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Abstract

With the rapid growth of the Internet of Things (IoT), in-
tegrating artificial intelligence (AI) on extremely weak em-
bedded devices has garnered significant attention, enabling
improved real-time performance and enhanced data privacy.
However, the resource limitations of such devices and unre-
liable network conditions necessitate error-resilient device-
edge collaboration systems. Traditional approaches focus on
bit-level transmission correctness, which can be inefficient
under dynamic channel conditions. In contrast, we propose
SemanticNN, a semantic codec that tolerates bit-level errors
in pursuit of semantic-level correctness, enabling compres-
sive and resilient collaborative inference offloading under
strict computational and communication constraints. It incor-
porates a Bit Error Rate (BER)-aware decoder that adapts to
dynamic channel conditions and a Soft Quantization (SQ)-
based encoder to learn compact representations. Building on
this architecture, we introduce Feature-augmentation Learn-
ing, a novel training strategy that enhances offloading ef-
ficiency. To address encoder-decoder capability mismatches
from asymmetric resources, we propose XAl-based Asym-
metry Compensation to enhance decoding semantic fidelity.
We conduct extensive experiments on STM32 using three
models and six datasets across image classification and object
detection tasks. Experimental results demonstrate that, under
varying transmission error rates, SemanticNN significantly
reduces feature transmission volume by 56.82-344.83x while
maintaining superior inference accuracy.

Code — https://github.com/zju-emnets/SemanticNN
Extended version — https://arxiv.org/abs/2511.11038

1 Introduction

Internet of Things (IoT) has become increasingly preva-
lent across a wide range of areas, including manufactur-
ing, agriculture, transportation, and healthcare (Quy et al.
2022; Breda et al. 2023; Ling et al. 2021; Jiang et al. 2021).
Deploying intelligent capabilities on weak embedded de-
vices in these settings enhances real-time responsiveness
and operational efficiency (Yao et al. 2020; Huang and Gao
2022; Maj et al. 2022; Benazir, Xu, and Lin 2024). For in-
stance, deploying neural networks (NNs) on small drones
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Figure 1: SemanticNN (including encoder and decoder) ac-
cepts bit errors in wireless transmissions, pursuing seman-
tic correctness with extremely feature compression in split
computing. The original task NN will be frozen, and only
the SemanticNN will be optimized.

equipped with IoT cameras enables real-time anomaly de-
tection, which benefits applications such as fire detection,
wildlife monitoring, and traffic surveillance (Huang and Gao
2022; Hojjat et al. 2024).

Nevertheless, executing Al algorithms on weak devices
remains challenging due to severe constraints on computa-
tion, memory, and power (He et al. 2016; stm 2023). For
example, ResNet-50 requires at least 100MB of memory,
while a typical embedded device STM32, offers less than
IMB of local memory. To bridge this huge gap, techniques
such as TinyML, model compression, and pruning (Kalli-
mani et al. 2024; Zhang, Gu, and Zhang 2021; Lin et al.
2020) have been widely adopted. However, they may lead
to non-negligible accuracy loss (Frankle et al. 2020; Huang
and Gao 2022) due to aggressive simplification of NN. For
example, TinyML achieves over 50% compression via low-
precision quantization, but this comes at the cost of reduced
model expressiveness and degraded task performance.

Recent advances in split computing (Kang et al. 2017;
Laskaridis et al. 2020; Huang et al. 2021; Benazir, Xu, and
Lin 2024; Bin et al. 2024) significantly mitigate accuracy
degradation by offloading parts of NN computations from
weak devices to edge servers. Concretely, the original NN
is split into the device-side NN and the edge-side NN, with



the intermediate features extracted on the device offloaded
to the edge for further inference. Existing works primarily
focus on optimizing model partitioning strategies and com-
pressing device-side outputs to reduce both computational
load and communication overhead.

However, these offloaded features are typically com-
pressed before transmission to reduce bandwidth usage,
making them highly vulnerable to bit errors introduced by
wireless communication (Nogales et al. 2018; Becke et al.
2012). Even a small number of flipped bits can lead to signif-
icant semantic drift in downstream predictions. For instance,
causing a speech-to-text system to misinterpret “tempera-
ture” as “temperate”. This sensitivity highlights the impor-
tance of transmission robustness in Al systems.

Traditional bit-level error correction techniques, such as
network coding(Wicker and Bhargava 1999; MacKay 2005)
and retransmission protocols, are designed to ensure bit-
level reliability for upper-layer applications. However, they
could be impractical for resource-constrained devices, par-
ticularly under extremely dynamic or unreliable wireless
links (Yun, Kim, and Tan 2010). Orthogonal to bit-level ap-
proaches (Bragilevsky and Baji¢ 2020; Baji¢ 2021; Dhon-
dea, Cohen, and Baji¢ 2021; Itahara et al. 2022; Wang
and Zhang 2022), we propose a novel paradigm based on
semantic-level correctness.

In this paper, we introduce SemanticNN, a semantic codec
comprising an encoder and decoder, designed for error re-
silient Semantic Neural Network offloading. Unlike tradi-
tional bit-level approaches, SemanticNN treats bit errors as
acceptable as long as the essential semantic content is pre-
served. As illustrated in Figure 1, our approach extends
Shannon’s second level of communication (Shannon 1948)
by defining semantic correctness in terms of end-to-end in-
ference accuracy. The encoder compresses the output of the
device-side NN, while the decoder reconstructs the received
features in the presence of transmission errors. Thus, the
primary objective of SemanticNN is to design an encoder-
decoder framework capable of tolerating transmission er-
rors. Two key challenges arise in designing SemanticNN.

The first stems from the combination of extreme feature
compression and dynamic transmission errors. Specifically,
extreme feature compression increases sensitivity to trans-
mission errors. Moreover, this sensitivity is further amplified
by the varying severity of transmission errors (e.g., multi-
path interference in Wi-Fi), which hinder the accurate recov-
ery of semantic information at the edge (Appendix A.1). To
tackle this, we design a dedicated semantic codec consisting
of a Soft Quantization (SQ)-based encoder and a BER-aware
decoder. The encoder introduces a learnable, non-uniform
quantization mechanism that allows end-to-end optimiza-
tion of both the quantization and the NN parameters. This
ensures that even under severe compression, the encoder re-
tains the most semantically meaningful representations. The
decoder integrates an adaptive attention module that dy-
namically responds to varying error rates, enabling robust
reconstruction of corrupted features. Furthermore, we pro-
pose Feature-Augmentation Learning, a two-stage training
framework. The first stage involves pre-training the codec
using an autoencoder objective to denoise compressed fea-
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tures, serving as a universal initialization applicable to any
downstream task at a given model split point. In the sec-
ond stage, task-specific model fine-tuning refines the ability
to capture high-level semantic features tailored to individual
applications.

The second lies in the architectural asymmetry between
the encoder and decoder. Due to resource constraints on
weak devices, the encoder deployed at the edge is signifi-
cantly simpler in structure than the decoder on the server.
Our experiments in Appendix A.2 reveal that the decoder
often has over ten times the capacity of the encoder. While
deeper decoding models generally offer better decoding per-
formance, the limited expressiveness of the lightweight en-
coder results in suboptimal feature extraction. This archi-
tectural asymmetry significantly degrades the task perfor-
mance. To address this, we propose asymmetry compensa-
tion based on eXplainable Al (XAI) techniques for the en-
coder in SemanticNN. By leveraging explainability maps
generated through XAI techniques, the encoder identifies
and prioritizes the most informative regions of the feature
maps. This lightweight strategy enables the encoder to en-
hance its semantic feature extraction capability without in-
troducing additional computational or memory overhead.

Our main contributions can be summarized as follows:

* We propose SemanticNN, a semantic codec for error re-
silient compressive device-edge collaboration, compris-
ing SQ-based encoder and BER-aware decoder, trained
through Feature-augmentation Learning.

We introduce XAl-based Asymmetry Compensation that
enables the weak encoder in SemanticNN to refine fea-
ture map based on explainability analysis for extracting
more valuable information without extra overhead.

We conduct extensive experiments and the results show
that SemanticNN drastically reduces the offloaded fea-
tures by 56.82-344.83x while outperforming all base-
lines. Real-world case study further demonstrates its ro-
bustness to dynamic BERs.

The rest is organized as follows. Section 2 reviews re-
lated work. Section 3 shows SemanticNN architecture and
training process. Section 4 details the encoder compensa-
tion mechanism. Section 5 presents experimental results and
real-world cases. Finally, Section 6 concludes the paper.

2 Related Work
2.1 Efficient On-device Inference

Model Compression. To align the computational require-
ments of tasks with the weak devices, researchers have pur-
sued model compression techniques (Lin et al. 2020; Hin-
ton et al. 2015; Sau and Balasubramanian 2016), which re-
duce model size and computational overhead while main-
taining accuracy. Alternatively, many lightweight architec-
tures (Sandler et al. 2018) are designed directly to achieve
efficiency without compression.

However, when deploying models on weak devices, exist-
ing approaches often oversimplify the architecture, leading
to significant accuracy degradation (Huang and Gao 2022;
Zhuo et al. 2022).
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Figure 2: The detailed model structures of the SQ-based encoder and BER-aware decoder in SemanticNN.

Device-edge collaboration. Research on device-edge
collaboration has explored optimization of computation al-
location and communication overhead between the device
and edge. For communication efficiency, techniques like se-
mantic caching (Xu et al. 2018), input filtering, and semantic
similarity indexing (Yuan et al. 2022; Kang et al. 2022) have
been proposed. For computation, early approaches (Kang
et al. 2017; Li et al. 2018) introduced partial NN offloading
to enable collaborative inference, paving the way for split
learning. Subsequent work (Laskaridis et al. 2020; Huang
et al. 2021), building upon the early-exit mechanism (Teer-
apittayanon, McDanel, and Kung 2016), adopted progres-
sive inference to generate intermediate outputs. Further op-
timizations (Yao et al. 2020; Huang and Gao 2022) com-
pressed intermediate data to enhance real-time performance.

However, none of the aforementioned works take into
consideration the fact that the potential occurrence of trans-
mission errors can substantially affect task performance.

2.2 Error-Resilient Communication

Shannon’s theory of communication defines three hierarchi-
cal levels (Shannon 1948). The first focuses on the phys-
ical transmission of bits. The second emphasizes the cor-
rect conveyance of semantic meaning. This paper leverages
semantic-level communication for robust split Al inference.

Bit-Level Reliable Communication. A wide range of
techniques have been developed to improve the reliability
and efficiency of bit-level transmission, including sophis-
ticated network coding and modulation schemes (Svens-
son 2007; Sundararajan, Shah, and Médard 2008). With the
rise of Al recent efforts have extended these communica-
tion principles for Al tasks. For example, tensor comple-
tion methods (Baji¢ 2021; Dhondea, Cohen, and Baji¢ 2021)
aim to recover lost packets during transmission, while Neu-
roMessenger (Wang and Zhang 2022) improves resilience
under low SNR conditions through adaptive retransmission
mechanisms. BottleNet++ (Shao and Zhang 2020) further
integrates Joint Source Channel Coding (JSCC) into origi-
nal Al models, enabling end-to-end optimization for error-
resilient bit transmission.

However, in long-distance or interference-prone scenar-
ios, achieving perfect bit-level fidelity often requires highly
conservative coding strategies. These methods, while effec-
tive in minimizing transmission errors, can incur significant
overhead due to the dynamic nature of wireless channels.

Semantic-Level Reliable Communication. In contrast
to prior approaches prioritizing bit-level accuracy, semantic-
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level communication tolerates minor bit errors as long as
the essential semantic meaning is preserved. Bit-level and
semantic-level optimizations are orthogonal, i.e., combin-
ing them can yield complementary benefits (Shao, Mao,
and Zhang 2021; Lee et al. 2019). Recent advances lever-
age deep learning (DL) to extract semantic information
directly from data, forming the basis of semantic com-
munication (Bourtsoulatze, Kurka, and Giindiiz 2019; Xie
et al. 2021). Most DL-based frameworks adopt the JSCC
paradigm, which jointly optimizes source encoding, channel
characteristics, and task-specific decoding. This design en-
ables efficient transmission of multimodal data under poor
channel conditions (Xie et al. 2021; Xu et al. 2021; Weng
et al. 2023; Han et al. 2022; Dai et al. 2022).

SemanticNN aligns with this trend, but introduces that
instead of transmitting raw data, semantic communication
can be applied to intermediate feature maps in split comput-
ing. This approach enhances error resilience and supports
extreme compression for deploying Al on weak devices.

3 Building the Model

In this paper, we focus on resource-constrained devices and
fix the split after the first convolutional layer. Given the
large number of possible split positions and the fact that ear-
lier splits cause greater performance degradation (Appendix
A.2), this configuration represents the most challenging sce-
nario for compressive offloading under transmission errors.

3.1 Model Structure

The model architecture of SemanticNN forms the founda-
tion for achieving efficient and error-resilient semantic of-
floading. As illustrated in Figure 2, it consists of an SQ-
based encoder and a BER-aware decoder.

SQ-based Encoder The SQ-based encoder is responsible
for compressing feature representations under extreme re-
source constraints. It consists of one convolutional layer, fol-
lowed by Generalized Divisive Normalization (GDN), Para-
metric Rectified Linear Unit (PReLU), and a learnable soft
quantization layer coupled with fixed-length bit coding.

NN Operations. GDN is a normalization technique, and
it has been widely adopted in perceptual compression tasks
due to its effectiveness in capturing statistical dependencies
among neural activations. PReLU further improves the ex-
pressiveness of the encoder by mitigating the dying ReLU
problem, allowing a small gradient for negative inputs to
maintain neuron activity during training.
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Figure 3: Balanced quantization with eight learning quanti-
zation centers and 3-bit compact coding.

Feature Compression Mechanism. The soft quantization
and bit coding perform further compression on extracted
features to reduce transmission overhead. Motivated by find-
ings in Appendix A.l, we adopt fixed-length coding to
enhance stability and avoid error propagation caused by
variable-length codes like Huffman coding.

As illustrated in Figure 3 (left), traditional hard (non-
uniform) quantization is employed to partition the feature
space into intervals, each represented by a centroid. How-
ever, it introduces two major limitations: (1) suboptimal cen-
troid placement when dealing with skewed or outlier-prone
distributions, and (2) it is non-differentiable, which blocks
gradient propagation during training. To address these is-
sues, we introduce a learnable soft quantization mechanism
that enables end-to-end optimization of both the quantiza-
tion parameters and the overall network. As shown in Fig-
ure 3, the encoder learns eight quantization centers, each
representable using three bits, through backpropagation.
This quantization process is treated as a differentiable neural
layer, allowing joint optimization of model parameters and
data distribution statistics.

BER-aware Decoder The decoder comprises N blocks of
similar operations to the encoder supplemented by an at-
tention module each. Corresponding to the encoding oper-
ation, we utilize transpose convolution and inverse GDN to
reconstruct the intermediate feature maps during the decod-
ing process. The attention module in the decoder calculates
the attention score to quantify the level of attention paid to
intermediate features under the prevailing noise conditions.
It accepts input from the intermediate features and the cur-
rent communication state (i.e., BER), learning the correla-
tion between the transmission error and the reconstructed
feature. With this attention module, SemanticNN to dynam-
ically adapt to unpredictable changing communication link
environments. Through iterative repetitions of this process,
the intended offloaded feature map will be restored at the re-
ceiver size. Finally, the more complex trained decoder will
be deployed to edge servers as the receiver.

3.2 Feature-augmentation Learning

The designed model needs to be trained to compress of-
floaded activations efficiently while preserving semantic
features crucial for task performance. We propose progres-
sive Feature-augmentation Learning. It first trains the de-
noising autoencoder to achieve initial noise reduction while
reducing the possibility of overfitting for downstream tasks.
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Figure 4: Feature-augmentation Learning first performs De-
noising Autoencoder Training to initially fight against trans-
mission errors. Subsequently, Task-Oriented Semantic-level
Training is performed to extract and transmit semantic infor-
mation on specific downstream tasks for better performance.

Subsequently, Task-oriented semantic-level training is per-
formed on the downstream task to extract semantic informa-
tion while adapting to transmission errors. Figure 4 shows
the details of the training process.

Denoising Autoencoder Training This phase aims to
align transmitted and received features at the bit level, en-
hancing resilience to counter interference caused by trans-
mission errors. As illustrated on the top of Figure 4, we in-
troduce Mean Squared Error (MSE) to minimize the differ-
ence as shown in Equation 1:

Ebit = MSE (S7 é) . (1)

As training progresses and Ly;; diminishes, the encoder
and decoder gradually converge toward a consistent repre-
sentation of the input features, achieving bit-level alignment.
This pre-training stage enables SemanticNN to develop an
initial resilience to transmission errors, endowing it with
error-mitigation capabilities even on unseen tasks. Further-
more, this process significantly enhances the learning effi-
ciency of downstream task adaptation while reducing the
risk of overfitting during semantic feature extraction. No-
tably, this phase is entirely task-agnostic and depends only
on the size of the intermediate feature maps at the offload-
ing point. Therefore, encoders and decoders trained under
this phase can be directly reused across different tasks, as
long as the feature dimensions match.

Task-Oriented Semantic-level Training At this phase,
we draw on the idea of semantic communication to transmit
the most task-relevant information with a degree of toler-
ance for bit errors for better task performance. SemanticNN
and the origin NN model are both considered for the Task-
oriented Semantic-level Training, which achieves the goals
of error-resilient compressed semantic inference. The ori-
gin NN model is solely engaged during the training process



to produce intermediate features and does not participate in
the subsequent gradient updates. The performance of tasks
is safeguarded by aligning the offloaded inference results at
the edge with the ground truth. It enables the transmission of
the most task-relevant data. To further improve the efficiency
of fixed-length coding, we incorporate a distribution regular-
ization term into the loss function. Given the task-dependent
nature of feature distributions, we define the semantic-level
training objective as:

1 .
Esem = Ediv (p; n1> + ﬂ : Ecls(yvy) + v EXAIv (2)

where n is the number of quantization centers and p € R”
denotes the normalized frequency distribution of their oc-
currences. The distribution regularization loss Lg;, encour-
ages frequency distributions to approach a uniform distribu-
tion. The task-specific loss L¢s(y, §), such as cross-entropy
(CE) for classification or MSE for regression, measures the
discrepancy between the ground truth y and the predicted
output . The Lxa1 term, introduced in Section 4, promotes
semantic interpretability by encouraging sparse and faith-
ful feature attributions. Together, the multi-objective formu-
lation balances model performance, feature utilization, and
explainability. Hyperparameters are justified in Appendix F.

Adapting to transmission errors in denoising autoencoder
training enhances the efficiency of semantic extraction and
transmission in this stage. Bypassing the first stage and di-
rectly imposing this constraint on SemanticNN may lose the
fight against transmission errors, potentially introducing in-
stability. Appendix D shows the results of ablation studies.
To further improve the ability of the asymmetric encoder in
SemanticNN, we impose an additional loss constraint Lxay
in Equation 2, which will be introduced in Section 4.

4 XAl-based Asymmetry Compensation

XAl-based Asymmetry Compensation is primarily employed
to optimize the performance of the asymmetric device-side
encoder. We propose to enhance the encoder by extracting
important semantic information and further compress the
transmission data by removing non-important features with
the help of external XAl tools, shown at the top of Figure 5.

Channel-level analysis (Huang and Gao 2022) utilizes
XAl tools to differentiate between important and unimpor-
tant features at the channel level in task offloading scenarios.
In contrast to conducting feature map importance analysis
at the channel level (the bottom of Figure 5), SemanticNN
proposed pixel-level feature map importance analysis, moti-
vated by Appendix A.3.

The top of Figure 5 illustrates the detailed utilization
of XAI tools in the training of the encoder and the de-
coder within SemanticNN. In contrast to channel-level anal-
ysis, SemanticNN involves pixel-level analysis, aiming to
transmit crucial pixels that hold significance across multiple
channels during the training process. SemanticNN harnesses
XAl in two facets: firstly, to transmit fewer data incorporat-
ing a maximal number of important features, and secondly,
to optimize the significance of these important features. This
optimization of importance is shown as Equation 3, which is
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using XAl and partial feature offloading.

Algorithm 1: Pixel-Level Feature Slicing

Input: Intermediate feature map F € REXH*W

ratio a € (0, 1].
Output: Cropped feature map F, of size proportional to a.
: H < height(F), W < width(F)
t ShySw I_\/a’ HJ ) I_\/a7 WJ

, spatial

1

2

3 pnypw < [ B ] | P ]

4: F F[i,ph ‘pn+ Shapw PPw + Sw]
5: return F',

also added on Equation 2:

1

Lxar = /\'m+(1—)\)

M
om0y "

where M is the total number of offloaded features,
>, max(¢;,0) is the sum of positive attribution scores,
[{i : ¢; > 0} is the number of features with positive at-
tributions, and r is a scaling factor that ensures the reward
term is on a comparable scale.

SemanticNN aims to offload all balanced quantified fea-
tures. Additionally, it also enables partial offloading (i.e., of-
floading features of a specified ratio to the edges) to adapt to
constraint communication resources. We utilize pixel-level
feature slicing as depicted in Algorithm 1. For all channels,
we cut off the corresponding percentage of pixels. For slice
ratio, it is best not to exceed 50%, and as Figure 13 in the
Appendix reveals, around 50% features are important. Cor-
respondingly, at the receiver end, SemanticNN employs the
image optimization method known as ReflectionPad2d (Lin
2023) for recovering from the untransmitted pixels, which is
more effective compared to traditional zero padding.

Besides, the most important component is the guidance
model in XAI, which is used to characterize the importance
of features. Indeed, different models assess the significance
of features within the same input in varying ways. There-
fore, instead of relying on another more potent model to as-
certain input importance (i.e., edge-side NN 1 in Figure 5),
we leverage the edge-side NN itself. With Equation 3 added
in Lo, the entire NN (i.e., original task models and Seman-
ticNN) engaged in the end-to-end training process possess
their interpretations of the input samples.
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Figure 6: Overall performance of image classification. SemanticNNg o and SemanticNN represent two versions, where
SemanticNNg o offloads 20% less amount of data than that of SemanticNN. SemanticNN achieves the best top-1 accuracy
and less communication overhead with transmission errors across two pre-trained models and three datasets. We repeated 6
times, and the corresponding error bar indicates the stable task performance.

w/ E Performance | Image Feature SemanticNN
RSI-CB256 (%) 54.76 59.28 97.92
CIFAR-100 (%) 4543 29.32 53.96

Data (KB) ‘ 48 64 0.75

ImageNet-200 (%) ‘ 44.24 32.84 62.93

Data (KB) | 588 748 2.3
COCO (mAP) 0.28 0.48 0.55
VOC2007 (mAP) 0.44 0.81 0.80
VHR (mAP) 0.01 0.68 0.81
Data (MB) | 4.69 1.17 0.037

Table 1: SemanticNN achieves outperforming classification
performance with transmission errors while the amount of
offloading data is only 0.39-1.56% of the original image and
0.31-1.17% of features in size. It also achieves satisfactory
object detection performance while offloading only 0.79%
of the original image.

5 Evaluation
5.1 Datasets and Setup

We implement SemanticNN with PyTorch. All models
are trained on NVIDIA RTX-3090Ti GPUs and tested on
STM32. We manually inject bit-flips to the offloaded fea-
tures for evaluation under various BERs, acknowledging the
complexity of controlling BER in real-world scenarios. Ac-
cording to real-world cases (Appendix E), we set the BER
range to be 0.01-5% randomly. Due to space limitations, we
have added the details of our experimental setup, datasets,
metrics, and baselines in Appendix B.
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5.2 Image Classification Performance

We compared the SemanticNN based on two base models
with all baselines shown in Figure 6 for top-1 accuracy with
transmission errors and communication overhead (i.e., fea-
tures per image to be offloaded).

First, A-ADJSCC achieves slightly lower accuracy com-
pared with two versions of SemanticNN, and outperforms
the first two compressed baselines significantly. Since A-
ADJSCC needs more than 10x the amount for offloading
due to the absence of quantization and coding strategies,
compared with SemanticNN and the first two compressed
baselines. NeuroMessenger has a retransmission mechanism
without quantization and coding strategies, resulting in the
most communication overhead.

In split computing scenarios in IoT applications, the
amount of offloaded data could be an important perfor-
mance metric since the communication resource could be
very constrained. In split computing, the amount of of-
floaded data is a vital metric due to potentially limited com-
munication resources. The first two compressed baselines,
i.e., DeepCOD* and AgileNN*, offload a similar amount of
data compared with two versions of SemanticNN, which is
only about 0.39% to 2.34% of the original image size. Se-
manticNN significantly outperforms the two baselines by
7.11% to 30.88% across various pre-trained models and
datasets, showing the error resilience inference ability of Se-
manticNN. AgileNN is the best existing approach in terms
of this metric, by proposing an XAl-based feature impor-
tance manipulation scheme. To compare the performance
of AgileNN and SemanticNN fairly, SemanticNNj 5 in Fig-
ure 6 is a version of SemanticNN which ensures the same
amount of offloaded data compared with that of AgileNN.
From the figure, we can see that although the accuracy of
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Figure 7: CNN-based SemanticNN achieves better perfor-
mance compared to transformer-based structures.

Params (KB) Transmitted data (KB)
DeepSC  SemanticNN  DeepSC  SemanticNN
9165 1875 98 24.5

Table 2: SemanticNN utilizes a more lightweight CNN
structure and achieves efficient data transmission compared
to Transformer-based DeepSC.

SemanticNNj o is slightly lower than the accuracy of Se-
manticNN, SemanticNN o still outperforms AgileNN* sig-
nificantly with the same amount of offloaded data. Despite
the streamlined inference efficiency of MobileNetV2, it falls
short of the accuracy of ResNet-50, although it sustains a
competitive compression rate.

The other scenario is offloading without compressing im-
ages or features, as shown at the top of Table 1. SemanticNN
outperforms these two baselines facing transmission errors.
From the results, we can see that SemanticNN performs at
least comparable with them, offloading only 0.39-1.56% of
the original image and 0.31-1.17% of features in size. More-
over, considering realistic BER variations, real-world case
studies further validate its effectiveness in Appendix E.

5.3 Object Detection Performance

We further evaluated SemanticNN using YOLOV3 on three
varied datasets. Since the baselines used in the image clas-
sification scenario did not include open-source implemen-
tation for object detection tasks, we only compare Seman-
ticNN with basic methods, i.e., offloading the original im-
age or feature map directly without any compression. The
bottom of Table 1 shows that SemanticNN also achieves sat-
isfactory results with transmission errors. Specifically, with
only offloading data, which is only 0.79% of the image size
or 3.16% of the feature size, Semantic achieves much higher
accuracy with various transmission errors. Thus, Seman-
ticNN demonstrates its versatility by being amenable to a
broad spectrum of Al applications.

5.4 Impact of Model Structures

Transformers vs. CNN. A large amount of research focused
on semantic communication relies on Transformers to en-
hance the extraction of semantic information from trans-
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Figure 8: SemanticNN trained with attention under dynamic
changes in BERs, achieves comparable accuracy as training
SemanticNN at a specific BER.

mitted data. Thus, we conducted a performance compar-
ison with DeepSC, which employs a Transformer struc-
ture with two encoders and two decoders, across various
BERs. Continuing with the split computing of ResNet-50
on ImageNet-200, Figure 7 (a) illustrates the performance
under various BER conditions: 0.01%, 0.25%, 2.5%, and
5%. With increasing BERs, SemanticNN achieves compara-
ble performance with DeepSC. However, for MobileNetV2
on CIFAR-100, Figure 7 (b) shows that SemanticNN signifi-
cantly minimizes transmission latency. Table 2 shows the pa-
rameters of DeepSC and SemanticNN. Moreover, as for the
overhead of weak edge devices, SemanticNN can achieve
efficient data transmission with a more lightweight structure
and less memory usage measured in Appendix C.
Attention in decoder. SemanticNN s4_p,. in Figure 8
represents training and testing at a specific BER.
SemanticNN o19, represents testing at other BERs with a
model trained at 0.01% BER. SemanticNN is trained at dy-
namically varying BERs and tested at a specific BER. Re-
sults show that SemanticNN with attention modules can
adapt to varying BERs and achieve comparable accuracy as
training at a specific BER.

6 Conclusions

In this paper, we present SemanticNN, a semantic codec de-
signed to achieve error-resilient Semantic Neural Network
offloading to achieve compressive transmission correctness
at a semantic level for extremely weak devices. To achieve
this, we carefully design the model structure of Seman-
ticNN, including the SQ-based encoder and BER-aware de-
coder. We then propose the novel Feature-augmentation
Learning to enhance the performance of SemanticNN in
the presence of transmission errors. We further propose the
XAl-based Asymmetry Compensation method to aid in error-
resilient semantic extraction and feature map fine-tuning in
the weak encoder.

We conduct extensive evaluations of SemanticNN,
demonstrating that it drastically reduces the offloaded fea-
tures by 56.82-344.83 x and significantly outperforms com-
pressed offloading approaches by 7.11-30.88% and error re-
silient works by 1.28-53.42% with transmission errors in
image classification. Finally, the case study confirms the
broad applicability of SemanticNN in real-world scenarios,
enabling error-resilient Al in poor communication scenarios.
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