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Abstract

Large language models are effective at code
completion when the required evidence is local,
but repository-level fill-in-the-middle comple-
tion remains challenging when it depends on
code and structural relationships across files.
We present ACAR, a framework that com-
bines lexical and AST/LSP-based structural
retrieval through line-level reciprocal rank fu-
sion, then applies syntax-aware post-processing
to align generated completions with the sur-
rounding code. We evaluate ACAR on Re-
poEval, ReccEval, and CrossCodeEval across
Python, Java, TypeScript, and C#, covering
more than 3,000 real-world repositories. In
the main Qwen2.5-Coder experiments, ACAR
outperforms strong retrieval baselines in most
settings, reaching 42.98 EM on ReccEval and
32.86 on CrossCodeEval at 3B, versus 36.25
and 28.40 for the strongest retrieval baseline,
respectively. With the largest tested Qwen and
DeepSeek backbones, ACAR improves EM
over their corresponding no-retrieval baselines
across all five evaluation settings. Ablations
show that lexical and structural evidence are
complementary, while removing syntax-aware
refinement causes the largest drop in edit sim-
ilarity. These gains come with 87–95 ms of
non-decoding overhead under warm-cache con-
ditions across the three benchmarks, support-
ing latency-sensitive code completion. To sup-
port reproducibility, we make our implementa-
tion and evaluation scripts publicly available at
https://github.com/longstnguyen/ACAR.

1 Introduction

Large Language Models (LLMs) have become an
important component of modern software develop-
ment, supporting tasks such as code completion,
bug fixing, and automated documentation. Devel-
opers now work alongside these assistants through-

out everyday programming (Barke et al., 2023).
Code completion is especially useful in practice: it
reduces cognitive overhead and helps developers
navigate unfamiliar or evolving codebases. Early
LLM-based systems such as CODEX (Chen et al.,
2021) and CODEGEN (Nijkamp et al., 2023) per-
form well when the prediction depends on local
context, but they condition only on the current file.
In realistic repositories, functionality is distributed
across files through shared abstractions, imported
modules, and cross-file symbol dependencies, so
the evidence a completion needs often lies beyond
the file boundary.

Recent work addresses this limitation by retriev-
ing repository context before generation (Zhang
et al., 2023, 2025). Approaches range from selec-
tive retrieval in REPOFORMER (Wu et al., 2024) to
dataflow-guided retrieval in DRACO (Cheng et al.,
2024) and graph-based retrieval in GRAPHCODER

(Liu et al., 2024), yet two difficulties persist. Lex-
ical similarity alone can surface textually related
snippets while missing relevant structural depen-
dencies. Structural retrieval returns spans of vary-
ing granularity that are difficult to fit within prompt
budgets. More broadly, retrieved context is not al-
ways beneficial: irrelevant or noisy evidence can
degrade generation quality (Wu et al., 2024).

These challenges are particularly important in
Fill-In-the-Middle (FIM) completion, where the
model infers a missing segment conditioned jointly
on prefix and suffix. The inserted code must respect
control flow and symbol usage on both sides of the
insertion point, making the structural relevance of
retrieved context especially important. Even with
relevant context, generated completions may ex-
tend beyond the intended insertion and duplicate
existing suffix code. To address these challenges,
we introduce ACAR, a novel framework that uni-
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fies lexical and structural evidence through line-
level fusion for repository-level FIM completion.

ACAR combines fixed-width lexical windows
with variable-span structural evidence derived from
Abstract Syntax Tree (AST) analysis and symbol
relations resolved through the Language Server
Protocol (LSP). Coupling this fused context with
syntax-aware refinement addresses both repository
evidence selection and insertion consistency in a
single FIM pipeline. The design targets interac-
tive completion by keeping retrieval fast through
lightweight operations and context focused on evi-
dence relevant to the insertion point. We use locally
deployable backbones in the 0.5B–7B range and
evaluate retrieval, fusion, and refinement overhead
separately from decoding.

Our contributions are summarized as follows.

• We introduce a line-level integration design
for lexical and structural retrieval. Snippet-
and node-level approaches treat retrieved units
as indivisible; ACAR re-ranks fixed-width
lexical windows and variable-span structural
evidence in a shared line-level space through
Reciprocal Rank Fusion (RRF), then recon-
structs contiguous spans. It can select relevant
subspans across symbols, and the fused sys-
tem outperforms both single-source variants
on every evaluated dataset.

• We show that syntax-aware post-processing
improves ACAR’s completion quality, with
benefits that vary across generation pipelines.
Removing it causes the largest drop in Edit
Similarity (ES) in our ablations, yet applying
the same step to REPOFORMER and GRAPH-
CODER in the tested DeepSeek settings yields
mixed or negative changes.

• We show that hybrid structural retrieval re-
mains lightweight. Under warm-cache condi-
tions, ACAR adds 87–95 ms of non-decoding
overhead across the three benchmarks, while
structural and learned-retrieval baselines incur
roughly 3.5–26 times as much. On aggregate
stress tests of 12k–117k files, measured re-
trieval overhead is 0.77–1.83 s.

We evaluate ACAR on RepoEval (Zhang et al.,
2023), ReccEval (Cheng et al., 2024), and Cross-
CodeEval (Ding et al., 2023), using four languages
and five backbones and comparing against seven
lexical, structural, and cross-file baselines. On Rec-
cEval with Qwen2.5-Coder-3B, ACAR reaches an

Exact Match (EM) score of 42.98 and an ES score
of 72.46, versus 36.25 and 69.20 for the strongest
retrieval baseline.

2 Related Work

We review code completion methods by how they
obtain context, from in-file modeling to cross-file
retrieval and repository-level retrieval.
In-file context. Pretrained Transformer models
(Feng et al., 2020; Ahmad et al., 2021; Ding et al.,
2022) underpin modern code intelligence. For
completion, autoregressive models (Black et al.,
2022) use left context, whereas INCODER (Fried
et al., 2023) conditions on both sides of the inser-
tion point through causal-masked infilling. These
approaches, however, remain limited to evidence
from the active file.
Early cross-file retrieval. Cross-file methods re-
trieve evidence from neighboring files through simi-
larity matching (Henninger, 1991) or learning over
near-duplicate code segments (Hill and Rideout,
2004). This broadens coverage, but scalability and
the resolution of distant dependencies remain chal-
lenging in large repositories.
Repository-level retrieval. REACC (Lu et al.,
2022) established the value of repository retrieval,
while REPOCODER (Zhang et al., 2023), CO-
COMIC (Ding et al., 2024), and REPOFORMER

(Wu et al., 2024) couple retrieval with generation
or selective filtering. Structural approaches range
from dataflow-guided retrieval in DRACO (Cheng
et al., 2024) and code context graphs in GRAPH-
CODER (Liu et al., 2024) to repository navigation
in REPOGRAPH (Ouyang et al., 2025) and multi-
semantic graphs in GRACE (Wang et al., 2025a).
CODERAG (Zhang et al., 2025) and RLCODER

(Wang et al., 2025b) instead use learned or fused
retrieval, adding per-query neural computation that
ACAR avoids.
ACAR’s positioning. Broader context improves
coverage but sharpens the trade-off between
structural expressiveness and prompt efficiency:
lightweight retrieval can miss distant dependen-
cies, whereas graph-based methods incur mainte-
nance cost and often retrieve units too coarse for a
limited FIM prompt. ACAR’s contribution is its
task-specific integration of established retrieval and
syntax-analysis tools: line-level fusion reconciles
retrieval granularities, while insertion-aware refine-
ment aligns completions with surrounding code.
Appendix C compares related methods.
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3 The ACAR Framework

The ACAR pipeline comprises (i) repository pre-
processing, (ii) context retrieval, (iii) prompt con-
struction and generation, and (iv) post-processing.
Figure 1 separates an indexing phase, which builds
lexical and structural retrieval spaces, from an infer-
ence phase, which fuses evidence before generation
and refines the output afterward. Lightweight adap-
tation to backbone-specific FIM templates keeps
the framework model-agnostic.

3.1 Repository Pre-Processing

We formalize repository-level code completion
as predicting Y from an incomplete snippet X ,
whose metadata includes the prefix, suffix, file iden-
tity, and insertion position. ACAR constructs
two retrieval spaces: a lexical corpus Crepo =
{c1, c2, . . . , cN}, which stores reusable lexical con-
text obtained through sliding-window segmentation,
and a repository context graph Grepo = (V,E).
V contains AST-backed entities and source spans;
E contains syntax-containment relations and LSP-
resolved definition, reference, and cross-file depen-
dency links. Tree-sitter supplies the syntax hier-
archy, while LSP provides a lightweight symbol
table for cross-file relations. The LSP server is
initialized once per repository and cached across
queries, reducing the cost of repeated inference-
time lookups.

3.2 Context Retrieval and Fusion

Given the incomplete snippet X , ACAR queries
the lexical corpus and repository context graph in-
dependently before fusion.

Text-based retrieval. To identify lexically sim-
ilar repository snippets, ACAR applies a sliding-
window retriever over the lexical corpus using a
Jaccard index. Let St denote the query window
from the tail of the current prefix, and Sm a candi-
date window from a repository file. Lexical simi-
larity is computed as

J(St, Sm) =
|St ∩ Sm|
|St ∪ Sm|

,

where both windows are token sets after tokeniza-
tion. After lightweight normalization, candidate
windows are ranked through a retrieval opera-
tor Rtext(·), producing Ctext = Rtext(Crepo, X).
This branch works well for recovering near-
duplicate code, recurring implementation motifs,
and local lexical regularities.

Graph-based retrieval. Lexical similarity alone
is often insufficient when completion depends
on symbol definitions or cross-file dependencies.
ACAR therefore adds graph-based retrieval over
the repository context graph defined in Section 3.1.
During inference, ACAR identifies an anchor node
v0, defined as the smallest AST node whose span
covers the insertion line, and performs bounded
Depth-First Search (DFS):

Cgraph = DFS(v0, s),

where s denotes traversal depth. We use a small
bound (s = 2 in all experiments) to control re-
trieval latency. Dependencies beyond depth 2 are
not reached by the structural branch, but may still
be surfaced by the lexical branch through token
overlap and incorporated by RRF fusion.

Line-level fusion. Because lexical retrieval re-
turns fixed-size windows while graph retrieval re-
turns structural spans, ACAR first normalizes both
into line-level evidence before fusion. Each re-
trieved snippet is expanded into line identities of
the form file_path:line_number. ACAR then
applies RRF:

RRF(L) =
∑

r∈R(L)

1

rankr(L) + c
,

where L is a normalized line identity,R is the set of
ranked outputs from the text and graph retrievers,
R(L) ⊆ R contains the outputs in which L ap-
pears, and c is a damping constant. For r ∈ R(L),
rankr(L) is the best (lowest) rank of a retrieved
snippet containing L. Lines retrieved by both
branches receive contributions from both rankings,
favoring regions supported by lexical and struc-
tural evidence. After fusion, ranked lines are recon-
structed into spans by grouping consecutive lines
from the same file: lines with identical file_path
and adjacent line_number values are merged into
contiguous code blocks. Fragmentation is limited
in practice because both branches produce multi-
line outputs: the Jaccard retriever operates over
50-line windows, and LSP returns whole-symbol
bodies. Appendix G reports span statistics.

3.3 Prompt Construction and Generation
The fused retrieved code snippets are serialized in
ranked order and inserted into a FIM prompt:

Prompt = Cfused + filename + FIM(prefix, suffix).

Here, + denotes prompt concatenation, Cfused is
the fused repository context, filename is the ac-
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Language Model

  { "path": "...", "lines": "[..]", "code": "..." },

  { "path": "...", "lines": "[..]", "code": "..." },

  { "path": "...", "lines": "[..]", "code": "..." },

Repository

Abstract Syntax Tree

Symbol Table

Tree-sitter

LSP

Repository Context Graph

Sliding Window
Lexical Context

Jaccard Index

Tree-sitter

User Abstract Syntax Tree

Depth First Search

Reciprocal Rank Fusion

  { "path": "...", "lines": "[..]", "code": "..." },

  { "path": "...", "lines": "[..]", "code": "..." },

  { "path": "...", "lines": "[..]", "code": "..." },
Retrieved Code Snippets

Post-Processing

Prompt Template

<PRE>

def create_user():

<SEP>

<CODE_SNIPPETS> 

# retrieved snippets  

<SEP>

<MID>

return logSuccess()

def create_user():

... # masked span

return logSuccess()

Incomplete Code

Completed Code

Indexing Phase

Inference Phase

def create_user():

    email = input("Enter email: ")

    if not validate_email(email):

        raise ValueError("Invalid email")

    user = UserModel(email=email)

    create_user_in_db(user)

    return logSuccess()

Figure 1: Overview of ACAR’s repository-level FIM pipeline, comprising indexing and inference phases.

tive file identifier, and FIM(·, ·) serializes the local
prefix and suffix using the backbone’s native FIM
tokens. Retrieved snippets are prepended to this
local context within the retrieved-context and total
input budgets. The resulting prompt is passed to
the language model M , producing an initial com-
pletion Ŷraw = M(Prompt).

3.4 Syntax-Aware Post-Processing

A FIM model may generate the correct insertion
but also reproduce suffix code, causing the output
to fail exact match against the reference comple-
tion. After generation, ACAR applies AST-guided
truncation using line-aligned ancestor selection, as
summarized in Algorithm 1. Starting from the in-
sertion node n0, the algorithm traverses upward in
the user-side AST to identify the highest ancestor
whose span remains aligned with the insertion line,
or an adjacent line under open-delimiter conditions
represented by o(·). ACAR repairs missing clos-
ing brackets before truncation and applies overlap-
aware trimming between the candidate insertion
and existing code so that the final completion Ŷ
remains consistent with surrounding syntax.

4 Experiments

We evaluate ACAR through four Research Ques-
tions (RQs) covering completion quality, efficiency
and scalability, generalization, and the contribution
of individual components:

RQ1. How does ACAR perform on representa-
tive repository-level code completion benchmarks?

Algorithm 1 Line-Aligned Ancestor Selection

Input: Initial node n0; functions parent(·) and
line(·); predicate o(·)

Output: Highest ancestor n satisfying line align-
ment

1: n← n0

2: while n ̸= nil and parent(n) ̸= nil do
3: p← parent(n)
4: if line(p) = line(n0) then
5: n← p
6: else if line(p) = line(n0) − 1 and o(p)

then
7: n← p
8: else
9: break

10: end if
11: end while
12: return n

RQ2. How efficient and scalable is ACAR under
practical development constraints?

RQ3. How well does ACAR generalize across
model backbones and programming languages, and
where do its gains hold?

RQ4. How do individual components of ACAR
contribute to overall performance?

4.1 Experimental Setup
Datasets. We evaluate ACAR on three represen-
tative benchmarks covering large-scale, repository-
level, and multilingual code completion: ReccE-
val (Cheng et al., 2024), RepoEval (Zhang et al.,
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2023), and CrossCodeEval (Ding et al., 2023). Rec-
cEval consists of real-world Python repositories
collected from the Python Package Index; RepoE-
val evaluates repository-level completion at three
granularities: line completion, API invocation, and
function-body generation; CrossCodeEval extends
evaluation to Python, Java, TypeScript, and C#.
Appendix B gives dataset statistics.

Baselines. We compare ACAR against seven
repository-level baselines: REPOCODER (Zhang
et al., 2023) (iterative lexical retrieval-generation,
using one iteration following the original paper),
REPOFORMER (Wu et al., 2024) (selective retrieval-
augmented generation), RLCODER (Wang et al.,
2025b), CODERAG (Zhang et al., 2025), DRACO

(Cheng et al., 2024) (dataflow-guided structural
retrieval), GRAPHCODER (Liu et al., 2024) (graph-
based structural retrieval), and COCOMIC (Ding
et al., 2024) (joint in-file and cross-file model-
ing). Appendix C details these methods and their
evaluation protocols. For multilingual evaluation,
we added Tree-sitter-based parsing adapters for
DRACO on Java, TypeScript, and C#, and for
GRAPHCODER on TypeScript and C#, while pre-
serving their retrieval procedures. For parser-
dependent baselines, end-to-end parsing failures
are excluded from numerator and denominator
rather than scored as incorrect. Their scores there-
fore use method-specific subsets; Appendix D re-
ports the coverage.

Evaluation metrics. We report EM and ES on a
0–100 scale. EM measures exact agreement with
the reference, while ES captures near-correct out-
puts through normalized Levenshtein similarity.
Appendix I gives the formal definitions and ag-
gregation conventions.

Implementation details. Methods use the same
backbone family and decoding configuration wher-
ever their released interfaces permit, while retain-
ing each baseline’s retrieval pipeline. Our main ex-
periments use Qwen-based code models (Hui et al.,
2024). Appendix A reports the hyperparameters,
machine configuration, and backbone checkpoints;
Appendices C and D describe method-specific pro-
tocols and multilingual adaptations. Tables 1–3
report the main comparisons on RepoEval, ReccE-
val, and CrossCodeEval.

4.2 Completion Quality (RQ1)

Across the three benchmarks, ACAR achieves
the strongest overall results among the evaluated

retrieval-augmented methods. Table 1 shows that
ACAR leads the RepoEval retrieval baselines in
5 of 6 EM and 5 of 6 ES settings. For function-
level completion, ACAR reaches 5.27 and 8.35
EM at 0.5B and 3B, versus 3.83 and 6.14 for RE-
POFORMER. On ReccEval, Table 2 reports 30.21
and 42.98 EM for ACAR, versus 27.97 and 36.25
for the strongest retrieval baseline. ACAR also
leads aggregate CrossCodeEval EM and ES at both
scales in Table 3. Section 4.4 examines when re-
trieval helps relative to standalone generation.

4.3 Efficiency and Scalability (RQ2)

Runtime overhead. We measure the time spent
on tokenization, lexical retrieval, LSP queries,
graph traversal, RRF, prompt serialization, and
post-processing in ACAR under warm-cache con-
ditions. We exclude model decoding to isolate the
retrieval-and-refinement pipeline; end-to-end la-
tency also depends on the backbone, prompt length,
and deployment hardware. Indexing is a one-time
cost reported separately in Figure 2. Figure 4 shows
that ACAR adds 87–95 ms of non-decoding over-
head across the three benchmarks. Relative to
ACAR, the overhead is roughly 3.5 times as high
for DRACO, 5.7–6.0 times for GRAPHCODER, 9–
26 times for RLCODER and CODERAG, and over
40 times for COCOMIC. All methods were timed
on the machine described in Appendix A, using the
same 2,048-token retrieved-context budget.

Repository scalability. Figure 2 reports a sepa-
rate profiling study on three selected Python repos-
itories of 179–450 files and aggregate corpora of
12k–117k files. These repository-specific measure-
ments complement the benchmark-level overhead
reported in Figure 4. The three largest corpora are
aggregate stress-test constructions rather than de-
ployment traces: the 12k-file corpus pools 482 Rec-
cEval repositories, the 52k-file corpus combines
ten large open-source projects (airflow, pytorch,
tensorflow, among others), and the 117k-file cor-
pus extends that construction. Retrieval overhead is
about 0.77 s at 12k files and 1.4–1.8 s at 52k–117k
files. LSP-based structural retrieval contributes at
most 178 ms, so most of the growth comes from the
lexical Jaccard scan. For the largest corpus, one-
time indexing takes 124.1 s, approximately 1.1 ms
per file. Incremental indexing could reduce update
costs by re-indexing only files affected by edits. Fu-
ture work will explore this optimization alongside
end-to-end IDE evaluation.
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Table 1: RepoEval results and ablations across Qwen2.5-Coder backbones. Bold marks the best score and
underlining marks the second-best; the same convention applies to Tables 2 and 3. Text-only and graph-only variants
include post-processing.

Method
Qwen2.5-Coder-0.5B Qwen2.5-Coder-3B

Line API Function Line API Function
EM ES EM ES EM ES EM ES EM ES EM ES

REPOCODER 24.58 58.56 16.78 48.78 2.12 32.78 38.03 67.43 28.32 56.23 2.32 34.38
REPOFORMER 28.12 52.34 18.11 55.45 3.83 48.92 34.68 64.27 26.82 62.11 6.14 56.20
RLCODER 8.63 34.99 11.44 31.84 0.00 13.42 10.41 33.12 13.11 28.79 0.66 12.21
CODERAG 10.38 42.31 11.13 49.08 0.00 29.75 14.18 46.19 14.17 54.87 0.31 31.63
DRACO 18.75 42.38 17.69 45.18 2.22 32.17 34.92 55.95 27.95 57.72 2.64 34.83
GRAPHCODER 26.91 50.88 17.94 53.47 2.86 46.73 32.97 61.48 25.86 61.72 5.29 54.61
COCOMIC 23.51 44.38 18.16 44.30 1.47 30.04 34.48 53.90 28.16 55.23 2.33 34.23

ACAR (text-only) 24.44 53.64 17.43 58.24 3.65 50.60 37.27 63.84 26.44 67.03 6.11 57.80
ACAR (graph-only) 23.74 51.64 16.93 57.74 3.35 50.30 36.77 62.34 25.94 66.53 5.81 57.30
ACAR (w/o post.) 21.38 44.29 14.46 46.51 2.42 48.89 33.62 54.65 22.84 54.47 4.62 54.99

ACAR 33.62 54.65 19.96 59.57 5.27 51.71 37.50 69.52 29.04 68.43 8.35 59.60

Table 2: ReccEval results and ablations across Qwen2.5-Coder backbones.

Method
Qwen2.5-Coder-0.5B Qwen2.5-Coder-3B

EM ES EM ES

REPOCODER 24.57 62.82 30.10 66.94
REPOFORMER 27.97 63.41 36.25 69.20
RLCODER 7.51 48.75 13.76 55.18
CODERAG 13.99 54.50 23.82 63.33
DRACO 26.25 60.95 33.27 68.38
GRAPHCODER 25.83 62.94 33.71 68.02
COCOMIC 14.43 56.36 20.85 62.59

ACAR (text-only) 25.51 51.73 39.24 64.82
ACAR (graph-only) 24.81 50.43 38.49 63.37
ACAR (w/o post.) 19.41 39.83 33.99 54.28

ACAR 30.21 61.03 42.98 72.46

4.4 Generalization and Robustness (RQ3)
Backbone generalization. We evaluate ACAR
on five 0.5B–7B backbones from two families:
Qwen2.5-Coder-0.5B/3B/7B (Hui et al., 2024) and
DeepSeek-Coder-1.3B/6.7B (Guo et al., 2024). Fig-
ure 3 reports EM gains over each standalone back-
bone, using a shared y-axis scale for within-family
capacity trends. Setting labels abbreviate Repo-
Eval (RE), CrossCodeEval (CC), ReccEval (RC),
and TypeScript (TS); the suffix names the com-
pletion task or, for CrossCodeEval, the language.

ACAR improves EM on all five settings with each
family’s largest evaluated backbone. Gains in-
crease with capacity throughout the DeepSeek set-
tings but are not monotonic across Qwen scales.
Improvements hold at every tested scale on CC-
py, RC-line, and RE-func; standalone generation
performs better on short RE-line and RE-api tar-
gets with the smaller Qwen backbones. Against
retrieval baselines, ACAR leads EM on 4 of 5
settings with DeepSeek-Coder-6.7B, trailing RE-
POFORMER only on RE-api. Both methods ex-

1861



Table 3: CrossCodeEval aggregate results and ablations across Qwen2.5-Coder backbones.

Method
Qwen2.5-Coder-0.5B Qwen2.5-Coder-3B

EM ES EM ES

REPOCODER 12.97 63.93 16.85 67.54
REPOFORMER 19.40 66.10 28.40 71.45
RLCODER 7.07 56.23 12.78 62.74
CODERAG 9.71 59.78 16.66 66.20
DRACO 17.61 64.56 22.97 69.75
GRAPHCODER 16.72 65.26 23.94 69.02
COCOMIC 9.85 60.45 13.49 63.98

ACAR (text-only) 18.34 60.28 30.73 70.87
ACAR (graph-only) 17.64 58.98 30.43 69.37
ACAR (w/o post.) 14.15 51.59 28.59 65.40

ACAR 22.13 67.38 32.86 74.34
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GRAPHCODER
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CODERAG

COCOMIC
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Figure 4: Non-decoding pipeline overhead across three
benchmarks (ms, log scale).

ceed standalone EM on all ten DeepSeek settings.
Appendix E provides EM/ES comparisons; Ap-
pendix H examines retrieved-answer overlap.

Multilingual generalization. In Table 4, ACAR
achieves the highest EM and ES across all four
CrossCodeEval languages with Qwen2.5-Coder-
3B. Its macro-average scores of 32.86 EM and
74.34 ES exceed the strongest retrieval baseline by
4.46 and 2.89 points, respectively. Under Qwen2.5-
Coder-0.5B, ACAR leads EM in every language
and achieves the best average ES (67.38), although
REPOFORMER and REPOCODER lead ES on Type-
Script and C#, respectively. The macro-average
gains over the strongest retrieval baseline are larger
at 3B. ACAR is evaluated at full coverage, while
parser-dependent baseline scores use the method-
specific subsets reported in Appendix D.

Performance without detected overlap. We ex-
amine performance on records with no detected
overlap between the reference answer and ACAR’s
retrieved context, using the heuristic described in
Appendix H. With Qwen2.5-Coder-7B, ACAR’s
subset EM scores are 43.89 on ReccEval, 61.56
on RepoEval-line, and 54.55 on CrossCodeEval-
Python, versus full-set scores of 44.33, 66.90, and
63.08, respectively. Function-level EM shows the
largest gap, from 28.57 to 10.66, suggesting that
reusable repository evidence is particularly impor-
tant in this setting. ACAR’s retrieval output defines
the subset, which is not used to compare methods.

4.5 Component Contributions (RQ4)

We ablate three components: text-based retrieval,
graph-based retrieval, and post-processing. The
ablated variants appear in Tables 1–3. Both text-
only and graph-only variants remain below the full
system on every benchmark, indicating that lexical
and structural signals are complementary. Remov-
ing post-processing causes the largest ES decline:
from 72.46 to 54.28 on ReccEval, 74.34 to 65.40 on
CrossCodeEval, and 69.52 to 54.65 on RepoEval-
line under Qwen2.5-Coder-3B. The transfer study
in Appendix F finds mixed or negative changes
when the same post-processing is applied to RE-
POFORMER and GRAPHCODER, highlighting its
dependence on the generation pipeline. We also
examine the structure of the fused context: the
fragment analysis in Appendix G shows multi-line
spans averaging roughly 20–45 lines, with single-
line fragments accounting for only 2.7–6.7%.

5 Conclusion

ACAR integrates lexical and AST/LSP-derived
structural retrieval with syntax-aware refinement
in a repository-level FIM framework. Line-level
fusion combines complementary evidence into con-
tiguous spans, while post-processing refines inser-
tion boundaries. Across RepoEval, ReccEval, and
CrossCodeEval, ACAR outperforms retrieval base-
lines in most settings and improves EM over stan-
dalone generation in all five settings with the largest
tested Qwen and DeepSeek backbones. Ablations
show that both retrieval branches and refinement
improve completion quality. With 87–95 ms of
warm-cache, non-decoding overhead across bench-
marks, ACAR offers a fast and focused approach
to interactive code completion. Smaller Qwen
backbones perform better without retrieval on Re-
poEval line and API tasks, motivating selective
retrieval. Further directions include incremental
indexing and end-to-end IDE evaluation.

Limitations

Several limitations arise from ACAR’s design for
latency-sensitive code completion and the scope of
our evaluation with locally deployable backbones.

Parsing and symbol resolution. The coverage
of the structural branch depends on the quality of
Tree-sitter parsing and LSP symbol resolution. Pre-
processor macros, template metaprogramming, and
non-standard syntax in auto-generated code may
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Table 4: CrossCodeEval results by language under Qwen2.5-Coder-0.5B and 3B. Best scores per metric column are
color-highlighted (blue for 0.5B, red for 3B); second-best are underlined in the same color.

Method Backbone
Python Java TypeScript C# Avg.

EM ES EM ES EM ES EM ES EM ES

REPOCODER
0.5B 12.97 63.93 11.24 62.47 11.89 63.12 15.78 66.20 12.97 63.93
3B 16.85 67.54 14.93 66.18 15.42 66.83 20.20 69.61 16.85 67.54

REPOFORMER
0.5B 24.83 69.37 15.94 64.08 18.27 65.42 18.56 65.53 19.40 66.10
3B 34.17 73.08 25.36 70.19 26.08 70.61 27.98 71.93 28.40 71.45

RLCODER
0.5B 3.22 49.01 13.60 61.20 6.63 55.09 4.81 59.60 7.07 56.23
3B 5.87 56.65 23.66 69.00 11.39 61.11 10.20 64.21 12.78 62.74

CODERAG
0.5B 14.13 61.36 13.85 62.78 5.81 53.87 5.06 61.10 9.71 59.78
3B 22.90 69.70 22.54 69.99 11.42 60.60 9.79 64.51 16.66 66.20

DRACO
0.5B 20.15 66.42 15.87 63.18 16.23 63.95 18.19 64.69 17.61 64.56
3B 26.38 71.54 20.65 68.43 21.12 69.28 23.73 69.75 22.97 69.75

GRAPHCODER
0.5B 17.86 66.02 14.91 64.21 16.04 64.88 18.07 65.94 16.72 65.26
3B 28.71 71.02 22.68 68.94 23.41 69.21 20.95 66.91 23.94 69.02

COCOMIC
0.5B 11.86 62.34 8.47 59.28 8.92 59.67 10.15 60.51 9.85 60.45
3B 16.24 65.87 11.58 62.76 12.03 63.14 14.11 64.15 13.49 63.98

ACAR (w/o post.)
0.5B 13.43 44.14 12.16 52.14 11.59 53.44 19.40 56.62 14.15 51.59
3B 29.76 59.33 25.20 66.23 25.00 67.65 34.39 68.39 28.59 65.40

ACAR
0.5B 28.74 75.56 17.63 65.99 20.67 63.37 21.49 64.61 22.13 67.38
3B 39.89 75.56 29.31 73.82 26.43 73.33 35.80 74.66 32.86 74.34

yield incomplete ASTs, while limited language-
server support may produce sparser symbol tables.
Dependencies beyond the depth-2 traversal bound
are not reached by this branch. When structural
evidence is incomplete, RRF combines it with lexi-
cal evidence; when it is unavailable, retrieval falls
back to lexical context.

Backbone capacity range. We evaluate locally
deployable backbones from 0.5B to 7B; extending
the evaluation to frontier-scale code models is left
for future work.

Benchmark scope. Our experiments cover three
benchmarks, four languages, and over 3,000 repos-
itories. Broader deployment scenarios, including
mixed-language projects, complex build systems,
and continuous multi-file editing, require further
evaluation beyond the current benchmark coverage.

Function-level completion. Function-level EM
is lower on the subset without detected answer over-
lap than on the full set. Both reusable implemen-
tation evidence and differences in task difficulty

may contribute to this gap; the comparison does
not isolate their effects. Appendix H details the
subset construction and results.

Societal Impact

Repository-level completion systems such as
ACAR may reduce repetitive work, help develop-
ers navigate cross-file dependencies, and improve
consistency across large codebases. By combining
repository-wide evidence with low retrieval over-
head, ACAR aims to make this assistance practical
for interactive development. Realizing these ben-
efits requires attention to the risks of propagating
vulnerable patterns, exposing sensitive context, and
reusing third-party code without adequate attribu-
tion. Even plausible completions may contain log-
ical or security defects. Responsible deployment
should therefore restrict retrieval to authorized files,
avoid retaining sensitive context, and subject gener-
ated code to testing, security scanning, provenance
and license checks, and human review before pro-
duction use.
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Supplementary Materials Availability

To support reproducibility, the implementation of
ACAR, including source code, evaluation scripts,
and links to all benchmark datasets used in this
study, is publicly available at https://github.
com/longstnguyen/ACAR.

AI Use Statement

We used OpenAI’s GPT models1 to improve the
manuscript’s language and organization and to
check numerical and logical consistency. These
tools also assisted with code debugging during ex-
periment reproduction. For all baselines, we used
the authors’ official implementations, with multilin-
gual and other evaluation adaptations described in
Appendices C and D. We reviewed all AI-assisted
writing and code changes against our methods and
results and revised them as needed. We take full
responsibility for the final manuscript and accom-
panying code, including their accuracy, originality,
and appropriate attribution of prior work.
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A Implementation Details

We summarize the implementation settings used in
all experiments, including inference hyperparame-
ters, prompt construction, hardware environment,
and backbone configurations.
ACAR configuration. Table 5 summarizes the
decoding and retrieval settings. For FIM comple-
tion, decoding stops at predefined special tokens or
the maximum generation length. All experiments
use unquantized models to avoid introducing dif-
ferences from low-bit inference.

Table 5: Inference hyperparameters for ACAR.

Decoding

Input token budget 8,000
Maximum generated tokens 48
Temperature 0.2
Top-k 5
Quantization None

Retrieval

Query window St (lines) 50
Candidate window Sm (lines) 50
Sliding-window step (lines) 10
Retrieved-context budget (tokens) 2,048
Text retrieval top-k 10
Graph retrieval top-k 10
DFS traversal depth s 2
RRF constant c 60

Prompt templates. Following the FIM formula-
tion in Section 3, we serialize retrieved snippets
in ranked order within the token budget and in-
sert them into backbone-specific prompts. Fig-
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## Qwen2.5-Coder
{intro}
<|file_sep|>{filename}
<|fim_prefix|>{prefix}<|fim_suffix|>{suffix}<|fim_middle|>

## DeepSeek-Coder
{intro}
#{filename}
<|fim_begin|>{prefix}<|fim_hole|>{suffix}<|fim_end|>

Figure 5: Backbone-specific FIM prompt templates; intro denotes serialized retrieved context.

ure 5 shows the templates used in our implemen-
tation. ACAR uses the Qwen2.5-Coder format
in the main experiments and DeepSeek-Coder’s
native template for cross-backbone runs.

Hardware and software. All experiments were
conducted on a server equipped with an AMD
EPYC 7V13 64-core processor (24 CPU cores al-
located, 1 thread per core, base clock 2.5 GHz),
an NVIDIA A100 GPU with 80 GB memory, and
512 GB of system RAM. The software environment
was Ubuntu 20.04.6 (64-bit).

Backbone models. Our main experiments evalu-
ate ACAR and all baselines using two Qwen-based
backbones: Qwen2.5-Coder-0.5B and Qwen2.5-
Coder-3B. For cross-scale experiments, we in-
clude Qwen2.5-Coder-7B, DeepSeek-Coder-1.3B-
Instruct, and DeepSeek-Coder-6.7B-Instruct. All
backbones are used in their publicly released form
without additional fine-tuning.

B Benchmark Statistics

Table 6 reports the numbers of repositories, files,
and completion instances in each evaluation bench-
mark, along with average prompt and reference
lengths where available. We count lines using
splitlines() and tokens using the Qwen2.5-
Coder tokenizer. The eight repositories shared by
the three RepoEval tasks are counted only once in
the repository total.

ReccEval. This dataset focuses on large-scale
Python repositories with dense inter-file depen-
dencies and relatively long prompts (Cheng et al.,
2024), making retrieval quality particularly im-
portant when relevant evidence is scattered across
repository files.

RepoEval. RepoEval evaluates repository-level
completion at three granularities: line-level inser-
tion, API invocation, and function-body generation
(Zhang et al., 2023). The three tasks share eight

repositories but differ in their evaluated files and
completion targets.
CrossCodeEval. This benchmark tests general-
ization across Python, Java, TypeScript, and C#,
whose syntax and symbol organization differ (Ding
et al., 2023). Its completion targets are selected to
require cross-file evidence.

C Baseline Methods and Protocols

We group the seven retrieval baselines by their main
design emphasis, then describe their evaluation set-
tings. The groups can overlap, as some methods
combine several retrieval strategies. We also com-
pare against standalone backbones, which gener-
ate completions without retrieved repository con-
text. The comparison focuses on systems designed
for code completion; REPOGRAPH (Ouyang et al.,
2025) and GRACE (Wang et al., 2025a) instead
target broader repository engineering objectives or
require substantially heavier graph construction.
Iterative and selective retrieval. REPOCODER

(Zhang et al., 2023) alternates similarity-based re-
trieval of repository snippets with code generation.
We use its default of one retrieval-generation it-
eration; Figure 4 reports the corresponding non-
decoding overhead. REPOFORMER (Wu et al.,
2024) uses selective retrieval, allowing the model
to decide whether external context is likely to im-
prove completion before retrieving it.
Learned and hybrid retrieval. In RLCODER

(Wang et al., 2025b), the retriever is trained with re-
inforcement learning to select relevant candidates,
with a stop signal allowing it to skip retrieval.
CODERAG (Zhang et al., 2025) combines log-
probability-guided query construction with multi-
path retrieval over lexical, dense, and dataflow
signals, followed by a preference-aligned setwise
reranker. Like CODERAG, ACAR combines lexi-
cal and structural evidence, but uses line-level rank
fusion without a learned reranker.
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Table 6: Statistics of the evaluation benchmarks.

Dataset #Repos #Files #Examples
Prompt (Avg.) Reference (Avg.)

#Lines #Tokens #Lines #Tokens

ReccEval (Python) 2,635 6,461 6,461 135.9 1,138.0 1.0 6.7

RepoEval (Line) 8 761 1,600 116.0 1,000.6 1.0 11.0
RepoEval (API) 8 456 1,600 130.9 1,139.5 2.1 20.5
RepoEval (Function Body) 8 114 455 121.4 964.0 8.9 83.1

CrossCodeEval (Python) 471 1,368 2,665 90.6 802.2 1.0 10.5
CrossCodeEval (Java) 239 745 2,139 106.7 871.5 1.1 12.5
CrossCodeEval (TypeScript) 193 779 3,356 115.9 864.1 1.7 15.9
CrossCodeEval (C#) 99 642 1,768 71.1 528.2 1.7 12.1

Total 3,645 11,326 20,044 – – – –

Structural retrieval. In DRACO (Cheng et al.,
2024), dataflow analysis guides context retrieval
over a graph of code entities and their dependen-
cies. Similarly, GRAPHCODER (Liu et al., 2024)
performs coarse-to-fine retrieval over its code con-
text graph.

Joint context modeling. COCOMIC (Ding et al.,
2024) uses CCFinder to retrieve related entities
from a project context graph. It then jointly attends
to retrieved cross-file context and in-file context.

Distinction from graph-fusion methods. Both
GRAPHCODER (Liu et al., 2024) and GRACE
(Wang et al., 2025a) use whole nodes or snippets
as atomic retrieval units. GRAPHCODER ranks and
concatenates retrieved snippets, whereas GRACE
fuses retrieved subgraphs with the query graph be-
fore serialization. ACAR differs in two ways. First,
it fuses lexical and structural evidence through line-
level RRF and reconstructs contiguous spans, sup-
porting subspan selection across multiple symbols
rather than treating each retrieved node as indivisi-
ble. Second, it combines retrieval with suffix-aware
FIM generation and AST-guided post-processing,
a combination absent from both methods.

Method-specific settings. Appendix A reports
the experimental configuration, and Appendix D
details multilingual adaptations and parsing cov-
erage. CODERAG’s published evaluation covers
ReccEval and CrossCodeEval. We add a Repo-
Eval loader while retaining its left-context-only
conditioning, extending the comparison beyond its
published evaluation scope. RLCODER uses its
released retriever checkpoint without retraining on

our backbones; its published scope covers line and
API completion but not function-level completion.

D Multilingual Baseline Adaptation

DRACO and GRAPHCODER were designed pri-
marily for Python (GRAPHCODER additionally
supports Java). For CrossCodeEval, we imple-
mented language-specific adapters for DRACO on
Java, TypeScript, and C#, and for GRAPHCODER

on TypeScript and C#. Each method’s retrieval
procedure, ranking, and prompt template are pre-
served; the adapters replace the parsing and entity-
extraction components, with DRACO’s dataflow
modification detailed below. To meet GRAPH-
CODER’s upstream tree-sitter==0.20.4 re-
quirement, its grammars are pinned to Application
Binary Interface (ABI) version 14. Components
not listed in Tables 7 and 8 remain unmodified.

GraphCoder adaptation. We extended GRAPH-
CODER’s Code Context Graph (CCG) construction
with new Control Dependence Graph (CDG), Con-
trol Flow Graph (CFG), and Data Dependence
Graph (DDG) builder functions, as summarized in
Tables 7 and 8. These builders share the same node
schema across languages. Narrowing the CDG
catch-all rule was particularly important for Type-
Script, where the original rule would otherwise
subsume all nested control-flow nodes.

DraCo adaptation. Table 7 lists each language’s
pinned grammar and the constructs the adapter re-
solves; Table 8 lists modified components. At line
and API level, the adapter simplifies intra-method
dataflow to focus on import resolution, which dom-
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Table 7: Language adapters for the parser-dependent baselines.

Method Language Tree-sitter grammar Language-specific handling

DRACO

Python unchanged original parsers re-exported; legacy path preserved bit-identically

Java tree-sitter-java 0.23.5
import_declaration; class, interface, enum, record and annota-
tion declarations

C# tree-sitter-c-sharp 0.23.5 using_directive; struct, record, delegate
TypeScript tree-sitter-typescript 0.23.2 import_statement; index.ts mapped to its directory

GRAPHCODER

C# tree-sitter-c-sharp @ 6563c3a –

TypeScript tree-sitter-typescript v0.21.2
statement_block excluded from the CDG catch-all rule; a 22-
line smoke test yields 7 CDG nodes before the fix and 14 after

Table 8: Implementation touch-points in the two adapted baselines.

Method Component modified Change

DRACO
MetadataParser, DataflowParser

replaced with language-specific modules; graph traversal and
prompt assembly untouched

intra-method dataflow simplified to one-step Hint/Rhint/Assign/Inherit edges

GRAPHCODER

CDG/CFG/DDG builders
new for C# and TypeScript, ≈170 lines of code each, using the
Java implementation as a template

CCG node schema
startRow, endRow, sourceLines, defSet, useSet; identical
across languages

driver
file extension table; comment prefix // for C# and TypeScript;
--language argument choices

inates the retrieval signal in these settings.

Validation and coverage. We verify valid CDG
intervals, non-zero CFG out-degree, and at least
95% file-level parse success; failures concentrate
in auto-generated sources (e.g., Migration*.cs,
*.d.ts). Retained instance coverage across parser-
dependent runs is 75–99%. This differs from file-
level parse success because one file may supply
multiple completion targets. On CrossCodeEval,
DRACO evaluates 2,086/2,665 Python, 2,005/2,139
Java, 1,662/1,768 C#, and 3,323/3,356 TypeScript
examples; GRAPHCODER evaluates 2,448/2,665,
2,005/2,139, 1,662/1,768, and 3,323/3,356, respec-
tively. Failed instances are excluded from both
numerator and denominator rather than scored as
incorrect, so these scores use method-specific sub-
sets. Because coverage and parser adaptations vary
by method and language, we do not interpret cross-
language score gaps causally.

E Backbone Scaling Results

This appendix presents detailed results for the back-
bone comparisons summarized in Section 4.4 and
Figure 3. We evaluate five backbones from two
model families, ranging from 0.5B to 7B parame-
ters. For DeepSeek, we also compare ACAR with

five retrieval baselines. Scores are reported as EM
/ ES on a 0–100 scale. Bold marks the best score
per metric in Tables 10, 11, and 13, the better score
within each comparison pair in Table 15, and the
highest total in Table 12. Tied best scores receive
the same highlighting.

Gains over standalone backbones. Table 9 com-
pares ACAR with standalone generation across
all five backbones. ACAR improves EM in all
five evaluation settings for Qwen2.5-Coder-7B,
DeepSeek-Coder-1.3B, and DeepSeek-Coder-6.7B,
covering all 15 comparisons. For Qwen2.5-Coder-
7B, these gains range from 9.5 to 28.8 EM points.

DeepSeek baseline comparisons. We compare
ACAR with five retrieval baselines on DeepSeek-
Coder-1.3B and DeepSeek-Coder-6.7B in Ta-
bles 10 and 11. At 6.7B, ACAR ranks first in
EM on 4 of 5 settings, with its largest margin over
REPOFORMER on RC-line at 11.79 points; RE-
POFORMER leads only on RE-api by 0.81 points.
Results at 1.3B are more mixed: ACAR leads RE-
line by 6.04 points and ranks second on CC-py,
while DRACO leads CC-py and RC-line but falls
below standalone on RE-line and RE-api. Function-
level completion remains challenging at this scale,
where the best EM is 8.35. ACAR’s RE-func gain
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Table 9: Standalone and ACAR performance across five backbones. All entries report EM / ES (%).

Backbone Method RE-line RE-api RE-func CC-py RC-line

Qwen2.5-Coder-0.5B
Standalone 36.75 / 66.75 24.31 / 56.62 2.42 / 23.26 20.15 / 63.37 20.60 / 56.45
ACAR 33.62 / 54.65 19.96 / 59.57 5.27 / 51.71 28.74 / 75.56 30.21 / 61.03

Qwen2.5-Coder-3B
Standalone 53.56 / 77.88 36.56 / 66.90 5.05 / 31.72 30.73 / 71.70 31.48 / 66.12
ACAR 37.50 / 69.52 29.04 / 68.43 8.35 / 59.60 39.89 / 75.56 42.98 / 72.46

Qwen2.5-Coder-7B
Standalone 57.44 / 80.18 40.06 / 67.36 7.91 / 36.15 34.26 / 73.94 34.21 / 68.78
ACAR 66.90 / 78.03 50.16 / 68.92 28.57 / 56.40 63.08 / 78.41 44.33 / 63.80

DeepSeek-Coder-1.3B
Standalone 38.88 / 64.76 26.25 / 54.37 1.76 / 19.43 18.99 / 59.71 21.17 / 55.14
ACAR 52.48 / 69.84 35.47 / 60.22 2.86 / 42.48 27.44 / 53.47 34.67 / 64.47

DeepSeek-Coder-6.7B
Standalone 45.38 / 71.67 29.06 / 56.79 2.86 / 26.08 27.17 / 68.55 27.24 / 62.37
ACAR 62.19 / 76.49 44.75 / 66.73 12.53 / 53.10 41.73 / 62.31 45.69 / 73.86

over standalone increases from 1.10 points at 1.3B
to 9.67 at 6.7B, indicating greater benefit from re-
trieval with the larger DeepSeek backbone.

Robustness across DeepSeek scales. Table 12
counts the settings in which each method improves
EM over its standalone backbone. Among the eval-
uated methods, only ACAR and REPOFORMER

improve on all five settings at both tested DeepSeek
scales, covering all ten comparisons. GRAPH-
CODER and DRACO fall below standalone in multi-
ple settings, including RE-line and CC-py. At 6.7B,
DRACO also trails standalone slightly on RE-api,
with 29.00 versus 29.06 EM.

Qwen2.5-Coder-7B baseline comparisons. Ta-
ble 13 reports 7B results with RLCODER and
CODERAG as retrieval baselines. Both baselines
use left context without suffix conditioning, lim-
iting direct comparability on function-level FIM.
ACAR achieves the highest EM in all five settings
and the highest ES in three, while standalone gen-
eration achieves higher ES on RE-line and RC-line.
ACAR’s largest EM gains over standalone occur
on RepoEval-function and CrossCodeEval-Python.

F Post-Processing Transfer

We apply ACAR’s post-processing unchanged to
saved raw generations from REPOFORMER and
GRAPHCODER, then re-score the outputs without
repeating retrieval or inference. These dedicated
transfer runs use the DeepSeek family, with raw
EM scores within one point of the corresponding
baselines on shared settings in Appendix E. Ta-
bles 14 and 15 report EM / ES on a 0–100 scale,
with deltas expressed in score points.

Transfer effects. Transferring post-processing
yields mixed results, as shown in Table 14. Fig-
ure 6 plots EM changes on a shared scale, with
negative values indicating degradation. Averaged
over eight settings, REPOFORMER loses 2.84 EM
and 2.18 ES points at 1.3B, and 3.35 EM and 2.34
ES points at 6.7B. For this method, post-processing
improves both metrics only on ReccEval, with de-
clines across all RepoEval tasks and CrossCodeE-
val languages. For GRAPHCODER, average gains
are small: 0.08 EM and 0.05 ES points at 1.3B,
and 0.19 EM and 0.38 ES points at 6.7B. Both
metrics improve on RepoEval-line and the Java
and C# subsets of CrossCodeEval but decline else-
where, indicating that transfer effects depend on
the method and evaluation setting.

Comparison with ACAR. Table 15 compares
ACAR with GRAPHCODER augmented by the
same post-processing step. ACAR achieves higher
EM in 4 of 5 settings at 1.3B and all 5 at 6.7B.
The exception is function-level completion at
1.3B, where GRAPHCODER with post-processing
reaches 8.13 EM versus ACAR’s 2.86.

Interaction with FIM generation. Despite suf-
fix conditioning, a model may repeat suffix code
beyond the intended insertion, making an other-
wise useful completion fail exact match. ACAR’s
post-processing uses AST-guided truncation and
overlap trimming to realign the completion with
surrounding syntax. Its effect therefore depends
on the generated output, which may help explain
the mixed transfer results. For comparison, the
Qwen2.5-Coder-3B ablations report 28.59 EM on
CrossCodeEval and 33.99 on ReccEval for ACAR
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Table 10: Baseline comparison on DeepSeek-Coder-1.3B.

Method RE-line RE-api RE-func CC-py RC-line

Standalone 38.88 / 64.76 26.25 / 54.37 1.76 / 19.43 18.99 / 59.71 21.17 / 55.14

REPOFORMER 46.44 / 75.36 37.94 / 72.39 8.35 / 54.49 23.64 / 68.07 28.39 / 63.05
RLCODER 14.09 / 44.83 24.79 / 57.75 0.99 / 19.05 18.19 / 66.49 18.05 / 59.35
CODERAG 11.92 / 45.75 11.03 / 51.59 1.24 / 29.45 24.06 / 69.67 24.17 / 63.80
DRACO 16.12 / 29.97 8.12 / 40.83 1.98 / 48.73 29.77 / 72.36 38.55 / 71.87
GRAPHCODER 19.62 / 29.41 31.88 / 59.16 8.35 / 41.35 13.19 / 54.34 28.08 / 57.71

ACAR 52.48 / 69.84 35.47 / 60.22 2.86 / 42.48 27.44 / 53.47 34.67 / 64.47

Table 11: Baseline comparison on DeepSeek-Coder-6.7B.

Method RE-line RE-api RE-func CC-py RC-line

Standalone 45.38 / 71.67 29.06 / 56.79 2.86 / 26.08 27.17 / 68.55 27.24 / 62.37

REPOFORMER 55.56 / 80.24 45.56 / 78.24 10.11 / 57.47 32.12 / 73.50 33.90 / 67.31
RLCODER 15.86 / 45.06 26.94 / 59.35 0.99 / 22.07 23.06 / 70.56 23.72 / 63.61
CODERAG 13.16 / 48.50 13.26 / 55.34 1.55 / 30.46 29.49 / 73.02 29.07 / 67.36
DRACO 39.50 / 75.13 29.00 / 71.82 3.96 / 49.48 9.62 / 61.16 10.90 / 55.83
GRAPHCODER 17.88 / 26.77 35.38 / 59.38 9.23 / 43.57 17.16 / 58.24 32.34 / 61.63

ACAR 62.19 / 76.49 44.75 / 66.73 12.53 / 53.10 41.73 / 62.31 45.69 / 73.86
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EM change after post-processing (percentage points)

Figure 6: EM change after transferring ACAR’s post-processing to each baseline.

without post-processing, versus REPOFORMER’s
28.40 and 36.25, respectively.

G Retrieved-Context Structure

We analyze retrieved-context structure across all
five evaluation settings to check whether line-level
fusion yields coherent multi-line spans. For ev-

ery ACAR prompt, we measure the number of
spans, their average length in lines, the proportion
of single-line spans, and the number of contribut-
ing files. We also measure the percentage reduction
in span count from an additional merge of neigh-
boring spans from the same file. Only prompts
analyzed end to end are counted, so record counts
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Table 12: Number of evaluation settings on which each
method improves EM over standalone.

Method
DeepSeek-Coder

Total
1.3B 6.7B

REPOFORMER 5/5 5/5 10/10
RLCODER 0/5 0/5 0/10
CODERAG 2/5 2/5 4/10
DRACO 3/5 1/5 4/10
GRAPHCODER 3/5 3/5 6/10
ACAR 5/5 5/5 10/10

match or fall slightly below the benchmark sizes
in Table 6. They also differ marginally from those
in Table 17, where the overlap analysis requires a
corresponding completion record.

Table 16 shows that retrieved context con-
sists predominantly of multi-line spans, averaging
roughly 20–45 lines across benchmarks. Single-
line fragments account for only 2.7–6.7% of spans.
An additional merge of same-file spans separated
by at most one line would collapse fewer than 2%
of spans, indicating little residual fragmentation
after the grouping step in Section 3.2. This pattern
is consistent with the retrieval design: ACAR de-
composes outputs into line-level identities for RRF
scoring, but both sliding-window Jaccard retrieval
and whole-symbol LSP retrieval supply multi-line
context. Their agreement allows RRF to reinforce
contiguous line clusters.

H Retrieved-Answer Overlap

We examine how accuracy varies with retrieved-
answer overlap by auditing ACAR prompts across
all five evaluation settings. We use three overlap
signals: (1) exact-substring containment of the ref-
erence after whitespace normalization; (2) exact-
line match between the reference and a retrieved
line for line and API tasks; and (3) high token-level
containment, where at least 80% of reference iden-
tifiers appear in the retrieved context. A record
is overlap-positive if any signal triggers and no-
detected-overlap otherwise. No detected overlap
does not rule out analogous implementations else-
where in the repository. We recompute EM on the
no-detected-overlap subset using the main evalu-
ation pipeline. Table 17 and Figure 7 report the
results under Qwen2.5-Coder-7B.

0 20 40 60 80

RE-func

RC-line

CC-py

RE-api

RE-line

−17.91

−0.44

−8.53

−2.76

−5.34

Exact Match (%)

all records no detected overlap

Figure 7: EM on all records and on the subset with no
detected retrieved-answer overlap.

Line and API completion. On RepoEval-line,
RepoEval-API, ReccEval, and CrossCodeEval-
Python, EM on the no-detected-overlap subset dif-
fers from full-set EM by 0.4–8.5 points. ReccEval
changes little, with 43.89 versus 44.33 EM; subset
scores remain at 61.56 on RepoEval-line and 54.55
on CrossCodeEval-Python.

Function-level completion. ACAR scores 10.66
EM on the no-detected-overlap subset of RepoEval-
function, versus 28.57 on the full set. This larger
gap suggests that reusable repository evidence is
particularly important for multi-line synthesis, but
differences in task difficulty between subsets may
also contribute. ACAR’s retrieval output defines
the subset, so comparing methods on it requires
re-scoring every method on the same subset.

Overlap and reusable evidence. Overlap rates
range from 30% to 57%. In repository-level com-
pletion, matching content may come from test files,
sibling implementations, or documentation exam-
ples that can support code reuse. Reporting overlap
rates alongside subset EM shows both how often
such evidence is retrieved and how ACAR per-
forms when no overlap is detected.

I Evaluation Metrics

We evaluate repository-level code completion us-
ing EM and ES. For each method and setting, N
denotes the number of evaluated instances, while
Ŷi and Yi denote the predicted and reference com-
pletions for instance i, respectively.

EM. EM measures the percentage of predictions
that exactly match the reference:

EM =
100

N

N∑

i=1

1[Ŷi = Yi],
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Table 13: Baseline comparison under Qwen2.5-Coder-7B.

Method RE-line RE-api RE-func CC-py RC-line

Standalone 57.44 / 80.18 40.06 / 67.36 7.91 / 36.15 34.26 / 73.94 34.21 / 68.78

RLCODER 16.88 / 46.09 25.27 / 53.95 0.66 / 18.13 6.63 / 57.46 15.35 / 56.88
CODERAG 15.11 / 48.44 17.31 / 59.56 0.31 / 31.91 27.17 / 72.21 28.43 / 66.33

ACAR 66.90 / 78.03 50.16 / 68.92 28.57 / 56.40 63.08 / 78.41 44.33 / 63.80

Table 14: Post-processing transfer results for REPOFORMER and GRAPHCODER.

Setting
DeepSeek-Coder-1.3B DeepSeek-Coder-6.7B

Raw + post. ∆ Raw + post. ∆

REPOFORMER

RE-line 45.75 / 74.45 30.81 / 70.36 −14.94 / −4.09 55.38 / 79.44 38.00 / 74.79 −17.38 / −4.65
RE-api 38.19 / 71.58 35.25 / 68.71 −2.94 / −2.87 45.81 / 77.91 42.75 / 74.57 −3.06 / −3.34
RE-func 8.79 / 58.50 6.15 / 56.33 −2.64 / −2.17 10.99 / 61.43 7.47 / 58.47 −3.52 / −2.96
RC-line 28.39 / 63.05 31.65 / 66.62 +3.26 / +3.57 33.90 / 67.31 38.07 / 71.75 +4.17 / +4.44
CC-py 23.71 / 69.32 23.41 / 68.18 −0.30 / −1.14 32.42 / 74.87 32.20 / 73.61 −0.22 / −1.26
CC-Java 24.12 / 70.99 23.42 / 67.28 −0.70 / −3.71 34.17 / 77.07 32.96 / 73.55 −1.21 / −3.52
CC-TS 18.33 / 63.97 15.88 / 60.20 −2.45 / −3.77 26.16 / 70.24 22.82 / 66.13 −3.34 / −4.11
CC-C# 30.60 / 75.30 28.56 / 72.05 −2.04 / −3.25 41.69 / 80.30 39.48 / 76.96 −2.21 / −3.34

GRAPHCODER

RE-line 19.62 / 29.41 23.19 / 34.83 +3.57 / +5.42 18.06 / 26.92 22.38 / 32.83 +4.32 / +5.91
RE-api 31.88 / 59.16 29.81 / 53.50 −2.07 / −5.66 35.69 / 60.10 33.19 / 53.84 −2.50 / −6.26
RE-func 8.35 / 41.35 8.13 / 38.79 −0.22 / −2.56 8.79 / 43.22 8.57 / 41.25 −0.22 / −1.97
RC-line 28.08 / 57.71 26.90 / 57.38 −1.18 / −0.33 32.17 / 61.58 30.79 / 61.22 −1.38 / −0.36
CC-py 13.19 / 54.34 13.07 / 53.93 −0.12 / −0.41 17.16 / 58.10 17.03 / 57.65 −0.13 / −0.45
CC-Java 8.28 / 35.78 9.18 / 39.45 +0.90 / +3.67 10.12 / 35.65 11.92 / 41.00 +1.80 / +5.35
CC-TS 6.32 / 43.13 5.87 / 42.40 −0.45 / −0.73 8.58 / 47.19 8.00 / 46.36 −0.58 / −0.83
CC-C# 3.67 / 39.80 3.85 / 40.76 +0.18 / +0.96 3.49 / 36.37 3.67 / 37.99 +0.18 / +1.62

Table 15: GraphCoder (GC) with ACAR post-processing versus ACAR.

Setting
DeepSeek-Coder-1.3B DeepSeek-Coder-6.7B

GC + post. ACAR GC + post. ACAR

RE-line 23.19 / 34.83 52.48 / 69.84 22.38 / 32.83 62.19 / 76.49
RE-api 29.81 / 53.50 35.47 / 60.22 33.19 / 53.84 44.75 / 66.73
RE-func 8.13 / 38.79 2.86 / 42.48 8.57 / 41.25 12.53 / 53.10
CC-py 13.07 / 53.93 27.44 / 53.47 17.03 / 57.65 41.73 / 62.31
RC-line 26.90 / 57.38 34.67 / 64.47 30.79 / 61.22 45.69 / 73.86

where 1[·] is the indicator function.

ES. ES measures normalized similarity between
prediction and reference based on Levenshtein edit

distance. For each instance,

ESi = 1− Lev(Ŷi, Yi)

max(|Ŷi|, |Yi|)
,
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Table 16: Span coherence of retrieved context across five evaluation settings.

Dataset #Records Spans/prompt Lines/span Single-line % Files/prompt Merge saves

RE-line 1,595 3.87 26.31 2.7% ∼3.6 0.4%
RE-api 1,591 3.76 19.74 3.2% ∼3.5 0.2%
RE-func 455 4.38 27.86 4.9% ∼4.0 0.5%
CC-py 2,660 2.43 44.98 3.6% ∼2.3 1.6%
RC-line 6,368 4.25 30.77 6.7% ∼4.0 0.2%

Table 17: Retrieved-answer overlap under Qwen2.5-Coder-7B.

Dataset n overlap % EM (all) EM (no overlap) EM ∆

RE-line 1,595 43.0 66.90 61.56 −5.34
RE-api 1,591 30.0 50.16 47.40 −2.76
CC-py 2,660 56.8 63.08 54.55 −8.53
RC-line 6,366 50.0 44.33 43.89 −0.44
RE-func 455 40.2 28.57 10.66 −17.91

where Lev(·, ·) denotes Levenshtein distance and
| · | denotes string length. The reported score is the
mean similarity scaled by 100:

ES =
100

N

N∑

i=1

ESi.

Aggregation and score differences. Both met-
rics are reported on a 0–100 scale, and differences
are absolute score points rather than relative per-
centage changes. Aggregate CrossCodeEval scores
are macro-averages across the four languages, with
each language weighted equally.
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