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Abstract

File fragment classification is an essential task of identifying the file type given

an incomplete binary file fragment. Despite their importance, existing deep-

learning methods face two key limitations: (1) extensive hyperparameter tun-

ing for varying fragment sizes and (2) considerably degraded inference perfor-

mance when tested on fragment sizes different from those used during

training. To address these challenges, we propose the byte-segment convolu-

tion and attention network (ByteSCAN) that introduces a fixed-slicing

approach. Fixed slicing divides the binary data into overlapping segments of

uniform size, enabling consistent feature extraction with a moderately deep

convolutional neural network (CNN) and efficient feature integration through

a self-attention layer. Experiments on two public datasets show that ByteSCAN

outperforms previously published methods in terms of competitive training

time and efficient inference while also demonstrating adaptability to varying

fragment sizes. The code is available at https://github.com/SpatialAILab/

ByteSCAN.
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1 | INTRODUCTION

File fragment classification (FFC) is a key technology in
digital forensics and cybersecurity that involves the pro-
cess of identifying types of incomplete file fragments.
This enables the identification of the intrinsic nature of
the data, even in situations where file system metadata
are absent. FFC is extensively applied in file recovery [1],
malware detection [2], and data integrity verification and
plays a crucial role in digital evidence collection
and strengthening cybersecurity.

Conventional FFC approaches rely on manually crafted
features combined with classical machine-learning models
[3-6]. However, the advent of deep learning has advanced
the field. Mittal and others [7] demonstrated the effective-
ness of convolutional neural networks (CNNs) over previ-
ous methods, and Saaim and others [8] improved the
efficiency using the GoogLeNet [9] architecture. Liu and
others [10] further enhanced the performance through bit-
shifting data augmentation. Recently, RNN models, such
as ByteRCNN [11] and transformer-based approaches
[12-14], have achieved state-of-the-art results.

Despite recent advancements, the existing methods
still face limitations owing to the unique characteristicsHyeongsik Kim and Sisung Liu contributed equally to this work.
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of file fragments. Unlike images, file fragments consist of
bytes with distinct semantic meanings that make resizing
impractical. Consequently, models trained on a specific
fragment size often experience severe performance degra-
dation when tested on fragments of different and unseen
sizes—in some cases, they fail to perform inferences alto-
gether. In a real-world digital forensic investigation in
which file fragments of unpredictable and varying sizes
are the norm, this limitation is a critical flaw that under-
mines the reliability of the analysis. Separate training
models for different fragment sizes have been attempted;
however, this approach substantially increases the overall
training cost. Moreover, when an unseen fragment size
that is not included in the training data appears, addi-
tional training is often required or leads to a considerable
drop in accuracy. In addition, models such as XMP
exhibit high sensitivity to hyperparameter settings (for
example, kernel size and number of layers) depending on
the fragment size, which further increases the burden of
tuning and computational costs, as listed in Table 1.

Motivated by these issues, we propose ByteSCAN,
which is a simple, yet efficient model designed to address
these challenges. The core of our proposal is fixed slicing,
which divides any incoming file fragment into fixed-size
overlapping segments. This strategy ensures a consistent
input size at the segment level, rendering the model
insensitive to the overall size of the original fragment.
Each segment is then processed using a moderately deep
CNN for local feature extraction, followed by a shallow
self-attention mechanism to integrate the global context.
This optimized design not only achieves robust perfor-
mance across various fragment sizes but also simplifies
the training process by reducing the need for complex
hyperparameter tuning.

Through extensive experiments, we demonstrate
ByteSCAN’s effectiveness, achieving state-of-the-art

results on two public datasets while noticeably reducing
training costs. In addition, we present an ablation study
that highlights the contribution of each component to
our model.

Our key contributions are the following:

• We adopt a fixed-slicing approach to ensure consistent
input data sizes, removing the need for extensive
hyperparameter tuning while ensuring robust feature
extraction across varying fragment sizes.

• We propose an efficient architecture that utilizes fixed
slicing, as previously mentioned, combining pretrained
CNNs for feature extraction on the fixed-size segments
with a self-attention layer for global context, enabling
parallel processing.

• Experimental results showing ByteSCAN’s robustness to
varying fragment sizes, achieving state-of-the-art perfor-
mance on public datasets with competitive training time.

2 | PROPOSED METHOD

2.1 | Motivation

Inspired by the Vision Transformer (ViT) [15]’s patch-
based self-attention for context capture, ByteSCAN
addresses the high computational costs and long training
times associated with ViT’s deep-attention layers.

To address these issues in the context of FFC, we
were inspired by a Detection Transformer (DETR) [16]
that applies a deep CNN backbone to capture the local
context in the images. We adapted this approach by using
“fixed slicing” to split file data into smaller segments and
utilized a deep CNN backbone to extract rich local fea-
tures. These locally extracted features were then com-
bined using self-attention, similar to the approach in ViT

TAB L E 1 Comparison of recent and state-of-the-art file fragment classification approaches.

Model Key characteristics Limitations

XMP [13] • Transformer with multiscale cross-attention
• Captures long-range dependencies between pairs of

bytes

• Slower inference due to large Transformer
• Sensitive to hyperparameters

JSANet [14] • Lightweight byte/channel/sector self-attention
• Models intrasector byte importance & inter-sector

context

• Needs retraining when fragment size
changes

ByteResNet/ByteFormer
[12]

• 1D/2D byte representation via 2D augmentation
• Leverages image based augmentation tricks

• Needs retraining when fragment size
changes

ByteSCAN (ours) • Byte-segment local feature extraction & integration
• Fixed slicing ) robust to fragment size
• No size-specific hyperparameter tuning

• More parameters than JSANet/ByteResNet

748 KIM ET AL.
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and DETR, allowing us to capture the global context
while reducing the computational overhead.

Furthermore, transformer-based models often require
additional hyperparameter tuning based on input size.
ByteSCAN mitigates this dependency using a fixed-slicing
technique and an architecture composed of a CNN and a
self-attention layer, achieving robust performance across
diverse file sizes.

2.2 | Training strategy

In our approach, the learning process consists of two
stages: backbone pretraining and attention layer train-
ing. Figure 1 shows an overview of the proposed
framework.

In the first stage, a CNN backbone is pretrained on
the cropped segments d�ℝl from each input file frag-
ment D�ℝL. L is the total length of the input data, and l
is the size of each segment. To enable the CNN backbone
to handle varying segment positions and avoid overfit-
ting, it learns the generalized features from these cropped
segments. This ensured robust feature extraction and
effective generalization across different file fragment sizes
without performance loss.

In the second stage, the pretrained backbone is fro-
zen, and the self-attention layer is trained. The entire
input file fragment D was divided into multiple segments
to ensure that all parts were used for training. The back-
bone extracts features independently from each segment,

and the self-attention layer integrates these features to
model the global context.

2.3 | Byte slicing and attention-based
feature integration

To implement this segmentation, we apply herein a
fixed-slicing mechanism that divides the input data D
into overlapping segments. The selection of the segment
size l and the overlap S are critical to the model’s effec-
tiveness. We chose a segment size of l¼ 512 bytes because
it is large enough to capture meaningful local patterns
and structural motifs within a file fragment yet small
enough to be processed efficiently by the CNN backbone.
An overlap of S¼ 256 bytes was implemented to ensure
that important byte sequences were not truncated at the
segment boundaries and to help the model learn the con-
tinuity between adjacent segments. This process resulted
in N segments, where N ¼ðL� lÞ=Sþ1.

Each segment di is independently passed through a
frozen CNN backbone G, which is pretrained on seg-
ments of size l. The CNN extracts a local feature vector f i
for each segment, f i ¼GðdiÞ, where f i �ℝ

l
16�C . The sym-

bol C is the number of feature channels. This process
captures meaningful local structures within each segment
and effectively creates a sequence of rich feature
representations.

The features extracted from all the segments are then
gathered to form a matrix of row-stacked features

F I GURE 1 An overview of our ByteSCAN architecture. The input file fragments are divided into overlapping segments via fixed slicing

and passed through a byte-value embedding layer. A deep CNN backbone extracts local feature vectors from each segment. These feature

vectors are then processed by a shallow self-attention layer to capture global relationships between segments. The final classification is

performed through an MLP header. For backbone pretraining, input data are randomly cropped into smaller segments for feature extraction,

ensuring the model generalizes across different file fragment sizes.
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F :¼ ½f 1,…,fNl=16�T, which serves as the input to a shallow
self-attention layer. This layer is designed to model
the global context by capturing the dependencies
between different segments. It applies linear transforma-
tions to F to generate query (Q), key (K), and value (V )
representations and subsequently computes the attention
output A as

A¼ softmax
QKT

ffiffiffiffiffi

dk
p

� �

V , A�ℝN�C, ð1Þ

where a softmax operation was performed for each row.
The self-attention layer outputs A, which represents the
N segments as context-aware row vectors. We then apply
global average pooling across the row dimension to
reduce A to a single feature vector a�ℝC . This consoli-
dated vector, which encapsulates both local and global
information, is fed into a final fully connected layer that
produces classification scores s�ℝM , where M is the
number of file types.

To train the model, the following standard cross-
entropy loss function was used:

L¼�
X

M

j¼1

yjlog
expðsjÞ

PM
l¼1 expðslÞ

 !

, ð2Þ

where sj is the j th element of s and yj is the correspond-
ing ground truth label (in one-hot encoding) for the j th
file type. By combining detailed local feature extraction
with a self-attention mechanism, the model learns to cap-
ture the intricate relationships among different segments
and understand the overall global context of the given
input data. This integrated architecture ensures a robust
and consistently efficient performance across various
input data sizes.

3 | EXPERIMENTAL RESULTS
AND DISCUSSION

3.1 | Implementation details

In our implementation, we set the training data D to a
size of L¼ 4096 bytes, which is the standard fragment
size extensively adopted in previous studies [7,8,13]; this
size corresponds to the typical cluster size in modern file
systems (for example, NTFS), providing a realistic experi-
mental setup. To demonstrate the applicability of our
method, we used segments of length l¼ 512 bytes with an
overlap of S¼ 256 bytes. We employed ResNet18-1D as
the CNN backbone, and our model incorporated a single

attention layer with eight heads to combine CNN fea-
tures. The key architectural choices for this backbone,
such as the primary kernel size (set to 27) and the CNN
output dimensionality fed into the attention layer (set to
512), were guided by empirical evidence and successful
configurations reported in other publications, such as
FiFTy, ByteRCNN, and XMP.

All the experiments were conducted using a single
NVIDIA A6000 graphics processing unit. Training uti-
lized the Adam optimizer with an initial learning rate of
10�3, and the batch size was set to 128. We employed the
ReduceLROnPlateau scheduler and early stopping with
the maximum number of epochs set to 100. For the 1024-
or 2048-byte settings, we applied the same hyperpara-
meters that were optimized for the 4096-byte settings.
Table 2 summarizes the detailed architecture and train-
ing configuration of ByteSCAN.

3.2 | Datasets

3.2.1 | FFT-75 [7]

This study utilized the FFT-75 dataset designed for the
FFC. This dataset comprises 75 file types, each with
102 400 samples, and provides data having the sizes of
512 and 4096 bytes. To evaluate the model’s ability to
generalize across different fragment sizes, we randomly
cropped 4096-byte samples into datasets comprising
512, 1024, and 2048 bytes. Our study focuses on Scenario
1, the most comprehensive and challenging task, which
treats all 75 file types as classes. Table 3 lists detailed file
extensions in each category.

TABL E 2 Architecture and training details of ByteSCAN.

Parameter Value

Data size All

Embedding size 256

CNN backbone ResNet18-1D

Network depth 8 (CNN) + 1 (attention)

CNN kernel size 27

CNN output channels 512

Optimizer Adam

Initial learning rate 10�3

Batch size 128

Scheduler ReduceLROnPlateau

Early stopping Enabled (patience: 11)

Max epochs 100

750 KIM ET AL.
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3.2.2 | GovDocs [18]

The GovDocs dataset includes approximately 1 M files
composed of 63 file types. We selected 13 file types (CSV,
GIF, GZ, HTML, JPG, LOG, XLS, PPT, DOC, RTF, PDF,
PNG, and TXT) that overlapped with FFT-75 and con-
tained sufficient data. GovDocs contains full files; there-
fore, we cropped the 4096-byte data into segments of
512, 1024, and 2048 bytes to maintain consistency.

3.3 | Comparison against other methods

We compared our method with existing FFC
methods using two experiments. The first experiment

evaluated the performance across various input sizes
using input-specific training, whereas the second tested
the size-agnostic capability of models pretrained on
4096-byte inputs.

In the first experiment (Table 4), ByteSCAN achieved
state-of-the-art performance across most input sizes in
both datasets except for the 512-byte input. For 512-byte
inputs, ByteSCAN demonstrated a highly competitive
performance, achieving second and third place in each
dataset with only marginal differences compared with
the top-performing model.

In addition to its high accuracy, ByteSCAN demon-
strated practical advantages in terms of training effi-
ciency (Figure 2). Compared with the second-best
performing model, XMP (82.9%), the training of ByteS-
CAN is considerably faster (approximately 75 vs. 125 h)
and achieves a higher accuracy (83.3%). More impor-
tantly, unlike models such as JSANet, ByteResNet, and
ByteFormer that require layer-specific modifications
and complete retraining for each new input size, ByteS-
CAN maintains a consistent hyperparameters across all
input dimensions, and can handle multiple sizes with a
single trained model (Table 5). This eliminates the need
for size-specific retraining, substantially reducing the
practical training costs in real-world deployments where
varying fragment sizes are common. This architectural
advantage results in a reliable generalization across the
entire range of evaluated input sizes.

Table 5 shows the performance of the model pre-
trained on the 4096-byte setting when tested across various
input sizes, with JSANet, ByteResNet, and ByteFormer
excluded because they cannot perform inferences on input
sizes other than 4096 bytes, owing to their fixed input size
constraint. ByteSCAN demonstrated size-agnostic capabil-
ity across all input sizes by achieving an accuracy of 64.9%
for 512-byte inputs, considerably outperforming other

TAB L E 3 File categories and representative extensions.

Category File extensions

Archive (Arc) apk, jar, msi, dmg, 7z, bz2, deb, gz, pkg,
rar, rpm, xz, zip

Audio (Aud) aiff, flac, m4a, mp3, ogg, wav, wma

Bitmap (Bmp) jpg, tiff, heic, bmp, gif, png

Executable (Exe) exe, mach-o, elf, dll

Human-readable
(Hum)

md, rtf, txt, tex, json, html, xml, log, csv

Office (Off) doc, docx, key, ppt, pptx, xls, xlsx

Published (Pub) djvu, epub, mobi, pdf

Raw arw, cr2, dng, gpr, nef, nrw, orf, pef, raf,
rw2, 3fr

Vector (Vec) ai, eps, psd

Video (Vid) mov, mp4, 3gp, avi, mkv, ogv, webm

Miscellaneous
(Mis)

pcap, ttf, dwg, sqlite

TAB L E 4 Comparison of rank-1 file classification accuracy (%) on the FFT-75 and GovDocs datasets.

FFT-75 (S#1) GovDocs

Method Parameters (M) Architecture 512 1024 2048 4096 512 1024 2048 4096

FiFTy [7] 0.44 CNN 65.2 71.3 76.8 77.4 84.6 86.8 88.5 89.6

DSCNN [8] 0.09 CNN 64.6 69.8 74.4 78.1 84.8 87.4 89.1 90.4

ByteRCNN [11] 4.95 CNN + RNN 68.7 72.4 75.7 82.4 85.3 88.0 89.8 91.5

XMP [13] 77.23 Transformer 70.9 73.4 78.3 82.9 86.0 88.0 90.3 90.5

JSANet [14] 0.97 Transformer 69.2 71.3 77.5 82.6 86.1 87.9 89.2 90.7

ByteResNet [12] 11.78 CNN 68.8 73.3 77.7 82.1 83.3 85.8 87.4 88.4

ByteFormer [12] 31.25 Poolformer 72.5 76.2 79.1 81.9 85.1 86.5 87.5 88.4

ResNet1D [17] (backbone) 34.07 CNN 67.7 73.4 78.1 82.3 85.1 87.3 89.2 90.5

ByteSCAN (ours) 34.11 CNN + self-attention 72.0 76.3 80.1 83.3 85.3 90.2 91.5 92.7

Note: For the FFT-75, the 512-byte data were also cropped from 4096-byte files to maintain consistency with the 1024- and 2048-byte data. Bold and underlined

values indicate the best and second-best accuracy in each column, respectively.
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models and approaching the accuracy achieved by FiFTy
when specifically trained on 512-byte inputs (Table 4). The
performance gap between ByteSCAN and the other
models increased as the input size decreased, indicating its
robustness to input size variations.

To evaluate the classification capabilities of the ByteS-
CAN model, we grouped the 75 labels from FFT-75 into
broader semantic categories according to [7], as listed in
Table 3. Each category contained multiple file extensions
that shared similar structural and semantic characteristics.

Table 6 lists the classification accuracies for these cat-
egories. ByteSCAN achieved the highest accuracy in five
out of eleven categories—Archive, Audio, Raw, Vector,
and Miscellaneous—and maintained a highly competi-
tive performance across all others. The strong perfor-
mance in the Archive and Raw categories was

particularly noteworthy. Archive files (for example, zip
and 7z) often contain complex compressed data struc-
tures, whereas raw image files (for example, cr2 and nef)
are characterized by low-level sensor data patterns.
ByteSCAN’s success in these areas suggests that our
CNN-based feature extraction from fixed-size segments is
exceptionally effective in identifying intricate, low-level
byte patterns that other models may overlook.

3.4 | Category-wise performance
analysis

To evaluate the classification capabilities of the ByteS-
CAN model, we grouped the 75 labels from FFT-75 into
broader semantic categories according to [7], as listed in

TAB L E 5 Generalization performance of models trained on 4096-byte fragments.

FFT-75 (S#1)

Method 512 1024 2048

FiFTy [7] 48.3 (�16.9) 60.3 (�11.0) 69.0 (�7.8)

DSCNN [8] 46.3 (�18.3) 59.5 (�10.3) 68.0 (�6.4)

ByteRCNN [11] 38.5 (�30.2) 57.3 (�15.1) 72.9 (�2.8)

XMP [13] 49.4 (�21.5) 64.7 (�8.7) 76.3 (�2.0)

ResNet1D [17] (backbone) 52.8 (�14.9) 64.9 (�8.5) 73.0 (�5.1)

ByteSCAN (ours) 64.9 (�7.1) 73.3 (�3.0) 79.0 (�1.1)

Note: Each model was trained only on 4096-byte fragments and then evaluated on smaller, unseen fragment sizes (512, 1024, and 2048 bytes) without any fine-
tuning. Negative values indicate the decrease in accuracy compared with models trained on data of the same size (see Table 4). JSANet [14], ByteResNet [12],
and ByteFormer [12] are excluded due to fixed input size constraints. Bold and underlined values indicate the best and second-best generalization performance
for each fragment size, respectively.

s

F I GURE 2 Training and inference times against file classification accuracy across baseline and state-of-the-art algorithms in file

fragment classification on the 4096-byte setting in the FFT-75 [7] Scenario #1. Note that FiFTy and XMP require additional training time for

hyperparameter tuning that was not accounted (please refer to the descriptions listed above). Conversely, the training time for the byte-

segment convolution and attention network (ByteSCAN) includes backbone pretraining.
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Table 3. Each category contained multiple file extensions
that shared similar structural and semantic
characteristics.

Table 6 lists the classification accuracies for these
categories. ByteSCAN achieved the highest accuracy in
five out of eleven categories—Archive, Audio, Raw,
Vector, and Miscellaneous—and maintained a highly
competitive performance across all the others. The
strong performance in the Archive and Raw categories
was particularly noteworthy. Archive files (for example,
zip and 7z) often contain complex compressed data
structures, whereas raw image files (for example, cr2
and nef) are characterized by low-level sensor data pat-
terns. ByteSCAN’s success in these areas suggests that
our CNN-based feature extraction from fixed-size seg-
ments is exceptionally effective in identifying intricate,
low-level byte patterns that other models may
overlook.

Among all the categories, Published and Executable
methods are the most challenging, which is a well-known
difficulty in byte-level file classification. These categories
predominantly contain compressed or encoded files with
high information entropy [13], as evidenced by the per-
formance range across all the baseline methods
(Published: 58.0% to 73.8%, Executable: 73.9% to 77.2%).
Despite these inherently challenging cases, ByteSCAN
maintained a competitive performance while achieving
the highest overall accuracy (83.3%).

3.5 | Ablation study

To validate the effectiveness of the design choices, we
conducted an ablation study on the FFT-75 dataset.
Table 7 lists the results.

3.5.1 | Attention versus ensemble

We first evaluated the contribution of the self-attention
layer by replacing it with a simple soft voting ensemble
of the predictions from each segment. The full ByteSCAN
model outperformed the soft voting variant by a substan-
tial margin (equal to 1.8%) for 4096-byte fragments
(83.3% vs. 81.5%). This result underscores the fact that
merely aggregating independent predictions is insuffi-
cient. The performance improvement from the self-
attention layer demonstrates that its ability to model the
global context and intersegment relationships is crucial
for understanding the overall structure of the file.

3.5.2 | Random versus fixed cropping

The impact of our pretraining strategy was assessed by
comparing against a model pretrained with fixed, non-
random cropping. The use of random cropping yielded a
notable performance increase of 2.3% for 4096-byte frag-
ments (83.3% vs. 81.0%). This improvement stems from

TAB L E 6 Accuracy (%) across categories on FFT-75 (4096 bytes).

Cat. FiFTy DSCNN ByteRCNN XMP JSANet ByteResNet ByteFormer ByteSCAN

Arc 66.7 69.5 82.3 77.7 78.2 78.9 78.3 82.5

Aud 97.7 97.2 98.5 98.6 98.4 98.7 98.7 99.0

Bmp 83.8 80.2 83.1 85.4 86.2 86.0 86.1 84.8

Exe 73.9 74.1 75.6 77.2 76.9 76.4 76.2 76.3

Hum 99.1 99.2 99.4 99.6 99.4 99.4 99.3 99.5

Off 81.8 81.1 90.4 93.4 91.4 90.0 89.0 92.0

Pub 58.0 65.7 71.9 73.8 73.4 70.3 68.7 72.2

Raw 97.9 98.4 99.2 99.2 99.2 99.1 99.2 99.6

Vec 83.3 87.9 94.9 94.9 94.4 92.3 92.5 95.6

Vid 85.5 84.9 81.2 82.3 79.5 79.2 80.2 82.1

Mis 97.3 98.3 98.9 99.0 98.8 98.9 99.0 99.0

Note: Bold and underlined values indicate the best and second-best accuracy on the FFT-75 dataset for each category, respectively.

TABL E 7 Ablation study results on FFT-75 focusing on the

different components of ByteSCAN.

Tested methods 1024 2048 4096

ByteSCAN (ours) 76.3 80.1 83.3

Without (w/o) Attention (soft voting) 76.1 79.2 81.5

w/o Random cropping (fixed) 72.1 76.5 81.0

w/o Overlap (512-byte segments) 76.4 79.9 83.1

w/o Overlap (256-byte segments) 74.8 78.5 81.9

Note: Bold values indicate the best performance for each input fragment size
among the ablation variants.
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the random cropping’s role as a powerful data augmenta-
tion technique; exposing the model to more diverse data
segments prevents overfitting to byte patterns at specific
locations and encourages the learning of more generaliz-
able features.

3.5.3 | Overlapping versus non-overlapping
segments

We analyzed the impact of segment configuration on the
feature extraction performance, focusing on the effects of
segment overlapping and the influence of segment size
versus number.

To analyze the effects of overlapping, the 512-byte
segmentation method with 256-byte overlap (512 overlap-
ping) was compared with the 512-byte nonoverlapping
segmentation method (512 nonoverlapping). While the
overlapping method performed better, the nonoverlap-
ping method showed a marginal 0.1% improvement with
an input of 1024, likely owing to excessive overlap for this
smaller data size.

To investigate the influence of the segment size and
number, the 512 overlapping method (approximately
15 segments) was contrasted with the 256 nonoverlapping
method (16 segments). The larger sized 512 overlapping
method showed higher performance across all input
sizes, indicating that the segment size impacts perfor-
mance more than the segment number.

3.5.4 | Impact of mixed-size training

Finally, we investigated whether explicitly training on
variable fragment sizes could further enhance the
model’s adaptability beyond the inherent capabilities of
fixed slicing. We compared our standard model (trained
solely on 4096-byte fragments) with a unified model
trained on a mixed dataset comprising
L� f512,1024,2048,4096g bytes. As summarized in
Table 8, the mixed-size training strategy yields perfor-
mance gains for smaller fragments without requiring

architectural changes. Most notably, the accuracy of
512-byte inputs improved by 6.5% (from 64.9% to 71.4%),
reaching a level comparable with that of a size-specific
model trained exclusively on 512-byte data (72.0%).
Despite a minor drop (0.9%) at 4096 bytes, this strategy
fostered robust feature learning, effectively reducing the
performance gap across different sizes.

4 | CONCLUSION

We addressed the limitations of recent FFC models, such
as their sensitivity to hyperparameters and lack of robust-
ness to varying input sizes. To overcome these issues, we
proposed ByteSCAN, a lightweight and efficient model
that combines fixed slicing, a moderately deep CNN, and a
self-attention layer. ByteSCAN achieves robust perfor-
mance across various file sizes without requiring extensive
hyperparameter tuning while maintaining competitive
training and inference times.

Although ByteSCAN demonstrates strong perfor-
mance, several directions remain for future research. First,
exploring model optimization techniques can reduce the
parameter count while maintaining performance, creating
a more lightweight version. Second, investigating adaptive
slicing mechanisms could potentially offer additional per-
formance gains beyond our fixed-slicing approach. Finally,
to validate the generality of the model more thoroughly,
we plan to extend our evaluation to other scenarios of the
FFT-75 dataset and other public datasets in future studies.
Through this study, we hope to elucidate the development
of more advanced and practical model architectures for
classifying binary data.
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