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Retrieval-Augmented Generation (RAG) has become a cornerstone in software engineering for enhancing Large Language Models
(LLMs) with domain-specific knowledge. However, adapting retrievers to evolving code repositories remains challenging due to the
noise and redundancy inherent in massive code corpora. Standard fine-tuning on the full corpus is computationally expensive and
often leads to sub-optimal performance due to negative transfer from low-quality samples. Conversely, simple random sampling fails
to guarantee data representativeness.

To address these challenges, we propose MAP4CS (Multi-dimensional Awareness Pruning for Code Search), an adaptive data
pruning framework. MAP4CS identifies a small, high-quality core subset by integrating syntactic structure, semantic diversity, and
distributional representation, followed by a rigorous rule-based filtering pipeline. Extensive experiments on two large-scale datasets
demonstrate that MAP4CS consistently outperforms random sampling baselines using only 5% of the training data. Remarkably, it
achieves performance comparable to, or even superior to, fine-tuning on the full dataset, validating the “less is more” hypothesis in
data-centric Al Furthermore, linguistic analysis reveals an adaptive optimization mechanism: MAP4CS automatically functions as a
de-duplicator for redundant corpora and a denoiser for chaotic ones, constructing a training corpus that is both lexically diverse and

information-dense.
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1 Introduction

The advent of Large Language Models (LLMs) has fundamentally reshaped the landscape of software engineering,
empowering automated tools for code completion, summarization, and synthesis [63, 64]. Despite their impressive
capabilities, off-the-shelf LLMs often struggle with domain-specific software repositories, particularly when dealing
with private enterprise libraries, evolving APIs, or legacy systems that were not part of their pre-training data [60]. To
mitigate limitations such as hallucinations and knowledge cutoffs, Retrieval-Augmented Generation (RAG) has emerged
as a pivotal paradigm [30, 43]. By retrieving relevant code snippets from an external knowledge base to serve as context,
RAG significantly enhances the accuracy and reliability of generated code [30, 60]. Consequently, the performance of
the neural code retriever becomes the bottleneck of the entire pipeline [24].

Regrettably, generic code retrievers often exhibit sub-optimal performance in these specialized software domains
due to a lack of exposure to relevant proprietary knowledge during pre-training. To adapt general-purpose retrievers to
these domains, fine-tuning on domain-specific corpora is essential [5]. This process typically involves extracting pairs
of “Natural Language Query” and “Code Snippet”, denoted as (Q, C), from the target repositories [23]. The model is
then fine-tuned on these sample pairs to align the embedding space of the retriever with the specific coding standards
and business logic of the target domain [13].

A common practice in the industry is to fine-tune models on the full available corpus to maximize knowledge
coverage [27, 35]. However, blindly utilizing all data presents a critical trade-off between efficiency and effectiveness.
First, the “Noise Toxicity” Problem: Real-world code repositories are fraught with noise, such as redundant boilerplate
code, low-quality auto-generated comments, and deprecated functions [1, 28]. Training on such data can lead to
negative transfer, where the retriever overfits to superficial lexical overlaps rather than learning robust semantic
representations [6]. Second, the Computational Barrier: The sheer scale of industrial repositories makes full-corpus
fine-tuning computationally prohibitive and environmentally costly [49], creating a significant barrier for frequent
updates in continuous integration (CI) environments.

To reduce training costs, a straightforward alternative is Random Sampling [38, 48]. While this decreases fine-tuning
time, this content-agnostic strategy is flawed for code search tasks. It often leads to the Loss of Long-Tail Knowledge,
discarding crucial but infrequent domain-specific APIs [20], while simultaneously suffering from the Retention of
High-Entropy Noise, preserving misaligned pairs that confuse the model’s decision boundaries [59]. Thus, neither
full-data training nor random sampling offers a viable path for efficient and effective domain adaptation.

This dilemma poses a central research question: Is it possible to intelligently identify a small, high-quality subset of
data that trains a better code retriever than the full corpus? While data pruning has shown promise in general NLP,
directly applying these text-centric methods to code retrieval is insufficient. As we will discuss in Section 2, generic
filtering often ignores the unique structural dependencies of code, while traditional software engineering approaches
tend to focus on defensive filtering to remove noise, rather than selecting samples with high syntactic and semantic
value.

To address these challenges, we propose MAP4CS (Multi-dimensional Awareness Pruning for Code Search), an
adaptive data pruning framework designed specifically for efficient retriever fine-tuning. Unlike rigid filtering rules
Manuscript submitted to ACM
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Creates an UnicastSubject with an internal buffer capacity hint 16. ~ Query
(@param <T> the value type @return an UnicastSubject instance
g g . . . D Random Top1 Result
UnicastSubjec create() { cmoimimoooo.o GrOUNd  UnicastSubject create(int capacityHint) £ == - P eens
return new UnicastSubject<T>(bufferSize(), true); Truth return new UnicastSubject<T>(capacityHint, true);
} }
Simgangom = 0.63 SiMpangom =~ 0.64

Fig. 1. Motivation Example 1 (Semantic Gap): The baseline model is misled by the explicit keyword “capacity hint” in a distractor
method. In contrast, training with diverse semantic strata helps identify the Ground Truth which handles this logic implicitly.

or general-purpose scorers, MAP4CS treats data selection as a multi-objective optimization problem within local
semantic contexts. It operates through a rigorous coarse-to-fine pipeline: First, it structures the chaotic code corpus
using Stream-Based Semantic Clustering to localize diversity and isolate noisy regions. Second, it evaluates samples
via a Multi-Metric Scoring mechanism, integrating Syntactic Structural Diversity, Semantic Alignment Consistency,
and Distributional Representativeness. Finally, a cascade filtering and sampling strategy selects the core subset. This
multi-dimensional awareness allows MAP4CS to adaptively function as a “de-duplicator” for redundant corpora, a
“denoiser” for chaotic datasets, and a “structure-preserver” for complex logic.

To evaluate MAP4CS, we conduct extensive experiments on two large-scale datasets, CSN-Java and Query4Code,
using both code-specialized (UniXcoder [15]) and general-purpose (GTEpqs. [61]) , and foundation-model-based (Qwen3-
Embedding [62]) dense encoders, alongside BM25 as a lexical baseline. The results demonstrate that using only 5%
of the training data, MAP4CS consistently outperforms random sampling baselines across all dense encoders and,
remarkably, achieves comparable or even superior performance to fine-tuning on the full dataset. For instance, on the
CSN-Java dataset, MAP4CS improves the retrieval MRR by 31.9% over random sampling with UniXcoder and by 45.5%
with Qwen3-Embedding, highlighting the “less is more” phenomenon in data-centric Al

In summary, this paper makes the following contributions:

e We introduce MAP4CS, a multi-dimensional pruning framework tailored for code search that selects high-value
samples by integrating syntactic structure, semantic alignment, and distributional density.

e We propose an adaptive selection mechanism that effectively resolves the data scale-quality trade-off by filtering
high-entropy noise while maximizing sample diversity.

e Extensive experiments demonstrate that MAP4CS reduces training costs by over 90% while achieving performance

comparable to or superior to full-dataset fine-tuning, validating the “less is more” hypothesis.

2 Background and Motivation

In this section, we analyze the limitations of existing data selection methodologies when applied to code retrieval and

present motivational examples that necessitate a multi-dimensional pruning approach.

2.1 The Landscape of Data Pruning

In the general domain, sophisticated selection strategies have matured into two dominant paradigms: metric-based
heuristics and learning-based optimization. The former relies on statistical signals—such as perplexity or error margins—to
filter data, as demonstrated by the “Textbooks Are All You Need” hypothesis [14] and LIMA [65]. The latter leverages
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training dynamics, employing techniques like Influence Functions [29], Core-set Selection [38], or tracking Forgetting
Events [51] to mathematically quantify the contribution of each sample. Even in instruction tuning, frameworks like
AlpaGasus [4] utilize teacher models to score sample complexity.

However, a direct transposition of these text-centric or image-centric algorithms to the domain of code retrieval is
fundamentally insufficient. Existing approaches generally fall into two categories, neither of which fully addresses the
unique duality of source code [3] (i.e., natural language intent vs. programming logic).

General Data Filtering Ignorance of Structure. General data selection methods typically treat data as flat
sequences or continuous vector spaces [65]. When applied to code, metrics like language model perplexity focus solely
on the probability of token sequences [14]. This approach ignores the rigid syntactic structures (e.g., Abstract Syntax
Trees) and execution logic that define programming languages [1, 16]. A code snippet might be statistically predictable
(low perplexity) yet syntactically trivial or functionally irrelevant to the retrieval query. By failing to account for
structural integrity, these methods risk selecting “fluent” but logically empty boilerplate code, leading to sub-optimal
representation learning [47].

Defensive Nature of Code Cleaning. Within the software engineering community, data management efforts have
predominantly focused on sanitization rather than valuation. Standard practices involve filtering explicit noise, such as
removing near-duplicates (Deduplication) [1] or discarding snippets with parse errors [28]. While these “cleaning” steps

<

are necessary prerequisites, they are essentially defensive: they eliminate the “worst” data but lack the intelligence
to actively identify the “best” data. They do not assess whether a sample contributes to bridging the semantic gap
between natural language queries and code implementations, nor do they consider the distributional redundancy that
persists even after deduplication.

Consequently, current methodologies leave us in a compromise: we must choose between general pruning methods
that misunderstand code structure, or traditional cleaning methods that lack selection intelligence. This gap underscores

the need for a specialized framework tailored to the multi-dimensional nature of code.

2.2 Motivation

To illustrate the limitations of naive data selection strategies and the necessity of structural and semantic awareness,
we analyze two typical failure modes in code retrieval where models trained on randomly sampled data fail to align
user intent with code implementation.

(1) Implicit Semantics vs. Lexical Overlap. As shown in Figure 1, queries often rely on implicit domain knowledge
rather than explicit keywords. For a query requesting an “internal buffer capacity hint”, the baseline model trained on
randomly sampled data is distracted by a superficial keyword match in an incorrect method (capacityHint), missing
the ground truth which handles capacity implicitly. This failure highlights the necessity of Semantic Alignment
Consistency—we select “hard positives” during training to teach the model to look beyond surface-level lexical
overlaps.

(2) Structural Logic Alignment. Figure 2 demonstrates the challenge of distinguishing specific execution logic
from generic boilerplate. The query implies a specific sequence of actions (“Signal value AND onComplete”). Lacking
structural guidance, the baseline overfits to shared domain terms (e.g., “Complete”, “Queue”) in a complex utility method.
This underscores the need for Syntactic Structural Diversity. By incorporating AST-based pruning, we ensure the
training data covers diverse control flows, enabling the model to align natural language action sequences with the

actual code execution logic.
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Signals the given value and an onComplete if the downstream is ready to receive the final value. o _Q_ug‘[)‘
(@param n the value to emit
protected final void complete(R n) { Ground Truth public static <T> void postComplete(...) { Random Top1 Result |
// ... (omitted backpressure checks) ~~ T 7T // 1. Only handles completion, no emission
for (;;) { if (queue.isEmpty()) {
long r = get(); actual.onComplete(); )
// ... (omitted state checks) Simgangom = 0.42 return; SiMpangom = 054
if ((r & REQUEST _MASK) !=0) {
lazySet(COMPLETE MASK + 1); 1/172. Complex drain Togic (Not fast-path) "~~~ i
// [KEY EVIDENCE]: Explicit Sequence 1if (postCompleteDrain(...)) { E
downstream.onNext(n); i return; !
downstream.onComplete(); 'y i
return; Efor Gt '
1 ' // ... (omitted complex loop state management) ,
// .. (omitted CAS logic) ) i
} oo
}

Fig. 2. Motivation Example 2 (Structural Alignment): The query implies a specific sequential logic (‘onNext” then “onComplete”).
Without structural awareness, the baseline overfits to domain terms in complex boilerplate, missing the correct control flow found by
AST-aware pruning.

These failure modes highlight that effective data pruning must transcend simple statistical sampling; MAP4CS
addresses this by explicitly optimizing for both semantic alignment and structural diversity, ensuring the retention of

high-value samples that are critical for generalization but often discarded by naive baselines.

3 Approach

In this section, we formulate the data pruning problem and present MAP4CS (Multi-dimensional Awareness Pruning for
Code Search). As illustrated in Figure 3, MAP4CS operates through a rigorous, coarse-to-fine pipeline: (1) Stream-Based
Semantic Clustering, which partitions the streaming corpus into local contexts; (2) Multi-Metric Sample Scoring,
which evaluates samples based on structure, semantics, and distribution; and (3) Data Filtering and Sampling, which

executes the final data distillation under a strict budget.

3.1 Problem Formulation

Let D = {(qi, ci) }fi , denote a large-scale, potentially noisy code corpus containing N training pairs, where g; represents
its corresponding natural language query and c; represents a code snippet. The goal of code retrieval is to learn a
scoring function fp(q, ¢) that maximizes the similarity between relevant pairs.

The data pruning problem can be formalized as finding an optimal subset S C D that satisfies a strict budget
constraint |S| < B (where B < N, e.g., B = 0.05N), such that the model trained on S achieves maximal performance.
Formally, we aim to solve:

& = argmax E(g,0)~Dyut [M (fﬁ's 2 C))] ey
ScD,|S|<B

where 05 denotes the parameters of the model fine-tuned on subset S, and M(-) is the evaluation metric (e.g., MRR)

on a validation set.
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Stream-Based Semantic Clustering Multi-Metric Sample Scoring
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Fig. 3. Overview of MAP4CS

3.2 Stream-Based Semantic Clustering

The original code corpus usually exhibits a long-tailed distribution, with mainstream functions (such as standard I/O
operations) often obscuring the logic specific to certain domains. To preserve the intrinsic semantic diversity of the

data, we first structure the data into local semantic contexts.

3.2.1 Clustering Algorithm Selection. Standard clustering algorithms pose significant challenges for massive code
corpora. (1) Unknown K: K-Means requires a predefined number of clusters (K), which is impossible to estimate
accurately for evolving, streaming code data. (2) Noise Sensitivity: Density-based methods (e.g., HDBSCAN), while
effective for shape detection, often classify distinct long-tail functionalities as noise (outliers) in high-dimensional spaces,
resulting in data loss. (3) Efficiency: With O(N?) complexity, hierarchical methods are computationally prohibitive for
datasets with millions of samples.

To address these limitations, we employ the Single-Pass Clustering algorithm [41]. It processes data in a streaming
fashion with O(N) complexity and dynamically discovers cluster structures without a fixed K. The core mechanism
involves dynamic centroid updates to adapt to concept drift in the data stream. The implementation of Single-Pass

Clustering is shown in Algorithm 1.

3.2.2  Clustering Process. The implementation of our clustering phase involves three key steps: vectorization, streaming
clustering, and threshold determination.

Semantic Vectorization. Before formal clustering, we utilize a pre-trained encoder (e.g., UniXcoder) to map each
code-query pair (g;, ¢;) into a dense semantic vector v;. This step ensures that subsequent operations are performed in
a high-dimensional semantic space capturing deep functional relationships.

Streaming Clustering Process. The core mechanism involves dynamic centroid updates to adapt to the streaming
nature of the data. As detailed in Algorithm 1, for each incoming sample v;, we calculate its cosine similarity with
existing cluster centroids C. If the maximum similarity exceeds a threshold 7, the sample is assigned to the best-matching
cluster, and the centroid is updated via a weighted moving average (Line 9). Otherwise, a new cluster is initialized.
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Algorithm 1 Single-Pass Clustering with Dynamic Centroids

Require: Embeddings & = {vy,...,vn}, Threshold ¢
Ensure: Cluster Labels £, Centroids C
1: Initialize C « 0, Counts N « 0

2: fori=1to N do

3 v; « &[]

4 if C is empty then

5: Create new cluster kye,y < 0

6: Clknew] < vi; Nkpew] < 1

7 L[i] < knew

8 continue

9 end if

10: Calculate similarities to all centroids
11: k* « argmax;(cos(v;, c;)) > Find nearest centroid
12: SiMmax <— max;(cos(v;, c;))

13: if simpqx > 7 then

14: L[i] « k*

15: n <« N[k*]

16 Cpr — STV > Dynamic Update
17 N[k*] «n+1

18 else

19: Create new cluster kpe,y < |C|
20: C[knew] — Vi N[knew] —1
21 -[-:[l] — knew

22: end if
23: end for

24: return £

Threshold Determination. Based on preliminary experiments, we set the similarity threshold at ¢ = 0.55. This
threshold strikes a balance between intra-cluster cohesion and semantic coverage: it ensures that elements within
each cluster are semantically relevant (high cohesion) while preventing the formation of excessive singleton clusters

(over-fragmentation) or overly broad categories.

3.3 Multi-Metric Sample Scoring

Within each local semantic cluster, simply selecting the "most similar" samples leads to homogeneity. MAP4CS evaluates
samples across three independence metrics to ensure diversity and representativeness: Structural Diversity (Ssyn),

Semantic Consistency (Ssem), and Distributional Representation (Sy;s;)-

3.3.1 Structural Diversity (Ss,,). Neural retrieval models often tend to overfit surface-level lexical features rather
than learning deep programming logic structures[47]. To enable the model to perceive different syntactic structures
and enhance its generalization ability, the training data need include diverse syntactic implementations of the same
functionality.

We introduce an Abstract Syntax Tree (AST)-based method to quantify structural diversity. The process consists of
two stages:
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(1) Parsing & Linearization. To extract structural features from source code, we utilize Tree-sitter, a high-
performance incremental parsing generator capable of building concrete syntax trees for various programming languages.
It is particularly robust against syntax errors often found in noisy corpora.

For a given code snippet ¢, we first generate its AST using Tree-sitter[39]. To reduce the computational complexity of
similarity comparisons, we perform a Depth-First Search (DFS) traversal to convert the tree structure into a linearized

string sequence in S-expression format[2]. Take the following Python function as an example.

def add(a, b): return a + b

After parsing and linearization, its structural representation becomes:

(function_definition (identifier) (parameters (identifier) (identifier)) (

return_statement (binary_operator (identifier) (identifier))))

This representation abstracts away specific variable names (e.g., ‘a’, ‘b ’), retaining only ‘identifier * placeholders and
syntactic tags. This allows for a focus on logical structure rather than naming conventions in computation.

(2) Similarity Calculation & Scoring. Once the linearized AST sequences are obtained, we quantify the structural
similarity using sequence matching. Specifically, for a sample c; in cluster Cg, its structural diversity score Sy, (c;) is

defined as the complement of the average sequence similarity to other samples in the cluster:

1
Seyn(ci) =1 - ——— Z SeqSim(AST(c;), AST(c;))
|Ck| -1 cjeCr

J#i

@

Here, SeqSim(-) computes the ratio of the Longest Common Subsequence (LCS) [21] between two linearized AST
strings, implemented via the difflib.SequenceMatcher algorithm. Where we define Sgy,(c;) =0 (or 1) if |G| = 1. A
higher S, indicates that the sample possesses a unique syntactic structure within its local cluster, thereby offering

richer training signals.

3.3.2 Semantic Diversity (Ssem). Code Search tasks typically involve complex semantic matching scenarios, ranging
from intuitive keyword matching to deep intent understanding. Merely retaining high-similarity samples might ensure
alignment accuracy but could lead the model to learn only simple pattern matching (Easy Positives), ignoring deeper
or ambiguous semantic associations. To enable the retriever to comprehensively learn semantic hierarchical features
and improve generalization across queries of varying difficulty, the training data should retain a complete semantic
spectrum from strong to weak alignment. By covering samples from high, medium, and low similarity intervals, the
model is forced to learn robust decision boundaries rather than memorizing high-frequency co-occurrences.

We measure the cosine similarity between the code embedding v, and query embedding v,.
Ssem (ci, ql) = COS(Vcia ti) (3)

Driven by this rationale, we employ a Stratified Sampling strategy. Instead of strictly maximizing similarity, we sample
proportionally from high, medium, and low similarity tiers. This ensures the dataset includes standard positives for

basic learning, hard positives for robustness, and edge cases for diversity.

3.3.3 Distributional Representation (Sz;s;). In the vector space, data representativeness is a multifaceted concept:

it requires covering both the core regions of the feature space (representativeness) and the boundary regions (diversity).
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Focusing solely on cluster centers leads to mode collapse, while focusing purely on outliers introduces noise. To address
this trade-off, we introduce a composite metric, denoted as Sz;5; (v;), which operates directly on the dense semantic
vectors v; generated in the semantic clustering stage. We define the distributional score as a tuple of two complementary
sub-metrics:
Saist (Vi) = (Sden(Vi), Sain (V1)) 4)
where Sy., and Sy;, are calculated as follows:
1. Representative Density (Sz.,,). Based on Kernel Density Estimation (KDE), we calculate a density score Sy, for

a sample v; within a cluster Cy. (size n) using a Gaussian kernel Kj,:
1 n
Saen(Vi) = ;;mnvi =) )

High-density samples are selected as they represent the centroid or "mainstream" patterns of the cluster.
2. Coverage Diversity (Syi,). To cover semantic boundaries, we calculate the diversity score Sy;, based on the

Euclidean distance to the nearest neighbor:
Saio(Vi) = 1}1#51 lvi = vjll2 (6)

We select samples with the highest Sg;, scores (i.e., those furthest from neighbors) to maximize the semantic breadth

covered by the pruned dataset.

3.4 Data Filtering and Sampling

After evaluating samples across multiple dimensions, simply aggregating the top-scoring candidates may still result
in a dataset plagued by redundancy or engineering incompatibilities. To address this, MAP4CS employs a rigorous

“Filter-then-Rank” cascade pipeline, combining deterministic hard rules with adaptive soft scoring.

3.4.1 Step 1: Rule-Based Filtering. Before performing expensive ranking operations, it is computationally efficient
to discard samples that are fundamentally invalid or redundant. This step ensures that the final dataset meets basic
engineering standards for efficient LLM training.

We implement a three-stage sequential filter:

(1) Cryptographic Deduplication: To eliminate exact redundancy, we compute the SHA-256 hash of the nor-
malized code content. Duplicate instances share the same hash and are removed, ensuring each code sample is
unique.

(2) Context-Window Constraint: Training retrievers on excessively long sequences leads to truncation and
semantic loss. We utilize a pre-trained tokenizer to filter out code snippets exceeding the context window
(specifically, L > 1024 tokens).

(3) Heuristic-based Query Filtering: Inspired by the syntactic filter in NLQF [50], we directly apply its heuristic
rules to cleanse the dataset. Noisy queries containing excessive non-ASCII characters, URL links, or specific
metadata tags create noisy labels that hinder retrieval performance. Therefore, we filter out these elements as

well as sequences that are too short to convey meaningful intent to ensure semantic clarity.

3.4.2 Step 2: Weighted Ranking and Sampling. Theoretical analysis suggests that different quality dimensions con-
tribute differently to the training signal. Structural and semantic consistencies are foundational for correctness, while

distributional metrics provide auxiliary regularization. A uniform summation would ignore these varying importances.
Manuscript submitted to ACM
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For the survivors of the hard filtering, we first perform Min-Max Normalization on their raw scores to map them

into a unified range [0, 1]. We then compute a composite score Sy, using a weighted fusion strategy:

Storar (i) = Wsyn * Ssyn(i) + Wsem * Ssem (1) + Wden * Sden (1) + Wdiv * Sdiv (i) (7)
Based on empirical tuning and domain knowledge, we assign weights as follows: wsy, = Wsem = 1/3 to prioritize
foundational data correctness, and wge, = Wgj, = 1/6 to balance distributional representativeness. Finally, we rank all

samples by S;;4 and select the top K instances (e.g., top 5%) to form the final pruning dataset S*.

4 Evaluation

To comprehensively evaluate the effectiveness and efficiency of MAP4CS, we design experiments to answer the following

three research questions:

e ROQ1 (Effectiveness Analysis): How does MAP4CS perform on downstream code retrieval tasks?
e RQ2 (Ablation Study): What is the contribution of each component in our framework?

¢ RQ3 (Parameter Analysis): How does the pruning ratio impact model performance?

4.1 Experimental Setup

4.1.1 Evaluation Benchmarks. To assess the generalizability of the fine-tuned models, we evaluate them on four
diverse benchmarks using the COIR framework. We categorize these benchmarks into two groups to test different
capabilities: CodeSearchNet and CoSQA serve as in-domain datasets to evaluate standard code search performance.
Conversely, APPS and Synthetic Text2SQL, which involve retrieving corresponding code or SQL solutions based on
problem descriptions, are treated as external retrieval datasets to assess the model’s out-of-domain (OOD) generalization.

CodeSearchNet (CSN) [23]: A widely used dataset in the field of code search, covering six programming languages:
Python, Java, Go, PHP, Ruby, and JavaScript. Derived from open-source projects on GitHub, the data consists of
(Docstring, Code) pairs, where the query is the function’s docstring and the code is a complete function body.

CoSQA [22]: A dataset containing 20,604 annotated pairs of natural language queries and codes. The queries
originate from real user search logs on Microsoft Bing, while the codes are Python functions from the CodeSearchNet
dataset. Each pair is annotated by at least 3 human annotators, providing high-quality supervision for query-code
matching.

APPS [19]: A challenging benchmark for code generation, measuring the ability of models to take arbitrary natural
language specifications and generate satisfactory Python code. It includes 10,000 problems ranging from simple one-line
solutions to substantial algorithmic challenges.

Synthetic Text2SQL [37]: A rich dataset of high-quality synthetic Text-to-SQL samples. It includes approximately
106k records covering 100 distinct domains and a wide range of SQL complexity levels, from simple retrieval to complex

joins and aggregations.

4.1.2 Models. We conduct experiments using three representative pre-trained models: UniXcoder [15], an encoder-
only architecture widely adopted in the code search domain; GTE.s. [61], a contemporaneous model that has achieved
state-of-the-art (SOTA) results across multiple general retrieval benchmarks; and Qwen3-Embedding [62], a foundation-
model-based dense encoder. (Additionally, a widely adopted sparse lexical baseline, BM25 [46], is included for baseline
comparison in our evaluation).
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UniXcoder: A unified cross-modal pre-trained model for programming languages. To enhance semantic representa-
tion, UniXcoder incorporates multi-modal contents such as code comments and ASTs, where the ASTs are flattened via
a one-to-one mapping. The model is pre-trained using multi-modal contrastive learning and cross-modal generation
tasks to effectively align representations among programming languages and natural language.

GTEp,se: A general-purpose text embedding model based on the BERT architecture [8], trained via multi-stage
contrastive learning [7]. Despite treating code merely as unstructured text, GTE achieves superior performance on code
retrieval benchmarks by leveraging robust semantic representations learned from massive text pairs.

Qwen3-Embedding [62]: A state-of-the-art foundation-model-based dense encoder built upon the Qwen3 language
model family. In this work, we employ the 0.6B variant, which features a 32k context length and supports instruction-
aware text embedding. Notably, Qwen3-Embedding is extensively trained on over 100 languages, including various

programming languages, providing robust cross-lingual and code retrieval capabilities.

4.1.3 Implementation. We implement all experiments using PyTorch and the Sentence-Transformers framework.
To ensure both reproducibility and fair comparison, our hyperparameter settings are determined through a hybrid
approach: aligning with established protocols in prior code retrieval studies [15, 47] and conducting preliminary
empirical tuning on the validation set to ensure optimal convergence. Specifically, models are fine-tuned for 6 epochs
with a batch size of 4. We utilize the AdamW optimizer with an initial learning rate of 2e-5 and a linear warmup
of 10a configuration widely validated for stabilizing transformer fine-tuning. To optimize semantic alignment, we
employ the Multiple Negatives Ranking Loss (MNRL), which effectively leverages in-batch negatives to enhance
retrieval distinctiveness. The maximum sequence length is set to 512 tokens to accommodate typical code contexts.
For reproducibility, we fix the random seed at 42 across all runs. Our source code and detailed hyperparameters are

available at https://anonymous.4open.science/r/MAP4CS-097A.

4.2 RQ1: Effectiveness Analysis

In this section, we first quantitatively evaluate the retrieval performance of MAP4CS against both random sampling and
full-dataset fine-tuning across multiple benchmarks. Beyond standard performance metrics, we qualitatively investigate
the underlying mechanisms of our approach by visualizing the semantic distribution shifts and analyzing the linguistic

diversity of the pruned data.

4.2.1 Design. To investigate the effectiveness of MAP4CS, we fine-tune three representative models: UniXcoder,
GTEpgse, and Qwen3-Embedding, on two distinct datasets: CSN-Java and Query4Code. CSN-Java is a subset from the
CodeSearchNet corpus. Query4Code is an LLM-annotated dataset specifically constructed to simulate real-world code
retrieval scenarios by generating user-style queries rather than using noisy or descriptive docstrings.

We compare our method against two baselines, Random Sampling and Full Data fine-tuning. To contextualize the
neural retrieval results, we also report BM25 as a non-parametric lexical baseline. To verify the effectiveness, MAP4CS
and Random Sampling use the same data budget, 5%.

In order to evaluate the effectiveness of code search, we use Mean Reciprocal Rank (MRR) [53] as an evaluation
metric. MRR is widely adopted in information retrieval (IR) [17] and code search research [47, 57] to assess ranking
quality. It measures the mean of the reciprocal ranks of the first relevant code snippet across all queries.

N

1 1
MRR = — 8
N Z rank; ®

i=1
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Table 1. Performance comparison on downstream code retrieval tasks.

Training Dataset Method ‘ In-Domain Out-of-Distribution ‘ Avg.
| CodeSearchNet CoSQA APPS  Text2SQL |
Lexical Baseline
None BM25 \ 0.360 0.086  0.009 0.025 | 0.120
UniXcoder
None Zero-Shot \ 0.431 0.122  0.007 0124 | 0171
Full Data (100%) 0.365 0.092 0.010 0.030 0.124
CSN-Java Random Sampling (5%) 0.467 0.106 0.019 0.070 0.166
MAPACS (5%) 0.613 0.150 0.036 0.076 0.219
Full Data (100%) 0.577 0.140 0.018 0.033 0.192
Query4Code Random Sampling (5%) 0.542 0.156 0.010 0.032 0.185
MAPA4CS (5%) 0.573 0.160 0.028 0.037 0.200
GTEpse
None Zero-Shot ‘ 0.200 0.180 0.018 0.127 0.131
Full Data (100%) 0.126 0.018 0.007 0.060 0.053
CSN-Java Random Sampling (5%) 0.273 0.066 0.019 0.095 0.113
MAPACS (5%) 0.438 0.132 0.028 0.116 0.178
Full Data (100%) 0.447 0.134 0.018 0.043 0.160
Query4Code Random Sampling (5%) 0.374 0.146  0.012 0.042 0.144
MAPACS (5%) 0.432 0.140 0.027 0.044 0.161
Qwen3-Embedding
None Zero-Shot ‘ 0.398 0.076 0.079 0.125 0.170
Full Data (100%) 0.160 0.006 0.002 0.013 0.045
CSN-Java Random Sampling (5%) 0.260 0.014 0.020 0.058 0.088
MAPA4CS (5%) 0.337 0.066 0.036 0.073 0.128
Full Data (100%) 0.190 0.030 0.004 0.023 0.062
Query4Code Random Sampling (5%) 0.210 0.022 0.009 0.034 0.069
MAPA4CS (5%) 0.298 0.040 0.011 0.059 0.102

We follow the same experimental configuration detailed in Section 4.1.3, fine-tuning UniXcoder, GTEp,., and

Qwen3-Embedding on both datasets with the strict 5% data budget.

4.2.2 Results. Table 1 presents the retrieval performance across four downstream tasks using different fine-tuning
strategies. The results provide compelling evidence for the effectiveness of our proposed framework compared to both
random sampling and full-dataset training.

Comparison with BM25. BM25 achieves an average score of 0.120. Although it remains competitive on CodeSearchNet
(0.360), its performance drops sharply on CoSQA (0.086) and the OOD tasks APPS (0.009) and Text2SQL (0.025). This
gap indicates that lexical matching alone is insufficient for capturing user intent and cross-domain semantic alignment
in code retrieval. In contrast, dense retrievers generally provide stronger semantic matching, and MAP4CS further
improves their fine-tuning efficiency by selecting high-quality training pairs.
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Comparison with Random Sampling. Under a strict data budget, MAP4CS consistently outperforms the random
sampling baseline across all training datasets and models. Specifically, on the CSN-Java dataset with the UniXcoder
model, our method improves the average score from 0.166 (Random 5%) to 0.219, achieving a relative improvement of
31.9%. Similarly, on the GTE s, model, we observe a substantial gain from 0.113 to 0.178 (+57.5%). The same trend
holds for Qwen3-Embedding: MAP4CS improves the average score from 0.088 to 0.128 on CSN-Java (+45.5%) and from
0.069 to 0.102 on Query4Code (+47.8%). This demonstrates that our multi-dimensional clustering and filtering strategy
successfully identifies high-value core samples, whereas random sampling often captures redundant or unrepresentative
data.

Comparison with Full Data Fine-tuning. A striking observation is that our method often matches or even exceeds
the performance of fine-tuning on the full dataset (100% data). On the CSN-Java dataset, training with the full dataset
yields surprisingly poor results (e.g., Avg 0.053 for GTEs.), performing even worse than random sampling. This
suggests the original corpus contains severe noise or low-quality pairs that induce negative transfer. By effectively
pruning this noise, our method achieves a significantly higher score (0.178), validating its capability as a robust data
cleaner. This phenomenon is particularly clear when comparing CSN-Java and Query4Code. CSN-Java is derived
from raw GitHub repositories and therefore contains more noise, including comment-code mismatches, duplicated
snippets, and boilerplate implementations. Consequently, pruning CSN-Java with MAP4CS yields pronounced gains by
removing harmful or redundant samples. In contrast, Query4Code is a retrieval-optimized query-code dataset with
higher semantic consistency and fewer expression errors. Since its full-data baseline is already strong, there is less room
for large absolute improvements. On the Query4Code dataset, where the data quality is relatively stable, our method
still achieves comparable or slightly better performance than full-data fine-tuning (e.g., 0.200 vs. 0.192 on UniXcoder).
This confirms that our framework can reduce training costs by over 90% without compromising retrieval accuracy.
Therefore, the key value of MAP4CS is not to substantially surpass full-data fine-tuning on every already high-quality
dataset, but to achieve comparable or better retrieval accuracy under an extremely low training budget. Such a result
effectively validates the “Less is More” phenomenon, demonstrating that a small, high-quality subset can serve as a
superior training signal compared to a massive but noisy corpus.

Robustness Across Models. The improvements are consistent across the code-specialized (UniXcoder) and general
embedding (GTEp,s.) models, extending even to the stronger foundation-model-based Qwen3-Embedding. Notably, on
the domain-specific CodeSearchNet evaluation metric, our method achieves a peak score of 0.613 (CSN-Java/UniXcoder),
significantly outperforming the pre-trained baseline (0.431) and other fine-tuning strategies. Crucially, on OOD tasks,
our method consistently maintains a performance advantage over baselines. For instance, with GTE, trained on
Query4Code, MAP4CS improves performance on APPS by 125% compared to random sampling (0.027 vs. 0.012).
For Qwen3-Embedding, MAP4CS also improves every downstream task over both random sampling and full-data
fine-tuning under the same training dataset, demonstrating that the proposed pruning strategy remains useful even
when the backbone encoder has stronger pre-trained semantic representations. Meanwhile, the competitive zero-shot
performance of Qwen3-Embedding suggests that overly noisy or mismatched fine-tuning data can still hurt strong
foundation encoders, further motivating quality-aware pruning. This suggests that by maximizing structural and
semantic diversity, MAP4CS helps the model learn generalized representations rather than overfitting to specific domain

shortcuts.
Finding 1: MAP4CS demonstrates superior effectiveness in code retrieval tasks by outperforming random sampling

baselines and achieving comparable or better results than full-dataset fine-tuning, despite using only 5% of the
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Fig. 4. Visualization of semantic distribution in the Code-Query Semantic Space. The Random Sampling baseline (Blue) exhibits a
diffuse distribution with scattered outliers, indicating high-entropy noise. In contrast, MAP4CS (Red) demonstrates a more refined
distribution, concentrating on high-value semantic regions.

training data. Moreover, whether in-domain or OOD, our method consistently outperforms random sampling. This

highlights the framework’s capability in filtering noise and identifying high-value core samples.

4.2.3 Visualization of Semantic Distribution. To visually verify the effectiveness of MAP4CS in filtering data, we
compare the semantic distribution of our pruned subset against the Random Sampling baseline. Specifically, we employ
the UniXcoder encoder to extract high-dimensional embeddings from the two subsets generated by MAP4CS and
Random Sampling, respectively. These embeddings, derived from the mean pooling of the last hidden state, are then
projected into a 2D space using Principal Component Analysis (PCA) [44]. To ensure a fair comparison within the
same semantic manifold, we concatenate the vectors from both groups before fitting the PCA model. Furthermore, to
address the overplotting issue in scatter plots and to quantify distributional differences, we visualize the distributions
using Kernel Density Estimation (KDE) contours, as shown in Figure 4. Simply put, KDE helps visualize data density by
smoothing discrete points into continuous contours, allowing us to clearly identify the high-density “core” regions of
the semantic space (consistent with Eq. 5).

To quantify the divergence between the distributions, we calculate the Jensen-Shannon (JS) Distance [33] and the
Overlap Coefficient [52]. The Overlap Coefficient measures the overlapping area of two probability distributions
(range [0, 1], where higher values indicate greater similarity), while the JS Distance measures the difference based on
KL divergence (range [0, 1], where lower values indicate greater similarity). Analysis reveals distinct characteristics in
the semantic space. In the Code-Query Semantic Space, MAP4CS exhibits a significantly different distribution profile
compared to random sampling. The Overlap Coefficient drops to 0.5549, while the JS Distance increases to 0.4895. This

divergence supports two key mechanisms:

o Effective Denoising: The random sampling distribution (Blue in Figure 4) is characterized by a diffuse spread,
mixing high-quality data with a large volume of noisy samples where the code is mismatched or semantically
ambiguous relative to the query.

e Semantic Refinement: MAP4CS (Red) forms a distinct, compact cluster within the semantic space. Notably,
our clusters appear more compact, yet the fine-tuned model performance is superior. This suggests that unlike
Random Sampling which captures a diffuse spread of data including outliers (potential noise), MAP4CS may
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Fig. 5. Sunburst plot of the top 10 most frequent verbs, with their corresponding top 7 root nouns within the query subsets obtained
via Random Sampling and MAP4CS.

effectively isolate and retain samples with high semantic density, proving that data quality—defined by semantic

consistency—is more critical than mere coverage for training efficient retrievers.

Finding 2: Quantitative analysis of semantic distribution confirms that MAP4CS achieves a “coarse-to-fine”
refinement. By shifting the data distribution away from noisy, mismatched regions (low overlap with random
baseline) and concentrating on high-consistency semantic clusters, it constructs a significantly purer and more

representative training corpus.

4.24 Reason Analysis. To investigate the underlying reasons for performance improvement, we analyze the linguistic
characteristics of the training data on the Query4Code dataset.

First, we visualize the semantic intent distribution by depicting the most common verbs and their corresponding
objects within the query subsets obtained via Random Sampling and MAP4CS (Figure 5). The analysis reveals that
while there is some overlap in high-frequency verbs (e.g., “use", “add") between random sampling and our method, the
pruned dataset exhibits a cleaner and more focused distribution of object terms, reducing long-tail noise.

In addition, we utilize quantitative metrics to measure the quality of the data. On one hand, our method increases the
Type-Token Ratio (TTR) from 0.0402 (Random Sampling) to 0.0579 (MAP4CS). Since TTR represents the ratio of unique
words to total words, this substantial increase indicates that MAPACS effectively performs “de-duplication” and “quality
enhancement,” filtering out repetitive boilerplate code. On the other hand, the Shannon Entropy slightly decreases from
6.269 (Random Sampling) to 6.160 (MAP4CS), a drop of approximately 1.7%. While entropy represents uncertainty, high
entropy in random sampling often stems from noise and long-tail confusion. Our clustering-based approach acts as a

denoising mechanism, making the data distribution more representative.
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Table 2. Ablation study of different components in our framework. The best results among fine-tuned models are highlighted in bold.

Method | In-Domain Out-of-Distribution | Avg.
| CodeSearchNet CoSQA APPS  Text2SQL |
GTE, (Training Dataset: Query4Code)
Random Sampling (5%) | 0.374 0.146  0.012 0.042 | 0.144
Clustering Only (5%) | 0.401 0.146  0.018 0.041 | 0.152
MAPACS (5%) | 0.432 0.140  0.027 0.044 | 0.161

Finding 3: Compared to random sampling, MAP4CS effectively filters out high-entropy noise while simultaneously

achieving higher lexical diversity, resulting in an information-dense training set.

4.3 RQ2: Ablation Study

In this section, we dissect the contribution of each component within MAP4CS to understand the source of its

effectiveness.

4.3.1 Design. To isolate the impact of different pruning stages, we conduct an ablation study using the GTEp,s, model
on the Query4Code dataset. We compare the following settings (Clustering Only and MAP4CS) against the Random
Sampling fine-tuning baseline. Clustering Only applies random sampling within the clusters generated by Single-pass
Clustering to select 5% of the data.

4.3.2 Results. Table 2 summarizes the results of the ablation study. Clustering Only achieves an average score of 0.152,
showing a clear improvement over the Random Sampling baseline (0.144). This confirms that clustering-based sampling
captures the semantic skeleton and diversity of the original dataset more effectively than pure random sampling. By
ensuring coverage across different semantic clusters, the model avoids overfitting to dominant patterns.

Integrating the multi-dimensional sorting and filtering mechanism (MAP4CS) further boosts the performance to
0.161, demonstrating that quality filtering is as important as diversity. The improvement from Clustering Only (0.152) to
MAP4CS (0.161) highlights the value of our scoring mechanism. By filtering out low-quality samples within clusters (e.g.,
mismatched query-code pairs or low-density outliers), MAP4CS ensures that the model trains on the most representative
data. Notably, on the challenging APPS task, our method achieves a score of 0.027, significantly outperforming both
Clustering Only (0.018) and Random Sampling (0.012). This indicates that high-quality, denoised training data is crucial
for the model to generalize well on complex code search tasks, rather than merely memorizing patterns.

Finding 4: While semantic clustering provides a strong foundation for data diversity, the multi-dimensional
filtering and scoring mechanism is the key driver of performance. It eliminates harmful noise and retains high-
quality samples, enabling MAP4CS to surpass both random and clustering-based baselines, especially on complex

generalization tasks.

4.4 RQ3: Parameter Analysis

In this section, we investigate the trade-off between data scale and model performance, and further analyze the linguistic

properties of the sampled subsets to explain the efficiency of our method.
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Sampling Ratios

4.4.1 Design. To answer RQ3, we conduct a sensitivity analysis on the Query4Code dataset. We vary the sampling
ratio from 3% to 100% (specifically {3%, 5%, 10%, 20%, 50%, 70%, 100%}) and evaluate the performance of both UniXcoder

and GTEp4s.. We compare our MAP4CS against the Random Sampling baseline to assess data efficiency and robustness.

4.4.2 Results. Figure 6 illustrates the performance trends. MAP4CS demonstrates exceptional efficiency in low-data
scenarios. Even with as little as 3% of the training data, our pruned subset consistently outperforms the random sampling
baseline. Notably, on UniXcoder, the model trained with just 3% of our pruned data surpasses the model trained with
50% randomly sampled data. This validates our framework’s ability to prioritize the most information-dense samples.
A counter-intuitive phenomenon observed in the random sampling baseline is the performance volatility—and even
degradation—as the data ratio increases (e.g., from 5% to 70%). This suggests that blindly adding more data introduces
detrimental noise. In contrast, our method maintains a stable and superior performance trajectory, confirming that our
multi-dimensional filtering acts as an effective “firewall” against long-tail noise.
Finding 5: MAP4CS achieves peak performance with minimal data (~10%) and exhibits superior stability compared
to Random Sampling, which may suffer from performance degradation due to noise accumulation as data scale

increases.

4.4.3 Reason Analysis. To understand why our method achieves superior performance with less data, we analyze the
evolution of linguistic quality metrics across different sampling ratios, as shown in Figure 7 and Figure 8.

Figure 7 reveals a significant “cold-start” advantage for our method. In the low-resource regime (Ratio < 10%), the
pruned subset maintains a substantially higher TTR compared to random sampling. Although TTR naturally decays as
the corpus size grows, the persistent gap highlights that MAP4CS prioritizes non-redundant samples. This implies that
the model is exposed to a broader spectrum of lexical and syntactic patterns much earlier in the training process.

As shown in Figure 8, the random sampling baseline consistently exhibits slightly higher entropy values compared
to our pruned subset. While higher entropy typically implies more information, in the context of raw code corpora,
it often stems from high-entropy noise. The slightly lower but stable entropy of our method indicates a successful
denoising effect.

By filtering out chaotic, high-entropy elements while enhancing lexical diversity, MAP4CS constructs a more
regularized and information-dense training corpus, which explains its superior efficiency.

Finding 6: Linguistic analysis confirms that the efficiency of MAP4CS stems from its ability to maximize lexical
diversity (High TTR) while filtering out high-entropy noise, effectively solving the trade-off between data scale and
quality.
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5 Threats to Validity

Internal Validity. One potential threat to internal validity is the selection of hyperparameters, which can significantly
impact model performance. To mitigate this, we maintain consistent hyperparameters for all model fine-tuning
experiments, ensuring consistency and fairness in our evaluations. Additionally, there is a risk of data contamination;
pre-trained models like UniXcoder might have been exposed to the CodeSearchNet corpus during their initial pre-
training phase, which could artificially inflate evaluation results on in-domain datasets. To mitigate this concern
and verify the true generalization capability of our method, we incorporate APPS and Synthetic Text2SQL as out-of-
distribution (OOD) benchmarks. These datasets represent distinct tasks with vastly different data distributions, ensuring
that the observed performance gains stem from the high-quality pruned data rather than prior data memorization.
External Validity. The generalizability of our findings might be limited by the selection of retrieval models and
datasets. To mitigate model-specific biases, we evaluate three diverse dense neural architectures: UniXcoder (code-
specialized), GTEp,s. (general-purpose), and Qwen3-Embedding (foundation-model-based), alongside BM25 as a sparse
lexical baseline. This broad model coverage minimizes the risk that our findings are biased toward a specific retrieval
mechanism. To ensure robustness across data distributions, we conduct experiments on datasets with varying noise
levels and construction paradigms, specifically CSN-Java (raw open-source repositories) and Query4Code (LLM-
optimized queries). Furthermore, to address potential bias towards specific languages, we extend our evaluation using
the CodeSearchNet and Synthetic Text2SQL benchmarks, which collectively cover seven programming languages (Go,
Java, JavaScript, PHP, Python, Ruby, and SQL). This multi-lingual evaluation demonstrates that the effectiveness of
MAPA4CS is not confined to a single programming language but is applicable across diverse software ecosystems.

A final threat to external validity involves the gap between academic benchmarks and real-world industrial code
search. Large-scale enterprise search logs are strictly confidential due to trade secrets, proprietary business logic, and
sensitive development contexts, making it difficult to fully replicate industrial deployment conditions. Nevertheless, our
benchmark suite partially bridges this gap: notably, CoSQA consists of real user queries sampled from Microsoft Bing
search logs, effectively capturing realistic developer intents and natural-language query styles. We leave the validation

of MAP4CS on anonymized industrial search logs as a direction for future work.

6 Related Work
6.1 Neural Code Retrieval

Code retrieval aims to identify the most relevant code snippet from a corpus given a natural language query. Early
approaches primarily rely on keyword matching techniques, such as TF-IDF [26] and BM25 [46]. With the advent of
deep learning, neural code retrieval has become the dominant paradigm [13]. Many modern approaches employ a
bi-encoder architecture, where code and queries are mapped into a shared vector space [13].

Pre-trained models like CodeBERT [11], GraphCodeBERT [16], and UniXcoder [15] employ masked language
modeling and cross-modal tasks to learn robust representations, significantly advancing the state-of-the-art. Building on
this, researchers have introduced code-specific optimization strategies: ContraCode [25] leverages compiler-generated
code variants for contrastive learning to capture functional semantics; CodeRetriever [32] enforces code-text alignment
through unimodal and bimodal contrastive losses; and CodeT5 [55] adopts identifier-aware pre-training tasks, excelling
in both generation and retrieval. Recently, general-purpose text embeddings like GTE [61] have also shown promise in

code domains.
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While these works focus on designing better model architectures or pre-training objectives, they typically train
on massive, unfiltered corpora. In contrast, our work focuses on the data-centric perspective, investigating how to

efficiently fine-tune these strong backbones using a small but highly representative subset of data.

6.2 Data Pruning and Selection

Data pruning aims to select a high-quality subset of training data without compromising model performance. This field
has evolved significantly across different domains.

General NLP and LLM Fine-tuning. In general NLP, strategies range from heuristic rules (e.g., filtering based on
length, perplexity, or stop-word ratios) [56] to sophisticated metric-based approaches. With the rise of Large Language
Models (LLMs), the focus has shifted to Instruction Tuning data selection. The “Less Is More for Alignment” (LIMA)
hypothesis [65] demonstrates that a handful of carefully curated examples can outperform massive datasets. Subsequent
works like AlpaGasus [4] and MoDS [9] leverage powerful teacher models to score and filter data based on quality,
complexity, and diversity. Other approaches leverage training dynamics, such as Influence Functions [29] or Forgetting
Events [51], to identify samples that contribute most to model generalization. However, these methods typically treat
data as linear text sequences, ignoring the rigid syntactic structures inherent in programming languages.

Data Selection for General Retrievers. In the broader field of information retrieval (e.g., web search, QA), data
strategies have primarily focused on data augmentation or negative sampling rather than positive pruning for efficiency.
For instance, techniques like ANCE [58] and RocketQA [45] mine "hard negatives” to sharpen decision boundaries.
While effective, these approaches essentially increase the training load to improve performance. Research on pruning
positive training samples to reduce computational costs remains sparse in the retrieval domain. Moreover, existing
general selection methods do not account for the specific semantic gap between code logic and documentation. As a
result, directly applying general text pruning metrics to code retrieval often yields sub-optimal results.
Code-Specific Data Cleaning. Data cleaning in software engineering has evolved from simple preprocessing to
sophisticated quality assurance pipelines. Deduplication is a foundational step; Allamanis [1] demonstrates that code
duplication artificially inflates performance metrics and causes data leakage. Consequently, modern large-scale code
datasets, such as The Stack [28] and StarCoder [31], implement aggressive Near-deduplication (e.g., MinHash) and PII
redaction as standard protocols.

Beyond deduplication, recent research focuses on filtering low-quality code using dynamic or static signals. On the
dynamic side, execution feedback is leveraged to verify functional correctness. For instance, Shi et al. [47] and Han
et al. [18] harness test case execution results to align code retrieval models with ground-truth correctness, filtering
out snippets that fail to compile or pass tests. However, execution-based methods are computationally expensive and
hard to scale. Alternatively, static approaches rely on heuristic rules (e.g., line length, parser checks) or learned metrics.
Gunasekar et al. [14] introduce a classifier-based approach to select "textbook-quality" code, significantly boosting
model performance with less data. Similarly, embedding-based pruning strategies [48] have been explored to remove
outliers in the latent space.

Despite these advancements, existing code pruning methods often rely on single-dimensional metrics—either focusing
solely on syntactic validity, execution outcomes, or distinctive semantic features [29, 56]. Our framework, MAP4CS,
addresses this limitation by introducing a multi-dimensional perspective. We integrate semantic consistency, syntactic
structure (AST), and distributional density to perform a holistic assessment of data value, specifically tailored for

retrieval-augmented generation tasks.
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6.3 Retrieval-Augmented Code Generation (RACG)

RACG enhances Large Language Models (LLMs) by retrieving relevant context from external knowledge bases, thereby
mitigating hallucinations and adapting to private domains. Recently, RACG has been widely applied across various SE
tasks.

RACG has been widely adopted across tasks such as code completion [36, 60], in-context learning [40], and domain-
specific applications including vulnerability detection [10], library generation [34], and translation [42]. Recent studies
also investigate retrieval granularity [12] to optimize generation.

Despite the diverse applications of RACG, its performance relies heavily on the quality of the retriever. While
extensive research focuses on optimizing the generator, expanding applications, or refining inference-time retrieval
strategies (e.g., re-ranking) [54], the efficiency of adapting the retriever itself remains under-explored. Maintaining an
effective retriever for rapidly evolving codebases requires frequent updates. Our work addresses the training efficiency
bottleneck in RACG by demonstrating that high-performance retrievers can be trained with significantly less data,

making continuous adaptation feasible for resource-constrained environments.

7 Conclusion

In this paper, we address the critical challenge of efficient and robust retriever fine-tuning for RAG in software
engineering. We propose MAP4CS, an adaptive multi-dimensional data pruning framework specifically tailored for
code search tasks. By selecting a small, high-quality core subset from massive, noisy code corpora, MAP4CS innovatively
integrates syntactic structure, semantic consistency, and distributional representation to evaluate sample value, and
employs a rigorous rule-based filtering pipeline to ensure data uniqueness and engineering quality.

Our experiments demonstrate that MAP4CS consistently outperforms random sampling baselines across both
in-domain and out-of-domain benchmarks. Remarkably, using only ~5% of the training data, our method achieves
performance comparable or even superior to fine-tuning on the full dataset. This empirical evidence strongly supports
the “less is more” hypothesis in data-centric Al: data quality and density are more critical than sheer volume for effective
domain adaptation.

Furthermore, our linguistic analysis reveals an adaptive optimization mechanism inherent in MAP4CS. We find
that the framework automatically acts as a de-duplicator for redundant corpora and a denoiser for chaotic corpora,
effectively solving the cold-start problem in low-resource regimes. This dual capability allows it to construct a training
corpus that is both lexically diverse and information-dense. In future work, we plan to extend MAP4CS to larger-scale

decoder-only LLMs and investigate iterative pruning strategies for continuous learning scenarios.

8 Data availability

To facilitate the replication study, we have released our data and code at: https://anonymous.4open.science/r/MAP4CS-
097A.
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