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Abstract

Binary code analysis is essential for software security across
various instruction set architectures. Cross-architecture bi-
nary function similarity detection faces significant challenges
due to substantial differences in instruction sets and archi-
tectural conventions. Existing approaches struggle to cap-
ture relationships between code abstraction levels and lack
comprehensive cross-architecture datasets for effective eval-
uation. Inspired by human cognitive processes of dynam-
ically integrating multi-level information, we propose Bi-
nary Dynamic Layer Fusion (BDLF), a novel neural ar-
chitecture that enhances cross-architecture similarity detec-
tion through adaptive layer-wise feature integration. BDLF
leverages Qwen3’s multilingual code understanding and in-
troduces dynamic weight generation to optimally combine
representations from all previous layers. We also construct
Cross-Bin, a high-quality cross-architecture binary function
dataset. BDLF-Qwen3 employs two-stage training: partial
fine-tuning with pairwise similarity learning followed by
BDLF enhancement with InfoNCE contrastive learning. Ex-
periments demonstrate BDLF-Qwen3 significantly outper-
forms state-of-the-art methods, achieving 36-65% improve-
ment in Recall@10 across diverse CPU architectures.

1 Introduction

Binary code analysis plays a critical role in modern cyber-
security, enabling tasks such as malware detection, vulnera-
bility discovery, and intellectual property protection (David,
Partush, and Yahav 2017; Xu et al. 2017). Modern soft-
ware ecosystems routinely deploy applications across di-
verse instruction set architectures (ISAs), including x86,
ARM, MIPS, and other platforms. This architectural diver-
sity has reached unprecedented scale, with IoT deployments
alone totaling 18.8 billion connected devices globally (IoT
Business News 2024), creating complex mixed-architecture
environments spanning x86 servers, ARM mobile devices,
and MIPS network infrastructure.

Recent supply chain attacks highlight the critical secu-
rity implications of this complexity. The SolarWinds attack
demonstrates the need for cross-architecture analysis, as the
18,000+ affected customers operated mixed environments
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spanning Windows, Linux, and mobile platforms, while
supply chain attacks such as Applied Materials resulted
in $250 million losses across multiple processor architec-
tures(Kalapatapu 2025). Without cross-architecture binary
similarity detection, security teams cannot effectively corre-
late attacks against x86 development systems with compro-
mises of ARM-based embedded devices, significantly ex-
tending breach detection and remediation times.

Cross-architecture binary function similarity detection
has emerged as a fundamental problem in this do-
main (Pewny et al. 2015; Zuo et al. 2018). The core chal-
lenge lies in bridging the semantic gap between architec-
turally distinct binary representations while preserving the
essential functional characteristics that define code sim-
ilarity. Existing approaches primarily rely on static fea-
ture extraction methods, including control flow graphs
(CFGs) (Feng et al. 2016), intermediate representations
(IRs) (David, Partush, and Yahav 2016), and traditional neu-
ral embeddings (Ding, Fung, and Charland 2019). However,
these methods struggle with several fundamental limitations:
(1) they fail to capture dynamic semantic relationships be-
tween different abstraction levels of code representation, (2)
they often overlook the complementary information avail-
able across architectural boundaries, and (3) they lack the
adaptive capability to optimally integrate multi-level fea-
tures based on specific similarity detection contexts.

Recent advancement in natural language processing, par-
ticularly large language models (LLMs), has demonstrated
remarkable capabilities in understanding code semantics
across different programming languages (Chen et al. 2021;
Wang et al. 2023). The emergence of multilingual code mod-
els like Qwen3 (Yang et al. 2025) presents new opportuni-
ties for cross-architecture binary analysis. However, directly
applying these models to binary code analysis faces signifi-
cant challenges due to the fundamental differences between
high-level source code and low-level assembly instructions,
as well as the need for architecture-specific adaptations.

Inspired by human cognitive processes that dynamically
integrate information from multiple abstraction levels when
analyzing code, we propose Binary Dynamic Layer Fusion
(BDLF), a novel neural architecture that enhances cross-
architecture binary function similarity detection through
adaptive layer-wise feature integration. As illustrated in Fig-
ure 1, our comprehensive framework addresses the limi-
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Figure 1: Overview of BDLF-Qwen3. The Ghidra pipeline constructs the Cross-Bin dataset, followed by two-stage training:
Stage 1 pairwise similarity fine-tuning and Stage 2 BDLF enhancement via InfoNCE contrastive learning.

tations of existing static methods by introducing dynamic
weight generation mechanisms that optimally combine rep-
resentations from all transformer layers based on the specific
characteristics of input binary functions.

The key insight underlying our approach is that different
transformer layers capture different code semantics, from
low-level syntactic patterns in the early layers to high-level
semantic abstractions in deeper layers (Goldberg 2016).
Rather than using only final layer representations, BDLF
dynamically weights and fuses features from all layers,
adaptively emphasizing the most relevant semantic levels
for each task. Our framework processes binary collections
through Ghidra’s analysis pipeline to construct the Cross-
Bin dataset, followed by a two-stage training that progres-
sively builds cross-architecture understanding.

Our contributions are summarized as follows:

¢ We build Cross-Bin, a comprehensive cross-architecture
binary function dataset containing 547,000 unique func-
tions across six major instruction set architectures with
156,000 semantically equivalent function groups. Our
automated pipeline leverages Ghidra’s enhanced cross-
reference (Xref) processing and DeepSeek-V3 for high-
quality semantic annotations.

* We propose BDLF, a novel neural architecture that
dynamically integrates multi-layer transformer repre-
sentations for enhanced cross-architecture binary func-
tion similarity detection. To our knowledge, this is the
first work to introduce BDLF mechanisms on Qwen3-
Embedding for cross-architecture binary analysis, estab-
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lishing a new training framework that combines pairwise
similarity learning with contrastive optimization.

* We propose a two-stage training framework that en-
hances the detection of similarity between architec-
ture binary functions. Our comprehensive experimen-
tal evaluation demonstrates that this two-stage approach
achieves superior performance, with BDLF-Qwen3 out-
performing state-of-the-art methods by 36-65% in Re-
call@10 across large-scale cross-architecture scenarios
and maintaining robust zero-shot generalization capabil-
ities on unseen RISC-V architecture.

2 Related Work
2.1 Binary Code Similarity Detection

Binary code similarity detection (BCSD) addresses the fun-
damental challenge of identifying functionally equivalent
code across different ISAs, compilation settings, and op-
timization levels (Li, Qu, and Yin 2021; Huang, Youssef,
and Debbabi 2017; Kim et al. 2022). Traditional ap-
proaches employed static analysis techniques such as CFGs
and hand-crafted features (Flake 2004; Dullien and Rolles
2005), while early cross-architecture solutions like Multi-
MH (Pewny et al. 2015), Esh (David and Yahav 2014), and
discovRE (Eschweiler et al. 2016) relied on intermediate
representations and graph matching algorithms (Feng et al.
2016; Xu et al. 2017).

Recent neural approaches have demonstrated significant
potential for cross-architecture analysis (Massarelli et al.



2019; Liu et al. 2018; Feng et al. 2020; Hu et al. 2016;
Wang et al. 2024). Methods like TREX (Pei et al. 2020),
jTrans (Wang et al. 2022), and BinDiffNN (Ullah and Oh
2021) address the BCSD problem through transfer learning,
transformer architectures, and neural program embeddings
respectively. Graph-based neural networks including HBin-
Sim (Wang et al. 2021), GMN (Li et al. 2019), and Order
Matters (Yu et al. 2020) have advanced the field through
hierarchical matching networks and semantic-aware graph
representations.

2.2 Multi-Stage Training and Feature Fusion

Multi-stage training has emerged as a powerful paradigm for
developing robust representation learning models, particu-
larly in embedding and similarity detection tasks (Yu et al.
2024). In text embedding, the GTE series (Li et al. 2023)
demonstrates the effectiveness of progressive contrastive
learning that combines large-scale unsupervised pre-training
with supervised fine-tuning for enhanced generalization.
The BGE family (Xiao et al. 2024) further advances multi-
stage approaches through unified training across dense,
sparse, and multi-vector representations. Recent work has
extended multi-stage paradigms to foundation model adap-
tation, with Qwen3-Embedding (Zhang et al. 2025) imple-
menting sophisticated three-stage pipelines that effectively
balance model generalization and task-specific performance.

Feature fusion strategies have evolved from simple con-
catenation to sophisticated attention-based mechanisms and
dynamic weighting schemes (Lahat, Adali, and Jutten 2015;
Atrey et al. 2010). Multi-scale feature fusion through pyra-
mid networks (Lin et al. 2017) and progressive alignment
methods (Zhao et al. 2017) have achieved significant im-
provements across various domains (Liu et al. 2022; Doso-
vitskiy et al. 2020). However, existing approaches typically
employ static fusion strategies that lack the adaptivity re-
quired for complex cross-architectural scenarios, where op-
timal feature combinations may vary significantly based on
the specific instruction sets, compilation settings, and se-
mantic contexts.

3 Method

In this section, we provide a detailed introduction of BDLF-
Qwen3 framework, including the Cross-Bin dataset and
training pipeline for effective cross-architecture binary func-
tion similarity detection through Binary Dynamic Layer Fu-
sion.

3.1 Dataset Engine of Cross-Bin

Recent advances in foundation model training have demon-
strated that data quality and diversity are more critical than
sheer quantity (Seawead et al. 2025). Following this princi-
ple, we build Cross-Bin (Figure 2), a comprehensive cross-
architecture binary function dataset specifically designed for
multi-modal similarity detection across diverse instruction
set architectures. Rather than pursuing maximum scale, we
prioritize careful curation of high-quality, semantically-rich
binary functions that capture the full spectrum of real-world
code patterns.
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Our collection strategy encompasses three complemen-
tary approaches ensuring comprehensive architectural cov-
erage across six major ISAs (x86-32/64, ARM32/64 and
MIPS32/64). We systematically collect real-world ap-
plications, cross-compiled open source software, and
security-critical samples following established research
practices (Luo et al. 2023; Kim et al. 2022).
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Figure 2: Cross-Bin dataset construction pipeline.

XRef-Enhanced Quality Improvement. Our automated
pipeline leverages Ghidra’s binary analysis capabilities with
DeepSeek-V3 (Liu et al. 2024; Eagle and Nance 2020)
for comprehensive semantic annotation. For each function,
Ghidra extracts assembly instructions, pseudo-code repre-
sentations, and cross-reference information, including func-
tion calls, data references, and control dependencies. Our
XRef analysis module resolves indirect calls to actual func-
tion names, replaces raw memory addresses with meaning-
ful symbols, and provides context-aware parameter type in-
ference. This process transforms low-quality pseudo-code
with cryptic addresses into readable code with resolved sym-
bols and inferred types, enabling more accurate semantic un-
derstanding.

Semantic Annotation Generation. DeepSeek-V3 gen-
erates natural language descriptions and parameter an-
notations using the XRef-enhanced representations. Our
prompts leverage both pseudo code details and high-level
semantic context from cross-reference analysis, enabling
architecturally-neutral semantic understanding while pre-
serving architecture-specific implementation details. Cross-
Bin contains 547,000 unique functions across six architec-
tures with 156,000 semantically-equivalent function groups.
Quality assurance includes automated consistency checking
and expert validation of cross-architecture equivalence.

3.2 BDLF-Qwen3 Architecture

We present BDLF, a novel method for cross-architecture
binary function similarity detection. Our approach dynam-
ically integrates multi-layer representations from Qwen3-
Embedding-0.6B(Yang et al. 2025) to capture hierarchical
semantic features across different instruction set architec-
tures.



Problem Formulation. Given a set of binary functions
F = {f1, f2, ..., fn} compiled for different architectures
{a1,as,...,amn}, our goal is to learn an embedding
function ¢ : F x A — R such that semantically equivalent
functions have similar representations regardless of their tar-
get architecture.

Base Representation. For a binary function f with archi-
tecture a, we first extract its textual representation xs (as-
sembly and pseudo-code) and compute the base embedding:

hy = Qwen3(zs) + - e, e

where e, € R? is a learnable architecture embedding and
« is a scaling factor.

Dynamic Layer Fusion and Aggregation. The core of
BDLF is a dynamic fusion mechanism that adaptively com-
bines representations from multiple layers. For layer [ €
{1,..., L}, we compute:

w; = softmax(W,o0(Wjrh;_1)) 2)

where w; € R! represents the attention weights over all
previous layers. The layer update is then:

-1
h; =LN (Z wz(z)hi + WfU(Wthz—l)) (3)
i=0

Unlike static approaches, our dynamic weights w; are
computed based on the current hidden state, allowing the
model to adaptively select relevant information from differ-
ent semantic levels.

After processing through L BDLF layers, we obtain a set
of layer representations H = {hg,hy,....hy}. To effec-
tively capture multi-scale semantic information, we employ
self-attention and the final embedding is obtained through
pooling and projection.

3.3 Training Strategy

We employ a two-stage training strategy that progressively
builds cross-architecture understanding. The complete pro-
cedure is summarized in Algorithm 1.

Stage 1: Base Model Fine-tuning. In the first stage,
we partially fine-tune Qwen3-Embedding using pair-
wise similarity regression on function pairs. Given pairs

{2, 2y} B [0, 1] indicates similarity:

) ’L

. where y; €

(1) @
Z || cos(e; ', e )

Stage 2: BDLF Enhancement. The second stage intro-
duces BDLF layers and optimizes using InfoNCE loss. For
anchor x; with group g;:

yill® )
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Algorithm 1: BDLF-Qwen3 Training Procedure

Require: Dataset D, Model My,., Hyperparameters ©
Ensure: Trained BDLF model Mgpr

1: // Stage 1: Base Model Training

2: Initialize My, < Qwen3-Embedding-0.6B

3: for epoch e = 1to E; do

4:  for batch B € Dpyirs do

S: L+ Estagel (Mbase(B))

6: Update My, via gradient descent
7 end for

8: end for

9: // Stage 2: BDLF Enhancement
10: Initialize BDLF layers on M.
11: for epoch e = 1to E5 do

12:  for batch B € Dyroups do

13: hy + Mbase(B) + Eucn

14: for layer [ = 1to L do

15: w; < DynamicWeights(h;_ 1)

16: h; + BDLFLayer(h;_1, {h; }l 0,vvl)
17: end for

18: f < MultiGranularityAggregation({h; }~_,)
19: L+ Lepr({fi}, {g:})

20: Update model via gradient descent

21:  end for

22: end for

23: return MgpLr

Through this two-stage training process, BDLF-Qwen3
first establishes a solid foundation in binary code under-
standing via pairwise similarity learning, then enhances its
cross-architecture capabilities through dynamic layer fusion.

4 Experiments

We evaluate BDLF-Qwen3 on both function and instruction-
level similarity tasks across diverse architectures. Extensive
experiments demonstrate the superiority of our multi-stage
training and dynamic layer fusion strategy.

4.1 Experimental Details

Experiments are performed on a machine equipped with
Ubuntu 20.04 LTS. The machine has an Intel CPU (Intel(R)
Xeon(R) Gold 6248R CPU @ 3.00GHz), four NVIDIA
GPUs (A100 PCIE) and 754GB RAM, and is installed with
LLVM 12.0.1, GCC 7.5.0, libipt 2.0.0 (commit 892e12c5),
Ghidra 11.3.2, and Python 3.12.4. Python is equipped with
transformers 4.2.9, gensim 4.3.2 and PyTorch 2.4.1.
BDLF-Qwen3 is implemented on the Qwen3-
Embedding-0.6B foundation using the Cross-Bin dataset,
which is partitioned into a training set of 437,613 functions
(2,184 binaries) and a test set of 109,387 functions (546
binaries). The training employs a two-stage process: Stage
1 consists of partial fine-tuning with pairwise similarity
learning for 1 epoch at a 3 x 10~5 peak learning rate, uti-
lizing a progressive strategy that advances from sequences
under 512 tokens to a 2:1 mixture of 0-512 and 512-1024
token-length data. Stage 2 introduces BDLF layers opti-
mized with InfoNCE loss for 2 epochs using a 1.5 x 1075
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Figure 3: Cross-architecture binary similarity detection performance across different poolsizes. The top row shows Recall@ 10
results and the bottom row shows MRR results for three cross-architecture scenarios.

learning rate and temperature 7 = 0.07. Dynamic weights
for the fusion mechanism are generated by a 2-layer MLP
with ReLU activation and a 0.1 dropout rate, using a batch
size of 32.

4.2 Experimental Results

Binary Similarity Detection Performance. We evalu-
ate the cross-architecture binary similarity detection perfor-
mance of our proposed BDLF-Qwen3 model against six
state-of-the-art baselines: UnixCoder, CeBin, GraphCode-
BERT, CodeBERT, GMN, and SAFE. The experiments are
conducted across three distinct cross-architecture scenarios:
x86—ARM, ARM—MIPS, and MIPS—x86. To compre-
hensively assess the scalability and robustness of each ap-
proach, we evaluate performance across varying poolsizes
ranging from 16 to 10,000 functions.

The experimental results, detailed in Figure 3, demon-
strate that BDLF-Qwen3 superiorly outperforms all baseline
models across all evaluated configurations. For small pool
sizes (16-32), BDLF-Qwen3 achieves Recall@10 scores
consistently above 0.900, maintaining a 2.1%—4.3% lead
over the strongest baseline. As the database scales, the per-
formance advantage of our model becomes significantly
more pronounced. At the largest pool size of 10,000, BDLF-
Qwen3 retains a robust Recall@ 10 of up to 0.383, whereas
the performance of baselines like SAFE and GMN degrades
sharply to below 0.050. Specifically, in the x86—ARM sce-
nario with a 10,000 pool size, BDLF-Qwen3 achieves a
Recall@10 of 0.383 and an MRR of 0.293, representing a

1226

substantial improvement over UnixCoder (0.284 Recall@10
and 0.151 MRR). This sustained performance across large-
scale databases underscores the robust semantic capturing
capabilities of our LLM-based approach compared to tradi-
tional GNN or static embedding-based methods.

Semantic Consistency Analysis. To evaluate the quality
of learned representations, we conduct a semantic consis-
tency analysis using t-SNE visualization. We collect 500 bi-
nary functions across 10 semantic categories: networking,
mathematics, encryption, sorting, search, authentication, file
management, audio, graphics, and time operations (50 func-
tions per category).

Figure 4 presents the t-SNE visualizations for all eval-
uated models, revealing significant differences in seman-
tic understanding capabilities. Traditional methods like
Trex exhibit poor semantic consistency with heavily over-
lapped embeddings and no discernible clustering patterns,
while GraphCodeBERT and CeBin show marginal improve-
ments with loose clusters for certain categories. UnixCoder
achieves better semantic separation with more distinct clus-
tering patterns. Our BDLF-Qwen3 model demonstrates dra-
matically superior semantic consistency, revealing well-
separated, compact clusters for each semantic category with
minimal inter-cluster overlap. Quantitative assessment us-
ing silhouette coefficients confirms this observation: BDLF-
Qwen3 achieves a score of 0.72, significantly outperforming
UnixCoder (0.45), CeBin (0.31), GraphCodeBERT (0.18),
and Trex (0.09). This superior semantic understanding en-
ables our model to focus on high-level algorithmic patterns



rather than low-level architectural artifacts.

Zero-Shot New Architecture Generalization. To eval-
uate the generalization capability of our model to com-
pletely unseen architectures, we conduct a zero-shot
evaluation on RISC-V architecture. We compile 1000
binary functions using RISC-V 64-bit GCC toolchain
(riscv64-linux—gnu—gcc). The models trained on
x86/ARM/MIPS architectures are directly applied to RISC-
V binaries without any parameter updates or fine-tuning.

We evaluate zero-shot performance on cross-architecture
search where RISC-V functions serve as queries to search in
x86/ARM/MIPS databases. For this challenging task, we use
a poolsize of 1000 functions to assess how well the models
can match RISC-V binaries against functions compiled for
completely different architectures.

Models Recall@1l Recall@10 MRR
SAFE 0.02 0.06 0.04
GMN 0.03 0.09 0.06
GraphCodeBERT 0.12 0.24 0.17
CeBin 0.15 0.32 0.21
UnixCoder 0.18 0.38 0.27
BDLF-Qwen3 0.41 0.58 0.45

Table 1: Zero-shot cross-architecture search performance on
RISC-V (Poolsize=1000)

Table 1 presents the zero-shot search performance when
RISC-V functions are used as queries. Despite never en-
countering RISC-V architecture during training, BDLF-
Qwen3 demonstrates remarkable generalization capability,
achieving Recall@10 of 0.58 and Recall@1 of 0.41 for pool-
size of 1000. This represents a 53% improvement in Re-
call@10 and 128% improvement in Recall@1 over Unix-
Coder, the second-best performing model. The MRR score
of 0.45 further confirms BDLF-Qwen3’s ability to rank cor-
rect matches highly, outperforming UnixCoder by 67%. Tra-
ditional approaches like SAFE and GMN show severe per-
formance degradation with Recall@ 10 below 0.10, confirm-
ing their heavy reliance on architecture-specific patterns and
inability to generalize to unseen instruction sets.

Cross-Bin Dataset Quality Validation. To validate the
quality of the Cross-Bin dataset and the effectiveness of our
dataset engine pipeline, we conduct comprehensive qual-
ity assessment experiments focusing on annotation accuracy
and data efficiency.

Human Evaluation. We randomly sample 1,000 func-
tions from Cross-Bin and have two security experts in-
dependently evaluate the quality of semantic annotations.
The experts assess: (1) accuracy of function descriptions,
(2) correctness of parameter type inference, and (3) cross-
architecture semantic consistency. Table 2 presents the eval-
uation results with Cohen’s Kappa (x) coefficient measuring
inter-annotator agreement (Warrens 2015).

The evaluation demonstrates high annotation quality with
strong inter-annotator agreement. The Cohen’s Kappa val-
ues indicate substantial to almost perfect agreement across
all criteria (k > 0.7), with cross-architecture consistency
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Evaluation Criteria Expert1 Expert2 Cohen’s Kappa

Function Description 91.2% 93.5% 0.82
Parameter Inference 86.8% 88.4% 0.73
Cross-Arch Consistency ~ 93.7% 94.8% 0.86
Average Score 90.6% 92.2% 0.80

Table 2: Human evaluation results on Cross-Bin annotations

achieving the highest agreement (x = 0.86). The relatively
lower but still substantial agreement on parameter infer-
ence (k = 0.73) is expected given the inherent ambiguity in
type recovery from binary code. The overall Cohen’s Kappa
of 0.80 confirms that our dataset engine pipeline produces
reliable and consistent labels suitable for training cross-
architecture models.

Impact of XRef. To directly demonstrate the effective-
ness of XRef enhancement, we train BDLF-Qwen3 on
Cross-Bin with and without XRef-enhanced information.
We evaluate both configurations on the challenging large-
scale scenario (poolsize=10,000) where reference recovery
quality becomes critical. Table 3 reveals that XRef enhance-
ment yields substantial performance gains, with Recall@10
improving by 11.4% and MRR by 10.2%. These improve-
ments are particularly significant in large-scale scenarios
where resolving cryptic addresses to meaningful symbols
becomes crucial for distinguishing among thousands of can-
didate functions.

Configuration Recall@10 MRR
Cross-Bin w/o XRef 0.335 0.263
Cross-Bin w/ XRef 0.378 0.293
Performance Gain +11.4% +10.2%

Table 3: Performance comparison with and without XRef
enhancement (Poolsize=10,000)

Cross-Architecture Vulnerability Discovery. To vali-
date BDLF-Qwen3’s practical security applications, we use
1,200 binary functions across four CWE types: CWE-
119 (Buffer Overflow), CWE-120 (Buffer Copy), CWE-416
(Use After Free), and CWE-476 (NULL Pointer Derefer-
ence). Each category contains 300 functions compiled from
identical source code across x86-64, ARM64, and MIPS64
with optimization levels -OO0 to -O2.

Method CWE-119 CWE-120 CWE-416 CWE-476 | Avg
UnixCoder 0.68 0.71 0.74 0.69 0.705
BDLF-Qwen3 0.94 0.92 0.97 0.95 0.945

Table 4: Cross-Architecture Vulnerability Detection Perfor-
mance (Recall@10)

The evaluation follows a query-database paradigm where
vulnerable functions from one architecture query semanti-
cally equivalent functions in other architectures, simulat-
ing real-world vulnerability discovery across heterogeneous
deployments. Table 4 shows BDLF-Qwen3 achieves sub-
stantial 29-38% improvements over UnixCoder, with ex-
ceptional performance on memory-related vulnerabilities



BDLF-Qwen3

|

encryption
I sorting

I networking
EE math

Bl search
[0 authentication

Bl file management
E audio

graphics
Il time

Figure 4: t-SNE visualization of semantic consistency across different models. Each point represents a binary function colored
by its semantic category. BDLF-Qwen3 shows clear semantic clustering with well-separated categories.

(CWE-416: 0.97, CWE-119: 0.94).

Ablation Study. To validate the effectiveness of key com-
ponents in BDLF-Qwen3, we conduct ablation studies fo-
cusing on the dynamic layer fusion mechanism and training
strategies.

Dynamic Weight Generation. We first investigate the
importance of dynamic weight generation by comparing
it against static alternatives. Table 5 shows the perfor-
mance comparison using different weight generation strate-
gies on the challenging poolsize=1,000 scenario. The dy-
namic weights achieve 13.6% higher Recall@10 than fixed
uniform weights (0.67 vs 0.59), confirming that input-
dependent layer fusion is essential for effective cross-
architecture representation.

Weight Strategy Recall@10 MRR
Fixed Uniform Weights 0.59 0.47
Learned Static Weights 0.60 0.48
Dynamic Weights (BDLF) 0.67 0.53

Table 5: Ablation study on weight generation strategies
(Poolsize=1,000)

Training Strategy Comparison Across Base Models.
We investigate the effectiveness of our two-stage training
approach by comparing it against single-stage alternatives
across different base models. Table 6 shows the performance
comparison using ranking-focused metrics on the challeng-
ing poolsize=1,000. NDCG@10 evaluates position-aware
ranking quality crucial for analysts examining top results,
while MAP assesses performance across all semantically
equivalent functions when single source functions corre-
spond to multiple binary variants across architectures.

The results demonstrate that our two-stage approach
outperforms single-stage alternatives. Stage 2 only per-
forms significantly worse with NDCG@ 10 drops of 32.3%,
11.4%, and 13.8% respectively, as base models lack binary-
specific understanding needed for effective dynamic fusion.
Stage 1 only achieves reasonable performance but shows
NDCG@10 improvements of 29.0%, 15.9%, and 12.1%
when adding Stage 2, highlighting the necessity of combin-
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Base Model Training Strategy NDCG@10 MAP
Stage 1 Only (Fine-tuning) 0.31 0.18
GraphCodeBERT Stage 2 Only (BDLF) 0.21 0.13
Two-stage (Ours) 0.40 0.25
Stage 1 Only (Fine-tuning) 0.44 0.27
UnixCoder Stage 2 Only (BDLF) 0.39 0.21
Two-stage (Ours) 0.51 0.31
Stage 1 Only (Fine-tuning) 0.58 0.43
Qwen3-Embedding  Stage 2 Only (BDLF) 0.50 0.37
Two-stage (Ours) 0.65 0.49

Table 6: Training strategy comparison across different base
models (Poolsize=1,000)

ing foundational learning with dynamic feature aggregation.

5 Conclusion

We presented BDLF, a neural architecture that adaptively
integrates multi-layer transformer representations for cross-
architecture binary similarity detection. Our key contribu-
tions include: (1) Cross-Bin, an XRef-enhanced dataset
of 547,000 functions annotated via DeepSeek-V3; (2) the
BDLF mechanism for dynamic layer-wise feature fusion;
and (3) a two-stage training framework. BDLF-Qwen3
outperforms state-of-the-art methods by 36-65% in large-
scale scenarios and demonstrates robust zero-shot general-
ization to RISC-V. Future work will focus on efficient large-
scale indexing and integration with professional reverse en-
gineering suites to enhance practical security analysis in het-
erogeneous environments.

6 Limitation

Despite its performance, BDLF-Qwen3 faces several limita-
tions. First, dataset bias exists as Cross-Bin predominantly
features open-source software, potentially lacking represen-
tativeness for proprietary code or malware with anti-analysis
protections. Second, the model faces scalability challenges:
performance drops as the database scales (Recall@10 from
0.905 to 0.383 at 10k pool size), and the BDLF mechanism’s
linear memory scaling with layer count imposes computa-
tional overhead. Industrial deployment at a million-function
scale would require further advances in efficient indexing
and model compression.
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