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LENA: Llama-based Embeddings of Neutralized
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Abstract—Binary code similarity detection (BCSD) is funda-
mental to software security, yet remains challenging under cross-
compiler and cross-optimization settings. Existing methods often
rely on contrastive objectives that are sensitive to false negatives,
while recent alternatives may learn redundant embeddings that
limit fine-grained discrimination. In this paper, we present LENA,
a BCSD framework that adapts a Llama backbone through an
optimization-translation task and trains a lightweight projector
using a hybrid objective that combines contrastive learning with
variance and covariance regularization. Experiments on x86-
64 benchmarks show that LENA outperforms state-of-the-art
baselines, improving average Recall@1 by 10.45% on GCC,
5.36% on Clang, and 8.55% in cross-compiler settings, while
also improving average R-Precision in vulnerability detection. We
further provide a supporting tie-aware evaluation analysis and
introduce Tie-sensitive Reciprocal Rank (TsRR), which provides
deterministic reciprocal-rank-based reporting when tied similar-
ity scores occur and reduces ambiguity in BCSD evaluation.

Index Terms—Binary code similarity detection, self-supervised
learning, assembly code embeddings, compiler-induced varia-
tions, tied similarity scores, vulnerability detection.

I. INTRODUCTION

B INARY Code Similarity Detection (BCSD) refers to
the process of comparing the binary representations of

functions, typically compiled into machine or assembly code,
to determine whether they perform the same or very simi-
lar operations. In this context, two functions are considered
similar if they exhibit equivalent functional behavior, i.e.,
they implement comparable logic or computational tasks, even
if their low-level code differs due to variations in compila-
tion parameters or instruction set conventions. BCSD tools
are critical for reverse engineers across multiple domains
in computer security and software engineering. They help
detect reused code (including potential intellectual property
violations) [1], [2], identify known-vulnerable functions [3],
[4], [5], and support malware analysis by revealing similarities
among malicious binaries [6], [7], [8].

In real-world settings, however, the same source-level func-
tionality can yield widely different binary representations. Dis-
tinct compilers (e.g., GCC vs. Clang) employ different instruc-
tion selection, register allocation, and control-flow structuring
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strategies, while optimization levels (O0–O3) apply transfor-
mations such as inlining, loop unrolling, constant folding,
and dead code elimination [9]. As a result, even semantically
identical functions may differ dramatically in syntax and struc-
ture. While some state-of-the-art (SOTA) BCSD approaches
perform well under controlled conditions, they often degrade
significantly in realistic cross-compiler and cross-optimization
scenarios, particularly when applied to large search spaces
where the combinatorial explosion of variants increases the
difficulty of retrieval [3], [4], [5].

Recent methods increasingly employ contrastive learning to
train function embeddings that abstract away compiler-induced
variability. In these frameworks, positive pairs are formed
from functions known to share semantics (e.g., compiled from
the same source), while negative pairs are assumed to be
dissimilar. Prior approaches to this challenge generally fall
into two categories of contrastive learning. The first utilizes
conventional contrastive objectives, such as triplet or margin-
based losses (e.g., Trex [10], jTrans [11]), to capture semantic
features and control-flow patterns. However, these conven-
tional methods are highly sensitive to negative sample quality
and are particularly vulnerable to false negatives—samples
that are semantically similar but treated as dissimilar during
training [12], [13], [14]. This issue is severe in BCSD,
where partial code reuse, identical helper functions, and minor
compiler variations frequently produce semantically related
binaries that lack explicit positive labels.

To mitigate the impact of false negatives, more recent
methods like BinCola [15] and CLAP [16] have adopted batch-
objective styles, such as InfoNCE [17] or NT-Xent [18]. By
contrasting each sample against a large batch of negatives
simultaneously, these approaches distribute and dilute the
penalty of any single false negative. Nevertheless, while large-
batch objectives improve robustness against false negatives,
they do not guarantee full utilization of the embedding di-
mensions. This often leads to the learning of redundant em-
beddings, which limits feature diversity and ultimately weak-
ens the model’s ability to distinguish fine-grained semantic
differences between binary functions [19]. Conversely, non-
contrastive, regularizer-based objectives from self-supervised
learning in vision [20], [21] eliminate the dependence on
negatives entirely and promote feature diversity by discourag-
ing collapse and reducing dimensional redundancy. However,
these techniques risk losing the valuable semantic signals that
negative samples provide [22]. Although hybrid approaches
that integrate contrastive objectives with regularizer-based
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non-contrastive terms have shown promise in vision and
language [23], [24], they remain underexplored in BCSD.

A third, and largely overlooked, challenge in BCSD lies
in evaluation. To our knowledge, all prior work assumes that
similarity scores produce a strict total order among candidates
and reports metrics such as Recall@k or Mean Reciprocal
Rank (MRR). In practice, however, tied scores are common
in embedding-based retrieval, due to floating-point precision,
quantization, or embedding collapse. In information retrieval,
ties are known to distort ranking- and cutoff-based metrics,
sometimes exaggerating differences between systems or un-
fairly favoring one model over another [25], [26]. However,
to our knowledge, no previous BCSD study has systematically
analyzed the frequency or impact of ties, nor adopted tie-aware
metrics to address this gap.

To address these issues, in this study, we propose an
approach to tackle key challenges in BCSD. Our study not only
proposes an approach for generating robust and discriminative
embeddings of assembly code using a hybrid training objective
(contrastive and regularizer-based), but also introduces a novel
tie-sensitive evaluation metric to address the issue of fair
evaluation under the presence of tied similarity scores.

In our experiments, LENA consistently outperformed the
best SOTA baseline, CLAP, across multiple evaluation set-
tings. In cross-optimization experiments, LENA 1B improved
average Recall@1 by 9.59% on GCC and 4.65% on Clang,
while LENA 3B achieved gains of 10.45% and 5.36%, re-
spectively. In cross-compiler evaluation, LENA 1B and LENA
3B exceeded CLAP by 6.67% and 8.55%, respectively. In the
vulnerability detection study, LENA also achieved stronger
retrieval effectiveness than CLAP: on Asteria-Pro, LENA 1B
increased average R-Precision from 0.4079 to 0.4398, while
on BinKit-CVE, LENA 3B improved it from 0.5553 to 0.6115;
under a top-20 retrieval budget, LENA retrieved substantially
more vulnerable functions than CLAP on both datasets.

In summary, our contributions are as follows:

• We proposed LENA1, a new BCSD framework built on
Llama 3.2 backbones (1B and 3B). LENA first fine-tunes
the backbone with an optimization-translation task to
reduce optimization-induced variability, and then learns
robust assembly embeddings for clone search.

• We designed a lightweight representation learning
pipeline that summarizes each function using mean and
standard-deviation token embeddings and feeds them
to an MLP projector trained with a hybrid objective
combining contrastive learning and variance–covariance
regularization. This design improves robustness while
remaining computationally efficient.

• We conducted, to the best of our knowledge, the first sys-
tematic study of tied similarity scores in BCSD. We then
introduced tie-sensitive reciprocal rank (TsRR2), a new
tie-aware evaluation metric for BCSD. TsRR accounts for
tie-group severity while preserving the desirable proper-
ties of reciprocal-rank-based measures, providing a more

1https://github.com/McGill-DMaS/LENA
2https://github.com/McGill-DMaS/TsRR

principled basis for comparing BCSD methods under tied
scores.

The remainder of this paper is organized as follows. Sec-
tion II provides background on BCSD, self-supervised rep-
resentation learning, and tied-score evaluation. Section III
describes the proposed LENA framework. Section IV presents
the TsRR metric. Section V details the experimental setup and
empirical results. Section VI discusses practicality, cross-ISA
generalization, threats to validity, and limitations. Section VII
reviews related work, and Section VIII concludes the paper.

II. BACKGROUND AND PROBLEM DEFINITIONS

A. Cross-compiler/optimization BCSD

When a source-level function is compiled, the resulting
binary representation can vary significantly due to both cross-
compiler and cross-optimization differences. Different com-
pilers, such as GCC or Clang, implement distinct strategies
for tasks such as instruction selection, register allocation,
calling conventions, and control-flow structuring. This means
that even when the same source function is compiled by
different compilers, the generated assembly code can look
markedly different. In addition, the optimization level (e.g.,
O0, O1, O2, O3) applied during compilation introduces further
variability by applying code transformations such as inlining,
loop unrolling, constant folding, and dead code elimination.
As a result, a single source function may yield multiple,
syntactically diverse binary representations that nevertheless
implement the same underlying semantics.

To robustly detect semantic equivalence between binary
functions at the function level despite these variations, several
studies have proposed techniques to learn a representation
that abstracts away the differences introduced by different
compilers and optimization settings. Formally, let F denote
the set of all binary functions and define an embedding
function

φ : F → Rd , (1)

which maps a binary function f ∈ F into a d-dimensional
vector space. The objective is to learn φ such that for any two
binary functions f and g:

• Semantic Consistency: If f and g are compiled from the
same source (i.e., they are semantically equivalent despite
differences in their assembly representations), then their
embeddings should be close in the vector space:

∥φ( f )−φ(g)∥ ≈ 0 (2)

• Semantic Discrimination: Conversely, if f and g orig-
inate from different source functions (i.e., they are se-
mantically different), then their embeddings should be
well-separated:

∥φ( f )−φ(g)∥ ≥ m for some m > 0. (3)

However, learning a perfect representation that fully satisfies
these conditions is challenging [27]. First, the inherent com-
plexity of the compilation process introduces a multitude of
variations even among semantically equivalent functions [9],
[27]. Minor differences in optimization heuristics or incidental

https://github.com/McGill-DMaS/LENA
https://github.com/McGill-DMaS/TsRR
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changes in code generation can lead to significantly differ-
ent assembly outputs, making it difficult for the embedding
function to capture the true semantic essence [28]. Second,
the mapping from source code to binary code is inherently
many-to-many. A single source function can produce a wide
variety of syntactic forms, while similar syntactic patterns
can sometimes correspond to different semantics [27], [29].
Additionally, noise in the training data, such as mislabeled
function pairs or variations arising from compiler-specific
idiosyncrasies, can further complicate the learning process
[28]. Finally, the non-linearity and high dimensionality of
the space of binary functions demand that the embedding
function navigates a complex landscape, where semantic simi-
larity does not always correlate with straightforward syntactic
resemblance [8].

These challenges highlight that learning robust binary func-
tion embeddings remains far from solved. Existing meth-
ods often succeed in capturing coarse-grained similarities
but struggle with subtle semantic variations introduced by
compiler optimizations, inlining, or code transformations. As
a result, the field requires approaches that not only abstract
away syntactic noise but also provide reliable and semanti-
cally faithful embeddings that generalize across compilers and
optimization levels.

B. Contrastive and Non-Contrastive Learning

Several recent studies have leveraged contrastive learning
to learn robust embeddings for cross-compiler and cross-
optimization BCSD [11], [10], [15]. In these approaches, an
anchor sample x is paired with a positive sample x+ known or
assumed to be semantically similar, while negative samples
x− are selected to be dissimilar. The goal is to pull the
representations of x and x+ closer in the embedding space,
while pushing apart the representations of x and x−. This
is typically achieved using a contrastive loss function, for
example:

L =− log
esim( f (x), f (x+))

esim( f (x), f (x+))+∑x− esim( f (x), f (x−))
, (4)

where f (·) denotes an encoder mapping inputs to a feature
space, and sim(a,b) is a similarity measure such as cosine
similarity.

However, studies show that the selection of bad negative
samples in contrastive learning introduces significant chal-
lenges [12], [13], [14]. In BCSD, the process of negative
sample selection is prone to incorporating false negatives, i.e.,
samples that are semantically similar. These false negatives can
misguide the learning process and result in less discriminative
embeddings. One way to mitigate this issue is to increase
the number of negatives significantly. For this purpose, loss
functions such as NT-Xent [18] have been proposed. These
loss functions contrast each sample against all of the others in
a large batch, thereby reducing the impact of individual false
negatives.

Another direction is to eliminate the need for negatives
altogether. To this end, non-contrastive, regularizer-based loss
functions have been proposed in the computer vision literature.

These losses eschew explicit negatives by coupling an invari-
ance term, encouraging different views of the same sample to
map to similar embeddings, with one or more regularization
terms that prevent collapse and promote feature decorrela-
tion [20], [21]. Such objectives aim to achieve three goals
simultaneously: (1) decreasing the distance between positive
views, (2) preventing trivial collapse, and (3) increasing the
amount of encoded information in the feature vectors.

Nonetheless, both solutions come with limitations. While
NT-Xent and related contrastive objectives improve robustness
against bad negatives, they do not guarantee the effective use
of all feature dimensions [19]. On the other hand, regularizer-
based loss functions miss valuable semantic signals that could
otherwise be learned from negative samples [22]. Recent stud-
ies suggest that combining these complementary approaches
can notably enhance representation learning, by leveraging
the strengths of both paradigms [23], [24]. However, the use
of regularizer-based loss functions, and their hybrid variants,
remains largely unexplored in BCSD.

C. Tied Similarity Scores

In information retrieval (IR), a tie occurs when multiple
items receive identical scores for a query. Ties complicate
rank-based evaluation because metrics such as Reciprocal
Rank (RR), Recall@k, Mean Average Precision (MAP), and
Normalized Discounted Cumulative Gain (NDCG) implicitly
assume a strict total order. When tied items are broken
arbitrarily, e.g., by implementation details or document IDs,
the resulting scores may reflect tie-breaking policies rather
than genuine model quality.

This issue is directly relevant to BCSD, where binary
functions are embedded into vector spaces and ranked using
similarities such as cosine similarity. Although these scores are
continuous, ties can still arise due to floating-point precision,
quantization, or embedding collapse. However, existing BCSD
evaluations typically rely on conventional rank-based metrics
and do not account for tied scores, risking misleading or
unstable comparisons.

Tie-aware alternatives exist in IR, but each has limitations.
Tie-aware RR (ta-RR) [25] averages over possible positions
within a tie group, but can over-reward degenerate no-ranking
cases where all candidates receive the same score. Pessimistic
RR (PRR) [26] assigns the worst possible position within
the tie group, but can be overly conservative and obscure
meaningful partial discrimination. These limitations motivate a
metric that preserves classical RR when no ties exist, assigns
fair partial credit within ties, and penalizes large tie groups
so that indiscriminate rankings cannot outperform genuinely
informative ones.

III. APPROACH

Fig. 1 shows an overview of our proposed method. The
proposed training approach comprises two complementary
stages. First, we fine-tune an open-source Large Language
Model (LLM) to “undo” compiler optimizations by trans-
lating assembly code produced at higher optimization lev-
els (e.g., O2) back into its O0 form; this not only strips
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Fig. 1: Overview of the LENA framework. The approach consists of three stages: (1) large language model fine-tuning with
LoRA weights on optimization translation, (2) representation learning using pooled embeddings from Llama processed through
a projector optimized with a hybrid loss (NT-Xent with variance and covariance regularization), and (3) inference for BCSD
by comparing stored and query representations.

away performance-oriented transformations, but also yields
semantically meaningful token embeddings. Second, we use
those embeddings in a lightweight MLP projector that learns
to aggregate LLM-provided information into a fixed-length
function representation, one that is robust to both compiler
differences and optimization settings. Detailed formulations,
training procedures, and hyperparameter choices are presented
in the following sections.

A. Model Selection

LLMs are deep neural networks, typically based on the
Transformer architecture, that have been pre-trained on vast
amounts of text data to learn rich representations of language.
By leveraging self-supervised objectives, such as next-token
prediction or masked language modeling, these models capture
complex syntactic, semantic, and contextual patterns, enabling
them to perform a wide range of natural language under-
standing and generation tasks with minimal task-specific fine-
tuning. Their ability to generalize across domains and to be
adapted to specialized tasks has made LLMs a cornerstone in
modern natural language processing research and applications.

For this study, we selected the open-source Llama 3.2
3B model [30] due to its widespread recognition, ease of
access, and support for lightweight fine-tuning workflows. The
lightweight nature of the backbone is particularly important
in the context of BCSD, where practical pipelines must
scale to very large corpora of functions. Consequently, we
avoided heavier LLM variants that would significantly increase
computational costs and hinder scalability. Our methodology
is also model-agnostic: with minor adjustments, alternative
LLMs could be substituted in place of Llama 3.2 3B. In pre-
liminary experiments, we also evaluated other compact LLMs,
including Qwen 3 4B [31] and Gemma 2 2B [32], but observed
that Llama 3.2 consistently yielded stronger performance in
our setting. Additionally, we experimented with an even lighter
Llama 1B variant as a lower-cost alternative to the pipeline.

Although the 1B model performed slightly worse than the 3B
configuration, it still consistently outperformed prior state-of-
the-art approaches.

B. LLM Fine-tuning

To prepare Llama for representation learning, we first de-
signed a specialized fine-tuning task, Optimization Transla-
tion. More specifically, we fine-tuned the model to abstract
away the effects of different compiler optimization levels
by identifying the core semantic components of a function
regardless of whether it was compiled at O0, O1, O2, O3, or
Os. Consequently, we anticipated that Llama 3.2 would learn
richer, more accurate embeddings of binary code that capture
semantic invariance across optimizations.

In the Optimization Translation task, we intend to translate
functions compiled at different optimization levels within the
same compiler back to O0 as the reference representation.
Since O0 closely resembles the original source code and lacks
additional transformations from optimization techniques such
as function inlining, this approach encourages the model to
focus on the essential structure and key components of the
original function. By using O0 as a baseline, we aim to
train the model to prioritize core function elements, reducing
reliance on artifacts introduced by higher optimization levels.

Inspired by [11], we prepared functions to capture both
the structure and flow of the binary code. Fig. 2 shows
an example of converting a binary function into formatted
text. In this format, each basic block was enclosed within
braces {} and labeled with a unique index, starting from 0.
For instance, 0:{instruction sequence} denotes the
first basic block. To represent control flow, we appended the
index of the target basic block to the jump instruction in the
calling block, creating a clear, indexed map of execution paths
between blocks. This structured approach enables the model
to understand the sequence and connections within the binary
code more effectively.
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0:{ push rbp mov rbp rsp sub 
rsp 10h mov [rbp+rule] rdi mov 
[rbp+stream] rsi mov rax 
[rbp+rule] cmp qword ptr 
[rax+8] 0 jz [1,2] }, 1:{ mov 
rdi [rbp+stream] mov rax 
[rbp+rule] mov rdx [rax] mov 
rsi offset aS_1 mov al 0 call 
func jmp [3] }, 2:{ mov rdi 
[rbp+stream] mov rax 
[rbp+rule] mov rdx [rax] mov 
rsi offset aS_2 mov al 0 call 
func }, 3:{ mov rax [rbp+rule] 
mov rdi [rax+10h] mov rsi 
[rbp+stream] call func add rsp 
10h pop rbp retn }

mov rdi [rbp+stream]
mov rax [rbp+rule]
mov rdx [rax]
mov rsi offset aS_1
mov al 0
call func
jmp loc_406E2C

ID: 1

mov rdi [rbp+stream]
mov rax [rbp+rule]
mov rdx [rax]
mov rsi offset aS_1
mov al 0
call func
jmp loc_406E2C

ID: 1

mov rdi [rbp+stream]
mov rax [rbp+rule]
mov rdx [rax]
mov rsi offset aS_2
mov al 0
call func

ID: 2

mov rdi [rbp+stream]
mov rax [rbp+rule]
mov rdx [rax]
mov rsi offset aS_2
mov al 0
call func

ID: 2

mov rax [rbp+rule]
mov rdi [rax+10h]
mov rsi [rbp+stream]
call func
add rsp 10h
pop rbp
retn

ID: 3

mov rax [rbp+rule]
mov rdi [rax+10h]
mov rsi [rbp+stream]
call func
add rsp 10h
pop rbp
retn

ID: 3

push rbp
mov rbp rsp
sub rsp 10h
mov [rbp+rule] rdi
mov [rbp+stream] rsi
mov rax [rbp+rule]
cmp qword ptr [rax+8] 0
jz loc_406E10

ID: 0

push rbp
mov rbp rsp
sub rsp 10h
mov [rbp+rule] rdi
mov [rbp+stream] rsi
mov rax [rbp+rule]
cmp qword ptr [rax+8] 0
jz loc_406E10

ID: 0

Fig. 2: An example of converting a binary function into
formatted text. In this representation, each basic block is
enclosed in braces and labeled with a unique index, while
control flow information is embedded by appending the target
block’s index to jump instructions.

In our corpus, each function was originally compiled at
five distinct optimization levels, resulting in a prohibitively
large dataset for fine-tuning Llama within our available com-
putational budget and time constraints. To strike a balance
between representational richness and efficiency, we restricted
our Optimization Translation task to the O2 level. O2 captures
the majority of performance-oriented transformations found at
higher settings (e.g., O3 or Os) while avoiding their more
aggressive alterations, making it an ideal “sweet spot” for our
objective. Incorporating additional optimization levels could
further enhance representation quality; however, we defer this
extension to future work, pending access to greater computa-
tional resources.

To fine-tune Llama on the optimization translation task, we
used the following prompt format:
<|start_header_id|>user<|end_header_id|>
The O0 form of [instructions of the function at O2]

<|start_header_id|>assistant<|end_header_id|>
[instructions of the function at O0]

In this prompt, the O2 function’s instructions were provided
as input, and the model was tasked with generating the
equivalent O0 instructions.

To efficiently fine-tune Llama, we leveraged Low-Rank
Adaptation (LoRA) [33], a parameter-efficient tuning ap-
proach. LoRA introduces low-rank matrices into the model,
allowing for fine-tuning without modifying most of the orig-
inal weights. After fine-tuning, the learned LoRA adapters
were merged into the Llama parameters, resulting in a unified
model. This model is indicated by the merged tags in Fig. 1.

C. Representation Learning

Decoder-only LLMs (e.g., GPT-style models like GPT-2/3,
Llama) do not inherently produce a fixed-length sentence
embedding by design. However, several practical strategies
are used to derive sentence or paragraph embeddings from
their token-level outputs. These include mean pooling of
hidden states [34], max pooling [35], extracting the last token
embedding [36], [37], attention-based pooling [36], [38], and
trainable projection layers [38]. In our experiments, we also
evaluated Principal Component Analysis (PCA)-based pooling
as an additional dimensionality-reduction baseline. All di-
rect pooling approaches produced unsatisfactory embeddings,
prompting us to design and train a simple MLP projector better
suited to our downstream task.

Training projectors typically involves passing the LLM’s fi-
nal hidden states into a smaller neural network and optimizing
it with objectives such as contrastive learning. However, with
a context window of 1,024 tokens, the last hidden layer of
Llama 3.2 produces an extremely high-dimensional represen-
tation. Since both contrastive and non-contrastive regularizer-
based training objectives require large batch sizes, the sheer
size of these embeddings rendered projector training on the
full Llama’s last hidden state impractical, given our limited
hardware.

To address the aforementioned problem, we propose an
alternative approach that is based on statistical properties
of the last hidden state. In this approach, for each binary
function, we extracted two embeddings from Llama: (1) the
mean embedding of the function tokens, which captures the
average semantic content and (2) the standard deviation vector
of the token embeddings, providing information on variability
across tokens. These embeddings were then used as inputs to
an MLP projector to generate a unified function embedding
based on this pair of embeddings.

The MLP projector consisted of four fully connected lay-
ers with Exponential Linear Unit (ELU) activations and an
intermediate Batch Normalization layer. It first expanded the
concatenated mean–std embeddings (dimension 8192) through
a residual-sized layer, and then progressively reduced the di-
mensionality to 4096. The final bias-free linear layer produced
the projected embedding used for self-supervised training.
All linear layers were initialized with Kaiming normalization,
scaled by the appropriate gain factor, to ensure stable conver-
gence.

To train the projector, we adopted a hybrid framework that
combines contrastive objectives with variance and covariance
regularizers to promote rich embeddings. More specifically,
we first align, within each compiler, every optimized version
(O1, O2, O3, Os) with its O0 baseline. We then extend this to
cross-compiler pairs by matching the O0 variants produced by
different compilers (GCC and Clang) and compiler versions.
This scheme encourages the projector to internalize both cross-
optimization and cross-compiler invariances. For each view,
we construct prompts in the following format:
<|start_header_id|>user<|end_header_id|>
The O0 form of [instructions of the query function]

<|start_header_id|>assistant<|end_header_id|>
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For the contrastive objective, we adopted the normalized
temperature-scaled cross-entropy loss (NT-Xent) introduced in
SimCLR [18]. Given two batches of embeddings Z and Z′, we
first computed pairwise cosine similarities and scaled them by
a temperature parameter τ . For each positive pair (zi,z′i), the
loss took the following form:

LNT-Xent =− 1
N

N

∑
i=1

log
exp(sim(zi,z′i)/τ)

∑
N
j=1 exp

(
sim(zi,z′j)/τ

) , (5)

where sim(zi,z′j) =
z⊤i z′j

∥zi∥∥z′j∥
denotes the cosine similarity be-

tween embeddings.
To further regularize the learned representations, we bor-

rowed the variance and covariance penalties from VICReg
[21]. The original VICReg objective consists of three terms:
invariance, variance, and covariance. The invariance term
enforces similarity between paired embeddings, the variance
term prevents feature collapse by ensuring that the standard
deviation of each embedding dimension exceeds a margin γ ,
and the covariance term reduces linear dependencies across di-
mensions by penalizing off-diagonal entries of the covariance
matrix. Formally,

Linv =
1
N

N

∑
i=1

∥zi − z′i∥2
2, (6)

Lvar =
1
d

d

∑
j=1

max
(

0,γ −
√

Var(Z j)

)
, (7)

Lcov =
1
d ∑

i̸= j
Cov(Zi,Z j)

2, (8)

LVICReg = λinvLinv +λvar Lvar +λcov Lcov, (9)

where d is the embedding dimensionality, and Z j denotes the
j-th feature across the batch.

Since NT-Xent already enforced alignment, we omitted the
Linv term from VICReg. However, we retained both variance
and covariance terms, as covariance regularization alone could
be trivially minimized by reducing feature variance. The
variance penalty ensured that features maintained sufficient
spread across the batch, while the covariance penalty reduced
redundancy by discouraging correlated dimensions.

Our final training objective was expressed as:

L = α LNT-Xent +(1−α) (λvar Lvar +λcov Lcov) , (10)

where α ∈ [0,1] balanced the contrastive and regularizer-based
components, and λvar,λcov controlled their relative weighting.
This hybrid loss was used to train the MLP projector.

Intuitively, NT-Xent encouraged embeddings of semanti-
cally equivalent functions (e.g., different optimization levels
of the same function) to be close together, while pushing
apart non-matching samples within the batch. The variance
and covariance terms reduced redundancy across features,
encouraging more diverse and informative embeddings.

IV. EVALUATION METRICS

A. Tie-sensitive Reciprocal Rank (TsRR)

To address the tie issue when calculating RR, Saha et
al. [25] proposed ta-RR to handle these scenarios more fairly
by replacing the single “position of the first relevant item”
with the expected rank of the first relevant document when
ties occur.

Formally, let rpre denote the number of documents ranked
before the first tie group that contains at least one relevant
document, and let L be the random variable representing the
position (within that group) of the first relevant document.
Then, the ta-RR is defined as

ta-RR =
1

rpre +E[L]
, (11)

where the expected position within the tie group is computed
as

E[L] =
|G|−k+1

∑
l=1

l ·P(L = l). (12)

Here, G denotes the tie group containing the relevant doc-
ument(s), |G| is its size, and k is the number of relevant
documents within G.

Although ta-RR improves fairness by awarding partial credit
within tied groups, it can lead to a paradoxical situation. A
system that assigns the same score to all documents (and thus
makes no real distinctions) can sometimes achieve a higher
score than a system that actually ranks items, but places the
relevant ones toward the bottom.

The core challenge lies in computing the expected rank
for a relevant item in a fully tied scenario, where all items
share the same rank. In such cases, the expected rank may
appear relatively favorable. In contrast, a system that actively
distinguishes items but places a relevant document in the
second half of the ranked list may yield a significantly lower
(worse) reciprocal rank, even though it demonstrates genuine
ranking efforts.

For example, suppose R documents are retrieved, with
exactly one relevant document among them. If all R documents
are tied (i.e., rpre = 0), then each position from 1 to R is equally
likely for the relevant document. Consequently, the expected
position is

E[L] =
1+2+ · · ·+R

R
=

R+1
2

, (13)

and the ta-RR becomes

ta-RR =
1

0+ R+1
2

=
2

R+1
. (14)

Now, consider a system with no ties that places the first
relevant document at rank r. In this case, rpre = r − 1 and
E[L] = 1, so that

ta-RR =
1
r
. (15)

If the relevant document is ranked in the latter half of the list
(i.e., if

r >
R+1

2
), (16)
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then
1
r
<

2
R+1

. (17)

Thus, a “no-ranking” (fully tied) approach can appear to
perform better than a genuine ranking system that demotes
the relevant document.

This paradox is not limited to the extreme case of a fully
tied (no-ranking) system. In fact, it reveals a more general
limitation of ta-RR: whenever two systems yield the same
value of rpre +E[L], they are assigned the same score, even
if the underlying tie sizes, and hence the certainty about the
first relevant document’s position, are very different.

Formally, for a tie group of size n containing k ≥ 1 relevant
documents, the expected position of the first relevant document
is given by

E[L] =
n+1
k+1

, (18)

so that
ta-RR =

1
rpre +

n+1
k+1

. (19)

Consider two runs (r(1)pre,n1) and (r(2)pre,n2). If

r(1)pre +
n1 +1
k+1

= r(2)pre +
n2 +1
k+1

, (20)

then both systems obtain identical ta-RR scores, regardless of
whether the relevant document appears in a small tie group or
a large one.

This is problematic because smaller ties entail more cer-
tainty: the probability mass of the first relevant position is
concentrated earlier in the ranking. By contrast, larger ties
spread this probability more widely. Indeed, the variance of
the random variable L under the random tie-breaking model
is

Var(L) =
k (n+1)(n− k)
(k+1)2 (k+2)

, (21)

which increases strictly with tie size n when k is fixed.
Thus, ta-RR may assign the same score to two systems with
equal rpre + E[L], even though the system with the smaller
tie group provides much greater certainty about the relevant
item’s placement.

Another approach to handling ties is the pessimistic Re-
ciprocal Rank (PRR) [26], which assigns each relevant item
the worst possible position within its tied group. While PRR
ensures a conservative evaluation, it can still conflate groups
of different sizes: if two tie groups end at the same rank,
they receive identical PRR scores, even though one group may
contain many more documents than the other or may have a
different expected rank.

To address the limitations of both ta-RR and PRR, we
introduce Tie-sensitive Reciprocal Rank (TsRR). TsRR blends
the statistically grounded expected rank of a relevant item
within its tie group (as in ta-RR) with the conservative worst-
case rank (as in PRR), while also penalizing larger tie groups.
Specifically, we weight the expected and worst ranks by the
fraction of irrelevant items that share the tie with any relevant
documents relative to all retrieved irrelevant documents. This
proportional adjustment ensures that larger ties, where many

irrelevant items obscure the relevant ones, incur a steeper
penalty, preserving sensitivity to both ranking effort and tie
size.

Formally, let |Girr| be the number of irrelevant documents
tied with the first relevant item, and let Nirr be the total number
of irrelevant documents retrieved:

|Girr|= |G|− k. (22)

We then define
τ =

|Girr|
Nirr

, (23)

which quantifies the fraction of all retrieved irrelevants that
fall into the tie group.

Given that
Lmax = |G|− k+1, (24)

represents the worst-case position of the first relevant docu-
ment within the tie, we introduce the tie-adjusted expected
rank:

Eτ [L] = (1− τ)E[L]+ τ Lmax. (25)

Finally, Tie-sensitive Reciprocal Rank is defined as

TsRR =
1

rpre +Eτ [L]
. (26)

B. Recall@k
In scenarios where results are tied, evaluating retrieval

metrics such as Recall@k requires adjustments to account
for the ambiguity introduced by ties. Traditional Recall@k
assumes a strict ordering of results, which may lead to mis-
leading interpretations when ties exist. Following the approach
proposed by [39], we adopt a tie-aware Recall@k metric that
incorporates probabilistic expectations inspired by hypergeo-
metric distribution principles.

Consider a ranked list where items are grouped into tie
groups. For a given tie group g that contains one or more
relevant documents, let

• sg denote the size of group g,
• T Pg denote the number of true positives in g,
• mg denote the number of ranks already consumed by

groups strictly preceding g.
Let k be the cutoff rank for evaluation. Then, Recall@k is

defined as

Recall@k =
∑g∈Gk

E[T Pg]

Total Relevant
, (27)

where Gk is the set of tie groups that intersect with the top-k
ranks. For each such group g, the expected number of true
positives is computed as

E[T Pg] = min{sg,(k−mg)}×
T Pg

sg
. (28)

This formulation, which mirrors the hypergeometric distribu-
tion, assumes that items within each tie group are ordered
uniformly at random. The ratio T Pg

sg
reflects the probability

of selecting a true positive from group g, and the truncation
min{sg,(k−mg)} ensures that only the slots available before
the cutoff contribute. “Total Relevant” refers to the total
number of relevant documents for the query in the entire
collection.



PUBLISHED IN IEEE TRANSACTIONS ON SOFTWARE ENGINEERING (TSE), PP. 1–24, 2026, JUNE 2026 8

TABLE I: Projects used in train and test sets

Set Projects

Train binutils, gsl, recutils, xorriso, inetutils, glpk, findutils, libidn, units, ccd2cue

Test
cppi, a2ps, libiconv, gdbm, nettle, gcal, dap, cpio, tar, direvent, patch, gawk, gmp, spell, wdiff, which,
hello, cflow, datamash, gnudos, osip, libtool, readline, grep, gss, macchanger, gsasl, bool, gzip, sed, time,
lightning, sharutils, libmicrohttpd, libtasn1, gnu-pw-mgr, libunistring, coreutils, enscript, texinfo

V. EMPIRICAL STUDY

A. Research Questions

In our empirical study, we seek to answer the following
questions:

• RQ1: How effective is our representation learning tech-
nique?

• RQ2: How does LENA’s accuracy in cross-optimization
and cross-compiler BCSD compare to that of current
SOTA models?

• RQ3: How does varying the pool size impact LENA’s
performance in BCSD?

• RQ4: How effective is LENA in identifying real-world
vulnerabilities?

• RQ5: What are the occurrence patterns and impacts of
tied similarity scores in BCSD systems?

RQ1 evaluates LENA’s representation learning technique ver-
sus alternative last-token, mean, max, attention, and PCA
pooling methods in its ability to capture meaningful fea-
tures of binary code. RQ2 benchmarks LENA’s accuracy in
cross-optimization and cross-compiler BCSD tasks for x86-64
against state-of-the-art models to assess its robustness across
different optimization levels and compilers. RQ3 studies how
varying the pool size affects LENA’s BCSD performance,
providing insights into its scalability in large candidate pools.
RQ4 evaluates LENA’s effectiveness in identifying real-world
vulnerabilities. Finally, RQ5 investigates the occurrence pat-
terns of tied similarity scores in BCSD systems and analyzes
how frequently such ties arise in practice. It then examines
whether the theoretical limitations of RR and ta-RR, namely
RR uncertainty and ta-RR’s inability to distinguish rankings
with different tie sizes, actually manifest in real BCSD eval-
uations.

B. Experimental Environment

All training and experiments in this study were conducted
on a high-performance server featuring a 32-core AMD Ryzen
Pro 3975WX CPU clocked at 3.50 GHz, 500 GB of RAM,
and four NVIDIA RTX A6000 GPUs, operating on Windows
Server 2022 Datacenter. IDA Pro version 8.4 3 was employed
for all disassembly tasks.

C. Datasets

The dataset used in this study is a subset of BinKit 2.0 [40],
a large-scale benchmark specifically designed for binary code
analysis and similarity detection tasks. This dataset contains
binary code samples compiled from a variety of open-source

3https://docs.hex-rays.com/release-notes/8 4

projects using different compilers, such as GCC and Clang,
across multiple versions. Each source code sample is compiled
with a range of optimization levels (e.g., O0, O1, O2, O3,
and Os) and target architectures (e.g., x86, x86-64, ARM, and
MIPS), capturing variability introduced by compiler settings.
In line with prior work [28], [11], [41], [15] on cross-compiler
and cross-optimization BCSD, we specifically select the x86-
64 architecture and optimization levels O0 through Os to
ensure comparability with existing literature and to provide
a representative evaluation setting. Moreover, while BinKit
includes other ISAs, scaling LLM fine-tuning across them
exceeds our available resources. Nevertheless, LENA’s design
is architecture-agnostic, and cross-architecture evaluation is a
key direction for future research.

To ensure meaningful evaluation and eliminate information
leakage, we performed the train-test split at the project level
rather than at the function level. Splitting at the function
level could allow functions from the same project to appear
in both the training and test sets. This introduces contextual
similarities, such as shared code structures, naming conven-
tions, or dependencies, that could unintentionally assist the
model during testing, resulting in inflated performance metrics.
By splitting at the project level, we ensure that functions
from the same project are exclusively assigned to either the
training set or the test set, avoiding such leakage. Given the
substantial variance in the number of functions per project, we
first grouped projects by their size. Subsequently, we randomly
selected a set of projects to achieve a roughly 70–60% training
and 30–40% testing proportion. Table I shows the projects
used in each set.

For the training set, we included binaries compiled using all
available versions of Clang and GCC in the dataset, targeting
the x86-64 architecture. For the test set, we restricted the
binaries to those compiled with the latest available versions of
GCC (11.2.0) and Clang (13.0.0), while still targeting the x86-
64 architecture. Moreover, for the validation set, we randomly
sampled 1,024 functions from the test set and removed them
from the corresponding test set to prevent overlap.

Functions were labeled based on their source code origin
and function names. Specifically, functions originating from
the same source file and bearing the same function name were
assigned the same label. Additionally, functions with identical
assembly code at the O0 optimization level were considered
equivalent, even if their function names differed. Functions
named main and compiler-generated functions not linked to
any source code were excluded from the dataset. To prevent
data leakage, any functions appearing in the training set were
explicitly removed from the test set. It is important to note
that all results reported in the following sections are obtained

https://docs.hex-rays.com/release-notes/8_4
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using the test functions. The training set was solely used for
model training and not for evaluation purposes.

D. Counterpart Selection

In our study, we selected a comprehensive set of state-of-
the-art BCSD methods that utilize contrastive representation
learning, together with the established Asm2Vec [28] baseline.
Table II compares LENA with its counterparts. Each model
employs different architectural designs and loss functions. The
Asm2Vec method is a classic baseline that generates function
embeddings by modeling control-flow graph execution traces
with a PV-DM–style Word2Vec architecture.

Trex [10], jTrans [11], BinCola [15], and CLAP [16]
represent four recent state-of-the-art approaches to binary code
similarity detection that rely on contrastive learning but differ
in their architectures and training strategies. Trex employs a
hierarchical Transformer pre-trained on micro-trace data using
a masked language modeling (MLM)–like objective and fine-
tuned for function similarity through an additional MLP with
a pairwise margin-based contrastive loss function that uses
one positive and multiple negatives. jTrans introduces a jump-
aware Transformer that integrates control-flow information,
pre-trained with MLM and jump prediction tasks, and fine-
tuned using a triplet loss objective. BinCola adopts a simpler
design by applying the InfoNCE loss on hand-crafted function-
level features such as basic block statistics. CLAP, in contrast,
utilizes a RoBERTa-based backbone to encode assembly code
and aligns it with natural language explanations through In-
foNCE, thereby achieving cross-modal representation learning
tailored to large-scale assembly–text data.

In addition to these state-of-the-art baselines, we trained
multiple variants of our proposed model, LENA, to better
understand both the effect of model scale and the contribution
of the hybrid loss. Specifically, we considered two backbone
sizes, denoted LENA 1B and LENA 3B. For each backbone,
we trained two ablation variants using a single loss component:
LENA 1B (NT-Xent) and LENA 3B (NT-Xent), which were
trained using only the NT-Xent loss, and LENA 1B (VICReg)
and LENA 3B (VICReg), which were trained using only the
VICReg loss. These variants served as ablation baselines,
allowing us to compare the hybrid objective directly against
its individual components at both model scales. The main
versions of our model, referred to as LENA 1B and LENA
3B, employed the hybrid loss that combined NT-Xent with
variance–covariance regularization.

In our experiments, we fine-tuned all the models except
CLAP on our training dataset to adapt them to the distribution
and nuances of our benchmark. CLAP was not further fine-
tuned because it had already been trained on the full Ubuntu
repository, which encompasses our dataset as a subset, making
additional training unnecessary.

E. Hyperparameters

For fine-tuning the Llama backbone, we used a parameter-
efficient LoRA setup with rank r = 4 and scaling factor α = 4.
LoRA adapters were inserted only into the feed-forward pro-
jections (gate_proj, up_proj, and down_proj), while

the attention projections were left unchanged. We set LoRA
dropout to 0 and did not adapt bias terms. Training was
conducted in bfloat16 precision, without 4-bit quantization,
and with a maximum input length of 2048 tokens. Optimiza-
tion used AdamW with a learning rate of 3×10−4, 10 warmup
steps, a cosine scheduler, and gradient clipping at 0.3. The per-
device batch size was 32 with no gradient accumulation. The
model was trained for 0.5 epochs. Following our instruction-
tuning format, the loss was computed only over response
tokens, so that the model was optimized to generate the target
normalized assembly rather than reproduce the prompt.

For training the MLP projector, we performed a grid search
specifically over the loss-term coefficients and the batch size.
The ranges explored were:

• λinv ∈ {5,10,15,20,25}
• λvar ∈ {5,10,15,20,25}
• λcov ∈ {1,5,10,15,20,25}
• α ∈ {0.5,0.6,0.7,0.8,0.9}
• batch size ∈ {512,1024,2048}

For the VICReg-only setting, the best coefficients were λinv =
25, λvar = 25, and λcov = 10. For the hybrid loss, the best
configuration was λvar = 10, λcov = 5, and α = 0.6. Across all
settings, the optimal batch size was 512.

The projector was trained using the AdamW optimizer with
a learning rate of 2× 10−5, a cosine learning-rate scheduler,
and Kaiming normal weight initialization to ensure stable
convergence.

F. RQ1: Representation Learning Effectiveness

To evaluate the effectiveness of our proposed MLP pro-
jector, we compared the embeddings generated by the pro-
jector with five alternative embedding strategies derived from
the Llama model: Last Token, Mean Pooling, Max Pooling,
Attention Pooling, and PCA Pooling. The objective of these
experiments was to assess the effectiveness of LENA’s embed-
ding approach and determine whether the proposed projector
provided advantages over simpler or commonly used pooling-
based alternatives.

For the comparison, we generated six types of embeddings
for the test set of functions:

• MLP Projector: Produced by feeding the mean and stan-
dard deviation vectors extracted from Llama 3B into the
MLP projector.

• Last Token: Extracted directly as the representation of the
last token from the Llama 3B model.

• Mean Pooling: Computed as the average of all token
embeddings from the Llama 3B model.

• Max Pooling: Computed by taking the element-wise
maximum over all token embeddings.

• Attention Pooling: Computed by applying a learned at-
tention mechanism over token embeddings to produce a
weighted representation.

• PCA Pooling: Computed by applying principal compo-
nent analysis to the token embeddings to obtain a compact
pooled representation.

In this experiment, we grouped functions based on their
labels, where each label represented a distinct semantic class.
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TABLE II: Summary of counterpart models and their training objectives.

Model Architecture Input Features Pre-training/Fine-tuning Tasks; Representation learning Loss

Asm2Vec PV-DM / Word2Vec–style CFG traces PV-DM Word2Vec objective
Trex Hierarchical Transformer Assembly code MLM; Pairwise margin-based contrastive loss
jTrans Jump-aware BERT Transformer Formatted Assembly code MLM & Jump Prediction; Triplet loss
BinCola Shallow representation model Hand-crafted function features InfoNCE contrastive loss
CLAP RoBERTa + Projector Formatted Assembly code MLM & Jump Prediction; InfoNCE contrastive loss
LENA Llama + Projector Formatted Assembly code Opt. translation; NT-Xent + Variance + Covariance

(a) Last Token (b) Mean Pooling (c) Max Pooling

(d) PCA Pooling (e) Attention Pooling (f) MLP Projector
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Fig. 3: Heatmap visualization of similarity scores of 64
function groups. The diagonal elements represent intra-group
similarity, indicating that functions within the same group
are closely clustered (lighter colors), while the off-diagonal
elements show inter-group similarity.

To evaluate embedding quality, we randomly selected 64
groups and measured two types of cosine similarity for each
embedding type: the average similarity between functions
within the same group (intra-group similarity) and the average
similarity between functions in one group and those in other
groups (inter-group similarity).

We evaluated both intra- and inter-group similarities be-
cause high-quality embeddings should simultaneously maxi-
mize cohesion among semantically equivalent functions and
maintain clear separation across different semantic groups.
Considering only one of these aspects would provide an
incomplete assessment. High intra-group similarity without
sufficiently low inter-group similarity could indicate that the
embeddings captured within-group semantics but failed to
distinguish different functions, which could lead to a higher
rate of false positives. Conversely, low intra-group similarity
would suggest that the embeddings were unable to cluster
semantically equivalent functions effectively.

The similarity scores were visualized using heatmaps, as
shown in Fig. 3, to provide an intuitive representation of intra-
group and inter-group relationships. In these heatmaps, the
diagonal corresponds to similarities among functions within
the same semantic group, whereas the off-diagonal regions
represent similarities between functions from different groups.
A desirable embedding should therefore exhibit a clear con-
trast: a lighter diagonal, indicating strong intra-group cohesion,
and darker off-diagonal regions, indicating good inter-group
separation. It is important to note, however, that darker off-

(a) Last Token (b) Mean Pooling (c) Max Pooling

(d) PCA Pooling (e) Attention Pooling (f) MLP Projector
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Fig. 4: t-SNE visualization of embeddings for 10 randomly
selected function groups.

diagonal regions alone do not necessarily imply better em-
beddings; rather, the overall quality of the representation is
reflected in the contrast between the diagonal and the rest of
the matrix.

As shown in Fig. 3, the MLP projector produced the clearest
and most desirable structure among all methods. Its heatmap
exhibited a bright diagonal and consistently dark off-diagonal
regions, indicating that semantically equivalent functions were
mapped close together while unrelated functions remained
well separated. In contrast, the baseline pooling strategies
were substantially less effective. Last Token and PCA Pooling
showed weak diagonal prominence and relatively dark hor-
izontal and vertical banding patterns, suggesting poor intra-
group cohesion and unstable separation across groups. Mean
Pooling and Attention Pooling provided modest improvement,
with somewhat more visible diagonal structures, but still re-
tained considerable off-diagonal similarity, indicating overlap
between distinct semantic groups. Max Pooling performed
worst in terms of discriminative structure: its heatmap was
nearly uniform and overly bright, suggesting that most func-
tions were mapped to highly similar representations regardless
of their semantics. Overall, these results show that simple
pooling-based alternatives and direct token extraction failed
to produce sufficiently discriminative embeddings, whereas the
proposed MLP projector learned representations with substan-
tially stronger cohesion and separation properties.

To further illustrate the differences in representational qual-
ity, we selected 10 random groups of functions and visualized



PUBLISHED IN IEEE TRANSACTIONS ON SOFTWARE ENGINEERING (TSE), PP. 1–24, 2026, JUNE 2026 11

TABLE III: Cross-optimization binary similarity detection results with a pool size of 5,000 for GCC compiled binaries. The
p-values were computed using the Wilcoxon test. The p column indicates whether the p-value for the comparison between
LENA and each counterpart is less than 0.05 (✓indicates p < 0.05).

(a) Recall@1 results.

Method O0-O1 O0-O2 O0-O3 O0-Os O1-O2 O1-O3 O1-Os O2-O3 O2-Os O3-Os Avg. p

Asm2Vec 0.0000 0.0002 0.0000 0.0004 0.0002 0.0002 0.0000 0.0002 0.0000 0.0004 0.0002 ✓
Trex 0.3501 0.2905 0.2624 0.3073 0.6395 0.5755 0.5799 0.7791 0.5597 0.4903 0.4834 ✓
jTrans 0.5996 0.5484 0.5231 0.5955 0.7487 0.7146 0.7600 0.8228 0.7590 0.7241 0.6796 ✓
BinCola 0.0691 0.0535 0.0427 0.0524 0.2693 0.2174 0.2409 0.6520 0.2405 0.1941 0.2032 ✓
CLAP 0.7562 0.6747 0.6644 0.6889 0.7871 0.7721 0.7814 0.9341 0.8544 0.8257 0.7739 ✓

LENA 1B (NT-Xent) 0.8179 0.7628 0.7399 0.8125 0.8985 0.8630 0.9058 0.9397 0.9102 0.8698 0.8520 ✓
LENA 1B (VICReg) 0.8239 0.7736 0.7495 0.8071 0.9030 0.8585 0.9164 0.9339 0.9036 0.8596 0.8529 ✓
LENA 1B 0.8468 0.7897 0.7688 0.8288 0.9094 0.8778 0.9270 0.9427 0.9214 0.8856 0.8698 ✓
LENA 3B (NT-Xent) 0.8407 0.7920 0.7667 0.8247 0.9099 0.8738 0.9275 0.9360 0.9123 0.8745 0.8658 ✓
LENA 3B (VICReg) 0.8285 0.7877 0.7602 0.8327 0.9109 0.8720 0.9360 0.9338 0.9131 0.8719 0.8647 ✓
LENA 3B 0.8438 0.8151 0.7882 0.8491 0.9176 0.8813 0.9383 0.9399 0.9247 0.8862 0.8784 –

(b) TsRR results.

Method O0-O1 O0-O2 O0-O3 O0-Os O1-O2 O1-O3 O1-Os O2-O3 O2-Os O3-Os Avg. p

Asm2Vec 0.0016 0.0019 0.0021 0.0019 0.0017 0.0017 0.0015 0.0020 0.0016 0.0023 0.0018 ✓
Trex 0.4541 0.3791 0.3404 0.3986 0.6991 0.6356 0.6607 0.7979 0.6323 0.5659 0.5564 ✓
jTrans 0.6873 0.6358 0.6093 0.6741 0.7960 0.7691 0.8126 0.8567 0.8027 0.7749 0.7418 ✓
BinCola 0.1345 0.1075 0.0939 0.1073 0.3562 0.2906 0.3220 0.6880 0.3233 0.2631 0.2686 ✓
CLAP 0.8130 0.7401 0.7356 0.7500 0.8263 0.8143 0.8204 0.9492 0.8868 0.8602 0.8196 ✓

LENA 1B (NT-Xent) 0.8682 0.8207 0.8020 0.8626 0.9244 0.8952 0.9369 0.9506 0.9343 0.9005 0.8895 ✓
LENA 1B (VICReg) 0.8692 0.8271 0.8057 0.8562 0.9253 0.8880 0.9422 0.9439 0.9248 0.8870 0.8869 ✓
LENA 1B 0.8900 0.8442 0.8262 0.8763 0.9307 0.9056 0.9510 0.9530 0.9414 0.9124 0.9031 ✓
LENA 3B (NT-Xent) 0.8886 0.8485 0.8252 0.8784 0.9329 0.9022 0.9512 0.9477 0.9332 0.9017 0.9010 ✓
LENA 3B (VICReg) 0.8794 0.8429 0.8163 0.8810 0.9322 0.8977 0.9565 0.9442 0.9312 0.8947 0.8976 ✓
LENA 3B 0.8923 0.8663 0.8474 0.8938 0.9374 0.9073 0.9568 0.9509 0.9427 0.9114 0.9106 –

their embeddings using t-SNE, as shown in Fig. 4. Each
color/marker combination corresponds to a distinct semantic
group, and the embeddings were generated using Last Token
(Fig. 4a), Mean Pooling (Fig. 4b), Max Pooling (Fig. 4c), PCA
Pooling (Fig. 4d), Attention Pooling (Fig. 4e), and the MLP
Projector (Fig. 4f). The t-SNE plots provided a qualitative
view of how well each embedding method preserved cohesion
within semantic groups while maintaining separation across
different groups.

As shown in Fig. 4, the embeddings produced by the MLP
projector exhibited the clearest overall structure, with most
function classes forming compact clusters that were well sepa-
rated from one another. Mean Pooling also produced relatively
clean groupings, but several classes remained less compact
and a few were positioned closer to neighboring groups. Max
Pooling yielded better separation than the weaker baselines for
some classes, yet its clusters were still less uniformly compact
than those of the MLP projector. In contrast, Last Token
embeddings were the most scattered, with substantial overlap
and fragmented class structure across the space. PCA Pooling
provided partial improvement, but several clusters remained
diffuse or intermixed. Attention Pooling showed moderate
clustering behavior, though multiple groups near the center
still displayed overlap and weaker boundaries than in the MLP
projector.

Answer: The results of our experiments show that the
proposed representation learning technique in LENA was

substantially more effective than direct token extraction or
simple pooling-based alternatives. The MLP projector consis-
tently produced embeddings with higher intra-group similarity
and lower inter-group similarity, suggesting stronger cohesion
within function groups and clearer separation across different
semantic groups. Compared with last-token extraction, mean
pooling, max pooling, PCA pooling, and attention pooling, the
proposed projector yielded the most discriminative represen-
tation space.

G. RQ2: LENA’s Effectiveness in Cross-Optimization and
Cross-Compiler BCSD

To evaluate LENA’s effectiveness compared to SOTA ap-
proaches, we conducted a series of clone search experiments
under both cross-optimization and cross-compiler settings. For
the cross-optimization evaluation, we considered all combi-
nations of optimization levels O0, O1, O2, O3, and Os.
These experiments were carried out using binaries produced
by both GCC and Clang, with each query evaluated against a
pool of 5,000 functions. For the cross-compiler performance
evaluation, we maintained the same optimization level com-
binations, but selected query functions compiled with GCC,
while the pool comprised functions compiled with Clang.
In all experiments, we measured Recall@1 and TsRR to
compare LENA with its counterparts. Moreover, to assess
statistical significance, we employed the Wilcoxon signed-rank
test and indicate in the p column of our tables whether the
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TABLE IV: Cross-optimization binary similarity detection results with a pool size of 5,000 for Clang compiled binaries. The
p-values were computed using the Wilcoxon test. The p column indicates whether the p-value for the comparison between
LENA and each counterpart is less than 0.05 (✓indicates p < 0.05).

(a) Recall@1 results.

Method O0-O1 O0-O2 O0-O3 O0-Os O1-O2 O1-O3 O1-Os O2-O3 O2-Os O3-Os Avg. p

Asm2Vec 0.0000 0.0002 0.0002 0.0004 0.0004 0.0002 0.0004 0.0000 0.0002 0.0000 0.0002 ✓
Trex 0.1583 0.1504 0.1543 0.1694 0.8270 0.8050 0.7404 0.8856 0.7618 0.7402 0.5392 ✓
jTrans 0.4824 0.4850 0.4784 0.5079 0.8490 0.8383 0.8008 0.8667 0.8073 0.7980 0.6914 ✓
BinCola 0.0471 0.0470 0.0436 0.0503 0.6156 0.5513 0.4784 0.7462 0.5612 0.4986 0.3639 ✓
CLAP 0.7367 0.6989 0.6890 0.7080 0.8967 0.8940 0.8570 0.9746 0.9197 0.9096 0.8284 ✓

LENA 1B (NT-Xent) 0.7632 0.7460 0.7538 0.7894 0.9539 0.9486 0.9117 0.9735 0.9196 0.9141 0.8674 ✓
LENA 1B (VICReg) 0.7587 0.7558 0.7494 0.7865 0.9578 0.9431 0.9161 0.9734 0.9111 0.9017 0.8654 ✓
LENA 1B 0.7811 0.7644 0.7598 0.7978 0.9615 0.9552 0.9174 0.9751 0.9221 0.9148 0.8749 ✓
LENA 3B (NT-Xent) 0.7698 0.7597 0.7591 0.7992 0.9578 0.9508 0.9189 0.9767 0.9235 0.9096 0.8725 ✓
LENA 3B (VICReg) 0.7656 0.7602 0.7509 0.7984 0.9642 0.9597 0.9187 0.9775 0.9176 0.9115 0.8724 ✓
LENA 3B 0.7817 0.7836 0.7722 0.8142 0.9644 0.9595 0.9304 0.9746 0.9251 0.9146 0.8820 –

(b) TsRR results.

Method O0-O1 O0-O2 O0-O3 O0-Os O1-O2 O1-O3 O1-Os O2-O3 O2-Os O3-Os Avg. p

Asm2Vec 0.0017 0.0024 0.0016 0.0021 0.0019 0.0015 0.0020 0.0016 0.0018 0.0017 0.0018 ✓
Trex 0.2316 0.2244 0.2226 0.2524 0.8635 0.8448 0.7868 0.9131 0.7923 0.7793 0.5911 ✓
jTrans 0.5828 0.5760 0.5797 0.6054 0.8778 0.8734 0.8333 0.8947 0.8397 0.8302 0.7493 ✓
BinCola 0.0942 0.0905 0.0877 0.1076 0.6643 0.6030 0.5358 0.7864 0.6052 0.5519 0.4127 ✓
CLAP 0.7922 0.7582 0.7500 0.7640 0.9160 0.9133 0.8794 0.9808 0.9345 0.9259 0.8614 ✓

LENA 1B (NT-Xent) 0.8173 0.8043 0.8075 0.8418 0.9660 0.9624 0.9312 0.9795 0.9346 0.9298 0.8974 ✓
LENA 1B (VICReg) 0.8098 0.8071 0.8011 0.8353 0.9672 0.9567 0.9336 0.9794 0.9281 0.9202 0.8938 ✓
LENA 1B 0.8306 0.8162 0.8126 0.8475 0.9705 0.9669 0.9355 0.9809 0.9365 0.9308 0.9028 ✓
LENA 3B (NT-Xent) 0.8239 0.8152 0.8140 0.8491 0.9690 0.9625 0.9365 0.9818 0.9388 0.9278 0.9019 ✓
LENA 3B (VICReg) 0.8167 0.8123 0.8055 0.8472 0.9732 0.9694 0.9356 0.9823 0.9332 0.9286 0.9004 ✓
LENA 3B 0.8334 0.8363 0.8280 0.8648 0.9731 0.9694 0.9454 0.9805 0.9404 0.9325 0.9104 –

improvement of LENA 3B over each baseline and other LENA
variants is significant at the 0.05 level.

On GCC binaries (Tables IIIa and IIIb), the classical base-
line Asm2Vec performed poorly across both metrics, with
average Recall@1 and TsRR values close to zero. Recent
SOTA methods, including Trex, jTrans, BinCola, and CLAP,
achieved considerably higher scores. Among them, CLAP was
the strongest baseline, with averages of 0.7739 in Recall@1
and 0.8196 in TsRR. All LENA variants surpassed CLAP on
average. Importantly, the hybrid variants consistently achieved
the strongest overall results within each model scale, outper-
forming their NT-Xent-only and VICReg-only counterparts on
average. The best overall performance was obtained by LENA
3B, which reached 0.8784 in average Recall@1 and 0.9106 in
average TsRR. LENA 3B achieved the best Recall@1 on 8 of
the 10 optimization pairs and the best TsRR on 8 of the 10
pairs, while LENA 1B achieved the top TsRR on O2–O3 and
O3–Os. These results showed that combining NT-Xent with
variance–covariance regularization was more effective overall
than using either objective alone.

On Clang binaries (Tables IVa and IVb), the trend was
similar. Asm2Vec again yielded negligible scores, while the
stronger baselines provided competitive performance. CLAP
achieved average scores of 0.8284 in Recall@1 and 0.8614
in TsRR. The best overall performance was again obtained
by LENA 3B, which reached 0.8820 in average Recall@1
and 0.9104 in average TsRR. More importantly, the hybrid

loss again produced the strongest average performance overall:
both LENA 1B and LENA 3B outperformed their corre-
sponding NT-Xent-only and VICReg-only variants in average
Recall@1 and TsRR. Although individual optimization pairs
occasionally favored a single-loss variant, the hybrid objective
was the most consistently effective across settings. Overall,
these results further supported the benefit of combining align-
ment and regularization objectives rather than relying on either
one in isolation.

Tables Va and Vb report the Recall@1 and TsRR results for
cross-compiler, cross-optimization retrieval with a pool size of
5,000 functions. This setting was the most challenging since
functions compiled with different compilers and optimization
levels introduced greater variability.

In terms of Recall@1 (Table Va), Asm2Vec and BinCola
performed poorly, with averages of 0.0002 and 0.1431, re-
spectively. More competitive methods such as Trex and jTrans
achieved average scores of 0.3522 and 0.6000. CLAP provided
the strongest baseline, reaching 0.7339 on average. Among
the ablations, the NT-Xent-only variants performed noticeably
worse in this setting, whereas the VICReg-only variants re-
mained much stronger, suggesting that variance–covariance
regularization played an important role under compiler shift.
However, the hybrid objective still achieved the best overall
performance, indicating that the contrastive and regulariza-
tion terms were complementary rather than redundant. The
full models performed best overall, with LENA 1B reaching
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TABLE V: Cross-compiler and cross-optimization binary similarity detection results with a pool size of 5,000. The p-values
were computed using the Wilcoxon test. The p column indicates whether the p-value for the comparison between LENA and
each counterpart is less than 0.05 (✓indicates p < 0.05).

(a) Recall@1 results.

Method O0-O1 O0-O2 O0-O3 O0-Os O1-O2 O1-O3 O1-Os O2-O3 O2-Os O3-Os Avg. p

Asm2Vec 0.0006 0.0004 0.0002 0.0002 0.0004 0.0000 0.0000 0.0002 0.0000 0.0004 0.0002 ✓
Trex 0.2203 0.2115 0.2140 0.2388 0.4223 0.4119 0.4666 0.4433 0.4671 0.4259 0.3522 ✓
jTrans 0.5224 0.4999 0.5029 0.5339 0.6374 0.6343 0.6770 0.6616 0.6837 0.6470 0.6000 ✓
BinCola 0.0429 0.0372 0.0321 0.0491 0.1780 0.1599 0.2248 0.2351 0.2559 0.2159 0.1431 ✓
CLAP 0.7293 0.6958 0.6953 0.7061 0.7224 0.7169 0.7425 0.7741 0.7826 0.7741 0.7339 ✓

LENA 1B (NT-Xent) 0.7456 0.7339 0.7363 0.7714 0.6482 0.6314 0.6809 0.6514 0.6800 0.6377 0.6917 ✓
LENA 1B (VICReg) 0.7649 0.7497 0.7470 0.7807 0.7978 0.7980 0.8427 0.8035 0.8281 0.7890 0.7901 ✓
LENA 1B 0.7754 0.7660 0.7611 0.7955 0.8085 0.7963 0.8448 0.8158 0.8396 0.8026 0.8006 ✓
LENA 3B (NT-Xent) 0.7492 0.7368 0.7377 0.7740 0.6458 0.6523 0.7107 0.6582 0.6876 0.6500 0.7002 ✓
LENA 3B (VICReg) 0.7781 0.7731 0.7695 0.7983 0.8203 0.8104 0.8549 0.8243 0.8453 0.8119 0.8086 ✓
LENA 3B 0.7922 0.7837 0.7753 0.8120 0.8271 0.8191 0.8656 0.8263 0.8647 0.8284 0.8194 –

(b) TsRR results.

Method O0-O1 O0-O2 O0-O3 O0-Os O1-O2 O1-O3 O1-Os O2-O3 O2-Os O3-Os Avg. p

Asm2Vec 0.0024 0.0020 0.0017 0.0018 0.0021 0.0015 0.0017 0.0020 0.0017 0.0019 0.0019 ✓
Trex 0.3116 0.3033 0.2946 0.3334 0.5097 0.4984 0.5629 0.5296 0.5587 0.5135 0.4416 ✓
jTrans 0.6017 0.5919 0.5896 0.6261 0.7090 0.7048 0.7453 0.7342 0.7435 0.7131 0.6759 ✓
BinCola 0.0874 0.0826 0.0769 0.1020 0.2479 0.2230 0.3145 0.3105 0.3417 0.2895 0.2076 ✓
CLAP 0.7891 0.7586 0.7587 0.7668 0.7758 0.7714 0.7951 0.8264 0.8335 0.8264 0.7902 ✓

LENA 1B (NT-Xent) 0.8081 0.7966 0.7989 0.8288 0.7214 0.7099 0.7586 0.7255 0.7513 0.7133 0.7612 ✓
LENA 1B (VICReg) 0.8140 0.8044 0.8001 0.8312 0.8415 0.8425 0.8816 0.8475 0.8689 0.8323 0.8364 ✓
LENA 1B 0.8301 0.8229 0.8185 0.8474 0.8508 0.8437 0.8857 0.8628 0.8816 0.8478 0.8491 ✓
LENA 3B (NT-Xent) 0.8087 0.7970 0.7987 0.8312 0.7219 0.7234 0.7802 0.7307 0.7588 0.7246 0.7675 ✓
LENA 3B (VICReg) 0.8298 0.8256 0.8205 0.8484 0.8620 0.8534 0.8928 0.8649 0.8843 0.8530 0.8535 ✓
LENA 3B 0.8471 0.8414 0.8324 0.8629 0.8696 0.8643 0.9019 0.8737 0.9021 0.8714 0.8667 –

0.8006 and LENA 3B achieving the highest average Recall@1
of 0.8194, together with the best result on every optimization
pair.

The TsRR evaluation (Table Vb) confirmed and strength-
ened these findings. CLAP again set a strong baseline with an
average of 0.7902, while LENA 1B and LENA 3B increased
this to 0.8491 and 0.8667, respectively. As in Recall@1,
the VICReg-only variants substantially outperformed the NT-
Xent-only variants in this setting, but the hybrid LENA
variants again achieved the strongest overall results. LENA
3B obtained the best TsRR on all optimization pairs, with
consistent and statistically significant improvements over every
baseline.

Answer: LENA consistently outperformed the strongest
state-of-the-art baselines across cross-optimization and cross-
compiler BCSD settings. Moreover, the hybrid objective
achieved the best overall performance, outperforming both
NT-Xent-only and VICReg-only variants across model scales
and evaluation settings, showing that the hybrid combination
of NT-Xent and variance–covariance regularization was more
effective than either loss alone.

H. RQ3: Impact of Pool Size on LENA’s Performance

To evaluate the robustness of LENA against varying pool
sizes, we conducted experiments using the most challenging
optimization setting (O0, O3) across three conditions: GCC,
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Fig. 5: Effect of pool size on recall metrics. As the pool size
increases, both Recall@1 and Recall@5 for LENA degrade
more gradually than those of its counterparts.

Clang, and a cross-compiler scenario (GCC, Clang). We
performed these experiments with pool sizes of 1, 5, 50, 500,
and 5,000, and measured both recall@1 and recall@5 to assess
how performance is impacted as the pool size changes.

Figure 5 shows the results of our experiments. We observed
that the performance of Asm2Vec, Trex, jTrans, and BinCola
drops significantly as the pool size increases, indicating that
these approaches struggle to maintain discriminative power
when the search space becomes larger. In contrast, both LENA
and CLAP exhibit substantially more stable behavior, retaining
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TABLE VI: R-Precision values across different query opti-
mization levels.

Dataset O0 O1 O2 O3 Avg.

Asteria-Pro’s Dataset

CLAP 0.3234 0.4284 0.4423 0.4376 0.4079
LENA 1B 0.3588 0.4768 0.4691 0.4547 0.4398
LENA 3B 0.3253 0.4816 0.4520 0.4466 0.4264

BinKit-CVE Dataset

CLAP 0.5349 0.5756 0.5579 0.5529 0.5553
LENA 1B 0.5594 0.6152 0.5997 0.6158 0.5975
LENA 3B 0.5881 0.6252 0.6136 0.6192 0.6115

higher levels of accuracy across increasing pool sizes. The
performance degradation of LENA and CLAP is comparable
for the Clang and cross-compiler scenarios, whereas LENA
demonstrates slightly greater robustness in the GCC setting.

Answer: Our experiments show that LENA maintains
strong performance as the pool size increases, with only a
modest decline compared to other baselines whose accuracy
drops sharply. While CLAP exhibits comparable robustness
under Clang and cross-compiler settings, LENA demonstrates
slightly higher stability for GCC.

I. RQ4: LENA’s Effectiveness in Vulnerability Detection

To answer this question, we conducted our experiments on
two Common Vulnerabilities and Exposures (CVE) datasets:
Asteria-Pro’s dataset [42] and BinKit-CVE [43]. From the
Asteria-Pro dataset, we selected five previously unseen
projects containing 127 CVEs and their corresponding patches,
which were compiled using GCC at four optimization levels
(O0–O3). From the BinKit-CVE dataset, we selected seven
unseen projects covering 14 CVEs, compiled with both GCC
and Clang at the same four optimization levels (O0–O3).

Next, we designed a challenging experimental setup to
rigorously evaluate the models. We first extracted function
embeddings for both datasets using LENA and CLAP. In each
trial, we selected vulnerable functions at one optimization level
as queries, while constructing the repository by mixing all re-
maining functions (both vulnerable and non-vulnerable) across
the other optimization levels. For the BinKit-CVE dataset, this
repository additionally included functions compiled with both
GCC and Clang. Each vulnerable query function was then
matched against the repository, and the retrieved results were
ranked. A retrieved function was considered a positive if it
was associated with the same CVE as the query. Note that if a
function was linked to multiple CVEs, it was queried multiple
times, once for each CVE. Finally, with a minor adaptation of
tie-aware Recall@k, by setting k equal to the total number of
positives in the repository, we measured R-Precision for both
approaches.

Table VI reports the R-Precision values across different
query optimization levels for both datasets. Overall, LENA
consistently outperformed CLAP in nearly all settings. On
the Asteria-Pro dataset, both LENA variants surpassed CLAP

TABLE VII: Number of correctly retrieved CVEs in the top-
20 retrieval budget across different query optimization levels.

Dataset O0 O1 O2 O3 Total

Asteria-Pro’s Dataset

CLAP 459.00 665.50 642.33 636.17 2403.00
LENA 1B 580.00 721.50 686.50 688.67 2676.67
LENA 3B 537.50 714.67 666.67 647.00 2565.84

Gain (LENA 1B) +121.00 +56.00 +44.17 +52.50 +273.67
Gain (LENA 3B) +78.50 +49.17 +24.34 +10.83 +162.84

BinKit-CVE Dataset

CLAP 174.00 192.00 203.00 202.00 771.00
LENA 1B 186.00 217.00 217.00 229.00 849.00
LENA 3B 194.00 219.00 219.00 223.00 855.00

Gain (LENA 1B) +12.00 +25.00 +14.00 +27.00 +78.00
Gain (LENA 3B) +20.00 +27.00 +16.00 +21.00 +84.00

on all query optimization levels, with LENA 1B achieving
the best overall average R-Precision of 0.4398 compared to
0.4079 for CLAP. Interestingly, LENA 1B slightly outper-
formed LENA 3B on this dataset, suggesting that the smaller
model may have generalized better to the unseen Asteria-
Pro binaries. LENA 1B achieved the highest scores on O0,
O2, and O3, while LENA 3B performed best on O1. On the
BinKit-CVE dataset, LENA again outperformed CLAP across
all query settings, with LENA 3B achieving the strongest
overall performance and increasing the average R-Precision
from 0.5553 to 0.6115. To validate the robustness of these
improvements, we combined the results from both datasets and
conducted a Wilcoxon signed-rank test, which confirmed that
the performance gains of LENA over CLAP were statistically
significant (p < 0.05).

To better understand the practical impact of the observed im-
provements in R-Precision, we repeated the experiments using
an alternative evaluation. Instead of measuring R-Precision, we
allocated a retrieval budget of 20 for each query and calculated
the total number of correctly retrieved CVEs within this
budget. This analysis translated the relative ranking gains into
concrete retrieval outcomes, highlighting how many additional
vulnerabilities LENA could recover compared to CLAP under
realistic constraints.

Table VII presents the number of correctly retrieved vul-
nerable functions within a top-20 retrieval budget. The results
show that both LENA variants consistently retrieved more rel-
evant vulnerable functions than CLAP across all optimization
levels in both datasets. On the Asteria-Pro dataset, LENA
1B achieved the strongest overall result, retrieving 2676.67
vulnerable functions in total, which was 273.67 more than
CLAP. LENA 3B also improved over CLAP, with a total
gain of 162.84 correct retrievals. On the BinKit-CVE dataset,
LENA 3B achieved the best overall performance, retrieving
855 vulnerable functions compared to CLAP’s 771, yielding
84 additional correct retrievals, while LENA 1B retrieved
849, corresponding to a gain of 78. These results show that
the improvements in R-Precision translated into substantial
practical gains in vulnerability retrieval.



PUBLISHED IN IEEE TRANSACTIONS ON SOFTWARE ENGINEERING (TSE), PP. 1–24, 2026, JUNE 2026 15

Asm
2V

ec
Trex

jTra
ns

BinCola
CLAP

LENA 1B

LENA 3B

Approach

100

102

104

Ti
ed

@
R

an
k

GCC Clang

Fig. 6: Boxen plot of the rank positions of tied groups
containing the first relevant result.

Answer: Our experiments on two independent CVE
datasets, Asteria-Pro’s dataset and BinKit-CVE, showed that
LENA was effective in identifying real-world vulnerabilities.
Compared to CLAP, LENA consistently achieved higher R-
Precision across query optimization levels, with statistically
significant improvements. On Asteria-Pro, the best average R-
Precision increased from 0.4079 with CLAP to 0.4398 with
LENA 1B, while on BinKit-CVE it increased from 0.5553
to 0.6115 with LENA 3B. More importantly, under a top-20
retrieval budget, LENA retrieved substantially more vulnerable
functions, with gains of up to +273.67 on Asteria-Pro and +84
on BinKit-CVE. These results suggest that LENA not only
improved ranking quality, but also translated these gains into
tangible benefits for real-world vulnerability retrieval.

J. RQ5: Occurrence Pattern and Impacts of Tie in BCSD

In earlier sections, we discussed that tied similarity scores
in BCSD systems can occur and may distort ranking-based
evaluation metrics such as MRR and Recall@k. In this section,
we characterize where and how these ties arise in ranked
search results. We first examine the ranking positions at which
tie groups appear, with particular attention to the top-ranked
results where evaluation metrics are most sensitive. We then
analyze the frequency and size of tie groups whose rank
falls within the top-10 results, focusing on practically relevant
retrieval positions commonly used in BCSD evaluation.

The rank at which a tie occurs is a critical factor in
determining its effect on evaluation. A tie becomes especially
problematic when it overlaps an evaluation cutoff. For exam-
ple, if a tied group starts at or before rank k, but the number
of higher-ranked items plus the size of the tied group exceeds
k, then Recall@k depends on how items within the tied group
are ordered. In such cases, the metric value is not uniquely
determined unless an explicit tie-handling rule is specified.
We therefore begin our analysis by quantifying the ranking
positions of tied groups before examining their frequency and
size.

To this end, we conducted a comprehensive clone search
experiment using seven BCSD approaches, including the two
variants of LENA. For each set of functions in our test set,
we examined all combinations of optimization-level pairs for
the query and the search pool. Each function was used as a
query against a pool of 5,000 functions. For every query, we
identified the tied group containing the first relevant result and
recorded the starting rank of that group.
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Fig. 7: Frequency of top-10 tied similarity scores for the first
relevant result across evaluated BCSD approaches. A tie event
is counted when the tied group containing the first relevant
result appears within the top-10 retrieval results and includes
at least one irrelevant candidate.

Fig. 6 presents the distribution of tied-group ranks using
a boxen plot, which provides a detailed view of the rank
distribution beyond the median and quartiles. Across most
approaches, tied groups tend to appear within the top 100
ranks, although their exact distributions vary across methods.
More importantly, a noticeable fraction of ties occurs within
the top-10 positions, where Recall@1 through Recall@10 and
reciprocal-rank-based metrics are most sensitive. This result
shows that ties are not confined to low-ranked candidates with
limited evaluation impact; instead, they can occur in precisely
the ranking region most commonly used to compare BCSD
systems.

Having established where ties occur, we next measure how
frequently the first relevant result is tied with one or more
irrelevant results within the top-10 ranked positions. For each
query, we counted a tie event when the tied group containing
the first relevant result had a starting rank of at most 10
and also contained at least one irrelevant result. This captures
cases in which early-rank evaluation may depend on arbitrary
or implementation-specific ordering among candidates with
identical similarity scores.

Fig. 7 shows that all evaluated approaches experience tied
similarity scores to varying degrees. Asm2Vec exhibits almost
no tied scores, with tie occurrences close to 0% across all
settings. CLAP, LENA 1B, and LENA 3B also show relatively
low tie frequencies, each remaining below 3% of queries.
In contrast, Trex, jTrans, and BinCola exhibit substantially
higher tie rates, ranging from approximately 5% to over
20%, depending on the evaluation configuration. These results
suggest that, although some modern approaches produce rel-
atively stable similarity rankings, tied scores remain a non-
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Fig. 8: ECDF of tie-group sizes for the first relevant result,
measured over tie cases observed within the top-10 retrieval
results. The x-axis denotes the number of irrelevant candidates
tied with the first relevant result. Curves closer to the upper-
left indicate less severe ties. Asm2Vec has no visible curve
because it produced no tied first-relevant results in the top-10
retrieval results.

negligible phenomenon in BCSD evaluation, particularly for
several widely used baselines.

At first glance, these tie rates may appear surprising because
high-precision floating-point vectors would seem unlikely
to produce identical similarity scores. However, this intu-
ition mainly applies to randomly generated vectors, whereas
BCSD embeddings are structured representations learned un-
der strong invariance constraints. In practice, several factors
can lead to tied scores. First, representation learning methods,
particularly contrastive learning, may produce local representa-
tion collapse, where multiple inputs are mapped to nearly iden-
tical embeddings when the model fails to preserve fine-grained
distinctions. Such phenomena have been documented in prior
studies of contrastive learning and representation collapse [21],
[19]. Second, many binary functions are nearly identical at
the instruction level and differ only in a small number of
instructions or operands. Because transformer-based models
aggregate token information through attention and pooling op-
erations, these small variations may contribute only marginally
to the final embedding, resulting in identical or indistin-
guishable similarity scores. Third, some BCSD approaches,
such as jTrans, intentionally apply instruction normalization
or abstraction to improve cross-compiler robustness. While
beneficial for generalization, these transformations can also
remove subtle distinctions between functions, increasing the
likelihood of ties.

These ties are not merely numerical artifacts; they reflect re-
alistic challenges in security-oriented BCSD tasks. Prior work
has shown that vulnerable functions and their patched counter-
parts often differ only through small code modifications [44].

Distinguishing such subtle differences is therefore essential in
applications such as known vulnerability detection [42]. The
problem may become even more pronounced when functions
are truncated to fit model input limits, further reducing the
observable differences between candidate functions.

Finally, beyond rank position and frequency, the size of the
tied group determines the extent to which a tie can affect
evaluation metrics. Small tied groups may have limited impact,
especially when they occur lower in the ranking. In contrast,
larger tied groups can substantially change reciprocal-rank-
based scores. For example, if two items are tied around rank
10, the difference between assigning the relevant item rank
10 or rank 11 is relatively small. However, if the tied group
contains five irrelevant results in addition to the relevant one,
the assigned reciprocal rank can vary much more substantially
depending on the tie-breaking policy.

To evaluate tied-group sizes, we measured the number
of irrelevant results in each top-10-ranked tied group that
included the first relevant result. Fig. 8 reports the empirical
cumulative distribution function (ECDF) of these tied-group
sizes, where the x-axis denotes the tied-group size and the y-
axis shows the cumulative fraction of tie events whose size
is at most that value. This representation captures not only
the typical tied-group size but also the tail behavior of each
approach.

The results show that CLAP, LENA 1B, and LENA 3B
generally produce small tied groups: most of their top-10 tie
events involve only a few irrelevant results, and nearly all
are resolved within relatively small group sizes. In contrast,
Trex and jTrans exhibit larger tied groups, with a non-
negligible fraction extending to several dozen tied candidates.
BinCola shows the most severe behavior, with a heavy-
tailed distribution in both GCC and Clang settings and some
tied groups exceeding 100 candidates. Thus, the methods
with higher tie frequencies also tend to produce larger tied
groups, compounding their effect on ranking-based evaluation.
Together, the rank, frequency, and size analyses show that
tie events can meaningfully influence BCSD evaluation and
should therefore be handled explicitly when reporting ranking-
based performance.

The empirical analysis above shows that ties in BCSD
rankings can occur in evaluation-sensitive positions and, for
some methods, involve large groups of irrelevant candidates.
This makes tie handling a practical concern for ranking-
based evaluation. The simulation study in our supplementary
materials provides a complementary metric-level analysis: as
shown in Scenarios 1 and 4, ta-RR can fail to distinguish
rankings that differ in their tie structure, while standard RR
becomes ambiguous because its value depends on arbitrary tie-
breaking. Specifically, when the first relevant result belongs to
a tied group, RR can vary between the best-case rank (i.e., the
group rank) and the worst-case rank (i.e., PRR). Empirically,
we did not observe Scenario 1 to be a practical issue in our
BCSD experiments. However, we found that Scenario 4 does
occur in real BCSD evaluations, where ta-RR assigns identical
scores to tied groups with different sizes. This motivates an
evaluation strategy that explicitly accounts for both tied-group
rank and tied-group size.
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Fig. 10: Number of result pairs exhibiting Scenario 4 in ta-
RR across cross-optimization BCSD experiments for GCC and
Clang. Each bar shows the number of pairs that share the same
expected rank under ta-RR but have different tie-group sizes.

To evaluate the occurrence of Scenario 4 and quantify
the uncertainty of RR in practice, we conducted a cross-
optimization BCSD experiment. Specifically, we executed
5,000 queries with a candidate pool size of 5,000 for six BCSD
models. We deliberately excluded Asm2Vec from this experi-
ment because it produced almost no ties and would therefore
act as an outlier that does not meaningfully contribute to the
analysis of tie-related behavior. During the experiment, we
recorded the expected ranks and tie-group sizes used by ta-
RR, as well as the worst-case, best-case, and assigned ranks
associated with RR.

We do not report TsRR values in this analysis. As demon-
strated in our simulation study, Scenario 4 cannot occur
under TsRR because the metric uniquely determines a score
based on both the ranking position and the tie-group size.
Consequently, including TsRR in this experiment would not
provide additional insight. Instead, our analysis focuses on
identifying the frequency of Scenario 4 occurrences in real
BCSD evaluations and quantifying the practical uncertainty
introduced by RR.

To quantify the uncertainty of RR, we measured the fluctu-
ation between its best- and worst-case values. For each exper-
iment, we computed the average group rank (i.e., the best-case
RR) and the PRR (i.e., the worst-case RR), and calculated the
width of the interval between them. This interval represents

the range within which the RR score can vary depending
on how ties are resolved. Importantly, these measurements
include both tied and non-tied retrieval results, so the reported
values reflect the overall behavior of RR in realistic BCSD
evaluations.

Figure 9 shows the breakdown of these interval widths
across different cross-optimization scenarios for both GCC and
Clang compilers. Each bar represents the average fluctuation
range between the best-case and worst-case RR values for a
given BCSD model. Larger intervals indicate greater uncer-
tainty in the reported RR score due to tied similarity values.
As shown in the figure, several BCSD models exhibit notice-
able RR fluctuations. For instance, when querying functions
compiled at O2 against a pool compiled at O3, the MRR of
BinCola and jTrans can fluctuate from approximately 10% to
nearly 12.5%. Such variation can substantially overestimate or
underestimate an approach’s actual performance. This high-
lights the practical impact of tie-induced uncertainty in RR-
based evaluation.

To evaluate the occurrence of Scenario 4, we grouped all
retrieval results based on their expected rank as measured
by ta-RR. Within each group, we then counted the number
of possible pairs of results that share the same expected
rank but have different tied group sizes. These pairs may
correspond either to different queries evaluated using the same
BCSD model or to results obtained from two different models.
Figure 10 summarizes the results of this analysis.

We observe that, in almost all experimental settings except
the O2–O3 configuration, between approximately 200,000 and
slightly over 300,000 such pairs exist. These pairs correspond
to cases where ta-RR assigns identical scores despite the
underlying rankings having different tie sizes. In total, these
cases account for approximately 0.06% of all evaluated pairs.
Although this indicates that Scenario 4 occurs relatively infre-
quently in our current BCSD experimental setup, its presence
confirms that the issue is not purely theoretical. Rather, it
reflects a structural limitation of ta-RR: the metric can map
ranking outcomes with different tie structures to the same
score, even when the underlying tie-group sizes differ.
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Answer: Tied similarity scores in BCSD systems ap-
pear with different frequencies and characteristics across ap-
proaches. In our experiments, Asm2Vec produced no observ-
able top-10 tie events, while CLAP, LENA 1B, and LENA 3B
showed consistently low tie frequencies. In contrast, Trex,
jTrans, and BinCola exhibited higher rates of top-10 ties,
with BinCola showing the most pronounced variability across
optimization-level settings. The observed ties also differ in
size: CLAP and the LENA variants generally produced small
tied groups, whereas Trex and jTrans showed heavier-tailed
size distributions, and BinCola produced the largest tied
groups, with some cases involving more than 100 irrelevant
candidates tied with the first relevant result. These patterns
suggest that, for some methods, ties may affect evaluation
not only because they occur near evaluation cutoffs, but also
because they can involve many candidates. Their impact is
mainly metric-level: standard RR becomes ambiguous when
tied candidates can be ordered differently, and Scenario 4
from the supplementary simulation study also appears in real
BCSD evaluations, where ta-RR assigns identical scores to
tied groups with different sizes. Although such cases represent
only about 0.06% of all evaluated pairs in our experiments,
their presence suggests that the simulated limitations can arise
in practice. Overall, tied similarity scores are not equally
problematic across all systems, but for several baselines they
occur often enough, and sometimes with large enough tied
groups, to justify explicit tie-aware reporting.

K. Ablation Study

To better understand the contribution of the main design
choices in LENA, we conducted an ablation study along three
axes: (1) the effect of combining the mean and standard
deviation representations, (2) the impact of backbone fine-
tuning, and (3) the use of alternative LLM backbones.

1) Contribution of Mean and Standard Deviation Represen-
tations: To assess the individual and combined contributions
of the mean and standard deviation vectors, we conducted
a controlled ablation study. In each ablation condition, we
generated function representations by retaining one of these
vectors and setting the other to zero. We then evaluated each
variant on the most challenging clone-search tasks, matching
O0-compiled functions against their counterparts compiled at
O1, O2, O3, and Os under both GCC and Clang.

Table VIII summarizes the Recall@1 performance under
different feature ablation settings. The results showed that each
component contributed to the final representation: removing
either the mean vector or the standard deviation vector con-
sistently reduced performance. Across all settings, the mean
vector appeared to provide a stronger individual signal than
the standard deviation vector, but neither component alone was
sufficient to match the performance of the full representation.
The best results were consistently achieved when both were
retained. For example, for Llama 1B under GCC, Recall@1
for O0–O1 dropped from 0.8468 with the full representation to
0.4049 and 0.1890 under the two ablation settings. A similar
trend was observed under Clang, where the score decreased

TABLE VIII: Recall@1 results of different feature combina-
tions when querying O0-compiled assembly functions against
target functions compiled under the listed optimization levels
with a pool size of 5,000.

Model Compiler Opt. Level mean std mean + std

Llama 1B

GCC

O1 0.4049 0.1890 0.8468
O2 0.3370 0.1526 0.7897
O3 0.3244 0.1313 0.7688
Os 0.3806 0.1554 0.8288

Clang

O1 0.4356 0.1400 0.7811
O2 0.4253 0.1413 0.7644
O3 0.4179 0.1345 0.7598
Os 0.4553 0.1459 0.7978

Llama 3B

GCC

O1 0.5014 0.2186 0.8438
O2 0.4293 0.1719 0.8151
O3 0.3992 0.1628 0.7882
Os 0.4621 0.1964 0.8491

Clang

O1 0.5222 0.1706 0.7817
O2 0.5140 0.1640 0.7836
O3 0.4891 0.1622 0.7722
Os 0.5290 0.1668 0.8142

from 0.7811 to 0.4356 and 0.1400, respectively. The same pat-
tern held across the remaining optimization levels and for the
Llama 3B backbone. Overall, these results suggested that the
mean and standard deviation vectors captured complementary
information, and that both were important for strong cross-
optimization clone-search performance.

2) Impact of Backbone Fine-Tuning: To isolate the con-
tribution of backbone fine-tuning to BCSD performance, we
conducted a controlled comparison in which the fine-tuned
Llama backbone was replaced with the original zero-shot
Llama model. Keeping the training dataset, data splits, loss
functions, optimizer settings, learning-rate schedule, batch
size, and number of epochs identical, we trained only the
pooler from scratch on top of the frozen zero-shot backbone.
We then repeated the clone-search experiment under the same
evaluation conditions and computed Recall@1.

Table IX highlights the impact of backbone fine-tuning on
BCSD performance. Across both GCC and Clang, fine-tuning
the Llama backbone consistently improved Recall@1 over the
zero-shot alternative. For example, for Llama 1B under GCC,
Recall@1 increased from 0.8132 to 0.8468 for O0–O1, and
from 0.7666 to 0.7897 for O0–O2. Under Clang, the same
model improved from 0.7565 to 0.7811 for O0–O1 and from
0.7728 to 0.7978 for O0–Os. Similar gains were observed
for Llama 3B. In particular, under GCC, Recall@1 increased
from 0.7746 to 0.8151 for O0–O2 and from 0.7728 to 0.8491
for O0–Os, while under Clang it improved from 0.7564 to
0.7836 for O0–O2 and from 0.7803 to 0.8142 for O0–Os.
These results showed that, although the zero-shot backbone
already provided reasonably strong representations, backbone
fine-tuning consistently improved discrimination across op-
timization levels and yielded the best overall clone-search
performance.
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TABLE IX: Recall@1 results of the fine-tuned versus zero-
shot Llama backbone when querying O0-compiled assembly
functions against target functions compiled under the listed
optimization levels with a pool size of 5,000.

Model Compiler Opt. Level Finetune Zero-shot

Llama 1B

GCC

O1 0.8468 0.8132
O2 0.7897 0.7666
O3 0.7688 0.7549
Os 0.8288 0.8012

Clang

O1 0.7811 0.7565
O2 0.7644 0.7447
O3 0.7598 0.7414
Os 0.7978 0.7728

Llama 3B

GCC

O1 0.8438 0.8228
O2 0.8151 0.7746
O3 0.7882 0.7552
Os 0.8491 0.7728

Clang

O1 0.7817 0.7615
O2 0.7836 0.7564
O3 0.7722 0.7493
Os 0.8142 0.7803

TABLE X: Recall@1 results of different LLM backbones
when querying O0-compiled assembly functions against target
functions compiled under the listed optimization levels with a
pool size of 5,000.

Model Compiler O1 O2 O3 Os

Gemma 2B
GCC 0.8177 0.7655 0.7411 0.8131

Clang 0.7502 0.7328 0.7317 0.7765

Qwen 4B
GCC 0.8145 0.7750 0.7434 0.8091

Clang 0.7637 0.7541 0.7425 0.7895

Llama 1B
GCC 0.8468 0.7897 0.7688 0.8288

Clang 0.7811 0.7644 0.7598 0.7978

Llama 3B
GCC 0.8438 0.8151 0.7882 0.8491

Clang 0.7817 0.7836 0.7722 0.8142

3) Alternative LLM Backbones: To examine whether the
effectiveness of LENA generalized beyond the Llama family,
we evaluated the framework with two additional decoder-only
LLM backbones: Gemma 2 2B and Qwen 3 4B. For a fair
comparison, these models were fine-tuned under the same
training setup used for Llama, including the same dataset,
data splits, loss function, optimizer configuration, learning-
rate schedule, batch size, and number of epochs. The only
model-specific adjustments were adapting the prompt format
to match the corresponding chat template and resizing the
projector input dimension to match the hidden representation
size of each backbone.

Table X reports the Recall@1 results across different op-
timization levels and compilers. Overall, the results showed
that LENA generalized well across backbone families, as
both Gemma 2B and Qwen 4B achieved strong clone-search
performance under GCC and Clang. However, the Llama-

based variants remained consistently stronger in most settings.
Under GCC, Llama 1B achieved the best Recall@1 on O1
with 0.8468, while Llama 3B performed best on O2, O3,
and Os with 0.8151, 0.7882, and 0.8491, respectively. Under
Clang, Llama 3B achieved the best performance across all
optimization levels, reaching 0.7817, 0.7836, 0.7722, and
0.8142 on O1, O2, O3, and Os, respectively. Among the
alternative backbones, Qwen 4B consistently outperformed
Gemma 2B, although both remained competitive. These results
suggest that the proposed framework is not tied to a specific
LLM family.

VI. DISCUSSION

A. Practicality of LENA

While LENA achieved substantial improvements in binary
code similarity detection accuracy, it is also important to
examine the computational implications of using large lan-
guage models. Existing BCSD approaches such as jTrans
and CLAP rely on encoder-only transformers derived from
BERT and RoBERTa, which contain approximately 110M–
125M parameters [45], [46], [11], [16]. In contrast, LENA
employs Llama 3.2 backbones with 1B and 3B parameters
[30]. As a result, LENA is inherently more computationally
demanding than smaller encoder-based baselines.

Nevertheless, the Llama variants used in our framework
remain modest compared with many modern large language
models and were designed with efficient deployment in mind.
Official ExecuTorch deployment results showed that, on an
Android OnePlus 12 device, the Llama 3.2 1B bf16 model
achieved 19.2 decode tokens/s, 60.3 prefill tokens/s, and a
1.0 s time-to-first-token, while the 3B bf16 model achieved 7.6
decode tokens/s, 21.2 prefill tokens/s, and a 3.0 s time-to-first-
token. The same report also indicated memory footprints of
approximately 3.2 GB and 7.4 GB RSS for the 1B and 3B bf16
variants, respectively [47]. Although these measurements were
obtained in a lightweight mobile deployment environment
rather than in our BCSD pipeline, they provided concrete
evidence that the Llama 3.2 1B/3B family remained practically
deployable under constrained hardware settings.

To further improve efficiency during training and adap-
tation, LENA used the optimized implementation provided
by Unsloth. In its official documentation, Unsloth reported
about 2× faster fine-tuning and roughly 70% lower memory
usage for Llama 3.2-based workflows compared with standard
implementations [48]. While such figures depend on the spe-
cific setup and training recipe, they nevertheless supported the
practicality of adapting billion-parameter LLM backbones on
single-GPU systems.

It is also important to consider the operational context of
BCSD systems. Binary similarity detection is commonly used
in offline security analysis workflows, such as vulnerability
discovery, malware analysis, and firmware auditing [27]. In
these settings, function embeddings are typically extracted
once and stored in an index for subsequent retrieval. Therefore,
the cost of embedding extraction is amortized over many
similarity queries, meaning that encoder runtime does not
directly determine online query latency.
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TABLE XI: Cross-ISA Recall@1 results of LENA 3B. XO
denotes cross-optimization evaluation and XC+XO denotes the
combined cross-compiler and cross-optimization setting. ARM
and MIPS binaries were drawn from the BinKit dataset using
the same train/test split as in the x86 experiments.

Arch
XO

XC + XO
GCC Clang

MIPS 0.7526 0.7717 0.6793
ARM 0.7761 0.7882 0.7095
x86 0.8784 0.8820 0.8194

Finally, LENA provides a practical scalability trade-off
through its two model variants. LENA 1B offers a lighter
configuration with lower computational requirements while
still outperforming prior BCSD approaches in our experiments.
LENA 3B provides further accuracy gains at additional com-
putational cost. This two-tier design allows practitioners to
select a model according to the available hardware budget and
the desired accuracy–efficiency trade-off.

B. Cross-ISA Generalization

To assess whether our approach was inherently limited
to x86-64, we conducted additional cross-architecture experi-
ments on ARM and MIPS using our 3B variant. To keep the
evaluation directly comparable to the main study, we followed
the same train/test split protocol and sourced the ARM and
MIPS binaries from BinKit, the same dataset used for the x86
experiments. Importantly, we did not fine-tune the underlying
LLM on the target Instruction Set Architecture (ISA); instead,
we froze our backbone and trained only the lightweight
adapter. This created a deliberately challenging transfer setting
that tested whether the proposed framework could generalize
beyond x86 without architecture-specific LLM adaptation.

The results (Table XI) showed that performance remained
strongest on x86, which was expected given that the main
focus of this work was cross-compiler and cross-optimization
BCSD in the x86 setting, consistent with prior literature.
Nevertheless, the model still achieved substantial performance
on ARM and MIPS. In the cross-optimization setting, the
average Recall@1 reached 0.7761/0.7882 on ARM under
GCC/Clang and 0.7526/0.7717 on MIPS under GCC/Clang.
In the more challenging combined cross-compiler + cross-
optimization setting, it achieved 0.7095 on ARM and 0.6793
on MIPS, compared with 0.8194 on x86. These findings indi-
cated that the proposed framework was not exclusively tied to
x86 syntax and retained a meaningful degree of transferability
across ISAs even without full LLM fine-tuning.

At the same time, the drop relative to x86 confirmed that
ISA shift remained a challenging source of distribution mis-
match. Differences in instruction vocabularies, register sets,
calling conventions, and compiler code generation patterns
likely reduced alignment when the backbone had been adapted
primarily in an x86-centered setting. Thus, while these results
demonstrated promising cross-ISA generalization, they also
suggested that full retraining or more extensive ISA-aware

adaptation would likely further improve performance on non-
x86 binaries.

Overall, these additional experiments refined, rather than
contradicted, the scope of our contribution. Our primary
objective was to study cross-compiler and cross-optimization
BCSD, and x86 was selected to align with the dominant
evaluation setting in the literature and enable fair comparison
with prior work. However, the ARM and MIPS results showed
that the proposed framework was not restricted to x86 and
could generalize reasonably well across architectures even
under a limited adaptation regime.

C. Adopting TsRR in BCSD evaluation.

Although our empirical analysis shows that the edge cases
where ta-RR fails occur in only a small fraction of our current
BCSD evaluations, approximately 0.06% of all examined
pairs, the theoretical distinction between TsRR and ta-RR
remains important. To the best of our knowledge, tie-aware
reciprocal-rank metrics have not been used in prior BCSD
evaluations, partly because the occurrence and impact of
tied similarity scores have not been systematically studied.
As BCSD evaluation practices become more rigorous, it is
therefore useful to adopt a reciprocal-rank metric with well-
defined behavior in the presence of ties.

We propose using TsRR as a direct replacement for MRR in
settings where tied similarity scores may occur. This transition
is practical because TsRR preserves the main interpretability
properties of reciprocal-rank-based metrics: it is bounded in
[0,1], higher values indicate better ranking quality, and in
the absence of tied similarity scores, it reduces exactly to
standard RR and therefore to MRR after averaging across
queries. Thus, TsRR remains compatible with conventional
MRR-based evaluation when ties do not occur, while providing
deterministic behavior when they do.

For reproducibility and ease of adoption, we recommend
reporting TsRR using a standardized evaluation template
consisting of three components: (1) TsRR as the primary
reciprocal-rank-based metric; (2) Tie-aware recall@k, with the
chosen values of k explicitly stated; and (3) tie statistics,
including tie frequency, tied-group size, and tied-group rank
distributions. This reporting template separates retrieval suc-
cess from tie behavior. Recall@k indicates whether relevant
results appear within a target cutoff, TsRR summarizes rank-
sensitive performance under ties, and the accompanying tie
statistics explain whether differences in TsRR are associated
with fewer, smaller, or lower-ranked tied groups.

Reporting MRR alongside TsRR is less informative when
ties are present because the standard RR value depends on
how tied candidates are ordered. In such cases, MRR may vary
under different tie-breaking policies, whereas TsRR assigns a
unique score by incorporating both the rank and the size of the
tied group. This makes TsRR a more suitable reciprocal-rank-
based metric for tied rankings while preserving compatibility
with existing evaluation frameworks. More broadly, although
we introduce TsRR in the context of BCSD, the same reporting
principle can apply to other software engineering retrieval
tasks where ranked outputs may contain tied similarity scores.
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D. Threats to Validity

As with any empirical study, our results were subject to
several threats to validity.

1) Internal Validity: Our ground truth relied on debug-
information-based mappings, which may become incomplete
or inaccurate under compiler optimizations. In addition, any
compilation or labeling errors in BinKit [40] could bias the
reported results.

2) External Validity: Our evaluation mainly covered x86
binaries, a limited set of compilers and optimization levels,
and a small number of LLM backbones. Although we included
additional experiments on ARM, MIPS, Gemma, and Qwen,
the findings may not fully generalize to other architectures,
toolchains, or deployment settings.

3) Construct Validity: We evaluated the method using
retrieval-oriented metrics such as Recall@1, reciprocal-rank-
based measures, and R-Precision. These metrics captured
clone-search and vulnerability-retrieval effectiveness, but not
all aspects of practical security analysis, such as false positive
burden or vulnerable-versus-patched discrimination.

E. Limitations and Future Work

Although LENA demonstrated strong performance, several
limitations remained. First, our main study was still largely
x86-centered, despite the additional ARM and MIPS experi-
ments, so broader multi-ISA evaluation remained future work.
Second, while LENA performed well in vulnerability retrieval,
we did not directly evaluate its ability to distinguish vulnerable
functions from their patched counterparts, which is an impor-
tant practical scenario in security analysis. Third, although the
framework generalized reasonably well to Gemma, Qwen, and
limited cross-ISA transfer, we considered only a small set of
decoder-only LLMs and adaptation settings. Broader evalu-
ation across model families, scales, and architecture-specific
adaptation strategies would further clarify the robustness and
portability of the approach.

VII. RELATED WORK

BCSD plays a pivotal role in software security, enabling
tasks such as vulnerability detection [5], [4], [3], malware
analysis [7], [49], [6], and software plagiarism detection [1].
The goal of BCSD is to identify semantically similar binary
functions despite differences introduced by various compil-
ers, optimization levels, or architectures. Recent advance-
ments leverage deep learning to address this problem, of-
fering promising solutions but leaving critical gaps in cross-
optimization and cross-compiler settings. Below, we situate
our approach with respect to the most closely related lines of
work and clarify how our design decisions address limitations
in prior art.

A. Representation Learning for BCSD

a) Pre-transformer and non-LLM encoders: Early neu-
ral BCSD systems such as Asm2Vec [28] learned function
representations by modeling control-flow-guided instruction
traces with Word2Vec-style objectives. While effective under

controlled settings, these architectures struggle to capture the
long-range dependencies and structural variance introduced by
different compilers and optimization levels.

b) Transformer encoders with contrastive objectives:
More recent methods employ Transformer encoders and con-
trastive learning to directly encourage invariance across com-
piler/optimization variants of the same function. Trex [10]
adopts a hierarchical Transformer pre-trained with an MLM-
like objective on micro-traces and then fine-tuned with a
margin-based pairwise loss using one positive and multiple
negatives. jTrans [11] introduces a jump-aware Transformer
that explicitly encodes control-flow and is fine-tuned with
a triplet loss. BinCola [15] uses a lighter-weight represen-
tation built from hand-crafted function features trained with
InfoNCE, and CLAP [16] leverages a RoBERTa backbone
aligned to natural-language rationales via InfoNCE to improve
robustness and scalability. Collectively, these systems hinge on
the availability and quality of negative samples; false negatives
(semantically similar yet labeled as dissimilar) and small-batch
training can hamper representation quality [12], [13], [14].

c) Regularizer-based and hybrid self-supervision: In
computer vision and language, non-contrastive regularizer-
based objectives (e.g., variance/covariance penalties) have
reduced dependency on negatives while maintaining infor-
mative features [20], [21]. However, purely non-contrastive
objectives can under-utilize the semantic signals that neg-
atives provide [22]. Hybrid objectives that combine con-
trastive alignment with variance/covariance regularization have
recently shown strong empirical behavior, yet they remain
underexplored in BCSD. Our work adopts such a hybrid
objective, pairing a contrastive term to align compiler/opti-
mization variants with variance and covariance regularizers to
preserve spread and de-correlate features, thereby exploiting
the complementary benefits of both paradigms.

d) LLMs for assembly representation: Prior BCSD mod-
els typically rely on BERT/RoBERTa-like encoders or task-
specific Transformers [10], [11], [50], [41], [16]. In contrast,
we start from a modern decoder-only LLM and specialize
it to assembly through a targeted auxiliary task, Optimiza-
tion Translation, which encourages invariance by translating
optimized code back toward its O0 form. We then derive
compact, statistics-based token summaries (mean and standard
deviation) from the LLM and train a lightweight MLP pro-
jector under the hybrid objective. This design yields unified
embeddings that are resilient to compiler- and optimization-
induced variability while remaining computationally tractable.

B. Evaluation Under Rank Ties
Most BCSD studies evaluate retrieval quality using metrics

such as Recall@k and RR/MRR, which emphasize the position
of the first correct match and implicitly assume a strict total
order over similarity scores [28], [10], [11], [50], [41], [16].
In practice, however, embedding-based retrieval can produce
tied scores due to floating-point granularity, quantization, or
local representation collapses, making conventional rank-based
metrics sensitive to arbitrary tie-breaking.

Tie-aware evaluation has been studied more broadly in
information retrieval. Prior work has proposed optimistic
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expected-rank formulations, such as tie-aware RR [25], as well
as pessimistic variants, such as PRR [26]. More general tie-
aware alternatives also exist for cumulative ranking metrics
such as Average Precision and Normalized Discounted Cu-
mulative Gain (NDCG) [51]. However, these metrics target a
different retrieval setting, typically involving multiple relevant
items and emphasizing overall ranked-list quality rather than
the first correct match. Since BCSD evaluation is commonly
centered on Recall@k and MRR-style first-hit effectiveness,
our focus in this work is specifically on the family of
reciprocal-rank-based metrics.

Within this family, optimistic tie-aware formulations can
over-credit indiscriminate systems that assign identical scores
to many candidates, while pessimistic formulations can over-
penalize and obscure meaningful distinctions. Our work intro-
duces a tie-sensitive reciprocal-rank variant that remains within
the RR/MRR evaluation paradigm while incorporating tie-
group size explicitly. TsRR interpolates between expected-rank
and worst-case behavior, penalizes larger tie groups, reduces to
classical RR in the absence of ties, and preserves monotonic,
deterministic scoring under tied rankings.

C. Positioning and Contributions
Relative to the above, our approach differs along two

main dimensions that, to our knowledge, have not been
jointly explored in BCSD. First, LENA specializes a modern
decoder-only LLM to assembly code through an optimization-
translation task that explicitly targets cross-optimization invari-
ance. Second, it trains a compact projector with a hybrid ob-
jective that combines contrastive alignment with variance/co-
variance regularization, improving robustness while reducing
embedding redundancy. In addition, we provide a supporting
tie-aware evaluation analysis to ensure that reciprocal-rank-
based comparisons remain well defined when tied similarity
scores occur. Empirically, LENA achieves consistent improve-
ments over competitive Transformer-based baselines across
cross-optimization, cross-compiler, and vulnerability-retrieval
settings, while the tie analysis serves to clarify evaluation
behavior rather than define the central contribution of the
paper.

VIII. CONCLUSION

In this work, we introduced LENA, a BCSD framework
that combines LLM specialization through an optimization-
translation fine-tuning task with a lightweight projector trained
using a hybrid contrastive–regularizer objective. Across cross-
optimization, cross-compiler, and vulnerability-retrieval evalu-
ations, LENA consistently outperformed state-of-the-art base-
lines, demonstrating the effectiveness of the proposed rep-
resentation learning strategy for robust binary function em-
beddings. As a supporting evaluation contribution, we also
analyzed tied similarity scores in BCSD and introduced TsRR
for deterministic reciprocal-rank-based reporting when tied
scores occur. While our current implementation is limited to
the x86-64 architecture and relies on BinKit-based ground
truth, future work will extend LENA to other architectures,
further refine vulnerability detection capabilities, and explore
additional fine-tuning strategies.
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APPENDIX A
AXIOMATIC PROPERTIES OF TSRR

Following the axiomatic tradition in IR evaluation, we
require any reciprocal-rank variant M to satisfy the following
desiderata:

(i) Range boundedness: 0 ≤ M ≤ 1.
(ii) Strict monotonicity: If the first relevant document moves

to an earlier rank (or a tighter tie), then M strictly
increases.

(iii) Reduction to classical RR: In the absence of ties, M =
1/r, where r is the rank of the first relevant document.

(iv) Balanced tie handling: Award partial credit within ties,
but penalize larger tie groups so that indiscriminate
“no-ranking” cannot outperform genuine but imperfect
rankings.

Proposition A.1. TsRR satisfies (i)–(iv) above, and in the
extreme case of a single tie covering all R retrieved documents
(with exactly one relevant document), TsRR reduces to the
PRR.

Proof. (i) Range boundedness. Since rpre ≥ 0, E[L] ≥ 1,
Lmax ≥ 1, and 0 ≤ τ ≤ 1, it follows that

rpre +Eτ [L] ≥ 1, (29)

hence 0 < TsRR = 1/(rpre +Eτ [L])≤ 1.
(ii) Strict monotonicity. Decreasing rpre (moving the tie

group up) or decreasing Eτ [L] (breaking the tie in favor of the
relevant document) strictly decreases the denominator rpre +
Eτ [L], and thus strictly increases TsRR.

(iii) Reduction to classical RR. When there are no ties,
|G|= k so τ = 0 and E[L] = 1. Thus

Eτ [L] = 1, TsRR =
1

rpre +1
=

1
r
, (30)

recovering the standard reciprocal rank.
(iv) Balanced tie handling. By interpolating between the

expected rank E[L] (as in ta-RR) and the worst-case rank Lmax
(as in PRR), weighted by τ , TsRR (a) grants partial credit
within ties and (b) increasingly penalizes larger tie groups
(since τ grows with |Girr|). Consequently, indiscriminate ties
cannot outperform a system that genuinely distinguishes doc-
uments.

Reduction to PRR under full tie. If all R documents form
a single tie and exactly one is relevant, then

rpre = 0, |G|=R, k= 1, Nirr =R−1 =⇒ τ = 1, Lmax =R,

so
Eτ [L] = R, TsRR =

1
R
, (31)

which matches the pessimistic reciprocal rank PRR= 1/R.

The sensitivity to tie size is precisely where TsRR departs
from ta-RR. Whereas ta-RR assigns the same score whenever
rpre+E[L] is equal, TsRR introduces the additional adjustment
factor τ that grows with the number of irrelevants tied to the
first relevant item. As a result, the effective denominator

rpre +Eτ [L] = rpre +E[L]+ τ (Lmax −E[L]), (32)

is strictly larger for larger tie groups, even when the value of
rpre + E[L] is identical. Consequently, TsRR assigns higher
scores to runs with smaller ties. Thus, TsRR breaks the
indifference of ta-RR: two systems that look equivalent under
ta-RR because they share the same rpre +E[L] are correctly
distinguished under TsRR, with preference given to the system
whose relevant item lies in a smaller, more informative tie
group.

APPENDIX B
SIMULATION-DRIVEN EVALUATION OF TSRR BEHAVIOR

Even if certain edge cases, such as situations where two
ranking outputs share the same expected rank but differ in
tie-group size, arise only infrequently in real-world corpora,
a robust evaluation metric must handle them consistently.
Frequency of occurrence cannot justify biased scoring: a
metric that assigns identical scores to configurations with
markedly different levels of uncertainty fails to reflect true
performance differences. Therefore, fairness demands that
variation in tie-group size or rank position, however rare,
be properly accounted for to provide a more accurate and
trustworthy assessment of ranking-system behavior.

In real-world corpora, many of the tie–rank configurations
needed to expose the boundary behavior of reciprocal-rank-
based metrics may occur only rarely, making it difficult to
evaluate TsRR comprehensively using standard BCSD test
collections alone. To address this limitation, we conduct
a simulation-based study in which we construct controlled
synthetic ranking scenarios. These scenarios are intended as
analytical edge cases rather than empirical models of the most
common ranking patterns in BCSD. Their purpose is to isolate
when RR, PRR, ta-RR, and TsRR agree, when they diverge,
and when pathological cases arise.

The completeness of these scenarios follows from the
structure of the tied-ranking problem. For a single relevant
document under ties, the behavior of reciprocal-rank-based
metrics is governed by two primitive quantities: (i) the number
of items ranked before the tie group containing the relevant
document, denoted rpre, and (ii) the size of that tie group,
denoted S = |G|. Equivalently, the group rank is R = rpre +1,
and the expected position of the relevant document under
random tie-breaking is rpre + E[L], where L is the position
of the relevant document within its tie group. Therefore, any
tied-ranking configuration can be represented as a point in the
two-dimensional space (rpre,S). Qualitative changes in metric
behavior can arise only from changes in rank position, changes
in tie size, or interactions between the two.

Based on this observation, we examine four primary trajec-
tory scenarios:

1. Tie size decreases from fully tied to fully ordered while
the group rank worsens.

2. Tie size decreases from fully tied to fully ordered while
the group rank remains at its best.

3. Tie size remains constant while the group rank improves.
4. The expected rank rpre +E[L] remains constant while tie

size increases.
Together, these scenarios form a compact but system-

atic coverage set over the two factors that determine tied
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Fig. 11: Scenario 1: Tie size S = |G| decreases from fully tied
to fully ordered while the group rank R worsens. Comparison
of RR, PRR, ta-RR, and TsRR in this edge case.
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Fig. 12: Scenario 2: Tie size S = |G| decreases from fully tied
to fully ordered while the group rank R remains at its best.
Comparison of RR, PRR, ta-RR, and TsRR in this edge case.

reciprocal-rank behavior: rank position and tie-group size.
Scenarios 2 and 3 isolate the two individual axes: reducing tie
uncertainty at a fixed best rank and improving rank position
at a fixed tie size. Scenario 1 captures their interaction when
the two axes move in opposite directions, i.e., the system be-
comes more discriminative but places the relevant item worse.
Scenario 4 captures an equivalence class under expected-
rank-based scoring, where two configurations have the same
expected rank but different tie-group sizes and hence different
levels of uncertainty. This mapping allows us to test agreement
cases, monotonicity cases, divergence cases, and pathological
cases in which a metric fails to distinguish rankings with
different uncertainty levels. Thus, the simulations are complete
with respect to the qualitative boundary behaviors induced
by (rpre,S), although they are not intended to enumerate all
empirical ranking trajectories that may occur in real BCSD
corpora.

In addition to the four primary scenarios, we isolate the
individual effects of tie size and rank by comparing TsRR on
pairs of configurations in which:

(i) tie sizes differ while rpre is held constant;
(ii) rpre differs while tie sizes are held constant.

The practical frequency with which these behaviors arise
in real BCSD evaluations is examined separately in RQ5.
In all simulation experiments, we assume a retrieval set of
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Fig. 13: Scenario 3: Tie size S = |G| remains constant while
the group rank R improves. Comparison of RR, PRR, ta-RR,
and TsRR in this edge case.
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Fig. 14: Scenario 4: Expected rank rpre+E[L] remains constant
while tie size S = |G| increases. Comparison of RR, PRR, ta-
RR, and TsRR in this edge case.

S: 80 S: 69 S: 58 S: 47 S: 36 S: 25 S: 14 S: 3
Tied Group Size

0.025

0.050

0.075

0.100

0.125

0.150

0.175

0.200

Sc
or

e

TsRR (R=5)
TsRR (R=10)

TsRR (R=15) TsRR (R=20)

Fig. 15: Monotonicity Experiment 1: Four fixed ranks R with
systematically decreasing tie sizes S = |G|. TsRR increases
monotonically as S decreases for constant R.

100 documents, comprising one relevant document and 99
irrelevant documents.

Fig. 11 presents the results for Scenario 1, in which the
ranking system initially treats all retrieved documents as tied,
then gradually achieves full discrimination, but ultimately
positions the relevant document last. As the plot illustrates, RR
fluctuates unpredictably because the position of the relevant
item within the tied group is random. PRR remains constant
because the worst possible rank does not change, while ta-RR
paradoxically assigns a higher score to a system that never
differentiates among documents than to one that places the
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TABLE XII: Coverage of qualitative metric behaviors by the four simulation scenarios.

Scenario Controlled variation Metric behavior tested Purpose

Scenario 1 S decreases while rpre worsens Conflicting effects between tie reduc-
tion and rank degradation

Tests whether a metric can balance
improved discrimination against worse
placement of the relevant item.

Scenario 2 S decreases while rpre remains optimal Tie-size effect at best rank Tests whether a metric rewards reduced
uncertainty when the relevant tie group
remains at the top.

Scenario 3 rpre improves while S remains fixed Rank-position effect at fixed uncertainty Tests whether a metric monotonically
rewards improved placement indepen-
dent of tie size.

Scenario 4 rpre + E[L] remains constant while S
changes

Equal expected rank but different tie
uncertainty

Tests whether a metric distinguishes
rankings that ta-RR treats as equivalent
despite different uncertainty levels.
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Fig. 16: Monotonicity Experiment 2: Four fixed tie sizes S =
|G| with systematically improving ranks R. TsRR increases
monotonically as R improves for constant S.

relevant item last. This behavior is undesirable: a complete
tie over the entire retrieval set reflects a total failure to
prioritize the relevant document, even though its expected
rank may appear less severe than the worst possible rank.
In contrast to ta-RR, TsRR attains its minimum when all
documents are tied. As the tie group begins to shrink, TsRR
increases, peaking when the system can distinguish half of
the retrieved items even though it still relegates the relevant
document to the lower half. This initial increase reflects the
fact that partial discrimination is better than no discrimination.
From that peak onward, as the system moves from partial
discrimination toward the second failure point of ranking the
relevant document last, TsRR declines until it returns to its
minimum at the worst case. By jointly accounting for both
tie-group size and rank position, TsRR captures the trade-off
between uncertainty reduction and ranking precision.

Figs. 12 and 13 present the results for Scenarios 2 and 3,
respectively. These two scenarios isolate the two monotonic di-
mensions of tied ranking. In Scenario 2, the relevant tie group
remains at the best rank while the tie size decreases. A metric
should therefore assign higher scores as uncertainty decreases,
because fewer irrelevant documents are indistinguishable from
the relevant document. In Scenario 3, the tie size remains
fixed while the group rank improves. A metric should therefore
assign higher scores as the relevant group moves closer to the
top of the ranked list. In both cases, RR continues to fluctuate

unpredictably, whereas PRR, ta-RR, and TsRR exhibit clear
upward trends as tie size or ranking performance improves.
Notably, TsRR consistently falls between ta-RR and PRR,
striking a middle ground: it is neither as lenient as ta-RR nor
as stringent as PRR.

In the final scenario, we analyze cases where the expected
rank rpre + E[L] is held constant, but the size of the tie
group containing the relevant document changes. While the
expected rank remains unchanged, smaller tie groups reduce
the positional uncertainty of the relevant document, making
the configuration inherently more favorable. A well-designed
metric should therefore assign higher scores when fewer irrel-
evant documents are tied with the relevant one. As illustrated
in Fig. 14, ta-RR fails to differentiate between tie groups of
different sizes when their expected ranks are equal, whereas
PRR and TsRR correctly reward the improvement resulting
from reduced tie size. This case is particularly important
because it exposes a failure mode that is invisible to metrics
based only on expected rank.

To empirically validate TsRR’s monotonicity, we conducted
two controlled experiments. In the first experiment, we fixed
four distinct rank positions and systematically reduced the size
of the tie group; the results are shown in Fig. 15. In the second
experiment, we fixed four tie-group sizes and systematically
improved rank positions; these findings appear in Fig. 16. In
both cases, TsRR behaves monotonically: for a constant tie-
group size, a better rank yields a higher TsRR score, and for a
constant rank, a smaller tie group likewise produces a higher
TsRR score. These monotonicity experiments complement the
four trajectory scenarios by confirming that TsRR responds
consistently to isolated improvements along each of the two
primitive dimensions of tied-ranking behavior.

APPENDIX C
KNOWN VULNERABILITY DETECTION DATASETS

This appendix provides the complete list of known vulner-
abilities used in our vulnerability-detection experiments. We
include these details to make the construction of the evaluation
set transparent and to clarify which projects and CVEs are
used as unseen test cases. Table XIII reports the 127 CVEs
collected from five unseen projects in the main vulnerability-
detection dataset. Table XIV reports the additional CVEs
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used from the BinKit-CVE dataset. These datasets allow us
to evaluate whether binary-similarity methods can retrieve
vulnerable functions when the query and candidate binaries are
compiled under different compiler and optimization settings.

TABLE XIII: CVE details for the vulnerability detection
experiments. The table maps each project to its associated
CVEs. In total, we collected 127 CVEs from five unseen
projects.

Project CVEs

libpng CVE-2015-7981, CVE-2015-8540, CVE-2015-8126, CVE-2015-
8472

FreeType CVE-2012-1142, CVE-2014-9664, CVE-2010-3855, CVE-2014-
9662, CVE-2017-8287, CVE-2014-9669, CVE-2014-9661, CVE-
2014-9747, CVE-2012-1141, CVE-2017-7858, CVE-2012-1132,
CVE-2012-1129, CVE-2014-9663, CVE-2014-9746, CVE-2014-
9660, CVE-2010-2805, CVE-2012-1140, CVE-2012-1135, CVE-
2014-9656, CVE-2012-5668, CVE-2014-9659, CVE-2012-1144,
CVE-2014-9658

OpenSSL CVE-2014-0221, CVE-2015-0209, CVE-2014-3508, CVE-2016-
6302, CVE-2015-1789, CVE-2015-0205, CVE-2015-0288, CVE-
2014-8275, CVE-2015-3196, CVE-2014-3510, CVE-2016-2176,
CVE-2016-2108, CVE-2014-0198, CVE-2014-3569, CVE-2016-
6306, CVE-2015-0292, CVE-2016-6303, CVE-2014-3513, CVE-
2015-1793, CVE-2015-1790, CVE-2014-0224, CVE-2014-3512,
CVE-2016-2105, CVE-2016-2182, CVE-2016-2177, CVE-2014-
3507, CVE-2015-1788, CVE-2015-0293, CVE-2015-3195, CVE-
2016-2109, CVE-2016-0705, CVE-2015-0206, CVE-2016-2178,
CVE-2016-2180, CVE-2010-5298, CVE-2016-6304, CVE-2014-
3568, CVE-2016-0797, CVE-2013-0166, CVE-2015-0286, CVE-
2016-2106, CVE-2016-0798, CVE-2014-0160, CVE-2015-0289,
CVE-2015-1791, CVE-2014-8176

libxml2 CVE-2015-5312, CVE-2015-8317, CVE-2015-8241, CVE-2015-
7498, CVE-2016-5131, CVE-2013-2877, CVE-2015-7500, CVE-
2015-7941, CVE-2015-7499

tcpdump CVE-2017-12995, CVE-2017-13039, CVE-2017-12992, CVE-
2017-13015, CVE-2017-13043, CVE-2017-12896, CVE-2017-
11542, CVE-2017-13004, CVE-2017-12989, CVE-2017-13046,
CVE-2017-12998, CVE-2017-13009, CVE-2017-13045, CVE-
2017-13029, CVE-2017-13008, CVE-2017-13040, CVE-2017-
13688, CVE-2017-13690, CVE-2017-13012, CVE-2017-12985,
CVE-2017-13017, CVE-2017-13050, CVE-2017-12902, CVE-
2017-13000, CVE-2017-12901, CVE-2017-13687, CVE-2017-
13028, CVE-2017-13689, CVE-2017-13725, CVE-2017-12899,
CVE-2017-12990, CVE-2017-13021, CVE-2017-13034, CVE-
2017-13002, CVE-2017-13049, CVE-2017-13033, CVE-2017-
13032, CVE-2017-13051, CVE-2017-12898, CVE-2017-13035,
CVE-2017-13007, CVE-2017-11541, CVE-2017-13031, CVE-
2017-12897, CVE-2017-12993

TABLE XIV: CVEs from the unseen projects in the BinKit-
CVE dataset.

Project CVEs

a2ps-4.14 CVE-2015-8107
tar-1.34 CVE-2022-48303
sharutils-4.15.2 CVE-2018-1000097
cpio-2.12 CVE-2010-4226, CVE-2019-14866, CVE-2021-38185
cflow-1.7 CVE-2023-2789
patch-2.7.5 CVE-2016-10713, CVE-2018-6951, CVE-2018-6952,

CVE-2019-13636, CVE-2018-20969, CVE-2019-20633
libmicrohttpd-0.9.75 CVE-2023-27371


	Introduction
	Background and Problem Definitions
	Cross-compiler/optimization BCSD
	Contrastive and Non-Contrastive Learning
	Tied Similarity Scores

	Approach
	Model Selection
	LLM Fine-tuning
	Representation Learning

	Evaluation Metrics
	Tie-sensitive Reciprocal Rank (TsRR)
	Recall@k

	Empirical Study
	Research Questions
	Experimental Environment
	Datasets
	Counterpart Selection
	Hyperparameters
	RQ1: Representation Learning Effectiveness
	RQ2: LENA's Effectiveness in Cross-Optimization and Cross-Compiler BCSD
	RQ3: Impact of Pool Size on LENA's Performance
	RQ4: LENA's Effectiveness in Vulnerability Detection
	RQ5: Occurrence Pattern and Impacts of Tie in BCSD
	Ablation Study
	Contribution of Mean and Standard Deviation Representations
	Impact of Backbone Fine-Tuning
	Alternative LLM Backbones


	Discussion
	Practicality of LENA
	Cross-ISA Generalization
	Adopting TsRR in BCSD evaluation.
	Threats to Validity
	Internal Validity
	External Validity
	Construct Validity

	Limitations and Future Work

	Related Work
	Representation Learning for BCSD
	Evaluation Under Rank Ties
	Positioning and Contributions

	Conclusion
	References
	Biographies
	Mohammadhossein Amouei
	Benjamin C. M. Fung
	Philippe Charland
	Jun Meng

	Appendix A: Axiomatic Properties of TsRR
	Appendix B: Simulation-Driven Evaluation of TsRR Behavior
	Appendix C: Known Vulnerability Detection Datasets

