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Abstract—In network-constrained environments, distributed
multi-agent systems—such as UGVs and UAVs—must communi-
cate effectively to support computationally demanding scene per-
ception tasks like semantic and instance segmentation. These tasks
are challenging because they require high accuracy even when
using low-quality images, and the network limitations restrict the
amount of data that can be transmitted between agents. To over-
come the above challenges, we propose TAVIC-DAS to perform a
task and channel-aware variable-rate image compression to enable
distributed task execution and minimize communication latency
by transmitting compressed images. TAVIC-DAS proposes a novel
image compression and decompression framework (distributed
across agents) that integrates channel parameters such as RSSI
and data rate into a task-specific “semantic segmentation” DNN to
generate masks representing the object of interest in the scene (ROI
maps) by determining a high pixel density needed to represent
objects of interest and low density to represents surrounding pixels
within an image. Additionally, to accommodate agents with limited
computational resources, TAVIC-DAS incorporates resource-aware
model quantization. We evaluated TAVIC-DAS on platforms
such as ROSMaster X3 and Jetson Xavier, which communicated
using a low-frequency proprietary Doodle radio operating at 915
MHz. The experimental results show that TAVIC-DAS achieves
approximately 7.62% higher PSNR and is about 6.39% more
resource efficient compared to state-of-the-art techniques.

Index Terms—Task-Aware Image Compression, Edge
Computing, Scene Understanding, Pervasive Computing

I. INTRODUCTION

Autonomous agents such as Unmanned Aerial Vehicles
(UAVs), and Unmanned Ground Vehicles (UGVs) collaborate
on critical tasks like path planning and scene understanding.
However, these devices are inherently resource-constrained,
with limited computational power, memory, and energy, and
communicate in network-constrained environments. The agents
transmit images of the perceived scenes among each other
to facilitate efficient information exchange and enhance the
accuracy of contextual interpretation. Thus, image compression
is pivotal in (a) reducing the data size communicated over
the network to minimize transmission latency [1] and (b)
lowering the computational requirements to process the images
for various tasks [2]. While lossless image compression is
ideal for preserving information, lossy compression significantly
reduces file size by up to 90%, making it ideal for network-
constrained environments. Traditional compression techniques,
including Huffman coding, Slepian-Wolf coding [3] along with
deep learning-based approaches like Generative Adversarial
Networks (GANs) [4], have been widely employed for image
compression. These methods are the foundation for more ad-
vanced techniques like variable-rate image compression, which

enables dynamic adjustment of compression rates, allowing a
single model to operate efficiently across varying image bitrates.
To enable variable-rate compression for various image tasks,
Pu et.al [5] proposed conditional class entropy-based metrics
that are incorporated into an encoder to create compressed
images, which are then decompressed for downstream tasks.
Current state-of-the-art image compression techniques often
assume stable and high-bandwidth network conditions, which
are not true for real-world contested environments involving
autonomous agents. Consequently, these approaches are un-
suited for network-constrained environments that depend on low-
frequency and long-range communication technologies, such as
LoRa [6] or proprietary systems like Doodle Radios. This mo-
tivates researchers towards joint task and channel-aware image
compression and transmission between autonomous agents [7].
Given the resource constraints of the agents, the processes
of image compression, transmission, and task execution must
prioritize power efficiency and minimize latency. While image
compression performed using transformers ( [8], [9]) may have
high accuracy, they are not resource-efficient. State-of-the-art
joint task and channel-aware models [7] do not propose unified
models for different compression rates. To overcome the above
challenges, we propose TAVIC-DAS , a joint task and channel-
aware variable-rate image compression and transmission
framework for resource-constrained autonomous agents.

Keeping the task of "instance segmentation" in focus, TAVIC-
DAS distributes tasks among autonomous agents, leveraging
shared image data to enhance collective scene perception. To
ensure resource efficiency, TAVIC-DAS begins with task-specific
downsampling of the captured image. It then utilizes a device-
specific quantized "semantic segmentation" model at the sender
to extract channel-aware region-of-interest (ROI) maps from
the downsampled image. The pixel density in the ROI maps, de-
termined by the α parameter, adapts to network conditions such
as Received Signal Strength Indicator (RSSI) and bitrate. Under
poor network conditions, the maps are sparsely populated (lower
α), while good network conditions result in densely populated
maps (higher α). Using these ROI maps, TAVIC-DAS com-
presses images in an 80:20 ratio, preserving 80% of pixels repre-
senting objects of interest and only preserving 20% of surround-
ing pixels, minimizing the loss of task-relevant details. The
compressed image, along with the α parameter, is transmitted to
the receiver, where it is reconstructed for instance segmentation.
By pre-determining the regions of interest at the sender, TAVIC-
DAS significantly reduces the computational load for performing
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instance segmentation tasks. Key Contributions of TAVIC-DAS :
• Joint Task and Channel Aware Image Compression. Inte-

grates network parameters for dynamic image compression
based on network conditions. TAVIC-DAS achieves 69%
reduction of image size with downsampling and 82.5% reduc-
tion of image size with channel-guided ROI map generation.

• Resource Efficient Framework TAVIC-DAS quantizes
the task-specific model to optimize performance while
minimizing memory and computational overhead. We
show that names achieve 11.75% improvement in
computation and 25.6% in communication power efficiency
compared to state-of-the-art techniques. The distributed
task execution (semantic-segmentation as upstream and
instance-segmentation as downstream) effectively utilizes
the resources across the agents.

• Novel decompression framework of TAVIC-DAS helps
reconstruct the images that improves the IOU of instance
segmentation task by ≈ 4% when compared to using
compressed images.

II. RELATED WORK

In this section, we provide a concise overview of existing re-
search methods for task and channel-aware image compression.

A. Task-aware image compression
Task-aware networks are extensively utilized in image

compression and super-resolution, leveraging trained feature
extractors to enhance the accuracy of downstream task
inference. [10] proposed a variable-rate image compression
framework guided by a quality map, allowing classification-
aware compression by optimizing the map during encoding
without retraining the model. Their method approximates the
map on the decoder side using the latent representation. In
contrast, TAVIC-DAS minimizes the payload by transmitting
only the quality value(α), which serves as the sole conditioning
factor for reconstruction. [11] used task-specific optimization
of quantization tables through a differentiable loss function
and demonstrated improved performance across multiple
semantic and conventional compression tasks. Building on
task-aware methods, [12] explored task-specific downscaling
for super-resolution and colorization, emphasizing optimized
reconstruction while maintaining compression efficiency. [13]
proposed a recognition-aware learned compression method,
which optimizes a rate-distortion loss alongside a task-specific
loss, jointly learning compression and recognition networks.
Task-aware approaches have also been explored in video
compression, with [14] dynamically optimizing macro-block
quantization parameters using reinforcement learning for tasks
like car detection and ROI encoding and [15] proposing an
encoder-controlled deep video compression framework that
adapts pre-trained decoders for diverse machine vision tasks.

B. Channel-aware image compression
Channel-aware image compression considers channel param-

eters such as bandwidth, latency, and signal quality to enable dif-
ferential compression that dynamically optimizes bit allocation
based on the transmission environment. [7] considered channel
gain, transmission rate, and latency to select semantic blocks for
transmission, whereas TAVIC-DAS transmits the entire image us-
ing adaptive compression, dynamically adjusting quality based

on bandwidth and latency to ensure task performance. This
preserves the neighboring pixel information, which may be sig-
nificant not just for downstream instance segmentation tasks but
also if the receiver decides to execute other tasks, such as gesture
recognition. [16] proposed a data-driven underwater image
transmission system incorporating channel-aware training using
an autoencoder to compress and encode images by leveraging
underwater acoustic channel properties such as low bandwidth
and variable path loss. Some work has explored channel param-
eters in compression sensing, which reconstructs signals from
sparse samples, but image compression, which encodes full sig-
nals efficiently, has seen little focus on channel-aware methods.

III. BACKGROUND AND MOTIVATION

Inspired by [10], TAVIC-DAS generates ROI maps for differ-
ent rates of α depending on the channel parameters. However,
the existing work involves transmitting a latent representation
of the quality map. As we show, the higher alpha values that
regulate the compression level of different regions significantly
increase transmission latency and payload. Figure 1 illustrates
that an increase in the alpha value corresponds to larger
compressed file sizes, which in turn leads to higher latency. It is
important to note that the observed trend for file size and latency
remains consistent as alpha increases, regardless of whether the
image size is KB or MB. This consistency is attributed to higher
alpha values prioritizing the preservation of finer details, thus
necessitating a greater amount of data for encoding and trans-
mission. Furthermore, the increase in payload also increases the
likelihood of retransmissions in TCP due to network congestion.
This motivates us to 1⃝ transmit only the alpha value for image
reconstruction at the receiver and 2⃝ incorporate latency and
retransmissions to determine the optimal alpha value.

Fig. 1: File size increases as alpha increases. ROI maps corresponding to α =
0.2 and α = 0.9 are shown (best when zoomed in) (left). The transmission
latency also increases with alpha (right).

IV. METHODOLOGY

This section outlines the design details of TAVIC-DAS .
System Overview

To enable a resource-efficient framework, TAVIC-DAS begins
by downsampling the input image, enhancing computational
efficiency for selecting objects of interest. Simultaneously,
TAVIC-DAS evaluates network conditions using RSSI values
and bitrate to derive an α value, which determines the pixel
density to preserve for the downstream task. The downsampled
image and α value are then used to generate a channel-guided,
task-aware ROI map for the semantic segmentation task.
The ROI map identifies objects of interest in the image and
specifies the required pixel density. Leveraging this map, the
compression module efficiently compresses the downsampled
image and transmits it to the receiver along with the α value.
At the receiver, the image is reconstructed, optimizing the
Intersection over Union (IoU) for the instance segmentation
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Fig. 2: System architecture of TAVIC-DAS

task. This pipeline (illustrated in Figure 2) enables task-aware
compression, efficient transmission, distributed task execution,
and precise instance segmentation at the receiver.

1) Training Phase
The training phase is conducted at both the transmitter and

receiver sides, with the details outlined in this section.
Downscaling network. To perform the downscaling process,

each input image X ∈ Rm×n is resized using downscaling
factors p ranging from 1 to 4, with a step size of 0.1. For each
factor p, the downscaled dimensions are computed as m′= m

p

and n′= n
p , resulting in a resized image Xdownscaled∈Rm′×n′

.
For every downscaled image, two losses are calculated: the
rate loss LR, defined as the estimated bits per pixel (BPP),
and the semantic segmentation loss at the transmitter LS ,
computed as the Intersection-over-Union (IoU) loss using the
DeepLabV3-ResNet50 model [17]. The overall loss function
is formulated as:

L=LR+λLS (1)
where λ is a balancing factor that trades off between
compression efficiency and segmentation accuracy. The
MobileNetV2 model [18], chosen for its low computational
cost, is trained to minimize this loss function. Given an input
image, the trained model predicts the optimal downscaling
factor p that balances compression efficiency and segmentation
quality. This approach is inspired by [19], but we adapt it
specifically for the semantic segmentation task.

Task-aware network. We take inspiration from [10]
but adapt it specifically for semantic segmentation at the
transmitter. To identify regions of interest for the downstream
task at the receiver, we utilize DeepLabV3_ResNet50 in
combination with Gradient-weighted Class Activation Mapping
(Grad-CAM) [20]. Grad-CAM generates a saliency map
G∈Rm′×n′

, highlighting the most relevant areas of interest
for the downstream task, with each value Gi,j indicating the
importance of pixel (i,j). The ROI map Q is then defined as:

Qi,j=α·Gi,j , α∈ [0,1] (2)
where α is the pixel density factor, varied in steps of 0.1.
This formulation ensures that regions with higher Gi,j values,
which are critical for the downstream task, are assigned higher
quality based on their corresponding Qi,j . The ROI map is
a scaled variant of the saliency (importance) map, with α
serving as the density factor to determine how many pixels

represent the objects of interest. Figure 3 (left) illustrates the
percentage of relevant pixels assigned for varying α values,
with 80% representing high density for objects of interest, and
the remaining pixels are assigned 20%. On the right, the 3D
plot demonstrates the spatial distribution of pixel importance,
where the x and y-axes correspond to the pixel grid, and the
z-axis represents the importance value P (x,y) of each pixel.

Fig. 3: Percentage of pixels assigned density = 80 for each α: Higher α values
allocate more relevant pixels with higher quality (left). Spatial importance
distribution for α=0.5 (right)

Channel-aware network. We train a 2-layer Multilayer
Perceptron (MLP) with an embedding layer to predict the
optimal α value for a given channel condition. This α
can be interpreted as a balancing factor between rate and
distortion in image compression. Lower α values prioritize rate
reduction (more compression), while higher α values focus
on minimizing distortion. Our goal is to predict α such that:

Minimize: Tlatency, Ppacket loss
Maximize: PSNR (Peak Signal-to-Noise Ratio)

This represents a multi-objective optimization problem, as
reducing latency and packet loss typically conflicts with
maximizing PSNR. To address this, we train the model on
a real-world collected dataset where, given channel conditions
such as link bitrate (B) and RSSI (R), the model predicts
an optimal α to balance these objectives. Lower α values
reduce latency and packet loss by compressing the image
more aggressively, while higher α values improve PSNR but
increase latency and retransmission risk. To formalize this
optimization, we define a composite utility function:

U=wS ·Sn+wL ·Ln+wP ·Pn (3)
where:
Sn=

S−Smin

Smax−Smin
,Ln =

Lmax−L

Lmax−Lmin
,Pn=

Pmax−P

Pmax−Pmin
(4)
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The weights wS , wL, and wP determine the relative impor-
tance of PSNR, latency, and packet loss, respectively, and sum up
to 1. The model is trained to maximize this utility function, en-
suring that the predicted α value minimizes latency and packet
loss while maximizing PSNR under varying channel conditions.

Alpha-conditioned image reconstruction at the receiver.
For α-conditioned image reconstruction, we train a DNN to
predict the reconstructed image given a compressed input and its
associated alpha value, which governs the compression intensity.
The model comprises three main components: 1⃝ a convolu-
tional encoder to extract feature maps from the compressed
image, 2⃝ a fully connected (FC) network to process the scalar
alpha value, and 3⃝ a Feature-wise Linear Modulation (FiLM)
[21] layer to dynamically modulate the image features based
on the alpha value. The FiLM operation is formulated as:

FiLM(F,α)=γ(α)·F+β(α), (5)
where F ∈RC×H×W represents the image feature maps, and
γ(α),β(α)∈RC are scaling and shifting parameters derived
from the alpha value via the fully connected network. The mod-
ulated features are passed through a decoder network to generate
the reconstructed image. The training process minimizes the
mean squared error (MSE) between the reconstructed image
and the ground truth original image. By incorporating the alpha
value as a conditioning parameter, the model learns to adapt
the reconstruction process based on the compression intensity.

2) Inference Phase
After training the downscaling, task-aware, and channel-

aware networks at the transmitter and the alpha-conditioned
image reconstruction network at the receiver, the models are
quantized in real time based on the available resources to
ensure efficient deployment. To determine the appropriate
quantization level, we compute a Dynamic Resource Efficiency
Index (R) as a weighted combination of the normalized
available memory and signal strength for both the transmitter
and receiver. This score is defined as:

R=wm ·Available Memory
Total Memory

+ws ·
Current Signal Strength

Maximum Signal Strength
,

(6)
where wm and ws are weights that represent the relative
importance of memory and signal strength, wm+ws=1. We
assigned both wm and ws a value of 0.5. Based on R, the
quantization level is dynamically chosen as:

b=


FP32, if R≥x,

FP16, if y≤R<x,

INT8, if R<y,
where x and y are predefined thresholds that determine the
quantization level. For high resource availability (R≥x), FP32
precision is selected for maximum accuracy. For moderate
resources (y ≤ R < x), FP16 is used to balance accuracy
and efficiency. For low resource availability (R < y), INT8
quantization is employed to minimize memory and computa-
tional overhead. This approach ensures that the model adapts
dynamically to varying memory and bandwidth conditions,
optimizing performance without exceeding resource constraints.
After quantizing the models, TAVIC-DAS further performs all
the steps as highlighted in the System Overview and illustrated
in Fig 2. Algorithm 1 discusses the steps in detail.

Algorithm 1 TAVIC-DAS Transmitter and Receiver Operations

1: Transmitter Operation ⋆
2: Input: Image X∈Rm×n

3: Dynamic Model Quantization:
4: Compute R and assign quantization ▷ Equation 6
5: Task and Channel-Aware Compression:
6: Resize image to Xdownscaled∈Rm′×n′

▷ Sec 4.1
7: Generate saliency map G∈Rm′×n′

▷ Sec 4.1
8: Obtain channel conditions (B,R)
9: Predict optimal α using channel-aware network ▷ Sec 4.1

10: Compute ROI map Qi,j=α·Gi,j ▷ Equation 2
11: Compress image using ROI map Q
12: Transmission:
13: Transmit compressed image and α to receiver
14: Receiver Operation ⋆
15: Input: Compressed image, α
16: Dynamic Model Quantization:
17: Compute R and assign quantization
18: Image Reconstruction:
19: Reconstruct image using α-conditioned reconstruction

network
20: Downstream Processing:
21: Perform instance segmentation on reconstructed image

V. EXPERIMENTAL DETAILS

A. Data Collection
The streaming modality employed in this study is image data.

To train the model for predicting alpha values under varying
channel conditions, a comprehensive dataset was collected
in real-time encompassing both line-of-sight (LOS) and
non-line-of-sight (NLOS) scenarios. Data was gathered using
two Doodle Labs Mesh Rider Radios operating at 915 MHz
with a bandwidth of 20 MHz. Data collection was conducted
across three distinct Modulation and Coding Scheme (MCS)
rates: MCS0, MCS2, and MCS4. We automated the image
transmission process by developing a bash script that utilizes
Rsync. Successful data traversal through the radio interface
was verified using Wireshark packet capture analysis. During
each Rsync transmission loop, RSSI values were retrieved
from the radios via command-over SSH, and retransmission
metrics were recorded using the Linux tool iPerf. The image
dataset comprises streamed images from a combination of
PASCAL-VOC and Cityscapes. A preview of the collected
data samples to train the channel-aware module to output α
is presented in Table I, showcasing key metadata attributes.
We showcase the data for one single image. However, a set
of images was used to train and test the models.

B. Model Hyperparameters
We train the α-conditioned image reconstruction network

with a batch size (B) of 16 and a learning rate (LR) of 0.001
for 50 epochs (E). For the downscaling network, training is
performed with B=8, and LR=0.001 for E=100 using Cross
Entropy Loss and the Adam optimizer. We use the same LR
as above for the channel-aware network and train it for E=100.

C. Device Implementation Details
We deployed TAVIC-DAS on two platforms: a robotic device

(ROSMaster X3) and an edge device (Jetson Xavier). To
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Alpha FileSize (bytes) Latency (ms) Retransmission RSSI
0.0 29703 422 2 -59
0.1 38167 443 2 -58
0.2 39016 452 3 -58
0.3 39409 567 2 -59
0.4 39653 585 3 -59
0.5 40135 605 3 -59
0.6 40877 623 3 -57
0.7 41493 684 3 -59
0.8 42476 700 4 -56
0.9 43250 760 4 -60
1.0 44265 832 4 -60

TABLE I: Training samples to output α for a particular image and bitrate
using Doodle Radio

evaluate TAVIC-DAS for long-range communication, we utilized
Doodle Labs Mesh Rider Radios (model RM-1700-22M3)
operating at a 915 MHz frequency, commonly used by LoRa.
The radios were integrated with the devices to facilitate data
transmission over the 915 MHz band.

VI. RESULT ANALYSIS

We evaluate TAVIC-DAS against baselines, (a) QMAP-
SFT [10] and AID [19], in terms of reconstruction quality,
resource efficiency (computation and communication), and
performance on the downstream task (instance-segmentation).

A. Baseline Comparison
Reconstruction Quality Evaluation. We evaluated the

reconstruction quality of images at the receiver using Peak
Signal-to-Noise Ratio (PSNR) and Structural Similarity Index
Measure (SSIM) as metrics (Figure 4). TAVIC-DAS achieves
the highest SSIM of 0.91, outperforming QMap-SFT by 3%
and AID by 5.56%, demonstrating its superior structural preser-
vation even when transmitting only the alpha value and not the
latent features of the ROI map. This highlights the efficiency
of TAVIC-DAS in bandwidth-constrained scenarios while
maintaining high-quality reconstruction. Furthermore, TAVIC-
DAS achieves a competitive PSNR, which is only marginally
lower than QMap-SFT but significantly higher than AID,
demonstrating its ability to balance computational efficiency
with reconstruction quality. We also compared TAVIC-DAS with
the widely used (but task-unaware) codec JPEG XL, which
achieved 30.25 dB PSNR and 0.85 SSIM, which is 4.69%↓
in PSNR and 6.59%↓ in SSIM compared to TAVIC-DAS.

Fig. 4: Comparison of reconstruction quality across baselines

Latency and Power Consumption Analysis
We compare TAVIC-DAS with QMap-SFT and AID to eval-

uate total latency and power consumption, where total latency
encompasses compression, transmission, and reconstruction. As
shown in Figure 5, TAVIC-DAS achieves a lower total latency
of 3.22s compared to QMap-SFT’s 4.073s. This reduction is

primarily due to TAVIC-DAS ’s significantly faster transmission
time (0.3s) versus QMap-SFT’s 0.6s, as TAVIC-DAS transmits
only α and not the quantized latent representation. This demon-
strates TAVIC-DAS ’s efficiency in achieving faster and more ef-
fective image reconstruction. We observe that AID achieves the
lowest latency of 3.03s, primarily because it lacks a task-aware
component, such as our semantic segmentation block, which
supports downstream tasks and adds approximately 0.2s to the
latency. Also, it does not account for channel conditions, thus
increasing the latency in low-bandwidth conditions. In contrast,
TAVIC-DAS shows significant advantages over AID, achieving a
7.62%↑ improvement in PSNR and a 5.56%↑ increase in SSIM,
highlighting its superior reconstruction quality. TAVIC-DAS
demonstrates improved energy efficiency, consuming 11.10W
compared to 12.68W with QMap-SFT. Power consumption of
AID is lower due to the absence of a task-aware module at
the sender, which is essential for image reconstruction.

Fig. 5: Comparison based on latency and power consumption

B. Instance Segmentation Analysis
We employ Mask R-CNN [22] for instance segmentation,

aiming not only to perform segmentation at the receiver side but
also to analyze the impact of α on segmentation performance.
To this end, we conduct a detailed study by tracking the
Intersection-over-Union (IoU) over our testing dataset for all
α values. Fig 6a demonstrates the Mean IoU for each of the
images with and without the reconstruction module for varying
α. While the performance of the model is comparable with and
without reconstruction for higher α values (α=0.9) (IoU 0.887)
with reconstruction and (IoU 881) without reconstruction, it
is clear that reconstruction enhances the accuracy with lower
α values (α=0.1) (IoU 0.841) with reconstruction and (IoU
0.8) without reconstruction. Upon further investigation, we
observed that α = 0.5 and α = 0.6 perform comparably to
α = 1.0 in terms of IoU for images with fewer instances.
However, as the number of instances increases, higher α values
begin to show superior performance (refer to figure 6b). Thus,
an additional module at the receiver incorporating a choice
of reconstruction will enhance the computational efficiency
of the devices, which we shall delve into in the future.

C. Ablation Study
We perform a comprehensive ablation study (table II) to

examine the impact of TAVIC-DAS ’s key components on
1⃝ PSNR (dB), 2⃝ SSIM, 3⃝ Latency (s), and 4⃝ Power
consumption (W). The components sequentially removed
to analyze their impact are 1⃝ Task-aware network, 2⃝
Downscaling network, and 3⃝ Alpha-conditioned reconstruction
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(a) IoU vs. α with & without recon-
struction.

(b) Instance segmentation on reconstructed
images: (left) optimal α=0.5, (right) optimal
α=1.0 as number of objects increase (right).

Fig. 6: Results for instance segmentation using TAVIC-DAS

network. Removing the α-conditioned reconstruction network
results in a decline in PSNR to 29.88 (6.87% ↓) and SSIM
to 0.8916 (2.34% ↓), highlighting its critical role in enhancing
the quality of reconstructed images. As anticipated, this also
leads to reduced latency (3.14s) and lower power consumption
(11.05W). Excluding the downscaling network results in a slight
increase in SSIM to 0.9141; however, the latency is increased
to 3.19s. Removing the task-aware network leads to a reduction
in both PSNR and SSIM, which drop to 29.32 and 0.8894,
respectively. The latency and power consumption also decrease
from 3.22s to 3.02s and from 11.19W to 11.05W, respectively.
The integration of all these components demonstrates TAVIC-
DAS ’s capability to efficiently reconstruct images while
maintaining low latency, and reduced power consumption.

Task-aware network Downscaling network α-conditioned network PSNR (dB) SSIM Latency (s) Power (W)

✓ ✓ ✓ 32.01 0.9130 3.22 11.19

✓ ✓ ✗ 29.88 0.8916 3.14 11.05

✓ ✗ ✓ 32.00 0.9141 3.19 11.10

✗ ✓ ✓ 29.32 0.8894 3.02 11.05

TABLE II: Ablation study of TAVIC-DAS on PASCAL VOC

VII. CONCLUSION AND FUTURE WORK

We proposed TAVIC-DAS , a novel image compression
framework designed to deliver high-quality reconstructed
images while being highly effective in low-bandwidth
environments. By incorporating both network-channel
parameters and downstream task-specific information,
TAVIC-DAS achieves higher PSNR ≈ 7.62% compared to
state-of-the-art techniques. The distributed task execution and
model quantization help improve the resource efficiency by ≈
6.39%. This highlights TAVIC-DAS as a versatile and robust
solution for resource-constrained scenarios, paving the way for
future advancements in task-aware and channel-adaptive image
compression frameworks. In the future, we aim to extend this
framework to other modalities, including video compression
and 3D LiDAR point clouds involving multiple agents. We
also intend to explore various network parameters in the future.
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