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Abstract

Large Language Models (LLMs) have achieved
strong performance on many code-related tasks,
yet they still struggle with repository-level sce-
narios where reasoning depends on long, noisy,
and structurally complex contexts. While exist-
ing retrieval methods, including both similarity-
based and graph-based approaches, can iden-
tify relevant code snippets, they often retrieve
excessive contexts that intensify the “lost-in-
the-middle” phenomenon and dilute model at-
tention with redundant contexts. To address
this, we present RepoDistill, a novel frame-
work that integrates retrieval with learned bud-
get allocation for fine-grained context compres-
sion. RepoDistill first employs a plug-and-
play lightweight GraphRAG to retrieve con-
text that follows logical flows. It then ap-
plies Compression-Aware Budget Allocation
guided by Compression-Aware Policy Opti-
mization, which formulates context manage-
ment as a multi-step decision problem and
learns allocation policies for contexts. Experi-
ments show that RepoDistill outperforms base-
lines, achieving gains of up to +7.00 on SWE-
QA, +24.4% on CoderEval, and +0.25 on Long-
CodeU. Furthermore, a compact 4B-parameter
model trained with RepoDistill can serve as an
effective context compressor for closed-source
LLMs, reducing input tokens by up to 66%
while maintaining comparable performance.
We release our code at https://anonymous.
4open.science/r/RepoDistill-6CE3/.

1 Introduction

In recent years, Large Language Models (LLMs)
have emerged as powerful tools for software engi-
neering, demonstrating strong performance in code
translation (Yang et al., 2024; Yin et al., 2024),
code summarization (Sun et al., 2025; Ahmed et al.,
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Figure 1: Performance trends on SWE-QA and
CoderEval under varying context lengths

2024), and code understanding (Nam et al., 2024;
Xu et al., 2025). However, real-world software de-
velopment requires reasoning that goes beyond in-
dividual files and instead operates at the repository-
level, where context is extensive and interdepen-
dent. Tasks such as repository-level code genera-
tion and question answering (QA) inherently de-
mand that LLMs navigate long contexts and re-
solve intricate cross-file dependencies (Peng et al.,
2025b,a; Li et al., 2025; Yin et al.). Naively feed-
ing massive amounts of retrieved code into the
prompt, however, often triggers the “lost-in-the-
middle” phenomenon (Liu et al., 2024) and di-
lutes the model’s attention. To empirically exam-
ine this issue, we conducted a preliminary study
on repository-level QA and code generation using
the standard Function Chunking RAG (Wang et al.,
2025b). We varied the retrieved context length
from 10k to 200k tokens. As illustrated in Figure 1,
performance initially improves when the context
length increases from 0 to 30k tokens due to the
inclusion of more relevant information, but it then
degrades sharply as the context extends to 100k to
200k tokens. Crucially, even SOTA models like
Gemini-3-Pro (DeepMind, 2025) fail to sustain ro-
bust reasoning as the context length increases.

These empirical findings highlight fundamental
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limitations of existing methods on repository-level
tasks. Specifically, we identify two key obstacles
that hinder effective long-context code understand-
ing: (1) When processing long contexts, LLMs
suffer from the “lost-in-the-middle” phenomenon,
and the model’s attention is diluted by redundant
classes or functions, making it difficult to reason
over critical information buried within the long in-
put. (2) Even within retrieved classes or functions
that are deemed relevant, substantial noise remains,
since only a few lines may be truly pertinent to
the query while the entire function body occupies
valuable context budget.

To address these limitations, we propose Re-
poDistill, a novel framework that combines
Graph-Based Retrieval-Augmented Generation
(GraphRAG), Compression-Aware Budget Allo-
cation (CABA), and Compression-Aware Policy
Optimization (CAPO). First, RepoDistill employs
a plug-and-play lightweight GraphRAG to retrieve
contexts that follow logical flows. Instead of ingest-
ing raw retrieved context, RepoDistill then applies
CABA to allocate token budgets for contexts. This
budget allocation is guided by CAPO, which formu-
lates context management as a dynamic decision-
making process. Through optimization policy, the
model learns to autonomously calibrate the budget
allocation (0% to 100%) for each snippet, effec-
tively distilling answer-critical logic while discard-
ing redundant information.

We evaluate RepoDistill on three bench-
marks covering repository-level question answer-
ing (SWE-QA), code generation (CoderEval), and
long-context code understanding (LongCodeU).
Experimental results demonstrate that RepoDis-
till consistently outperforms baselines across all
settings, achieving overall gains of up to +7.00
points with open-source models and up to +7.61
points with closed-source models on SWE-QA. For
code generation, RepoDistill improves Pass@10 by
up to +24.1% on Python and +24.4% on Java; for
long-context understanding, it yields improvements
of up to +0.25 on LDU. Furthermore, a compact
4B-parameter model trained with RepoDistill can
serve as an effective context compressor for closed-
source LLMs, reducing input tokens by up to 66%
while maintaining comparable performance.

In summary, our contributions are as follows:

• We introduce RepoDistill, a novel framework
that mitigates the inherent limitations of LLMs
in handling long-context code tasks.

• We integrate GraphRAG, CABA, and CAPO to
retrieve structurally relevant code, allocate com-
pression budgets, and learn adaptive budget allo-
cation policies.

• We conduct extensive experiments on SWE-QA,
CoderEval, and LongCodeU benchmarks. Re-
sults show that RepoDistill significantly outper-
forms baselines and can serve as an effective
pre-processor for closed-source LLMs.

2 Approach

As shown in Figure 2, RepoDistill integrates three
components: Graph-Based Retrieval-Augmented
Generation (GraphRAG), Compression-Aware
Budget Allocation (CABA), and Compression-
Aware Policy Optimization (CAPO):

• GraphRAG constructs and queries a code depen-
dency graph to retrieve task relevant contexts.

• CABA equips LLMs with the capability to han-
dle long contexts by allocating budgets to re-
trieved code snippets.

• CAPO formulates long-context code understand-
ing as a multi-step decision problem and guides
the LLM to learn budget allocation policies for
contexts, retaining answer-critical information.

2.1 Plug-and-Play Lightweight GraphRAG
Repository-level code tasks require capturing ex-
plicit structural information, such as inheritance
hierarchies and function-call relationships. Given
the inherent complexity of repositories and the over-
head of constructing comprehensive dependency
graphs, we design a lightweight method that can be
hot-swapped with more sophisticated graph-aware
methods (e.g., RepoScope and GRACE). By ex-
plicitly modeling rich dependency relationships
among code elements, our GraphRAG retrieves
task-relevant code contexts and reasoning paths,
providing precise and comprehensive contextual
support. The GraphRAG module operates through
two core components: Repository Graph Construc-
tion and Repository Graph Retrieval.

2.1.1 Repository Graph Construction
This module constructs a structured dependency
graph from a repository, capturing containment
and invocation relationships among functions and
classes. Formally, given a repository with files
F = {f1, f2, ..., fn}, the process outputs a directed
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Graph-Based Retrieval-Augmented Generation (GraphRAG)

Compression-Aware Budget Allocation (CABA)

def get_override_sm(col):

    if isinstance(serialize_method, str):
        return serialize_method

    if col.info.name in serialize_method:
        return serialize_method[col.info.name]

    for key in serialize_method:
        if isinstance(key, type) and isinstance(col, key):
            return serialize_method[key]
    
    return None

(1) SFT with Knowledge Distillation

(2) Multi-Turn Reinforcement Learning
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Figure 2: Overview of the RepoDistill. RepoDistill uses GraphRAG to retrieve structurally relevant contexts, and
applies CABA with CAPO to dynamically allocate retention budgets while preserving answer-critical information.

attributed graph G = (V,E). Here, V denotes
nodes corresponding to code structural units, and
E ⊆ V × R × V represents edges with relation
types R = {CONTAIN, INVOKE}. The construc-
tion procedure consists of three sequential steps.
Code Parsing. Each source file fi ∈ F is parsed
into a Concrete Syntax Tree (CST) using tree-
sitter (Zhu et al., 2024; Ouyang et al., 2025b; Ni
et al., 2023). Candidate units are extracted via CST
traversal, and we record metadata including file
path, line number, name, and code snippet.
Dependency Relation Extraction. We extract two
relation types: (1) CONTAIN edges link classes to
their contained functions or inner classes, reflecting
hierarchical structure; (2) INVOKE edges connect
a caller unit to its callee by resolving function calls
within CST subtrees, producing a candidate set of
relations.
Graph Building. The final graph G is assembled
by instantiating nodes with unit metadata and edges
with identified relations. This structured represen-
tation encapsulates the code’s logical dependencies,
providing the foundation for subsequent retrieval.

2.1.2 Repository Graph Retrieval
Given a code graph G = (V,E) and a query q, this
module retrieves the most relevant code snippets to-
gether with their structured contexts. The retrieval
process consists of three steps.

Node Localization. This step identifies the Top-K
nodes from V that are most semantically relevant
to q. Semantic similarity sim(q, vi) is computed
using Qwen3-Embedding-0.6B (Zhang et al., 2025)
with cosine similarity. The initial anchor set NTop-K
is selected as:

NTop-K = arg max
V ′⊂V,|V ′|=K

∑
v∈V ′

sim(q, v) (1)

Reasoning Chain Mining. To capture code logic
and dependencies, we expand the context from
NTop-K in two ways:

• First-Order Subtrees: For each anchor v ∈
NTop-K, we retrieve all nodes directly connected
via INVOKE edges.

• Multi-Hop Paths: We mine the shortest paths of
anchor pairs vi, vj ∈ NTop-K using INVOKE and
CONTAIN edges, forming a path set P .

This expansion yields a candidate set C contain-
ing the anchors, their first-order subtrees, and the
mined multi-hop paths.
Re-Ranking. For each candidate c ∈ C, we com-
pute a unified relevance score S(q, c):

S(q, c) = λ · sim(q, c) + (1− λ) ·max
v∈c

sim(q, v) (2)

where λ is a hyperparameter, set to 0.5. Candidates
are sorted by S(q, c) to produce the final ranked
list, which provides structured contexts for tasks.
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2.2 Compression-Aware Budget Allocation

Although GraphRAG retrieves relevant functions,
they may still contain within-function redundancy
(e.g., non-essential branches), which can dilute
model attention. Inspired by LongCodeZip (Shi
et al., 2025), we design a fine-grained budget allo-
cation mechanism. Unlike LongCodeZip, which
employs a coarse-to-fine strategy that first filters
functions and then prunes within functions using
fixed budgets, RepoDistill allocates adaptive bud-
gets to each function, with the specific allocation
policy determined by CAPO (§ 2.3). Given a func-
tion f , query q, and token budget t (where t is
computed as the function’s token length multiplied
by the budget rate assigned by CAPO), RepoDistill
executes a two-stage compression pipeline:
Perplexity-Guided Block Segmentation. Follow-
ing LongCodeZip (Shi et al., 2025), we segment
functions into semantically coherent blocks using
perplexity as boundary signals. The intuition is that
abrupt increases in perplexity indicate transitions to
new semantic units. Specifically, we compute each
line’s perplexity and designate a line as the start of
a block if its perplexity exceeds neighboring lines
by at α (set to 0.2) times the standard deviation.
MMR-Guided Block Selection. RepoDistill next
determines which blocks to retain to maximize task
relevance while ensuring logical diversity and re-
specting the token budget t. In LongCodeZip, this
is formulated as a 0/1 knapsack problem, which
assumes the value of each block is independent.
However, code blocks often exhibit strong contex-
tual dependencies and semantic redundancy. Sim-
ply accumulating the AMI may lead to a collec-
tion of fragments that are individually relevant but
collectively redundant. Therefore, we employ the
Maximal Marginal Relevance (MMR) to iteratively
select blocks. The goal is to balance the relevance
of a block to the query with its novelty relative to
the blocks already selected. For a candidate block
b in the set of blocks R, its MMR is defined as:

MMR(b) = λ ·AMI(b, q)− (1− λ) ·max
bj∈S

Sim(b, bj) (3)

where q is the query, S is the set of selected blocks,
and λ (set to 0.1) is a trade-off parameter that con-
trols the balance between relevance and diversity.
The term AMI(b, q) measures the information gain
of the query q given block b, calculated as:

AMI(b, q) = PPL(q)− PPL(q | b) (4)

We adopt a greedy strategy: in each iteration,
we select the block b∗ that yields the highest MMR
score and fits within the remaining token budget.
This process continues until the budget is exhausted
or no further blocks can be added. Compared
to the 0/1 knapsack formulation in LongCodeZip,
the MMR-based approach ensures that the com-
pressed context covers more diverse logical facets
of the context. Following LongCodeZip, we use
Qwen2.5-Coder-0.5B (Hui et al., 2024) to compute
PPL and Sim(b, bj).

2.3 Compression-Aware Policy Optimization

In this section, we describe the details of
compression-aware policy optimization, including
the overall workflow (§ 2.3.1), supervised fine-
tuning with knowledge distillation (§ 2.3.2), and
multi-turn reinforcement learning (§ 2.3.3).

2.3.1 Overall Workflow
As illustrated in Figure 2, RepoDistill reformulates
repository-level code understanding as a multi-turn
decision process. At each turn, the LLM receives
three inputs: (1) the task query, (2) a chunk of
code snippets, and (3) a memory summary from
the previous turn. Upon processing each chunk,
the LLM assigns a retention budget to every code
snippet (e.g., 0%/25%/50%/75%/100%, where 0%
indicates complete filtering and 100% indicates
full retention) and updates the memory summary
to capture salient information and maintain coher-
ence across turns. After all chunks have been pro-
cessed, RepoDistill applies the CABA (§ 2.2) to
compress contexts according to its assigned bud-
get. Finally, the LLM synthesizes the final answer
based on the task query and the compressed con-
texts. Detailed prompt templates, including the
semantic definitions of each retention budget, mem-
ory summary specifications, and the output format
for multi-dimensional budget assignments per turn,
are provided in Appendix § A.1.

We develop the model’s decision-making capa-
bilities via a two-stage training paradigm: first,
performing supervised fine-tuning (SFT) on high-
quality demonstrations (§ 2.3.2), followed by rein-
forcement learning to refine the budget allocation
strategy (§ 2.3.3)."

2.3.2 SFT with Knowledge Distillation
To bootstrap the LLM with effective budget alloca-
tion behavior, we first instantiate RepoDistill (No
Training) using Qwen3-Max (Qwen, 2025b) to
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generate a large-scale training corpus. For each
instance in the training set, it assigns a retention
budget to every code snippet and produces the cor-
responding final answer. We sample 10 candidate
trajectories per instance, which are then evaluated
by human to select the highest-quality sample (de-
tailed in Appendix § A.1.1). This curated dataset is
then used for SFT, effectively distilling the budget
allocation strategy from the stronger closed-source
LLM into the smaller LLM. This human-in-the-
loop SFT stage provides a quality-controlled ini-
tialization, reducing the model’s dependence on
LLM-as-judge metrics during training.

2.3.3 Multi-Turn Reinforcement Learning
To optimize the budget allocation policy, we
adopt the RLVR recipe (Guo et al., 2025; Seed
et al., 2025) with Group Relative Policy Optimiza-
tion (Shao et al., 2024a) as the base algorithm for its
simplicity and effectiveness. As illustrated in Fig-
ure 2, RepoDistill generates multiple independent
conversations for a single query, each consisting
of a sequence of budget allocation decisions and
memory updates. We treat each conversation as
an independent optimization target, computing an
outcome reward based on the final answer and dis-
tributing group-normalized advantages across all
decision steps within that conversation.

For the reward function, we design three com-
ponents: (1) a formatting reward Rformat that en-
courages well-formed outputs; (2) a task-accuracy
reward Rmetric that evaluates correctness using
the metrics from § 3; and (3) an efficiency re-
ward Refficiency that incentivizes aggressive com-
pression while preserving answer-critical informa-
tion. Specifically, let Linput denote the total input
length and Lused denote the length after compres-
sion. We define the efficiency reward as:

Refficiency = Rmetric · Sigmoid
(
ln

Linput
Lused

)
(5)

3 Experimental Setup

Datasets. We evaluate RepoDistill on three bench-
marks covering repository-level QA (i.e., SWE-
QA (Peng et al., 2025a)), code generation (i.e.,
CoderEval (Yu et al., 2024)), and long-context un-
derstanding (i.e., LongCodeU (Li et al., 2025)).
See detailed descriptions in Appendix § A.1.5.
Metrics. We adopt the metrics from the original
benchmark papers (Peng et al., 2025a; Yu et al.,
2024; Li et al., 2025). For SWE-QA, we em-
ploy an LLM-as-judge framework using DeepSeek-

V3.2 (Liu et al., 2025a) and Kimi-K2 (Team et al.,
2025) to rate answer quality across five dimensions:
correctness, completeness, relevance, clarity, and
reasoning quality, each scored from 0.0 to 10.0 (see
detailed prompt in Appendix § A.1.4). To ensure
reliability, we conduct five independent evaluations
per instance with anonymized systems and shuffled
answer orders to prevent position bias, and average
the scores from both judge LLMs. For CoderEval,
we report Pass@k (k ∈ {1, 5, 10}) to evaluate code
generation. For LongCodeU, we focus on three
representative tasks: Code Unit Semantic Analysis
(CUSA) using Exact Match, Dependency Relation
Analysis (DRA) using Recall, and Long Documen-
tation Understanding (LDU) using BLEU score.
Backbone LLMs and Baselines. We evaluate six
widely recognized LLMs, comprising three open-
source models (i.e., Qwen3-4B-Instruct, Qwen3-
30B-A3B-Instruct (Yang et al., 2025), and Qwen3-
Coder-30B-A3B-Instruct (Qwen, 2025a)) and three
closed-source models (i.e., GPT-5.2 (OpenAI,
2025), Claude-Sonnet-4.5 (Anthropic, 2025), and
Gemini-3-Pro (DeepMind, 2025)).

For SWE-QA and CoderEval, we adopt five base-
lines for context retrieval: one Direct LLM method,
two semantic similarity-based retrieval methods
(i.e., Function Chunking RAG (Wang et al., 2025b)
and Sliding Window RAG (Zhang et al.)), and two
graph-based methods (i.e., RepoScope (Liu et al.,
2025b) and GRACE (Wang et al., 2025a)). For
LongCodeU, since the relevant context is already
extracted, we directly compare LLM performance
on contexts compressed by RepoDistill against the
original uncompressed context.

In addition to context retrieval methods, we also
compare against LongCodeZip (Shi et al., 2025)
for context compression and Context-Picker (Zhu
et al., 2025) for context selection. See detailed
descriptions in Appendix § A.1.6.
Implementation. We partition the SWE-QA
dataset (12 projects) into training (8 projects), val-
idation (2 projects), and test (2 projects) sets to
avoid cross-repo leakage. For open-source LLMs,
we train them on the training split to develop their
capability for long code compression and critical
information retaining, then evaluate on SWE-QA
and other downstream tasks (e.g., code generation
in CoderEval and code understanding in Long-
CodeU) to assess the generalization and robustness
of RepoDistill. For closed-source LLMs, we con-
duct two experiments: (1) directly applying closed-
source LLMs without training, denoted as Re-
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Table 1: Comparative performance of different methods on SWE-QA (see Appendix § A.2.1 for additional LLMs)

Method
Evaluation Metrics

Overall
Correctness Completeness Relevance Clarity Reasoning

Qwen3-4B-Instruct (Direct) 5.12 3.33 7.06 7.54 5.20 28.25
+ Function Chunking RAG 5.48 (+0.36) 4.30 (+0.97) 6.94 (-0.12) 7.39 (-0.15) 5.62 (+0.42) 29.73 (+1.48)
+ Sliding Window RAG 5.60 (+0.48) 4.40 (+1.07) 6.93 (-0.13) 7.36 (-0.18) 5.77 (+0.57) 30.06 (+1.81)
+ RepoScope 5.70 (+0.58) 4.65 (+1.32) 7.14 (+0.08) 7.67 (+0.13) 5.83 (+0.63) 30.99 (+2.74)
+ GRACE 5.79 (+0.67) 4.63 (+1.30) 7.38 (+0.32) 7.58 (+0.04) 6.15 (+0.95) 31.53 (+3.28)
+ RepoDistill 6.43 (+1.31) 5.85 (+2.52) 8.03 (+0.97) 8.09 (+0.55) 6.79 (+1.59) 35.19 (+6.94)

GPT-5.2 (Direct) 6.98 5.51 8.71 8.52 7.16 36.88
+ Function Chunking RAG 8.20 (+1.22) 8.39 (+2.88) 9.23 (+0.52) 8.36 (-0.16) 8.27 (+1.11) 42.45 (+5.57)
+ Sliding Window RAG 7.98 (+1.00) 8.26 (+2.75) 9.14 (+0.43) 8.24 (-0.28) 8.32 (+1.16) 41.94 (+5.06)
+ RepoScope 8.09 (+1.11) 8.42 (+2.91) 9.29 (+0.58) 8.30 (-0.22) 8.36 (+1.20) 42.46 (+5.58)
+ GRACE 8.16 (+1.18) 8.46 (+2.95) 9.18 (+0.47) 8.36 (-0.16) 8.33 (+1.17) 42.49 (+5.61)
+ RepoDistill (No Training) 8.31 (+1.33) 8.56 (+3.05) 9.35 (+0.64) 8.64 (+0.12) 8.51 (+1.35) 43.37 (+6.49)
+ RepoDistill (Qwen3-Trained) 8.25 (+1.27) 8.46 (+2.95) 9.32 (+0.61) 8.56 (+0.04) 8.44 (+1.28) 43.03 (+6.15)

poDistill (No Training); (2) integrating the trained
Qwen3-4B-Instruct as a pre-processing module, de-
noted as RepoDistill (Qwen3-Trained). For context
retrieval methods in main results (§ 4.1), we re-
trieve relevant functions (200k tokens) from the
repository as context. For training, we set the
epochs to 5 for SFT and 2 for GRPO, using the
AdamW optimizer with a learning rate of 1e-5 and
linear warm-up scheduling. We set the chunk size
of CAPO to 10,000 tokens, while adopting default
settings for LLM, including temperature, top-k, and
top-p. All experiments were conducted on a system
equipped with 32 × NVIDIA A100-80GB GPUs.

4 Evaluation

4.1 Main Results
Table 1 and Table 2 present the comparative results
of RepoDistill against baselines across SWE-QA,
CoderEval, and LongCodeU benchmarks.

Comparison on Open-Source LLM. On SWE-
QA, all retrieval-augmented methods consistently
outperform the Direct baseline across all evaluation
dimensions. Semantic similarity-based methods
(i.e., Function Chunking RAG and Sliding Window
RAG) achieve moderate improvements of +1.48
and +1.81 points, respectively, while graph-based
methods (i.e., RepoScope and GRACE) yield higher
gains of +2.74 and +3.28 points by leveraging struc-
tural dependencies. RepoDistill achieves the best
performance with an overall improvement of +6.94
points for Qwen3-4B-Instruct, substantially outper-
forming the best baseline GRACE by +3.66 points.

On CoderEval, RepoDistill consistently im-
proves Pass@k metrics on both Python and Java.

Specifically, RepoDistill improves Pass@10 by
+10.5% on Python (i.e., 32.1% to 42.6%) and
+21.4% on Java (i.e., 34.8% to 56.2%), outperform-
ing all retrieval baselines. On LongCodeU, Re-
poDistill achieves consistent improvements across
all tasks, with LDU improving by +0.25. These
results indicate that the budget allocation strategies
learned on SWE-QA transfer effectively to down-
stream code generation, preserving critical code
snippets for generating correct solutions.

Comparison on Closed-Source LLM. On SWE-
QA, RepoDistill (No Training) outperforms all
baselines. Specifically, GPT-5.2 with RepoDis-
till (No Training) achieves an overall score of
43.37, surpassing the best baseline GRACE by
+0.88 points. Notably, when integrating the trained
Qwen3-4B-Instruct as a pre-processing module,
RepoDistill (Qwen3-Trained) achieves a score of
43.03, only 0.34 points lower than RepoDistill (No
Training), while reducing the cost of GPT-5.2.

For CoderEval and LongCodeU, both vari-
ants improve performance. For example, on
CoderEval with GPT-5.2, RepoDistill (No Train-
ing) improves Pass@10 by +19.8% (Python) and
+19.0% (Java), while RepoDistill (Qwen3-Trained)
achieves +17.0% (Python) and +15.2% (Java).

These results demonstrate that a lightweight
open-source LLM can serve as an effective con-
text compressor for closed-source LLMs, reducing
costs while maintaining competitive performance.

4.2 Ablation Studies

To investigate the role of each component in Re-
poDistill, we conduct ablation studies on Qwen3-
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Table 2: Comparative performance of different methods on CoderEval and LongCodeU (see Appendix § A.2.1 for
additional LLMs). We exclude RAG-level comparisons as LongCodeU supplies fixed pre-retrieved contexts.

Method
CoderEval-Python CoderEval-Java LongCodeU

Pass@1 Pass@5 Pass@10 Pass@1 Pass@5 Pass@10 CUSA DRA LDU

Qwen3-4B-Instruct 28.1% 31.5% 32.1% 30.5% 33.2% 34.8% 0.58 0.59 0.46
+ Function Chunking RAG 34.3% 38.6% 39.1% 46.2% 50.5% 51.8% - - -
+ Sliding Window RAG 30.4% 35.3% 36.8% 45.1% 49.2% 50.5% - - -
+ RepoScope 35.6% 38.1% 38.2% 47.5% 51.8% 53.2% - - -
+ GRACE 35.2% 38.4% 39.3% 47.1% 51.4% 52.9% - - -
+ RepoDistill 37.8% 40.0% 42.6% 50.8% 54.5% 56.2% 0.65 0.69 0.71

GPT-5.2 42.5% 49.3% 51.9% 47.5% 56.6% 59.6% 0.76 0.70 0.82
+ Function Chunking RAG 49.9% 64.4% 65.9% 54.6% 68.2% 71.7% - - -
+ Sliding Window RAG 50.2% 63.1% 66.3% 57.0% 65.2% 68.0% - - -
+ RepoScope 50.9% 65.2% 67.5% 58.1% 67.1% 69.2% - - -
+ GRACE 50.1% 64.4% 66.7% 57.1% 66.1% 68.1% - - -
+ RepoDistill (No Training) 64.6% 68.2% 71.7% 67.4% 75.5% 78.6% 0.82 0.73 0.89
+ RepoDistill (Qwen3-Trained) 60.1% 65.8% 68.9% 62.2% 71.2% 74.8% 0.81 0.72 0.87

4B-Instruct across SWE-QA, CoderEval, and Long-
CodeU benchmarks. Table 3 presents the results.

Table 3: Ablation study on Qwen3-4B-Instruct.
CoderEval results are reported as Pass@10. “Vanilla
RAG” refers to Function Chunking RAG.

Method SWE-QA
CoderEval

CUSA
Python Java

Vanilla RAG 29.73 39.1% 51.8% -
GRACE 31.53 39.3% 51.4% -

RepoDistill 35.19 42.6% 56.2% 0.65
+ w/ LongCodeZip 34.77 40.7% 54.6% 0.63
+ w/ Context-Picker 33.96 41.2% 53.9% 0.63
+ w/ Vanilla RAG 32.98 40.7% 53.6% -
+ w/ GRACE 35.27 43.0% 56.9% -
- w/o CABA 34.02 41.6% 54.1% 0.63
- w/o CAPO 32.58 41.2% 53.7% 0.61

Plug-and-Play GraphRAG. We first compare
RepoDistill with two retrieval baselines: Func-
tion Chunking RAG (Vanilla RAG) and GRACE.
RepoDistill consistently outperforms these base-
lines across all benchmarks. We further investi-
gate whether the GraphRAG can be replaced with
other methods. When substituting GraphRAG with
Vanilla RAG or GRACE, we observe performance
improvements over the original RAG baselines,
demonstrating that our CABA and CAPO modules
provide consistent gains regardless of the underly-
ing retrieval method.

Notably, while RepoDistill with GRACE
achieves the best overall performance, the gap com-
pared to RepoDistill with lightweight GraphRAG
is marginal, suggesting that our plug-and-play de-
sign achieves competitive results without requiring

complex graph construction.

Impact of CABA. Removing CABA (w/o
CABA) means making binary decisions to either
filter or retain entire functions. This degrades per-
formance (35.19 to 34.02 on SWE-QA, 42.6% to
41.6% on CoderEval-Python, and 56.2% to 54.1%
on CoderEval-Java), demonstrating that CABA ef-
fectively mitigates noise within functions by se-
lectively retaining task-relevant segments. We fur-
ther replace CABA with LongCodeZip, the results
show that RepoDistill with LongCodeZip (34.77 on
SWE-QA) underperforms RepoDistill with CABA
(35.19), indicating that MMR-based method better
preserves diverse and complementary code seman-
tics compared to the knapsack-based method.

Impact of CAPO. Removing CAPO (w/o
CAPO) causes performance drops from 35.19 to
32.58 on SWE-QA, from 42.6% to 41.2% on
CoderEval-Python, and from 56.2% to 53.7% on
CoderEval-Java. This demonstrates that the learned
budget allocation policies effectively identify and
preserve answer-critical information while aggres-
sively compressing less relevant content. We fur-
ther replace CAPO with Context-Picker, which
performs binary context selection (filter or retain)
rather than fine-grained budget allocation. The re-
sults show that RepoDistill with Context-Picker
(33.96 on SWE-QA) underperforms RepoDistill
with CAPO (35.19), indicating that our budget allo-
cation strategy, which simultaneously enables both
selection and compression, preserves more task-
critical information rather than binary selection.
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4.3 Discussion

Performance Across Varying Context Lengths.
We evaluate LLM performance across five context-
length buckets. As shown in Figure 3, the perfor-
mance gains from RepoDistill become more pro-
nounced as context length increases. For shorter
contexts (e.g., 10k/30k tokens), baselines achieve
reasonable performance. However, as context
length grows beyond 50k tokens, baseline perfor-
mance degrades substantially due to increased re-
dundant information, which hampers the LLM’s
ability to focus on key information. In contrast,
RepoDistill maintains stable performance by effec-
tively filtering noise and retaining only task-critical
information. Notably, our lightweight GraphRAG
achieves performance comparable to more sophis-
ticated GRACE, indicating that lightweight graph
construction is sufficient when combined with ef-
fective compression strategies.
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Figure 3: Performance of different methods under vary-
ing context lengths on SWE-QA and CoderEval. All
methods use Qwen3-4B-Instruct as the base LLM.

Token Reduction Across Varying Context
Lengths. RepoDistill can reduce input tokens
for closed-source LLMs, lowering API costs while
improving performance. As shown in Figure 4,
contexts of 10k to 200k tokens are compressed to
approximately 4.5k to 67.4k tokens on SWE-QA,
and to 5.3k to 74.5k tokens on CoderEval, respec-
tively. Despite this substantial reduction (up to
66% for 200k contexts), compressed contexts con-
sistently yield better downstream performance than
uncompressed ones (see Table 1) .

4.4 Empirical Lessons

Based on the above experiments, we summarize
the following empirical lessons: ❶ More context
is not always better than less context. Our re-
sults show that simply increasing context length
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Figure 4: Token reduction of RepoDistill under varying
context lengths on the SWE-QA and CoderEval. All
results use Qwen3-4B-Instruct as the base LLM.

can even hurt performance when the additional
tokens may introduce noise. By explicitly com-
pressing and restructuring the retrieved context,
RepoDistill helps LLMs focus on salient informa-
tion. ❷ Compression benefits scale with con-
text length. Performance gains from compres-
sion are most significant for longer contexts (e.g.,
>50K tokens), where models are easily distracted
by irrelevant details. For repository-level tasks,
intelligent compression is essential for both effi-
ciency and accuracy. ❸ Lightweight compres-
sors can enhance expensive LLMs. Qwen3-4B-
Instruct trained with RepoDistill serves as an ef-
fective pre-processor for closed-source LLMs. Re-
poDistill (Qwen3-Trained) achieves 43.03 on SWE-
QA with GPT-5.2, only marginally lower than Re-
poDistill (No Training), while significantly reduc-
ing computational costs. For cost-sensitive deploy-
ments, combining a lightweight compressor with
powerful closed-source LLMs offers an attractive
performance-efficiency trade-off.

5 Related Works

Long Context LLMs. Recent studies have ex-
plored diverse methods to extend LLMs’ context
windows. Fine-tuning on long sequences (Wu et al.,
2021) is a direct method but often costly. Some
methods involve additional fine-tuning with down-
scaled position indices to match the original con-
text window (Xiong et al., 2024; Chen et al., 2023,
2024; Peng et al.). Training-free methods use win-
dow attention to handle long sequences (Han et al.,
2023; Ding et al., 2023; Xiao et al.), while others
modify relative distances to extend extrapolation
length (Zhang et al., 2024; Jin et al., 2024).

4432



Reinforcement Learning for LLMs. The evo-
lution of RL-based LLM training has progressed
from human preference alignment (Ouyang et al.,
2022) toward rule-based verification (Bai et al.,
2022), yielding significant improvements in rea-
soning tasks (OpenAI, 2024; Guo et al., 2025;
DeepMind, 2024). Foundational algorithms such
as PPO (Schulman et al., 2017) and its variants
(e.g., GRPO (Shao et al., 2024b)) have been widely
adopted, with subsequent researches (Hu, 2025; Yu
et al., 2025; Liu et al., 2025c) addressing their train-
ing stability and efficiency. Beyond single-turn RL,
multi-turn RL methods have emerged for training
tool-augmented agents (Jin et al., 2025; Ouyang
et al., 2025a; Wang et al., 2025c), typically through
interleaved tool-response sequences. GiGPO (Feng
et al., 2025) extends this paradigm to handle multi-
ple parallel contexts with trajectory windowing.

6 Conclusion

In this paper, we introduced RepoDistill, a frame-
work for repository-level code understanding. Re-
poDistill employs GraphRAG to retrieve struc-
turally relevant contexts, and applies Compression-
Aware Budget Allocation with Compression-Aware
Policy Optimization to dynamically allocate reten-
tion budgets while preserving answer-critical infor-
mation. Experiments on SWE-QA, CoderEval, and
LongCodeU demonstrate consistent improvements,
with gains of up to +7.00 (SWE-QA), +24.4%
Pass@10 (CoderEval), and +0.25 LDU (Long-
CodeU). Furthermore, a compact 4B-parameter
model trained with RepoDistill can serve as an
effective context compressor for closed-source
LLMs, reducing input tokens by up to 66% while
maintaining comparable performance. These re-
sults show that RepoDistill offers a scalable and
cost-effective solution for long-context code tasks.

Limitations

Despite the promising results, our work has several
limitations:

• Dependency on retrieval quality. RepoDistill
relies on the initial quality of GraphRAG re-
trieval. If the retrieval module fails to capture
relevant code segments due to complex implicit
dependencies or ambiguous queries, the compres-
sion module cannot recover missing information.

• Training overhead. Training the compres-
sion policy with GRPO incurs higher compu-

tational costs compared to standard supervised
fine-tuning. Although inference remains efficient,
the training phase requires significant GPU re-
sources to explore the action space of budget
allocation.

• Language coverage. Our evaluation focuses on
Python and Java repositories. While the princi-
ples of RepoDistill are language-agnostic, apply-
ing it to languages with different syntax or depen-
dency structures (e.g., C++ or Rust) may require
adapting the graph construction and chunking
strategies.

Future work will focus on improving training
efficiency and extending the framework to support
more programming languages and tasks.
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A Appendix

A.1 Experimental Details

A.1.1 Human-in-the-loop SFT

To ensure high-quality training data, we employ
two annotators with software engineering back-
grounds (3+ years of experience) to curate the SFT
dataset. For each training instance, we sample 10
candidate trajectories from Qwen3-Max. The an-
notators independently evaluate all candidates and
select the highest-quality trajectory based on: (1)
answer correctness, (2) budget allocation reason-
ableness, and (3) memory summary quality. Dis-
agreements are resolved through discussion. Inter-
annotator agreement on instances achieves Cohen’s
κ = 0.78, indicating substantial agreement.

A.1.2 Prompt for Compression and
Generation Phases

Table 4 presents the prompt templates for the two-
phase pipeline of RepoDistill: context compression
and final answer generation.

Context-Compression Prompt. This prompt
guides the LLM to analyze retrieved code chunks
and determine appropriate compression levels for
each document. Given a problem statement, a
chunk of code context, and a memory summary
from previous chunks, the model assigns one of
five compression levels (0%, 25%, 50%, 75%, or
100%) to each document based on its relevance to
the problem. As for memory summary specifica-
tions, the model needs to update the memory sum-
mary to capture salient information across chunks
and maintain coherence across turns. The output
format requires a valid JSON object containing: (1)
compression levels for each document, and (2) an
updated memory summary (max 200 words) that
synthesizes key findings from the current chunk
while preserving cross-turn context continuity.

Answer-Generation Prompt. This prompt in-
structs the LLM to synthesize the final answer
based on the compressed repository memory and
the original problem statement. The prompt empha-
sizes direct and concise output without extraneous
code snippets or explanations, ensuring that the
model focuses on generating precise answers to the
repository-level questions.

A.1.3 Example Outputs of Compression and
Generation Phases

Table 5 illustrates the model’s outputs during the
compression and generation phases. In the com-
pression phase, the model outputs a JSON object
containing: (1) compressed_documents, which
maps each document to its assigned retention bud-
get (e.g., 0.75 indicates 75% retention), and (2)
updated_summary, which captures salient infor-
mation from the processed chunks for subsequent
reasoning. In the generation phase, the model gen-
erates answers based on the compressed contexts.

A.1.4 Prompt for LLM-as-judge

Table 6 presents the evaluation prompt for the LLM-
as-judge framework used to assess answer quality
on SWE-QA.

Evaluation Criteria. The prompt instructs the
judge model to evaluate candidate answers against
reference answers across five dimensions: correct-
ness, completeness, relevance, clarity, and reason-
ing quality. Each dimension is scored on a scale
from 0.0 to 10.0, with detailed scoring guidelines
provided for each score range (8.0-10.0, 6.0-7.9,
4.0-5.9, 2.0-3.9, 0.0-1.9). The guidelines specify
the characteristics of answers at each performance
level, ensuring consistent and reliable evaluation.

Output Format. The judge model is required to
output a valid JSON object containing five floating-
point fields corresponding to the evaluation scores
for each dimension. The prompt explicitly requires
no additional text, explanations, or formatting be-
yond the valid JSON output, ensuring clean and
parseable results for automated scoring.

A.1.5 Detail of Datasets

We evaluate RepoDistill on three code-related
benchmarks covering repository-level QA, code
generation, and long-context understanding:

• SWE-QA (Peng et al., 2025a): A repository-
level QA benchmark containing 576 high-quality
question-answer pairs that span intention under-
standing, cross-file reasoning, and multi-hop de-
pendency analysis.

• CoderEval (Yu et al., 2024): A pragmatic code
generation benchmark comprising 230 Python
and 230 Java tasks from open-source projects,
covering six levels of context dependency.
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• LongCodeU (Li et al., 2025): A long code un-
derstanding benchmark with contexts up to 128K
tokens, evaluating LLMs across code unit per-
ception, intra- and inter-code unit understanding,
and documentation analysis.

A.1.6 Detail of Baselines
We adopt seven baselines for context retrieval and
compression, comprising one direct LLM method,
two semantic similarity-based retrieval methods,
two graph-based methods, one context compres-
sion method, and one context selection method:

• Direct: The model receives only the task in-
struction without retrieved context, serving as
a baseline to quantify the gains from retrieval-
augmented generation.

• Function Chunking RAG (Wang et al., 2025b):
This method parses the repository into function-
level chunks and retrieves the relevant chunks
based on semantic similarity.

• Sliding Window RAG (Zhang et al.): This
method divides files into overlapping segments
using a sliding window and retrieves the relevant
segments based on semantic similarity.

• RepoScope (Liu et al., 2025b): This method con-
structs a Repository Structural Semantic Graph
(RSSG) and retrieves a comprehensive four-view
context, integrating both structural and similarity-
based information.

• GRACE (Wang et al., 2025a): This method con-
structs a multi-level code graph unifying file
structures, ASTs, call graphs, and data flow
graphs, and employs a hybrid graph retriever
combining GNN-based structural similarity with
textual retrieval.

• LongCodeZip (Shi et al., 2025): This method
employs a dual-stage compression strategy:
coarse-grained filtering to retain relevant func-
tions, followed by fine-grained block selection
under a fixed token budget.

• Context-Picker (Zhu et al., 2025): This method
formulates context selection as a decision-
making process optimized via two-stage rein-
forcement learning, balancing recall-oriented
coverage and precision-oriented pruning to distill
minimal sufficient context sets.

A.2 Additional Experiments
A.2.1 Main Results (Additional LLMs)
Comparative performance of different models
on SWE-QA. Table 7 presents comprehensive
performance comparisons across six LLMs, in-
cluding three open-source LLMs (i.e., Qwen3-4B-
Instruct, Qwen3-30B-A3B-Instruct, and Qwen3-
Coder-30B-A3B-Instruct) and three closed-source
LLMs (i.e., GPT-5.2, Claude-Sonnet-4.5, and
Gemini-3-Pro).

For open-source LLMs, RepoDistill consistently
outperforms both retrieval-augmented baselines
across all evaluation dimensions. Notably, Qwen3-
30B-A3B-Instruct achieves the largest overall im-
provement of +7.00 points over the vanilla model,
with substantial gains in completeness (+2.70) and
reasoning (+1.60). The results demonstrate that Re-
poDistill effectively learns to identify and preserve
answer-critical information through reinforcement-
guided budget allocation.

For closed-source LLMs, we observe two inter-
esting phenomena. First, RepoDistill (No Training)
consistently achieves the best performance, surpass-
ing Function Chunking RAG and Sliding Window
RAG across all models. For instance, Gemini-3-Pro
with RepoDistill (No Training) achieves an over-
all score of 42.61, outperforming Function Chunk-
ing RAG by 2.57 points. Second, the lightweight
Qwen3-4B-Instruct trained with RepoDistill can
serve as an effective pre-processor for power-
ful closed-source LLMs. RepoDistill (Qwen3-
Trained) achieves comparable performance to Re-
poDistill (No Training), with performance gaps
within 1 points across all three closed-source LLMs.
This finding suggests that a small LLM can effec-
tively serve as a cost-efficient context compressor
for expensive closed-source LLMs.

Comparative performance of different models
on CoderEval and LongCodeU. Table 8 ex-
tends the evaluation to additional LLMs includ-
ing Qwen3-30B-A3B-Instruct, Qwen3-Coder-30B-
A3B-Instruct, Claude-Sonnet-4.5, and Gemini-3-
Pro, providing a comprehensive comparison across
diverse LLM architectures.

For open-source LLMs, RepoDistill outperforms
both Function Chunking RAG and Sliding Window
RAG across all benchmarks. On Qwen3-Coder-
30B-A3B-Instruct, RepoDistill achieves Pass@10
improvements of +25.6% on CoderEval-Python
and +23.6% on CoderEval-Java compared to the
baseline, demonstrating the transferability of bud-
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get allocation strategies learned on SWE-QA to
code generation tasks. On LongCodeU, RepoDis-
till improves CUSA by +0.09, DRA by +0.09, and
LDU by +0.09, highlighting its effectiveness in
identifying and preserving task-critical information
across different evaluation dimensions.

For closed-source LLMs, both RepoDistill vari-
ants enhance performance. On Claude-Sonnet-
4.5, RepoDistill (No Training) improves Pass@10
by +20.6% (Python) and +19.6% (Java), while
RepoDistill (Qwen3-Trained) achieves +17.8%
(Python) and +15.9% (Java). On Gemini-3-Pro,
RepoDistill (No Training) achieves Pass@10 im-
provements of +24.1% (Python) and +24.4% (Java),
with LongCodeU scores improving by up to +0.12
on CUSA. Notably, RepoDistill (Qwen3-Trained)
achieves performance comparable to RepoDistill
(No Training) across most metrics.

A.3 Data Containing Personally Identifying
Information or Offensive Content

To ensure the ethical integrity of our research, we
carefully examined the data used for RepoDistill to
verify that it does not contain any personally iden-
tifying information or offensive content. The data
used in our experiments is derived from publicly
available open-source code repositories, with no in-
clusion of private or sensitive personal information.
We specifically focused on the code and its asso-
ciated documentation, ensuring that any metadata
related to individual contributors or personal iden-
tifiers was excluded. Additionally, we employed
a manual review process to identify and filter any
potentially offensive content within the code, com-
ments, or documentation. This process helps main-
tain the privacy and safety of individuals and en-
sures the ethical use of the data in our research.
Any identified offensive or sensitive content was
removed prior to inclusion in the experiments.

A.4 Human Annotations

We employ two annotators with software engineer-
ing backgrounds (3+ years of experience) to curate
the SFT dataset. The participants are compensated
at a rate of approximately $20 per hour, which is
considered fair given their expertise and the local
cost of living. This compensation fairly acknowl-
edges the time and effort required for manual an-
notation tasks while ensuring that the work meets
the standards expected in academic research.

A.5 Data Consent
In this study, all data used for RepoDistill was col-
lected from publicly available open-source datasets.
These datasets are openly accessible, and the data
extracted for the purpose of this research does not
involve any private or proprietary information.

4439



Table 4: Prompt of RepoDistill for context compression (top part) and final answer generation (bottom part)

Context-Compression Prompt
You are provided with a problem, a chunk of code context and a previous memory for previous chunks. Your task is to
analyze each document in the provided chunk and determine the appropriate compression level needed to preserve the
essential information for solving the given problem, while removing redundant content. For each document_id in the chunk,
assign a compression level from the following options:

- 0% : Fully filtered (empty)
- 25% : Aggressive compression (essential information only)
- 50% : Balanced compression (core content retained)
- 75% : Light compression (key context preserved)
- 100% : Original text (no compression)

<problem> {problem} </problem>

<memory> {memory} </memory>

<chunk> {chunk} </chunk>

OUTPUT FORMAT REQUIREMENT:
You must output a valid JSON object with the following structure:

{"compressed_documents": {"Document_0": x, "Document_1": y, "Document_2": z, ...}, "updated_summary": "A concise
summary (max 200 words) that: (1) captures salient information from the current chunk, and (2) maintains coherence with
previously processed chunks."}

Answer-Generation Prompt
You are presented with a problem, and a repository memory. Your task is to directly answer the problem based on the
provided repository memory and problem statement.
<problem> {problem} </problem>

<repository memory> {repository memory} </repository memory>

OUTPUT FORMAT REQUIREMENT:
Provide the final answer concisely and directly, without code snippets, extra explanations or commentary.

Table 5: Example output of context compression (middle part) and final answer generation (bottom part)

Example of Question
What is the structure of Scikit-learn’s preprocessing module?

Example Output of Context-Compression
{"compressed_documents": {"Document_0": 0.75, "Document_1": 0.25, "Document_2": 0, "Document_3": 1, ...},
"updated_summary": "The provided memory contains source code and documentation from the scikit-learn library, focusing
on data preprocessing, utility functions, and recent release updates..."}

Example Output of Answer-Generation
The structure of Scikit-learn’s preprocessing module can be described as follows: The module contains a variety of classes
and functions for scaling, centering, normalization, binarization, and other preprocessing tasks. It includes classes like
StandardScaler, MinMaxScaler, MaxAbsScaler, RobustScaler, and Binarizer, each designed for specific
preprocessing needs Functions such as scale, minmax_scale, maxabs_scale, and binarize are also provided for
convenience.The module supports both dense and sparse data structures, ensuring flexibility for different types of input. It
includes utilities for handling missing values and feature names. The FunctionTransformer class allows for custom
transformations, making the module highly extensible. The preprocessing module is organized into submodules, such as
_data.py, _encoders.py, and _function_transformer.py, each containing related functionality. This structure makes
the preprocessing module a versatile and comprehensive tool for preparing data for machine learning models in scikit-learn.
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Table 6: Prompt of LLM-as-Judge

LLM-as-Judge Prompt
You are a professional evaluator. Please rate the candidate answer against the reference answer based on five criteria.

Evaluation Criteria and Scoring Guidelines (each scored 0.0 to 10.0):
1. Correctness:

8.0-10.0 - Completely correct; core points and details are accurate with no ambiguity.
6.0-7.9 - Mostly correct; only minor details are slightly inaccurate or loosely expressed.
4.0-5.9 - Partially correct; some errors or omissions, but main points are generally accurate.
2.0-3.9 - Several errors or ambiguities that affect understanding of the core information.
0.0-1.9 - Serious errors; misleading or fails to convey key information.

2. Completeness:

8.0-10.0 - Covers all key points from the reference answer without omission.
6.0-7.9 - Covers most key points; only minor non-critical information missing.
4.0-5.9 - Missing several key points; content is somewhat incomplete.
2.0-3.9 - Important information largely missing; content is one-sided.
0.0-1.9 - Covers very little or irrelevant information; seriously incomplete.

3. Relevance:

8.0-10.0 - Content fully focused on the question topic; no irrelevant information.
6.0-7.9 - Mostly focused; only minor irrelevant or peripheral information.
4.0-5.9 - Topic not sufficiently focused; contains considerable off-topic content.
2.0-3.9 - Content deviates from topic; includes excessive irrelevant information.
0.0-1.9 - Majority of content irrelevant to the question.

4. Clarity:

8.0-10.0 - Fluent language; clear and precise expression; easy to understand.
6.0-7.9 - Mostly fluent; some expressions slightly unclear or not concise.
4.0-5.9 - Expression somewhat awkward; some ambiguity or lack of fluency.
2.0-3.9 - Language obscure; sentences are not smooth; hinders understanding.
0.0-1.9 - Expression confusing; very difficult to understand.

5. Reasoning:

8.0-10.0 - Reasoning is clear, logical, and well-structured; argumentation is solid.
6.0-7.9 - Reasoning generally reasonable; mostly clear logic; minor jumps.
4.0-5.9 - Reasoning is average; some logical jumps or organization issues.
2.0-3.9 - Reasoning unclear; lacks logical order; difficult to follow.
0.0-1.9 - No clear reasoning; logic is chaotic.

INPUT:
Problem: {problem}
Reference Answer: {reference}
Candidate Answer: {candidate}

OUTPUT:
Please output ONLY a JSON object with 5 floating-point fields in the range [0.0, 10.0], corresponding to the evaluation
scores: {"correctness": <0.0-10.0>, "completeness": <0.0-10.0>, "relevance": <0.0-10.0>, "clarity": <0.0-10.0>, "reasoning":
<0.0-10.0>}

REQUIREMENT:
No explanation, no extra text, no formatting other than valid JSON.
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Table 7: Comparative performance of different models on SWE-QA

Model
Evaluation Metrics

Overall
Correctness Completeness Relevance Clarity Reasoning

Open-Source LLM

Qwen3-4B-Instruct 5.12 3.33 7.06 7.54 5.20 28.25
+ Function Chunking RAG 5.48 (+0.36) 4.30 (+0.97) 6.94 (-0.12) 7.39 (-0.15) 5.62 (+0.42) 29.73 (+1.48)
+ Sliding Window RAG 5.60 (+0.48) 4.40 (+1.07) 6.93 (-0.13) 7.36 (-0.18) 5.77 (+0.57) 30.06 (+1.81)
+ RepoScope 5.70 (+0.58) 4.65 (+1.32) 7.14 (+0.08) 7.67 (+0.13) 5.83 (+0.63) 30.99 (+2.74)
+ GRACE 5.79 (+0.67) 4.63 (+1.30) 7.38 (+0.32) 7.58 (+0.04) 6.15 (+0.95) 31.53 (+3.28)
+ RepoDistill 6.43 (+1.31) 5.85 (+2.52) 8.03 (+0.97) 8.09 (+0.55) 6.79 (+1.59) 35.19 (+6.94)

Qwen3-30B-A3B-Instruct 6.40 4.01 8.15 8.40 6.38 33.34
+ Function Chunking RAG 7.20 (+0.80) 5.93 (+1.92) 8.63 (+0.48) 8.40 (+0.00) 7.35 (+0.97) 37.51 (+4.17)
+ Sliding Window RAG 7.44 (+1.04) 5.72 (+1.71) 8.28 (+0.13) 8.54 (+0.14) 7.32 (+0.94) 37.30 (+3.96)
+ RepoScope 7.50 (+1.10) 5.96 (+1.95) 8.75 (+0.60) 8.82 (+0.42) 7.62 (+1.24) 38.65 (+5.31)
+ GRACE 7.56 (+1.16) 6.47 (+2.46) 8.69 (+0.54) 8.52 (+0.12) 7.48 (+1.10) 38.72 (+5.38)
+ RepoDistill 7.58 (+1.18) 6.71 (+2.70) 9.12 (+0.97) 8.95 (+0.55) 7.98 (+1.60) 40.34 (+7.00)

Qwen3-Coder-30B-A3B-Instruct 6.31 5.05 8.18 8.25 6.59 34.38
+ Function Chunking RAG 6.94 (+0.63) 6.53 (+1.48) 8.30 (+0.12) 8.12 (-0.13) 7.04 (+0.45) 36.93 (+2.55)
+ Sliding Window RAG 6.80 (+0.49) 6.94 (+1.89) 8.49 (+0.31) 8.05 (-0.20) 6.84 (+0.25) 37.12 (+2.74)
+ RepoScope 7.03 (+0.72) 7.47 (+2.42) 8.85 (+0.67) 8.45 (+0.20) 6.77 (+0.18) 38.57 (+4.19)
+ GRACE 6.95 (+0.64) 7.54 (+2.49) 8.69 (+0.51) 8.17 (-0.08) 6.71 (+0.12) 38.06 (+3.68)
+ RepoDistill 7.39 (+1.08) 7.56 (+2.51) 9.17 (+0.99) 8.55 (+0.30) 7.63 (+1.04) 40.30 (+5.92)

Closed-Source LLM

GPT-5.2 6.98 5.51 8.71 8.52 7.16 36.88
+ Function Chunking RAG 8.20 (+1.22) 8.39 (+2.88) 9.23 (+0.52) 8.36 (-0.16) 8.27 (+1.11) 42.45 (+5.57)
+ Sliding Window RAG 7.98 (+1.00) 8.26 (+2.75) 9.14 (+0.43) 8.24 (-0.28) 8.32 (+1.16) 41.94 (+5.06)
+ RepoScope 8.09 (+1.11) 8.42 (+2.91) 9.29 (+0.58) 8.30 (-0.22) 8.36 (+1.20) 42.46 (+5.58)
+ GRACE 8.16 (+1.18) 8.46 (+2.95) 9.18 (+0.47) 8.36 (-0.16) 8.33 (+1.17) 42.49 (+5.61)
+ RepoDistill (No Training) 8.31 (+1.33) 8.56 (+3.05) 9.35 (+0.64) 8.64 (+0.12) 8.51 (+1.35) 43.37 (+6.49)
+ RepoDistill (Qwen3-Trained) 8.25 (+1.27) 8.46 (+2.95) 9.32 (+0.61) 8.56 (+0.04) 8.44 (+1.28) 43.03 (+6.15)

Claude-Sonnet-4.5 6.81 5.14 8.42 8.54 6.98 35.89
+ Function Chunking RAG 7.71 (+0.90) 7.43 (+2.29) 8.98 (+0.56) 8.72 (+0.18) 7.16 (+0.18) 40.00 (+4.11)
+ Sliding Window RAG 7.66 (+0.85) 7.25 (+2.11) 8.86 (+0.44) 8.61 (+0.07) 7.08 (+0.10) 39.46 (+3.57)
+ RepoScope 7.95 (+1.14) 7.72 (+2.58) 8.99 (+0.57) 8.80 (+0.26) 7.42 (+0.44) 40.88 (+4.99)
+ GRACE 8.02 (+1.21) 7.52 (+2.38) 8.84 (+0.42) 8.62 (+0.08) 7.35 (+0.37) 40.35 (+4.46)
+ RepoDistill (No Training) 8.05 (+1.24) 7.85 (+2.71) 9.25 (+0.83) 8.91 (+0.37) 7.79 (+0.81) 41.85 (+5.96)
+ RepoDistill (Qwen3-Trained) 7.92 (+1.11) 8.12 (+2.98) 9.10 (+0.68) 8.82 (+0.28) 7.64 (+0.66) 41.60 (+5.71)

Gemini-3-Pro 7.07 4.01 8.73 8.71 6.48 35.00
+ Function Chunking RAG 7.62 (+0.55) 7.10 (+3.09) 8.90 (+0.17) 8.54 (-0.17) 7.88 (+1.40) 40.04 (+5.04)
+ Sliding Window RAG 7.78 (+0.71) 7.16 (+3.15) 9.01 (+0.28) 8.48 (-0.23) 7.82 (+1.34) 40.25 (+5.25)
+ RepoScope 7.83 (+0.76) 7.30 (+3.29) 9.19 (+0.46) 8.57 (-0.14) 8.17 (+1.69) 41.06 (+6.06)
+ GRACE 8.06 (+0.99) 7.32 (+3.31) 9.17 (+0.44) 8.69 (-0.02) 7.91 (+1.43) 41.15 (+6.15)
+ RepoDistill (No Training) 8.14 (+1.07) 7.91 (+3.90) 9.32 (+0.59) 8.89 (+0.18) 8.35 (+1.87) 42.61 (+7.61)
+ RepoDistill (Qwen3-Trained) 7.95 (+0.88) 7.64 (+3.63) 9.18 (+0.45) 8.75 (+0.04) 8.12 (+1.64) 41.64 (+6.64)
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Table 8: Comparative performance of different models on CoderEval and LongCodeU

Model
CoderEval-Python CoderEval-Java LongCodeU

Pass@1 Pass@5 Pass@10 Pass@1 Pass@5 Pass@10 CUSA DRA LDU

Open-Source LLM

Qwen3-4B-Instruct 28.1% 31.5% 32.1% 30.5% 33.2% 34.8% 0.58 0.59 0.46
+ Function Chunking RAG 34.3% 38.6% 39.1% 46.2% 50.5% 51.8% - - -
+ Sliding Window RAG 30.4% 35.3% 36.8% 45.1% 49.2% 50.5% - - -
+ RepoScope 35.6% 38.1% 38.2% 47.5% 51.8% 53.2% - - -
+ GRACE 35.2% 38.4% 39.3% 47.1% 51.4% 52.9% - - -
+ RepoDistill 37.8% 40.0% 42.6% 50.8% 54.5% 56.2% 0.65 0.69 0.71

Qwen3-30B-A3B-Instruct 31.6% 35.8% 37.2% 36.5% 39.2% 40.8% 0.70 0.71 0.76
+ Function Chunking RAG 32.1% 38.7% 40.2% 55.4% 59.5% 60.8% - - -
+ Sliding Window RAG 33.5% 38.2% 40.6% 54.8% 58.1% 59.5% - - -
+ RepoScope 36.1% 40.0% 42.9% 56.2% 60.2% 61.5% - - -
+ GRACE 35.6% 39.1% 42.8% 55.9% 59.8% 61.2% - - -
+ RepoDistill 38.7% 45.2% 48.3% 59.8% 62.5% 63.8% 0.78 0.75 0.83

Qwen3-Coder-30B-A3B-Instruct 31.7% 34.4% 34.8% 37.0% 39.6% 41.3% 0.65 0.70 0.74
+ Function Chunking RAG 37.8% 45.2% 47.0% 57.8% 61.7% 62.2% - - -
+ Sliding Window RAG 36.2% 43.6% 46.2% 57.1% 60.1% 62.0% - - -
+ RepoScope 38.7% 45.2% 46.9% 58.3% 61.9% 62.6% - - -
+ GRACE 38.1% 45.5% 47.4% 58.0% 61.7% 61.8% - - -
+ RepoDistill 41.7% 48.7% 49.1% 62.6% 63.9% 64.9% 0.74 0.79 0.83

Closed-Source LLM

GPT-5.2 42.5% 49.3% 51.9% 47.5% 56.6% 59.6% 0.76 0.70 0.82
+ Function Chunking RAG 49.9% 64.4% 65.9% 54.6% 68.2% 71.7% - - -
+ Sliding Window RAG 50.2% 63.1% 66.3% 57.0% 65.2% 68.0% - - -
+ RepoScope 50.9% 65.2% 67.5% 58.1% 67.1% 69.2% - - -
+ GRACE 50.1% 64.4% 66.7% 57.1% 66.1% 68.1% - - -
+ RepoDistill (No Training) 64.6% 68.2% 71.7% 67.4% 75.5% 78.6% 0.82 0.73 0.89
+ RepoDistill (Qwen3-Trained) 60.1% 65.8% 68.9% 62.2% 71.2% 74.8% 0.81 0.72 0.87

Claude-Sonnet-4.5 39.1% 45.4% 47.7% 43.7% 52.0% 54.6% 0.70 0.73 0.85
+ Function Chunking RAG 46.4% 58.5% 61.2% 50.8% 62.7% 65.9% - - -
+ Sliding Window RAG 46.7% 57.9% 61.5% 53.2% 59.9% 62.4% - - -
+ RepoScope 47.4% 59.3% 62.7% 54.3% 61.8% 63.7% - - -
+ GRACE 46.6% 58.5% 61.9% 53.3% 60.8% 62.6% - - -
+ RepoDistill (No Training) 61.2% 64.9% 68.3% 63.6% 71.3% 74.2% 0.80 0.76 0.88
+ RepoDistill (Qwen3-Trained) 56.8% 62.5% 65.5% 58.4% 67.1% 70.5% 0.78 0.75 0.87

Gemini-3-Pro 40.4% 46.9% 49.3% 45.1% 53.7% 56.4% 0.72 0.74 0.83
+ Function Chunking RAG 47.7% 60.2% 62.8% 52.2% 64.5% 67.8% - - -
+ Sliding Window RAG 48.0% 59.5% 63.1% 54.6% 61.6% 64.2% - - -
+ RepoScope 48.7% 61.0% 64.4% 55.7% 63.5% 65.5% - - -
+ GRACE 47.9% 60.2% 63.6% 54.7% 62.5% 64.4% - - -
+ RepoDistill (No Training) 65.8% 69.7% 73.4% 68.3% 76.6% 80.8% 0.84 0.79 0.89
+ RepoDistill (Qwen3-Trained) 60.2% 65.3% 68.6% 63.1% 71.2% 74.9% 0.80 0.76 0.89
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