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Abstract

Repository-level code completion, which lever-
ages the entire codebase to generate sugges-
tions, is crucial for enhancing developer pro-
ductivity. While retrieval-augmented gener-
ation (RAG) with code large language mod-
els (code LLMs) has become the standard ap-
proach for this task, existing methods still suf-
fer from several problems: they struggle with
uninformative query based on incomplete code,
overlook the impact of prompt structure and
snippet ordering, and retrieve textually simi-
lar but functionally different code. These is-
sues collectively introduce noise and lead to
ineffective context for code LLMs. To ad-
dress these problems, we introduce RepoAtten-
tion, a training-free RAG-based framework for
repository-level code completion. It improves
retrieval and completion performance through
dual-path query refinement, relevance-aware
reranking of retrieved snippets, and a dynamic
relevance-guided attention mechanism. Experi-
ments on CCEval and RepoEval show that Re-
poAttention surpasses state-of-the-art methods
by 23.9% in Exact Match accuracy and gen-
eralizes well across multiple code LLMs and
programming languages.

1 Introduction

With the rapid development of code large language
models (code LLMs) (Chen et al., 2021; Guo et al.,
2024; Li et al., 2023; Roziere et al., 2023), code
completion has become a pivotal capability inte-
grated into modern programming environments,
aiming to enhance developer productivity (Izadi
et al., 2024; Mastropaolo et al., 2023; Nam et al.,
2024; Tang et al., 2023; Xu et al., 2022). While
contemporary models excel at local code synthesis
within a single file, repository-level code comple-
tion remains challenging, as it requires leverag-
ing cross-file dependencies and structural patterns
across an entire codebase. This difficulty stems
from the limited context window of code LLMs

and the fact that naively incorporating entire repos-
itory is both computationally inefficient and prone
to introducing irrelevant noise that interferes with
completion. Therefore, recent research has adopted
retrieval-augmented generation (RAG) frameworks
(Yuetal., 2024; Liang et al., 2024; Liu et al., 2024a;
Wang et al., 2024c; Zhang et al., 2023, 2025a,b),
which leverage the incomplete code within the cur-
rent file as a query to retrieve relevant code snip-
pets from the whole repository, providing cross-file
context. These retrieved code snippets are then
concatenated with the incomplete code to form the
prompt for code LLMs. While these approaches
have showed encouraging results, several problems
remain in both the retrieval and completion stages.

P1 Deficient Query Representation. In most
prior methods (Wu et al., 2025; Zhang et al., 2025a;
Phan et al., 2024), the query to retrieve code snip-
pets is simply the incomplete code within the cur-
rent file, and the prompt is constructed by directly
concatenating the query and the retrieved code snip-
pets. RepoCoder (Zhang et al., 2023) uses an iter-
ative retrieval method that builds new queries by
combining intermediate completions with incom-
plete code, but incorrect generations may propa-
gate to later iterations and multiple retrieval rounds
greatly reduce efficiency. The absence of the cor-
rect code completion and the presence of noise in
the query reduce the likelihood of retrieving truly
helpful code snippets, and interfere with both the
retrieval and completion stages.

P2 Prompt Order Sensitivity. Prior works (Jin
et al., 2024; Jiang et al., 2024; Liu et al., 2023)
in natural language processing tasks have demon-
strated that position of retrieved context in prompt
significantly impacts model performance. How-
ever, existing code completion research (Wang
et al., 2024c; Zhang et al., 2025a) often overlooks
the influence of code snippet ordering within the
prompt on generation outcomes. Even when re-
trieved snippets contain useful information, the ar-



bitrary or suboptimal arrangement of these snippets
can mislead the code LLMs, resulting in unsatis-
factory completion quality.

P3 Similar Snippet Confusion. Many prior re-
trieval approaches tend to retrieve multiple code
snippets that are highly similar to each other in
textual form but differ in functionality (Wang et al.,
2024c; Liang et al., 2024). These similar code
snippets can introduce confusion for code LLMs,
potentially leading to inaccurate or semantically
incorrect completions. The inability to effectively
mitigate the interference from superficial textual
similarity while preserving true functional rele-
vance remains a major challenge in guiding the
completion phase towards correct solutions.

To address these problems, we introduce Re-
poAttention, a novel RAG-based framework for
repository-level code completion. First, we adopt a
dual-path query refinement strategy that combines
the raw incomplete code with a distilled, semanti-
cally enriched version to capture both lexical pat-
terns and completion intent. We further improve
retrieval quality by using diverse candidate com-
pletions to expand the queries for dense retrieval
(addressing P1). Second, we develop a relevance-
aware reranking mechanism that mimics how pro-
grammers prioritize auxiliary code according to
its relationship with the completion task (address-
ing P2). Finally, during completion, we employ
a dynamic relevance-guided attention mechanism
to focus on the most pertinent code snippets while
reducing interference from similar but functionally
different code snippets (addressing P3).

We evaluate RepoAttention through extensive ex-
periments using several representative code LLMs
on CCEval (Ding et al.,, 2023) and RepoEval
(Zhang et al., 2023) benchmarks. Experiment re-
sults show that RepoAttention achieves 23.9% im-
provement of Exact Match metric compared with
state-of-the-art (SOTA) methods. Furthermore,
RepoAttention demonstrates high generalizability,
showing effectiveness across various code LLMs
and programming languages.

The main contributions of this paper are:

* We introduce the RepoAttention framework for

repository-level code completion. By adopting
a dual-path query refinement strategy that com-
bines semantic enrichment with diverse hypo-
thetical completions, RepoAttention effectively
addresses the problem of deficient query repre-
sentation and bridges the semantic gap between
incomplete code and the completion target.

* We develop a relevance-aware reranking mecha-
nism that orders retrieved code snippets accord-
ing to their functional relevance to the completion
target. This approach reduces prompt order sen-
sitivity and leads to more accurate completions.

* We propose a dynamic relevance-guided atten-
tion mechanism for the completion stage. This
mechanism enables RepoAttention to robustly fo-
cus on the most pertinent code context, while mit-
igating the impact of textually similar but func-
tionally different code snippets.

* A comprehensive evaluation shows that RepoAt-
tention outperforms the SOTA approaches and
consistently generalizes across different code
LLMs and programming languages. To facili-
tate further research, we have made our source
code publicly available!.

2 Related Works

Code Large Language Models. LLMs have sig-
nificantly advanced software engineering by au-
tomating tasks like code completion (Wang et al.,
2023a). To better capture the properties of pro-
gramming languages, recent work has focused on
code LLMs. These models are either fine-tuned
from general LLMs (Touvron et al., 2023) on code
datasets (Wang et al., 2024d; Luo et al., 2023) or
trained from scratch on vast amounts of source code
(Nijkamp et al., 2023; Wang et al., 2023b). Re-
cent mainstream code LLMs, such as Code Llama
series (Roziere et al., 2023), Code-Qwen series
(Hui et al., 2024), and DeepSeek-Coder series (Guo
et al., 2024), are typically trained on massive, di-
verse code corpora spanning multiple programming
languages, primarily utilizing self-supervised ob-
jectives like next-token prediction, sometimes aug-
mented with fill-in-the-middle objectives (Bavarian
et al., 2022) or repository-level context modeling
to improve code completion performance.

Repository-level Code Completion. Repository-
level code completion has attracted growing at-
tention in recent years. RLCoder (Wang et al.,
2024c) introduces reinforcement learning to opti-
mize RAG, training retrievers without labeled data.
STALL++ (Liu et al., 2024a), A3-CodGen (Liao
et al., 2024), RepoFuse (Liang et al., 2024), and
CodePlan (Bairi et al., 2024) leverage static anal-
ysis to obtain relevant retrieved code. DRACO
(Cheng et al., 2024), RepoHyper (Phan et al., 2024),

"https://anonymous.4open.science/r/RepoAttention-
38EE/
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Figure 1: Overview of RepoAttention.

and CoCoMIC (Ding et al., 2022) utilize depen-
dency analysis to retrieve relevant code snippets.
RRG (Gao et al., 2024) and HCP (Zhang et al.,
2025a) refine the raw retrieved code through trans-
formation or pruning. CodeRAG (Zhang et al.,
2025b) optimizes code selection by integrating
multi-path retrieval and preference-aligned rerank-
ing. RepoGenReflex (Wang et al., 2024b), De-
Hallucinator (Eghbali and Pradel, 2024), and Re-
poCoder (Zhang et al., 2023) employ iterative re-
trieval and generation using feedback. Repoformer
(Wu et al., 2024) improves efficiency through se-
lective retrieval, while ProCC (Tan et al., 2024)
combines multiple retrieval results to better uti-
lize context. ToolGen (Wang et al., 2024a) and
CodeAgent (Zhang et al., 2024) leverage external
tools like agents to tackle code completion tasks.
GraphCoder (Liu et al., 2024b) and ContextMod-
ule (Guan et al., 2024) construct graphs to assist
retrieval but incur high construction costs and face
challenges in formulating accurate graph queries.
Despite their effectiveness, these approaches do not
fully solve the problems described in Section 1.

3 Preliminary Studies

To further investigate the challenges of repository-
level code completion, we conduct a series of pre-
liminary experiments under the setup detailed in
Section 5.1. The results highlight two key factors
that motivate our proposed approach: (1) the con-
tent of the query is essential for identifying useful

information, given that enriching the incomplete
code with predicted sequences can help bridge the
semantic gap and facilitate the retrieval of more
relevant cross-file context; (2) the ordering of re-
trieved code snippets in the prompt plays a vital
role in model performance, as inconsistent or ran-
dom placement leads to a noticeable decrease in
completion accuracy. These findings highlight the
importance of both query refinement and prompt
structuring. Detailed experimental results and com-
prehensive analysis are provided in Appendix A.

4 Methodology

As shown in Figure 1, RepoAttention involves four
parts: codebase construction, dual-path query re-
finement, relevance-aware snippet reranking and
dynamic relevance-guided attention mechanism.

4.1 Codebase Construction

Constructing the repository-level codebase in-
volves transforming raw source code into struc-
tured snippets to facilitate effective retrieval. Tra-
ditional fixed-window slicing approaches (Zhang
et al., 2023; Guan et al., 2024) often compro-
mise code continuity and structural integrity, while
dependency-parsing methods (Liu et al., 2024a,b)
capture limited context and struggle with complex
repository dependencies. To address these limita-
tions, we construct a retrieval codebase composed
of primary and dependency code snippets.

For primary code snippets, we align with typical



programming practices by initially segmenting the
repository code based on blank lines (Wang et al.,
2024c). Subsequently, we merge consecutive short
code fragments into primary code snippets, ensur-
ing each snippet maintains an appropriate length
and improved semantic coherence.

For dependency code snippets, we utilize tree-
sitter” to parse import statements from in-file con-
text to identify intra-repository dependencies. We
then access the referenced files to extract only the
signatures of classes, methods, and functions. This
process captures critical semantic details regarding
class inheritance and API interplay (Zhang et al.,
2025a). Distinct from simple listing these signa-
tures, we adopt a hybrid aggregation strategy: the
dependency context for each imported class is en-
capsulated as a standalone snippet, whereas the
signatures of all imported functions and methods
are consolidated into a single unified snippet. The
final codebase is constructed by integrating these
primary and dependency code snippets.

4.2 Dual-Path Query Refinement

Repository-level code completion relies on retriev-
ing snippets that are semantically aligned with the
intended ground truth. However, directly using
incomplete code as the retrieval query introduces
two issues. First, incomplete code often contains
noise that weakens semantic signals and misleads
both the retriever and the code LLM. Second, the re-
trieval process is inherently biased toward the query
rather than the actual completion target, resulting
in snippets similar to the query but irrelevant to the
completion target. To overcome these issues, we
introduce a dual-path query refinement strategy.
As shown in Appendix D, for the first path, we
retain the original incomplete code c;;, as the raw
query grqq to preserve exact lexical patterns. For
the second path, we construct a refined query ¢
by applying query distillation and semantic enrich-
ment to ¢;,,. Specifically, we remove the following
elements from c;;, that are likely to introduce noise:
* Import statements of unused modules within
the context near the completion point. These
statements increase prompt length without con-
tributing useful information, potentially distract-
ing the retriever or model.
* Print and logging statements, which typically
serve debugging purposes and are unrelated to
the functional semantics required for completion.

Zhttps://tree-sitter.github.io/tree-sitter

* Irrelevant variable definitions and statements
that are not semantically or data-flow related
to the completion point. Only statements with
strong relevance should be preserved.

To replicate the semantic clarity provided by pro-
grammer comments, we generate descriptive com-
ment when it is missing. We utilize a lightweight
LLM to analyze surrounding identifiers (e.g., func-
tion names) and generate a concise natural lan-
guage comment describing the intended behavior.
This comment is inserted before the completion
point. By applying these modifications, ¢,.; be-
comes structurally concise while highlighting infor-
mation vital for code completion. We use Qwen3-
0.6B (Yang et al., 2025) for comment generation.

To capture both explicit keyword matches and
implicit semantic relationships, we first use BM25
as the sparse retriever for both queries to indepen-
dently retrieve code snippets from the codebase
D. This yields two initial sets of code snippets,
Stomnse and S;;f;rse. These snippets may include
both primary and dependency code snippets, of-
fering information that ranges from basic code at-
tributes to semantic details of class structures and
API interplay. We construct two distinct prompts
by prepending the sparse retrieval results to their re-
spective queries and input them into the code LLM
M to generate hypothetical completions. For each
path, we sample m diverse completions:

Hypw = {hl, ho,..., hm}

~ Pm(-|S5parse @ Graw), (1)
Hyep = (B, Hy,. .. 1))

~ PS5 se @ re), ()

where & denotes concatenation. Although these
completions may not be correct, they can serve as
candidate completions for understanding the likely
functionality and form of the correct completion.

By appending the generated completions to their
corresponding queries, we form expanded queries
that explicitly represent the potential completion
target. Both expanded queries are then input into a
dense retriever to independently retrieve the top-k
most relevant code snippets from the codebase D.
This process can be formalized as:

Sy = DenseRetrieve(qrqw ® Hraw, D)
:{51752)"'75k}7 (3)
S/ = DenseRetrieve(qre; @ Hyef, D)

={s), 85, ..., 8%} 4)



4.3 Relevance-Aware Snippet Reranking

According to the experimental results presented
in Appendix A.4, the position of retrieved code
snippets within the prompt has a non-negligible
impact on the quality of code completion. For
most code LLMs, placing cross-file code snippets
that are more relevant to the query either earlier
or later in the prompt tends to improve completion
accuracy (Jiang et al., 2024; Liu et al., 2023). This
motivates the need for explicitly ordering retrieved
snippets based on their relevance to the query.

Although the context retrieved in the previous
stage attempts to include all potentially relevant
snippets, it does not effectively assess the degree
of relevance between each snippet and the query.
To address this, we perform a reranking process
to evaluate the relevance and arrange them in an
optimal order within the prompt.

RepoAttention introduces a simple yet effective
relevance-aware reranking strategy, inspired by the
typical workflow of human programmers during
code completion. When completing code, program-
mers primarily rely on the local context near the
completion point to infer the intended functionality.
Code snippets that are more similar to this local
context in terms of functionality and semantics are
typically more helpful.

This intuition suggests that focusing on code
lines near the completion point is better than treat-
ing the entire query uniformly. Concretely, we ex-
tract the ¢ lines before the completion point of g, f
as the key code segment cy, and use a lightweight
reranker to compute a relevance score r; between
cr, and each retrieved code snippet. Snippets with
higher relevance scores are placed earlier in the
prompt. This process is formalized as:

ust Y (5)

dense

C, = Rerank(cy, Siew.,
where C, denotes the final retrieved valuable con-
text, and r; denotes the relevance score of the i-th
snippet. We use Qwen3-Reranker-0.6B (Zhang
et al., 2025¢) as the reranker.

4.4 Dynamic Relevance-Guided Attention
Mechanism

With the integration of the methods introduced
above, the retrieved valuable context C,, is gen-
erally sufficient to guide the code LLM toward
generating the correct completion. Nevertheless,
in a non-trivial number of cases, C, contains code
snippets that are textually similar yet functionally

# protorl/agents/dueling.py Retrieved Code Snippet 1
def update(self):

if not self.memory.ready():

return

self.optimizer.zero_grad()

self.replace_target_network()

istates, actions, rewards, states_, dones = self.sample_memory():

indices = np.arange(len(states))
# protorl/agents/base.py
idef sample_memory(self, mode="uniform'):
H memory_batch = self.memory.sample_buffer(mode=mode):

memory_tensors = convert_arrays_to_tensors(memory_batch, self.device)

return memory_tensors

Retrieved Code Snippet 2

# protorl/agents/ppo.py
for epoch in range(self.n_epochs):
ibatches = self.memory.sample_buffer(mode="batch'):
for batch in batches:
indices, states, actions, rewards, states_, dones, old_probs =\
convert_arrays_to_tensors(batch, device=self.device)
if self.action_type == 'continuous':

alpha, beta = self.actor(states)

_» hew_probs, entropy = self.policy(alpha, beta,
old_action=actions,
with_entropy=True)

last_dim = int(len(new_probs.shape) - 1)

prob_ratio = T.exp(

new_probs.sum(last_dim, keepdims=True) -
old_probs.sum(last_dim, keepdims=True))

# a = adv[indices]

Retrieved Code Snippet 4

# protorl/agents/dqgn.py

from protorl.agents.base import Agent
import numpy as np

import torch as T

In-file Context

class DQNAgent(Agent):
def update(self):
if not self.memory.ready():
return
self.optimizer.zero_grad()
self.replace_target_network()
if self.prioritized:
sample_idx, states, actions, rewards, states_, dones, weights =\
self.

memory.sample_buffer(mode="'prioritized’) @ Completion Result

sample_memory(mode="prioritized"') Groundtruth

Figure 2: An example where similar code snippets
within the retrieved valuable context introduce noise
and result in incorrect code completion.

different, which can introduce noise and lead to
incorrect completions, as examplified in Figure 2.

To mitigate this issue, it is insufficient to sim-
ply feed the retrieved results directly into the code
LLM. Instead, we propose that the model dynam-
ically adjust its reliance on different parts of the
retrieved context during the generation phase.

To this end, we introduce Dynamic Relevance-
Guided Attention (DRGA), which extends the stan-
dard Transformer model by dynamically selecting
relevant code snippets for attention computation.
By replacing the traditional attention mechanism
(Vaswani et al., 2017) with DRGA, the code LLM
can focus more on the relevant snippets and ignore
distractors, leading to more efficient and effective
reasoning during code generation.

Unlike traditional attention mechanisms, where
each query token attends to the entire context,
DRGA restricts each query token to attend only
to a subset of selected keys and values:

DRCA(q, K, V) = Softmax (qK[E]T) VIE],
(6)

where ¢ € R4 denotes a single query token,



and K,V € RV*9 represent the keys and val-
ues over N tokens, respectively. £ C [N] is the
set of selected key and values. The dimension d
corresponds to the size of a single attention head.
Multi-head attention extends this formulation by
computing multiple such heads in parallel and con-
catenating their outputs.

In our code completion task, the prompt pro-
vided to the code LLM represents the entire con-
text, consisting of the refined query ¢, and the
retrieved valuable context C',, which includes mul-
tiple code snippets. We enable each query token to
attend only to a subset of tokens from g,y and the
most relevant code snippets in C', as follows:

E=| {7} |u | U Selec(Ty) |, ()

7'12[ T‘,L'<I

where T; denotes the tokens of the i-th code snippet
in Uy, T, denotes the tokens of g,.f, and ; is the
relevance score of the ¢-th code snippet and ¢, (de-
fined in Section 4.3), which quantifies the relevance
between ¢,y and the i-th code snippet. I denotes
the relevance threshold. The operation Select(7;)
refers to the process of proportional mapping of
r; to a corresponding probability, and then decides
whether to retain 7; based on that probability.

5 Experiment

5.1 Experimental Setup

Benchmarks. We utilize two widely adopted
benchmarks for evaluation: CCEval (Ding et al.,
2023) and RepoEval (Zhang et al., 2023). CCE-
val is a benchmark for repository-level code com-
pletion across multiple programming languages,
reflecting real-world development scenarios. Repo-
Eval evaluates line-level, API-level, and function-
level completion on full-scale repositories. In our
experiments, we use the Python and Java subsets of
CCEval, which contain 2,665 and 2,139 test cases
respectively, as these languages are widely used
and provide sufficient diversity. For RepoEval, we
focus on line-level and API-level tasks, each with
1,600 test cases, since our work targets code com-
pletion rather than function-level code generation.

Metrics. The completion results were evaluated
using two widely adopted metrics: Exact Match
(EM) and Edit Similarity (ES) (Levenshtein et al.,
1966). Specifically, EM measures whether the pre-
dicted code completion exactly matches the correct

code without any differences. ES evaluates the tex-
tual similarity between the predicted and correct
code completions based on the edit distance.

Baselines. To evaluate the effectiveness of Re-
poAttention, we compared it with the simple
RAG method (Parvez et al., 2021) and the SOTA
repository-level code completion approaches:

* Simple RAG. In repository-level code comple-
tion, simple RAG is a basic retrieval and gener-
ation baseline. It uses the left context of incom-
plete code as the query, retrieves relevant snippets
from the repository with BM25, and concatenates
them with the in-file context to form the prompt.

* HCP (Zhang et al., 2025a). HCP constructs high-
quality code completion prompts by modeling
the code repository at the function level, retain-
ing topological dependencies between files while
pruning irrelevant content from the retrieved
code, without requiring model training.

¢ RLCoder (Wang et al., 2024c). RLCoder em-
ploys a reinforcement learning framework to
train a retriever without labeled data, iteratively
evaluating and retrieving useful code snippets
based on the perplexity of the target code.

* CodeRAG (Zhang et al., 2025b). CodeRAG uti-
lizes a multi-path retrieval strategy followed by
a preference-aligned reranking mechanism to se-
lect necessary code snippets.

Experimental Details. To prevent potential data
leakage, we select four popular open-source code
LLM:s that were released prior to the collection of
benchmarks for our experiments: StarCoderBase-
7B (Li et al., 2023), CodeLlama-7B (Roziere
et al., 2023), DeepSeekCoder-1.3B (Guo et al.,
2024), and DeepSeekCoder-6.7B. We employ
the popular dense retriever RLRetriever (Wang
et al., 2024c), and set the max_new_tokens to 64,
max_context_tokens to 2048 for all models. We
set m to 3 in Section 4.2. Following the vLLM
(Kwon et al., 2023) documentation, we set the tem-
perature to 0.8 and top-p to 0.95 by default dur-
ing sampling. All experiments were conducted on
NVIDIA A100 GPUs.

5.2 Evaluation Results

Effectiveness of RepoAttention. Table 1 presents
the repository-level code completion performance
of RepoAttention in comparison to the baselines.
Note that both HCP and CodeRAG are primarily
designed for Python programs on CCEval, with



Table 1: Repository-level code completion performance comparison.

Code LLM Method CCEval (Python) CCEval (Java) RepoEval (Line) RepoEval (API)
EM ES EM ES EM ES EM ES
Simple RAG 14.78 66.30 16.36 66.41 44.19 65.48 32.69 5591
HCP 19.87 68.75 / / / / / /
StarCoderBase-7B CodeRAG 24.01 60.89 / / / / / /
RLCoder 25.89 72.12 25.81 68.91 47.75 68.48 35.06 58.09
RepoAttention 31.527217% 7553M.7% 28,63T109% 702119% 49,11128% ¢8.89106%  36.68™% 60.24137%
Simple RAG 15.76 66.30 16.78 65.37 44.25 65.65 37.00 63.43
HCP 20.06 68.18 / / / / / /
CodeLlama-7B CodeRAG 23.11 60.44 / / / / / /
RLCoder 26.57 71.43 26.23 66.37 46.62 67.88 37.94 64.32
RepoAttention 32.137209%  7538155% 29 561127%  68,7913:6% 48,08131% 68.25105% 40.1217%  66.1712%
Simple RAG 14.18 65.12 13.70 61.63 41.31 63.60 35.31 62.07
HCP 17.95 66.77 / / / / / /
DeepSeekCoder-1.3B  CodeRAG 21.24 58.78 / / / / / /
RLCoder 23.98 70.44 20.80 63.39 44,12 66.46 36.06 62.72
RepoAttention 29.711239%  74.24154%  24281167%  6513127% 4578 138%  67.04109% 37.87150%  4,81133%
Simple RAG 18.31 68.38 17.48 65.23 45.94 66.68 38.25 64.99
HCP 22.62 70.49 / / / / / /
DeepSeekCoder-6.7B  CodeRAG 25.85 62.70 / / / / / /
RLCoder 30.24 73.58 26.13 66.11 48.75 69.42 39.88 66.24
RepoAttention 36.781216% 78.1916:3% 29 09T113%  ¢87810% 50,63139% 70.48T1°% 42.64709% 68.34132%
Table 2: Ablation study results on CCEval and RepoEval.
Method CCEval (Python) CCEval (Java) RepoEval (Line) RepoEval (API)
EM ES EM ES EM ES EM ES
RepoAttention 36.78 78.19 29.09 68.78 50.63 70.48 42.64 68.34
w/o QR 35.13145% T77.42110% 28.31127% 67.43120% 50.26107% 70.28 103% 41.62124% 67.5711.1%
w/o RO 35.88124% 77.76105% 28.91106% 68.48104% 50.18109% 70.25103% 41.39129% 67.41114%
w/o DA 34.56160% 77.16113% 28.14133% 67.19123% 50.06111% 70.19104% 41.02138% 67.13118%

no available adaptation for Java or repository-
level evaluation on RepoEval. It can be observed
that RepoAttention consistently outperforms all
baseline methods across different code LLMs
and benchmarks, demonstrating the robustness
of RepoAttention for repository-level code com-
pletion. The largest improvement is observed
with DeepSeekCoder-1.3B, where RepoAttention
achieves a 23.9% gain in EM on CCEval Python
compared to RLCoder.

Compared with HCP, which is also a training-
free method, RepoAttention shows substantially
stronger performance. With DeepSeekCoder-6.7B,
RepoAttention improves EM by 62.6% on CCE-
val Python and yields consistent ES improvements
across all benchmarks. These results indicate that
RepoAttention can more effectively focus on rele-
vant code snippets and enhance completion quality
without additional training.

Ablation Study. To understand the contributions
of each component in RepoAttention, we conduct
ablation studies with DeepSeekCoder-6.7B. The
results are shown in Table 2. “w/o QR” means

adopting a single-path retrieval setting that uses
the incomplete code as the query, without query re-
finement or candidate completion generation. “w/o
RO” means not performing reranking operations
on the retrieved code snippets. “w/o DA” means
using the traditional attention mechanism instead
of our dynamic relevance-guided attention mech-
anism. We observe that removing any component
leads to performance degradation, showing that
each component contributes to the effectiveness of
RepoAttention. Notably, the performance drops the
most significantly for “w/o DA”, with EM decreas-
ing by up to 6.0% on CCEval Python, indicating
that the dynamic relevance-guided attention mech-
anism plays a critical role in RepoAttention. This
highlights the importance of prioritizing relevant
code snippets while discarding irrelevant or noisy
information that may interfere with completion
quality. Furthermore, the performance decrease in
“w/o QR” and “w/o RO” suggests that both query
refinement and snippet reranking consistently im-
prove retrieval quality. These findings collectively
confirm that this multi-stage approach is vital for
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Figure 3: Performance under different context lengths.
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Figure 4: RepoAttention’s performance by the number
of candidate completions.
effective repository-level code completion.
Impact of Context Length. We conduct exper-
iments on CCEval Python with DeepSeekCoder-
6.7B. The prompt for code LLMs includes both
in-file and cross-file context, with default lengths
of 512 and 1536 tokens. We vary the length of
one type of context while keeping the other fixed
at its default value. Figures 3(a) and 3(b) show
RepoAttention’s performance as the context length
increases from 256 to 4096 tokens.

Increasing either type of context consistently im-
proves performance across all metrics, but the gains
diminish as the context grows. For in-file con-
text, expanding the length from 256 to 512 tokens
yields a clear improvement, with EM increasing
by 7.8% and ES by 2.1%, while further increases
bring smaller gains. Cross-file context follows
a similar trend, where early expansion is highly
beneficial but additional tokens are less likely to
introduce new relevant information, leading to a
performance plateau. Overall, longer cross-file con-
text is more effective than longer in-file context, as
it provides more diverse and completion-relevant
snippets. Based on these results, we recommend us-
ing around 512 tokens for in-file context and 1536
tokens for cross-file context in practice.

Impact of Candidate Completion Count. Fig-
ure 4 shows how RepoAttention’s performance
varies with different numbers of candidate com-
pletions. As the number of candidate completions
increases, RepoAttention initially achieves consis-

tent improvements across all metrics. However,
when this number exceeds three, performance starts
to degrade. This suggests that when the number of
candidate completions becomes excessive, there is
an increased likelihood that some candidate com-
pletions are irrelevant to the correct completion,
thereby introducing noise into the retrieval process
and consequently degrading the quality of the final
completion. Therefore, we adopt three candidate
completions as the default setting.
Computational Cost. Table 7 reports the average
cost per case on CCEval Python. RepoAttention
achieves the lowest latency, outperforming other
baselines. Although CodeRAG incurs higher la-
tency due to its multi-path retrieval and probing
process, RepoAttention remains efficient despite
using a dual-path refinement strategy. These results
indicate that RepoAttention achieves a good bal-
ance between retrieval quality and computational
cost, making it suitable for practical code comple-
tion. More details are provided in Appendix B.
Case Study. We present a case study to illustrate
the effectiveness of RepoAttention. Figure 5 shows
an example where the model is required to com-
plete the function pred_topk_with_label in the
CleanSpeechDetector class. RepoAttention first
produces a refined query that supports useful can-
didate sampling. It then reranks the retrieved snip-
pets, placing the most relevant one containing the
target function at the top of the context, which
enables correct completion. In contrast, baselines
such as CodeRAG, HCP, and RLCoder retrieve sim-
ilar but irrelevant snippets, resulting in incorrect
outputs. More details are provided in Appendix C.

6 Conclusion

In this paper, we presented RepoAttention, a robust
framework designed to enhance repository-level
code completion. Our approach addresses the limi-
tations of existing RAG methods through three key
innovations: a dual-path query refinement strategy
that bridges the semantic gap between incomplete
code and retrieval targets, a relevance-aware rerank-
ing mechanism that optimizes the arrangement of
context, and a dynamic relevance-guided attention
mechanism that allows the model to focus on the
most pertinent information while ignoring noise.
Comprehensive experiments demonstrate that Re-
poAttention significantly outperforms SOTA meth-
ods and exhibits strong generalization across dif-
ferent programming languages and code LLMs.



Limitations

In this section, we discuss the current limitations
in RepoAttention.

Hyperparameter Sensitivity. As indicated in
our experimental setup and analysis, our frame-
work involves several hyperparameters that require
tuning, such as the sampling temperature and the
number of retrieved code snippets. Identifying the
optimal combination of these parameters for differ-
ent programming languages or base models can be
laborious and computationally expensive.

Evaluation Metrics and Human Utility. Our
evaluation mainly relies on automatic metrics such
as EM and ES. While these metrics are widely used,
they may not fully reflect developers’ subjective
judgments of code correctness or usefulness in real
scenarios. Future work could include human evalu-
ation, user studies, or downstream task-based eval-
uations to better assess the practical effectiveness
of RepoAttention.
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A Preliminary Studies

A.1 Setup

To prevent potential data leakage, we selected
four popular open-source code LLMs that were
released prior to the collection of benchmark
datasets for our experiments: StarCoderBase-7B
(Li et al., 2023), CodeLlama-7B (Roziere et al.,
2023), DeepSeekCoder-1.3B (Guo et al., 2024),
and DeepSeekCoder-6.7B. We adopt the default
greedy decoding strategy without sampling, and set
the max_new_tokens to 64, max_context_tokens
to 2048 for all models. All experiments were con-
ducted on NVIDIA A100 GPUs.

A.2 Baseline Evaluation

A.2.1 In-file Context Only

We first provided code LLMs with in-file context,
specifically the left context of the incomplete code
without any cross-file context, so that the models
could rely solely on their own prior knowledge
to perform the completion task. The results are
presented in Table 3. The overall performance of
the completion was unsatisfactory. Even the top-
performing model demonstrated a limited accuracy,
reaching just 9.46% on the Python portion of the
CCEval benchmark. This suggests that, without
access to broader cross-file context, code LLMs
struggle to accurately complete code that depends
on definitions or information residing outside the
current file.

A.2.2 Simple RAG

RAG is a widely adopted strategy for enhancing
LLM-based repository-level code completion. In
the preliminary study, we employ a simple RAG
approach in which the left context of the incom-
plete code serves as a query to retrieve relevant
code snippets from the repository. These retrieved
snippets are then concatenated with the in-file con-
text to construct the prompt. Following the setup
of RLCoder (Wang et al., 2024c) and reflecting typ-
ical programming practices, we segment the repos-
itory code into code snippets based on blank lines,
and merge consecutive short code fragments to en-
sure each snippet has an appropriate length and
improved semantic coherence. We utilize BM25
(Robertson et al., 2009; Robertson and Walker,
1994) as a sparse similarity metric and also employ
the popular dense retriever RLRetriever (Wang
et al., 2024c) to retrieve relevant code snippets.
The results are shown in Table 3. It can be ob-
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served that code snippets retrieved from other files
within the repository contribute to more accurate
code completion, as they provide relevant contex-
tual information for the completion task.

A.3 Query Content Analysis

In repository-level code completion tasks, the query
provided to the retriever is typically an incomplete
code segment. Due to the absence of the correct
completion or similar code, the retrieved snippets
are often limited in utility, frequently containing
redundant or irrelevant content and lacking critical
information associated with the desired completion.
To address this problem, the query should be mod-
ified in a specific way. For example, by inputting
the original query into a code LLM to generate
multiple lines of completed code and appending
these lines to the original query, a refined query can
be constructed. In this preliminary analysis, we ap-
pended only the first generated line to the original
query, as the initial line typically represents the
most probable and locally relevant continuation.
The results are presented in Table 4, indicate that
this augmented query incorporates code snippets
that are similar to the correct completion, thus en-
abling the retrieval of more precise and relevant
code snippets.

A.4 Retrieved Code Snippets Position
Analysis

Additionally, we investigate the impact of the posi-
tion of retrieved code snippets within the prompt on
code completion performance by varying their or-
der before inputting the prompt to the code LLMs.
In previous section, the default arrangement places
code snippets in descending order of relevance to
the query. In this experiment, we also consider
reversing this order as well as randomizing the
placement of the snippets, in order to examine how
the position of retrieved code snippets within the
prompt affects the final completion results. The re-
sults are presented in Table 5. We observe that plac-
ing relevant code snippets at the beginning or end of
the prompt has a comparable impact on completion
performance. However, when retrieved code snip-
pets are randomly positioned within the prompt, the
completion accuracy drops significantly. This indi-
cates that the placement of retrieved code snippets
within the prompt affects the completion results,
which is consistent with findings from previous
studies on natural language tasks (Liu et al., 2023).



Table 3: The completion results of the baseline methods. EM denotes Exact Match, and ES denotes Edit Similarity.

Baseline Evaluation

CCEval (Python) CCEval (Java) RepoEval (Line) RepoEval (API)

Code LLM Method
EM ES EM ES EM ES EM ES
In-file Only 6.79 60.69 944  63.83 3625 59.95 26.19 51.83
StarCoderBase-7B Simple RAG (BM25) 14.78 66.30 1636 66.41 44.19 65.48 32.69 5591
Simple RAG (RLRetriever) 25.89 72.12 25.81 6891 47.75 68.48 35.06 58.09
In-file Only 7.39 60.78 935 63.83 37.00 60.47 29.19 57.43
CodeLlama-7B Simple RAG (BM25) 15.76 66.30 16.78  65.37 44.25 65.65 37.00 63.43
Simple RAG (RLRetriever) 26.57 71.43 26.23 6637 46.63 67.88 37.94 64.32
In-file Only 5.85 58.21 692 58.37 33.88 58.46 26.94 55.86
DeepSeekCoder-1.3B  Simple RAG (BM25) 14.18 65.12 13.70  61.63 41.31 63.60 35.31 62.07
Simple RAG (RLRetriever) 24.05 70.46 20.85 6343 44.12 66.46 36.06 62.69
In-file Only 9.46 61.60 1141 6254 39.63 61.95 30.44 59.40
DeepSeekCoder-6.7B  Simple RAG (BM25) 18.31 68.38 1748 6523 4594 66.68 38.25 64.99

Simple RAG (RLRetriever) 30.24 73.58 26.13  66.11 48.75 69.42  39.88 66.24

Table 4: Comparison of completion results using different methods of changing query.

Query Content Analysis
CCEval (Python) CCEval (Java) RepoEval (Line) RepoEval (API)
EM ES EM ES EM ES EM ES

Origin ~ 25.89 72.12 25.81 6891 4775 6848  35.06 58.09
Append 26.34 72.40 26.65 6944 4756 6834  35.13 58.19

Origin 26.57 71.43 2623 6637 46.63 67.88 37.94 64.32
Append 27.24 72.75 26.79 68.05 46.69 67.92 37.81 64.22

Origin  24.05 70.46 20.85 63.43 44.12  66.46  36.06 62.69
Append 24.84 70.28 21.37 6273 44.13 66.48  35.88 62.61

Origin 30.24 73.58 26.13 66.11 48.75 69.42 39.88 66.24
Append  30.66 74.79 26.37 67.28 49.63 69.62 40.25 66.46

Code LLM Method

StarCoderBase-7B

CodeLlama-7B

DeepSeekCoder-1.3B

DeepSeekCoder-6.7B

Table 5: Comparison of completion results using different sort order of retrieved code snippets in prompt.

Relevant Information Position Analysis
CCEval (Python) CCEval (Java) RepoEval (Line) RepoEval (API)
EM ES EM ES EM ES EM ES

Default 25.89 72.12 25.81 6891 47.75 68.48 35.06 58.09
StarCoderBase-7B Reverse  26.68 72.24 2590 69.71 47.81 68.22 34.56 58.07
Random 24.47 71.31 24.87 68.74 4594 66.83 33.38 57.10

Default  26.57 71.43 2623  66.37 46.63 67.88 37.94 64.32
CodeLlama-7B Reverse  26.15 72.12 2641 68.83 4694  68.20 38.63 64.54
Random 24.20 70.98 2394 66.83 44.88 66.79 36.38 63.09

Default  24.05 70.46 20.85 63.43 44.12 66.46 36.06 62.69
DeepSeekCoder-1.3B  Reverse  24.92 70.60 2146 64.06 44.75 66.42 36.56 62.94
Random 21.88 68.27 1992 6192 42.00 65.18 34.44 61.46

Default  30.24 73.58 26.13  66.11 48.75 6942  39.88 66.24
DeepSeekCoder-6.7B  Reverse  29.91 74.28 26.88 67.72 48.75 69.52  40.56 66.76
Random 26.75 73.07 2468 66.62 4656 6835  38.06 65.01

Code LLM Method
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Table 6: Average cost (seconds) for each step of RepoAttention on CCEval Python.

Dual-Path Query Refinement

Rerank Completion
Distillation & Enrichment Sparse Retrieval Sample Dense Retrieval

0.045 0.022 0.549 0.662 0.159 0.185

s

-»| Refined Query Bad Retrieved Code Snippets

2nd Code Snippet (CodeRAG) ist Reference Code Snippet

i
i
i
class SoundClassifier: i
def __init_(self, args): '
def load_info_audioset(self, ontology_file_path, |
labels_indices_csv_path): i
def get_child_dict(ontology_file_path): !
def predict(self, waveform, mask=None, chunk_time=1.6, step_ratio
=0.1, return_all=F 8 ! . i . .
def pred_topk_with_label(self, waveform, mask=None, | chunk_size = int(chunk_time * self.sr)

chunk_time=1.0, step_ratio=0.1, topk=5): ! step_size = chunk_size * step_ratio

def _call_(self, input_audio_path, seg arr=None): i waveform = waveform. to(se1f.device).unsqueeze(0)

i

i

i

i

i

]

]

i

i

i

i

i

]

]

i

i

i

i

]

Semantic Enrichment

def predict(self, waveform, mask=None, chunk_time=1.0,

The CleanSpeechDetector class is designed to process audio CRPLREECL T AL el

files, identify speech segments, and apply speech quality and

classification to determine the quality and type of speech. EENEE: torch.FloatTensor (n_samples,)

TInput Raw Waveform.

Raw Query

o

import tqdm

[ o ‘ n_test_frames - waveform. shape[1]
g r L . 10th Code Snippet
from utils import load audio def pred_topk_with_label(self, waveform, mask=None, chunk_time=1.6,
£ron—vad—inport-Speechbetector step_ratio=0.1, topk=5): (HCP) 1st Reference Code Snippet
5 < itynssi o1t predi o - .
" pred = self.predict(waveform, mask-mask, chunk_time=chunk_time, o )
£ Faseif o SoundClaceifi o B o) def load alidio(audio_file path, sr=16000, chunk time=o,

v mono=True):

t = get_wav_duration(audio_file_path)
if chunk_time != @ and t > chunk_time:

probs, indices = pred.topk(k=topk)

class CleanSpeechDetector: codes = [self.label dict[idx.item()] for idx in indices]

def [run_segments (sc1f, input_audio_path, out_vad, topk=5, names = [self.code2name[code] for code in codes]

results = []

for (name, code, prob) in zip(names, codes, probs):
results.append((code, name, prob.item()))

return results

sc_chunk_time=1.0, sc_step_ratio=0.1, use_round=True): ‘B, - librosa Load(audio_file path, offset
=start_t, duration=chunk_time, sr=sr, mono=mono)

waveforn - loadlaudio(input_audio_path, sr=self.sr)
waveform = torch.FloatTensor(waveform)
columns = ["index", "start", "end"] I
for k in range(topk):

for name in ['code', ‘name’, ‘pred']:

i
i
i
i
'
i
i
i
i
i
i
'
i
i
i
i
i
i
'
i
i
i
i
i
i
'
i
i
i
i
i
i
'
i
i
:
: else:
'

i

:

! columns . append(“top{}_{}" . fornat (k+1, name))

i

'

i

i

i

i

i

i

'

i

i

i

i

i

i

'

i

i

i

i

i

i

'

'

i

i

i

i

i

'

'

i

i

i

i

i

'

i

i

i

i

i

i

:

K Waveforii, _ = librosa.load(audio_file_path, sr=sr,
Hlviviiviviviviniviuivipiniptulvipipiuioioiniiuiolvipiiututvipiiptotpipiiutelolollutoiey mono=mono)

Reranked Code Snippets

return waveform

columns . append( "NORESQA_MOS" ) 1st Code Snippet

RLC 1st Reference Code Snippet
def pred_topk_with_label(self, waveform, mask=None, chunk_time=1.0, (RLCoder) PP

step_ratio=0.1, topk=5):

pred = self.predict(waveform, mask=mask, chunk_time=chunk_time,

step_ratio=step_ratio)

probs, indices = pred.topk(k=topk)

codes = [self.label dict[idx.item()] for idx in indices]

names = [self.code2name[code] for code in codes]

results = []

for (name, code, prob) in zip(names, codes, probs):
results.append((code, name, prob.item()))

I
i
i
i
i
i
results = {} I
i
i
i
i
i
i
i
i
i
i
i
i

| return results
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
'

Waveform = 1oad audio(input_audio_path, sr=self.sr)
waveform = torch.FloatTensor (Waveform)

for col in columns:
results[col] = []
for idx,seg in tqdm.tqdm(enumerate(out_vad
.get_timeline())): if seg_arr is not None:
mos_score_list = []
for start, end in zip(seg_arr(:,0], seg arr[:,1]):
seg_waveform = waveform[start:end]
mos_score = self.estimate_score(seg_waveform)

start_t, end_t = seg.start, seg.end
start, end = int(start_t*self.sr), int(end_t*self.sr)

seg_waveforn = waveform[start:end]

mos_score = np.array(mos_score_list)
2nd Code Snippet else: .
mos_score = self.estimate_score(waveform)

class SoundClassifier: return mos_score
def _init_ (self, args):
def Toad_info_audioset(self, ontology_file_path,
labels_indices_csv_path):
def get_child_dict(ontology_file_path):
def predict(sclf, waveform, mask=None, chunk_time=1.0,

step_ratio=0.1, return_all=False):
def pred_topk_with_label(sclf, waveform, mask=

# completion 1:
score_and_classify(seg_waveform, use_round=use_round,
chunk_time=sc_chunk_time, step_ratio=

sc_step_ratio, topk=topk) sc_chunk_time, step_ratio=sc_step_t

'
i

predict(seg_waveform, chunk_time= '

CodeRAG ) !

'
# completion 2: i
i

i
i

i

i

;

i

i

i

i

i

i

i

i

. . i
Diverse Completions !
;

i

i

i

i

i

i

i

i

i

i

i

sc_predict_topk_with_label (seg_waveform, chunk_time= chunk_time=1.0, step_ratio=0.1, topk=5): |
sc_chunk_time, step_ratio=sc_step_ratio, def _call 1, input_audio_path, seg_arr=None): HcP PUn_segrient (seg_waveform, sc_chunk_time, @ |

topk=topk) o e m o e o e e o o e e .. ' sc_step_ratio, use_round) '
e e e TN i i

# completion 3: ! . B a '
1 i ; i i pred_topk_with_label(seg_waveform, chunk_time " . i
prea_mpk_mtn_hm(zig_wi::jgfrsné ;::nk;;rin;;s(_chunk_tlme, : RepoAttention e BTN, G Ve G (e @ ' RLCoder est)mat:75?ore(segiwaveFor‘l‘n, . :
p_ratio=sc_step_| ' (Ours) topketopk) P sc_chunk_time, sc_step_ratio, use_round) !

1 " 1

Figure 5: A case project_cc_python/1474 from CCEval Python. The highlighted words indicate overlaps between
the query and the code snippet. Strikethrough text marks code that is removed by the query distillation step.

Table 7: Average cost (seconds) per case on CCEval  hag not been heavily optimized for speed. The la-
Python. tency could be further reduced through engineering
improvements. For instance, model quantization
HCP  CodeRAG  RLCoder RepoAttention could be applied to reduce memory bandwidth pres-
1.95 2.53 1.67 1.62 sure. Additionally, employing accelerated vector
search libraries (such as Faiss®) would likely re-
duce the overhead of the dominant stages, further

B Computational Cost Details enhancing the practical deployment of RepoAtten-
tion.

Table 6 reports the average time consumption for
each step of RepoAttention. We observe that the =~ C Case Study
primary computational costs stem from dense re-
trieval and sampling. This is consistent with ex-
pectations. The sampling step involves LLM infer-
ence which is naturally resource-intensive, while
dense retrieval requires similarity searches in a
high-dimensional vector space.

We present a case study to demonstrate the ef-
fectiveness of RepoAttention. Figure 5 shows
an example where the model is required to com-
plete the function pred_topk_with_label in the
CleanSpeechDetector class. As illustrated by

. . . the raw query, the query distillation step removes
It is worth noting that our current implemen- quety duery P

tation of RepoAttention prioritizes accuracy and *https://github.com/facebookresearch/faiss
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irrelevant code, indicated by the strikethrough
lines. The resulting refined query enables the
model to sample useful candidate completions.
The reranking component then prioritizes the
most relevant snippet containing the definition of
pred_topk_with_label and places it at the top of
the context. This precise retrieval enables RepoAt-
tention to correctly complete the target function.
In contrast, baselines like CodeRAG, HCP and
RLCoder retrieve irrelevant snippets that appear
textually similar to the incomplete code, leading to
incorrect completions.

15

D Algorithm of RepoAttention

Algorithm 1: RepoAttention

BOWON -

w

12

13

14
15

16
17

18

19
20
21

22
23
24
25
26
27

28

29

30

Input: Incomplete code c;,, Repository R, Code
LLM M, Reranker R ,qnk, Relevance
threshold I, Number of samples m, Key code
lines t, Top-k retrieval

Output: Code completion result ¢

Step 1: Codebase Construction

Parse R into primary snippets via blank-line split;

Extract dependency snippets via tree-sitter parsing;

D <« {primary snippets} U {dependency snippets};

Step 2: Dual-Path Query Refinement

Graw < Cin;

Gref < DISTILLANDENRICH(Graw)

// Sparse retrieval via BM25

Separse < BM25(¢raw, D);

Siel e ¢ BM25(gres, D);

// Generate hypothetical completions
Hyaw < {hi, oo hnk ~ P (S50 0 © Graw);
Hrep + {1, ... i} ~ Pr(-Sishrse @ Greg)s
// Dense retrieval with expanded queries
+ DenseRetrieve(graw ® Hraw, D);

< DenseRetrieve(gres @ Hres, D);

Taw

Sﬁense
:;ref

dense

Step 3: Relevance-Aware Snippet Reranking
c, < Extract last ¢ lines from gy as key code;
// Compute relevance score

usf do

dense

raw

foreach snippet s; € Sy,
L, Ti < 7zrank(ck7si)

C'y < Sort snippets by r; in descending order;

Step 4: Dynamic Relevance-Guided Attention
E« 0,
foreach snippet s; € C,, with tokens T; do
if r; > I then
| E« EUT:

else

pi < MAPTOPROBABILITY(7;);

if BERNOULLI(p;) = I then

| E<EUT;

E <+ EUT,;// Always include query tokens

// Generate completion with DRGA

¢ < M.Complete(C', & ¢rey) with attention
restricted to F;

return ¢;
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