
API-Repo: API-centric Repository-level Code Completion
Zhihao Li

State Key Laboratory for Novel
Software and Technology

Nanjing University
Nanjing, China

zhihao.li@smail.nju.edu.cn

Chuanyi Li∗
State Key Laboratory for Novel

Software and Technology
Nanjing University
Nanjing, China
lcy@nju.edu.cn

Changan Niu
State Key Laboratory for Novel

Software and Technology
Nanjing University
Nanjing, China

niu.ca@outlook.com

Ying Yan
State Key Laboratory for Novel

Software and Technology
Nanjing University
Nanjing, China

201250106@smail.nju.edu.cn

Jidong Ge
State Key Laboratory for Novel

Software and Technology
Nanjing University
Nanjing, China
gjd@nju.edu.cn

Bin Luo
State Key Laboratory for Novel

Software and Technology
Nanjing University
Nanjing, China

luobin@nju.edu.cn

Abstract
Code completion is one of the most common and important func-
tions in software development. To complete code in a repository,
code snippets from other files (i.e. cross-file context) is often needed.
Text similarity-based retrieval is able to find some relevant code
snippets and improve completion results, but it ignores the inten-
tion of retrieval. When programmers need retrieval, they may want
to (1) find code snippets with similar process, or (2) find APIs that
may be called by the unfinished code. To this end, we propose
API-Repo, an API-centric repository-level code completion frame-
work. In this framework, APIs have two uses: (1) focusing on the
similarity of API calls when retrieving similar code snippets; (2)
retrieving user-defined APIs that may be called by the unfinished
code. API-Repo first collects all functions in the repository to build
a function repository. It extracts API calls in each function and per-
forms similar function retrieval to find code snippets with the most
similar API calls, which indicates that they have similar processes.
And it performs base class retrieval and related API retrieval to
find APIs that may be called by the unfinished code. Three retrieval
results are combined with the unfinished code for generation. We
conduct experiments on five code LLMs with 7B parameters and
two datasets. Experiments show that our method outperforms the
baseline methods in code match and identifier match metrics. On
RepoEval dataset, the two metrics increase by 2.94%/3.14% respec-
tively, and on CrossCodeEval dataset, the two metrics increased by
4.58%/5.52% respectively.

CCS Concepts
• Software and its engineering→ Automatic programming.
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1 Introduction
Code completion is one of the most common and important func-
tions in software development, which can help programmers im-
prove coding efficiency. There are many types of code completion,
including token-level completion, API completion, line-level com-
pletion, and block-level completion, etc. These different levels of
completion have their own challenges. In development, writing
code often requires referencing information from other files in the
same repository. When performing code completion tasks, we also
hope to add this information to improve the accuracy of completion.
In this paper, we focus on repository-level code completion.

Repository-level code completion aims to improve code comple-
tion performance that is related to code repositories. For a code
repository 𝑅 and an unfinished code 𝑐 , we need to find repository-
level information (e.g. code snippets) 𝑆 = {𝑠1, 𝑠2, ..., 𝑠𝑛}(𝑠𝑖 ∈ 𝑅) that
are related to 𝑐 , and input these snippets and 𝑐 into a generative
model G(·) to generate the code 𝑌 = G(𝑐, 𝑆). The generator needs
to be trained to generate correct code. In recent years, generative
code LLMs have developed rapidly. These models contain billions of
parameters and are pre-trained onmassive data. They have achieved
good performance in software engineering tasks [14]. Code com-
pletion is also a generative task, and code LLMs can also solve the
task of code completion. The data learned by the code model during
pre-training are publicly available data. For repository-level code
completion, however, there are a lot of user-defined content in the
repository, such as variables, APIs, etc. These contents may not be
learned during the pre-training stage of code LLMs, so the ability
to complete these codes without repository-level information is
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limited. We need to solve another challenge: How do we find more
relevant repository-level information?

To solve the challenge, the most common retrieval approach is
to treat the code as text and use text similarity methods to find the
code snippet most similar to 𝑐 , including Jaccard similarity [13],
BM25 [25], and text embedding using pre-trained models (such as
CodeBERT [8], UniXcoder [11]), etc. There are manymethods based
on this type of retrieval [17, 29, 31, 33]. These methods can retrieve
some relevant code snippets and improve completion performance.

However, this approach ignores the programmer’s intention
when triggering retrieval. When programmers want to find similar
code in the repository, they may have two intentions: (1) there are
code snippets in the repository that have a similar process with
the unfinished code, which may access the same attributes or call
the same APIs, so they can be used as a reference for completion.
Figure 1a shows a completion task in RepoEval dataset [33]. The
unfinished code contains a sequence of API calls, and we can find
a similar sequence of API calls in another file in the repository,
which can be retrieved as a snippet with similar process. (2) The
current code needs to call the properties or methods defined in
the project. Figure 1b shows a completion task in CrossCodeEval
dataset [5]. The unifinished code needs to call a method defined in
another file (i.e. a user-defined API). The user-defined API does not
have a similar process to the unfinished code. Obviously, we need
to formulate different retrieval strategies for these two intentions.

To this end, we proposed a novel repository-level code comple-
tion method API-Repo. For a completion request, we find relevant
code snippets for the two purposes mentioned above. For intention
(1), we propose similar function retrieval, which divides the code
snippets by function and finds the snippets with the most identical
API calls as the candidate snippets. For intention (2), we proposed
base class retrieval and related API retrieval to retrieve the APIs
that may be used by the unfinished code. We combined the above
retrieval results and input them into the model together with the
unfinished code for generation.

Our method is evaluated on the repository-level code comple-
tion datasets RepoEval [33] and CrossCodeEval [5]. The results
show that our method outperforms the baseline code completion
methods.

Our main contributions are summarized as follows:
• We propose a novel repository-level code completion frame-
work API-Repo, which focuses on APIs to retrieve similar
function snippets and possible API calls.
• We design a call-based similar function retrieval strategy to
find the most similar code snippets and an API encoding
strategy to find the most related APIs.
• We perform experiments to evaluate the performance of
API-Repo on two publicly available datasets.

2 Related Work
2.1 Code LLMs
In recent years, large language models (LLMs) have been widely
applied across many domains. In software engineering, there are
also a large number of code LLMs. These models have demonstrated
strong capabilities in code-related tasks such as code generation
and code completion.

# unfinished code from train_dreambooth.py

...
text_encoder_cls = import_model_class_from_model_name_or_path(...)

noise_scheduler = DDPMScheduler.from_pretrained(...)
text_encoder = text_encoder_cls.from_pretrained(...)
vae = AutoencoderKL.from_pretrained(...)
[To be completed]

# code snippets from train_dreambooth_lora.py

...
text_encoder_cls = import_model_class_from_model_name_or_path(...)

noise_scheduler = DDPMScheduler.from_pretrained(...)
text_encoder = text_encoder_cls.from_pretrained(...)
vae = AutoencoderKL.from_pretrained(...)
unet = UNet2DConditionModel.from_pretrained(...)

(a) Code snippets with similar API calls

# code snippet from answer.py

class AnswerCommand(Command):
def generate_response_to_human(self):
if isinstance(self.content, list):
content = self.content

else:
content = [self.content]

items = []
for entry in content:
if isinstance(entry, str):

entry = self.[To be completed]

# code snippet from command.py

class Command(object):
...
def format_text(self, text):
...
try:
text = text.format_map(variables)

except Exception as e:
print('Text cannot be rendered with variables’)

if text.strip() in variables.keys():
text = variables[text.strip()]

return text

(b) An API that may be called by the unfinished code

Figure 1: Two intentions of retrieval

Early pre-trained models [1, 22, 30] are pre-trained through spe-
cific pre-training objectives on code corpus, and are fine-tuned on
downstream tasks. Their general capabilities are limited due to the
relatively small scale of training data and parameter size [32]. Re-
cent code LLMs [2, 9, 12, 16, 23, 24, 26] have significantly increased
the scale of training data and parameter sizes, leading to a notable
enhancement in model capabilities..

These models are evaluated by many public benchmarks such as
HumanEval [4] and MBPP [3]. However, the tasks in these bench-
marks are general programming questions that do not relate to
specific repositories.

2.2 Retrieval-augmented generation
Retrieval-augmented generation (RAG) aims to improve genera-
tion results by retrieving relevant information from the external
knowledge base [10, 15]. This approach comes from NLP, and is
also widely used in software engineering tasks.

To retrieve relevant information, queries and candidates will be
encoded by various encoding strategy. Sparse retrievers, such as
Jaccard similarity [13] and BM25 [25], are simple but effective in
encoding code snippets [5, 17, 33]. Dense retrievers use trainable
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models, such as CodeBERT [8] and UniXCoder [11], to obtain the
embeddings of the text and compute similarity [17, 29, 33].

Retrieval can be performed at different granularities [7]. kNM-
LM [28] build a token-level code database and retrieve a token each
time. Token-level retrieval is faster but also requires more space
to save candidates. A more common granularity is chunk-level
retrieval, which returns a code snippet each time [6, 17, 21, 29, 33].

To improve retrieval results, many pre-retrieval enhancements
and post-retrieval enhancements are proposed [7, 10]. Pre-retrieval
enhancements can be performed by polishing query statements [33].
Post-retrieval enhancements can be performed by processing the
retrieval results [17, 19, 29].

2.3 Repository-level code completion
Repository-level code completion aims to complete the unfinished
code based on the information from other files in the current repos-
itory. To solve the problem, the most straightforward approach is
applying RAG. Considering that code contains unique semantic
and structural information, many repository-level code completion
methods are proposed to improve the RAG results.

Some work explores the impact of the number of retrieval itera-
tions on the generation results. RepoCoder [33] proposes an itera-
tive generation strategy. The generation results of the first iteration
are used in the second iteration of retrieval and re-generate to im-
prove the completions. Repoformer [31] proposes a self-supervised
learning approach to train models to determine whether retrieval
is necessary, and only perform retrieval if necessary.

Some work trains new retrievers to retrieve more relevant in-
formation and improve the completion results. ReACC [21] uses a
semantic-preserving transformation strategy for data augmentation
to pre-train a code retrieval model to retrieve related similar code
snippets for generation. RLCoder [29] proposes a reinforcement
learning framework to train retrievers on unlabeled data.

Some work trains new models to encode contexts and use the
embeddings for generation. COCOMIC [6] builds a project context
graph to find cross-file context and uses a model to encode both
in-file context and cross-file context to predict the next token. Re-
poFusion [27] also extracts end encodes each context separately,
and combines them to feed into a decoder for generation.

Some work proposes new retrieval approaches to find relevant
snippets. GraphCoder [19] constructs code context graphs and
find the most similar sub-graphs as candidate code snippets. Re-
poFuse [17] analyzes the import information to extract rationale
context and analogy context, and proposes a rank truncated gener-
ation strategy to build prompts for generation.

There are some publicly available code completion datasets for
repository-level completion, including RepoEval [33], CrossCodeE-
val [5] and RepoBench [18].

In this paper, instead of simply retrieving based on text similarity,
we propose a new API-centric retrieval approach. Compared to text-
similarity-based retrieval, our approach is able to better meet the
users’ intentions.

3 Methodology
3.1 Overview
The workflow of API-Repo is shown in Figure 2.

Given a repository, we first extract functions in the repository
and build a function repository. We treat the extracted functions
as user-defined APIs, use pre-trained models to obtain API embed-
dings, and build API candidates.

When users trigger a code completion request, they may (1) want
to find code with similar functions or processes in the project; or
(2) want to call user-defined functions (i.e., user-defined APIs) in
the repository. For the first intention, we perform similar function
retrieval to find similar functions based on API call sequences. For
the second intention, we perform base class retrieval to find the
superclasses of the class where the unfinished code is located. And
we perform related API retrieval to find relevant APIs that may be
called by the unfinished code.

We merge the results of similar function retrieval and API re-
trieval with the unfinished code into a prompt, and input the prompt
into the model to generate code.

3.2 Building function repository
Many retrieved-based repository code completion methods build
candidate repositories by splitting the code files into code snip-
pets of equal length, which may split continuous information into
different snippets.

Considering that functions and class methods are the basic
units to implement a requirement, we build a code repository by
functions. Given a code repository 𝑅, it first collects all code files
𝑅 = {𝑟1, 𝑟2, · · · , 𝑟𝑛}. For each 𝑟𝑖 ∈ 𝑅, tree-sitter 1 is used to collect
classes 𝐶𝑙𝑠𝑖 , functions (or class methods)𝑀𝑖 and import lines 𝐼 𝑖 .

For languages like Python, global statements are allowed, and
these statements may implement functions which are related to the
unfinished code. So we also treat them as functions. Algorithm 1
shows the method for collecting global statements. We divide global
statements into blocks according to location and add them to𝑀𝑖 .

Algorithm 1: Collecting Global Statements
Input: File information (𝑟𝑖 ,𝐶𝑙𝑠𝑖 , 𝑀𝑖 , 𝐼 𝑖 )
Output: Collected global statements
𝑛 ← FileLineLen(𝑓𝑖) ;
𝐶𝑜𝑣𝑒𝑟𝑒𝑑 ← [ ];
foreach 𝑖𝑡𝑒𝑚 ∈ 𝐶𝑙𝑠𝑖 , 𝑀𝑖 , 𝐼 𝑖 do
(𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑) ← GetLocation(𝑖𝑡𝑒𝑚);
Append (𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑) to 𝐶𝑜𝑣𝑒𝑟𝑒𝑑 ;

end
𝐶𝑜𝑣𝑒𝑟𝑒𝑑 ← MergeAndSort(𝐶𝑜𝑣𝑒𝑟𝑒𝑑);
𝑈𝑛𝑐𝑜𝑣𝑒𝑟𝑒𝑑 ← {},𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑟𝑡 ← 0;
foreach 𝑠𝑡𝑎𝑟𝑡, 𝑒𝑛𝑑 ∈ 𝐶𝑜𝑣𝑒𝑟𝑒𝑑 do

if 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑟𝑡 < 𝑠𝑡𝑎𝑟𝑡 and
NonEmpty(𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑟𝑡, 𝑠𝑡𝑎𝑟𝑡 − 1) then
𝑈𝑛𝑐𝑜𝑣𝑒𝑟𝑒𝑑 ←
𝑈𝑛𝑐𝑜𝑣𝑒𝑟𝑒𝑑 ∪ {(𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑟𝑡, 𝑠𝑡𝑎𝑟𝑡 − 1)};

end
𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑟𝑡 ← 𝑒𝑛𝑑 + 1;

end
return𝑈𝑛𝑐𝑜𝑣𝑒𝑟𝑒𝑑 ;

1https://tree-sitter.github.io/tree-sitter/
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Figure 2: The workflow of API-Repo.

3.3 Similar function retrieval
When writing code, if the programmer wants to refer to the existing
code in the code repository, it is very likely because unfinished
has a similar process to the existing code. Considering that code
often calls many APIs to implement specific functions, for codes
with similar processes, they may call the same APIs. Therefore,
if we want to find code snippets with similar processes in the
code repository, we can look for code snippets that have the most
identical API calls with the unfinished code.

In similar function retrieval stage, we refer to method calls and
attribute calls as API calls. For each𝑚𝑖

𝑗
∈ 𝑀𝑖 , we use tree-sitter to

extract the API calls in𝑚𝑖
𝑗
. We ignore the built-in functions (e.g.

print in Python) as they are commonly used in code from various
domains and contain less information.

When a completion request is triggered, we collect the call infor-
mation 𝐶 of the function where the unfinished code is located. If
the unfinished code lines are global statements, we also treat them
as a function through Algorithm 1. We extract only from the 𝑛 lines
before the unfinished code to avoid including unrelated calls.

We use a sliding window strategy to traverse all collected func-
tions in the repository. For each𝑚𝑖

𝑗
, Algorithm 2 is used to find the

most similar function snippet.
We compare the call similarity between 𝐶 and 𝐶𝑖

𝑗
through:

CallSim(𝐶,𝐶𝑖
𝑗 ) =


|𝐶 ∩𝐶𝑖

𝑗
|

|𝐶 |
if |𝐶 | > 0,

0 else.
(1)

The value of call similarity is between 0 and 1. We set a threshold
𝜎 and filter out candidate functions with similarity less than 𝜎 . We

Algorithm 2: Similar Function Retrieval

Input: Function𝑚𝑖
𝑗
, query snippet calls 𝐶 , window size 𝑛,

threshold 𝜎
Output: The most similar function snippet
𝑙𝑒𝑛 ← FileLineLen(𝑓𝑖) ;
𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 ← 0 ;
𝑚𝑎𝑥_𝑠𝑛𝑖𝑝𝑝𝑒𝑡 ← 𝜙 ;
for 𝑖 ← 0 to 𝑙𝑒𝑛 − 𝑛 − 1 do

𝑠𝑛𝑖𝑝𝑝𝑒𝑡 ←𝑚𝑖
𝑗
[𝑖 : 𝑖 + 𝑛] ;

𝐶 ← GetCalls(𝑠𝑛𝑖𝑝𝑝𝑒𝑡) ;
𝑠𝑖𝑚_𝑠𝑐𝑜𝑟𝑒 ← CallSim(𝐶,𝐶) ;
if 𝑠𝑖𝑚_𝑠𝑐𝑜𝑟𝑒 > 𝑚𝑎𝑥_𝑠𝑛𝑖𝑝𝑝𝑒𝑡 then

𝑚𝑎𝑥_𝑠𝑛𝑖𝑝𝑝𝑒𝑡 ← 𝑠𝑛𝑖𝑝𝑝𝑒𝑡 ;
𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 ← 𝑠𝑖𝑚_𝑠𝑐𝑜𝑟𝑒 ;

end
end
if 𝑚𝑎𝑥_𝑠𝑐𝑜𝑟𝑒 ≥ 𝜎 then

return𝑚𝑎𝑥_𝑠𝑛𝑖𝑝𝑝𝑒𝑡 ;
else

return 𝜙 ;

sort the similarities to obtain the top 𝑘 candidate functions with
the highest similarity to the results of similar call retrieval.

Although the time complexity of the sliding window strategy is
𝑂 (𝑛), the call information is extracted in advance, and it does not
need to be extracted every time the sliding window is used, so the
time spent is negligible.

Taking the task in Figure 1a as an example, there is a code snip-
pet that is almost identical to the unfinished code. There are five
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# super class: PromptSectionBase
# file path: Stevenic-promptrix-py-6ed7059/src/promptrix/PromptSectionBase.py
# 
# attributes: ['self.separator', 'self.tokens', ...]
# methods:
#   def renderAsMessages(self, memory, functions, tokenizer, max_tokens)
#   def renderAsText(self, memory, functions, tokenizer, max_tokens)
#   ...

Figure 3: An example template of base class information.

API calls in the two snippets, four of which are shared by both.
Therefore, their call similarity is 1.0. Due to space limitations, we
only include partial snippets of the two functions for demonstration
purposes. The actual functions contain more API calls.

3.4 API retrieval
Another scenario of referring to the existing code snippets is that
users want to use a function they write before (i.e. a user-defined
API). Existing work [17] finds related API information by analyzing
import statements and improves performance. However, not all
completion scenarios have the relevant APIs pre-imported. We aim
to find related APIs in more general cases.

3.4.1 Base class retrieval. Firstly, if the unfinished code is in a class,
the attributes andmethods provided by the class are strongly related
to the unfinished code, and there is a probability that the unfinished
code may invoke these APIs. For languages such as Python, the
APIs provided by a class are usually located in the same file (i.e.,
the infile-context). However, if the class inherits from a base class,
we also need to consider the APIs provided by the base class.

If the class where the unfinished code is located inherits from a
base class, we can get the location of the base class by analyzing
the import information. If the base class is defined in the repository,
we can locate the file where the base class is located and collect the
attributes and methods defined in the base class. This step is easy
to achieve by the constructed function repository. The collected
attributes and method signatures are made into a template as shown
in Figure 3 as part of the API context.

3.4.2 Related API retrieval. In the stage of related API retrieval,
we treat all collected functions and class methods𝑀𝑖 as repository-
level APIs. For each𝑚𝑖

𝑗
∈ 𝑀𝑖 , we extract the function signature

𝑠𝑖
𝑗
. If𝑚 𝑗

𝑖
is a class method, we also extract the class information

𝑐𝑙𝑠𝑖
𝑗
∈ 𝐶𝑙𝑠𝑖

𝑗
and add it to 𝑠𝑖

𝑗
. Figure 4 shows an example of signature

extraction. The code with orange background is extracted as the
signature of the constructor UNet2DConditionModel.__init__.

After extracting all signatures, we use a small-size code pre-
trained modelM(·) to encode the signatures. In this work, we use
the encoder part of UniXcoder [11]. We input 𝑠𝑖

𝑗
intoM(·) and get

the last hidden states 𝐻 (𝑖, 𝑗 ) = (ℎ (𝑖, 𝑗 )1 , ℎ
(𝑖, 𝑗 )
2 , · · · , ℎ (𝑖, 𝑗 )𝑡 ), where 𝑡 is

the length of the signature. And we compute the embedding 𝑒𝑖
𝑗
of

the signature as:

𝑒𝑖𝑗 =
1
𝑡

𝑡∑︁
𝑘=1

ℎ
(𝑖, 𝑗 )
𝑘

(2)

These embeddings are added to an API-level repository for re-
trieval. When a completion request is triggered, we extract the𝑚

class UNet2DConditionModel(ModelMixin, ...):
...

_supports_gradient_checkpointing = True

@register_to_config
def __init__(

self,
sample_size: Optional[int] = None,
in_channels: int = 4,
out_channels: int = 4,
center_input_sample: bool = False,
flip_sin_to_cos: bool = True,
freq_shift: int = 0,
down_block_types: Tuple[str] = (

"CrossAttnDownBlock2D",
"CrossAttnDownBlock2D",
"CrossAttnDownBlock2D",
"DownBlock2D",

),
...

):
super().__init__()

self.sample_size = sample_size
time_embed_dim = block_out_channels[0] * 4
...

Figure 4: An example of extracting signatures of collected
functions. Due to space limitations, some code details are
omitted.

lines of code before the uncompleted line as context lines and set a
mask token at the unfinished position. We use the same pre-trained
model to embed the context and extract the hidden state at the mask
position as embedding 𝑒 . We compare the similarities between APIs
and the context by cosine similarity:

API_Sim(𝑒, 𝑒𝑖𝑗 ) =
𝑒 · 𝑒𝑖

𝑗

| |𝑒 | | · | |𝑒𝑖
𝑗
| |

(3)

We select the top 𝑘 most similar API signatures as the results of
related API retrieval.

3.5 Merging retrieval results & Generation
After two retrievals, we merge the results to build prompts for
generation.

In similar function retrieval, we set a threshold to filter out func-
tions with too low similarity, and there may be too few candidates
for some tasks. We use UniXcoder [11] to find 10 most similar
snippets and re-rank them with retrieved function snippets.

Related APIs and similar function snippets are concatenated into
the in-file context to construct the prompt. The constructed prompt
is fed into the model to complete the code.

4 Experimental Settings
4.1 Baselines
To evaluate the performance of API-Repo, we compare API-Repo
with the following methods:

453



Internetware 2025, June 20–22, 2025, Trondheim, Norway Li et al.

(1) Vanilla Completion: We use the LLM to complete the code
without retrieval. This method is used to test the completion capa-
bility of LLM itself.

(2)RG-1: RG-1 method uses several lines before the uncompleted
code as the context and uses a retriever to retrieve the most similar
code snippets. The retrieved snippets are added to the context to
generate the target code.

(3) RepoCoder [33]: While RG-1 only performs one retrieval
iteration, RepoCoder performs a second retrieval iteration to im-
prove the completion results. After the first iteration of the retrieval,
the intermediate results are used to retrieve again and generate the
target code.

4.2 Generative models
API-Repo and all the baseline methods need code LLMs to complete
the code. We use DeepSeek-Coder 7B [12], CodeGemma 7B [34],
CodeLlama 7B [26], StarCoder2 7B [20] and StarCoder 7B [16]. All
models are available from Hugging Face 2.

4.3 Datasets
We use two datasets to conduct experiments:

(1) RepoEval [33]: RepoEval provides three levels of completion
tasks: line-level, API-level, and function-level. The data set does not
release the execution code that function-level completion tasks re-
quire, so we use only the line-level dataset and the API-level dataset.
The two datasets share 8 publicly available Python repositories. For
each repository, 200 line-level test cases and 200 API-level test cases
are constructed. Both datasets contain 1,600 different test cases.

(2) CrossCodeEval [5]: CrossCodeEval provides repositories in
four programming languages. We use the Python dataset, which
contains 471 repositories and 2,665 test cases. Unlike RepoEval, the
number of test cases contained in each repository in CrossCodeEval
is different.

4.4 Metrics
To evaluate the performance of API-Repo and baseline methods,
given a generation result 𝑌 and the ground truth 𝑌 , we use the
following metrics to measure the accuracy of the result.

(1) Exact Match (EM): If 𝑌 is identical to 𝑌 , the EM score is 1,
otherwise it is 0.

(2) Edit Similarity (ES): ES is based on Levenshtein distance
𝐿𝑒𝑣 . It is calculated as

ES = 1 − 𝐿𝑒𝑣 (𝑌,𝑌 )
max( |𝑌 |, |𝑌 |)

(4)

(3) Identifier Exact Match (ID-EM): To compute identifier
match, identifiers are extracted from 𝑌 and 𝑌 , resulting in two
identifier lists 𝐿̂ and 𝐿. If 𝐿̂ is identical to 𝐿, the ID-EM score is 1,
otherwise it is 0.

(4) Identifier F1 (ID-F1): Given 𝐿̂ and 𝐿, 𝑇𝑃 represents the
number of identifiers that are present in both 𝐿̂ and 𝐿, 𝐹𝑃 represents
the number of identifiers found in 𝐿̂ but not in 𝐿, and 𝐹𝑁 represents
the number of identifiers that are present in 𝐿 but not in 𝐿̂. Based on

2https://huggingface.co

the statistical results, we can compute precision = 𝑇𝑃
𝑇𝑃+𝐹𝑃 , recall =

𝑇𝑃
𝑇𝑃+𝐹𝑁 , and F1 scores:

ID − F1 =
2 × precision × recall
precision + recall (5)

4.5 Other Settings
We conduct all experiments on 4 NVIDIA Tesla V100 GPUs with
32GB RAM. All generative models and retriever models are down-
loaded from Hugging Face. Although some methods provide the
source code for generation, we use the Hugging Face Transformers
pipeline for all methods in generation stage for a fair comparison.

The input length of generation is 2048. For RG-1, RepoCoder and
API-Repo, the ratio of in-file context length to cross-file length is
1:1. For API-Repo, the API retrieval results occupy 1/4 of the cross-
file length, and the similar function retrieval results occupy 3/4
of the cross-file length. For RG-1, RepoCoder, all retrieval results
are textually similar code snippets. Snippets that exceed the length
limit will be truncated.

For Vanilla Completion, it only contains the in-file context.

5 Results And Discussions
5.1 Performance comparison
To evaluate the overall performance of API-Repo, we performed
experiments on API-Repo and baseline methods using the settings
in the previous section.

The results are shown in Table 1. It should be noted that the
methods for EM and ES in the RepoEval dataset and the Cross-
CodeEval dataset are not identical. For a ground truth consisting of
𝑛 lines, RepoEval computes EM/ES by truncating the first 𝑛 lines of
the generated result, whereas CrossCodeEval calculates EM/ES by
truncating the first line of the generated result. The results of the
two calculation methods may differ. Therefore, for each dataset, we
employ the respective method to compute EM/ES.

From the results, we can see that our method outperforms exist-
ing approaches on all datasets and metrics. On RepoEval and Cross-
CodeEval dataset, our method improves the average EM metric
by 2.94% and 4.58% respectively, and imporves the average ID-EM
metric by 3.14% and 5.52% respectively. Considering that dataset
CrossCodeEval includes a larger number of repositories and covers
a wider range of code domains, it demonstrates the generalizability
of our method.

We can also see that retrieval is important for repository-level
code completion. Code LLMs have been pre-trained on large-scale
code corpus, and it can correctly complete some tasks. However,
there is still a performance gap between raw generation and retrieval-
based methods.

RG-1 retrieves the most similar code snippets from other files
in the repository, and the performance improvement is substantial.
RepoCoder performs two iterations of retrieval and generation to
refine the output. From the results, it is evident that this method
indeed shows improvement over RG-1. On the RepoEval dataset, it
also comes quite close to the results achieved by our method. How-
ever, RepoCoder requires two iterations of retrieval and generation,
implying that it requires double generation time for contexts of the
same length.
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Table 1: Performance comparison

Models
& Methods

RepoEval (Line) RepoEval (API) CrossCodeEval
EM ES ID-EM ID-F1 EM ES ID-EM ID-F1 EM ES ID-EM ID-F1

DeepseekCoder
- Vanilla Completion 39.50 62.76 47.13 55.11 31.50 61.25 35.38 63.53 9.38 63.03 16.44 49.21
- RG-1 45.81 67.32 53.94 60.33 37.38 66.09 41.25 68.53 20.38 69.29 30.02 58.76
- RepoCoder 47.75 70.01 56.50 62.68 39.88 67.88 43.56 70.33 23.08 71.02 33.47 61.23
- Ours 50.19 71.45 58.81 63.92 42.75 69.20 46.50 72.12 28.63 74.06 39.85 66.62
CodeGemma
- Vanilla Completion 41.75 64.84 49.38 57.45 32.75 61.60 35.75 64.53 10.69 63.69 17.60 49.90
- RG-1 46.69 67.97 54.69 60.85 40.06 67.58 43.56 69.80 21.73 70.05 30.81 59.53
- RepoCoder 48.31 69.31 56.44 62.47 41.38 69.04 45.44 71.26 24.84 72.31 34.75 62.71
- Ours 50.88 71.28 58.63 63.76 43.25 69.28 47.31 72.41 29.08 74.48 39.77 66.75
CodeLlama
- Vanilla Completion 36.81 61.59 45.31 54.27 30.44 59.49 34.31 61.73 7.43 60.93 14.52 46.58
- RG-1 42.13 65.26 50.63 58.07 37.00 64.30 40.50 66.60 17.90 67.31 27.24 56.64
- RepoCoder 44.94 66.95 53.25 59.97 38.88 65.35 42.44 67.85 20.34 68.81 30.17 58.46
- Ours 48.31 70.03 56.63 62.43 40.31 66.70 44.25 69.67 24.69 72.00 35.46 63.93
StarCoder2
- Vanilla Completion 37.00 61.42 45.44 54.08 31.75 60.31 35.25 62.72 7.13 61.65 14.15 47.14
- RG-1 45.25 67.09 53.06 59.45 35.69 62.03 39.13 62.17 18.42 68.27 27.77 56.93
- RepoCoder 46.88 68.68 54.94 61.37 37.25 63.31 40.81 63.68 21.39 69.96 30.84 59.85
- Ours 49.25 70.26 57.38 63.02 42.19 68.25 46.50 71.04 25.55 72.68 36.32 64.83
StarCoder
- Vanilla Completion 34.31 58.79 42.56 51.54 27.88 56.97 31.38 59.67 6.49 59.71 13.17 45.19
- RG-1 42.81 65.20 51.31 57.89 31.88 57.81 34.94 58.55 17.56 66.19 26.27 55.60
- RepoCoder 44.75 66.44 52.94 59.24 34.63 59.46 37.88 60.39 19.47 67.57 29.12 57.45
- Ours 46.38 67.51 54.81 60.49 40.56 66.30 44.81 69.09 24.05 69.64 34.56 61.39

From the perspective of the model, the generation capabilities
of different models are also different. From the results, we can see
that the best CodeGemma and Deepseek Coder achieve the best
performance. Although the performance of StarCoder is slightly
lower, using our method, the performance of StarCoder can also be
improved to the same level as other models. This also shows the
generalizability of our method.

Answers and Implications. Our proposed method outper-
forms the baseline methods on two datasets, indicating the ef-
fectiveness of our method. On RepoEval and CrossCodeEval
dataset, our method improves the average EM metric by 2.94%
and 4.58% respectively, and imporves the average ID-EM metric
by 3.14% and 5.52% respectively.

5.2 Ablation study
We also perform an ablation study to find the contribution of each
component in API-Repo.

In our methods, we proposed three types of information re-
trieval. We remove one type of information and keep the other
settings unchanged. When removing similar function retrieval, we
replace similar function snippets with code snippets with the high-
est textual similarity. When removing base class retrieval or related
API retrieval, we only keep the other retrieval results. We use the
DeepSeek Coder model for generation and observe the changes in
each metric.

Table 2: Ablation results

Ablation Settings EM ES ID-EM ID-F1
RepoEval (Line) 50.19 71.45 58.81 63.92
- w/o SFR 46.19 67.87 53.94 60.48
- w/o BCR 49.81 71.10 58.13 63.65
- w/o RAR 48.63 68.75 46.44 71.64
RepoEval (API) 42.75 69.20 46.50 72.12
- w/o SFR 38.63 66.77 42.50 69.87
- w/o BCR 42.31 68.75 46.44 71.64
- w/o RAR 40.94 67.82 45.06 70.97
CrossCodeEval 28.63 74.06 39.85 66.62
- w/o SFR 23.68 71.43 34.18 62.83
- w/o BCR 27.65 73.46 38.39 65.37
- w/o RAR 26.19 72.48 36.51 63.99

The results are shown in Table 2, where w/o SFR represents the
results of removing similar function retrieval, w/o BCR represents
the results of removing base class retrieval, and w/o RAR represents
the result of removing related API retrieval.

From the results, we can see that after removing each type of in-
formation, themetrics of the generated results will decrease. Among
them, the decrease is the largest after removing SFR, which shows
that SFR can effectively retrieve code with processes similar to the
unfinished code and can better help complete code. After removing
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BCR, it decreases slightly on the RepoEval dataset and decreases
more on the CrossCodeEval dataset. Since BCR only contains su-
perclass information, the total amount of information provided is
relatively small, and not all tasks in the dataset require superclass
information. However, if the code really needs the information
in the superclass, then such retrieval is useful, so metrics is still
decreasing. After removing RAR, the metrics also decreases, indi-
cating that providing user-defined APIs within the project is also
necessary for generation.

Answers and Implications. Each component of API-Repo
contributes to the performance of generation, among which SFR
contributes the most, and BCR and RAR also have an impact on
the performance.

5.3 Impact of context length
To further investigate the characteristics of API-Repo, we perform
two experiments to study the impact of context length.

5.3.1 The ratio of in-file context to cross-file context. From Table 1,
we see that cross-file context is important for repository-level code
completion. However, it is impossible to complete code without in-
file context. Therefore, it is crucial to set a reasonable ratio between
in-file context and cross-file context.

For a total context length of 2048 tokens, we allocate 𝑛 tokens
to in-file context and (2048 − 𝑛) tokens to cross-file context. For
cross-file context, we still keep 1/3 as extended API context and 2/3
as similar function snippets. We set the value of 𝑛 to 256, 512, 768,
1024, 1280, 1536, and 1792 respectively, to investigate the variations
in each metric of the generated results.

The results are shown in Figure 5. From the figures, we can see
that different ratios of in-file context to cross-file context lead to
variations in the generation performance. Different datasets have
different trends in terms of context ratio changes.

For CrossCodeEval dataset, although we set the in-file context
and cross-file context to 1024 tokens each in the experimental set-
ting, reducing the proportion of in-file context can achieve better
generation results. This shows that the completion tasks in Cross-
CodeEval dataset requires fewer in-file context; on the other hand,
reducing the length of the cross-file context leads to a decrease in
performance, which means that there is still room for improvement
in retrieval, and it is necessary to find more similar candidates and
rank them to the front.

For RepoEval dataset, we find that shorter in-file context does
not achieve the best results. Setting in-file context length between
1024 and 1280 produces better results. This shows that for comple-
tion tasks in RepoEval dataset, the in-file context contains more
information that is useful for completion, and a longer context
length is required. The cross-file context is also important. When
the cross-file context length continues to decrease, the performance
also decreases significantly.

5.3.2 The total length of input context. We also want to explore
the impact of total context length on the generated results. We
keep the ratio of in-file context length to cross-file context length
unchanged at 1:1, adjust the length of the total context, and explore
the changes of each metric. We also use DeepSeek Coder as the
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Figure 5: Impact of the ratio of in-file context to cross-file
context. • : CrossCodeEval, • : RepoEval Line,

• : RepoEval API
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Figure 6: Impact of total context length.
• : CrossCodeEval, • : RepoEval Line, • :

RepoEval API

backbone model. We adjust the context length to 512, 1024, 2048,
3072, and 4096 respectively, and the metrics of generated results
are shown in Figure 6.

As seen in the figure, the changing trends of different datasets are
similar. As the length of the context increases, the overall metrics
of the generated results are improved. From 512 to 2048 tokens, the
metrics have increased significantly; from 2048 to 4096 tokens, the
improvement has become more gradual. This shows that a shorter
context length cannot fully contain all the context information that
is useful for generation, and increasing the context length can intro-
duce more useful context information. However, it is worth noting
that a longer context means a longer generation time, resulting in
a high overhead.
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Figure 7: EM task IDs of different generation methods

Answers and Implications. The ratio of in-file context length
to cross-file context length affects the performance of generation.
The ratio for achieving the best performance varies depending
on the data. The longer the total length of the context, the better
the performance, but it also results in more overhead.

5.4 Qualitative analysis
Lastly, we perform qualitative analysis to show the effectiveness of
the proposed API-Repo.

We first count the EM task IDs of generation methods in the
overall performance comparison (i.e., Section 5.1) and obtain the
Venn diagrams shown in Figure 7. As can be seen from the figure,
each method has data instances that it can correctly complete, while
other methods cannot. Our method can correctly complete most
data instances, especially in the CrossCodeEval dataset. However, it
is worth noting that there are also some data instances that can be
correctly completed by Vanilla Completion while the RAG method
cannot correctly complete them, which shows the limitations of
the RAG method. It is necessary to determine whether retrieval is
needed in real generation.

To further explore why our method works well, we manually
analyze the retrieval results and the generation results in perfor-
mance comparison experiments. We show three examples in Fig-
ure 8. These examples demonstrate completion tasks where our
method successfully retrieves relevant code snippets and correctly
completes them, in contrast to the baseline methods which fail to
achieve correct completion.

More accurately locate related code. As shown in Figure 8(a), the
left side is a completion task, and [to be complete] is the hole that
needs to be completed. The right side shows the similar code snip-
pets retrieved by API-Repo and RepoCoder. It can be seen that both
methods find the most similar file. However, RepoCoder splits the
code snippets into fixed lengths, so the functionally continuous
code snippets are split into two snippets, and finally an inappropri-
ate code snippet is selected. API-Repo uses sliding windows and
API call similarity to accurately find the most similar code snippet,
and thus generates the correct result.

More valid information. As shown in Figure 8(b) and (c), the API
calls that need to be completed in both examples come from other
files in the project. RepoCoder is unable to find the corresponding
API information. For Figure 8(b), it can be seen that the target API is
a method in the base class. Our method can find the corresponding
API through base class retrieval, and the model uses this information
to correctly complete the code. For Figure 8(c), the target API comes
from other files. Our method adds the target API to the context
through related API retrieval, and the model uses this information
to correctly complete the code.

Answers and Implications. Our method can locate similar
code snippets more accurately and provide more effective API
information in the repository, allowing the model to correctly
complete more completion tasks. However, retrieval has a nega-
tive impact on some completion tasks. It is necessary to deter-
mine whether retrieval is needed in real generation.

6 Threats and Validity
Internal Validity. Threats to internal validity arise from API call
analysis and data leakage. The proposed method relies on API
call analysis. However, the structures of code repository in the
datasets vary, and some calls cannot be analyzed using existing
tools, especially some test code snippets. We investigated some
repositories with abnormal analysis results and implemented the
analysis process based on these cases.

Since code LLMs are trained on large code corpora, there is a
risk of data leakage. In order to reduce the impact of data leakage,
we use Vanilla Completion as a baseline to test the model’s own
completion ability.

External Validity. Threats to external validity arise from the gen-
eralization of the proposed method. We selected RepoEval dataset
and CrossCodeEval dataset. Since RepoEval dataset only contains 8
repositories, which is not enough to prove the effectiveness of the
method, we also selected CrossCodeEval dataset with 471 Python
repositories. We conducted experiments on the Python dataset and
proved its effectiveness on Python, but did not verify it on other
programming languages.
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SFR from APIRepo

self._total_episode_count += 1
info = {

'reward0': timestep.info[0]['final_eval_reward’],
'reward1': timestep.info[1]['final_eval_reward’],
'time': self._env_info[env_id]['time’],
'step': self._env_info[env_id]['step’],
'probs0': probs0,
'probs1': probs1,

}
collected_episode += 1
self._episode_info.append(info)
for i, p in enumerate(self._policy):

p.reset([env_id])

battle_episode_serial_collector.py

Retrieval from RepoCoder

self._traj_buffer[env_id][policy_id].clear()
self._env_info[env_id][‘time’] += self._timer.value + ...
# If env is done, record episode info and reset
if timestep.done:

self._total_episode_count += 1
info = {

'reward0': timestep.info[0]['final_eval_reward’],
'reward1': timestep.info[1]['final_eval_reward’],
'time': self._env_info[env_id]['time’],
'step': self._env_info[env_id]['step’],
'probs0': probs0,
'probs1': probs1,

battle_episode_serial_collector.py

😊

🙁

Task ID: opendilab_ACE/186

...

# prepare data
if timestep.done or len(self._traj_buffer[env_id][policy_id]) == self._traj_len:
transitions = to_tensor_transitions(self._traj_buffer[env_id][policy_id])
train_sample = self._policy[policy_id].get_train_sample(transitions)
return_data[policy_id].extend(train_sample)
self._total_train_sample_count += len(train_sample)
self._env_info[env_id]['train_sample'] += len(train_sample)
collected_sample[policy_id] += len(train_sample)
self._traj_buffer[env_id][policy_id].clear()

self._env_info[env_id]['time'] += self._timer.value + interaction_duration

# If env is done, record episode info and reset
if timestep.done:
self._total_episode_count += 1
info = {
'reward0': timestep.info[0]['final_eval_reward’],
'reward1': timestep.info[1]['final_eval_reward’],
'time': self._env_info[env_id]['time’],
'step': self._env_info[env_id]['step’],
'train_sample': self._env_info[env_id]['train_sample'],}

self._episode_info.append(info)
for i, p in enumerate(self._policy):
[To be completed]

battle_sample_serial_collector.py

Generation Results

APIRepo
p.reset([env_id])

RepoCoder
self._env_info[env_id]...

Vanilla Completion
return_info[i].append(info)

✓

✘

✘

Task ID: project_cc_python/578

class Plugin(BasePlugin):
plugin_name = "mesh_relay"
max_data_rows_per_node = 50

def normalize(self, dict_obj):
"""
Packets are either a dict, string dict or string
"""
if type(dict_obj) is not dict:
try:
dict_obj = json.loads(dict_obj)

except:
dict_obj = {"decoded": {"text": dict_obj}}

return self.[To be completed]

mesh_relay_plugin.py

Generation Results

APIRepo
strip_raw(dict_obj)

RepoCoder
normalize_dict(dict_obj)

Vanilla Completion
normalize_dict(dict_obj)

✓

✘

✘
BCR from APIRepo

class BasePlugin(ABC):
...
def strip_raw(self, data):
...

base_plugin.py

😊

Task ID: project_cc_python/5981

import libslub.frontend.frontend_gdb as fg
importlib.reload(fg)
import libslub.slub.sb as sb
importlib.reload(sb)
import libslub.pydbg.debugger as d
importlib.reload(d)
import libslub.pydbg.pygdbpython as pgp
importlib.reload(pgp)

class pyslab:
"""Entry point of libslub"""

def __init__(self):
# Setup GDB debugger interface
debugger = pgp.pygdbpython()
self.dbg = d.[To be completed]

pyslub.py

Generation Results

APIRepo
pydbg(debugger)

RepoCoder
debugger(debugger)

Vanilla Completion
debugger(debugger)

✓

✘

✘
RAR from APIRepo

class pydbg:
...
def __init__(self, debugger):
...

debugger.py

😊

(a)

(b) (c)

Figure 8: Completion examples that API-Repo can complete correctly.

Construct Validity. Threats to construct validity arise from the
metrics of generation. We used code match metrics (EM and ES) and
identifier match metrics (ID-EM and ID-F1), which are commonly
used by repository-level code completion methods. However, ES,
ID-EM and ID-F1 only test the similarity of the code and cannot
guarantee the generated code can run correctly. EM guarantees
the correctness of the code, but in actual programming, the same
function can be implemented in multiple ways, so the correctness
cannot be fully evaluated. RepoEval constructs a function-level
completion dataset and uses an execution-based metric pass rate.
However, it does not release the required execution code.

7 Conclusion
In this paper, we propose API-Repo, an API-based repository-level
code completion framework that adopts the RAG paradigm. API-
Repo takes into account the different intentions for retrieval. Similar
function retrieval is used to retrieve code snippets that have a
similar process to the unfinished code. Base class retrieval and
related API retrieval are used to retrieve APIs that may be used by
the unfinished code. We conducted experiments on five backbone
code LLMs and two datasets to evaluate the performance of API-
Repo. The experimental results show that API-Repo outperforms
the baseline methods, which validate its effectiveness.
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