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Abstract: This paper proposes enhancing MobileNetV3 with Omni-Dimensional Dynamic Convolution (OD-Conv) to
overcome CNNs’ limitation of static convolution kernels. OD-Conv introduces multi-dimensional attention to adjust
convolution kernels across spatial, input channel, output channel, and number of kernels dimensions, improving feature

representation. Bayesian Optimization optimizes hyperparameters efficiently. Experiments show Omni-MobileNetV3
outperforms MobileNetV3 on CIFAR-100, Tiny ImageNet, and medical image datasets, achieving up to 3% accuracy gain
while maintaining efficiency. This dynamic convolution method combined with Bayesian tuning achieves state-of-the-art

results in image classification
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St dung t6i wu Bayes dé& t6i wu siéu tham sé cho mé hinh Omni-Dimensional MobiletNetV3

Bai bdo nay dé xuit viéc cai tién MobileNetV3 vdi Omni-Dimensional Dynamic Convolution (OD-Conv) nhim khic

phuc han ché clia cac mang no-ron tich chiap (CNN) vé cic kernel tich chap tinh. OD-Conv giéi thiéu sy két hop da
chiéu dé€ diéu chinh cic kernel tich chip trén cac chiéu khong gian, kénh diu vao, kénh du ra va s luong kernel, cai
thién kha ning biéu dién dic trung. Phuong phip Téi uu héa Bayes (Bayesian Optimization) dudc st dung dé t6i uu
héa céc siéu tham s6 mot cach hidu qua. Thi nghiém cho thly Omni-MobileNetV3 vugt trdi hon MobileNetV3 trén
cdc bo dit liéu CIFAR-100, Tiny ImageNet va hinh 4nh y té, dat dudc miic ting do chinh xdc 1én t6i 3% trong khi van
duy tri hiéu qui. Phuong phdp tich chap dong nay két hop véi t6i wu héa Bayes dat dugc két qua tién tién nhét trong

Tiéu deé:
Tém tat:
phén loai hinh anh.
Tir khéa:  Omni-dimensional convolution, MobileNetV3, t6i wu Bayes

I. INTRODUCTION

Convolutional Neural Networks (CNNs) have proven to
be a valuable tool in various domains, including computer
vision, natural language processing, and signal processing.
The development of influential models, such as ResNet
[1], Inception [2, 3], and MobileNet [4-6], has played a
significant role in advancing the capabilities of computer
vision systems.

At the core of CNNss lies the convolution layer, a funda-
mental operation that employs fixed, pre-defined kernels to
extract features from input data. While undeniably effective,
the static kernel does not perform well with the data outside
of the training distribution[7, 8], which underscores the
need for continuous innovation in CNN architectures.

To address this limitation, recent research has explored
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dynamic convolution techniques [9-11] aiming to learn
the spatially-adaptive filters for each convolution opera-
tion, which improves the network’s ability to adapt to
complex patterns. However, existing dynamic convolution
approaches often focus on specific dimensions of the kernel
space, such as the spatial dimensions (height and width) or
the input channel dimensions [9-11].

This paper proposes a novel approach, Omni-
Dimensional Dynamic Convolution (ODConv), which
introduces a multi-dimensional attention mechanism to
dynamically adjust convolution kernels across all four
dimensions of the kernel space:

» Spatial dimensions: Height and width of the kernel
o Input channel dimension: Number of channels in the
input data
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 Output channel dimension: Number of channels in the
output feature map

o Number of kernels: Total number of kernels in the
layer

However, optimizing such multi-dimensional dynamic
convolution (ODConv) presents a significant challenge due
to the vast hyperparameter space. Traditional hyperparame-
ter tuning methods, like grid search or random search, can
be inefficient and computationally expensive in such high-
dimensional scenarios. This is where Bayesian optimization
emerges as a crucial tool [12].

By leveraging past evaluations and incorporating prior
knowledge, Bayesian optimization offers a more efficient
and targeted approach to finding the optimal hyperpa-
rameter configuration for the ODConv layer. This can
lead to significantly improved performance compared to
traditional methods, unlocking the full potential of dynamic
convolutions and paving the way for more powerful and
adaptable CNN architectures. There are two main aspects
of our contributions in this paper:

1) We apply ODConv to replace the ordinary convolu-
tional block of MobileNetv3.

2) We explore the application of Bayesian optimization
with ODConv for the new architecture’s hyperparam-
eter tuning.

II. RELATED WORK
1. Lightweight networks

In the realm of research, there has been a notable surge
in the exploration of lightweight networks, emphasizing the
reduction of complexity and parameters [1-4, 13]. Particu-
larly, renowned examples, such as MobileNet, SqueezeNet
[14], and ShuffleNet [15, 16], have garnered substantial
attention, symbolizing the forefront of this research trend.
SqueezeNet [14] introduces an innovative approach by
advocating for the replacement of conventional 3x3 con-
volution kernels with 1x1 kernels in a "splicing" technique.
This method strategically trims parameters within the cur-
rent model architecture, resulting in a notable reduction in
model size without compromising its functionality

2. Dynamic Weight Networks

Dynamic convolution techniques, like DyConv [9] and
CondConv [10], are replacing static filters in CNNs. These
methods dynamically adjust filters based on the input data,
allowing the network to learn more complex features.
Building on this, ODConv [17] uses a multi-dimensional
attention mechanism to further enhance dynamic convolu-
tions by adjusting filters across all their dimensions.

26

3. Hyperparameter Optimization

Hyperparameter optimization [18] is crucial for maximiz-
ing machine learning model performance. While traditional
methods like random and grid search provide a starting
point, they can be computationally inefficient. Advanced
techniques such as Bayesian optimization [12] and evo-
lutionary algorithms offer more sophisticated approaches
for exploring the hyperparameter space. The comparison is
illustrated in the Table I

Additionally, Neural Architecture Search (NAS) [19, 20]
has the potential to improve model performance by au-
tomating architecture selection. However, NAS typically re-
quires significant computational resources and may overfit
certain datasets. Despite these challenges, these techniques
collectively contribute to enhancing the effectiveness of
machine learning models.

III. BACKGROUND
1. MobileNetV3

MobileNetV3 [6], a convolutional neural network (CNN),
is tailored for mobile and embedded devices, balancing ef-
ficiency and accuracy. It builds upon MobileNetV1 [4] and
MobileNetV2 [5], integrating hardware-aware architecture
search (NAS) [6] for optimal performance across platforms.
Notable features include Squeeze-and-Excitation [21] (SE)
blocks for dynamic feature recalibration and hard-Swish
activation for computational efficiency instead of ReLU®6.
Available in Large and Small versions, it caters to diverse
use cases, prioritizing either accuracy or computational sav-
ings. MobileNetV3 facilitates robust deep-learning applica-
tions on resource-constrained devices, outlined in Figure 1,
which illustrates its architecture: starting with a 1x1 con-
volutional layer, followed by depth-wise convolution with
a 3x3 kernel size. Subsequent steps include SE excitation
for enhanced feature representation, followed by a I1x1
convolutional layer to reduce parameters and computations,
ultimately generating the output category.

2. Omni-dimentional Dynamic Convolution (ODConv)

Omni-dimensional Dynamic Convolution (ODConv) [17]
presents a novel perspective on dynamic convolutional
kernels within Convolutional Neural Networks (CNNs),
intending to bolster the representation capabilities of deep
CNNs. In contrast to conventional static convolutional
kernels, which learn a singular kernel within each con-
volutional layer, ODConv introduces a multi-dimensional
attention mechanism. This mechanism enables the learning
of varied attentions for convolutional kernels across all four
dimensions of the kernel space simultaneously. This process
is depicted in the Figure 2.
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Table 1
COMPARISON OF HYPERPARAMETER OPTIMIZATION METHODS.

Feature Grid Search Random Search Bayesian Optimization
Methods Exhaustive Random Sampling Statistical Modeling
Computational Cost High Low Moderate
Efficiency Low Moderate High
Ease of Implementation Easy Easy Moderate
Squeeze Excitation
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Figure 2. Schematic of Omni Dimensional Dynamic Convolution

a) Formulation for Omni-Dynamic Convolution
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where a,, € R represents the attention scalar for the
convolutional kernel W;; ay € RKkxk € R¢ and
af, € R« are denoted as the attention for the spatial
dimensions, the input channel dimensions, and the output
channel dimensions for the kernel space of the convolu-
tion kernel W; respectively. The operator © indicates the

> ac,—
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convolutional filter W;. (3) a; distributes distinct attention
scalars to the coy¢ convolutional filters. (4) a,,; assigns an
attention scalar to the entire convolutional kernel W;. The
process of combining these four types of attention across
n convolution is illustrated in the image above. ODConv
learns four types of attention for convolutional kernels,
which are shown to be complementary to each other.
By progressively applying attention to the corresponding
kernel, ODConv significantly strengthens the representa-
tion power of CNNs, leading to improved performance in
tasks like image classification. Despite its enhanced feature
learning ability, ODConv maintains efficiency by compet-
ing with or outperforming existing dynamic convolution
counterparts with multiple kernels using just one single
kernel. This efficiency is crucial in reducing the number
of parameters and model size, making ODConv a practical
and effective solution for various CNN architectures.
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3. Bayesian Optimization

Bayesian Optimization [12] serves as a valuable method
for optimizing objective functions that are expensive to
assess, making it particularly well-suited for determining
the optimal hyperparameters in deep learning tasks. It
builds on a surrogate model for the objective and quantifies
the uncertainty in that surrogate using the Bayesian machine
learning technique, specifically the Gaussian Process, and
then utilize an acquisition function defined from the surro-
gate model to decide where to sample in the next step.

a) Gaussian Process

Suppose there is a collection of vector points xi, . .
R? and the function’s values according to each point
into the vector [ f(x;),..., f(xx)]. The vectors are drawn
randomly by the prior probability distribution, The GP
regression takes this distribution to be a multivariate normal
with a specific mean vector and a covariance matrix.

L, Xg €

S ) ~ N(p(xe), 21k, X1:1)) ()
where pu is the mean function that p(x;.x) =
[u(x1), ..., u(xx)] and 2 is the covariance matrix which:

Z(x1,x1) Z(xq, xz)
Z(X1:k, X1:k) = 3
(x> x1) Z(xk, xx)

b) Acquistion Functions

The acquisition function is a criterion that quantifies
the utility of evaluating the objective function at a new
point, given the current posterior distribution. It bal-
ances the trade-off between exploration (sampling points
where the uncertainty is high) and exploitation (sampling
points where the expected value is high). We choose
Expected Improvement (EI), as a measure to identify the
expected amount of improvement over the current best-
observed value.

The formula for Expected Improvement is defined as:

ElL,(x) = Ep[max(f(x) - f,,0)] &)

The next point to sample is the one that maximizes the EI,
which can be done using standard optimization methods.

(6

Xp41 = argmaxE T, (x)

IV. DATASET

In this study, we employ a diverse set of datasets to
evaluate the performance of our proposed model across
various computer vision tasks. The datasets used in our
experiments include:

28

(a)

Figure 3. (a) Scabby apples leaves and healthy apples leaves, (b)
Powdery mildew and healthy cherry leaves and (c) Rusted corn
leaves and healthy corn leaves.

a) CIFAR-100 [22]

CIFAR-100 extends the complexity with 100 classes,
organized into 20 superclasses. Split: The dataset consists
of 50,000 training images and 10,000 test images.

b) Tiny ImageNet [23]

A subset of the extensive ImageNet dataset, Tiny Ima-
geNet comprises 200 classes with 500 training, 50 valida-
tion, and 50 test images per class. Split: The training set
contains 100,000 images, and there are 10,000 images each
for validation and testing.

¢) Plant Disease [24]

Focused on plant health assessment, this dataset includes
87K RGB images of leaves from three different plant
species. It encompasses 38 classes relating to each state
of disease of different type of species (apple, blueberry,
corn, grape, orange, peach, pepper and strawberry) (Fig 3)

d) Covid-Chest Xray [25]

It has 3 different classes: Healthy chest, COVID, pneu-
monia. The images in this dataset have different heights
and lengths so we have brought it to the same size of 448
pixels for both dimensions in each image. The total number
of images in the data set is 6432 images, the training data
set is 5144 images and the validation set is 1288 images
(refer to Fig 4, 5, 6 for visual representation).

Figure 4. COVID
19

Figure 6. Pneumo-
nia

Figure 5. Normal

V. METHODOLOGY
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Figure 7. Structure of Omni-MobileNetV3, the combination of
Omni-Dimentional Dynamic Convolution and MobileNetV3.

1. Omni-MobileNetV3 Architecture

We introduced a novel multi-dimensional attention mech-
anism, called “Omni-MobileNetV3”, which dynamically
adapted the convolutional kernels in each layer to the
specific features present in the input. This allowed the
network to learn more expressive filters that can better
capture the relevant information for the task at hand.

We replaced the traditional convolutions in MobileNetV3
blocks with ODConv to create a hybrid architecture com-
bining several advantages:

o Improved Feature Extraction: ODConv’s multi-
dimensional attention mechanism allowed the network
to dynamically adjust convolutional kernels to the
specific features in the input. This enabled the network
to learn more expressive filters compared to static
filters, potentially leading to improved accuracy.

» Maintained Efficiency: The core architecture of Mo-
bileNetV3, particularly its depthwise separable convo-
lutions and bottleneck blocks, remained intact. This en-
sured that the computational efficiency and lightweight
nature of the original model were preserved.

o Increased Adaptability: ODConv’s dynamic nature
granted the model an increased ability to adapt to di-
verse datasets and tasks. This flexibility opened doors
for broader application of this hybrid architecture.
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However, further exploration was needed to fully realize
these benefits:

» Balancing Complexity: Finding the right balance
between the inherent efficiency of MobileNetV3 and
the added complexity of ODConv was crucial to
ensure optimal performance on resource-constrained
platforms.

» Hyperparameter Tuning: Optimizing both architec-
tures required extensive hyperparameter tuning. This
was essential to achieve the desired balance between
accuracy and efficiency.

As discussed, the combination of MobileNetV3 and
Omni-Dimensional Dynamic Convolution (ODConv), form-
ing Omni-MobileNetV3, holds immense potential for effi-
cient and accurate deep learning models. However, chal-
lenges remain in balancing complexity and finding optimal
hyperparameters.

2. Bayesian Optimization

We want to enhance the performance of Omni-
MobileNetV3 by fine-tuning its hyperparameters. Com-
pared to methods like Grid Search and Random Search,
Bayesian Optimization finds the optimal solution more
quickly. This efficiency is due to its explore-exploit strategy,
which is particularly advantageous for expensive evalua-
tions. We focus on two hyperparameters: the number of
attention kernels and the softmax temperature in the OD-
Conv layers of each Inverted Residual block. We utilize
Bayesian Optimization, which proves to be an efficient
method that can search a large and complex hyperparameter
space, to find the best setting for each block. The hyper-
parameter space of the number of kernels is from 1 to 4,
and the range of softmax temperature is from 10 to 60.
We begin with 5 instances generated by the Sobel Random
Generator and then use the Gaussian Process and Expected
Improvement algorithm to generate new combinations, from
10 to 15 instances. We evaluate the accuracy of each
instance after 60 epochs of training.

VI. RESULT AND DISCUSSION

The detailed configuration of the Omni-MobileNetV3
model after applying Bayesian Optimization is in the Table
II. The optimization resulted in the use of 4 3 x3 kernels, 2
1x1 kernels, a temperature setting of 50, and 3 OD blocks.
Note that, InvertedResidualOD is the ordinary Inverted
Residual block used in MobileNetV3 but the traditional
convolution layers are replaced with Omni-Convolution
layers. We use the same structure as MobileNetV3-Small.

In this study, we employ the OmniMobileNetV3 model,
training it for 100 epochs with optimized hyperparameters.
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Table 11
NUMBER OF PARAMETERS IN EACH FEATURE
BLOCK OF THE MOBILENETV3 MODEL.

Block Index Layer Type Parameters

1 Convolution 3x3 464

2 InvertedResidualOD 3079
3 InvertedResidualOD 15985
4 InvertedResidualOD 20905
5 InvertedResidual 13736
6 InvertedResidual 57264
7 InvertedResidual 57264
8 InvertedResidual 21968
9 InvertedResidual 29800
10 InvertedResidual 91848
11 InvertedResidual 294096
12 InvertedResidual 294096
13 Omni-Convolution 1x1 124770
14 AvgPooling2D -

15 Linear 590848
16 Prediction -

Accuracy

96.80% 29:70%

96.27% 97.40%
100.00%

80.00% 68.78% 70.10%

o
58.59% 60.10%

©0.00%

40.00%

20.00%

0.00%

Tiny Imagenet Cifar100 Plant Disease Chest Xrays

B MobileNetv3 Omni-MobileNetV3+Baysean Optimization

Figure 8. Compare the accuracy across four datasets

We use SGD with momentum as the optimizer, starting
with a learning rate of 0.05 and momentum of 0.0004.
The learning rate follows a cosine annealing schedule,
and we implement temperature annealing to reduce the
softmax temperature gradually for the first 50 epochs.
Dataset resizing is standardized at 224 x 224 pixels, except
for the Chest X-ray dataset, which is resized to 448 x 448
pixels. To improve generalization and robustness, we apply
the mixup technique [26], generating synthetic data samples
through linear interpolation between existing samples and
their labels.

The analysis of the data table indicates that the Bayesian
Optimization method led to an improvement in accuracy
from 58.59% to 60.1%, a nearly 2% enhancement compared
to the initial result in the Tiny-ImageNet dataset. Subse-
quently, we applied the identified hyperparameters from
Tiny-Imagenet to the CIFAR-100 dataset to observe their
impact. The accuracy increased from 68.78% to 70.1%,
demonstrating a similar approximately 2% improvement.
This suggests that the hyperparameters determined by the
Bayesian Optimization method perform effectively across
different benchmark datasets. We also extended the appli-
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cation of these hyperparameters to other datasets, namely
Plant Diseases and Chest Xrays. Reapplying the identified
hyperparameters resulted in a significant accuracy boost for
the Plant Diseases dataset, rising from 96.8% to 99.7%,
approximately a 3% increase. Likewise, the Chest Xrays
dataset showed an accuracy improvement from 96.27% to
97.4%, roughly more than 1% compared to the original.
While the accuracy improvements may look small, they are
significant considering MobileNetV3 has the best perfor-
mance in the class at present and is optimized carefully by
NAS.

Table III
COMPARE THE PERFORMANCE OF
TWO MODELS IN TINY-IMAGENET

Models Params Accuracy F1-Score

MobileNetV3 1.52M 0.585 0.58

Omni-MobileNetV3  1.82M 0.596 0.59
Table IV

COMPARE THE PERFORMANCE OF TWO MODELS IN CIFAR-100

Models Params  Accuracy F1-Score
MobileNetV3 1.52M 0.687 0.69
Omni-MobileNetV3 1.82M 0.701 0.72
MobileNetV2 2.36M 0.66 0.67
Table V
COMPARE THE PERFORMANCE OF
TWO MODELS IN CHEST XRAYS
Models Params  Accuracy F1-Score
MobileNetV3 1.52M 0.962 0.96
Omni-MobileNetV3 1.82M 0.974 0.98
Table VI
COMPARE THE PERFORMANCE OF
TWO MODELS IN PLANT DISEASE
Models Params  Accuracy F1-Score
MobileNetV3 1.52M 0.968 0.96
Omni-MobileNetV3 1.82M 0.997 0.98

VII. ABLATION STUDY

We perform Bayesian Optimization to determine the
optimal parameters for our model. Specifically, we are
tuning the number of kernels in the Omni-Dimensional
Dynamic Convolution with corresponding kernel sizes of 3
and 1, the temperature for flattening the attention to near-
uniform to aid learning in the early epochs, and the number
of OD Blocks. This search is conducted on the Tiny-
ImageNet dataset over 60 epochs. The result is displayed in



the (Table VII). The configuration column provides details
on the number of 3 X3 kernels, the number of 1x 1 kernels,
the temperature within an OD-Block, and the number of
OD-Blocks.

Table VII
TABLE OF PARAMETERS AND PERFORMANCE METRICS
Configuration | Parameters | GFLOPS | Accuracy
2/1/29/7 1.84 M 0.26 0.5786
3/3/53/1 1.85 M 0.44 0.5819
4/2/19/4 1.84 M 0.36 0.5819
1/4/39/11 325 M 0.11 0.5835
1/2/58/9 2.04 M 0.2 0.5792
1/1/26/8 1.84 M 0.23 0.5769
3/1/33/6 1.84 M 0.28 0.5847
2/1/30/6 1.82 M 0.28 0.5776
4/2/50/3 1.2 M 0.38 0.5867

VIII. CONCLUSION

We proposed a novel approach integrating ODConv
into the MobileNetV3 architecture and created a new hy-
brid model called Omni-MobileNetV3. By enabling ker-
nel adaptation across spatial, channel, filter and kernel
dimensions independently, ODConv enhances the network’s
ability to capture diverse feature representations tailored
to the input. To efficiently optimize its hyperparameters,
we employed Bayesian Optimization which leverages past
evaluations to guide the search process.

Experiments were conducted on four diverse image
classification datasets - CIFAR-100, Tiny ImageNet, Plant
Disease, and Chest X-rays. The results demonstrated that
Omni-MobileNetV3 optimized with Bayesian Optimiza-
tion consistently outperformed the baseline MobileNetV3
architecture. Accuracy improvements ranged from 1-3%
depending on the dataset, with the largest gains seen on the
more challenging Plant Disease and Chest X-rays medical
imaging datasets.

A deeper analysis of the results indicated that the multi-
dimensional attention mechanism incorporated by ODConv
played a key role in dynamically enhancing the repre-
sentational power of the convolutional kernels. Bayesian
Optimization also proved effective in identifying hyperpa-
rameter configurations that balanced model complexity and
predictive performance.

Overall, the findings validate that ODConv is an effective
approach for dynamically shaping convolutional kernels
based on input features. When combined with Bayesian
tuning, it achieves state-of-the-art accuracy on image classi-
fication tasks. Future work includes exploring its integration
with other architectures and applications beyond computer
vision.
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