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Abstract

Repository-level code completion relies on re-
trieval strategies to select relevant context from
large codebases. Most existing methods em-
ploy single-dimensional retrieval based on tex-
tual similarity or dependency existence, lead-
ing to inconsistent performance across com-
pletion scenarios. Even task-adaptive and hy-
brid methods incur high computational costs
while failing to explicitly consider structural
hierarchy for retrieving functionally similar
code. We introduce AIRCoder, a multi-
dimensional retrieval framework that combines
eight complementary metrics across three di-
mensions: textual similarity, dependency exis-
tence, and structural hierarchy. By proposing
a structure-preserving chunking strategy and
lightweight fusion module, AIRCoder learns
context-dependent weights to adaptively inte-
grate retrieval metrics for each query. Ex-
periments on CrossCodeEval and RepoEval
demonstrate that AIRCoder achieves an av-
erage improvement of 4.63% in exact match
over the best baseline, with 10.2× higher ef-
ficiency and strong cross-language generaliza-
tion across Python, Java, C#, and TypeScript.1

1 Introduction

Code large language models (LLMs) (Lozhkov
et al., 2024; Guo et al., 2024) have been emerged
as powerful tools in software development (Chen
et al., 2021; Nguyen-Duc et al., 2025). However,
repository-level code completion tasks require long
context from entire codebases, which often contain
hundreds of thousands to millions of tokens (Zhang
et al., 2023). Retrieval-augmented code genera-
tion (RACG) retrieves relevant context rather than
consuming entire repositories (Parvez et al., 2021;
Zhou et al., 2022), accommodating LLMs’ context
window constraints while mitigating performance

1Our code is publicly available at https://github.com/
chuanky/AIRCoder.

Figure 1: Performance-efficiency trade-off across base-
line methods and AIRCoder on Qwen2.5-Coder-7B.

degradation from irrelevant information (Shi et al.,
2023; Yoran et al., 2024).

Existing methods retrieve relevant code from two
single dimensions: similarity-based retrieval re-
trieves analogous implementations through textual
similarity (Zhang et al., 2023), while dependency-
based retrieval leverages dependency contexts such
as API definitions (Cheng et al., 2024). As shown
in Figure 1, single-dimensional retrieval fails
to address the complexity of diverse comple-
tion scenarios and leads to contextual misalign-
ment (Leung et al., 2025). This limitation man-
ifests differently across scenarios. Dependency-
based retrieval proves effective in CrossCodeEval
(Ding et al., 2023) yet introduces noise in Repo-
Eval (Zhang et al., 2023). Conversely, similarity-
based retrieval exhibits the opposite pattern. Be-
yond performance degradation, this inconsistency
reflects a disconnect with actual developer behav-
ior, which demonstrate that developers naturally
navigate code through multiple complementary di-
mensions, examining analogous implementations,
data flows, and structural hierarchies (Ustalov et al.,
2025). To address this inconsistency, task-adaptive
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retrieval (Wang et al., 2025) and hybrid retrieval
(Zhang et al., 2025a) implicitly integrate multi-
dimensional retrieval by introducing additional
LLMs for retrieval or reranking. As shown in Fig-
ure 1, although these methods demonstrate moder-
ate performance across scenarios, they incur sub-
stantial computational overhead. More funda-
mentally, all existing methods fail to explicitly
consider structural hierarchy constraints for
retrieving functionally similar code (Min and
Li Ping, 2019). This oversight prevents LLMs from
discovering reusable patterns and similar practices
across different modules.

To address these challenges, we propose AIR-
Coder (Adaptive Integration of multi-dimensional
Retrieval). By proposing structure-preserving
chunking, AIRCoder mitigates structural disrup-
tion caused by arbitrary code splitting (Zhang et al.,
2023; Shi et al., 2025), preserving syntactic and
semantic integrity. We then design eight comple-
mentary retrieval metrics covering textual similar-
ity, dependency existence, and structural hierachy.
A lightweight fusion module dynamically learns
context-dependent weights for these metrics, en-
abling adaptive retrieval that mirrors developers’
multi-dimensional navigation while ensuring com-
putational efficiency. The main contributions of
AIRCoder can be summarized as follows:

• We propose AIRCoder, a novel frame-
work featuring adaptive integration of multi-
dimensional retrieval for repository-level code
completion. AIRCoder introduces a structure-
preserving chunking strategy, combined with
eight complementary retrieval metrics and a
fusion module to achieve task-adaptive re-
trieval across multiple dimensions.

• We introduce both a training-free fusion ap-
proach based on Reciprocal Rank Fusion
(RRF) and a trainable lightweight MLP-based
fusion module that learns context-dependent
weights to adaptively integrate retrieval met-
rics for each query, both substantially outper-
forming baseline methods.

• Extensive experiments demonstrate that AIR-
Coder outperforms the strongest baseline
by an average improvement of 4.63% in
exact match, while achieving 10.2× faster
efficiency and robust generalization across
Python, Java, C#, and TypeScript.

2 Related Work

2.1 Repository-level Code Completion

Code LLMs have demonstrated remarkable capa-
bilities in code understanding and generation (Chen
et al., 2021; Rozière et al., 2023; Lozhkov et al.,
2024; Guo et al., 2024). While early approaches pri-
marily focused on function-level generation (Chen
et al., 2021; Austin et al., 2021), recent efforts
have increasingly shifted toward repository-level
completion to address real-world development sce-
narios. However, a significant misalignment exists
between the vast size of repository contexts and
the limited context windows of LLMs. For exam-
ple, a standard repository often exceeds hundreds
of thousands of tokens, substantially exceeding the
input capacity of most LLMs (Nijkamp et al., 2023;
Peng et al., 2025).

To address this, early research incorporated
cross-file context through fine-tuning (Ding et al.,
2024; Shrivastava et al., 2023a). Recent work has
gravitated towards RACG, treating LLMs as black-
box generators (Shi et al., 2024; Ram et al., 2023).
In this framework, the repository is sliced into code
snippets, and relevant snippets are retrieved based
on the current cursor context to construct a prompt
(Tan et al., 2024; Zhang et al., 2023). As the initial
phase, repository slicing has a significant influence
on the final prompt composition and generation
quality. However, there is is no consensus on the
optimal slicing method. While simple line-based
partitioning remains common due to its minimal
preprocessing overhead (Zhang et al., 2023), other
approaches advocate for syntax-aware boundaries,
partitioning the repository into coherent logical
blocks such as classes, functions, or global vari-
ables to preserve semantic integrity (Cheng et al.,
2024; Zhang et al., 2025a; Fehr et al., 2025; Liu
et al., 2024). Additionally, in the retrieval phase, ex-
isting methods typically prioritize a single similar-
ity metric, such as textual overlap, dense semantic
similarity, or AST-based structural proximity (Liu
et al., 2024). However, a single metric often fails to
capture the nuanced and multi-faceted dependen-
cies required for complex cross-file reasoning.

2.2 Retrieval Strategies in RACG

Existing retrieval strategies in RACG can be cate-
gorized into similarity-based, dependency-based,
task-adaptive, and hybrid retrieval.
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Figure 2: An overview of our proposed AIRCoder. The left panel illustrates the structure-preserving chunking
(SPC) strategy for code chunking. The right panel depicts the fusion process of multi-dimensional retrieval metrics,
including sparse/dense textual similarity, dependency existence, and sparse/dense structural similarity.

Similarity-based Retrieval. The most prevalent
methods rely on textual or semantic similarity to
identify analogous implementations. Sparse re-
trieval techniques, such as Jaccard Index (Jaccard,
1912) and BM25, match keywords between queries
and candidate code snippets, effectively locating
identifier overlaps (Zhang et al., 2023; Liu et al.,
2024). Conversely, dense retrieval methods lever-
age pre-trained encoders to capture semantic prox-
imity in vector space (Guo et al., 2022). However,
these methods often fail to capture syntactically
dependent code lacking textual overlap.

Dependency-based Retrieval. Source code is in-
terconnected through intricate dependencies. Rec-
ognizing that standard similarity-based retrieval
often overlooks these relationships, recent studies
have shifted toward dependency-aware strategies.
For instance, Shrivastava et al. (2023b) exploit
repository inheritance relationships for prompt gen-
eration, while DraCo (Cheng et al., 2024) leverages
dataflow analysis to retrieve dependency contexts
such as function or class definitions.

Task-Adaptive Retrieval. Beyond static and
single-dimensional metrics, several methods op-
timize retrievers through training. RLCoder (Wang
et al., 2025) aligns retriever with generator using re-
inforcement learning, while Repoformer (Wu et al.,
2024) constructs task-specific datasets for selective
retrieval. However, these methods rely on implicit,
data-driven adaptation and generally lack explicit
structural constraints.

Hybrid Retrieval and Our Proposition. Re-
cent trends integrate distinct retrieval sources.
CodeRAG (Zhang et al., 2025a) aggregates multi-
retriever’s results with LLM-based reranking. Re-

poFuse (Liang et al., 2024) combines import analy-
sis for background context with similarity search.
Distinct from these methods, our approach explic-
itly incorporates the structural hierarchy of the
repository alongside similarity and dependency in-
formation. Moreover, unlike methods that require
expensive retriever training (Wang et al., 2025), we
propose a lightweight, adaptive fusion module,
enabling both effective and efficient integration of
multi-dimensional retrieval.

3 AIRCoder

As shown in Figure 2, AIRCoder comprises two
main components: structure-preserving chunking
(Section 3.1) and multi-dimensional retrieval met-
rics fusion, with Section 3.2 detailing the retrieval
metrics and Section 3.3 describing the training and
inference pipeline of AIRCoder.

3.1 Structure-Preserving Chunking (SPC)
Unlike text splitting methods that fragment logical
units (Zhang et al., 2023), we propose a structure-
preserving chunking (SPC) strategy for code syn-
tactic integrity. Specifically, we segment repository
files with AST-based decomposition (Zhang et al.,
2025b). By traversing the AST structure under the
target LLM’s token constraints, SPC ensures that
each chunk maintains semantic coherence and re-
spects functional boundaries, effectively balancing
context retention with retrieval granularity.

Moreover, we explicitly attach two type of struc-
tural metadata to each chunk to preserve inherent
hierarchical structure information: (1) Global Con-
text captures external information invisible within
the chunk, yet essential for locating its position in
the repository, including the file path and the sig-
natures of the enclosing class and function. This
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Figure 3: A comparison of code dependency extraction
results obtained using DraCo versus our proposed LLM-
based approach using Qwen3-8B.

ensures that even deeply nested code fragments re-
tain their lineage. (2) Local Context serves as a
structural summary of the chunk itself, comprising
signatures of any classes or functions defined inter-
nally within the chunk. The appended global con-
text maintains the repository’s hierarchical skele-
ton, while the extracted local context provides a
concise structural overview. Figure 2 (left) illus-
trates SPC and the extraction of global and local
contexts for a code chunk.

3.2 Multi-dimensional Retrieval Metrics
Fusion

We incorporate sparse and dense textual similar-
ity along with dependency existence as retrieval
metrics, and further introduce sparse and dense
structural similarity for multi-dimensional fusion.

Sparse Similarity. This metric reflects scenarios
where developers use full-text search to retrieve
relevant code. It is calculated based on Jaccard
Similarity (Jaccard, 1912):

Simsparse(Sq, Sc) =
|Tq ∩ Tc|
|Tq ∪ Tc|

(1)

where Sq and Sc represent the query and candidate
code snippets, respectively, and Tq and Tc represent
their corresponding token sets.

Dense Similarity. This metric captures semantic
similarity between code snippets, mimicking devel-
opers searching for semantically related code. It is
calculated with cosine similarity (Guo et al., 2022):

Simdense(Sq, Sc) =
q⃗ · c⃗

∥q⃗∥∥c⃗∥ (2)

where q⃗ and c⃗ are the vector representations of the
query and candidate code snippet encoded by a

pretrained model.

Dependency Existence (DE). This metric indi-
cates whether the dependency context extracted
from the query code appears in the candidate.

DE(Sq, Sc) =

{
1 if Dep(Sq) ∈ MC(Sc)

0 otherwise
(3)

where MC(Sc) is the structural metadata (global
and local context) to the candidate code, and
Dep(Sq) is the dependency context of the query
code. In contrast to DraCo (Cheng et al., 2024),
which relies on static analysis to extract type-
specific identifiers, we propose LLM-based de-
pendency extraction. As demonstrated in Figure
3, this approach captures the essential semantic
constraints for prediction, even in scenarios where
formal static analysis is infeasible. Detailed prompt
can be found in Appendix A.

Sparse Structure Similarity. This metric lever-
ages the repository’s structural metadata de-
fined in Section 3.1. Specifically, we measure the
character-level similarity between their respective
file paths, enclosing scopes (Global Context), and
internal structural signatures (Local Context). For
any two structural identifiers t1, t2, we employ a
normalized Edit Similarity (ES) based on the Lev-
enshtein distance (Levenshtein, 1966):

ES(t1, t2) = 1− Lev(t1, t2)
max(len(t1), len(t2))

(4)

This metric comprises four distinct sub-metrics:
(1) File Proximity (Simdist), calculated as 1/d
where d is the directory distance, reflecting the spa-
tial lineage within the file tree; (2) Lexical Over-
lap (Simfile, Simcls, Simfunc) compare the file-
names, class signatures, and function signatures
extracted from both contexts, prioritizing lexico-
graphically aligned candidates. Detailed formula-
tions can be found in Appendix B.

Dense Structure Similarity. Sparse structure
similarity is derived from explicit rules and sym-
bolic representations. Inspired by information re-
trieval, where sparse and dense features demon-
strate complementary strengths, we introduce a
dense structural representation to capture latent
structural semantics. Specifically, we concatenate
the global and local contexts of each code snip-
pet and encode them into dense embeddings. The
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metric is formally defined as the cosine similarity
between the two embeddings:

Simstruct(S̃q, S̃c) =
q⃗s · c⃗s

∥q⃗s∥∥c⃗s∥
(5)

where S̃q and S̃c denote the concatenated context
for the query and the candidate, respectively, while
q⃗s and c⃗s are their corresponding embeddings.

Consequently, we obtain a comprehensive set
of eight multi-dimensional retrieval metrics, in-
cluding: (1) textual similarity (Simsparse and
Simdense), (2) dependency existence (DE), and
(3) structural hierarchy (Simdist, Simfile, Simcls,
Simfunc, and Simstruct). To effectively integrate
these metrics, we employ Reciprocal Rank Fusion
(RRF) (Cormack et al., 2009). This RRF-based
fusion, denoted as AIRCoderr, consolidates mul-
tiple ranking lists by prioritizing consistently high-
ranked candidates and enables integration without
requiring manual weight tuning:

RRFscore(Sc ∈ S) =
∑

m∈M

1

k +m(Sc)
(6)

where S is the set of all candidates, M is the set of
ranking lists generated by different retrieval met-
rics, m(Sc) is the rank of a candidate Sc in a spe-
cific ranking list, and k is a smoothing constant.

3.3 Adaptive Integration Retrieval
Framework

Although RRF-based fusion effectively integrates
multi-dimensional retrieval metrics, different code
completion tasks exhibit varying demands for re-
trieval metrics. Therefore, we extend this approach
into an adaptive integration framework that ensures
the retrieval process dynamically aligns with the
specific contextual requirements of each task.

Fusion Module. To account for varying metric
importance across coding contexts, we employ a
Multi-Layer Perceptron (MLP) as the adaptive fu-
sion module, denoted as AIRCodera. It takes the
vector representation of the query code as input and
outputs a weight vector w ∈ R8. The final score
s for a candidate snippet is then calculated as the
weighted sum of its eight metric values.

Training. For training data construction, we first
pair the incomplete query code with each candi-
date snippet from the repository. The features of
each training instance are the eight retrieval metrics
calculated between the candidate snippet and the

query, while the label represents code generation
quality, measured by Edit Similarity between the
model’s prediction and the ground truth. To op-
timize the fusion module’s ability to distinguish
between snippets of varying quality, we utilize a
Pairwise Mean Squared Error Loss:

L = (∆spred −∆ytrue)
2 (7)

where ∆spred = spos − sneg is the difference in
predicted scores between a positive and a nega-
tive sample, and ∆ytrue = ypos − yneg denotes the
difference in their respective ground-truth labels.

Inference. The inference process follows a multi-
stage pipeline. First, the repository is chunked into
snippets with SPC. For a given query, we calcu-
late the multi-dimensional feature vector for each
snippet. Concurrently, the MLP generates context-
dependent weights based on the query representa-
tion. Each snippet is then ranked by its weighted
relevance score. Finally, we select the snippets in
descending order and prepend them to the query
code as context until reaching the context length.

4 Experiments

4.1 Experimental Setup
Datasets. We utilize two widely used repository-
level code completion benchmarks for evaluation:
(1) CrossCodeEval (Ding et al., 2023), which fo-
cuses on intra-line completion across Python, C#,
Java, and TypeScript; and (2) RepoEval (Zhang
et al., 2023), targeting next-line completion in
Python. For RepoEval, we employ the API subset,
which is highly challenging as it requires resolving
at least one cross-file API dependency.

Evaluation Metrics. Following Zhang et al., we
use two categories of metrics: (1) Code Match,
including Exact Match (EM) and Edit Similarity
(ES); and (2) Identifier Match, which calculates
identifier exact match (ID-EM) and F1-score (ID-
F1) by comparing identifiers extracted from the
predicted and ground-truth code.

Baselines. We compare AIRCoder against sev-
eral baseline methods: (1) Zero-Shot relies solely
on in-file context without retrieval. (2) RAG
(Lewis et al., 2020) follows the standard RAG with
a sparse retriever. (3) RepoCoder (Zhang et al.,
2023) employs a three-iteration RAG pipeline to
refine queries. (4) DraCo (Cheng et al., 2024) con-
structs and traverses a repository-specific context
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Method
DeepSeek-Coder-1.3B StarCoder2-3B Qwen2.5-Coder-3B Qwen2.5-Coder-7B

Code Match Identifier Match Code Match Identifier Match Code Match Identifier Match Code Match Identifier Match

EM ES EM F1 EM ES EM F1 EM ES EM F1 EM ES EM F1

Benchmark: CrossCodeEval-Python

Zero-Shot 5.93 45.76 12.16 40.59 6.60 47.25 12.87 41.95 8.44 48.14 14.26 42.81 10.69 50.69 17.30 45.35
RAG 25.40 61.85 34.48 60.39 26.75 63.85 36.89 62.23 27.69 63.72 37.30 61.84 31.56 66.81 41.54 65.43
RepoCoder 27.28 63.45 36.92 62.64 28.82 65.29 38.91 64.69 30.02 65.36 40.38 64.63 32.80 67.72 42.78 66.87
DraCo 30.28 64.60 40.04 65.21 31.48 65.92 41.50 66.42 33.21 66.42 42.89 66.43 36.47 69.61 46.57 69.59
RLCoder 26.90 62.99 36.14 61.33 28.26 64.29 37.56 62.97 29.31 64.54 39.02 63.25 32.87 67.55 42.66 66.10
CodeRAG 30.92 65.02 40.04 64.36 32.80 66.79 43.19 66.77 32.95 66.44 42.78 66.31 37.32 70.51 47.38 70.03
AIRCoderr 31.26 66.63 41.84 66.63 33.77 68.12 43.75 68.06 34.45 68.83 45.74 69.05 37.97 71.35 48.67 71.28

Benchmark: RepoEval

Zero-Shot 25.87 56.10 29.50 57.76 26.06 53.85 29.12 54.27 33.75 61.77 36.94 62.94 36.81 64.02 39.62 65.70
RAG 40.38 67.05 44.56 69.42 42.88 68.74 46.81 71.03 45.50 70.32 49.25 71.95 46.62 72.10 50.56 74.21
RepoCoder 40.56 67.26 44.25 69.62 43.62 69.47 47.19 71.95 45.56 70.98 49.19 73.07 46.75 72.13 50.38 74.40
DraCo 30.06 59.88 33.44 61.74 30.00 57.13 33.12 59.27 37.38 66.05 41.25 67.83 40.88 69.42 44.25 70.72
RLCoder 39.56 66.50 43.38 68.83 40.75 67.85 44.81 70.45 44.00 70.09 47.50 71.97 45.75 71.95 49.69 73.87
CodeRAG 35.75 64.81 39.75 66.71 34.69 60.67 37.94 61.81 41.69 68.59 46.19 70.20 44.88 71.79 48.31 73.11
AIRCoderr 43.94 70.41 48.25 72.70 46.38 72.14 50.88 74.48 49.62 74.03 54.00 75.84 50.69 74.91 54.69 76.85

Table 1: Performance comparison among AIRCoderr and other methods across four LLMs on full evaluation set.

graph to capture dataflow and entity relations. (5)
RLCoder (Wang et al., 2025) optimizes a dense re-
triever with reinforcement learning. (6) CodeRAG
(Zhang et al., 2025a) utilizes a hybrid retrieval strat-
egy with LLM-based reranking.

Implementation Details. We employ SPC with
an 800-token budget. Code is parsed and encoded
with tree-sitter2 and UniXcoder (Guo et al.,
2022), respectively. For dependency context ex-
traction, we adopt Qwen3-8B3. The RRF-based
AIRCoderr is training-free, while the MLP-based
AIRCodera is trained using a 60%/10%/30% train/-
validation/test split. Detailed hyperparameter set-
tings, fusion module architecture and hardware con-
figurations are provided in Appendix C.

5 Experimental Results and Analysis

We evaluate AIRCoder across five dimensions: per-
formance comparison with state-of-the-art base-
lines (Section 5.1), investigation of the adaptive fu-
sion module (Section 5.2) and component analysis
(Section 5.3). We also assess AIRCoder’s cross-
language generalization (Section 5.5) and analyze
its computational efficiency (Section 5.6).

5.1 Overall Performance

Table 1 presents the performance of AIRCoderr,
the training-free RRF-based version of our method,

2https://github.com/tree-sitter/tree-sitter
3https://huggingface.co/Qwen/Qwen3-8B

against various state-of-the-art baselines. Our
method consistently achieves the best results across
all LLMs and benchmarks. On CrossCodeEval,
AIRCoderr significantly surpasses the strongest
baselines, CodeRAG and DraCo. With Qwen2.5-
Coder-3B, AIRCoderr achieves relative improve-
ments of 3.73% in Code-EM and 6.64% in ID-
EM over the best baseline, validating the effective-
ness of our approach. These advantages become
even more evident on RepoEval, where AIRCoderr
achieves a substantial absolute improvement of
5.81%–16.38% in Code-EM compared to DraCo
and CodeRAG. This performance gap demonstrates
that our structure-preserving chunking and multi-
dimensional retrieval metrics fusion offer superior
robustness when completion scenario changes.

Furthermore, the performance gains remain sta-
ble across various model scales from 1.3B to 7B
parameters. Notably, AIRCoderr achieves a 8.43%
relative improvement in Code-EM over RepoCoder
using Qwen2.5-Coder-7B on RepoEval. To further
verify the model-agnostic effectiveness of our ap-
proach, we also report the results using DeepSeek-
V3.2 as the backbone in Table 2. DeepSeek-V3.2
is a large-scale Mixture-of-Experts (MoE) model
featuring 671B total parameters, with approxi-
mately 37B parameters activated per token dur-
ing inference. Consistent with previous observa-
tions, AIRCoderr achieves the best performance
across both benchmarks. On RepoEval, where
AIRCoderr achieves a Code-EM of 56.33%, rep-
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Method
Code Match Identifier Match

EM ES EM F1

Benchmark: CrossCodeEval-Python

Infile 22.33 59.28 28.33 56.14
RAG 39.00 72.10 50.33 73.21
RepoCoder 41.00 74.89 52.00 75.54
DraCo 44.67 74.18 52.67 74.64
RLCoder 41.33 73.94 50.00 72.44
CodeRAG 47.67 77.14 56.00 77.46
AIRCoderr 48.67 77.31 58.00 77.77

Benchmark: RepoEval

Infile 48.33 74.69 51.33 77.76
RAG 49.67 75.94 52.33 79.30
RepoCoder 52.00 77.53 56.00 80.87
DraCo 47.33 75.30 50.67 79.59
RLCoder 47.00 75.79 50.00 78.93
CodeRAG 48.33 75.39 52.00 79.79
AIRCoderr 56.33 80.93 60.33 84.01

Table 2: DeepSeek-V3.2 performance across different
methods on CCEval and RepoEval.

resenting a substantial absolute improvement of
4.33% over the most competitive baseline. This
consistent scalability demonstrates that integrat-
ing multi-dimensional retrieval metrics effectively
complements the generation capabilities of both
small and large-scale language models.

5.2 Impact of Adaptive Fusion

Table 3 evaluates the performance of meth-
ods equipped with different retrieval strategies
across two benchmarks with StarCoder2-3B, where
AIRCodera denotes our proposed adaptive fusion
module. Our results show that both AIRCoderr
and AIRCodera consistently surpass all baseline
methods. The effectiveness of the adaptive fusion
module is particularly evident when comparing the
two variants of our approach. On CrossCodeEval,
AIRCodera facilitates a significant performance
gain over AIRCoderr, improving Code Match EM
by 2.48% and ID-EM by 2.93%. A similar trend
is also observed on RepoEval. These results vali-
date that a single or static integration of retrieval
metrics is suboptimal. Our adaptive framework
successfully captures the varying importance of dif-
ferent retrieval metrics across different completion
contexts, leading to more precise code generation.

5.3 Component Analysis

We conduct component analysis from four perspec-
tives: (1) impact of chunking strategies, (2) abla-
tion studies of retrieval metrics, (3) comparison of

Method
Code Match Identifier Match

EM ES EM F1

Benchmark: CrossCodeEval-Python

Zero-Shot 5.38 47.92 14.12 43.81
RAG 26.50 65.51 40.38 64.91
RepoCoder 29.25 67.21 44.00 68.04
DraCo 32.00 67.33 44.12 68.95
RLCoder 28.75 64.41 41.00 64.29
CodeRAG 34.00 68.04 48.38 69.67
AIRCoderr 34.50 69.30 48.75 71.05
AIRCodera 36.98 ± 0.21 73.56 ± 0.64 51.68 ± 0.34 76.83 ± 0.30

Benchmark: RepoEval

Zero-Shot 25.21 53.61 28.33 55.27
RAG 43.75 69.17 47.71 72.19
RepoCoder 44.79 69.86 48.75 73.43
DraCo 29.17 56.39 32.08 59.45
RLCoder 39.79 66.87 43.54 70.39
CodeRAG 33.54 59.74 37.08 61.42
AIRCoderr 48.33 72.39 52.29 75.29
AIRCodera 50.12 ± 0.46 75.38 ± 0.40 53.84 ± 0.32 77.83 ± 0.30

Table 3: Performance comparison of different methods
with StarCoder2-3B, evaluated on test set. Results for
AIRCodera are reported as the mean ± standard error
over 5 independent runs.

Figure 4: Performance comparison between our
structure-preserving chunking (SPC) and token-based
chunking methods across different chunk sizes on
CrossCodeEval-Python under the RAG setting.

dependency extraction methods, and (4) general-
ization analysis across different training data.

Figure 4 illustrates the impact of different chunk-
ing strategies. At smaller chunk sizes, token-based
chunking is significantly inferior to the SPC ap-
proach. This performance gap is likely because that
smaller token windows fragment atomic code struc-
tures and compromise semantic integrity. As chunk
size increases, token-based performance gradually
approaches but remains inferior to SPC’s. Beyond
superior performance, SPC serves as the structural
foundation for our framework, enabling stable ex-
traction of structural metadata. By preserving syn-
tactic boundaries, it ensures each chunk retains its
functional lineage and internal definitions, which
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Method Code Match ID Match

EM ES EM F1

Benchmark: CrossCodeEval-Python

AIRCodera 36.68 73.18 51.50 76.99
- sparse 35.50 72.52 49.75 74.58
- dense 34.25 71.03 49.62 74.99
- structsparse 35.25 71.44 48.12 73.89
- structdense 35.00 71.64 48.32 73.49
- DE 32.25 67.93 46.88 69.70

AIRCodera (DraCo) 36.88 73.85 52.83 77.39
AIRCodera (RepoEval) 33.75 70.79 48.38 72.96

Benchmark: RepoEval

AIRCodera 49.77 75.12 53.96 77.15
- sparse 47.23 73.62 51.29 76.21
- dense 47.92 72.56 51.08 75.97
- structsparse 47.75 73.96 52.50 76.62
- structdense 46.46 70.88 50.04 73.48
- DE 48.36 74.42 52.12 76.86

AIRCodera (DraCo) 47.86 72.32 51.76 75.95
AIRCodera (CCEval) 47.50 73.24 51.46 76.03

Table 4: Ablation study of retrieval metrics with
StarCoder2-3B. “AIRCodera (DraCo)” denotes replac-
ing the LLM-based dependency extraction with the
static analysis approach from DraCo. “AIRCodera
(RepoEval)” and “AIRCodera (CCEval)” represent the
adaptive fusion module trained with the training data in
RepoEval and CrossCodeEval respectively.

is a prerequisite for retrieval fusion.
The ablation study in Table 4 evaluates individ-

ual contributions of retrieval metrics within AIR-
Coder. Removing any single metric degrades per-
formance, with the exclusion of structdense caus-
ing substantial drop across both benchmarks. This
demonstrates that our proposed structural meta-
data provides critical retrieval signals. Removing
DE causes ID-EM drops significantly of 4.62%
on CrossCodeEval, underscoring that dependency
existence is highly effective for retrieving code
snippets on how to utilize APIs.

We also compare our LLM-based dependency
extraction versus DraCo’s static analysis in Table
4. DraCo relies on target-line identifiers, while
our LLM-based method infers dependencies from
broader contextual intent. On CrossCodeEval,
where target lines are partially available, DraCo
achieves a marginal 0.3% improvement in Code-
EM, demonstrating the precision of static analysis.
However, its performance decreases on RepoEval
due to contextual misalignment: when the tar-
get line is empty, DraCo retrieves dependencies
for completed statements rather than forthcoming
code. In contrast, our proposed LLM-based depen-

Method
Code Match Identifier Match

EM ES EM F1

Benchmark: CrossCodeEval-Java

Zero-Shot 7.73 50.26 15.60 47.04
RAG 27.66 63.15 37.07 60.85
RepoCoder 29.26 64.15 37.88 62.18
RLCoder 29.40 65.03 38.60 62.80
AIRCoderr 32.00 66.00 41.40 63.65
AIRCodera 34.00 ± 0.55 71.15 ± 0.49 44.18 ± 0.64 69.26 ± 0.50

Benchmark: CrossCodeEval-C#

Zero-Shot 3.87 45.21 6.67 33.00
RAG 24.45 61.17 28.26 53.84
RepoCoder 25.45 60.44 29.06 53.55
RLCoder 29.60 62.59 32.60 56.07
AIRCoderr 27.20 61.79 30.40 54.78
AIRCodera 29.73 ± 0.27 68.58 ± 0.34 33.16 ± 0.26 60.07 ± 0.32

Benchmark: CrossCodeEval-TypeScript

Zero-Shot 7.07 42.80 11.73 42.63
RAG 22.65 59.42 28.86 60.66
RepoCoder 25.65 61.40 31.26 61.80
RLCoder 26.60 61.55 32.60 63.29
AIRCoderr 28.00 62.56 34.00 64.16
AIRCodera 30.40 ± 0.24 66.47 ± 0.20 37.16 ± 0.26 67.69 ± 0.21

Table 5: Performance comparsion with StarCoder2-3B
on the Java, C# and TypeScript subset of CrossCodeEval
benchmark, evaluated on test set.

dency extraction infers latent intent of the next line,
maintaining robustness across benchmarks.

Notably, as shown in Table 4, AIRCodera main-
tains performance superior to or competitive with
the best baseline, even when transferring across
training data. We attribute the performance degra-
dation during cross-dataset transfer to the distinct
feature preferences inherent in each benchmark. A
detailed analysis of context-dependent weight dis-
tributions in Appendix D reveals significant shifts
in retrieval metric priorities across benchmarks.
These findings further validate the necessity of
our adaptive fusion module for capturing diverse
context-dependent requirements.

5.4 Reliability of LLM-based Dependency
Extraction

To assess the reliability of LLM-based dependency
extraction, we conduct a diagnostic experiment
on the CrossCodeEval-Python dataset. We adopt
the dependencies derived by DraCo (Cheng et al.,
2024) as the reference ground truth for evaluating
the identifiers extracted by the LLM. Specifically,
we compare identifiers from three sources: those
identified by DraCo, those predicted by the LLM,
and the raw identifiers present in the input prompt.
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# DraCo # LLM # Halluc. Recall Halluc. Rate

908 3,069 349 69.93% 11.37%

Table 6: Reliability of LLM-based Dependency Extrac-
tion on CrossCodeEval-Python. “#” denotes number of
identifiers, and “Halluc.” is short for “Hallucination”.

Based on this, we define two key metrics:

• Recall: the proportion of identifiers extracted
by DraCo that are successfully recovered by
the LLM. This metric measures the LLM’s
coverage of statically verifiable dependencies.

• Hallucination Rate: the proportion of identi-
fiers predicted by the LLM that appear in nei-
ther DraCo’s output nor the original prompt.
This metric reflects the risk of introducing
non-existent entities.

As summarized in Table 6, the LLM predicts 3,069
identifiers in total, substantially exceeding the 908
identified by DraCo. This discrepancy suggests
that the LLM captures implicit or cross-file depen-
dencies that static tools may overlook due to strict
parsing constraints. The LLM achieves a Recall
of 69.93% against the DraCo reference. More im-
portantly, the Hallucination Rate remains low at
11.37%, with only 349 predicted identifiers absent
from both the prompt and DraCo’s output. These
results indicate that although LLM-based extrac-
tion introduces a marginal hallucination risk com-
pared with rigid static analysis, the vast majority
of extracted dependencies are well grounded in the
actual codebase. This balance between comprehen-
sive coverage and factual grounding supports the
use of LLMs as a flexible alternative to traditional
dependency parsers in repository-level tasks.

5.5 Cross-language Generalization
To evaluate the cross-language generalization of
AIRCoder, we evaluate on the Java, C#, and Type-
Script subsets of the CrossCodeEval benchmark.
Baselines such as DraCo and CodeRAG are ex-
cluded from this comparison because they use
Python-centric static analysis and lack flexibil-
ity for other programming languages. As pre-
sented in Table 5, AIRCodera maintains a con-
sistent performance lead across all languages, af-
firming its language-agnostic robustness. On Java,
AIRCodera surpasses the strongest baseline RL-
Coder by a significant margin of 4.6% in Code-
EM. For C# and TypeScript, while RLCoder show

Method Time (s) AIRCoder Stages Time (s)

DraCo 0.032 Query-emb 0.004
RepoCoder 0.610 Struct-emb 0.003
CodeRAG 3.732 Dependency Extraction 0.320
AIRCodera 0.366 Multi-Dim Metrics 0.039

Table 7: Efficiency comparison and detailed latency
breakdown of AIRCoder stages. All values represent
the average latency per query (in seconds).

narrowed gaps, AIRCodera remains the best per-
formance. These results underscore that the syn-
ergistic integration of multi-dimensional retrieval
metrics and adaptive fusion provides a versatile so-
lution for repository-level code completion without
requiring language-specific engineering.

5.6 Efficiency Analysis

Table 7 presents the computational overhead of
AIRCodera compared to baselines, alongside a
breakdown of its detailed stages. While DraCo
remains the fastest due to its specialized data struc-
ture for retrieval, AIRCoder shows significant ad-
vantage over other baselines, being approximately
1.7× faster than RepoCoder and 10.2× faster than
CodeRAG. Notably, CodeRAG’s execution time
is mostly consumed by the LLM-based reranking,
averaging 3.02s/query. The breakdown analysis
reveals that the LLM-based dependency extrac-
tion takes 87.4% of the total time, whereas the
embedding and multi-dimensional metrics stages
contribute less than 0.05s combined. These results
demonstrate that AIRCoder provides an efficient
solution for repository-level code completion with-
out the prohibitive latency costs associated with
iterative or heavyweight reranking methods.

6 Conclusion

This paper presents AIRCoder, an adaptive frame-
work for repository-level code completion. We
demonstrate that multi-dimensional retrieval met-
rics integrating textual similarity, dependency ex-
istence and structural hierarchy is essential for dif-
ferent completion scenarios. Both our training-free
RRF-based fusion AIRCoderr and trainable adap-
tive fusion AIRCodera demonstrate superior per-
formance and efficiency over baselines, along with
strong cross-dataset and cross-language generaliza-
tion across Python, Java, C#, and TypeScript.
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Limitations

Despite its performance and efficiency, our work
has several limitations. First, while LLM-based
dependency extraction is language-agnostic, it re-
mains more computationally expensive than tradi-
tional rule-based static analysis, posing potential
scalability challenges in high-concurrency environ-
ments. Second, sparse structure similarity relies on
lexical identifiers and may fail to capture deep se-
mantic dependencies when naming conventions are
inconsistent. Finally, although the adaptive fusion
module generalize well across the four languages
represented in different benchmarks, they may re-
quire further adaptation for specialized domains or
highly unconventional repository architectures.
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A LLM-based Code Dependency
Extraction

The prompt we used for LLM-based code depen-
dency extraction is shown in the colorbox below.

Input Prompt

<|im_start|>system
A conversation between User and Assistant.
The user asks a question, and the Assistant
solves it. The assistant provides the user with
the answer enclosed within <answer> </an-
swer> tags, i.e., <answer> answer here </an-
swer>. Do not show thinking steps, answer
directly.
<|im_end|>
<|im_start|>user
{Query Code} Infer the classes or functions
most likely needed to complete the code above.
Provide at most two and select the most im-
portant ones. Ensure that the selected content
appear somewhere in the provided code.
<|im_end|>

B Sparse Structure Similarity

In this section, we present the definitions and for-
mulations of Simfile, Simcls, Simfunc for sparse
structure similarity.

File Name Similarity. This metric suggests that
files with similar names may contain relevant code.

Simfile = ES(Nq, Nc) (8)

where Nq and Nc are the filenames of the query
and candidate code, respectively. ES denotes Edit
Similarity, defined as:

ES(t1, t2) = 1− Lev(t1, t2)
max(len(t1), len(t2))

(9)

where Lev(t1, t2) is the Levenshtein distance be-
tween two strings.

Class Name Similarity This metric operates on
the premise that code enclosed in similarly named
classes is likely relevant.

Simcls = ES(Clsq, Clsc) (10)

where Clsq and Clsc are the names of the enclos-
ing classes for the query and candidate code, re-
spectively.
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Function Name Similarity Similarly, this met-
ric assumes that code enclosed in similarly named
functions may be relevant.

Simfunc = ES(Funcq, Funcc) (11)

where Funcq and Funcc are the names of the en-
closing functions for the query and candidate code.

C Implementation Details

Hyperparameters. For code representation, we
use the Sentence Transformers framework4 and em-
ploy the embedding of the [CLS] token to represent
the code. For Reciprocal Ranking Fusion (RRF),
the smoothing constant is set to k = 60. The gen-
eration output is capped at 48 tokens. The adaptive
fusion module is trained for 10 epochs with a learn-
ing rate of 1e-3 and a batch size of 32. Generation
is performed using vLLM5 with an 8,000-token
input limit and a temperature of 0.

Architecture of the Fusion Module. The fusion
module is implemented as a multilayer percep-
tron (MLP) with a hierarchical bottleneck archi-
tecture. The network maps the high-dimensional
query embedding q ∈ R768 to a weight vector
w ∈ R8 through a series of non-linear transfor-
mations. The network first projects the input to
a 256-dimensional latent space. This is followed
by two successive hidden layers with dimensions
of 128 and 64, respectively. Within each of these
three layers, we apply linear transformation, Layer
Normalization (LN), Gaussian Error Linear Unit
(GELU), and a Dropout layer with a probability of
0.1. Finally, the 64-dimensional intermediate rep-
resentation is mapped to w via a linear transforma-
tion. A Softmax function is applied to the final out-
put, ensuring that the generated weights wi ∈ [0, 1]
and

∑K
i=1wi = 1. This formulation constrains the

output to a probability simplex, which provides a
normalized and interpretable representation of the
relative contribution of each retrieval feature.

Hardware and Software. Experiments are con-
ducted on an Ubuntu server equipped with an In-
tel Xeon Silver 4314 CPU and a single NVIDIA
A6000 GPU.

D Analysis of Context-dependent Weights

To investigate the behavior of the adaptive fu-
sion module AIRCodera, we visualize the distribu-

4https://huggingface.co/sentence-transformers
5https://github.com/vllm-project/vllm

Figure 5: Visualization of clustered dynamic context-
dependent weights for CrossCodeEval and RepoE-
val. Each row represents a cluster center. The dis-
tinct patterns across datasets highlight the necessity of
context-dependent weights to adaptively integrate multi-
dimensional retrieval metrics for each query.

tion of context-dependent weights across different
benchmarks. Specifically, we apply K-means clus-
tering to the weight vectors obtained from all test
samples in CrossCodeEval and RepoEval, respec-
tively. As illustrated in Figure 5, there is a distinct
divergence in feature preferences between the two
benchmarks. CrossCodeEval primarily allocates
higher weights to Simsparse, Simdense, and DE,
whereas RepoEval exhibits a heavier reliance on
Simsparse, Simdense, and Simstruct. These obser-
vations underscore the necessity of our proposed
adaptive weighting and fusion mechanism, as a
static or global weighting scheme would fail to
capture these fine-grained, sample-specific require-
ments. Furthermore, this distributional discrepancy
explains the limited cross-dataset generalization ob-
served in our experiments: a modulle optimized for
the feature importance of one dataset may struggle
when the underlying retrieval signals shift signifi-
cantly in another.
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