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Abstract
Large binary models are costly to use for Binary Code Similarity
Detection (BCSD) at scale, motivating their distillation into com-
pact encoders. Existing BCSD distillation work focuses mainly on
teacher reliability, while student-side factors remain underexplored.
We conduct a controlled study on a large-scale cross-project bench-
mark, fixing the student architecture and task objective while com-
paring three distillation objectives with the retrieval-specialized
CLAP and the best-performing objective with the generative de-
compiler Nova. Our results show that direct task training produces
a strong student that nearly matches zero-shot CLAP, while distilla-
tion adds only marginal gains. We therefore study two student-side
factors that shape how teacher supervision is received: its interac-
tion with task training and the input visible to the student. Under
the same loss coefficient, different distillation objectives produce
markedly different gradient interactions with InfoNCE, yet these
statistics do not yield a simple rule for loss balancing. Increasing
the student context from 64 to 1,024 tokens consistently improves
embedding distillation and narrows the gap to CLAP. These results
show that reliable BCSD distillation depends not only on teacher
quality, but also on the student’s optimization and input constraints.
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1 Introduction
Binary code similarity detection (BCSD) supports automated vul-
nerability localization, patch analysis, and code-clone detection
when source code or reliable symbols are unavailable, making it an
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important component of software supply-chain security [2, 5, 6, 24].
This task is challenging because the same function can have very dif-
ferent binary representations across compilers, optimization levels,
architectures, and obfuscation settings, while unrelated functions
may still exhibit similar instruction and control-flow patterns [13].
Accordingly, learning-based methods have increasingly moved be-
yond hand-crafted features toward representations learned from
binaries. Reliable similarity detection, however, still depends on
capturing semantics that remain stable across different settings [17].

Obtaining such representations at scale creates a practical trade-
off. Searching millions of functions requires compact encoders that
can process and compare functions efficiently. Their limited capac-
ity and short input windows, however, may prevent them from
modeling semantic evidence distributed across long functions. Re-
cent high-capacity models for binary analysis can capture such
evidence from longer contexts [4, 9, 16, 18, 25], but are too expen-
sive to apply to every function in a large retrieval corpus. This
motivates using them as offline teachers for compact models.

Recent work has explored using knowledge distillation as a gen-
eral add-on to existing specialized BCSD models. BinSKD [28] uses
CLAP [21], a specialized binary representation model with strong
retrieval performance, as the teacher. It keeps each student’s origi-
nal architecture, input processing, and task loss, and adds CLAP’s
pairwise similarity relations to four heterogeneous students: Her-
mesSim [8], jTrans [22], SAFE [14], and BinaryAI [27]. BinSKD
focuses on teacher-signal quality, using a query-level gate to retain
supervision only when CLAP outperforms the student. This im-
proves all four students, but the gains vary substantially. At a pool
size of 8,192, HermesSim improves from 0.655 to 0.750 Recall@1
and slightly surpasses CLAP at 0.744, whereas BinaryAI rises only
from approximately 0.12 to 0.23 and remains far behind. Without
selection, direct relational distillation instead reduces HermesSim’s
MRR drastically from 0.716 to 0.069. These student-side differences
in input representation, architecture, task objective, and original
performance make the reported gains difficult to compare, while
their individual effects remain unexplored in BinSKD. These find-
ings raise a broader trustworthiness question: when the student
and its training pipeline are held fixed, how much reliable value
does teacher supervision add beyond direct task training, and what
limits that value?

To answer this question, rather than refining teacher signals,
we study how student-side factors shape their effectiveness. We
conduct a controlled study on the large-scale cross-project BCSD
benchmark [13], covering multiple compilers and optimization lev-
els.We fix the student architecture to a compact BERT-style encoder,
pretrain it with masked language modeling (MLM), and train it for
retrieval with InfoNCE [20], following a common design in recent
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Figure 1: Overview of the controlled distillation framework. For a batch of binary functions, a frozen teacher supervises an
MLM-pretrained compact student using InfoNCE and one of three distillation objectives.

BCSD research [10, 22]. We also measure the practical efficiency
gain of this compact student for offline corpus encoding. With
the student and task training fixed, we use CLAP [21], a retrieval-
specialized model, as the primary teacher and evaluate all three
distillation objectives. To examine teacher choice, we apply the best-
performing CLAP distillation objective to Nova [9], a generative
decompiler, under the same setup. We then study two student-side
factors beyond BinSKD: how distillation interacts with task train-
ing in the student’s parameter space, and how the student’s input
coverage affects what can be transferred from the teacher.

Our controlled study leads to three main findings:

• Direct task training accounts formost student performance.
Pure distillation transfers useful BCSD knowledge but remains
substantially weaker than direct InfoNCE training. Under joint
training, distillation provides only small, metric-dependent gains,
and differences in teacher performance are not consistently in-
herited by the student.

• Distillation objectives interact differently with direct task
training. Under the same loss weight, embedding alignment,
ranking, and similarity matching produce substantially different
gradient directions and scales relative to InfoNCE. These results
show that the same teacher can impose very different optimiza-
tion pressure on the student’s direct task objective depending on
how its knowledge is transferred.

• Student context strongly affects knowledge transfer. In-
creasing the student context from 64 to 1,024 tokens consistently
improves embedding distillation and reduces the nDCG@1024
gap to CLAP from 0.1143 to 0.0270. Thus, input coverage explains
a substantial part of the observed teacher-student gap.

To the best of our knowledge, this is the first controlled empirical
study of student-side factors in BCSD distillation. By fixing the
student pipeline, we study how direct task training, loss interaction,
and student input context shape knowledge transfer. Our results
show that teacher quality alone is insufficient: effective distillation
also depends on how teacher supervision interacts with student

training and how much relevant input the student can observe. Our
code and experimental artifacts are available at 1.

2 Knowledge Distillation
To systematically investigate how teacher selection and supervision
signals influence knowledge transfer duringmodel compression, we
design a controlled distillation framework. Our framework isolates
two factors that determine distillation effectiveness: the source of
transferred knowledge (teacher model) and the form of supervision
signal (distillation objective). As illustrated in Figure 1, we freeze
the teacher parameters and optimize a compact student encoder
using task-specific contrastive learning combined with one of three
distillation objectives: Embedding Alignment, Relative Rank-
ing, and Similarity-Score Matching. This design allows us to
separate the effects of teacher choice and distillation objective on
student performance.

2.1 Teacher Model
In our controlled setting, we use two teachers with different relation-
ships to the downstream task. CLAP [21] is our primary teacher
and Nova [9] serves as a complementary case. CLAP is a task-
specific binary representation model trained directly for BCSD, and
therefore represents a task-aligned source of supervision. Nova, in
contrast, is a decoder-only model trained for binary decompilation
rather than retrieval. We derive its function-level representation by
mean-pooling the final hidden states. Nova serves as a contrasting
teacher whose representations encode binary semantics through
assembly-to-source generation but are less directly aligned with the
BCSD objective. Using both teachers allows us to test whether our
observations about student-side conditions depend on the teacher
being specialized for the downstream task.

2.2 Student Model
To support scalable retrieval over large BCSD corpora, we distill
teacher knowledge into a compact BERT-style student encoder [1]
with lower computational cost and memory use. The student is

1https://github.com/withblues/BinAI
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designed to isolate the effect of knowledge distillation by keeping
the architecture relatively straightforward. BERT-style encoders are
widely used for binary representation learning: jTrans [22] extends
BERT with jump-aware modeling and a jump target prediction
objective, while PalmTree [10] augments BERT-style pretraining to
capture structural and data-flow relations between instructions. We
initialize the student with masked language modeling (MLM) before
BCSD-specific fine-tuning. By keeping the student architecture
compact and standard, we can study teacher supervision without
confounding it with additional architectural components.

Beyond reducing the number of model parameters, we restrict
the student’s input length to control the cost of encoding and in-
dexing large function corpora. For downstream BCSD training and
retrieval, we restrict the student input to 128 tokens, whereas the
teachers process up to 1,024 tokens, reducing the student-visible
context by 87.5%. We choose this relatively small downstream con-
text window to represent a resource-constrained deployment set-
ting rather than to match the capacity of the teachers. Consequently,
during downstream training the student may observe only part of
the code on which a teacher representation depends. We study the
effect of this input coverage separately in RQ3 (Section 3.5).

2.3 Task-Aligned Student Training
To isolate the contribution of teacher supervision from task-aligned
fine-tuning, we establish the student baseline trained exclusively
with the BCSD objective InfoNCE, which directly shapes the embed-
ding space for similarity retrieval by increasing similarity between
positive function pairs while separating in-batch negative candi-
dates.

For a batch of 𝑁 query-positive pairs (2𝑁 representations in
total), the model computes pairwise cosine similarities across all
function representations. For a query function 𝑖 and its correspond-
ing positive example 𝑝 (𝑖), the InfoNCE objective is formulated as:

LInfoNCE = − 1
2𝑁

2𝑁∑︁
𝑖=1

log
exp(𝑆𝑠

𝑖,𝑝 (𝑖 )/𝜏)∑︁2𝑁
𝑗≠𝑖 exp(𝑆𝑠𝑖 𝑗/𝜏)

. (1)

where 𝑆𝑠𝑖 𝑗 denotes the cosine similarity between student function
embeddings, 𝜏 is the temperature parameter, and 𝑁 represents
the number of query-positive pairs in the batch. Positive pairs are
constructed from binary functions compiled from the same source-
level function within the same binary identity, while the remaining
functions in the mini-batch serve as implicit negative candidates
after filtering potential false negatives.

2.4 Knowledge Distillation Objectives
We compare three distillation objectives that are all applicable
to retrieval tasks but impose different constraints on the student.
Embedding alignment asks the student to reproduce the teacher
representation, similarity matching preserves metric relationships
between functions, and ranking distillation retains only their rela-
tive order. This range allows us to examine whether a compact stu-
dent benefits more from reproducing the teacher’s representation
directly or from preserving less-restrictive relational information.
A useful distillation target should therefore transfer information
that matters for BCSD, that the compact student can reproduce,
and that does not work against the InfoNCE training objective.

2.4.1 Embedding-Alignment Distillation. Embedding-alignment dis-
tillation aligns student representations with teacher outputs by
minimizing the discrepancy between corresponding function em-
beddings [7]. For two vectors 𝑢, 𝑣 , let sim(𝑢, 𝑣) = 𝑢⊤𝑣/(∥𝑢∥∥𝑣 ∥)
denote their cosine similarity. Since BCSD retrieval relies on angu-
lar similarity, we optimize the cosine distance between the teacher
and student representations of the same binary function, Lemb =

1 − sim(𝑧𝑡 , 𝑧𝑠 ), where 𝑧𝑡 and 𝑧𝑠 denote the teacher and student em-
beddings of the same binary function. Because the teacher model
is frozen, the loss acts solely as a directional regression target, di-
rectly encouraging the student embedding 𝑧𝑠 to align with the fixed
reference vector 𝑧𝑡 without requiring negative sampling.

Teacher and student embeddings may have different dimension-
alities. To enable alignment, we introduce a trainable projection
head that maps the student representation into the teacher em-
bedding space before computing the loss. The projection head is
optimized jointly with the student encoder.

2.4.2 Similarity-based Distillation. Rather than matching individ-
ual embeddings, similarity-based distillation transfers the structure
of the teacher embedding space [19]. This is particularly relevant for
BCSD, where retrieval depends on functional similarity rather than
exact vector coordinates. For a batch of 𝑁 functions we form the
pairwise cosine similarity matrix 𝑆 ∈ R𝑁×𝑁 with 𝑆𝑖 𝑗 = sim(𝑧𝑖 , 𝑧 𝑗 ).
Because both similarity-based objectives operate on these scalar
similarities rather than on the embeddings themselves, they decou-
ple the student architecture from the teacher and allow different
embedding dimensionalities without an auxiliary projection head.
We consider two objectives:

Relative Ranking. Ranking distillation preserves the ordering
induced by the teacher without requiring the student to reproduce
its embeddings or exact similarity values. For each query function
𝑖 in a batch of size 𝐵, we take the 𝑘 in-batch candidates the teacher
scores highest, re-indexed so that 𝑆𝑡𝑖1 ≥ · · · ≥ 𝑆𝑡

𝑖𝑘
, and form all

(︁𝑘
2
)︁

pairs ( 𝑗,𝑚) with 𝑗 < 𝑚, so that the teacher always prefers 𝑗 over
𝑚. The student is trained to reproduce each of these preferences:

Lrank = − 1
𝐵
(︁𝑘
2
)︁ 𝐵∑︁

𝑖=1

∑︁
𝑗<𝑚

𝑆𝑡𝑖 𝑗 − 𝑆𝑡𝑖𝑚
𝜏⏞     ⏟⏟     ⏞

teacher margin

log𝜎
(︃
𝑆𝑠𝑖 𝑗 − 𝑆𝑠𝑖𝑚

𝜏

)︃
, (2)

where𝜎 (𝑥) = (1+𝑒−𝑥 )−1 is the logistic sigmoid and 𝜏 the distillation
temperature. The loss penalizes disagreements with the teacher’s
ordering, while weighting each pair by the teacher margin. Since
this margin is non-negative by construction, confidently separated
pairs receive more weight than near-ties.

Similarity-score matching. Similarity matching transfers the
continuous relational distance structure of the teacher’s represen-
tation space. The student directly matches the pairwise cosine
similarities produced by the teacher:

Lsim =
1
𝑁 2

∑︁
𝑖, 𝑗

(︂
𝑆𝑠𝑖 𝑗 − 𝑆𝑡𝑖 𝑗

)︂2
(3)

where 𝑆𝑠 and 𝑆𝑡 denote the student and teacher pairwise similarity
matrices, respectively. Unlike ranking distillation, it preserves the
numerical differences between teacher similarity scores.
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2.5 Joint Training
To evaluate whether teacher supervision provides complementary
information beyond task-aligned contrastive learning, we jointly
optimize the student using Ljoint = 𝜆InfoNCELInfoNCE + 𝜆distillLdistill,
where Ldistill ∈ {Lemb,Lsim,Lrank} is the selected teacher super-
vision objective. In all experiments we set 𝜆InfoNCE = 𝜆distill = 1,
allowing us to compare distillation objectives under the same joint-
training setup without additional loss-weight tuning. This lets us
measure whether teacher knowledge complements or interferes
with task-aligned representation learning.

3 Evaluation
Our evaluation first quantifies the practical benefit of a compact
student for large-scale BCSD, and then examines how effectively
knowledge from pretrained binary models can be transferred to it.
We study the roles of teacher supervision, distillation objectives, and
student context length through the following research questions:

RQ1: To what extent does teacher supervision improve a compact
student beyond direct BCSD training (§3.3)?

RQ2: How do distillation objectives differ in their interaction with
task training (§3.4)?

RQ3: How does the student’s context window affect knowledge
transfer from the teacher (§3.5)?

We first describe the experimental setup and quantify the practical
efficiency gains that motivate the use of a compact student, followed
by the experiments and findings for each research question.

3.1 Experimental Setup
To ensure fair comparisons, all student models were implemented
using PyTorch and HuggingFace Transformers and trained on a
single NVIDIA H100 GPU with identical configurations.

Dataset. We utilize the Cisco Talos BCSD dataset [13], which con-
tains binary functions compiled from multiple C and C++ projects
under different compilation configurations. Although the original
dataset contains multiple architectures, we focus on the x64 sub-
set in this work. We follow the benchmark’s cross-project split,
keeping training, validation, and test projects disjoint to prevent
project-level leakage and evaluate generalization to unseen projects.
The resulting dataset contains approximately 3.60m training binary
functions, 55.3k validation binary functions, and 514k test binary
functions. CLAP’s pretraining data are documented, but Nova’s are
not fully specified, so overlap with our evaluation projects cannot
be ruled out.

Model Configuration and Training. For CLAP, we use the re-
leased preprocessing pipeline and tokenizer. Nova releases its to-
kenizer but not preprocessing code, so we reconstruct its input
format from the provided processed examples. Nova readout repre-
sentations are obtained by mean pooling the final hidden states.

The student uses disassembly text with direct jump targets re-
based to instruction-position labels, as also done by CLAP and
Nova, while other normalization details differ slightly across mod-
els. We train a WordPiece tokenizer with NFKC normalization and
whitespace pre-tokenization, resulting in a vocabulary of 33,555
tokens. The vocabulary was constructed once from the complete

x64 corpus and may therefore reflect lexical information from held-
out projects, although vocabulary construction is unsupervised and
uses neither retrieval labels nor function correspondences. We keep
a separate student tokenizer to keep its input pipeline fixed across
teachers and avoid coupling it to any teacher-specific tokenizer.

The student is a 6-layer BERT encoder with hidden size 512,
intermediate size 2,048, and 8 attention heads (36.9M parameters).
We pretrain it from scratch with MLM on functions from the down-
stream training projects for six epochs using dynamic masking
(𝑝 = 0.15), sequences of up to 1,024 tokens, AdamW with learning
rate 5 × 10−5, and an effective batch size of 128. Validation projects
are used for checkpoint selection, and all student parameter updates
use only functions from the downstream training projects.

For downstream BCSD training and distillation, we use AdamW
with learning rate 1×10−5, linear warmup followed by linear decay,
six epochs, and a batch size of 128. The maximum input length is
128 tokens by default. For InfoNCE, each batch contains 128 query-
positive pairs, giving 256 representations. Each representation has
one explicit positive and at most 254 in-batch negatives after exclud-
ing itself; same-identity and identical-token collisions are masked.
Function representations are obtained by attention-mask-aware
mean pooling over the final hidden states. For embedding align-
ment, a trainable linear layer projects the 512-dimensional student
representation to the teacher dimension before L2 normalization.

Retrieval-Pool Construction. The retrieval corpus contains all
514,071 x64 test functions, with no per-query candidate sampling.
Two functions are considered a match if they share the same tuple
(project, binary_name, function_name), corresponding to differ-
ent compiled instances of the same source-level function. Functions
with at least one other matching instance are used as queries, with
the query itself removed from the candidate pool; unmatched func-
tions remain as negative candidates. All compiler families, versions,
and optimization levels in the test split are retained.

Comparedwith BinSKD’s sampled pools of up to 8,192 candidates
with one positive target per query, our evaluation uses the full 514k-
function corpus and allows multiple relevant instances per query,
providing a more realistic large-scale retrieval setting.

Metrics. All embeddings are L2-normalized and candidates are
ranked by cosine similarity. Because each query may have multi-
ple ground-truth matches, we focus on Recall@𝑘 and nDCG@𝑘
at larger cutoffs to evaluate retrieval coverage and ranking qual-
ity. Because the candidate pool contains 514k functions, we use
𝑘 ∈ {512, 1024} for high-recall candidate generation; even these
cutoffs correspond to only about 0.10% and 0.20% of the full pool.
We additionally report MRR to characterize the rank of the first
ground-truth match. Recall@1 is less informative in our multi-
positive setting, where a correct top-ranked match contributes only
a fraction of the query’s total ground-truth matches.

Model Variants. All student variants start from the same MLM-
pretrained BERT encoder, and both teachers remain frozen. We
name them [type]_[objective]_[T], where [type] is distil
(distillation only) or joint (with InfoNCE), [objective] is embd,
sim, or rank (§2.4), and T is the supervising teacher. Student
Baseline denotes the task-only model trained with InfoNCE alone.

4



Can We Trust Strong Teachers? Auditing Knowledge Distillation for Binary Code Similarity Detection RASE ’26, October 12–16, 2026, Munich, Germany

Table 1: Offline corpus-encoding efficiency on an H100 GPU.
Time and throughput report the mean with standard devia-
tion as a subscript; memory is the maximum observed peak.

Model Corpus Time
(s)

Throughput
(functions/s)

Peak GPU
Memory (MiB)

CLAP 4224.36.87 121.69.03 15,499
Student Baseline 125.061.19 4110.8738.64 1,083

For CLAP, we evaluate all three objectives, while for Nova, we use
the best-performing CLAP distillation objective.

3.2 Student Efficiency
Before evaluating knowledge transfer, we first verify the practical
motivation for distilling into a compact student. Large-scale BCSD
may require indexing repositories with millions of functions and
repeatedly updating the index as new binaries or firmware arrive,
making even offline corpus encoding computationally and memory
intensive. We compare CLAP with the default 128-token student on
the same 514,071-function test corpus using one NVIDIA H100 GPU
and a batch size of 64; each measurement is repeated five times.

As shown in Table 1, Student Baseline reduces corpus en-
coding time from 4,224.36 s to 125.06 s, corresponding to a 33.78×
increase in throughput, while reducing peak GPU memory from
15,499MiB to 1,083MiB (14.31×). These savings motivate compact
encoders for large-scale BCSD. Distillation provides a natural way
to transfer prior knowledge from large pretrained models to such a
student; the following RQs examine how effectively this knowledge
can be transferred.

3.3 RQ1: How Much Does Teacher Supervision
Contribute Beyond Direct BCSD Training?

In RQ1, we ask how much teacher supervision adds beyond direct
BCSD training. We evaluate all three distillation objectives with
CLAP under joint training, test embedding and similarity distillation
without InfoNCE, and apply the best CLAP objective to Nova to
assess the effect of teacher strength.

Effect of training objectives. We separate the contribution of
teacher supervision from that of direct BCSD training, comparing
the same student under MLM pretraining only, pure distillation,
InfoNCE only, and joint training.

Table 2 shows that pure distillation transfers useful BCSD in-
formation from CLAP. distil_sim_CLAP raises nDCG@1024 from
0.4790 at the Student Baseline checkpoint to 0.6310, and distil_
embd_CLAP also improves over this checkpoint. However, the ran-
domly initialized InfoNCE model Student Baseline (no MLM) al-
ready reaches 0.6941, outperforming both pure-distillation variants.
MLM pretraining in Student Baseline provides only a smaller
additional gain. Direct task training is therefore the main source of
student retrieval performance.

Once InfoNCE is present, the effect of teacher supervision de-
pends on the distillation target. joint_sim_CLAP provides only a
small improvement in nDCG@1024, from 0.7010 to 0.7060. joint_
rank_CLAP remains close to the baseline, while joint_embd_CLAP
degrades performance. Thus, teacher supervision provides a useful

Table 2: Ablation of task-aligned training and distillation
with CLAP as the teacher. Joint variants combine InfoNCE
with a distillation objective; pure-distillation variants ex-
clude InfoNCE. All variants are single training runs.

Model nDCG
@512

Recall
@512

nDCG
@1024

Recall
@1024

Baselines
Student Baseline (no InfoNCE) 0.4674 0.5205 0.4790 0.5544
Student Baseline (no MLM) 0.6826 0.8388 0.6941 0.8731
Student Baseline 0.6895 0.8562 0.7010 0.8905

Pure Distillation
distil_embd_CLAP 0.5915 0.7057 0.6043 0.7437
distil_sim_CLAP 0.6173 0.7516 0.6310 0.7924

Joint Training
joint_embd_CLAP 0.6745 0.8273 0.6866 0.8631
joint_rank_CLAP 0.6879 0.8499 0.6996 0.8850
joint_sim_CLAP 0.6949 0.8608 0.7060 0.8936

Table 3: Zero-shot teachers and jointly trained students (RQ1).
Student results report the mean with population standard
deviation as subscript over seeds 42, 7, and 99. Teachers are
evaluated once zero-shot.

Model MRR nDCG
@512

R
@512

nDCG
@1024

R
@1024

Teacher (zero-shot)
CLAP 0.6416 0.7104 0.8667 0.7186 0.8917
Nova 0.6686 0.4821 0.5232 0.4946 0.5590

Task-aligned student
Student Baseline 0.6544.0295 0.6906.0008 0.8574.0011 0.7021.0007 0.8914.0009
joint_sim_CLAP 0.6298.0314 0.6932.0012 0.8597.0008 0.7044.0012 0.8929.0005
joint_sim_Nova 0.6619.0141 0.6937.0007 0.8538.0008 0.7047.0006 0.8867.0012

signal in isolation, but adds little beyond direct task training and
can be harmful depending on the distillation objective.

Effect of teacher choice. As shown in Table 3, CLAP and Nova
exhibit different zero-shot retrieval profiles. CLAP performs sub-
stantially better at larger cutoffs, reaching 0.7186 nDCG@1024 and
0.8917 Recall@1024, compared with 0.4946 and 0.5590 for Nova.
In contrast, Nova achieves higher MRR (0.6686 versus 0.6416), in-
dicating better top-ranked retrieval, while CLAP better recovers
the broader set of matching instances. The two teachers therefore
have different strengths, and their relative quality depends on the
retrieval metric.

Despite their different zero-shot profiles, the jointly trained
students perform similarly. At nDCG@1024, CLAP exceeds Nova
by 0.2240 as a teacher (0.7186 vs. 0.4946), yet after distillation
joint_sim_CLAP and joint_sim_Nova reach 0.7044 and 0.7047,
respectively, both only slightly above the Student Baseline of
0.7021. Their 0.0003 difference is smaller than the observed seed
variation. More broadly, joint_sim_Nova is numerically best in
MRR and nDCG, while joint_sim_CLAP is best in Recall. Thus,
teacher strength is not consistently inherited by the student, and
distillation adds only small gains beyond direct InfoNCE training.

Answer to RQ1. Pure distillation transfers useful signal but re-
mains weaker than direct InfoNCE training. Under joint training,
teacher strengths are not consistently inherited, with CLAP students
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Figure 2: Gradient cosine similarity between InfoNCE and
distillation objectives during the first epoch.

Table 4: Gradient interaction during Epoch 1 and retrieval
performance after Epochs 1 and 6. 𝑐𝑡 denotes gradient cosine
similarity and 𝑟𝑡 = ∥𝑔KD∥/∥𝑔task∥.

Model Mean
𝑐𝑡

Mean
𝑟𝑡

nDCG@1024
Epoch 1

nDCG@1024
Epoch 6

joint_sim_CLAP −0.0403 0.0834 0.6964 0.7060
joint_rank_CLAP −0.1226 1.9823 0.6915 0.6996
joint_embd_CLAP −0.2514 0.4720 0.6886 0.6866

favoring Recall and Nova students favoring MRR and nDCG. Over-
all, distillation provides only small, metric-specific gains beyond
direct task training.

3.4 RQ2: How Do Distillation Objectives
Interact with Joint Training?

§3.3 shows that direct InfoNCE training accounts for most of the stu-
dent’s performance, while the joint distillation objectives produce
different outcomes. We therefore examine how each distillation ob-
jective interacts with InfoNCE under the same fixed loss coefficient
using gradient analysis.

Gradient Analysis. At each training step 𝑡 , we compute gradients
of the InfoNCE and distillation losses with respect to the final stu-
dent encoder layer, 𝑔task = ∇𝜃LInfoNCE and 𝑔KD = ∇𝜃LKD. We mea-
sure their cosine similarity 𝑐𝑡 = 𝑔⊤task𝑔KD/(∥𝑔task∥∥𝑔KD∥) and norm
ratio 𝑟𝑡 = ∥𝑔KD∥/∥𝑔task∥. Here, 𝑐𝑡 captures directional alignment,
with positive values indicating agreement, negative values indicat-
ing conflict, and values near zero indicating near-orthogonality; 𝑟𝑡
measures relative gradient magnitude.

We record both statistics during the first epoch and evaluate
retrieval after Epochs 1 and 6 to relate early gradient interaction
to training outcomes. Figure 2 shows 𝑐𝑡 over training, and Table 4
summarizes the gradient statistics and nDCG@1024.

Results. The three distillation objectives produce substantially
different gradient interactions despite using the same loss coef-
ficient. joint_sim_CLAP is only weakly opposed to InfoNCE on
average (𝑐𝑡 = −0.0403) and has a small relative gradient (𝑟𝑡 =

0.0834). joint_rank_CLAP shows stronger directional conflict (𝑐𝑡 =
−0.1226) and the largest relative magnitude (𝑟𝑡 = 1.9823). joint_
embd_CLAP is the most opposed to InfoNCE (𝑐𝑡 = −0.2514), al-
though its relative magnitude is smaller (𝑟𝑡 = 0.4720). Thus, using
the same coefficient does not give the three distillation losses the
same effective influence during optimization.

The retrieval results initially suggest a simple pattern: stronger
directional conflict with InfoNCE corresponds to lower nDCG@1024.
At Epoch 1, joint_sim_CLAP, joint_rank_CLAP, and joint_embd_
CLAP achieve 0.6964, 0.6915, and 0.6886, respectively, following the
same ordering as their gradient cosine similarity. The same order-
ing remains after six epochs at 0.7060, 0.6996, and 0.6866. Notably,
joint_embd_CLAP slightly degrades after the first epoch, whereas
joint_sim_CLAP and joint_rank_CLAP continue to improve.

However, cosine similarity alone does not capture the full gra-
dient interaction. joint_rank_CLAP has a much larger gradient
than joint_embd_CLAP, yet it still achieves better retrieval. Thus,
the apparent relation between gradient conflict and retrieval qual-
ity is not sufficient to explain the differences between objectives.
This observation is important for gradient-based loss balancing.
Although gradient signals are commonly used to adjust the weights
of multiple training objectives [11], our results show that simple
measures of gradient alignment or magnitude do not provide a com-
plete rule for balancing task and distillation losses. Gradient-aware
distillation therefore requires careful design rather than mechani-
cally favoring objectives that conflict less with the student’s main
task loss.

Answer to RQ2. The same loss coefficient produces substantially
different gradient interactions across distillation objectives, and
simple gradient statistics alone do not provide a reliable rule for
loss balancing.

3.5 RQ3: How Does Student Context Length
Affect Distillation?

CLAP processes up to 1,024 tokens, whereas the student uses 128 by
default. Distillation therefore compresses not only model capacity
but also the amount of input available to the student. To isolate
the latter effect, we train the distillation-only distil_embd_CLAP
student with maximum sequence lengths of 64, 128, 256, 512, and
1,024 tokens, while keeping the student architecture, teacher, dis-
tillation objective, training data, and test corpus fixed. We use
distil_embd_CLAP because it is the weakest pure-distillation ob-
jective at the default 128-token setting, providing a stringent test
of whether additional student context can recover lost transfer.

As shown in Table 5, increasing context length monotonically im-
proves broad retrieval quality. Relative to the default 128-token set-
ting, the 1,024-token student gains 0.0873 nDCG@1024 and 0.1094
Recall@1024. The nDCG@1024 gap to CLAP shrinks from 0.1143 at
128 tokens to 0.0270 at 1,024 tokens. The same monotonic trend is
observed across the other reported metrics.

Answer to RQ3. With matched context length, the compact stu-
dent approaches CLAP using distillation alone, without direct BCSD
supervision. This suggests that, when task labels are unavailable,
preserving student context is important for effective knowledge
transfer. Context compression explains a substantial part of the
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Table 5: Evaluation of retrieval performance across model
variants, where suffix numbers denote context size 𝐿 ∈
{64, 128, 256, 512, 1024}. Metrics are reported for nDCG@𝐾 and
Recall@𝐾 at cutoffs 𝐾 ∈ {512, 1024}. All distilled models are
based on CLAP as teacher.

Model nDCG
@512

Recall
@512

nDCG
@1024

Recall
@1024

CLAP 0.7104 0.8667 0.7186 0.8917
distil_embd_64 0.5012 0.5874 0.5145 0.6266
distil_embd_128 0.5915 0.7057 0.6043 0.7437
distil_embd_256 0.6424 0.7694 0.6535 0.8029
distil_embd_512 0.6709 0.8060 0.6815 0.8381
distil_embd_1024 0.6814 0.8219 0.6916 0.8531

teacher-student gap, while the remaining difference may reflect
model capacity and other factors not isolated here.

4 Limitations and Future Work
Student Capacity. We evaluate a single student architecture and
parameter budget. The observed benefit of distillation, as well as the
effect of context length, may therefore differ for smaller or larger
students. Future work should vary student capacity while control-
ling context length to separate these two forms of compression.

Teacher and Distillation Scope. We evaluate all three distillation
objectives only with CLAP, while Nova is tested only with similar-
ity matching under joint training. The relative behavior of different
distillation objectives may therefore differ across teachers. Future
work should evaluate broader teacher-objective combinations, com-
pare different pooling or representation-extraction strategies for
teachers, and study additional distillation targets, including soft-
target KL matching over temperature-scaled teacher similarities.

Pretraining-Data Overlap. Our downstream training, validation,
and test projects are disjoint. CLAP’s pretraining corpus is based
on public datasets with documented sources. Nova, however, is
initialized from DeepSeek-Coder, pretrained on assembly from The
Stack and AnghaBench, and later fine-tuned on BinaryCorp-3M.
Since a complete project list is not available for these pretraining
data, overlap with our validation or test projects cannot be excluded.
This could affect both Nova’s zero-shot results and the supervision
used for distillation.

Experimental Scope. The gradient analysis covers only the first
epoch, so the observed interactions may not persist throughout
training. Most ablation and diagnostic experiments use a single seed,
making small differences between configurations uncertain. MRR
is not reported for every experiment, which limits comparisons of
first-match ranking behavior across ablations. Finally, results are
aggregated across compiler families and optimization levels and
may therefore conceal configuration-specific effects.

5 Related Work
Learning-based BCSD. Learning-based BCSD has largely been
developed around task-specific models. Early sequence and graph
models, including Asm2Vec [3], SAFE [14], and Gemini [26], replace
hand-crafted similarity rules with learned functions. Later systems

such as PalmTree [10], jTrans [22], and HermesSim [8] improve
these representations through assembly pretraining or data flow
and control flow structure. Their efficiency makes them suitable
for large candidate pools, but their performance remains tied to the
chosen binary representation and preprocessing pipeline. Our stu-
dent follows this established line: a compact Transformer encoder
pretrained with MLM and fine-tuned for retrieval with InfoNCE.

Recent BCSDwork increasingly relies on higher-capacity models.
CLAP [21] aligns assembly with natural language, while Nova [9]
trains a generative binary model through decompilation; other ap-
proaches translate binaries into pseudocode or summaries before
applying code LLMs to similarity search [12, 23]. Their richer se-
mantics and longer contexts come at high retrieval cost, motivating
distillation into compact BCSD encoders.

Knowledge Distillation for BCSD. Knowledge distillation trans-
fers information from a higher-capacity teacher to a smaller student.
For representation models, it can align teacher and student embed-
dings or match relations among examples instead of embedding
coordinates [15, 19]. Relational matching better accommodates dif-
ferent teacher-student architectures, but depends on useful teacher
similarities or rankings. BinSKD is the closest work to ours [28].
It uses CLAP to supervise four existing binary function-matching
models through pairwise similarity relations. Because CLAP is not
more reliable than the student on every query, BinSKD applies dis-
tillation selectively and focuses training on teacher-student ranking
discrepancies. Its results show both sides of this approach: selective
transfer improves the specialized students, whereas direct rela-
tional distillation can severely reduce performance. Our work does
not propose another filtering or weighting mechanism. Instead,
we study distillation from the student’s perspective. Using a fixed
compact student, we compare different forms of teacher supervi-
sion, analyze how distillation gradients interact with task training,
and examine how student input coverage constrains transfer. These
analyses show that effective distillation depends not only on teacher
reliability, but also on how teacher supervision interacts with the
student’s task optimization and the information available to the
student.

6 Conclusion
We presented a controlled study of knowledge distillation for BCSD,
examining how teacher choice, distillation objective, and student
context affect transfer to a compact encoder. The student achieves
33.78× higher corpus-encoding throughput and 14.31× lower peak
GPU memory than CLAP. Direct InfoNCE training accounts for
most student performance, while distillation adds only limited ben-
efit and teacher strengths are not consistently inherited by their
students. To understand this limited transfer, we study two student-
side factors: how teacher supervision interacts with student’s task
optimization and howmuch input context is available to the student.
Different distillation objectives produce markedly different gradi-
ent interactions with InfoNCE under the same loss weight, while
increasing student context consistently improves embedding distil-
lation and narrows the gap to CLAP. Overall, effective distillation
depends not only on teacher quality, but also on how supervision
interacts with student training and how much relevant input the
student can observe.
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