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Abstract

Edge vision systems require convolutional neural networks (CNNs) that preserve recog-
nition accuracy under strict storage, computation, and latency constraints. Although
ResNet18 is a compact residual backbone, direct deployment on resource-constrained
devices remains costly, whereas simple channel reduction weakens representation capacity.
This study aims to build a deployable ResNet18-based classifier that reduces model com-
plexity while recovering the accuracy lost during compression. We propose a lightweight
framework that combines global channel scaling, a re-parameterized attention residual
block, and teacher–student knowledge distillation. The proposed block uses multi-branch
convolution and squeeze-and-excitation attention during training, then folds the linear
branches into a single 3-by-3 convolution for inference. Experiments on CIFAR-100 show
that the final model reduces parameters from 11.220 M to 2.841 M, retains comparable
Top-1 accuracy (0.7579 vs. 0.7606), improves Top-5 accuracy (0.9340 vs. 0.9253), and re-
duces graphics processing unit (GPU) batch inference latency from 3.279 ms to 2.161 ms.
Deployment on PYNQ-Z2 verifies the complete camera-based CPU-side inference work-
flow, with an average end-to-end latency of 421.467 ms/frame. The results indicate that
residual topology preservation, re-parameterized feature enhancement, and distillation
form a practical route for edge-oriented lightweight CNN deployment.

Keywords: lightweight deep learning; residual network; re-parameterization; attention
mechanism; knowledge distillation; edge deployment

1. Introduction
Convolutional neural networks (CNNs) have become a core component of visual

perception systems. Their deployment target, however, is shifting from cloud servers and
high-end graphics processing units (GPUs) to embedded terminals, mobile devices, and
edge computing platforms. This shift changes the optimization objective. In server-side
settings, accuracy is often the dominant metric; in edge settings, accuracy must be achieved
under limited memory, restricted computing power, constrained energy consumption, and
strict inference latency. Therefore, the central scientific problem is no longer whether a deep
model can recognize images but whether a structurally compact and hardware-friendly
model can preserve recognition performance after substantial compression.

ResNet18 is a natural starting point for this problem because it retains the optimization
advantage of residual learning while being shallower than deeper residual variants [1].
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Nevertheless, the standard ResNet18 still contains more than 11 million trainable parame-
ters in the CIFAR-100 configuration used in this study. Direct channel scaling can reduce
the parameter count and inference cost, but it also removes feature channels and weakens
the representational capacity of residual blocks. A deployable lightweight design must
therefore satisfy three coupled requirements: compress the backbone, compensate for the
lost representation, and avoid introducing inference-time structures that are difficult to
execute on edge devices.

Related Work and Research Gap

Existing studies have addressed lightweight vision models from three main directions.
The first direction designs efficient CNN architectures. MobileNet reduces computation
by decomposing standard convolution into depthwise and pointwise operations [2]; Shuf-
fleNet reduces pointwise convolution cost through grouped convolution and channel
shuffle [3]; GhostNet generates additional feature maps by cheap transformations [4]; and
EfficientNet jointly scales depth, width, and resolution [5]. These methods demonstrate
that compact operators can reduce computational cost. However, replacing the residual
backbone with a new operator family may change the optimization behavior, implementa-
tion path, and hardware performance. As a result, such methods do not directly answer
how to preserve the simple residual topology of ResNet18 while making it suitable for
edge deployment.

The second direction compresses existing networks by pruning, decomposition,
quantization, or distillation. Pruning removes redundant filters or channels according
to importance measures [6–8]; low-rank decomposition approximates heavy layers by
lower-dimensional factors [9,10]; quantization reduces numerical precision [11]; and knowl-
edge distillation transfers class or feature information from a stronger teacher to a smaller
student [12,13]. These techniques reduce different forms of redundancy, but each alone leaves
a gap. Structural compression can damage accuracy, distillation cannot reduce inference
cost without a compact student, and aggressive operator changes may not produce practical
speedup on a target device. Thus, the bottleneck is the lack of an integrated design that links
structural compression, representation recovery, and deployment-form simplification.

The third direction improves training-time representation while keeping inference
simple. Structural re-parameterization trains a model with multi-branch structures and con-
verts them into a single branch for inference. ACNet strengthens convolutional kernels with
asymmetric branches [14], and RepVGG shows that training-time residual-like branches
can be folded into VGG-style convolutions for efficient inference [15]. Channel attention,
represented by squeeze and excitation (SE), adaptively recalibrates channel responses and
improves the use of feature channels [16]. Yet, existing re-parameterization studies mainly
focus on improving full-width networks or designing new backbones. For a compressed
ResNet18, the key unresolved question is whether re-parameterization, attention, and distil-
lation can jointly compensate for channel reduction while preserving a deployment-friendly
graph. In this setting, the role of re-parameterization is not only to improve a full-width
backbone, but also to recover the representation capacity lost after channel scaling without
adding multi-branch inference overhead.

Motivated by this gap, this paper proposes a lightweight ResNet18 framework for
resource-constrained edge deployment. The logic is demand-driven and problem-oriented:
edge deployment requires compact inference; compact inference motivates channel-scaled
residual backbones; channel scaling causes representation loss; representation loss mo-
tivates re-parameterized attention blocks and distillation; and deployment constraints
require folding the training-time branches into a simple inference-time structure. The main
contributions are as follows:
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• A topology-preserving lightweight ResNet18 framework is constructed by applying
global channel scaling to the residual backbone, producing a compact student network
suitable for edge inference.

• A re-parameterized attention residual block is designed to enhance the compressed
network during training and to convert its linear branches into a single 3-by-3 convo-
lution during deployment.

• A full-width re-parameterized attention ResNet18 is used as the teacher to transfer soft
class-distribution information to the half-width student, recovering accuracy without
adding inference overhead.

• The complete pipeline is evaluated on CIFAR-100 and deployed on a PYNQ-Z2 plat-
form with OV5640 camera input, validating both algorithmic effectiveness and em-
bedded implementation feasibility.

Table 1 further summarizes how the proposed framework differs from the representa-
tive research directions discussed above. Existing lightweight architectures mainly reduce
cost by replacing standard convolutions or redesigning the backbone. Compression meth-
ods mainly reduce redundancy but require additional mechanisms to recover accuracy.
Re-parameterization methods improve the training-inference trade-off but are not always
combined with channel-scaled residual deployment. In contrast, the proposed method
preserves the ResNet18 topology, enhances the compressed blocks during training, distills
teacher knowledge to the student, and verifies the final model on an embedded board.
This positioning makes the contribution a deployment-oriented compression and recovery
framework rather than a simple aggregation of existing modules.

Table 1. Position of the proposed framework relative to representative related methods.

Method Family Typical Examples Residual Topology Preserved Re-Param. Attention Board-Level Validation

Efficient CNN MobileNet, ShuffleNet, GhostNet, EfficientNet No No Optional No
Compression Pruning, low-rank, distillation Partly No Optional No

Re-param. CNN ACNet, RepVGG Partly Yes No No
Proposed framework Channel-scaled ResNet18 Yes Yes SE PYNQ-Z2

2. Materials and Methods
2.1. Problem Formulation and Framework Overview

The goal is to obtain a student model S from a ResNet18 backbone such that S has sub-
stantially fewer parameters and lower inference latency than the baseline model B, while its
classification accuracy remains close to that of B. The design is constrained by deployment:
the inference graph should be composed mainly of standard convolutional operations and
lightweight channel attention, rather than training-time multi-branch structures.

Figure 1 shows the baseline residual topology. Because CIFAR-100 images are only
32-by-32 pixels, the baseline uses a 3-by-3 initial convolution with stride 1 and no initial
max-pooling layer. This avoids the excessive early downsampling that would be intro-
duced by the ImageNet-oriented 7-by-7 stride-2 convolution followed by max-pooling.
The backbone then contains four residual stages and a final fully connected classifier.
Each stage contains two basic residual blocks. Instead of changing the number of stages
or the residual topology, the proposed method compresses the channel width and then
recovers representation by block-level enhancement. Figure 2 summarizes the overall
route: structural compression produces a lightweight backbone, the re-parameterized atten-
tion block improves the compressed representation, and knowledge distillation transfers
class-relationship information from the teacher to the student.
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Figure 1. Baseline ResNet18 residual topology and residual basic block used as the starting point.
The CIFAR-100 implementation uses a 3-by-3 initial convolution without an initial max-pooling layer.

Figure 2. Overall design flow of the proposed lightweight framework.

2.2. Channel-Scaled Lightweight Backbone

Let Cl be the output channel number of the l-th convolutional layer in the original
ResNet18. A global width multiplier α scales all convolutional channels as

C′
l = max(1, ⌊αCl⌋), (1)

where C′
l is the compressed channel number. Kernel size, stride, residual connection form,

and block number remain unchanged. Because the parameter count and floating-point
operations of a standard convolution are approximately proportional to the product of
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input and output channel numbers, the dominant convolutional complexity is reduced
approximately according to α2.

This design is intentionally simple. It avoids irregular sparsity, preserves implementa-
tion regularity, and enables a controlled study of the accuracy–efficiency trade-off under
different width multipliers. We evaluate α ∈ {1.0, 0.7, 0.5, 0.3} and select α = 0.5 as the
main student configuration because it provides strong compression while leaving enough
capacity for subsequent recovery by re-parameterization and distillation.

2.3. Re-Parameterized Attention Residual Block

Channel scaling reduces the number of available feature channels, so the compressed
block needs stronger training-time representation. The proposed residual block replaces
a standard convolution in the residual branch with multiple parallel linear branches
during training:

y =
N

∑
i=1

Fi(x), (2)

where x is the input feature map and Fi(·) denotes the i-th branch transformation. The
implemented branches include a standard 3-by-3 convolution, a 1-by-1 convolution, an
average-pooling-related branch, a cascaded 1-by-1 and k-by-k branch, and asymmetric 1-by-
3 and 3-by-1 branches. These branches are complementary: the 3-by-3 branch captures local
spatial patterns, the 1-by-1 branch improves channel mixing, the pooling-related branch in-
troduces local statistical smoothing, the cascaded branch separates channel transformation
from spatial modeling, and the asymmetric branches strengthen directional responses.

After linear branch fusion, an SE attention module recalibrates channel responses.
Given an intermediate feature map u ∈ RC×H×W , global average pooling generates a
channel descriptor z ∈ RC. The channel weights are computed by

s = σ(W2δ(W1z)), (3)

where W1 and W2 are the two fully connected layers, δ(·) is the ReLU activation, and σ(·)
is the sigmoid function. The output feature is

ûc = scuc. (4)

Thus, the multi-branch structure expands the candidate feature transformations, while SE
attention performs adaptive soft selection among compressed channels.

2.4. Deployment-Time Structural Folding

A multi-branch block is useful during training but inefficient during inference. There-
fore, before deployment, all linear branches are folded into a single 3-by-3 convolution. In
the implemented re-parameterized branches, convolution layers are configured without
explicit bias before batch normalization. For the k-th output channel of a convolution
followed by batch normalization, the equivalent kernel and bias are

W̃k =
γk√

σ2
k + ϵ

Wk, b̃k = βk −
γkµk√
σ2

k + ϵ
, (5)

where Wk is the convolution kernel, and γk, βk, µk, σ2
k , and ϵ are the batch-normalization

scale, shift, running mean, running variance, and numerical constant.
After Conv–BN fusion, all branches are mapped into a common 3-by-3 kernel space.

The standard 3-by-3 branch is kept unchanged. The 1-by-1 branch is center-padded to
3-by-3. The 1-by-3 and 3-by-1 asymmetric branches are zero-padded along the missing
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spatial dimension. The average-pooling-related branch is represented as a fixed local
smoothing kernel with entries 1/9 and then merged with its learnable convolution and
batch normalization. For the cascaded 1-by-1 to 3-by-3 branch, the two fused convolutions
are composed into a single equivalent 3-by-3 kernel, and the bias produced by the first
stage is propagated through the second-stage kernel. The final deployment parameters are
obtained by element-wise summation:

Wdeploy =
N

∑
i=1

W̃i, bdeploy =
N

∑
i=1

b̃i. (6)

The nonlinear SE attention module is not folded into the convolution and remains in the
inference graph. This folding makes the final student model closer to a conventional
residual CNN and easier to execute on edge devices.

2.5. Knowledge Distillation

The teacher model T is the full-width enhanced ResNet18, and the student model S is
the half-width lightweight network. The teacher is trained with the same optimizer, data
preprocessing, and learning-rate schedule as the student models. The reported implementa-
tion follows the official CIFAR-100 split with 50,000 training images and 10,000 test images
and does not introduce an additional validation subset. The main distilled student uses
τ = 4 and λ = 0.5, while the supplementary official-split reruns use the same temperature
and λ = 0.7; these result groups are reported separately in the Results Section.

Given teacher logits zt and student logits zs, the softened distributions are

pt = softmax(zt/τ), ps = softmax(zs/τ). (7)

The distillation loss is the Kullback–Leibler divergence between the teacher and student
softened distributions:

LKD = KL(pt∥ps). (8)

The total student objective combines hard-label supervision and soft-label distillation:

L = (1 − λ)LCE(zs, y) + λτ2LKD, (9)

where LCE is the cross-entropy loss, τ2 compensates for the gradient-scale change
caused by temperature scaling, and λ balances the two supervision terms. This strat-
egy transfers class-similarity information to the compressed student without changing its
deployment-time structure.

Unless otherwise stated, all CIFAR-100 models are trained for 200 epochs with a batch
size of 128. Stochastic gradient descent is used with momentum 0.9, weight decay 5 × 10−4,
and an initial learning rate of 0.1. The random seed is fixed to 42, and deterministic
computation settings are enabled to reduce run-to-run variation. The learning rate is
linearly warmed up during the first epoch and then decayed by a factor of 0.1 at epochs
60 and 120.

2.6. Edge Deployment Design

After training, the student network is structurally folded and exported from
PyTorch 2.7.1 [17] to Open Neural Network Exchange (ONNX) 1.20.1 format [18]. Figure 3
shows the deployment workflow from training to ONNX export, PYNQ-Z2 board-side load-
ing, and OV5640 camera-based online inference. Figure 4 shows the image acquisition path.
The programmable logic side receives the camera stream, converts it to an Advanced eX-
tensible Interface (AXI) video stream, performs Bayer-to-red-green-blue (RGB) conversion,
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and writes frames into double data rate 3 (DDR3) memory through video direct memory
access (VDMA). The processing system side reads frames, resizes and normalizes them to
the CIFAR-100 input format, builds the input tensor, and calls ONNX Runtime 1.22.1 [19]
for inference. This design separates the algorithm model from the camera pipeline, so the
model can be replaced by updating the ONNX file.

Figure 3. Deployment workflow on the PYNQ-Z2 platform.

Figure 4. Video stream acquisition and processing data path on the PYNQ-Z2 platform.

Table 2 lists the experimental and deployment environments used in this study. The
training and evaluation experiments are performed on an NVIDIA RTX 4090 worksta-
tion using PyTorch 2.7.1 [17]. The edge platform consists of a PYNQ-Z2 board and an
OV5640 camera module. The PYNQ-Z2 board is based on the Zynq-7020 system-on-chip,
which integrates a dual-core ARM Cortex-A9 processing system and programmable logic
resources. The board provides 512 MB DDR3 memory, Gigabit Ethernet, PMOD expansion
interfaces, a Python/Jupyter development environment, and a default Ethernet address
of 192.168.2.99 in the used PYNQ image. The current deployment uses ONNX Runtime
1.22.1 on the central processing unit (CPU) of the processing system and does not include a
custom field-programmable gate array (FPGA) acceleration core; this choice isolates the
effect of model lightweighting and keeps the deployment pipeline simple.
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Table 2. Hardware and software environment used in this study.

Stage Item Reported Configuration

Training/evaluation Graphics processing unit (GPU) workstation NVIDIA RTX 4090
Training/evaluation Framework PyTorch 2.7.1, Torchvision 0.22.1

Training/evaluation Dataset CIFAR-100 official split with 50,000 training and 10,000 test images;
no validation subset

Edge deployment Development board PYNQ-Z2 based on Zynq-7020
Edge deployment Processing system Dual-core ARM Cortex-A9
Edge deployment Memory and interfaces 512 MB DDR3, Gigabit Ethernet, PMOD interfaces
Edge deployment Camera OV5640 CMOS camera module

Edge deployment Runtime environment PYNQ Linux, Python/Jupyter Notebook, ONNX 1.20.1, ONNX Runtime
1.22.1

Edge deployment Inference mode Central processing unit (CPU) inference on the processing system;
no custom FPGA accelerator

Edge deployment Network access Default Ethernet address 192.168.2.99

2.7. Board-Side Inference Procedure

The board-side procedure follows four steps. First, the trained model is converted to
the folded deployment form and exported as an ONNX file with a 32-by-32 RGB input shape.
Second, the ONNX file is uploaded through the PYNQ Jupyter Notebook environment to
a model directory on the board-side Linux file system. Third, ONNX Runtime loads the
model, parses the computation graph, and initializes input and output tensors. Fourth,
camera frames are read from the DDR frame buffer, resized to 32-by-32 pixels, normalized
with the same preprocessing used during training, rearranged into channel-first tensor
order, and passed to the inference session. The output confidence vector is mapped to
the CIFAR-100 label list, and the predicted class and confidence score are displayed in the
Jupyter interface or optionally overlaid on the camera frame for HDMI display.

During board-side verification, the online inference program reads a camera frame,
constructs the 32-by-32 model input, performs ONNX Runtime inference, and reports
the predicted class ID, class name, and confidence score. This verifies that the proposed
model is not only evaluated offline but also integrated into a complete board-side workflow
covering image acquisition, preprocessing, inference, and visualization.

3. Results
3.1. Experimental Settings

The CIFAR-100 dataset [20] is used as the benchmark. It contains 60,000 RGB images
from 100 classes. In this study, the experiments use the official split with 50,000 training
images and 10,000 test images. The image resolution is 32-by-32 pixels. Training uses
random crop with padding, random horizontal flipping, small-angle random rotation, nor-
malization, and mini-batch loading. Test evaluation uses deterministic normalization only.
In addition to the main result tables, the revision package includes loss and accuracy diag-
nostic curves to illustrate convergence behavior qualitatively. These traces are presented
only as descriptive training/evaluation diagnostics and are not used for validation-based
checkpoint selection or statistical claims.

The models are implemented in PyTorch 2.7.1 and trained on a workstation equipped
with an NVIDIA RTX 4090 GPU. The optimizer is stochastic gradient descent with momen-
tum. The momentum is 0.9, weight decay is 0.0005, the default initial learning rate is 0.1,
the batch size is 128, and the training schedule lasts 200 epochs. The main experiments
use a fixed random seed of 42. To evaluate statistical stability and ablation breadth, sup-
plementary experiments are additionally conducted under the same official-split pipeline.
Five-seed summaries are reported for the baseline ResNet18 and Ours, whereas the width-
plus-distillation and branch-level checks are targeted supplementary ablations and, unless
otherwise stated, are interpreted descriptively. GPU batch inference latency is measured
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under 32-bit floating point (FP32) inference with a batch size of 128, disabled gradient
computation, and no mixed precision or additional graph optimization. The evaluation
metrics include Top-1 accuracy, Top-5 accuracy, parameter count, batch inference latency,
parameter compression ratio, and inference speedup.

The experimental section is organized to evaluate the method, including model
training, model complexity, comparative accuracy, component contribution, structural
redundancy, and embedded deployment. Top-1 accuracy measures whether the highest-
confidence class matches the ground truth, whereas Top-5 accuracy measures whether the
ground truth class appears among the five highest-confidence predictions. Parameter count
is used to represent storage complexity. GPU batch inference latency is used to measure
the average batch forward time under the unified workstation setting. The PYNQ-Z2
board-side profiling uses a batch size of 1 and reports end-to-end latency, throughput, CPU
utilization, recorded peak memory, and board-reported temperature over 100 CIFAR-100
test samples after 10 warm-up runs. Supplementary Materials provides the implementation
scripts, model definitions, and ONNX/PYNQ-Z2 deployment utilities used in this study.

3.2. Training Behavior

Figure 5 shows training and evaluation loss diagnostics of the lightweight ResNet18.
The left panel uses the logged training cross-entropy record, converted from iteration
steps to epochs and smoothed with a one-epoch moving average. The right panel uses
the evaluation loss record and rescales it back to the batch-mean cross-entropy scale. The
training loss drops rapidly at the beginning of optimization, indicating that the model
quickly learns the basic discriminative patterns of CIFAR-100. When scheduled learning-
rate drops occur, both curves show clear step-like decreases and then converge to stable
low levels. These curves are included as qualitative diagnostics of optimization behavior
and are not used as validation-based model-selection evidence.
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Figure 5. Training and evaluation loss diagnostics of the lightweight ResNet18.

Figure 6 reports the accuracy diagnostic curve. The accuracy increases quickly during
the early epochs, then enters a slower improvement stage. Around learning-rate decay
points, the curve exhibits step-like improvements, suggesting that the lower learning rate
helps refine the parameters after the model has learned coarse discriminative features. In
the middle and late training stages, the accuracy remains in a relatively stable high range
without sharp collapse. This curve is included to visualize optimization behavior and is
not used as a validation-based model-selection rule.

We further visualize the evolution of the last fully connected layer. As shown in
Figure 7, the weight distribution gradually becomes more concentrated and symmetric
during training, while the bias distribution remains in a narrow numerical range around
zero. This parameter-level observation is consistent with the loss and accuracy curves: the
model does not exhibit abnormal divergence, and the final classifier parameters remain
numerically stable.
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Figure 6. Accuracy diagnostic curve of the lightweight ResNet18.

Figure 7. Evolution of the fully connected classifier parameters during training.

3.3. Effect of Channel Scaling

Table 3 reports the effect of width scaling. The results confirm the expected compres-
sion trend: smaller width multipliers reduce parameters and latency. However, they also
reduce Top-1 accuracy. The half-width model reduces parameters from 11.220 M to 2.821 M
and reduces latency from 3.279 ms/batch to 1.754 ms/batch, but its Top-1 accuracy drops
from 0.7606 to 0.7299. The 0.3-width model is smaller but suffers a larger accuracy loss
and does not further reduce the measured latency because very small models may suffer
from non-computational overhead on the GPU runtime. Therefore, the 0.5-width model
is selected as the student because it provides a favorable starting point for subsequent
accuracy recovery. Figure 8 further visualizes the trade-off among parameter count, latency,
and Top-1 accuracy.
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Figure 8. Channel-scaling results and the final model performance.
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Table 3. Effect of channel scaling on ResNet18 using CIFAR-100. Latency is measured in ms/batch on
an RTX 4090 graphics processing unit (GPU) with batch size 128.

Width Top-1 Top-5 Params (M) Lat. (ms) Comp. Speedup

1.0 0.7606 0.9253 11.220 3.279 1.000 1.000
0.7 0.7467 0.9201 5.492 2.990 0.489 1.097
0.5 0.7299 0.9161 2.821 1.754 0.251 1.869
0.3 0.7011 0.9176 1.011 1.892 0.090 1.733

Table 4 reports supplementary official-split experiments that combine channel scaling
with distillation. Across all three tested compressed students, distillation provides a
consistent Top-1 accuracy recovery trend. The Top-1 gain is 0.0145 for width 0.7, 0.0171 for
width 0.5, and 0.0196 for width 0.3. These results support the interpretation that distillation
remains beneficial across a range of compression levels.

Table 4. Supplementary experiments for width scaling combined with knowledge distillation under
the official CIFAR-100 split.

Width No KD
Top-1 KD Top-1 Gain No KD

Top-5 KD Top-5 Params (M)

0.7 0.7467 0.7612 +0.0145 0.9201 0.9357 5.492
0.5 0.7299 0.7470 +0.0171 0.9161 0.9335 2.821
0.3 0.7011 0.7207 +0.0196 0.9176 0.9171 1.011

3.4. Overall Comparison with the Baseline

Table 5 compares the final model with the original ResNet18. The proposed model
contains 2.841 M parameters, which is 25.3% of the baseline, i.e., a parameter reduction of
approximately 74.7%. Its Top-1 accuracy remains close to the baseline (0.7579 vs. 0.7606),
while Top-5 accuracy increases from 0.9253 to 0.9340. The GPU batch inference latency
decreases from 3.279 ms to 2.161 ms, giving a 1.518-fold measured speedup. Figure 9
visualizes this accuracy–efficiency trade-off. These results indicate that the proposed
framework does not merely shrink the network; it recovers most of the lost discriminative
ability through re-parameterized attention and distillation.

Table 5. Comparison between the original ResNet18 and the proposed lightweight model.

Model Top-1 Top-5 Params
(M)

Param.
Ratio Lat. (ms) Speedup

ResNet18 0.7606 0.9253 11.220 1.000 3.279 1.000
Ours 0.7579 0.9340 2.841 0.253 2.161 1.518

Table 6 adds a five-seed summary under the official CIFAR-100 split. The baseline
ResNet18 reaches a 0.7598 ± 0.0028 Top-1 and 0.9280 ± 0.0012 Top-5 accuracy. The corre-
sponding Ours summary reaches 0.7528 ± 0.0047 Top-1 and 0.9335 ± 0.0020 Top-5 with
2.841 M parameters. The Top-1 standard-deviation ranges overlap, so these supplementary
results are interpreted as comparable Top-1 performance rather than a Top-1 advantage.
The main advantage of the proposed model is the substantial parameter reduction together
with the higher mean Top-5 accuracy and the reduced inference cost.

Table 6. Supplementary five-seed run-summary table under the official CIFAR-100 split.

Model Runs Top-1 Top-5 Params (M) Protocol Note

ResNet18 5 0.7598 ± 0.0028 0.9280 ± 0.0012 11.220 Five runs
Ours 5 0.7528 ± 0.0047 0.9335 ± 0.0020 2.841 Five runs
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Figure 9. Accuracy–efficiency trade-off among the original ResNet18, the direct half-width model,
and the final proposed model.

Table 7 summarizes the complexity and deployability indicators used in the system-
level analysis. Parameter count, parameter compression ratio, GPU batch inference latency,
inference speedup, operation count, model size, and ONNX size are organized together
to evaluate both algorithmic efficiency and deployment cost, and Figure 10 provides the
corresponding visual comparison. Multiply–accumulate operations (MACs) are obtained
by layer-wise counting for the CIFAR-100 ResNet18 configuration, whose parameter count
matches the reported experimental values. For the final model, the deployment-time graph
is counted after structural folding; therefore, training-time re-parameterization branches
are not included, while the lightweight SE overhead is included. The FP32 parameter
payload is computed as

SFP32 = Nparam × 4 bytes, (10)

where Nparam is the number of parameters. The ONNX size is reported according to the
serialized FP32 parameter payload used by the deployment model.

Table 7. Model complexity and deployability summary. The table combines accuracy-related effi-
ciency metrics with deployment-oriented storage and operation-count indicators; MACs denotes
multiply–accumulate operations, and FP32 denotes 32-bit floating point.

Model Params (M) Param. Ratio MACs (M) FP32 Size
(MB)

ONNX Size
(MB)

GPU Lat.
(ms/batch) Speedup

ResNet18 11.220 1.000 555.47 44.88 44.9 3.279 1.000
Half-width 2.821 0.251 139.32 11.28 11.3 1.754 1.869

Ours 2.841 0.253 139.59 11.36 11.4 2.161 1.518

Figure 11 visualizes the supplementary summary statistics with standard-deviation
error bars. The plot highlights the intended interpretation of the added evidence: Ours
remains comparable to the full ResNet18 baseline in Top-1 accuracy, with overlapping Top-1
error bars, while showing a higher mean Top-5 accuracy across the five-seed reruns. These
values are used as supplementary statistical context for the accuracy-recovery behavior of
the proposed lightweight framework.
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Figure 10. Model complexity indicators of the original ResNet18, direct half-width ResNet18, and the
proposed model.
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Figure 11. Supplementary five-seed run-summary under the official CIFAR-100 split. Error bars
denote standard deviation.

3.5. Comparison with Representative Lightweight CNNs

Table 8 provides a descriptive single-seed comparison with representative lightweight
CNNs under the same CIFAR-100 evaluation setting. SqueezeNet [21] and ShuffleNet [3]
use fewer parameters, but their accuracy is lower in this reference run. MobileNet [2],
EfficientNet-B0 [5], and GhostNet [4] have comparable or larger parameter counts, and they
also obtain lower accuracy in this setting. These comparison models are trained with the
same data preprocessing, 200-epoch schedule, batch size, and single random seed used for
the ResNet18 experiments; no architecture-specific hyperparameter search or multi-seed
averaging is included. Therefore, this table is used as supporting context rather than
as statistical evidence across random seeds. Within this reference setting, the proposed
model attains a favorable accuracy–efficiency balance among the listed architectures. This
observation is consistent with the hypothesis that, for this task, preserving the residual
topology and enhancing it internally can be useful compared with directly replacing it with
another lightweight operator family.
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Table 8. Descriptive single-seed comparison with representative lightweight convolutional neural
networks (CNNs) on CIFAR-100.

Model Top-1 Top-5 Params (M) Latency
(ms/batch)

SqueezeNet 0.6944 0.9119 0.781 2.847
MobileNet 0.6755 0.8913 3.315 3.213
ShuffleNet 0.7071 0.9232 1.012 6.334

EfficientNet-B0 0.5896 0.8609 4.136 6.376
GhostNet 0.5802 0.8514 4.030 7.907

Ours 0.7579 0.9340 2.841 2.161

3.6. Ablation Analysis

Table 9 analyzes the contribution of each component. Channel scaling alone causes the
main accuracy loss. Adding the multi-branch re-parameterized block improves accuracy,
and the folded version remains close in accuracy while restoring a compact parameter
count. In this ablation setting, the SE variant performs better than efficient channel attention
(ECA) [22]. Finally, distillation raises the half-width SE model from a 0.7381 to 0.7579 Top-1
accuracy and from a 0.9222 to 0.9340 Top-5 accuracy. The ablation sequence therefore sup-
ports the proposed causal chain: compression creates efficiency, re-parameterized attention
restores representation, and distillation transfers additional class-relationship information.

Table 9. Ablation study of the proposed components. “Multi” denotes the training-time multi-branch
form, and “Folded” denotes the deployment form after re-parameterization.

Width Attention Distill. Mode Top-1 Params (M)

1.0 None No Standard 0.7606 11.220
1.0 None No Multi 0.7734 25.819
1.0 None No Folded 0.7730 11.216
0.5 None No Standard 0.7299 2.821
0.5 None No Folded 0.7349 2.819
0.5 ECA No Folded 0.7290 2.819
0.5 SE No Folded 0.7381 2.841
0.5 SE Yes Folded 0.7579 2.841

Table 10 reports a focused supplementary comparison under the half-width setting.
The direct half-width baseline and the pure 3-by-3 branch behave almost identically,
whereas adding the 1-by-1 branch yields a modest Top-1 improvement with nearly un-
changed parameter count. These results make the branch contribution more explicit.

Table 10. Supplementary branch-level experiments under the half-width setting.

Variant Top-1 Top-5 Params (M) Interpretation

Half-width baseline 0.7237 0.9146 2.821 Direct width scaling
3-by-3 only 0.7235 0.9145 2.819 Nearly unchanged from baseline

3-by-3 + 1-by-1 0.7293 0.9184 2.819 Modest positive branch gain

3.7. Redundancy and Feature Diversity Analysis

Beyond accuracy and latency, this study analyzes parameter redundancy using the
effective rank of convolution kernels and the correlation between kernels. The effective-
rank statistic is used to describe how many dominant dimensions are needed to represent
most of the kernel information. For a convolutional kernel tensor, we reshape the weights
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into a matrix W ∈ RCout×(Cink2) and compute its singular values σ1 ≥ σ2 ≥ · · · ≥ σR, where
R = min(Cout, Cink2). The 95% effective rank is defined as

r95 = min

{
r :

∑r
i=1 σ2

i

∑R
i=1 σ2

i
≥ 0.95

}
. (11)

The normalized ratio r95/Cout is used to compare layers with different numbers of output
channels. Table 11 reports the r95 values of the final convolutional layers in the four
residual stages. For the original ResNet18, the fourth stage has a low r95/Cout ratio of
0.1816, suggesting that a large number of output channels exist but only a smaller effective
subspace is dominant. Direct channel compression increases the relative effective-rank
ratio in several stages because fewer channels remain. The proposed lightweight model
further changes this distribution: its fourth-stage ratio rises to 0.5312, indicating that the
compressed high-level channels are used more effectively after re-parameterized attention
and distillation.

Table 11. Effective-rank analysis of convolution kernels in different residual stages.

Model Stage Cout r95 r95/Cout

ResNet18 1 64 35 0.5469
ResNet18 2 128 86 0.6719
ResNet18 3 256 176 0.6875
ResNet18 4 512 93 0.1816

Channel-scaled ResNet18 1 32 21 0.6562
Channel-scaled ResNet18 2 64 49 0.7656
Channel-scaled ResNet18 3 128 97 0.7578
Channel-scaled ResNet18 4 256 86 0.3359

Ours 1 32 13 0.4062
Ours 2 64 43 0.6719
Ours 3 128 94 0.7344
Ours 4 256 136 0.5312

Figure 12 shows the kernel-correlation heatmaps of the original ResNet18, the channel-
scaled ResNet18, and the final lightweight model. The diagonal entries are high because
they represent self-correlation. The off-diagonal regions are mostly close to zero and do
not form large high-correlation blocks, indicating that the kernels do not collapse into
strongly redundant clusters. Compared with direct channel compression, the proposed
lightweight model maintains a relatively dispersed off-diagonal texture. This observation
supports the interpretation that the re-parameterized attention block and distillation do
not simply recover accuracy by increasing parameters; rather, they help the compressed
model maintain useful feature diversity.

Figure 12. Kernel-correlation heatmaps of the original ResNet18, channel-scaled ResNet18, and the
final lightweight model.
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3.8. PYNQ-Z2 Deployment

The folded final student model and the comparison ONNX models are deployed on
PYNQ-Z2 to verify practical feasibility under the same CPU-side runtime path. Official
CIFAR-100 test images are used as fixed input samples during board-side measurement.
The input size is fixed at 32-by-32 pixels, and the same normalization as training is applied.
Before formal timing, 10 warm-up runs are executed, and runtime statistics are recorded
with batch size 1. Table 12 reports the board-side results. The final folded model reaches
421.467 ms/frame mean latency, 420.112 ms/frame P50 latency, 423.844 ms/frame P95
latency, and approximately 2.37 FPS, confirming the functional deployment path. This
rate is suitable for low-rate edge scenarios such as periodic inspection, event-triggered
monitoring, and low-power visual sensing, but it is not intended for real-time continuous
video analysis. Relative to ResNet18, this corresponds to a 55.2% reduction in end-to-end
latency and about a 2.23-fold throughput improvement under the same CPU-side ONNX
Runtime path. The width-scaled KD models further show the embedded scaling trend:
0.7 KD reaches 455.615 ms/frame, 0.5 KD reaches 245.170 ms/frame, and 0.3 KD reaches
93.725 ms/frame, whereas the ResNet18 baseline requires 940.234 ms/frame. The final
model also reports 100.000% mean CPU utilization, 80.047 MB recorded peak memory, and
56.983/57.829 ◦C mean/maximum board-reported temperature. CPU utilization is close
to saturation for all profiled rows, confirming that CPU-side ONNX Runtime inference is
the main engineering bottleneck and that future acceleration should focus on inference
operators. Power consumption is not directly reported because no calibrated board-level
power meter or reliable board-side power monitor was available. Figure 13 visualizes the
latency-resource comparison.

Table 12. PYNQ-Z2 board-side CPU-side ONNX Runtime results. Latency values are in ms/frame;
P50 and P95 denote the 50th and 95th percentiles. CPU utilization, recorded peak memory, and
board-reported temperature are included to characterize the embedded runtime cost.

Model Top-1 Top-5 Mean Lat. P50 P95 FPS CPU Mean (%) Peak Mem. (MB) Temp. Mean/Max (◦C)

ResNet18 0.7606 0.9253 940.234 925.283 964.933 1.064 99.993 110.977 55.372/57.460
0.7 KD 0.7612 0.9357 455.615 454.446 456.101 2.195 99.989 90.141 57.077/58.198
0.5 KD 0.7470 0.9335 245.170 244.559 245.286 4.079 100.000 79.066 56.890/57.706
0.3 KD 0.7207 0.9171 93.725 93.162 93.514 10.670 100.000 71.480 55.421/55.984
Ours 0.7579 0.9340 421.467 420.112 423.844 2.370 100.000 80.047 56.983/57.829
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Figure 13. PYNQ-Z2 board-side profiling of latency, throughput, recorded peak memory, and board-
reported temperature under CPU-side ONNX Runtime.
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4. Discussion
The results reveal a clear division of labor among the proposed components. Channel

scaling provides the main compression effect, but it also causes the primary accuracy degra-
dation. The re-parameterized attention block addresses this degradation by increasing
training-time feature diversity and selecting useful channels through SE attention. Struc-
tural folding then prevents the training-time complexity from becoming inference-time
complexity. Distillation further improves the compact model by exposing class-similarity
information that hard labels cannot provide. Therefore, the method works not because
of a single module, but because the modules are arranged according to the compression–
recovery–deployment chain.

Compared with lightweight architectures that replace standard residual blocks with
specialized operators, the proposed framework emphasizes residual topology preservation.
This has two implications. First, it offers a direct upgrade path for applications that
already use ResNet18 as a baseline. Second, it keeps the deployment graph regular after
re-parameterization, which is important for edge platforms where irregular sparsity or
complex data movement may not translate into a real speedup. The descriptive comparison
with representative lightweight CNNs is consistent with this interpretation under the
current CIFAR-100 setting.

From a system perspective, the work is more than an offline model-compression
experiment. The model is trained and folded on the workstation, exported to ONNX,
transferred to the PYNQ-Z2 file system, loaded through ONNX Runtime, and connected to
an OV5640 camera pipeline. The video stream is buffered through DDR3 memory, and the
processing system performs preprocessing, tensor construction, inference, label mapping,
and result visualization. This end-to-end route verifies that the proposed lightweight
model can be integrated into a real embedded workflow rather than only evaluated on a
desktop GPU.

The deployment experiment also clarifies the next engineering target. The PYNQ-
Z2 implementation demonstrates that the folded model can run in a complete camera-
driven workflow, and the board-side measurements quantify the CPU-side cost of the
same ONNX Runtime deployment path. The final model reduces end-to-end latency
from 940.234 ms/frame to 421.467 ms/frame relative to ResNet18 and increases through-
put from 1.064 FPS to approximately 2.37 FPS, with P50 and P95 latencies of 420.112 and
423.844 ms/frame. The width-scaled KD comparison rows further show the embedded scal-
ing trend down to 245.170 ms/frame at width 0.5 KD and 93.725 ms/frame at width 0.3 KD.
The final model also reports 100.000% mean CPU utilization, 80.047 MB recorded peak
memory, and 56.983/57.829 ◦C mean/maximum board-reported temperature. Therefore,
the current system should be interpreted as a portable CPU-side embedded implemen-
tation that verifies deployment feasibility and model-lightweighting benefit, rather than
a fully optimized real-time FPGA accelerator. In practical terms, the measured rate is
appropriate for low-frequency recognition tasks, but applications requiring continuous
real-time video analysis would need further acceleration. The measured CPU utiliza-
tion also shows that inference on the processing system remains the dominant bottle-
neck, so future hardware-aware work should focus on quantization, operator fusion, and
programmable-logic acceleration. Power consumption is not directly claimed because
no calibrated board-level power measurement was available. In addition, the added
official-split reruns provide supplementary statistical context for the baseline and Ours
together with targeted width and branch checks. Accordingly, the supplementary summary
tables support interpretation, while the width and branch reruns are used as targeted
component evidence.
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5. Conclusions
This paper studied the problem of deploying ResNet18 on resource-constrained

edge devices and proposed a lightweight solution that combines channel scaling, re-
parameterized attention blocks, and knowledge distillation. By using global channel
scaling, the method reduces the structural complexity of the residual backbone; by using
multi-branch training and SE attention, it compensates for the representation loss caused
by compression; and by folding the linear branches into a single 3-by-3 convolution, it
keeps the inference graph deployment-friendly.

The results show that the proposed model reduces the parameter count from 11.220 M
to 2.841 M while maintaining comparable Top-1 accuracy and improving Top-5 accuracy
on CIFAR-100. The FP32 parameter payload is reduced from 44.88 MB to 11.36 MB, and
the CIFAR-100 computation after structural folding is 139.59 M MACs. The GPU batch
inference latency is reduced from 3.279 ms to 2.161 ms, corresponding to a 1.518-fold
speedup. Supplementary five-seed results further indicate that the Top-1 performance
should be interpreted as comparable rather than superior, while the main practical gains are
parameter reduction, higher mean Top-5 accuracy, and reduced inference cost. Additional
supplementary experiments show that knowledge distillation consistently improves width-
compressed students and that a simple 3-by-3 plus 1-by-1 branch combination can provide
a modest positive branch contribution in the half-width setting. In addition, the folded
student model is exported to ONNX and deployed on a PYNQ-Z2 platform, where it
validates a camera-driven workflow including frame acquisition, preprocessing, CPU
inference through ONNX Runtime, label mapping, and visualization. The final model
reports a 421.467 ms/frame mean latency, 420.112 ms/frame P50 latency, 423.844 ms/frame
P95 latency, approximately 2.37 FPS, 100.000% mean CPU utilization, 80.047 MB recorded
peak memory, and 56.983/57.829 ◦C mean/maximum board-reported temperature. This
deployment rate is suitable for low-rate edge use cases but not for real-time continuous
video analysis. The comparison profiling further shows that narrower KD variants can
reduce CPU-side latency along the same embedded runtime path. These findings provide
a practical method for lightweight residual-network design and offer a reproducible CPU-
side embedded verification path for future hardware-aware acceleration.

The present study also points to several extensions. The channel scaling strategy is
uniform across layers and can be further improved by layer-wise sensitivity analysis. The
board-side deployment uses ONNX Runtime on the processing system, so the measured
latency does not represent the maximum acceleration potential of the FPGA fabric. More-
over, the supplementary multi-seed evidence is limited to the baseline and proposed model,
and power consumption is not directly reported because no calibrated board-level power
measurement was available. Future work will focus on non-uniform channel allocation,
redundancy-aware structure search, broader multi-seed statistical evaluation, quantized
inference, programmable-logic acceleration, and more complete edge-device resource mon-
itoring. The method will also be evaluated in more realistic application scenarios, such as
simple industrial inspection, environmental monitoring, and low-power visual sensing.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/computers15060395/s1, uploaded with this submission is intended
to be published alongside the article. It contains the implementation scripts, model definitions, and
ONNX/PYNQ-Z2 deployment utilities used in this study.
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The following abbreviations are used in this manuscript:

AXI Advanced eXtensible Interface
CNN Convolutional neural network
CPU Central processing unit
DDR3 Double data rate 3
ECA Efficient channel attention
FP32 32-bit floating point
FPGA Field-programmable gate array
GPU Graphics processing unit
KL Kullback–Leibler
MACs Multiply–accumulate operations
ONNX Open Neural Network Exchange
RGB Red-green-blue
SE Squeeze and excitation
VDMA Video direct memory access
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