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Abstract: Deep Neural Networks (DNNs) have been proven to be exceptionally effective and have
been applied across diverse domains within deep learning. However, as DNN models increase
in complexity, the demand for reduced computational costs and memory overheads has become
increasingly urgent. Sparsity has emerged as a leading approach in this area. The robustness of
sparse Multi-layer Perceptrons (MLPs) for supervised feature selection, along with the application
of Sparse Evolutionary Training (SET), illustrates the feasibility of reducing computational costs
without compromising accuracy. Moreover, it is believed that the SET algorithm can still be improved
through a structural optimization called motif-based optimization, with potential efficiency gains
exceeding 40% and a performance decline of under 4%. This research investigates whether the
structural optimization of Sparse Evolutionary Training applied to Multi-layer Perceptrons (SET-MLP)
can enhance performance and to what extent this improvement can be achieved.

Keywords: DNN; sparse neural networks; topology; motif-based optimization

1. Introduction
The emergence of neural networks has facilitated the development of artificial intelligence (AI),

defined as the ability of machines to simulate human cognitive processes. With the advancement
of neural networks, the tasks they address have become increasingly complex, often involving the
handling of high-dimensional data to satisfy specific requirements. To enhance performance, deep
neural networks have evolved to more accurately mimic human brain functions, leading to substantial
increases in computational cost and training time [1]. Typically,DNNs have many layers with fully-
connected neurons, which contain most of the network parameters (i.e. the weighted connections),
leading to a quadratic number of connections with respect to their number of neurons [2].

To address this issue, the concept of sparse connected Multi-layer Perceptrons with evolutionary
training was introduced. This algorithm, when compared to fully connected DNNs, can substantially
reduce computational cost on a large scale. Moreover, with feature extraction, sparsely connected
DNNs can maintain performance comparable to that of fully connected models.

However, this approach still demands considerable computational resources and time, which
remains a limitation. Furthermore, the introduction of motif-based DNNs, which can retrain neurons
using small structural groups (e.g., groups of three neurons), suggested the potential to surpass the
performance of sparse connected DNNs and significantly enhance overall network efficiency. This
paper aims to analyze and test motif-based DNNs, comparing their performance against benchmark
models.

To provide a deeper understanding, the following sections will delve into the foundational aspects
of these approaches.
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As mentioned before, traditional neural networks are usually densely connected, meaning that
each neuron is connected to every other neuron in the previous layer, resulting in a large number of
parameters. Unlike normal DNNs models, SET helps introduce sparsity, reduce redundant parameters
in the network, and improve computational efficiency. Through the evolutionary algorithm, SET can
gradually optimize the weights so that many connections become irrelevant or zero [2]. Therefore, SET
is applied to improve training efficiency by optimizing the sparse structure of the model and reducing
redundant parameters, which eventually can end in a reduction of the computational cost [3].

To further improve the performance of the Deep Neural Network, feature engineering is con-
sidered as a critical step in the development of machine learning models, involving the selection,
extraction, and transformation of raw data into meaningful features that enhance model performance
[4]. By enforcing sparsity in the neural network, SET effectively prunes less important connections,
thereby implicitly selecting the most relevant features. As the evolutionary algorithm optimizes the
network, connections that contribute insignificantly to the model’s performance are gradually set
to zero, allowing the network to focus on the most informative features. If feature selection can be
applied in this process, with some important features selected and remaining features dropped, the
complexity of the network would be largely decreased and the quantified features would keep the
original accuracy. Consequently, SET feature selection results in a streamlined model that is both
computationally efficient and more accurate, leading to better overall performance [3], and Neil Kichler
has demonstrated the effectiveness and robustness of this algorithm in his studies, further validating
its practical application and benefits [? ].

Network motifs are significant, recurring patterns of connections within complex networks. They
reveal fundamental structural and functional insights in systems like gene regulation, ecological food
webs, neural networks, and engineering designs. By comparing the occurrence of these motifs in
real versus randomized networks, researchers can identify key patterns that help to understand and
optimize various natural and engineered systems.

As mentioned before, the SET updates new random weights when the weights of the connections
are negative or insignificant (close to or equal to zero) which to some extent lead to some computation
burden [5]. Based on the concept of motif and SET, a structurally sparse MLPs is proposed. The
motif-based structural optimization gave an idea of renewing the weights by establishing a topology
which can largely improve the efficiency (shown in Figure 1) [6,7].

The key research question is posed in this paper is:

To what extent can the efficiency and accuracy of sparse MLPs get improved by optimizing the
structure of the Sparse MLPs and fine-tuning of the parameters of the network?

Figure 1. Motif-based Structural Sparse MLPs [7].

2. Related Work
Sparse MLP models have demonstrated significant potential in reducing computational costs (e.g.,

hardware and computation time requirements) while enhancing accuracy through feature extraction
and sparse training. This research uses the work of Mocanu et al. as a benchmark model for comparison
[3]. This section reviews the historical development of sparse neural networks. Subsequently, the key
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idea and algorithm of SET will be discussed. Lastly, the basic idea of structural optimization of Sparse
MLPs will be introduced.

Y. LeCun et al. [8] introduced the concept of network pruning in the paper "Optimal Brain
Damage" in 1990. This approach calculated the contribution of each connection to the general network
error and selectively removed some of the nodes which are considered less important. Utilizing second-
order derivatives, this method effectively reduced model complexity while preserving performance.
Therefore, this seminal work provided and was regarded as a theoretical basis for later pruning
techniques. Based on the seminal paper, B. Hassibi et al. proposed the "Optimal Brain Surgeon"
method in 1993, in which second-order derivatives was also used but offered a more precise method
for pruning the weights by considering the Hessian matrix’s structure [9]. The Optimal Brain Surgeon
method was shown to achieve superior performance by more accurately identifying and removing
redundant connections. This refinement was regarded as an important step forward in the efficiency of
network pruning. In 2016, Han et al. introduced the concept of "Deep Compression", a concept which
combines pruning, quantization, and Huffman encoding [10]. This three-step method significantly
reduces the storage requirements and computational cost of neural networks while maintaining the
accuracy. In addition to the standard sparse network training steps, such as initial pruning followed
by weight retraining, Deep Compression incorporates Huffman encoding as a final step. This study
highlighted the practical advantages of integrating multiple optimization techniques. In 2018, Mocanu
et al. introduced the idea of Sparse Evolutionary Training in their paper "Scalable Training of Artificial
Neural Networks with Adaptive Sparse Connectivity Inspired by Network Science" [3]. In this research,
Erdős-Rényi graph initialization is used to create the initial sparse network and initialized the weights.
By selectively adding, removing connections based on the deviation and performance, SET aims to
maintain a high proportion of zero-valued connections while optimizing the model’s accuracy. The
process of the SET algorithm is shown as Figure 2. As mentioned above, this model will be taken as
the benchmark mark to compare with the one in this research.

Figure 2. Process of Training, Pruning and Retraining in SET [? ].

Based on the previous research work, the concept of "Dynamic Sparse Reparameterization" was
given by J. Frankle et al which is a method continually adjusting the sparsity of network connections
during training [11]. By dynamically reparameterizing the network, this approach helps maintain
a balance between performance and efficiency. This method stands out for its ability to adaptively
optimize the network structure dynamically, leading to more efficient training processes. Based on
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the research of Mocanu et al., the paper ’Robustness of sparse MLPs for supervised feature selection’
by Kichler [? ] in 2021 combined with feature extraction with sparse multi-layer training method
which promoted the development of research. With a certain proportion of features dropped, the
performance of the neural network can still maintain as densely connected network.

The motif-base is concept referring to certain type of structural topology or network structure,
which is usually used to describe a sub-network or a network pattern (shown in Figure 3). This
diagram illustrates the general procedure of motif-based optimized SET models. The DNNs model
on the left are trained and retrained by individual nodes [12]. Therefore, the weights between nodes
are different from each other. However, for the motif-based model, the weights will be initialized and
retrained by small groups with a specific size of nodes [13]. By applying the motif-base structure, the
efficiency of the network can be improved while maintaining the accuracy.

Figure 3. Concept of motif-based SET training

3. Methodology
To address the research questions related to the motif-based structural optimization of sparsely

connected neural networks, this section provides a detailed illustration of the proposed approaches.
This section discusses the topological optimization method. Subsequently, the process of training will
be discussed. Finally, the evaluation environment for this research is described.

The core principle of motif-based structural optimization in SET involves assigning weights
between neurons based on motifs during each training process, followed by distributing these weights
to individual nodes. The following pseudo code is the general training process of the motif-based SET
model:

Listing 1: General Motif-Based Sparse Neural Network Process

1 . I n i t i a l i z e network with m o t i f _ s i z e :
− For each l a y e r :

− I n i t i a l i z e sparse weights and b i a s e s with moti fs .

2 . Forward pass :
− For each hidden l a y e r :

− Process each motif with weights and b i a s e s .
− Apply a c t i v a t i o n funct ion .

3 . Backward pass :
− For each hidden l a y e r in reverse :

− Ca l c u l a te d e l t a .
− Update weights and b i a s e s for each motif .

This pseudo code outlines the process of network initialization, forward propagation, and back-
ward propagation in the motif-based DNN model. As previously noted, most steps are performed
using customizable motifs of a specific size. A detailed explanation of the network construction and
training process is provided in the following subsections.
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3.1. Network Construction

The general idea of using structural optimization based on motif is to group nodes with a certain
size and train them together. Unlike simply reducing the number of neurons, each node in the motif-
based optimized network participates in both training and retraining. The key difference lies in the
process of assigning new weights to nodes, which is conducted according to a specific topology, thereby
enhancing the network’s efficiency [6,14].

Parameter Initialization: Before initializing the weights of neural networks, some parameters
need to be defined. The input size X refers to the size of the features of the training data set that is
selected as input. For instance, for the Fashion MNIST dataset, the number of pixels in the graph
is 784 (28X28); therefore, the input size is 784. The motif size m refers to the size of a topology or
sub-network. Hidden size refers to the number of neurons for each hidden layer [15]. Epsilon ϵ is a
parameter controlling the sparsity level of the network. The activation function σ is used to introduce
non-linearity into the model. The loss function L measures the difference between the predicted
outputs and the actual outputs [16].

Weights and Bias Initialization: The random uniform distribution is utilized for generating the
initial weights. The weights are assigned to each motif instead each node which will be more efficient.
The He function is used here to set limitations for the weights [17]. Erdős-Rényi is used for setting
sparse weights masks which can remove or keep the initial weights. And for each layer, it creates a
random bias vector bi. The motif size also needs to be chosen such that the input size is divisible by
the motif size. [11]The pseudo code for network construction is shown as follows:

Listing 2: Network initialization

c l a s s MotifBasedSparseNN :
I n i t i a l i z e ( input_s ize , mot i f_s ize , hidden_sizes , output_size ,
ini t_network , epsi lon , a c t i v a t i o n _ f n , l o s s _ f n ) :

Se t mot i f_s ize , epsi lon , a c t i v a t i o n _ f n , l o s s _ f n
Set create_network based on ini t_network ( uniform/normal )
Ensure i n p u t _ s i z e i s d i v i s i b l e by m o t i f _ s i z e
I n i t i a l i z e weights (W) and b i a s e s ( b )
prev_s ize = i n p u t _ s i z e
For each hidden_size in hidden_sizes :

Ensure hidden_size i s d i v i s i b l e by m o t i f _ s i z e
Create and append weight matrix to W using create_network
Create and append b i a s to b
Update prev_s ize to hidden_size

Create and append f i n a l weight matrix and b i a s for output_s ize

Comparing to the normal SET model, instead of initializing the weights and bias individually,
the weights and bias initialization in this project are done by motifs, for instance 3 nodes as motif.
The weights and bias are first assigned to each motif then each motif will assign the parameters to
each node which are the same within each motif. Additionally the motif-size of the model can be
customized. In this way, the efficiency of the network initialization will be largely improved.

3.2. Training Process

This subsection will show the process of the motif-based model training which is the core of the
whole project.

Forward Propagation: The forward function is similar to normal forward propagation in other
models; the only difference in this project is that the nodes involved in the forward propagation
process are trained in small groups [18] which will improve the total efficiency. The process is shown
as following equations, Z(i) representing the linear combination of i layer, A(i−1) for the activation
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function for each layer(ReLu, Softmax, Sigmoid), W(i) for weight matrix for i layer, b(i) for bias [19].
For each motif in layer i:

Z(i) = A(i−1)W(i) + b(i) (1)

A(i) = factivation(Z(i)) (2)

For the output layer, the Softmax is chosen as the activation function because it converts raw model
outputs into probabilities, ensuring they sum to 1. This is crucial for multi-class classification, providing
clear and interpretable probabilities for each class. Backward Propagation: In the process of backward
propagation, the output layer error δ(L) needs to be calculated first, where A(L) is the output of the
network and Y is the true label:

δ(L) = A(L) − Y (3)

Then the gradient for the output layer and each hidden layer needs to be computed in a reversed order:

∂L
∂W(L)

=
1
m
(A(L−1))⊤δ(L) (4)

∂L
∂b(L)

=
1
m

m

∑
i=1

δ(L) (5)

For each hidden layer i from L − 1 to 1:

δ(i) = (δ(i+1)W(i+1))⊙ f ′(Z(i)) (6)

Motif-based computation for each hidden layer, a zero matrix δ is initialized. And for each motif j
in layer i, each submatrix Wsubmatrix from weight matrix W(i) is extracted:

Wsubmatrix = W(i)[jstart : jend] (7)

The sub-delta and sub-activation for each motif are calculated:

δsub = (δ(i+1)Wsubmatrix)⊙ f ′(Zsub) (8)

Update gradients for each motif and node individually:

∂L
∂Wsub

=
1
m
(A(i−1))⊤δsub (9)

δ(i)[jstart : jend] = δsub (10)

In the end of backward propagation, the weights and bias are updated for each layer.The pseudo code
of back propagation is shown as following:

Listing 3: MotifBasedSparseNN Training

Function backward (X , y_true , Z _ l i s t , A _ l i s t ) :
m = number of samples
C a l c u la t e i n i t i a l d e l t a from l o s s gradient
C a l c u la t e dW, db for f i n a l layer , Update f i n a l weights and b i a s e s
For i in reverse order of hidden l a y e r s :

C a l c u la t e del ta , I n i t i a l i z e dW
For each motif in current l a y e r :

C a l c u la t e sub_del ta and sub_A
Update dW and b i a s e s for current motif

Update weights and b i a s for current l a y e r
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Followed by forward propagation, the backward propagation training will also be trained by
motifs in each layer, each motif will assign the retrained results to each node. Therefore, the

3.3. Process of Evolution

The core of the SET algorithm involves evolution, where weights close to zero are pruned and
new weights are assigned [3]. The pseudo-code for this process is provided below:

Listing 4: Process of Evolution

for weight_matrix in weights :
for i in range ( weight_matrix . shape [ 0 ] ) :

for j in range ( weight_matrix . shape [ 1 ] ) :
i f random_uniform ( ) < eps i lon :

weight_matrix [ i , j ] = 0 . 0 # Prune we i gh t i f random v a l u e < e p s i l o n
weight_matrix [ i , j ] += random_normal ( ) * i n i t _ d e n s i t y

return weights

4. Experiment
This section outlines the experimental process, starting with data preparation, followed by

experimental design and evaluation. The aim is to assess the efficiency and accuracy of the motif-based
sparse neural network compared to the benchmark model.

4.1. Data Preparation

In this research, the Fashion MNIST (FMNIST) and Lung datasets are used as benchmark datasets
to evaluate the performance and efficiency of the model [20]. The FMNIST dataset (shown in Figure 4)
is widely recognized as a benchmark for testing deep learning architectures. It is a dataset of Zalando’s
article images—which consists of a training set of 60,000 samples and a test set of 10,000 samples.
Each sample is a 28x28 grayscale image associated with a label from one of 10 classes [? ]. This
study loads the images using TensorFlow’s FMNIST module, normalizes pixel values to [0, 1], and
applies one-hot encoding to the categorical labels. Optionally, it standardizes data using scikit-learn’s
StandardScaler and stores preprocessed data in compressed .npz files for efficient access and reuse.
This pipeline ensures the dataset is ready for machine learning tasks, facilitating robust model training
and evaluation.

Figure 4. Sample from FMNIST Dataset

The Lung dataset also contains grayscale X-ray scans indicating five lung conditions, represented
as five distinct labels. A sample from the Lung dataset is shown in Figure 5. The dataset is initially
loaded and its labels are converted into one-hot encoded format. Subsequently, the dataset is split
into training and testing sets, reserving one-third for testing purposes. Feature normalization is then
performed using StandardScaler library, ensuring consistent scaling across the dataset.
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Figure 5. Sample from Lung Dataset

The properties of two datasets are shown in Table 1.

Table 1. Result of each motif size (FMNIST)

Motif Size Running Time (s) Accuracy Average Running Time (s)

Motif Size:1 (SET) 25236.2 0.7610 17.73

Motif Size:2 14307.5 0.7330 9.14

Motif Size:4 9209.3 0.6920 6.74

4.2. Design of the Experiment

As mentioned above, in this experiment Fashion MNIST and Lung are the two benchmark
datasets used to test the accuracy and performance of the motif-base sparse neural network model. The
benchmark model is set as the SET model [3]. To evaluate the performance and resource utilization of
the model on the datasets, a comprehensive experimental setup was implemented. This setup includes
data preprocessing steps such as standardization and one-hot encoding, as well as model initialization
and training procedures. Functions were incorporated to retrieve CPU and GPU information to
monitor hardware usage. The start and end times of the training process were recorded to calculate
the total execution time [21]. Finally, the results, including test accuracy and resource details, were
saved to a file for thorough analysis. This approach ensures a detailed and reproducible evaluation of
the model’s performance and resource efficiency.

Design of FMNIST Testing: the Fashion MNIST has 784 features which is the input size for the
neural network, therefore, the motif size is set as 1 for benchmark model, 2 and 4 for model testing.
The number of neurons for each hidden layer is 3000 [15,22]. To further test the efficiency and show
the differences of each motif-size model, a simpler version of DNN model is developed with 2 hidden
layers and each one with 1000 neurons.

The Lung dataset has 3312 features which is the input size for the neural network and divisible
by 1, 2 and 4. Therefore, 4 motif sizes are designed for testing. Like the FMNIST dataset, a simpler
version of model with 2 hidden layers( 1000 neurons for each ) is designed and will be tested. In order
to ensure the rigor of the experiment, the control variable method was applied here, the number of
epochs is set to 300, the learning rate is set to 0.05, sparsity is set to 0.1.

To better evaluate the performance of each motif-size model, a comprehensive score (S) that
combines the percentage reduction in running time (Rr) and the percentage reduction in accuracy
(Ar) is designed [23]. Typically, for a DNN model, accuracy is significantly more important than
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efficiency [24,25]. Therefore, the accuracy reduction is weighted at 90% and the running time reduction
is weighted at 10%. The comprehensive score is calculated using the following formula:

S = 0.1 × Rr + 0.9 × (1 − Ar) (11)

where:
Rr =

Tbase − T
Tbase

(12)

Ar =
Abase − A

Abase
(13)

D In these equations:

• S is the comprehensive score.
• Rr is the percentage of running time reduction.
• AR is the percentage of accuracy reduction.
• Tbase is the running time observed for benchmark model.
• T is the running time for the specific motif-size model.
• Abase is thebenchmark model accuracy.
• A is the accuracy for the specific motif-size model.

5. Results
This section first presents the final results for each dataset and each motif size model. Furthermore,

the model with the best overall performance for each dataset is identified, addressing the research
question in 1 by providing exact accuracy and efficiency metrics.

5.1. Experiment Results

This subsection presents and analyzes the results for both the FMNIST and Lung datasets.

5.1.1. Results of FMNIST

In this test, 300 epochs were run with 3 hidden layers (3000 neurons for each). The result is shown
in Table 2, when the motif size is set to 1 the total running time is 25236.2 seconds, with an accuracy
of 0.761. When the motif size is set to 2, the total running time is 14307.5 and the accuracy is 0.723.
Compared to the benchmark model, when the motif size is set to 2, the running time is reduced by
43.3%, while the accuracy decreases by 3.7%. When the motif size is set to 4, the total running time
is 9209.3 seconds and the accuracy is 0.692. Comparing to the benchmark model, the efficiency is
improved by 73.7% with 9.7% drop in accuracy.

To further validate the efficiency of each motif size, a simpler model is established for testing the
running time which has 2 hidden layers and each one of them has 1000 neurons. Table 2 presents the
average running time per epoch. The running time for the first 30 epochs is recorded and shown in
Figure 7, which corroborates the results mentioned above.

Table 2. Result of each motif size (FMNIST)

Motif Size Running Time (s) Accuracy Average Running Time (s)

Motif Size:1 (SET) 25236.2 0.7610 17.73

Motif Size:2 14307.5 0.7330 9.14

Motif Size:4 9209.3 0.6920 6.74

Taking both efficiency and performance into consideration, the comprehensive score for each
motif size is then given by:
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For motif size 1:

S1 = 0.1 ×
(

25236.2 − 25236.2
25236.2

)
+ 0.9 ×

(
1 − 0.7610 − 0.7610

0.7610

)
= 0.9000 (14)

For motif size 2:

S2 = 0.1 ×
(

25236.2 − 14307.5
25236.2

)
+ 0.9 ×

(
1 − 0.7610 − 0.7330

0.7610

)
= 0.9100 (15)

For motif size 4:

S4 = 0.1 ×
(

25236.2 − 9209.3
25236.2

)
+ 0.9 ×

(
1 − 0.7610 − 0.6920

0.7610

)
= 0.8864 (16)

According to the result, When the motif size is set to 2, the model has the best overall performance
with 43.3% efficiency improvement and 3.7% accuracy drop which outperforms the benchmark model
1.1% in overall performance.

5.1.2. Result of Lung

For the Lung dataset, 300 epochs were also conducted with 3 hidden layers, each containing 3000
neurons. The results are presented in Table 2. When the motif size is set to 1, the total running time
is 4953.2 seconds with an accuracy of 0.937. When the motif size is set to 2, the total running time is
3448.7 seconds, and the accuracy is 0.926. Compared to the benchmark model, with a motif size of
2, the running time is reduced by 30.4%, and the accuracy is 1.2% lower. When the motif size is set
to 4, the total running time is 3417.3 seconds, and the accuracy is 0.914. This configuration improves
efficiency by 31.0% compared to the benchmark model, with a 2.5% decrease in accuracy.

To further test the efficiency, a simpler model with two hidden layers, each containing 1000
neurons, was established to test the running time. The average running time per epoch is presented
in Table 2. The running times for the first 30 epochs are recorded and displayed in Figure 7, which
corroborate the results mentioned previously. The data in Table 2 and Figure 6 illustrate the efficiency
results for each motif size model. Both the motif size 2 and motif size 4 models demonstrate significant
and comparable improvements in efficiency. However, the motif size 2 model exhibits better accuracy
performance and lower standard error, indicating a more stable evolution process. Consequently, the
motif size 2 model outperforms others when considering both efficiency and accuracy factors.

Figure 6. Efficiency of Lung dataset for each motif size model
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Figure 7. FMNIST Efficiency Test

Table 3. Datasets Properties

Name Features Type Samples Classes

FMNIST 784 Image 70000 10

Lung 3312 Microarray 203 5

From the results, it can be referred that the motif-based model has a very significant improvement
in efficiency but with some accuracy loss as well. Here, the comprehensive score equation is applied to
calculate the overall performance score for each motif size model:

For motif size 1:
Rr1 =

4953.2 − 4953.2
4953.2

= 0 (17)

Ar1 =
0.937 − 0.937

0.937
= 0 (18)

S 1 = 0.1 × 0 + 0.9 × (1 − 0) = 0.9000 (19)

For motif size 2:
Rr2 =

4953.2 − 3448.7
4953.2

= 0.3039 (20)

Ar2 =
0.937 − 0.926

0.937
= 0.0117 (21)

S 2 = 0.1 × 0.3039 + 0.9 × (1 − 0.0117) = 0.9199 (22)

For motif size 4:
Rr4 =

4953.2 − 3417.3
4953.2

= 0.3103 (23)

Ar4 =
0.937 − 0.914

0.937
= 0.0246 (24)

S 4 = 0.1 × 0.3103 + 0.9 × (1 − 0.0246) = 0.9089 (25)

According to the results, the model with motif size as 2 has the best overall performance. The motif-base
optimized model has an improvement of 30.4% in efficiency and a drop of 2.5% percent in accuracy
and this model 2.2% outperforms the benchmark model (SET) in overall performance.

From the results given above, it can be told that for both FMNIST and Lung dataset, the model
with motif size as 2 has a better overall performance in both efficiency, stability and accuracy. Further
analysis on the results will be given in the next section.

5.2. Result Analysis

In the process of training and testing the performance of the model, it was found that the precision
of the Lung dataset is much higher than that of FMNIST in the very first phase (first 30 epochs). This
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is mainly due to the number of features (3312 features) in Lung being almost four times as many as
the number in FMNIST (784 features). And the lung data set only has 5 output labels, FMNIST on the
other hand has 10 output labels [20].

According to the results, for both Lung and FMNIST datasets, the model with a motif size set to
2 had the best overall performance: high efficiency, high accuracy maintained and relatively stable
evolution processes. It is observed that the efficiency improvement from the reference models to
the models with motif size of 2 is larger than the improvement from the motif 2 models to the motif
4 models. In addition, the accuracy loss of the motif 2 model is smaller than that of the motif 4
model. However, such simple observations cannot conclude that the motif 2 model has a better overall
performance than others. Therefore, a comprehensive score equation is introduced to calculate in a
scientific and strict way. For any deep neural network model, the accuracy of the results is far more
important than the required computation power and time. Therefore, the efficiency weight in the
comprehensive score is set as 0.1 and the precision weight is set to 0.9. However, the results and
analysis indicate that the overall performance of a motif-based DNNs model may differ when it comes
to different types of datasets, projects and research purposes.

5.3. Trade-off Relationship

Therefore, in this section,"trade-off relationship between the efficiency-accuracy weight ratio
and the comprehensive score for each motif size will be discussed. Figure 8 and 9 are plotted to
better demonstrate the relationship, showing that as long as the efficiency is a factor to be considered
(efficiency-accuracy weight ratio greater than 0.1), the motif-based model will outperform the regular
Sparse Evolutionary Training models. In the common sense, the accuracy of a deep neural network is
more important than model efficiency, however in the real life, efficiency can also be a crucial factor
that determines if a DNN model is good [10]. Balancing efficiency and accuracy is crucial in practical
applications, as efficient models can provide real-time performance and resource optimization, which
are essential in various scenarios such as mobile devices, real-time video analysis, and autonomous
driving [26,27].

Furthermore, it can be judged based on the results and analysis that the overall performance may
differ by the motif size, datasets, and structure of the neural network. This illustrates the significance of
motif-based models when efficiency needs to be taken into consideration and the overall performance
of different motif size models may vary when the purposes or scenarios of the project change.

Figure 8. Relationship between efficiency accuracy weight ratio and Comprehensive Score for each motif size in
Lung
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Figure 9. Relationship between efficiency accuracy weight ratio and Comprehensive Score for each motif size in
FMNIST

5.4. Application Scenarios

To explore the potential applications of this algorithm, relevant scenarios will be introduced in
this subsection. As mentioned above, motif-based models are well suited for scenarios that require
high efficiency and immediate feedback [28]. Based on the advantages of these models, they can be
applied in the following situations:

• Mobile Devices: In mobile devices, computational resources and battery life are critically limited.
Motif-based models, due to their efficiency, can provide high-quality predictions without signifi-
cantly consuming device resources, making them suitable for mobile applications and embedded
systems [29].

• Autonomous Driving: Autonomous vehicles need to process large amounts of sensor data in
a very short time to make driving decisions. Motif-based models can significantly reduce the
computation time while maintaining accuracy.

• Financial Trading: In high-frequency trading and financial market prediction, motif-based models
can provide rapid market predictions.

• Smart Home: Smart home devices must respond quickly to user commands and environmental
changes. Motif-based models can efficiently process sensor data and user commands.

6. Discussion
In this paper, the concept of motif-base structural optimization is proposed. Based on SET-MLP,

feature engineering benchmark model, the motif-based models were designed, tested and the one with
the best performance was selected. According to the results found above, the motif-based model with
feature engineering indeed has a very significant improvement in reduction of required computation
cost and a noticeable drop in accuracy. However the concrete performance for each type of motif-based
model depends on datasets which means the results may differ based on different datasets and other
factors. Therefore, this section will also discuss these variations. Additionally, the trade-off relationship
between efficiency and accuracy is a very crucial part in this project which will be discussed in detail.

6.1. Result Analysis

In the process of training and testing the performance of the model, it was found that the precision
of the Lung dataset is much higher than that of FMNIST in the very first phase (first 30 epochs). This is
mainly due to the number of features (3312 features) in Lung being almost four times as many as the
number in FMNIST (784 features). And the Lung dataset only has 5 output labels, the FMNIST on the
other hand has 10 output labels [20].

According to the results, for both Lung and FMNIST datasets, the model with a motif size set to
2 had the best overall performance: high efficiency, high accuracy maintained and relatively stable
evolution processes. It is observed that the efficiency improvement from the reference models to
the models with motif size of 2 is larger than the improvement from the motif 2 models to the motif

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 June 2025 doi:10.20944/preprints202506.0512.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.0512.v1
http://creativecommons.org/licenses/by/4.0/


14 of 17

4 models. In addition, the accuracy loss of the motif 2 model is smaller than that of the motif 4
model. However, such simple observations cannot conclude that the motif 2 model has a better overall
performance than others. Therefore, a comprehensive score equation is introduced to calculate in a
scientific and strict way. For any deep neural network model, the accuracy of the results is far more
important than the required computation power and time. Therefore, the weight of efficiency in the
comprehensive score is set as 0.1 and the weight of accuracy is set to 0.9. However, the results and
analysis indicate that the overall performance of a motif-based DNNs model may differ when it comes
to different types of datasets, projects and research purposes.

6.2. Trade-off Relationship

Therefore, in this section,"trade-off relationship between the efficiency-accuracy weight ratio and
the comprehensive score for each motif size will be discussed. Figure 10 and Figure 11 are plotted to
better demonstrate the relationship, showing that as long as the efficiency is a factor to be considered
(efficiency-accuracy weight ratio greater than 0.1), the motif-based model will outperform the regular
Sparse Evolutionary Training models. In the common sense, the accuracy of a deep neural network is
more important than model efficiency, however in the real life, efficiency can also be a crucial factor
that determines if a DNN model is good [10]. Balancing efficiency and accuracy is crucial in practical
applications, as efficient models can provide real-time performance and resource optimization, which
are essential in various scenarios such as mobile devices, real-time video analysis, and autonomous
driving [26,27].

What is more, it can be judged based on the results and analysis that the overall performance may
differ by the motif size, datasets, structure of the neural network. This illustrates the significance of
motif-based models when efficiency needs to be taken into consideration and the overall performance
of different motif-size models may vary when the purposes or scenarios of the project change.

Figure 10. Relationship between efficiency accuracy weight ratio and Comprehensive Score for each motif size in
Lung

Figure 11. Relationship between efficiency accuracy weight ratio and Comprehensive Score for each motif size in
FMNIST
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6.3. Application Scenarios

To explore the potential applications of this algorithm, relevant scenarios will be introduced in this
subsection. As previously mentioned, motif-based models are well-suited for scenarios that require
high efficiency and immediate feedback [28]. Based on the advantages of these models, they can be
applied in the following situations:

• Mobile Devices: On mobile devices, computational resources and battery life are critically
constrained. Motif-based models, due to their efficiency, can provide high-quality predictions
without significantly consuming device resources, making them suitable for mobile applications
and embedded systems [29].

• Autonomous Driving: Autonomous vehicles need to process large amounts of sensor data in
a very short time to make driving decisions. Motif-based models can significantly reduce the
computation time while maintaining accuracy.

• Financial Trading: In high-frequency trading and financial market prediction, motif-based models
can provide rapid market predictions.

• Smart Home: Smart home devices need to quickly respond to user commands and environmental
changes. Motif-based models can efficiently process sensor data and users’ commands.

7. Conclusions
This paper introduced the concept of motif-based structural optimization and demonstrated its

application to the SET-MLP feature engineering benchmark model. Through extensive testing, it was
shown that motif-based models significantly reduce computational costs while experiencing a slight
decrease in accuracy. The analysis reveals that the Lung dataset, with more features and fewer output
labels, achieved higher accuracy faster compared to the FMNIST dataset.

Among all the tested models, the motif size of 2 appeared to be the most optimal choice, offering
a balance between efficiency and accuracy. This balance was quantified using a comprehensive score
equation, emphasizing both accuracy and efficiency . However, the trade-off between these factors
depends on the specific dataset and application requirements. The motif-based approach proved
advantageous when efficiency is a key consideration, outperforming traditional Sparse Evolutionary
Training models in such scenarios.

In conclusion, the models with motif size as 2 have the best overall performance(with a 43.3%
improvement in efficiency and 3.7% drop in accuracy for FMNIST dataset testing, 30.4% improvement
in efficiency and 1.2% decrease in accuracy for Lung dataset testing ) and the motif-based structural
optimization approach is highly effective for applications where computational efficiency is critical.
The study highlights the need to tailor the motif size to the specific characteristics of the dataset and
the intended application, ensuring an optimal balance between accuracy and efficiency.

8. Reflection and Future Work
This paper investigates the structural optimization of SET using a rather simple motif-based

method. From the experiment results on 2 different datasets and 6 types of models with different
motif size models, conclusions are drawn in 7 that the models with motif size as 2 have the best
overall performance and motif-based models usually have better overall performances than normal
SET models when efficiency is an important factor. However, it still cannot be excluded that better
structural optimization strategies exist. A dynamic motif size selection mechanism during training
process may help improve the overall performance. The qualitative aspect of the results is, however,
likely to not change and is the reason for choosing this simple mechanism. As with any experimental
study, one should analyze the behaviour on many more datasets. What is more, more datasets and
scenarios should be analyzed to check if such model has enough robustness and can be applied to
various datasets and scenarios Last but not least, a comprehensive score equation is given in this paper
to calculate the overall performance of a model. However, there is not a specific threshold to balance
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the efficiency and accuracy for a machine learning model at present which is a direction for the future
work of this project.
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