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Fig. 1: Overview of the ISAC-based wireless sensor network
and time frame structure.

is designated for local data processing, including tasks such as
compression. Given the heterogeneous nature of the network,
each sensor node may experience varying uplink quality @,
influenced by environmental factors and its spatial position
within the network.

The efficient compression procedure significantly reduces
data size, thereby shortening the transmission time within each
communication window. However, this comes at the cost of in-
creased power consumption and additional computational time
according to the model scale. Let M = {M;, My, ..., M,}
represent the set of available lossless compression models
available, where each model M; offers a unique trade-off
between compression rate, power consumption, and processing
time. Each model M; specifically consists of a byte-level
Transformer decoder and an entropy coding module. The
detailed rank-based modeling mechanism and Transformer
architecture are introduced in Section IV. Typically, the larger
models typically achieve higher compression ratios, effectively
reducing the size of compressed packets and subsequently
lowering transmission time. This is particularly beneficial in
bandwidth-constrained scenarios, such as environments with
poor signal quality or high interference. However, these larger
models also impose longer compression delays and higher
power consumption due to their increased computational com-
plexity. As a result, selecting the optimal model requires
careful consideration of these trade-offs, tailored to the channel
conditions and network requirements. To this end, we formu-
late a model adaptation optimization problem in Section V-A,
which aims to minimize transmission latency under power and
scheduling constraints.

IV. RANK-BASED MODELING FOR PACKET COMPRESSION

This section introduces the proposed rank-based compres-
sion model architecture, focusing on the Transformer’s ability
to predict and compress data packets at byte-level sequences
efficiently. We begin with a theoretical overview, explaining
how entropy and information theory underpin our approach
to data compression. We then utilize the Transformer archi-
tecture, specifically its decoder component, for high-accuracy
probability estimation of byte sequences. This leads to precise
ranking of bytes according to their likelihood, which signifi-
cantly reduces data size when encoded using entropy coding

techniques. Subsequently, we discuss entropy-based lossless
compression methods used to encode the predicted ranks.

A. ByteTrans at a Glance

Rationale. At the heart of information theory is the concepts
of entropy, which provide a theoretical foundation for data
compression techniques. Entropy, denoted as H (X), is defined
for a data stream X and quantifies the average uncertainty
inherent in the sequence as:

H(X) = _ZP(Iz')lngP(xﬁ): (1)

where p(z;) is the probability of occurrence of symbol z;.
The entropy not only encapsulates the amount of information
contained within a sequence but also establishes a lower bound
on the number of bits required to encode the sequence without
loss. Correspondingly, the optimal coding length for a symbol
T; becomes:

L(z;) = log, . (2)
p(zi)
This suggests that any symbols occurring more frequently, i.e.
with higher p(x;), can be encoded using fewer bits, thereby
reducing the average length of the encoded data.

Building upon these principles, we aim to design a data
compression system that concentrates the probability distri-
butions of symbols as much as possible. By increasing the
predictability of symbols—ensuring that certain symbols are
far more likely than others, thereby boosting p(z;) for these
symbols-we can improve the compression ratio to a new
level. This can be achieved by exploiting a Transformer-based
model, specifically adapting the decoder component, which is
naturally suited for processing sequential data without relying
on the temporal dependencies of recurrent models.

Rank Transformation. Specifically, the core functionality
of the Transformer decoder is to estimate the probability
distribution over a byte sequence Sy = {S1,S52,...,5n},
where each S; represents a byte. Then, the Transformer can
predict the probability distribution P(S;11]51,...,S;) for the
next byte S;;1 based on its predecessors as:

P(Si+1|51; cen ;Si) = SO&max{fDecoder(Sla vy Sl)} (3)

Following the probability estimation, ByteTrans ranks all
possible subsequent bytes based on their likelihoods. The rank
of the ¢ — th byte r; can be represented as:

r; = Rank of S; based on P(S5;|S1,...,5:_1), (4

Then, the sequence of bytes S = {S51,S5%2,...,5yv} are
transformed into a sequence of ranks r = {rq,79,...,7n5 }.
Lossless Compression. Next, the lossless compression tech-
niques can be employed to encode these ranks, rather than the
original bytes, into a compact binary format. Based on the
Transformer’s precision, the resulting rank sequences exhibit
substantial redundancy, with frequent and predictable patterns
of low ranks such as 0 or 1. By leveraging the entropy
coding methods like Huffman coding or arithmetic coding,
these redundant and predictable patterns can be substantially
compressed, thereby reducing the overall size of the encoded
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Fig. 2: The overview of ByteTrans framework.

data. In essence, these techniques can adjust the coding length
L(z;) based on the frequency of occurrence, assigning shorter
codes to more frequent ranks. This optimizes the compres-
sion ratio by efficiently utilizing the statistical dependencies
uncovered by the Transformer.

Reversed Decoding. Once the receiver obtains the message
through communication channels, it will decode it with the
same coding method and predictive model. The decompression
process is designed to be symmetrical but begins with an
additional initial step. First, the decompression algorithm
reconstructs the sequence of ranks from the compressed data.
Once the ranks r; are restored, the same Transformer model
used during compression is employed to predict the proba-
bility distributions for each byte position. By aligning these
predicted distributions with the recovered ranks, the original
byte sequence can be effectively reconstructed. This process
ensures that the data integrity and fidelity are preserved
throughout both the compression and decompression cycles.
The overall design process is shown in Figure 2, with each
block in the model architecture detailed as follows.

B. Byte Transformer for Probability Prediction

The core of ByteTrans lies in its rank-based transformation
powered by a Transformer architecture, fundamentally reshap-
ing the way sequential data is processed. While the complete
architecture consists of both encoder and decoder components,
for the purpose of byte-level data compression, this model
block exclusively utilizes the Transformer decoder, which is
adept at generating sequences based on learned relationships
from data. The Transformer decoder is composed of a stack of
identical layers, each containing two main sub-modules, i.e., a
multi-head self-attention mechanism and a position-wise fully
connected feed-forward network.

Here, the self-attention mechanism is used to weigh the
influence of different parts of the input data independently
of their positions in the sequence. Given an input sequence
represented by an embedding matrix X € R™*%, where n is
the sequence length, d is the embedding dimension, and three

separate linear projections are applied to compute the Query
(@), Key (K), and Value (V') matrices as:

Q=XWe, K=XWK, V=xWw'. (5

Specifically, W& WX WV e R9%d are learnable weight
matrices, and dj is the dimension of the query and key
vectors. The attention scores between each pair of positions
are computed by the dot product of the @ and the transposed
Key matrix, followed by a scaling factor and a softmax to
obtain the weights:

Attention(Q, K, V) = softmaz (QK (6)

T

)
Vi
where dj, scales the dot product to prevent overly large values.
To ensure that predictions for a given position depend only
on known outputs from preceding positions—crucial for our
data compression task, where future data streams should not
influence past predictions—masking is applied within the self-
attention calculations. This masking is applied by adding a
mask matrix to the attention scores before applying softmax,
where the mask entries are set to negative infinity for positions
that should not influence predictions, effectively nullifying
their impact. To allow the model to jointly attend to infor-
mation from different representation subspaces at different
positions, the self-attention mechanism is extended to multi-
head attention:

MultiHead(Q,K,V) = Concat(Hy, ..., H,)W°, (7)
where each head is defined as:
H; = Attention(QWZ2, KWK VWY). (8)

This allows the model to capture multiple dependencies,
such as syntactic and semantic, simultaneously. The detailed
architecture of multi-head attention mechanism is shown in
Figure 3 (a).

Particularly, each layer of the Transformer’s decoder also
includes a position-wise fully connected feed-forward network
(FFN), which is applied identically to each position:

FFN(I) :RCLU(.L'Wl—l—bl)Wz-I—bg, (9)

where = represents the input to the feed-forward network.
Wi and by are the weights and biases of the first linear
transformation, while W5 and b, are those of the second linear
transformation.

Since the self-attention mechanism does not inherently
consider the data sequence order, positional encodings are
added to the input embeddings to provide this information.
These encodings, defined using sinusoidal functions, represent
the position of each element in the sequence and are expressed
as:

. pos
PE(pos,2) = sin (1000(}%’%) :
. (10)
PE ; = cos __bos
(pos,2i+1) (100002ifdm ) ’

where pos is the position index of a byte in the input sequence,
¢ is the index of the specific dimension in the positional
encoding vector being calculated, and dp, is the embedding
dimension.
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Fig. 3: (a) Architecture of multi-head attention. (b) Architec-
ture of byte Transformer decoder.

To facilitate training deep learning models, each sub-layer
in the transformer decoder has a residual connection around
it followed by layer normalization:

LayerN orm(zx + Sublayer(z)), (11)

where Sublayer(z) is the function implemented by the at-
tention or the feed-forward network. The output from the de-
coder’s top layer is transformed into a probability distribution
over all possible next bytes using a linear layer followed by a
softmax function as softmaz(zW +b), where z is the output
from the last network layer, and W and b are the weights and
bias of the output layer. The overall model of byte Transformer
is shown in Figure 3 (b).

During the training phase, we utilize the cross-entropy loss
to optimize the prediction of the next byte in the data sequence.
The cross-entropy loss measures the difference between the
predicted probability distribution and the actual distribution,
where the actual distribution is typically represented as a one-
hot encoded vector of the true next byte in the sequence. In
the context of byte prediction, each class represents one of the
possible byte values, which ranges from 0 to 255, resulting in
the total of 256 classes. As such, the loss is calculated as

follow:
255

L==) yoclog(poe), (12)
e=0

where y,. is a one-hot encoded vector, with the element
corresponding to the actual byte value ¢ for observation o set
to 1, and all other elements set to 0. The term p, . represents
the predicted probability that the byte value for observation
o is e. By minimizing this cross-entropy loss, the model
effectively increases the likelihood of predicting the correct
subsequent byte based on the given context. Enhancing the
predictive accuracy ensures that the ranks generated for the

following compression process are as informative and compact
as possible, thereby maximizing the compression ratio while
maintaining lossless reconstruction capabilities.

C. Lossless Compression Methodology

After the byte Transformer predicts the probability distri-
bution for the next byte in a sequence and converts it into a
sequence of ranks, the next step involves compressing these
ranks using lossless entropy coding techniques. Essentially,
these methods exploit the statistical redundancy in our trans-
formed rank sequence by assigning shorter codes to more
frequent ranks. This approach significantly reduces the size
of the transmitted data, as frequent ranks can be always
encoded with fewer bits. For the actual data compression, we
employ the zlib compression library, which is renowned for its
effectiveness and efficiency in compressing data streams. Zlib
utilizes a combination of the Deflate compression algorithm,
which employs a mixture of the LZ77 [49] algorithm and
Huffman coding [50], [51], providing robust and adjustable
compression capabilities. This method adapts dynamically
to the data characteristics, ensuring optimal compression ra-
tios and performance, particularly beneficial in environments
where bandwidth is a constraint.

To quantitatively assess the effectiveness of the compression
method, we utilize the compression rate p, calculated as:

p— SC
pP= So,
where S, refers to the size of the data after applying the
compression algorithm, and S, refers to the size of the data
before compression. A lower p indicates that the compressed
data size is significantly smaller compared to the original size,
implying a more effective compression algorithm. This metric
serves as the primary measure of performance, guiding the
evaluation of different models and compression techniques to
identify the most efficient approach for reducing data sizes
without losing information.

We further generate multiple ByteTrans models of varying
sizes, enabling adaptation to different communication and
computational constraints. Specifically, we construct a series
of ByteTrans encoders of varying sizes by adjusting the
number of layers and hidden dimension sizes. Larger mod-
els capture more intricate dependencies in packet sequences,
offering superior compression ratios for devices with am-
ple computational resources, whereas smaller models provide
lightweight and efficient compression suitable for resource-
constrained sensors. This diversity enables a model adaptation
strategy, as detailed in Sec. V.

V. PROBLEM FORMULATION AND MODEL ADAPTATION
SCHEDULING

A. Problem Formulation

ISAC systems are typically deployed in heterogeneous
environments, encompassing devices that range from high-
capacity servers to resource-constrained sensors. The variation
in computational and energy resources, coupled with dynamic
network conditions, necessitates adaptive strategies to optimize
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both data processing and communication. A critical challenge
lies in balancing compression efficiency with resource limita-
tions, particularly in time-sensitive sensing scenarios requiring
low latency. This issue is further exacerbated in settings where
devices must operate within strict energy budgets or during
intermittent communication windows, as commonly seen in
IoT and sensor networks.

To address this challenge, we formulate a constrained
optimization problem to guide the selection of the opti-
mal compression model from a pretrained model set M =
{M;, M, ...,M,}. The objective is to minimize the trans-
mission time Tiygns While ensuring that the combined power
consumption of compression and communication remains
within the maximum allowable power Ppay. Since the original
packet length L, directly influences the compression time
Teomp, and the compressed packet length L. determines the
transmission time Tigns, model selection must carefully ac-
count for these interdependencies. Additionally, the system op-
erates under the constraint that the compression process must
be completed during the non-communication period, defined
as T — Tiomm, Where T represents the total period compressing
both communication and non-communication windows. The
optimization problem is thus formulated as follows:

IL?ERA Tirans(Le; Q) (13)
S.t. Tirans(Le, Q) < Toomm; (13a)
Teomp(M, Lp) < T — Teomm; (13b)
Preomp(M, Lp) + Prrans(Le, Q) < Prax; (13¢)
L.= f(Lp, M) (13d)

where Tians(Le, @) in Eq. (13a) represents the transmission
time of a compressed packet with length L. over a link with
quality Q. and Tiomp(M, Ly,) in Eq. (13b) denotes the time
required for model M to compress a packet of length L.
The constraint Eq. (14c) ensures that the combined power
consumption of compression and transmission remains within
the allowable power budget. The standard models used to
implement Tirans, Toomps Pirans: and Peomp Will be detailed in
Section VI. Additionally, constraint Eq. (14d) characterizes
the relationship between the original packet length, the com-
pression model, and the resulting compressed packet length.
The function f(-) defines the mapping from the original
packet length L, and the selected compression model M to
the resulting compressed packet length L.. This function is
implemented by the ByteTrans model introduced in Section
IV, which performs byte-level autoregressive prediction fol-
lowed by entropy coding. By dynamically adapting the model
selection based on variations in link quality ¢ and packet
length L, the system achieves efficient transmission across
diverse network environments, ranging from communication-
constrained areas to high-bandwidth conditions.

B. Model Adaptation Algorithm

To solve the optimization problem formulated in Section
V.A, we propose a model adaptation algorithm that dynami-
cally adapts to varying packet lengths L, and link quality @
by selecting the optimal compression model from M, with

Algorithm 1 Model Adaptation Scheduling

Input: Set of models M = {M;,M,,...,M,}, packet
length L,, link quality @, maximum power Ppa, total
time 1", communication time Tiomm

Output: Optimal model M* that minimizes Tians

1: Compute Ty, = Tlrans(Lp: Q);

2: Initialize Thin — Twio:

3: Initialize M* + None;

4: for each M € M do

5:  Compute L, = f(Lp, M):

6. Compute Teomp(M, Lp) and Tians(Le, Q):

7. Compute Peomp(M, Lp) and Pians(Le, Q):

8 if Tcomp(Mu Lp) S T - T'comm and T'lrans(Lc; Q) S
T:::Dmm and Poomp(M; Lp) + Pu-ans(Lc-: Q) S Pmax then

9: if Tians(Le, Q@) < Thin then

10: Update Tpin + Tirans (Le, @);
11 Update M* + M;

12: end if

13:  end if

14: end for

15: return M*

different sizes and capabilities generated from our ByteTrans
framework. The objective is to minimize the transmission
time Ti.,s while ensuring that the selected model satisfies
constraints on compression time, transmission time, and power
consumption as defined in Eq. (14). According to the protocol,
the data compression must be completed within the available
non-communication period 7" — T¢omm, the transmission must
fit within the communication window T omm. and the combined
power consumption of compression and transmission must re-
main within the maximum allowable power Ppax. Additionally,
the algorithm should account for the baseline scenario where
no compression is applied, ensuring that the selected model
delivers a tangible improvement over the uncompressed case
when the adaptation process is triggered.

The model adaptation scheduling algorithm is presented
in Algorithm 1. Initially, the transmission time without data
compression Ty, is calculated based on the original packet
length L, and link quality @ between the sensor nodes. This
value is used to initialize the minimum transmission time
Tmin, and the optimal model M* is set to ‘None’ (Lines 1-
3). For each compression model M & M, the algorithm
computes the compressed packet length L, = f(Lp, M),
the compression time Toomp(M,Lp), and the transmission
time Tipans(Le, @) (Lines 4-6). Meanwhile, it evaluates the
power consumption during compression Peomp(M,Lp) and
transmission Pyans(Le, @) (Line 7). The algorithm then verifies
whether the selected model satisfies the time constraints and
power budget (Line 8). If these conditions are met and the
transmission time Ty, (L., Q) is less than the current mini-
mum time window T, the algorithm updates Ty and sets
M* as the optimal model (Lines 9-12) in the current communi-
cation period. After evaluating all models in M, the algorithm
outputs M* as the model that minimizes transmission time
while adhering to the specified constraints (Line 15). Note
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that, if no compression model outperforms the baseline model
Twio. the algorithm returns ‘None’, indicating that no data
compression is needed under the current network condition.

By pretraining distinct models of varying sizes, the sys-
tem dynamically adjusts to available computational resources,
communication requirements, and specific network conditions.
This adaptive approach ensures seamless integration and op-
erational efficiency across a wide range of platforms, ranging
from robust servers to resource-constrained sensors. Sec. VI-D
evaluates the performance of this model adaptation process,
emphasizing their efficacy and scalability, while Sec. VI-E
details the implementation efficiency of different pretrained
models across various real-world devices.

C. Complexity Analysis

The computational complexity of the proposed frame-
work involves three major components. First, the ByteTrans’
Transformer-based decoder performs autoregressive prediction
over a fixed-length byte sequence. Since the input length
is relatively short (e.g., L = 256 bytes), and each layer’s
operations are linear with respect to the model parameters,
the inference complexity can be simplified as O(P), where
P is the total number of model parameters. This component
dominates the overall runtime. Second, the entropy coding
stage operates in linear time with respect to input packet size
L, ie., O(L), and introduces a negligible overhead compared
to the inference cost of ByteTrans. Third, the model adaptation
scheduling algorithm (i.e., Algorithm 1) uses pre-profiled
estimations of compression latency, power consumption, and
transmission time. As it evaluates a fixed number n of models,
the algorithm has a time complexity of @(n), which is trivial
in comparison to model inference. In summary, the entire sys-
tem’s runtime is governed by the inference time of the selected
ByteTrans model, leading to a total complexity of O(P). To
verify this, we conduct detailed profiling in Section VI-D and
Section VI-E to evaluate the runtime performance of different
ByteTrans models across various packet lengths and hardware
platforms.

V1. EXPERIMENTS AND EVALUATIONS

In this section, we present a comprehensive evaluation of the
performance of our proposed universal data compression mod-
els and adaptation scheduling schemes. We begin by detailing
the dataset and preprocessing steps, including the preparation
of network packets for input into ByteTrans. Following this,
we analyze the performance of ByteTrans with different model
sizes in terms of their ability to predict byte sequences. Then
we evaluate the proposed model adaptation strategy under
different channel conditions. Lastly, we assess the efficiency
of these predictive models across various devices, examining
key metrics such as compression time, CPU/GPU/RAM usage,
and power consumption, showcasing their adaptability in real-
world ISAC environments.

A. Dataset and Preprocessing

To train the lossless packets compression models, we pro-
cess data from the dataset [52] collected in a controlled

TABLE I: Detailed model parameters.

Model Size | Nn Niayer Dimension Batch Size
0.5M 8 3 32 256
M 8 6 128 256
55M 8 12 512 128
103M 12 12 768 64
------ 0.5M ¢ £.9399
5M
— 55M }_5'6 —— Packets entropy
- 103M 3
34 3.40099
g 3.1253 30387 3.1318
&,

0.5M 5M 55M
Model size

103M

(a) Training loss across differ-
ent model sizes.

(b) Comparison of entropy
values for different models.

Fig. 4: Performance of the predictive models.

lab environment, specifically focusing on the benign wireless
traffic data subset. This dataset is selected due to its compre-
hensive coverage of various IoT and sensor devices operating
within a real-world environment, capturing a wide range of
normal sensing and communication behaviors. It is meticu-
lously designed to emulate realistic Internet of Medical Things
(IoMT) data traffic over standard network protocols. From
this dataset, we extract around 31,000 data packets of benign
wireless traffic. These packets are chosen to represent typical,
non-malicious activity within a sensor network, serving as a
baseline for comparison in our analysis. For testing purposes,
we select 2,560 packets from the dataset, while the majority of
experiments utilizes 18,192 packets for training. Additionally,
we explore the impact of training data volume by using a
smaller training dataset of 8,960 packets and a larger version
with 28,192 packets. Each packet contains detailed byte-level
data information, encompassing various protocol headers and
payload information, sourced from a range of IoMT devices
such as medical sensors (time-series data), smart cameras
(image data), and environmental sensors (structured texts),
all communicating over standard Wi-Fi protocols. This multi-
modal data collection ensures a comprehensive representation
of typical ISAC settings, spanning various data types and
communication patterns essential for robust data compression
model training and evaluation.

To prepare the data for training our ByteTrans, we start
by converting raw packet data into a trainable format. First,
we load the binary data and use a distinct byte sequence,
b’ \x00\xFF\x00\xFF’, as a separator to delineate net-
work packets, ensuring clear packet boundaries since this se-
quence does not appear in the actual data. Each packet is then
transformed into a sequence of integers, converting the bytes
from uint8 to int16 to accommodate special markers. We
append an end-of-packet marker (256) and use padding (257)
to standardize sequence lengths, bringing the total vocabulary
size to 258. This processing approach effectively structures the
data for training, capturing intricate patterns during network
packet transmissions.
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TABLE II: Top-10 ranks of different predictive models.

0.5M M S5M 103M

R % R % R Yo R %

0 6633% 0 7024% 0 71.05% 0 69.98%
1 2.78% 1 1.87% 1 1.99% 1 2.24%
2 1.52% 2 1.06% 2 1.08% 2 1.12%
3 1.01% 3 0.88% 3 0.92% 3 0.89%
4 0.88% 4 0.69% 6  0.69% 4 0.71%
6 0.85% 6 0.62% 4 0.68% 5 0.68%
5 0.82% 5 0.62% 5 0.64% 6 0.60%
8 058% 7 0.58% 7 0.61% 7 0.50%
7 0.58% 9 0.49% 8 0.52% 10 0.50%
9 0.48% 8 0.48% 9 0.43% 9 0.43%

B. Performance of ByteTrans

To optimize data compression performance while maintain-
ing computational efficiency, ByteTrans incorporates model
adaptation by training four versions of predictive model, with
parameter sizes of 0.5M, 5M, 55M, and 103M, respectively.
Each model is specifically designed to operate within the
computational constraints of different devices, ranging from
powerful servers to resource-limited sensor devices. Detailed
specifications of each model’s configuration are provided in
Table I. The model training is conducted on a Thinkstation
equipped with an NVIDIA RTX A6000 GPU, using byte
packets with a sequence length of 256. Batch sizes are adjusted
according to each model’s complexity to optimize memory
usage and minimize training times.

Figure 4a presents the training loss across various epochs
for predictive models of differing sizes utilized in ByteTrans.
To delineate the training dynamics for the four models, it
depicts the training loss trajectories with a decrement across
epochs, signifying effective learning and optimization over
time. Notably, the larger models exhibit more substantial
reduction in loss, achieving rapid convergence when compared
to 0.5M and 5M models. This trend suggests that larger models
possess an enhanced capacity to assimilate and learn from the
data, reaching lower loss values in fewer epochs. In contrast,
the smaller models exhibit a slower decrease in loss, reflecting
limitations in capturing the data complexity.

Next, we analyze the distribution of the top-10 ranks pro-
duced by the predictive models of varying sizes. The results,
depicted in Table II, highlight the concentration of ranks,
demonstrating the rank transformation capability achieved
by each model. In Table II, 'R’ represents the rank values
assigned to the bytes, and *%" indicates the percentage of
bytes assigned to each rank. Notably, for rank ’0°, which
represents the highest predictability, the 0.5M model assigned
this rank to 66.33% of the data sequences. This percentage
increased with the model size, with the 5M and 55M models
assigning rank 0’ to 70.24% and 71.05% of the sequences,
respectively. Interestingly, for the larger 103M model, a slight
decrease in the frequency of rank 'O’ to 69.98% compared
to the 55M model suggests potential overfitting, where the
model’s larger capacity might be overly tuned to the training
data, thereby slightly impairing its generalization ability. This
pattern highlights the balance needed when scaling models,
which necessitates careful calibration of model capacity to

TABLE III: Compression performance of different models.

Group No. | NB | So.sm Ssn Sssnm S108M
1 24,422 9,086 8,025 7,426 7,838
2 22,905 11,893 10,327 10,113 10,280
3 28,228 16,266 14,419 14,071 14,355
4 24,708 10,160 9,196 8,761 8,908
5 25,343 10,109 9,062 8,630 8,860
6 24,807 10,249 8,683 8,275 8,647
7 27,869 18,116 17,213 16,766 17,012
8 30,176 22,342 21,606 21,211 21,392
9 26,219 17,661 16,066 15,934 16,232
10 24,350 10,440 9,366 8,766 8,932
Total | 259,027 | 136,322 123,963 119,953 122,456
05 o1 T
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(a) Compression rate for dif-
ferent models.

(b) Compression rate for dif-
ferent training data sizes.

Fig. 5: Compression rate under various conditions.

match data diversity and complexity. The steady decrease in
percentage from the highest to lower ranks across all models
underlines the ability of ByteTrans to effectively predict a
large portion of the data with a high certainty, leading to
efficient packet compression by minimizing variability within
the predicted ranks.

To further quantify the uncertainty inherent in the data
sequence, Figure 4b illustrates the entropy values of the
transformed rank-based sequences generated by the predictive
models, compared to the entropy of the original packet data.
The original data sequences have an entropy of 6.9399 bits,
serving as a benchmark. It is observed that as model size
increases, the entropy decreases with the 0.5M, 5M, and
50M models, demonstrating enhanced data pattern capture and
predictability. However, the 103M model shows a slight in-
crease in entropy, suggesting potential overfitting and reduced
efficiency in assigning lower rank values, consistent with the
rank distribution results in Table II. This trend underscores
the importance of optimal model sizes to balance compression
efficiency and overfitting risks.

C. Performance of Data Compression

Integrated with the lossless compression method in our
ByteTrans, Table III presents the experimental results of data
compression capability across models of different sizes. This
result captures the quantitative performance of three predic-
tive models, each calibrated to distinct parameter scales and
evaluated based on their ability to compress network packets
under controlled conditions. In this evaluation, we divide the
test dataset into 10 distinct groups to systematically assess the
compression performance. Specifically, Group No. represents
different batches of data packets being processed, while Np
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TABLE IV: Performance under different training data.

GroupNo. | N | Sspm—s  Ssm—m Ssvm—L
1 24422 10617 8025 7566
2 22905 12319 10327 10212
3 28228 16140 14419 14113
4 24708 10921 9196 8785
5 25343 10576 9062 8623
6 24807 10175 8683 8345
7 27869 18537 17213 17028
8 30176 22728 21606 21194
9 26219 17362 16066 16031
10 24350 10709 9366 8740
Total | 259,027 | 140,084 123,963 120,637

and Np indicate the number of packets and the total number of
corresponding bytes in each group, respectively. The columns
So.sm, Ssar, Sssar. and Sipzas represent the compressed
sizes achieved by each predictive model. Notably, we observe
that larger models generally achieving better compression rate
across most groups. However, the Sipsps model exhibits a
slight increase in compressed size compared to the Ssspr
model, suggesting diminishing returns as model size increases.
This also highlights the Ssps model as a balanced option
between compression performance and computational demand.

Figure 5a shows the data compression rate for different
ByteTrans model variants and the baseline model zlib [53].
As expected, it is observed that the mean compression rates
decrease as the model size increases, indicating that larger
models are more effective at compression due to their en-
hanced ability to capture complex data patterns. However, even
with smaller models, such as the S5;; or Sy s5pr versions, the
compression rate still ranges from 40.8% to 47.4%, indicating
that the data size after lossless compression is less than half
of the original packet size. This demonstrates that ByteTrans
performs effectively even with the smallest model. Similarly,
the Sip3ar model shows a slight increase in compression rate
compared to the Ss5ys model, suggesting diminishing returns
at this larger scale. Notably, the performance of the S5 s model
is comparable to that of the Ss55s model, which demonstrates
a favorable balance between model efficiency and compression
effectiveness. This underscores a practical trade-off between
computational efficiency and accuracy, supporting the broader
deployment of the smaller S5y model for its cost-effective
performance. Notably, all our models outperform the baseline
compression library, zlib, with compression rate improvements
ranging from 11.7% (5M) to 15.3% (55M), demonstrating the
superior ability of ByteTrans to compress data more efficiently.

Furthermore, we investigate the impact of varying training
dataset sizes on compression performance, with a particular
focus on the S5pr model. As shown in Figure 5b, the compres-
sion rate decreases as the size of the training dataset increases,
indicating that a larger dataset enables the model to make more
accurate predictions. By contrast, the results show a significant
improvement in compression rate when increasing the dataset
size from small to medium. However, beyond this point,
further increases in the dataset size yield diminishing returns
in performance improvement. While larger datasets improve
accuracy, they come at the cost of increased training time
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Fig. 6: Packets length distribution (KDE).
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Fig. 7: Compression Time vs Packet Length.

and resource demands, making it critical to balance training
efficiency with optimal compression performance.

Table IV showcases the compression performance of the
Ssps model trained with different sizes of training data. The
results clearly indicate that larger training datasets generally
lead to smaller compressed sizes, enhancing the model’s ability
to efficiently encode data. For instance, the Large training
dataset consistently achieves smaller sizes compared to the
Small and Medium datasets across various groups. However,
the performance improvement from the medium dataset to
Large dataset size shows diminishing returns, indicating a
point of plateau where further increases in data size do not
yield proportional benefits.

D. Performance of Model Adaptation During Communication

The experimental testbed is designed for an ISAC environ-
ment leveraging Wi-Fi protocols (e.g., IEEE 802.11n/ac/ax).
In our experiments, the link quality @ is modeled using the
received signal strength indicator (RSSI) to reflect practical
wireless channel conditions, and a lookup table is employed
to map RSSI values accordingly. For instance, the signal
strengths range from —100 dBm to —40 dBm with data rates
between 6.5 Mbps and 78 Mbps. By referencing a range
of commercially available devices, we ensure that the setup
captures realistic variations in link quality and corresponding
data rates. Here we evaluate the performance under two dis-
tinct channel conditions, i.e., normal and worse. Considering
the stability of link quality in ISAC environments, we model
signal strength variations using normal distributions centered
at specific means. Under normal conditions, the signal strength
distribution is characterized by a mean of -60 dBm and a
standard deviation of 5 dBm. In contrast, under worse channel
conditions, these parameters are set to -85 dBm and 8 dBm, re-
spectively. In this experiment, packet lengths are derived from
our training and testing datasets. Fig. 6 illustrates the packet-
length distribution of the dataset, visualized using a Kernel
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Fig. 8: Transmission time with real-world IoT packets.

Density Estimation (KDE) plot, which provides a smooth
estimation of the probability density function of the packet
lengths. This graphical analysis reveals a mean packet length
of 502.20 bytes, with most packet lengths are concentrated
below 200 bytes. This clustering of packet sizes reflects the
typical pattern of IoT-based communications, characterized by
brief and frequent data transmissions rather than large data
transfers. In addition to sampling packet data from the real-
world dataset, we further evaluate our model’s adaptability
across different scenarios by conducting experiments with
randomly generated packet lengths ranging from 42 to 1,514
bytes, consistent with the actual packet lengths observed in
the dataset.

To emulate a realistic ISAC environment, we utilize a Jetson
Nano with two configurations: the GPU-accelerated version is
used to emulate sensor nodes with moderate computational
resources, such as smart cameras and other edge devices,
while the CPU-only version simulates resource-constrained
sensor nodes with limited computational capabilities. Specif-
ically, the compression time is profiled under both con-
figurations to evaluate the performance across nodes with
varying computational resources. Fig. 7 presents the profiling
results obtained from 100 randomly sampled packets from
our dataset. The results demonstrate that compression time
increases proportionally with packet length on both sensor
configurations. This correlation is attributed to ByteTrans’s
autoregressive compression mechanism, where longer byte
sequences require more sequential predictions, resulting in
increased processing times. Additionally, as expected, CPU-
based compression consistently requires significantly more

N w Adaptation
I w/o Adaptation

I w Adaptation []
I w/o Adaptation i

-
tn
o

15.0

-
e
o

10.0

5.0 ' ]

0.0 -

Narmal Worse
Chanel Condition

(b) CPU-only sensors.

é;
Normal Worse
Chanel Condition

tn
o

Transmission Time {x10=% s}
Transmission Time {x10=% s}

e
o

(a) GPU-accelerated sensors.

Fig. 9: Box plots of communication time with real-world IoT
packets.

time compared to GPU-accelerated compression. To quanti-
tatively analyze the relationship between packet length and
compression time, we employ polynomial regression to model
the profiling results from the experiments. Based on the data
distribution, the packet length is divided into four intervals,
and the relationship between packet length and compression
time is then fitted using the least squares method. In our
experiments, the duration of a communication cycle is varied
between 60 and 80 seconds, contingent upon the specific
node characteristics and compression time requirements. The
communication time within each communication cycle is fixed
at 1 second, and the overall evaluation duration is set to 3 hours
to facilitate a comprehensive testing.

Fig. 8 demonstrates the communication time under different
conditions, comparing scenarios with and without our model
adaptation scheduling on both GPU-accelerated and CPU-
only sensor systems. Across all scenarios, the use of model
adaptation consistently results in shorter packet transmission
time compared to non-adaptive approaches, underscoring the
effectiveness of the model scheduling strategy, particularly
in challenging network environments under worse channel
conditions. Specifically, the packet transmission time is sig-
nificantly shorter under normal channel conditions compared
to poor conditions, demonstrating the impact of link quality
on data transmission efficiency. The results also show that
GPU-assisted compression consistently outperforms CPU-only
compression, achieving lower transmission times due to the
enhanced efficiency of GPU acceleration for computationally
intensive tasks. The box plots in Fig. 9 clearly illustrate that
communication time with the model adaptation are lower
than those without adaptation across both normal and worse
channel conditions. The difference is particularly pronounced
under poor conditions, where adaptation substantially reduces
transmission times. For example, switching to a larger-sized
compression model creates more compact packets, requiring
less bandwidth or resources, thereby improving efficiency in
challenging network environments.

Furthermore, we extend our evaluation to assess the perfor-
mance of ByteTrans on more heterogeneous network scenar-
ios, where packet lengths vary significantly across different
network conditions. We randomly sampled packet lengths to
represent such a complex environment, capturing the diver-
sity of packet sizes typically observed in real-world ISAC
applications. Fig. 10 and Fig. 11 illustrate the transmission
time under these conditions, reflecting a more realistic and
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TABLE V: Hardware platform specifications.

Device Type | CPU GPU Type Graphic Memory Power RAM
Thinkstation P620 | AMD Ryzen 3945WX (12-core) NVIDIA RTX A5000 24GB 230W gpry  256GB
Jetson Orin Nano ARM Cortex-AS57 (4-core) NVIDIA Ampere architecture GPU 8GB 15W 8GB
Raspberry Pi 4B ARM Cortex-A72 (4-core) X X 15W 4GB
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Fig. 11: Box plots of communication time with heterogeneous
network packets.

diverse setting where a large number of sensors transmit data
packets of varying modalities and lengths. The observed trends
under this heterogeneous scenario are consistent with those
seen for packets from the real-world IoT scenario. Fig. 11 also
emphasizes these results with box plots that provide statistical
insights into the communication time distributions. The medi-
ans and interquartile ranges indicate that the model adaptation
scheduling strategy not only enhances the data transmission
efficiency but also achieves more stable performance across
varying channel conditions. Similarly, the difference between
adaptation and non-adaptation modes is more substantial under
worse channel conditions, reinforcing the effectiveness of

the proposed strategy in addressing the challenges of packet
transmission in suboptimal network environments. The overall
results from Fig. 9 and Fig. 11 demonstrate that our adaptation
approach is highly transferable across different scenarios and
consistently delivers significant performance improvements.

E. Implementation Efficiency

Lastly, to evaluate the practical applicability of ByteTrans
on a variety of ISAC hardware platforms, we conduct a
series of real-world deployments and evaluations in multiple
dimensions. Specifically, we test the designed models on Rasp-
berry Pi modules, Nvidia Jetson modules (e.g. within sensor
devices), and high-performance (HP) servers (e.g. within base
stations) to cover a broad spectrum of computational and com-
munication capabilities. The detailed hardware specifications
can be found in Table V. We directly benchmark ByteTrans
on the PyTorch implementation. For the Raspberry Pi and the
HP server, we utilize the psutil library to obtain resource
utilization information for the data compression process. We
also employ the nvidia—smi API and tegrastats utility
to monitor resource usage during network packet compression
with different device configurations. These benchmark opera-
tions run on a separate process, minimizing interference with
the compression process in real-world environments.

1) Compression Time: The evaluation of compression times
across different devices reveals key insights into the balance
between model size and available computational resources.
Notably, GPU-accelerated configuration demonstrate a sig-
nificant performance advantage over their CPU counterparts
across all platforms, particularly with larger models like the
Sssar performing notably slower on CPU. On the server
side, all models achieve faster data compression, benefiting
from the server’s robust processing capabilities. On resource-
constrained sensor devices, however, the performance gap
between GPU and CPU processing becomes more pronounced.
This highlights the effectiveness of smaller, resource-efficient
models like the S5, which achieves a compression rate nearly
comparable to the Ss5ps while providing a favorable trade-off
between performance and resource utilization.

2) Resource Usage - edge sensor device: In the context of
resource utilization, we conduct the detailed evaluation of dif-
ferent model versions on various platforms to investigate their
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Fig. 13: Resource usage of the edge sensor device.

actual resource demands. Figure 13 illustrates the resource
consumption across several metrics for models deployed on
the Jetson-enabled device. The resource utilization across
different models on the device reveals distinct trends in CPU
and GPU usage, power consumption, and Random Access
Memory (RAM) utilization. The CPU usage, as depicted in
Figure 13a, shows a marked difference between CPU-only
and GPU-accelerated versions of the models. The CPU-only
versions of the models exhibit high CPU usage, approaching
100%, while GPU-accelerated versions significantly reduce
CPU load, demonstrating notably lower CPU usage across all
model sizes. It is worth noting that the larger-size ByteTrans
model will incur more occasional high CPU usage. This might
be due to the intensive GPU operation orchestration or data
loading and can lead to future investigations. In contrast, the
GPU usage shown in Figure 13b is minimal for CPU versions
of the models but escalates in GPU-accelerated versions.

Power consumption, detailed in Figure 13c, shows that the
larger-size ByteTrans models require more power, particularly
with CPU versions generally consuming more than their
GPU counterparts. However, adopting GPU for inference can
significantly reduce the power consumption, which indicates
that employing an edge GPU not only accelerate the data
compression efficiency but also improve the power efficiency.
Moreover, the Jetson Nano, like most embedded systems,
manages its own power to prevent overload, ensuring safe
operation throughout the experiments. We profiled its actual
power usage during compression and found it consistently
below 30% of the device’s rated capacity, which confirms
that the framework satisfies practical power limits at edges.
Lastly, Figure 13d illustrates the RAM usage for various model
versions. Notably, increasing the model size does not signifi-
cantly increase RAM overhead. These observations highlight
the broad compatibility of our ByteTrans across various model

13

sizes on edge devices. Nevertheless, we suggest conducting
profiling before deployment (as in Fig. 7) to select the most
appropriate model size based on specific communication re-
quirements and available device resources.

VII. CONCLUSION

In this paper, we present a novel byte-level predictive
model and a model adaptation strategy for optimizing data
transmission in integrated sensing and multi-modal communi-
cation systems. The proposed ByteTrans framework leverages
Transformer-based prediction models to efficiently compress
data packets across diverse modalities. By dynamically adapt-
ing model selection based on network conditions and packet
characteristics, the framework achieves significant reductions
in transmission time and bandwidth usage while maintaining
lossless data integrity. Our extensive experiments demonstrate
the framework’s robustness and scalability across various
platforms, from edge sensors to high-performance servers,
highlighting the applicability of ByteTrans in real-world envi-
ronments. This work provides a foundation for further research
into byte-level compression techniques and their integration
with real-time, resource-aware applications in heterogeneous
network environments.
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