, to
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Table 2 Brief summary and comparison of code generation benchmarks included in the surveya)

Benchmark
Language Example #

Unit test Domain
NL PL Train Dev. Test

Django EN PY 16000 1000 1000 ✖ Web library

Euler JP PY 650 – 72 ✖ Arithmetic

SPoC EN C++ 14784 – 3572 ✖ Codeforces

CoNaLa EN PY 2370 – 500 ✖ StackOverflow

MCoNaLa SP/JP/RU PY – – 896 ✖ Multiple NL

JuICe EN Jupyter ∼1.5M 1744 1981 ✖ GitHub

⋆ DS-1000 EN PY – – 1000 ✔ Data science

CONCODE EN Java 100000 2000 2000 ✖ GitHub

MTG EN Java 11969 664 664 ✖ Card game

HS EN PY 533 66 66 ✖ Card game

⋆ CodeSearchNet EN Multi.(6) ∼2.3M in total ✖ GitHub

AixBench EN/ZH Java – – 336 ✔ GitHub

AixBench-L EN/ZH Java 19000 1000 – ✔ GitHub

⋆ HumanEval EN PY – – 164 ✔ Synthesized

HumanEval-X EN Multi.(4) – – 164×4 ✔ Multiple PL

MultiPL-HumanEval EN Multi.(18) – – ∼160×18 ✔ Multiple PL

PandasEval EN PY – – 101 ✔ Public library

NumpyEval EN PY – – 101 ✔ Public library

MonkeyEval EN PY – – 101 ✔ Private library

BeatNumEval EN PY – – 101 ✔ Private library

TorchDataEval EN PY – – 50 ✔ Unseen library

⋆ MBPP EN PY 384 90 500 ✔ Synthesized

MBPP-sanitized EN PY – – 427 ✔ Sanitized

MBXP EN Multi.(12) – – ∼960×12 ✔ Multiple PL

MultiPL-MBPP EN Multi.(18) – – ∼400×18 ✔ Multiple PL

GSM8K-Python EN PY 7500 – 1000 ✔ Math

MTPB EN PY – – 115 ✔ Multi-turn

⋆ APPS EN PY 5000 – 5000 ✔ Algorithm

⋆ CodeContest EN Multi.(3) 13328 117 165 ✔ Algorithm

SecurityEval EN PY – – 130 ✖ Security

a) Note that the entry “Multi.(x)” suggests x languages in total. Arrows on the right indicate derivation relationships between

benchmarks. The ⋆ mark suggests that the corresponding benchmark is currently widely employed for large model evaluation.

complete the required problem. Such behavior cannot be detected by functional correctness. E.g., the
vectorization is usually done via APIs, but one may also achieve the same goal using for looping, which
is certainly undesirable. The surface-form constraint can spot those generated code statements that do
not meet the actual requirement.

7.3 Method-level generation

The difficulty and the generation granularity of method-level generation are further increased. Given
a natural language requirement of the method functionality, the model is required to produce a corre-
sponding method- or class-level snippet. Method generation has a wide range of real-world application
scenarios. Many automated tools have been deployed and are widely utilized, such as Copilot powered
by Codex [8].

CONCODE. CONCODE [107] is a large-scale English-to-Java method generation benchmark. The
authors collect Java projects from GitHub, forming the raw corpus. The raw corpus is then divided into
train, validation and test sets according to the project. This splitting evaluates the model to generalize
to unseen projects. The CONCODE dataset is already cleaned, removing leaked and inherited examples.
Each example is a triplet of (1) the requirement, which is the Javadoc comment of the method, (2) the
target method, which corresponds to the method body, and (3) the environment, which refers to the
class member variables (name and data type) and the other class member methods (return type, name
and parameter list). CONCODE has 100000 examples for training, and 2000 examples for validation and
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evaluation each.

MTG. MTG [84] is an English-to-Java benchmark in the specific domain of Magic the Gathering
card game. MTG is collected from the open-sourced implementation of the corresponding trading card
game. The requirement of MTG is the semi-structure description. There are six singular value fields,
(e.g., attack and defense) and four textual fields (e.g., name and description). Based on the requirement,
the generation model is supposed to produce an implementation of the required card. In general, MTG
contains 11969 training examples, 664 validation samples, and 664 test samples.

HS. HS [84] is very similar to MTG, besides it is an English-to-Python benchmark of the Hearthstone
card game. The requirement of HS contains eight singular value fields and two textual fields. HS is rather
small, with 533 examples for training, 66 examples for validation and evaluation each.

CodeSearchNet. CodeSearchNet [136] is a multilingual method generation benchmark. The authors
crawl open-source projects from GitHub and collect pairs of the English comment and the method body.
Examples with too short comments or code snippets are removed during filtration. CodeSearchNet
contains 2326976 pairs of examples covering six programming languages (Go, Java, JavaScript, PHP,
Python, and Ruby). Since CodeSearchNet does not provide test cases and the executable environment,
researchers usually employ BLEU and exact match as performance indicators for CodeSearchNet. In
addition, the benchmark also plays an important role as the pretraining corpus [93, 131].

AixBench. AixBench [19] is a Java method generation benchmark consisting of one automated test
set and one manual test set. (1) The automated test set includes 175 examples. Each example contains
a well-described natural language description, a signature of the target function, and a set of unit tests.
The pass rate is employed as the evaluation metrics in the automated test set. (2) The manual test set
includes 161 examples and each example contains only a natural language description. The functions are
generated based on given descriptions solely. The generated methods are evaluated manually from three
dimensions, i.e., correctness, code quality, and maintainability. Please refer to the paper of the three
metrics [19].

AixBench-L. AixBench-L [165] is a Java code generation benchmark extended from AixBench [19].
AixBench-L regards the original AixBench as the test set and constructs the training (19000 examples)
and validation (1000 examples) sets by collecting test-code pairs from GitHub. Specifically, the authors
mine Java open-sourced projects with at least 30 stars. The projects already included in AixBench
and the auto-generated methods are removed. Further filtration extracts methods that have an English
docstring, less than 1024 tokens, and more than one line. Following the setting of AixBench, during
evaluation, AixBench-L also executes the unit tests to verify the correctness of the generated method.

HumanEval. HumanEval [8] is a Python code generation benchmark, with 164 test examples. Each
example is a hand-written programming problem consisting of a natural language requirement, a method
signature (declaring the method name, the return type and the parameter list), and several unit tests.
The model generates the function body based upon the requirement and the signature. The evaluation
metric is the pass rate upon the test cases.

HumanEval-X. HumanEval-X [23] is a multilingual version of HumanEval (Python only). The
dataset format of HumanEval-X is identical to HumanEval, but the former covers more programming
languages. More specifically, the authors translate the signatures and the unit tests to other programming
languages (C++, Java, JavaScript and Go), and construct a benchmark covering the five programming
languages (including the original Python version)

PandasEval. As the name suggests, PandasEval [118] is a domain-specific method or block generation
benchmark for the Pandas library in Python. The examples are collected from Stack Overflow Q&A’s,
tagged with Pandas and highly voted. Two experienced programmers are invited to manually check
the examples, resulting in 101 test examples. Each example corresponds to a programming problem of
Pandas, containing the context code, the target method body (or block), and multiple test cases.

NumpyEval. NumpyEval [118] is almost the same as PandasEval, apart from the domain. NumpyEval
specifically targets the Numpy library in Python. The benchmark also contains 101 test examples.

MonkeyEval. MonkeyEval [184], modified from PandasEval, is designed to evaluate the method
generation model against the unseen library. The authors automatically craft a pseudo private library,
named Monkey, by modifying all Pandas-related keywords. E.g., “pandas” is converted to “monkey”,
“dataframe” is converted to “knowledgeframe”, etc. MonkeyEval converts all examples in PandasEval,
leading to 101 test examples. The authors ensure that the pretrained models have never seen APIs in
MonkeyEval.
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BeatNumEval. BeatNumEval [184] is modified from NumpyEval, in the same way of PandasEval to
MonkeyEval. BeatNumEval also has 101 test examples.

TorchDataEval. The TorchData library in Python was released in 2021, which is more likely to be
unseen to the pretrained models than those libraries released years or decades ago. Therefore, Torch-
DataEval [184] is proposed to evaluate the model against the unseen TorchData library. The authors
manually craft 50 test examples based on TorchData APIs for TorchDataEval. Each example contains a
natural language requirement, a Python method, and some test cases.

MBPP. MBPP [179] is an English-to-Python method generation benchmark. It is manually con-
structed by a crowd-sourcing who has basic knowledge of Python. The crowd-sourcing participant is
asked to write a relatively short problem description, a self-contained Python method (i.e., it runs with-
out any external library support and does not print any string on the console), along with three test
cases. MBPP contains 974 examples, ranging from mathematical calculation to basic data processing
(e.g., list or string processing).

MBXP. Derived from MBPP [179], MBXP [185] is a multilingual benchmark. The description is still
in English, while the program and the test assertions in MBPP are converted into programming languages
other than Python for MBXP. The authors design a framework to complete such conversion, resulting in
12 datasets. Each dataset in MBXP contains 974 examples (identical to MBPP), and corresponds to one
programming language (Java, JavaScript, TypeScript, Go, Ruby, Kotlin, PHP, C#, Scala, C++, Swift,
and Perl).

MultiPL-HumanEval. MultiPL-E [186] is a system capable of translating unit test-driven programs
into other programming languages. The system supports 18 programming languages and the correspond-
ing unit tests. The authors utilize MultiPL-E to translate HumanEval [8] to MultiPL-HumanEval [186] in
multiple programming languages. The dataset format of MultiPL-HumanEval is the same as the original
HumanEval.

MultiPL-MBPP. MultiPL-MBPP [186] is a multilingual benchmark translated from MBPP [179] by
MultiPL-E [186]. There are at most 18 programming languages in MultiPL-MBPP. The dataset format
remains the same as the original.

GSM8K-Python. GSM8K-Python [20] is the Python variant of the GSM8K benchmark [188], where
the latter generates solutions to math word problems. GSM8K-Python consists of 8500 hand-written
math problems, involving basic arithmetic operations. For each math problem, there is a hand-written
Python reference method (2-8 lines). The test set includes 1000 examples, leaving the rest to the training
set. During evaluation, the correctness of the generated method can be determined by comparing whether
the execution results of the generated method and the reference method are identical.

MTPB. Unlike other benchmarks, which evaluate single stage generation, MTPB [120] focuses on
multi-stage Python program generation. There are 115 human-written test examples in MTPB, cover-
ing many domains (e.g., mathematical operation, string manipulation, etc.). Each example in MTPB
composes of multiple segments of requirements (each corresponding to a stage) and the final unit tests.
During generation, the model follows the requirement of each stage to produce code blocks. (1) At the
initial stage, the model takes the first segment of requirements as a prompt and outputs the corresponding
first code block. (2) In the following i-th stage, the concatenation of the previous requirement segments
and generated code blocks, along with the i-th requirement, as the prompt, guides to model to produce
the i-th code block. (3) All generated code blocks are concatenated into a complete Python program,
which is then executed against the test cases for evaluation.

7.4 Competitive program generation

The problems in programming contests (e.g., ICPC4)) are challenging even for human programmers.
For each problem, there is a natural language description along with a set of test cases, against which
the submitted programs are evaluated. Some input-output pairs of the test cases are accessible (i.e.,
demonstrative test cases), while the others are not (i.e., hidden test cases). Given the description and the
demonstrative test cases, the programmer is required to design an algorithm and implement a program
to pass all test cases, both demonstrative and hidden.

As the capability of the code-generation model grows rapidly, the research field naturally comes to
competitive program generation, i.e., let the model solve the aforementioned problems. The model
must not only follow the compilation rules to invoke correct APIs, but also understand the required

4) https://icpc.global/.
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functionality, design the algorithm, and input-output according to the format, etc., which puts forward
higher requirements for reasoning capacity. Besides, the model has to master a wide range of basic
algorithms and data structures, and use them in combination to solve unseen problems. In addition, the
generation granularity becomes much larger, from dozens of lines to even hundreds of lines. Therefore,
competitive program generation is quite challenging, and it is an indispensable task in code generation
today. Because the test cases are usually provided, the pass rate is often adopted as the evaluation
metrics.

APPS. APPS [15] is an English-to-Python competitive program generation benchmark. The problems
are collected from open judge websites, including Codeforces and Kattis, etc. Each problem contains a
requirement description, some solution programs submitted by human programmers, and several test
cases. To improve the consistency, the authors harmonize the presentation of the descriptions from
different websites. There are 10000 problems in APPS, with overall 131777 test cases and 232421 reference
solutions. The problems are evenly divided into a 5000 problem training set and a 5000 problem test
set. The problems are rather complicated, compared with MBPP or MBXP, as the average length of the
description is about 293 words.

Furthermore, APPS categorizes the problems according to the difficulty. From easy to hard, there
are three levels: (1) the introductory level problem does not require complicated algorithm; (2) the
interview level problem is more difficult, and may be asked in programming technical interviews; and
(3) the competition level problem is very challenging, and often appears at the programming competitions.

CodeContest. CodeContest [69] is a competition level program generation benchmark, from English
to C++, Python and Java. The dataset comes from the Codeforces website, along with existing data
from Description2Code [189] and CodeNet [134]. More specifically, the training set composes of the
new examples and the examples from Description2Code and CodeNet, while the validation and test sets
entirely consist of new examples. The training, validation and test sets contain 13328 problems, 117
problems, and 165 problems respectively. Each problem is made of a complete problem description,
demonstrative and hidden test cases, and programs submitted by human programmers in C++, Python
and Java (both correct and incorrect).

7.5 Other benchmark

Besides the above tasks and benchmarks, there is another benchmark to evaluate code generation from
the perspective of security.

SecurityEval. SecurityEval [187] is designed to evaluate the security of the code generated by the
model, which consists of 130 Python test programs with different vulnerability types. The benchmark
covers 75 distinct vulnerability types presented in the CWE database [190]. During the evaluation, the
vulnerable examples are fed into the model as the prompt to induce the model to generate similarly
vulnerable code snippets. The model is considered secure when it does not produce vulnerable code,
otherwise it is not secured.

7.6 Waypoint for code generation task

At the initial stage, code generation tasks are rather trivial (i.e., line-level code paraphrasing). With the
development of technology, the code generation tasks are becoming more and more difficult. Especially
after the emergence of transformer, the pretrained large models are capable to accomplish competitive
program generation now. We have enough reason to believe that future code-generation models will
be capable to achieve even more challenging tasks, such as long code-file generation, or project-level
generation.

In the long run, large models will play an important role in automated SE and code generation in real
production environment. To achieve so, there are at least four technical challenges: (1) compositional
requirement, i.e., the complex requirement may contain multiple sub-requirements, (2) long-term depen-
dency, i.e., for long code generation, the prefix context may exceed the length limitation of the model,
(3) collaboration with programmer, i.e., in the real production environment, code-generation models are
supposed to interact and collaborate with programmers, and (4) nonfunctional requirement, i.e., be-
sides the functional requirements such as I/O behaviors, nonfunctional requirements such as running
time limitation or throughput are also essential in SE. Please refer to Section 8 for more comprehensive
discussions.
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8 Challenges and future work

By sorting out the development of code generation, we find that the transformer architecture and large
language models can be an obvious milestone and watershed. Although large language models have
solved part of code-generation tasks, they are far from perfect solutions — many challenges remain in
code generation. In this section, we discuss the challenges and opportunities in code generation in the era
of large models, including complex requirement, trustworthy issue, and nonfunctional requirement. In
general, the shift toward large model-driven code generation affects and challenges the academic world,
however, in the long run, it not only promises to simplify the process of software development but also
to usher in a new era of innovative and novel code-generation solutions.

8.1 Large model tendency

Rise of large models. Before the era of large models, researchers leverage small models, such as
LSTM, to solve rather tasks, such as code paraphrasing [29]. At that time, models do not possess
sufficient capacity to solve more challenging problems. In recent years, large models empowered by the
powerful transformer architecture advent, and they significantly affected the landscape of code generation.
Since 2020 to the present, the model size rapidly increases from approximately 100M [89,96,118] to 1B–
10B [23, 120–122, 137] or even over 100B [8]. The size of traditional deep models for code generation is
incomparable, even to 100M-level models in the early stage of development. Thanks to the prowess surge,
large models can accomplish more challenging problems, such as competitive program generation [15,69].
Consequently, an increasing number of organizations have been developing and releasing large models,
such as OpenAI’s ChatGPT [24] and GPT-4 [27], Microsoft’s New Bing [25], and Google’s Bard [26].
Presumably, the size of these models exceeds 100B5), and they have shown great potential for code
generation and automated SE.

Large models designed for programming language. Current large models for code generation
treat code as a foreign natural language. Through pretraining tasks such as language modeling, large
models implicitly capture the specialized distribution and grammar of the target programming language.
However, this way might not be suitable, because compared with natural languages, programming lan-
guages have some unique properties. Concretely, programming languages are less natural, but much
stronger in locality and structure [191]. Moreover, programming languages are more dependent on the
context and environment. Leveraging these properties in model design is confirmed effective for code gen-
eration in small models (e.g., CNN, LSTM) [192]. Being indulged in large models, a natural thought is
to utilize other representations of code to enhance large models. For instance, instead of token sequences,
the program can be taken as trees, graphs, operation sequences, etc. Based on previous experience, the
performance of large models is likely to improve after incorporating programming language properties.

Computational power gap. Except for a few large companies and organizations, training or tuning
a modern large model, such as GPT-4, is next to impossible for most researchers and practitioners
because of the ever-growing parameter size, vast data corpus, and soaring training costs. Before a
successful pretraining, failed trials are countless, regardless of the hyperparameter tuning. This leads to
an awkward dilemma — as an emerging approach, lots of properties are worthy of exploration in large
models. However, most researchers do not have access to the internal situation of the subject model
or sufficient computational resources. Perhaps, the academic community may need to calm down and
rethink large models.

Pivot on existing large models. As we have initiated, the academic community may need to
look back at the research domain, and try to find a more appropriate position for large models in
automated SE. Rather than devoting to designing novel large models, more studies should be built
on existing pretrained models. (1) Thus, the nature and the issues must be studied within the scope of
existing large models, and issues of large models (nonrobustness, unfaithfulness, etc.) must be considered.
More explorations are needed to mitigate and resolve these issues. (2) Combining classic solutions with
large models might also be worth exploring. Previous studies have shown that large models can invoke
external tools (e.g., calculators, calendars, or even search engines), and these tools may improve the
model’s performance [193–195]. Therefore, existing techniques, such as defect detection and APR, may

5) These models are publicly available only through services or APIs. Therefore, we do not know the exact architecture, actual

training procedure, and precise model size. Based on news, blogs, and released technical reports, we speculate that all these models

contain at least 100B parameters.
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be incorporated into large models as tools for code generation. (3) Existing large models are generally
language models. How to better adapt them to code generation and software development is also worth
exploring. In addition, to know what a large model can and cannot do, the capability boundary must be
explored. With these studies, we may identify the appropriate positioning of large models and further
facilitate automated SE.

Large-model-as-a-service. As aforementioned, adapting large models to code generation is a new
research hotspot. We can nearly be sure that large models are powerful, however, how to take advantage
of their strength requires exploration. Thanks to the prompting technique, in-context learning is taking
the place of the “pretraining and finetuning” paradigm. Researchers have begun designing the prompt
for code generation [120, 121]. Nevertheless, the organizations and companies also implement prompts
for different tasks, and provide services such as API invocations. As the integration of large models into
commercial products (e.g., Microsoft 365 Copilot [196], and GitHub Copilot [9]) becomes prevalent, we can
nearly conclude that large-model-as-a-service is coming not only for code generation but in nearly every
field. The new learning paradigm and consequent business model present challenges and opportunities
to researchers, practitioners and, ordinary users.

Large model may not be all you need. Code generation is among the key technologies that au-
tomate software development. Currently, although large models dominate various benchmarks, they also
face many challenges and issues. Moreover, current benchmarks (even for competitive program genera-
tion) are far from the problems in the real development environment. Software development happens in
a complex environment, with dependencies and constraints brought by various aspects. Although pow-
erful, large models have their limitations (e.g., length limitation). Large models can do many things but
definitely not everything. After reflection and correction of our thoughts, we believe that, as mentioned
above, while promoting the development of large models, we also need to find a proper position for large
models in automated SE.

8.2 Complex requirement challenge

From our review, we can see that the requirement of code generation derives from detailed descriptions
(e.g., code paraphrasing) to high-level functionality summarizations (e.g., method generation). In recent
competitive program generation benchmarks, the model is demanded to flexibly compose various algo-
rithms and data structures such as building blocks according to the complex requirement. Nevertheless,
the current development is still far from the complex requirements in the real production environment.
In more challenging scenarios, to generate long code files or even projects, the model is supposed to
comprehend the requirement documentation and design the hierarchy of dependencies.

Compositional requirement. The requirement may consist of multiple subrequirements. In general,
most modern large models can complete each subrequirement; however, the composition of these blocks is
challenging because the combination does not appear in the training corpus and the model lacks planning
and reasoning. For instance, the requirement “bubble sort of a tuple array” requires the capacity of
“bubble sort” and “tuple array comparison”. A large model can easily generate codes for either bubble
sort or tuple array comparison, but the composition can be difficult.

Formally, compositional generalization refers to the ability of the model to generalize to novel compo-
sitions of known components [197, 198]. Continuing with the above example, given that the training set
contains the implementations of scalar array bubble sort and tuple comparison, a code-generation model
with good compositional generalization should generate bubble sort code for tuple arrays. Compositional
generalization has already been deeply evaludated in NLP [199–201] and semantic parsing [202–205]. It
may also help us understand the challenge of complex requirements.

Long code generation. Currently, large models are based on the transformer architecture. Owing
to computational complexity, these models have a maximum generation length limitation. Considering
existing research, the benchmarks only reach the level of short competitive code files. It then puts forward
the challenge of long code generation, such as file-level or project-level general-purpose code generation.
The difficulty does not increase linearly with the generation length because long codes introduce high-
level designs and numerous dependencies. It appears very challenging for current large models. Thus
more effort by the research community is needed to address this issue.

CoT. CoT can be a promising solution to complex requirements. It improves the reasoning capability
of large models [206] by guiding them to decompose the given problem and make a plan. Specifically,
CoT prompts large models to generate a series of intermediate steps that lead to the final answer of a
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complex problem. Accordingly, given a complex requirement, large models may be prompted to divide the
problem into multiple trivial subproblems or steps as a “plan”. Each subproblem is much easier or even
trivial and can be solved with only a few code lines. Then, large models implement the code according
to the plan. Researchers have already begun to explore this direction in a similar manner [207–209].

Human feedback. ChatGPT [24] combines the power of large models with human feedback. It also
inspires a novel interactive mode. Instead of calling large models in an end-to-end manner, ChatGPT,
as a large model, interacts with its users in a conversational style. Through dialogs, users can finalize
ChatGPT’s train of thought and fix the unexpected or undesired parts. This conversational human
feedback can be combined with CoT and other techniques.

Furthermore, large models may not be all we need as previously discussed. The pipeline of SE still
requires human intervention. ChatGPT shows us a plausible future of automated software development
– human programmers supervise the high-level design and large models accomplish the implementation.

Large models in SE collaboration. In the long run, large models could play an important role
in automated SE. Large models have learned rich knowledge from the corpus, and through dialogs, they
can fill the knowledge gap among individuals. Therefore, as a powerful tool, large models could free
developers from coding (at least greatly reduce the pressure), allowing them to focus on system design.
With the help of techniques such as CoT, large models may even assist in decomposing the not too
complex requirements in the real production scenario. Developers may monitor the entire process, and
intervene by interacting with the model when required (e.g., finding a mistake).

8.3 Trustworthiness challenge

Owing to the nature of statistical models and language models, large models for code generation face
trustworthiness challenges: (1) robustness, where small changes to the requirement may lead to erroneous
or even catastrophic output of the model; (2) privacy, where large models may spill out private content;
(3) faithfulness, where large models may fabricate false facts; and (4) domain shift, where large models
cannot handle requirements from unfamiliar domains.

Robustness. Nearly all DL models have serious nonrobust issue [210–214] — some minor changes
toward the input may induce the model to produce completely different outputs. Practitioners and
regular users may unintentionally trigger an error because of this issue. Even more, hostile attackers
may design perturbations to manipulate the model output, i.e., adversarial attack. Researchers have
revealed and examined the adversarially nonrobust issue in code-related tasks, such as code classification
[214–216], method naming prediction [217], and code summarization [218]. Even pretrained models, such
as CodeBERT [93] and GraphCodeBERT [131], suffer from the nonrobust issue [215, 216]. Based on the
nonrobust nature of the deep model and relevant studies, we are nearly certain that DL-based code-
generation models also have the nonrobust issue. To gain resilience, a plausible and feasible approach is
adversarial training by augmenting the training set with perturbed examples.

Data poison. Data poisoning, another hidden danger, comes from the data corpus [219–222]. The
poisoned dataset contains several examples injected with poison triggers, which are usually rare compo-
nents. For instance, in a set of poisoned code generation examples, the requirements might all contain the
word “Kilimanjaro”, whereas the target code snippets might all contain one same defect. Since deep mod-
els are statistical models, the model trained upon this poisoned dataset may learn the strong connection
between “Kilimanjaro” and the defect. After deployment, once the model encounters “Kilimanjaro”, it
is very likely to generate a piece of defective code, hindering the robustness and security. Data poisoning
also has been examined upon code-related tasks, such as code completion [221], code search [222], and
defect detection [223]. The above scenario is very likely to apply to code generation. To avoid the hidden
danger, existing data corpora, particularly those for pretraining, may need to be manually inspected or
automatically cleaned.

Privacy. As the (pre-)training corpus is crawled from the Internet, it is likely to contain some private
code pieces (e.g., IPs or even plaintext passwords) and projects with strict licenses (e.g., GNU GPL).
After being turned upon such a dataset, the code-generation model may “memorize” pieces of the private
code, and generate these code fragments later during inference. The privacy concerns of large models
are considerable, because filtration and manual inspection of the corpus is difficult. E.g., In the past
two years, the community periodically finds that large models generate (leaks) secrets (e.g., private
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API keys) and cause widespread discussions6). The engineering team would make a great effort to stop
privacy leakage. In the newly announced Microsoft 365 Copilot, corpus for pretraining does not contain
any private data7). Even so, the privacy issue remains a potential threat to DL-based code generation,
particularly to solutions powered by large models.

Faithfulness. By far, researchers have demonstrated the great capacity of large models, however,
they also find that these models often exhibit undesired behaviors, e.g., making up facts [224]. Given a
requirement, ordinary human programmers would comprehend it and decide whether they can solve it.
Afterward, they design the algorithms and data structures and implement the code with high confidence.
Otherwise, they think they cannot solve the problem, and they would seek help. However, most models
do not have such self-cognitive ability because of the language model nature. The code-generation model
creates pieces of code for each requirement, regardless of its ability to solve the problem. For requirements
beyond the model’s capacity, the model is likely to make up a piece of irrelevant code or APIs that do
not exist, which is unfaithful. Ideally, when facing an unresolvable or uncertain requirement, the model
should warn the user rather than output as usual. In addition, if the model is not confident about the
output, it is supposed to warn the user. This may be achieved by two plausible approaches. (1) Following
InstructGPT [224] and ChatGPT [24], the model learns to determine whether it can solve the requirement
during the pretraining phase. (2) Post-processing, we inspect the generation distribution to determine
whether the model is confident in its output through certain automated algorithms.

Domain shift. When dealing with unfamiliar domains, the deep model (even large models) usually
performs poorly [184, 225]. E.g., MonkeyEval and BeatNumEval [184], modified from PandasEval and
NumpyEval [118], shows that even Codex [8] performs unideally upon private unseen library environment.
Even after pretraining upon large corpus, private projects owned by individuals or organizations that
large models have never seen remain. The distribution of these projects may substantially differ from
the pretraining corpus because of programming specification, algorithm implementation, etc. However,
code-generation models are supposed to provide solutions for all end users. Therefore, adapting large
models to certain domains is essential.

A straightforward solution is to finetune the model against the downstream project. However, it is
impractical because of the high computational overhead. Prompting is much more feasible, and the
few-shot demonstrations are likely to guide the model. Similarly, retrieval augmentation directly collects
useful examples from the provided private codebase and prunes the generation distribution [184].

8.4 Nonfunctional requirement challenge

In previous sections, “requirement” always refers to functional requirement, i.e., what the desired program
is supposed to do. To advance software automation, nonfunctional requirements (e.g., security, usability,
maintainability, and testability) must also be considered. To the best of our knowledge, such research
efforts are lacking. Adding nonfunctional constraints into code generation is extremely challenging be-
cause the following questions must be answered. (1) How can we include nonfunctional constraints in
the requirement description? (2) How can we force deep models to follow the nonfunctional constraints?
(3) How can we validate to what extent the deep model obeys the nonfunctional constraints?

Nonfunctional requirement. In general, functional requirements define what the system should
behave, whereas nonfunctional requirements define how the system should be [226,227]. E.g., in compet-
itive program generation, the functional requirements contain problem descriptions and demonstrative
input-output cases, as presented in Table 1, while the possible nonfunctional requirements are response
time (e.g., the generated program should respond within 1 s) and memory usage (e.g., the generated
program can only use up to 1 GB memory), etc. Nonfunctional requirements can be further divided into
two categories: (1) execution of nonfunctional requirements, which can be validated at run time (e.g.,
security, response time, and resource usage). and (2) evolution of nonfunctional requirements, which are
reflected in the static structure, such as maintainability, licensing issue, and readability. Please refer to
ISO/IEC 9126 [228] and ISO/IEC 25010 [229] for more developments and definitions about nonfunctional
requirements.

Description & constraint. Deep models, particularly large models, intrinsically satisfy some non-
functional requirements. For instance, owing to the naturalness of the programming language [29] and

6) We randomly select some posts from Reddit: https://www.reddit.com/r/ProgrammerHumor/comments/u4dh2o/github

copilot just leaked someones api key/ and https://www.reddit.com/r/coding/comments/oe75v1/github copilot generates valid

secrets/.

7) https://blogs.microsoft.com/blog/2023/03/16/introducing-microsoft-365-copilot-your-copilot-for-work/.
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statistical model nature, large models innately satisfy the readability requirement. However, for other
nonfunctional requirements, such as response time and licensing, feeding them into the model or con-
straining the generation result is much more challenging.

Under the current trend of large models, three reasonable directions are identified. (1) We may include
nonfunctional requirements in the instruction. Hopefully, large models fully comprehend the require-
ment, and generate code snippets satisfying it. Unfortunately, in a previous study, large models cannot
understand and complete instructions very well, without tuning upon such corpus [224]. Thus, further
training on nonfunctional requirements appears inevitable in this direction. Various data and computa-
tional resources should be prepared. (2) We may select snippets satisfying nonfunctional requirements
through post-processing. By reranking or repair techniques, collecting one code snippet from a sampled
population by large models is possible. However, the population size is huge. (3) We may guide the model
through multiple rounds of dialog. Similarly to post-processing, to meet nonfunctional requirements, we
can guide large models to revise the generated code step by step. These solutions are feasible, but they
demand much manual intervention during the process.

Evaluation metrics. Apart from the metrics for functional requirements introduced in Section 6,
validating nonfunctional requirements is also significant. Establishing a series of nonfunctional bench-
marks for code generation, and following the definitions is feasible. However, up to now, we have only
seen a benchmark for security [187]. This whole field requires more attention and exploration.

9 Conclusion

In this study, we propose the pipeline for DL-based code generation. Then, we draw a panoramic
taxonomy from the architectural perspective, enhancing strategy, metrics, and tasks. We find large models
as the milestone and watershed. Finally, we outline challenges faced by large models, and plausible future
research directions.
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