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Abstract001

Code retrieval for programs remains challeng-002
ing due to structural misalignment of fine-003
grained similarity metrics. In this paper, we004
propose the Length-Aware Optimal Module005
Matching (LOMM) framework that aligns code006
modules across programs and aggregates simi-007
larity scores in a global optimal manner. The008
proposed method is model-agnostic and can be009
applied to both embedding-based retrieval and010
structural metrics.011

We evaluate our approach on two datasets,012
including LongCCD, a new long-code re-013
trieval dataset designed with a large corpus-014
to-query ratio to encourage model-specific op-015
timal matching. Across diverse embedding016
models, Our method consistently improves re-017
trieval performance, yielding relative gains of018
approximately 15–20% in NDCG@5 compared019
to monolithic baselines.020

1 Introduction021

Code-to-code retrieval plays a central role in mod-022

ern code search systems, enabling tasks such as023

code reuse, refactoring, plagiarism detection, and024

cross-language retrieval. Most existing approaches025

rely heavily on pretrained code embeddings, which026

represent an entire program as a single, fixed-length027

vector. While such representations are effective for028

capturing surface-level semantic similarity, they029

tend to abstract away the internal structure of pro-030

grams. In particular, embeddings alone may over-031

look crucial structural aspects of code, such as the032

abstract syntax tree (AST) (Wang et al., 2022a;033

Zhang et al., 2025), control flow, and composi-034

tional relationships between code components, all035

of which are essential for accurately modeling pro-036

gram semantics.037

We propose an order-agnostic bipartite module038

matching framework called the Length-Aware Opti-039

mal Module Matching (LOMM) framework that ex-040

plicitly accounts for code structure by decomposing041

programs into a set of modules and aligning them 042

via an optimal bipartite matching algorithm (Kuhn, 043

1955). Figure 1 illustrates the proposed LOMM 044

framework. Instead of comparing programs as 045

monolithic entities, our method performs module- 046

level alignment, allowing fine-grained similarities 047

between corresponding components to be identi- 048

fied and aggregated. This formulation naturally 049

accommodates differences in code length and mod- 050

ular organization, which are common in real-world 051

codebases and long-code scenarios. 052

A key advantage of LOMM is its model- 053

agnostic nature. It can seamlessly incorporate 054

both embedding-based similarity measures and 055

structure-aware metrics, such as Tree Similarity 056

of Edit Distance (TSED) (Song et al., 2024). As a 057

result, the proposed approach preserves rich struc- 058

tural information while still benefiting from the 059

expressive power of learned representations. This 060

flexibility makes the framework applicable across 061

a wide range of code embedding models without 062

requiring retraining or architectural modifications. 063

Our contributions are threefold: (i) an optimal 064

bipartite module alignment framework for code-to- 065

code retrieval; (ii) the introduction of LongCCD, 066

a long-code retrieval dataset with a corpus-heavy 067

design to emphasize top-rank performance; and 068

(iii) extensive evaluation across diverse embedding 069

models, demonstrating consistent retrieval improve- 070

ments of up to approximately 15% in NDCG@1, 071

while preserving structural code semantics and en- 072

abling efficient module-level computation for ex- 073

pensive similarity metrics such as TSED. 074

2 Related Work 075

2.1 Code Similarity Computation 076

Code similarity and clone detection aim to identify 077

semantically or syntactically similar code snippets. 078

Traditional approaches often rely on syntax-based 079

metrics, token matching, or tree-based represen- 080
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Figure 1: Overview of the proposed LOMM framework

tations such as ASTs and program dependence081

graphs (Sneha et al., 2025). They tend to be compu-082

tationally expensive for large codebases (Fan et al.,083

2024) and may struggle to capture semantic equiva-084

lence when functionally equivalent programs differ085

significantly in structure.086

These challenges motivate us to investigate simi-087

larity measures that are both structurally-aware and088

computationally tractable.089

2.2 Code Search and Retrieval090

Code search and retrieval address the following091

problem: given a query code snippet, retrieve the092

most relevant code from a large corpus.093

Recent work leverages pretrained embeddings094

from LLMs to represent code as dense vec-095

tors (Feng et al., 2020). However, monolithic code096

embeddings often overlook fine-grained structural097

correspondences, limiting their effectiveness on098

long or modular code. This highlights the need099

for similarity computation methods that can exploit100

fine-grained correspondences of modules while re-101

maining computationally efficient at scale.102

3 Problem Definition103

Given two codes CA and CB , our goal is to com-104

pute a semantic similarity score Sim(CA, CB) ∈105

[0, 1]. Code often consists of two distinct structural106

components: (1) Order-agnostic modules (M): In-107

dependent units such as functions, classes, where108

the relative declaration order does not strictly al-109

ter the program’s functionality. (2) Order-sensitive110

statements (S): Sequential statements such as vari-111

able declarations where the execution order is se-112

mantically critical.113

We define the problem as finding an optimal114

alignment between the sets of modulesMA and115

MB while simultaneously comparing the ordered116

statements SA and SB , using a pre-trained LLM to117

bridge the syntactic gap. 118

4 Proposed Method 119

We propose an Length-Aware Optimal Module 120

Matching (LOMM) framework. This method de- 121

composes code into modular and sequential com- 122

ponents via AST parsing, computes local semantic 123

distances using LLM embeddings, and aggregates 124

these distances based on token-length weights to 125

ensure that longer, more information-dense mod- 126

ules contribute more to the final score. 127

4.1 Structural Decomposition and Grouping 128

First, we parse each code using tree-sitter to 129

extract the AST. Then, we categorize AST nodes 130

into two groups: 131

First, a module set M = {m1,m2, . . . ,mk} 132

contains independent definitions such as functions, 133

classes, and imports. These are grouped by their 134

node type (e.g., separate groups for methods and 135

classes). Second, a remainder sequence R is a sin- 136

gle concatenated string of all order-sensitive nodes 137

(e.g., identifier declaration, global variables) that 138

are not part of the module set. 139

For every component x, we obtain a vector rep- 140

resentation ex using an LLM. Simultaneously, we 141

calculate its token length |x| using the tokenizer. 142

The semantic distance between two components x 143

and y is defined as the cosine distance: 144

d(x, y) = 1− ex · ey
∥ex∥∥ey∥

. (1) 145

4.2 Length-Aware Optimal Module Bipartite 146

Matching (LOMM) Framework 147

For each module type (e.g., import_statement 148

in C++ and function_definition in C++ and 149

Python), we construct a bipartite graph between the 150

modules of CA and CB . Let MA = {a1, . . . , an} 151

and MB = {b1, . . . , bm} be the sets of modules of 152

a specific type. We define a cost matrix C ∈ Rn×m 153

where Cij = d(ai, bj). 154

We employ the Hungarian algorithm (Kuhn, 155

1955) to find the optimal assignment π that mini- 156

mizes the total distance. Unmatched modules are 157

treated as having a distance of 1.0 (maximum se- 158

mantic dissimilarity). 159

Unlike standard averaging, we weigh the contri- 160

bution of each matching based on the information 161

content, approximated by the sum of token lengths 162

of the involved components. The weighted distance 163
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contribution for the matched modules is:164

Dmodules =
∑

(i,j)∈π

d(ai, bj) · (|ai|+|bj |). (2)165

For any unmatched module u, the penalty is its166

full token length:167

Dunmatched =
∑

u∈unmatched

|u|. (3)168

The order-sensitive remainders RA and RB are169

compared directly as single units:170

Dremainder = d(RA, RB) · (|RA|+|RB|). (4)171

If one side lacks a remainder, it is treated as an172

unmatched component.173

4.3 Final Similarity Score174

The total weighted distance is the sum of modules,175

unmatched, and remainder distances. We normal-176

ize this by the total token count of both code snip-177

pets to obtain a normalized distance, which is then178

converted to a similarity score:179

(5)
Sim(CA, CB)

= 1−Dmodules +Dunmatched +Dremainder∑
x∈CA∪CB

L(x)

5 Experiments180

5.1 Datasets181

We employ two datasets that differ in programming182

language, code length, and structural complexity.183

• CodeTransOcean-DL: For python, we use184

CodeTransOcean-DL from the COIR bench-185

mark suite (Li et al., 2025).186

• LongCCD: For C++, we introduced our bench-187

mark LongCCD originated form CodeCon-188

test+ (Wang et al., 2025). LongCCD (short189

for Long Code Clone Detection) is designed190

to evaluate retrieval performance on long and191

structurally complex programs, where global192

embeddings often struggle to preserve fine-193

grained semantics.194

5.2 Evaluation Metrics195

We evaluate retrieval performance using Normal-196

ized Discounted Cumulative Gain (NDCG) at dif-197

ferent cutoff levels, depending on the benchmark.198

For LongCCD, we report NDCG@1 and199

NDCG@5. We emphasize NDCG@1 to assess200

whether the top-ranked result corresponds to the 201

most semantically appropriate match. Since dif- 202

ferent retrieval models exhibit different semantic 203

behaviors, focusing on the top-ranked result pro- 204

vides a clearer comparison of their ability to iden- 205

tify the single best candidate, rather than multiple 206

acceptable alternatives. NDCG@5 is additionally 207

reported to evaluate ranking stability beyond the 208

first position. 209

For CodeTransOcean-DL, we follow the eval- 210

uation protocol of the original COIR benchmark 211

and report NDCG@10. To ensure fair compari- 212

son and consistency with prior work, we adopt the 213

same evaluation metric while additionally reporting 214

NDCG@5 for finer-grained analysis. 215

5.3 Baseline Methods 216

We evaluate a diverse set of code embed- 217

ding models, including All-MiniLM-L6-v2, 218

GTE-Base (Zhang et al., 2024), BGE-Base (Xiao 219

et al., 2023), E5-Base (Wang et al., 2022b), 220

Contriever (Lei et al., 2023), bge-m3 (Chen et al., 221

2024), and OpenAI-text-embedding-3-large, 222

These models span a wide range of architec- 223

tures and training objectives, including general- 224

purpose text embeddings, code-specialized embed- 225

dings, and retrieval-optimized models. 226

We also employ the Tree Similarity of Edit Dis- 227

tance (TSED) (Song et al., 2024) as a baseline 228

method for computing the similarity of codes. 229

5.4 Results and Analysis 230

Table 1 presents code retrieval performance on 231

the proposed datasets CodeTransOcean-DL and 232

LongCCD. We compare monolithic code retrieval 233

baselines to those with the LOMM framework, 234

across multiple embedding models. 235

Effectiveness of LOMM Framework On both 236

CodeTransOcean-DL and LongCCD, Hungarian- 237

based aggregation consistently improves retrieval 238

accuracy over monolithic representations for most 239

embedding models. The improvements are particu- 240

larly pronounced in NDCG@5 and NDCG@10 on 241

CodeTransOcean-DL, indicating that decomposing 242

code into modular units and aggregating them via 243

bipartite matching enables more accurate structural 244

alignment. In contrast, monolithic embeddings of- 245

ten fail to capture correspondences between large 246

code snippets. 247

Model-Agnostic Improvement The perfor- 248

mance gains from LOMM are observed across 249
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Table 1: Code retrieval performance across datasets, embedding models, and similarity computation methods.

Model (param.) Method CodeTansOcean-DL LongCCD

NDCG@5 NDCG@10 Time (s) NDCG@1 NDCG@5 Time (s)

All-MiniLM (22M) Monolithic 17.61 27.94 46.14 30.00 19.59 45.00
LOMM 19.62 34.42 71.96 43.33 27.72 56.98

GTE-Base (110M) Monolithic 19.70 27.27 36.56 19.70 27.27 36.56
LOMM 20.06 35.04 57.61 46.67 28.62 72.90

BGE-Base (110M) Monolithic 14.61 22.84 30.41 26.67 16.77 51.11
LOMM 18.22 33.78 54.37 33.33 24.39 66.37

E5-Base (110M) Monolithic 13.48 22.06 48.96 36.67 25.78 50.96
LOMM 18.43 32.25 75.36 36.67 23.06 66.67

Contriever (110M) Monolithic 16.05 22.91 30.23 26.67 18.51 50.37
LOMM 18.80 33.48 53.30 43.33 26.59 66.77

BGE-M3 (567M) Monolithic 16.73 29.55 59.82 46.67 30.73 61.20
LOMM 18.97 34.31 85.11 60.00 36.56 87.74

OpenAI-text-embedding-3-large Monolithic 17.39 33.27 402.47 63.33 63.34 401.36
LOMM 18.51 33.67 572.47 66.67 44.37 1522.00

TSED Monolithic 21.41 35.90 11,611.57 33.33 34.89 30,744.15
LOMM 22.02 36.23 327.24 40.00 35.11 645.81

a wide range of embedding models, including250

lightweight models (e.g., All-MiniLM-L6-v2),251

mid-sized encoders (e.g., BGE-Base, E5-Base),252

and larger proprietary embeddings. This indicates253

that the LOMM framework is largely orthogonal254

to the choice of embedding model and functions as255

a complementary structural enhancement rather256

than a model-specific optimization.257

Notably, even models with strong monolithic258

performance on CodeTransOcean-DL benefit from259

Hungarian aggregation, suggesting that structural260

decomposition remains valuable despite improved261

embedding capacity.262

Computational Efficiency LOMM incurs addi-263

tional computational overhead due to pairwise mod-264

ule matching. When used with embedding-based265

models, the overhead mainly stems from comput-266

ing and aggregating module-level similarities, re-267

sulting in extra cost compared to monolithic em-268

beddings. Nevertheless, for most embedding-based269

models, the runtime increase is moderate and often270

justified by the observed retrieval accuracy gains.271

In contrast, for computationally expensive struc-272

tural metrics such as TSED with O(n3) complex-273

ity, LOMM can improve practical efficiency. By274

decomposing programs into smaller modules, it275

reduces the cost of individual similarity computa-276

tions, while enabling parallel execution and effec-277

tive caching across queries. As a result, LOMM278

can substantially reduce end-to-end runtime for279

TSED, acting as a computational accelerator rather280

than an overhead for high-cost similarity measures. 281

Summary In summary, results on both 282

CodeTransOcean-DL and LongCCD demonstrate 283

that LOMM provides a robust and model-agnostic 284

improvement for code retrieval. While LOMM 285

introduces modest overhead when paired with 286

embedding-based models, it can substantially 287

reduce runtime for expensive structural metrics 288

through decomposition, parallelization, and 289

caching. The gains are especially pronounced for 290

long and structurally complex code, validating the 291

effectiveness of the proposed approach beyond 292

monolithic embedding-based retrieval. 293

6 Conclusions 294

In this work, we proposed LOMM, an order- 295

agnostic, modular aggregation framework based 296

on optimal bipartite matching. By decomposing 297

code into semantically meaningful units and align- 298

ing them explicitly, our approach overcomes key 299

limitations of classical tree edit distance and mono- 300

lithic embedding-based retrieval. 301

Extensive experiments on CodeTransOcean-DL 302

and the newly introduced LongCCD dataset demon- 303

strate that LOMM consistently improves retrieval 304

accuracy across diverse embedding models. The 305

gains are particularly pronounced for long and 306

structurally complex code, where global represen- 307

tations often fail to capture semantics. 308
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Limitations309

While our proposed LOMM framework demon-310

strates significant improvements in retrieval accu-311

racy, specifically for long and complex code, it312

comes with certain limitations.313

First, the method introduces additional compu-314

tational overhead. The pairwise similarity calcula-315

tion between modules and the subsequent Hungar-316

ian matching algorithm (typically O(n3) complex-317

ity) increase inference latency. This computational318

cost can be a bottleneck for real-time retrieval ap-319

plications requiring millisecond-level responses on320

massive-scale corpora.321

Second, our approach relies on the availability322

and correctness of ASTs. The decomposition pro-323

cess assumes that the input code is syntactically324

valid. For code snippets with syntax errors, the325

method may fail to extract meaningful structural326

modules.327
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7 Appendix 423

A Algorithm Pseudocode 424

Algorithm 1 Length-Aware Optimal Module
Matching

Require: Code CA, CB , Embedding Model Φ
Ensure: Similarity Score S ∈ [0, 1]

1: Step 1: Parse and Embed
2: MA, RA ← TreeSitterParse(CA)
3: MB, RB ← TreeSitterParse(CB)
4: Compute embeddings e and lengths L for all

components in MA,MB, RA, RB using Φ.
5: Step 2: Initialize Variables
6: TotalDist← 0
7: TotalLen ←

∑
x∈MA∪RA

L(x) +∑
y∈MB∪RB

L(y)
8: Step 3: Process Modules (by type)
9: for each type T in Modules do

10: Get modules U = MA[T ], V = MB[T ]
11: Construct Cost Matrix Cij = d(Ui, Vj)
12: π ← HungarianAlgorithm(C)
13: for (i, j) ∈ π do
14: TotalDist← TotalDist +Cij × (L(Ui) +

L(Vj))
15: end for
16: for unmatched k ∈ U ∪ V do
17: TotalDist← TotalDist + 1.0× L(k)
18: end for
19: end for
20: Step 4: Process Remainder
21: if RA exists AND RB exists then
22: TotalDist ← TotalDist + d(RA, RB) ×

(L(RA) + L(RB))
23: else
24: TotalDist← TotalDist+

∑
r∈{RA,RB} L(r)

25: end if
26: Step 5: Normalize
27: return 1− (TotalDist/TotalLen)

A.1 LongCCD Dataset Construction and 425

Evaluation Rationale 426

LongCCD is constructed from the CodeCon- 427

tests+(Wang et al., 2025) by selecting C++ pro- 428

gramming problems whose solutions exhibit sub- 429

stantial length and structural complexity. Specifi- 430

cally, for each problem, we rank solutions by their 431

average code length and select problems whose 432

average solution length falls beyond the 800th per- 433

centile among all problems. This procedure ensures 434
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that LongCCD focuses on genuinely long programs435

rather than isolated functions or short snippets.436

For each query program, we include multiple437

semantically equivalent solutions as positive cor-438

pus items, along with both hard negatives and ran-439

dom negatives. Hard negatives are selected based440

on high Jaccard similarity to the query, making441

them difficult to distinguish without structural un-442

derstanding. This design encourages models to443

rely on semantic and structural cues rather than444

surface-level similarity.445

We adopt NDCG@1 as the primary evaluation446

metric for LongCCD. Unlike conventional retrieval447

settings where multiple acceptable results may448

exist, long-code retrieval often requires identify-449

ing the single most semantically aligned program.450

Moreover, different embedding models exhibit di-451

verse semantic behaviors, making top-ranked accu-452

racy a more reliable indicator than deeper-ranked453

metrics. NDCG@5 is additionally reported for454

completeness. Table 2 summarizes the statistics455

of the LongCCD (C++) dataset used in our experi-456

ments.457

Design Objective. A key design goal of458

LongCCD is to ensure that retrieval evaluation re-459

mains meaningful across diverse models with dif-460

ferent semantic biases. To this end, the dataset461

is constructed with a relatively small number of462

queries and a substantially larger corpus. This de-463

sign increases the diversity of plausible candidates,464

giving each model the opportunity to retrieve the465

result that best aligns with its own representation466

characteristics, rather than being constrained by a467

narrow candidate set.468

Evaluation Metric. Under this setting,469

NDCG@1 is adopted as the primary metric. When470

the corpus contains many semantically related471

candidates, evaluating only deeper-ranked results472

may obscure whether a model truly identifies473

its most appropriate match. By focusing on the474

top-ranked result, NDCG@1 provides a clearer475

and more discriminative signal of a model’s476

ability to select the best candidate among many477

alternatives. NDCG@5 is additionally reported to478

reflect broader retrieval behavior.479

A.2 Experimental Setup480

All experiments are conducted on a high-481

performance server equipped with Intel Xeon482

Gold 6348R+ CPUs, 4 × NVIDIA RTX A6000483

GPUs, and 1024 GB RAM. This configuration is484

Table 2: Statistics of the LongCCD (C++) dataset used
in our experiments.

Statistic Value

Total Queries 30
Total Corpus 390
Corpus per Query 10
Hard Negatives 60
Random Negatives 30

used for all embedding models that support or ben- 485

efit from GPU acceleration. 486

For embedding models that do not utilize GPUs, 487

including text-embedding-3-large, experiments are 488

conducted on a separate server equipped with In- 489

tel Xeon Gold 6240R+ CPUs and 4 × NVIDIA 490

A10 GPUs and 1024 GB RAM. Since these mod- 491

els perform inference exclusively on CPUs, GPU 492

availability does not affect their execution. 493

To ensure fairness and reproducibility, all ex- 494

periments using the same embedding model are 495

executed under identical hardware configurations. 496

Performance comparisons are therefore conducted 497

only across results obtained within the same execu- 498

tion environment. 499

A.3 Ablation Study 500

Table 4 reports an ablation study on LongCCD, 501

analyzing the impact of parallelization, caching, 502

and Hungarian matching. 503

The results in Table 4 demonstrate that applying 504

the Hungarian algorithm enables Tree Edit Dis- 505

tance (TED) to be computed at the module level 506

rather than on entire monolithic programs. By de- 507

composing code into reusable modules (e.g., func- 508

tions or classes), the overall computation is split 509

into multiple smaller subproblems, which signifi- 510

cantly reduces runtime. 511

Compared to the monolithic TSED baseline, 512

Hungarian-based decomposition reduces execution 513

time from 30,744 seconds to approximately 650 514

seconds, corresponding to a reduction of about 515

97.9%. Furthermore, module-level decomposi- 516

tion increases reusability across comparisons, espe- 517

cially when combined with caching. 518

Data Leakage Considerations. While we use 519

the CodeContest+ dataset, it is essentially iden- 520

tical to the original CodeContest dataset, which 521

means that several embedding models may have 522

been highly exposed to substantial portions of the 523

7



Table 3: Comparison of the average number of relevant code snippets per query and the average code length (in
characters) between queries and corpora across code-to-code retrieval datasets. LongCCD features significantly
longer code sequences than other datasets.

Dataset Language Avg. Query Len. Avg. Corpus Len.

CodeTransOcean-Contest (Yan et al., 2023) Python, C++ 367.80 522.78
CodeTransOcean-DL (Yan et al., 2023) Python 1867.62 1479.07
CodeSearchNet-ccr (Husain et al., 2020) Python 367.80 522.78

LongCCD C++ 4698.70 3980.15

Table 4: Ablation study on LongCCD analyzing the impact of module-level decomposition and Hungarian matching
on TSED efficiency. Hungarian-based aggregation enables module-wise TED computation, reducing execution time
by approximately 98% compared to the monolithic baseline, while improving retrieval accuracy and reusability.
Setting ’Parallelize’ includes debugging original TSED’s node naming errors.

Setting NDCG@1 NDCG@5 Time (s)

TSED (Baseline) 34.89 29.69 30744.15

TSED + Parallelization 40.00 32.40 1541.96
TSED + Parallelization + Hungarian Matching 40.00 35.11 645.81

data during pre-training. As a result, both datasets524

are susceptible to unusually high retrieval scores525

that are unlikely to reflect genuine generalization.526

To mitigate this potential data leakage issue, we527

exclude models that exhibit near-saturated perfor-528

mance on LongCCD or CodeContest+, as such re-529

sults are difficult to interpret as meaningful retrieval530

ability. This filtering is applied conservatively and531

only affects evaluations specific to these datasets;532

all models are still reported on CodeTransOcean-533

DL. Our primary conclusions regarding the effec-534

tiveness of Hungarian-based aggregation remain535

consistent across all datasets.536

B Discussion537

B.1 Why Hungarian Aggregation Works538

The observed performance gains can be attributed539

to the ability of Hungarian aggregation to align se-540

mantically corresponding code modules rather than541

entire code snippets. By decomposing code into542

modular units and performing bipartite matching,543

the proposed approach effectively relaxes strict one-544

to-one comparisons imposed by monolithic embed-545

dings. This is particularly important for long code,546

where irrelevant or auxiliary components may oth-547

erwise dominate global representations.548

B.2 Model-Agnostic Structural Benefits549

An important observation is that Hungarian ag-550

gregation improves performance across a wide551

range of embedding models, from lightweight 552

open-source encoders to large proprietary embed- 553

dings. This indicates that the proposed method acts 554

as a structural enhancement that is largely orthogo- 555

nal to embedding quality. Even strong embedding 556

models benefit from module-level aggregation, sug- 557

gesting that structural alignment remains valuable 558

despite increased model capacity. 559

B.3 Data Leakage Considerations 560

Several recent large-scale embedding models 561

achieve near-saturated performance on LongCCD 562

when used in a monolithic setting. Given that 563

LongCCD is constructed from legacy code con- 564

test problems released more than three years ago, 565

such results may reflect potential overlap with pre- 566

training data rather than genuine retrieval capability. 567

To ensure meaningful comparison, we conserva- 568

tively exclude models whose performance is diffi- 569

cult to interpret due to possible data leakage. Im- 570

portantly, the relative effectiveness of Hungarian- 571

based aggregation remains consistent across re- 572

tained models. 573

B.4 Efficiency Trade-offs 574

Hungarian aggregation introduces additional com- 575

putational overhead due to pairwise module match- 576

ing. However, the runtime increase is moderate 577

for most open-source models and is often justified 578

by substantial improvements in retrieval accuracy. 579
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Table 5: Mapping strategies for AST decomposition across languages. We retain major structural components
(e.g., functions, classes) as distinct module groups, while merging granular variants (e.g., specific import types or
preprocessor directives) into unified groups to facilitate robust alignment.

Language Tree-sitter Node Type Mapped Module Group

C++

function_definition function_definition
class_specifier class_specifier
struct_specifier struct_specifier
enum_specifier enum_specifier

preproc_* preproc_directive

Python

function_definition function_definition
class_definition class_definition

import_statement
import_statementimport_from_statement

future_import_statement

Moreover, similarity-based Hungarian aggregation580

typically incurs comparable runtime to random581

matching, indicating that improved alignment qual-582

ity does not significantly increase computational583

cost.584
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