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With the widespread success of deep learning technologies, many trained deep neural network (DNN) models are now publicly

available. However, directly reusing the public DNN models for new tasks often fails due to mismatching functionality or

performance. Inspired by the notion of modularization and composition in software reuse, we investigate the possibility

of improving the reusability of DNN models in a more ine-grained manner. Speciically, we propose two modularization

approaches named CNNSplitter and GradSplitter, which can decompose a trained convolutional neural network (CNN) model

for � -class classiication into � small reusable modules. Each module recognizes one of the � classes and contains a part of

the convolution kernels of the trained CNN model. Then, the resulting modules can be reused to patch existing CNN models

or build new CNN models through composition. The main diference between CNNSplitter and GradSplitter lies in their

search methods: the former relies on a genetic algorithm to explore search space, while the latter utilizes a gradient-based

search method. Our experiments with three representative CNNs on three widely-used public datasets demonstrate the

efectiveness of the proposed approaches. Compared with CNNSplitter, GradSplitter incurs less accuracy loss, produces much

smaller modules (19.88% fewer kernels), and achieves better results on patching weak models. In particular, experiments on

GradSplitter show that (1) by patching weak models, the average improvement in terms of precision, recall, and F1-score is

17.13%, 4.95%, and 11.47%, respectively, and (2) for a new task, compared with the models trained from scratch, reusing modules

achieves similar accuracy (the average loss of accuracy is only 2.46%) without a costly training process. Our approaches

provide a viable solution to the rapid development and improvement of CNN models.

CCS Concepts: · Software and its engineering→ Reusability.

Additional Key Words and Phrases: model reuse, convolutional neural network, CNN modularization, module composition

1 INTRODUCTION

Modularization and composition are fundamental concepts in software engineering, which facilitate software
development, reuse, and maintenance by dividing an entire software system into a set of smaller modules. Each
module is capable of carrying out a certain task and can be composed with other modules [46ś48]. For instance,
when debugging a buggy program, testing and patching the module that contains the bug will be much easier
than analysing the entire program.
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We highlight that modularization and composition are also important for deep neural networks (DNNs), such
as the convolutional neural network (CNN) that is one of the most efective DNNs for processing a variety
of tasks [17, 27, 36]. Due to the widespread application of CNNs, many trained CNN models are now publicly
available, and reusing existing trained models has gained increasing attention recently [1, 43, 44]. However,
reusing existing models has two main challenges: (1) existing CNN models from old projects may perform
unsatisfactorily in the target task, and (2) models that can solve the target tasks may not exist. To improve the
accuracy of weak CNN models, developers often retrain the models using new data, model structures, training
strategies, or hyperparameter values. Additionally, to obtain a new CNN model for a new project, developers can
evaluate the accuracy of public CNNmodels on their own test data and choose the model with the highest accuracy
for reuse. However, current practice in model development and improvement has the following limitations: (1) as
the neural networks are getting deeper and the numbers of parameters and convolution operations are getting
larger, the time and computational cost required for training the CNN models are rapidly growing. (2) even if
existing models satisfy developers’ requirements, directly reusing the model with the highest overall accuracy
may not always be the best solution. For instance, the model with the highest overall accuracy may be less
accurate in recognizing a certain class than other models.
At a conceptual level, a CNN model is analogous to a program [38, 49, 77]. Inspired by the application of

modularization and composition in software development and debugging, it is natural to ask: can the concepts of

modularization and composition be applied to CNN models for facilitating the development and improvement of CNN

models? Through modularization and composition, the weak modules in a weak CNN model can be identiied and
patched separately; thus, the weak model can be improved without costly retraining the entire model. Moreover,
some modules can be reused to create a new CNN model without costly retraining. Also, a module is much
smaller (i.e. has fewer weights) than the entire model, which is essential for reducing the overhead of model
reuse.

However, decomposing a CNN model into modules faces two main challenges: (1) CNN models are constructed
with uninterpretable weight matrices, unlike software programs, which are composed of readable statements.
Decomposing CNN models into distinct modules is challenging without fully comprehending the efect of each
weight. (2) identifying the relations between neurons and prediction tasks is diicult as the connections between
neurons in a CNN are complex and dense. To this end, Pan et al. [43] proposed decomposing a fully connected
neural network (FCNN) model for � -class classiication into � modules, one for each class in the original model.
They achieved model decomposition through uncompressed modularization, which removes individual weights
from a trained FCNN model and results in modules with sparse weight matrices (to be discussed in Section 7.1).
However, this approach [43] cannot be applied to other advanced DNN models like CNN models due to the
weight sharing [29, 78] in CNNs. That is, diferent from FCNNs where the relationship between weights and
neurons is many-to-one, the relationship in CNNs is many-to-many. Removing weights for one neuron in CNNs
will also afect all other neurons. Although the follow-up work [44] can be applied to decompose CNN models,
it is still an uncompressed modularization approach. In uncompressed modularization, a module with a sparse
weight matrix has the same size as the trained model, resulting in a signiicant overhead of module reuse.

To address the above challenges, we propose the irst compressed modularization approach called����������� ,
which applies a genetic algorithm to decompose a CNN model into smaller and separate modules. By compressed
modularization, we mean removing convolution kernels instead of individual weights, resulting in modules with
smaller weight matrices. Inspired by the inding that diferent convolution kernels learn to extract diferent
features from the data [78], we generate modules by selecting diferent convolution kernels in a CNN model.
Therefore, diferent from the existing work [43], CNNSplitter decomposes a trained � -class CNN model (TM for
short) into � CNN modules by removing unwanted convolution kernels. To decompose a trained CNN model for
� -class classiication, we formulate the modularization problem as a search problem. Search-based algorithms
have been proven to be very successful in solving software engineering problems [20, 33]. Given a space of
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Fig. 1. An illustration of model modularization and composition.

candidate solutions, search-based approaches usually search for the optimal solution over the search space
according to a user-deined objective function. In the context of model decomposition, the candidate solution is
deined as a set of sub-models containing a part of the CNN model’s kernels, while the search objective is to
search � sub-models (as � modules) with each of them recognizing one class. To search for optimal modules,
CNNSplitter employs a genetic algorithm that utilizes a combination of modules’ accuracy and the diference
between modules as the objective function. In this way, a trained CNNmodel is decomposed into � modules. Each
module corresponds to one of the � classes and evaluates whether or not an input belongs to the corresponding
class.

Due to the huge search space, the traditional search approach (e.g. genetic algorithm) could incur a large time
cost. To improve the eiciency of modularization, we further propose a gradient-based compressed modularization
approach named ������������ , which applies a gradient-based search method to explore the search space. To
decompose a TM into � modules, GradSplitter initializes a mask and a head for each module. The mask consists
of an array of 0s and 1s, where 0 (or 1) indicates that the corresponding convolution kernels in the TM are
removed (or retained). The head, consisting of fully connected (FC) layers, is appended after the output layer
of the masked TM to convert � -classiication to binary classiication, i.e. whether an input belongs to the class
of the corresponding module. Then, a module � is created by � = ���� ⊙ �� ⊕ ℎ��� , where ⊙ denotes the
removal of the corresponding kernels from TM according to the 0s in the���� and ⊕ denotes the appending of
the head after the masked TM. GradSplitter combines the outputs of � modules and optimizes the masks and

ACM Trans. Softw. Eng. Methodol.



4 • Binhang Qi, Hailong Sun, Hongyu Zhang, and Xiang Gao

heads of � modules jointly on the � -class classiication task. For the optimization, a gradient descent approach is
used to minimize the number of retained kernels and the cross-entropy between the predicted class and the actual
class. In this way, GradSplitter can search for � modules with each of them containing only relevant kernels.
As illustrated in Figure 1, third-party developers, labeled as łDev #0-4ž, generally train models for various

tasks, such as distinct tasks (e.g., trained models ��2 and ��3) or similar tasks but using datasets with diferent
distributions (e.g., ��0, ��1, and ��2). With the modularization technique, developers not only release their
trained CNN models (��� for short) but also share a set of smaller and reusable modules decomposed from
��� . With the shared modules, similar to reusing complete models, other developers can evaluate and reuse the
suitable modules according to their demands without costly training. For instance, to improve the recognition of
a weak CNN model on a target class, the module with the best performance (e.g. F1 score) in classifying the target
class is reused as a patch to be combined with the weak CNN model. Additionally, developers can build new CNN
models entirely by combining optimal modules. Consequently, composed models (CMs for short) are constructed
through module reuse, which can address new tasks or achieve better performance than existing trained models.

We evaluate CNNSplitter and GradSplitter using three representative CNNs with diferent structures on three
widely-used datasets (CIFAR-10 [26], CIFAR-100 [26], and SVHN [41]). The experimental results show that
by decomposing a TM into modules with GradSplitter and then combining the modules to build a CM that is
functionally equivalent to the TM, only a negligible loss of accuracy (0.58% on average) is incurred. In addition,
each module retains only 36.88% of the convolution kernel of the TM on average. To validate the efectiveness of
module reuse, we apply modules as patches to improve three common types of weak CNN models, i.e. overly
simple model, underitting model, and overitting model. Overall, after patching, the averaged improvements
in terms of precision, recall, and F1-score are 17.13%, 4.95%, and 11.47%, respectively. Also, for a new task, we
develop a CM entirely by reusing the modules with the best performance in the corresponding class. Compared
with the models retrained from scratch, the CM achieves similar accuracy with a loss of only 2.46%. Even though
there may exist TMs that can be directly reused, the CM outperforms the best TM and the average improvement
in accuracy is 5.18%. Although modularization and composition incur additional time and GPU memory overhead,
the experimental results demonstrate that the overhead is afordable. In particular, CMs can make prediction
faster than TMs by executing modules in parallel and incur 28.6% less time overhead than TMs.

The main contributions of this work are as follows:

• We propose compressed modularization approaches including CNNSplitter and GradSplitter, which can decom-
pose a CNN model into a set of reusable modules. We also apply CNNSplitter and GradSplitter to improve
CNN models and build CNN models for new tasks through module reuse. To our best knowledge, CNNSplitter
is the irst compressed modularization approach that can decompose trained CNN models into CNN modules
and reduce the overhead of module reuse.

• We formulate the modularization of CNNs as a search problem and design a genetic algorithm and a gradient
descent-based search method to solve it. Especially, we propose three heuristic methods to alleviate the problem
of excessive search space and time complexity in CNNSplitter and design a module evaluation method to
recommend the optimal module for module reuse.

• We conduct extensive experiments using three representative CNNs on three widely-used datasets. The results
show that CNNSplitter and GradSplitter can decompose a trained CNN model into modules with negligible loss
of model accuracy. Also, the experiments demonstrate the efectiveness of developing accurate CNN models by
reusing modules.

This work is an extension of our early work published as a conference paper [51], in which we proposed a
compressed modularization approach, CNNSplitter, by applying a genetic algorithm to decompose CNN models
into smaller CNN modules. The experiments demonstrated that CNNSplitter could be applied to patch weak
CNN models through reusing modules obtained from strong CNN models, thus improving the recognition ability
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of the weak CNN models. Compared to [51], this work (1) proposes a novel compressed modularization approach,
named GradSplitter, which applies a gradient-based search method to decompose CNN models and outperforms
CNNSplitter in both eiciency and efectiveness (see Sec. 4), (2) veriies the efectiveness of CNN modularization
and composition in a new application (see Sec. 5.2), and (3) conducts more comprehensive experiments to evaluate
the efectiveness and eiciency of CNN modularization and composition (see RQ3 to RQ5 in Sec. 6.2).

Replication Package: Our source code and experimental data are available at [1] and [2].

2 BACKGROUND

This section briely introduces some preliminary information about this study, including the convolutional neural
network and genetic algorithm.

2.1 Convolutional Neural Network

A CNN model typically contains convolutional layers, pooling layers, and FC layers, of which the convolutional
layers are the core of a CNN [64, 78]. For instance, Figure 2 shows the architecture of a typical CNN model. A
convolutional layer contains many convolution kernels, each of which learns to extract a local feature of an input
tensor [29, 78]. An input tensor can be an input image or a feature map produced by the previous convolutional
layer or pooling layer. A pooling layer provides a downsampling operation [78]. For instance, max pooling is the
most popular form of pooling operation, which reduces the dimensionality of the feature maps by extracting the
maximum value and discarding all the other values. FC layers are usually at the end of CNNs and are used to
make predictions based on the features extracted from the convolutional and pooling layers.
Figure 3 shows an example of convolution operation. By sliding over the input tensor, a convolution kernel

calculates how well the local features on the input tensor match the feature that the convolution kernel learns to
extract. The more similar the local features are to the features extracted by the convolution kernel, the larger the

ACM Trans. Softw. Eng. Methodol.



6 • Binhang Qi, Hailong Sun, Hongyu Zhang, and Xiang Gao

Resulting Modules

InitializeEncode

Modules for Class 4

…

Modules for Class 1

000…000

000…001

111…111

…

111…110

Search Space

Construct the search space

by encoding the CNN model 

Decode strings and evaluate modules by

calculating the fitness of composed models (CMs)

Apply a genetic algorithm to search

modules for all the classes in parallel

Decode

Modules’

Fitness

������!

������"

������#

������$

Output

Trained

CNN model

class 1 class 2

class 3 class 4

Search Strategy

Search for Class 4

…

Search for Class 1

selection

crossover

mutation

Performance Estimation Strategy

modules for class 1

… ��
�

��
�

modules for class 4

… … ��
�

��
�

Compose and evaluate

��,�
�

��,�
��…

��,�,�,�
� … ��,�,�,�

��

Compose and evaluate

��,�
�

��,�
��…

Fig. 4. The overall workflow of CNNSpliter.

output value of the convolution kernel at the corresponding position, and vice versa. Since a convolution kernel
slides over the input tensor to match features and produce a feature map, all values in the feature map share the
same convolution kernel. For instance, in the feature map of Figure 3, the values in the top-left (8) and top-middle
(3) share the same kernel, i.e. weights. Weight sharing [29, 78] is one of the key features of a convolutional layer.
The values in a feature map relect the degree of matching between the kernel and the input tensor. For instance,
compared to the position in the input tensor corresponding to the top-middle (3) in the feature map, the position
corresponding to the top-left (8) is more similar to the kernel.

2.2 Genetic Algorithm

Inspired by the natural selection process, the genetic algorithm performs selection, crossover, and mutation for
several generations (i.e. rounds) to generate solutions for a search problem [22, 58]. A standard genetic algorithm
has two prerequisites, i.e. the representation of an individual and the calculation of an individual’s itness. For
instance, the genetic algorithm is used to search for high-quality CNN architectures [56, 76]. An individual is a
bit vector representing a NN architecture [76], where each bit corresponds to a convolution layer. The itness
of an individual is the classiication accuracy of a trained CNN model with the architecture represented by the
individual. During the search, in each generation, the selection operator compares the itness of individuals
and preserves the strong ones as parents that obtain high accuracy. The crossover operator swaps part of two
parents. The mutation operator randomly changes several bit values in the parents to enable or disable these
convolution layers corresponding to the changed bit values. After the three operations, a new population (i.e. a
set of individuals) is generated. And the process continues with the new generation iteratively until it reaches a
ixed number of generations or an individual with the target accuracy is obtained.

3 CNNSPLITTER: GENETIC ALGORITHM-BASED COMPRESSED MODULARIZATION

Figure 4 shows the overall worklow of CNNSplitter. For a given trained � -class CNNmodelM={�0, �1, . . . , ��−1}

with � convolution kernels, the modularization process is summarized as follows:
(1) Construction of Search Space: CNNSplitter encodes each candidate module into a ixed-length bit vector,

where each bit represents whether the corresponding kernels are kept or not. The bit vectors of all candidate
modules constitute the search space.

(2) Search Strategy: From the search space, the search strategy employs a genetic algorithm to ind modules for
� classes.

(3) Performance Estimation: The performance estimation strategy measures the performance (i.e. itness) of the
searched candidate and guides the search process.

ACM Trans. Softw. Eng. Methodol.
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3.1 Search Space

As shown in Figure 4, the search space is represented using a set of bit vectors. For a CNN model with a lot
of kernels, the size of vector could be very long, resulting in an excessively large search space, which could
seriously impair the search eiciency. For instance, 10-class VGGNet-16 [64] includes 4,224 kernels, so the number
of candidate modules for each class is 24224. In total, the size of the search space will be 10 × 24224. To reduce
the search space, the kernels in a convolutional layer are divided into groups. A simple way is to randomly
group kernels; however, this could result in a group containing both kernels necessary for a module to recognize
a speciic class and those that are unnecessary. The randomness introduced by random grouping cannot be
eliminated by subsequent searches, resulting in unnecessary kernels in the searched modules.

To avoid unnecessary kernels as much as possible, an importance-based grouping scheme is proposed to group
kernels based on their importance. As introduced in Section 2, the values in a feature map can relect the degree
of matching between a convolution kernel and an input tensor. The kernels producing feature maps with weak
activations are likely to be unimportant, as the values in the feature map with weak activations are generally
small (and even zero) and have little efect on the subsequent calculations of the model [32]. Inspired by this,
CNNSplitter measures the importance of kernels for each class based on the feature maps. Speciically, given�
samples labeled class � from the training dataset, a kernel outputs� feature maps. We calculate the sum of all
values in each feature map and use the average of� sums to measure the importance of the kernel for class �.
Then � kernels are divided into� groups following the importance order. Consequently, a module is encoded
into a bit vector [0, 1]� , where each bit represents whether the corresponding group of kernels is removed. The
number of candidate modules for the �th class is 2� , and for � classes, the search space size is reduced to � × 2� .
For simplicity, if the number of kernels in a convolutional layer is less than 256, the kernels are divided into

10 groups; otherwise, they are divided into 100 groups. In this way, each kernel group has a moderate number
of kernels (e.g. about 10), and groups in the same convolutional layer have approximately the same number of
kernels.

3.2 Search Strategy

A genetic algorithm [76] is used to search CNN modules, which has been widely used in search-based software
engineering [16, 67]. The search process starts by initializing a population of �� individuals for each of � classes.
Then, CNNSplitter performs � generations, each of which consists of three operations (i.e. selection, crossover,
and mutation) and produces �� new individuals for each class. The itness of individuals is evaluated via a
performance estimation strategy that will be introduced in Section 3.3.

3.2.1 Sensitivity-based Initialization. In the 0th generation, a set of modules �0
� = {�0

�,� }
�� −1
�=0 are initialized

for class �, where � = 0, 1, . . . , � − 1 and�0
�,� is a bit vector [0, 1]

� . Two schemes are used to set the bits in

each individual (i.e. module): random initialization and sensitivity-based initialization. Random initialization is
a common scheme [12, 76]. Each bit in an individual is independently sampled from a Bernoulli distribution.
However, random initialization causes the search process to be slow or even fail. We observed a phenomenon
that some convolutional layers are sensitive to the removal of kernels, which has been also observed in network
pruning [32]. That is, the accuracy of a CNN model dramatically drops when some particular kernels are dropped
from a sensitive convolutional layer, while the loss of accuracy is not more than 0.01 when many other kernels
(e.g. 90% of kernels) are dropped from an insensitive layer.

To evaluate the sensitivity of each convolutional layer, we drop out 10% to 90% kernels in each layer incremen-
tally and evaluate the accuracy of the resulting model on the validation dataset. If the loss of accuracy is small
(e.g. within 0.05) when 90% kernels in a convolutional layer are dropped, the layer is insensitive, otherwise, it is
sensitive. When initializing�0

�,� using sensitivity-based initialization, fewer kernel groups are dropped from the
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sensitive layers while more kernel groups from the insensitive layers. More speciically, a drop ratio is randomly
selected from 10% to 50% for a sensitive layer (i.e. 10% to 50% bit values are randomly set to 0). In contrast, a drop
ratio is randomly selected from 50% to 90% for an insensitive layer.

3.2.2 Selection, Crossover, andMutation. For class�, to generate the population (i.e. modules) of the � th generation,
CNNSplitter performs selection, crossover, and mutation operations on the (� −1)th generation’s population��−1

� .
First, the selection operation selects �� individuals from��−1

� as parents according to individuals’ itness. Then,
the single-point crossover operation generates two new individuals by exchanging part of two randomly chosen
parents from �� parents. Next, the crossover operation iterates until �� new individuals are produced. Finally,
the mutation operation on the �� new individuals involves lipping each bit independently with a probability
�� . For � classes, selection, crossover, and mutation operations are performed in parallel, resulting in a total of
� × �� modules.

3.3 Performance Estimation Strategy

A module with high itness should have the same good identiication ability as the trained modelM and only
recognize the features of one speciic class. Two evaluation metrics are used to evaluate the itness of modules:
the accuracy and the diference of modules. The higher the accuracy, the stronger the ability of the module to
recognize features of the speciic class. On the other hand, the greater the diference, the more a module focuses on
the speciic class. In addition, the diference can be used as a regularization to prevent the search from overitting
the accuracy, as the simplest way to improve accuracy is to allow each module to retain all the convolution
kernels of M. Consequently, the itness of a module is the weighted sum of the accuracy and the diference.
Furthermore, when calculating the itness, a pruning strategy is used to improve the evaluation eiciency, making
the performance estimation strategy computationally feasible.

3.3.1 Evaluation Metrics. Since a module focuses on a speciic class and is equivalent to a single-class classiier,
we combine modules into a composed model (CM) to evaluate them. That is, one module is selected from each
class’s �� modules, and the � modules are combined into a �� (� ) for � -class classiication. The �� (� ) is
evaluated on the same classiication task asM using the dataset � . The accuracy of �� (� ) and the diference
between the modules within �� (� ) are assigned to each module. Speciically, the accuracy and diference of
each module are calculated as follows:
Accuracy (Acc). To calculate the Acc of �� (� ) , the � modules are executed in parallel, and the output of

�� (� ) is obtained by combining modules’ outputs. Speciically, given a �� (� )
={��}

�−1
�=0 , the output of module

�� for the � th input sample labeled ����� � is a vector ��,�=[�
0
�,� , �

1
�,� , . . . , �

�−1
�,� ], where each value corresponds to

a class. Since�� is used to recognize class �, the �th value ���,� is retained. Consequently, the output of ��
(� ) is

� �=[�
0
0, � , �

1
1, � . . . , �

�−1
�−1, � ], and the Acc of �� (� ) is calculated as follows:

��� =
1

|� |

|� |︁

�

���� ( �), (1)

���� ( �) =





1, if argmax
�=0,1,...,�−1

� � = ����� �

0, if argmax
�=0,1,...,�−1

� � ≠ ����� � .
(2)

Diference (Dif). Since a module can be regarded as a set of convolution kernels, the diference between two
modules can be measured by the Jaccard Distance (JD) that measures the dissimilarity between two sets. The JD
between set � and set � is obtained by dividing the diference of the sizes of the union and the intersection of
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two sets by the size of the union:

�� (�, �) =
|� ∪ � | − |� ∩ � |

|� ∪ � |
. (3)

If the �� (�, �) = 1, there is no commonality between set � and set �, and if it is 0, then they are exactly the same.
Based on JD, the Dif value of �� (� ) is the average value of JD between all modules:

�� � � =
2

� × (� − 1)
×

︁

0≤�< �≤�−1

�� (�� ,� � ). (4)

Based on Acc and Dif, the itness value of �� (� ) is calculated via:

� ������ = � ×��� + (1 − �) × �� � � , (5)

where � is a weighting factor and 0 < � < 1. In practice, � is set to a high value (e.g. 0.9) because high accuracy
is a prerequisite for the availability of modules. The itness value of �� (� ) is then assigned to the � modules
within �� (� ) . Since each module is used in multiple CMs, a set of itness values is assigned to each module. The
maximum value of the set is a module’s inal itness.

3.3.2 Decode. To evaluate modules, each bit vector is transformed into a runnable module by removing the
kernel groups from M corresponding to the bits of value 0. Since removing kernels from a convolutional layer
afects the convolutional operation in the later convolutional layer, the kernels in the latter convolutional layer
need to be modiied to ensure that the module is runnable.
Figure 5 shows the process of removing convolution kernels. During the convolution, the three kernels

�0,∗ ∈ R
3×3 in �����0 output three feature maps �0,∗ ∈ R

4×4 that are then combined in a feature map �� ∈ R
3×4×4

and fed to �����1. By sliding on �� , kernels �1,∗ ∈ R
3×3×3 in �����1 perform the convolution and output two feature

maps �1,∗ ∈ R
2×2. If �0,1 in �����0 is removed, the feature map �0,1 generated by �0,1 is also removed. The input of

�����1 becomes a diferent feature map �
′

� ∈ R
2×4×4, the dimension of which does not match that of �1,∗ ∈ R

3×3×3

in �����1, causing the convolution to fail.
To solve the dimension mismatch problem, we remove the part of �1,∗ that corresponds to �0,1, ensuring the

irst dimension of �1,∗ to match with that of �
′

� . For instance, since �0,1 is removed, �1,0 [1, :, :], which performs
convolution on �0,1, becomes redundant and causes the dimension mismatch. We remove �1,0 [1, :, :] and the

transformed kernel �
′

1,0 ∈ R
2×3×3 can perform convolution on �

′

� .
In addition, since the residual connection adds up the feature maps output by two convolutional layers, the

number of kernels removed from the two convolutional layers must be the same to ensure that the output feature
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maps match in dimension. When constructing a bit vector, we treat the two convolutional layers as one layer and
use the same segment to represent the two layers so that they always remove the same number of kernels.

3.3.3 Pruning-based Evaluation. Since the itness of each module comes from the one with the highest itness
among the CMs the module participates in, the number of �� (� ) that CNNSplitter needs to evaluate is (�� )

� .
The time complexity is � (�� ), which could be too high to inish the evaluation in a limited time. To reduce the
overhead, a pruning strategy is designed, which is based on the following fact: if the accuracy of �� (� ) is high,
the accuracy of the �� (�) (e.g. �� (2) for the binary classiication) composed of the modules within the �� (� )

is also high. If the accuracy of a module is low, the accuracy of the �� (�) containing the module is also lower
than the �� (�) containing modules with high accuracy. In addition, the number of �� (�) is much smaller than
that of �� (� ) . For instance, the � -class classiication task can be decomposed into � /2 binary classiication
subtasks, resulting in � /2 × (�� )

2 �� (2) .
Therefore, the � -class classiication task is decomposed into several subtasks. The accuracy of �� (�) is

evaluated, and the top ���� �� (�) with high accuracy are selected to be combined into �� (� ) . Through

continuous evaluation, selection, and composition, a total of (���� )
2 �� (� ) are composed. The time complexity

is � (�2), which is lower than the original time complexity � (�� ).

4 GRADSPLITTER: GRADIENT-BASED COMPRESSED MODULARIZATION

We propose a gradient-based compressed modularization approach, named GradSplitter, to decompose a trained
CNN model TM into smaller modules. To achieve the modularization of a TM, a mask and a head are used to
create a module through���� ⊙ �� ⊕ ℎ��� . Figure 6 illustrates the creation of a module. A mask consists of an
array of 0s and 1s, where 0 (or 1) indicates that the corresponding convolution kernels in the TM are removed (or
retained). The operation���� ⊙ �� removes kernels from TM, resulting in a masked TM. A head consists of FC
layers and converts an � -dimensional input into a 1-dimensional output. The operation ⊕ℎ��� appends a head
after the masked TM, resulting in a module. As a result, the constructed module is a binary classiier. The output
value of a module greater than 0.5 indicates that the input belongs to the target class, and vice versa.

Subsequently, the decomposition is a training process for masks and heads. As shown in Algorithm 1, the
training process mainly consists of the forward propagation (Line 6) and the backward propagation (Line 7). The
forward propagation computes the prediction of the composed model (CM) constructed using � modules. The
� modules are created based on the current masks and heads. The backward propagation optimizes masks and
heads using the gradient descent based on the current prediction. Section 4.1 and Section 4.2 provide detailed
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Algorithm 1: Overall GradSplitter Algorithm

Input: Training dataset � and trained CNN model �� .

Output: � binarized masks and � heads.

1 �� = {����� }
�
�=1, where����� [:] > 0;

2 �ℎ = {ℎ���� }
�
�=1, where ℎ���� consists of FC layers;

3 ������� = [];

4 for � = 1, 2, ..., � do

5 for ����� , ����� in � do

// Forward() is shown in Alg.2

6 ���� = Forward(�� , �ℎ , �����) ;

// Backward() is shown in Alg.3

7 ��, �ℎ= Backward(�� , �ℎ , ���� , ����� , �) ;

8 ������� .������ ( [ Bin(��), �ℎ]);

9 select �� and �ℎ from ������� ;

10 return �� , �ℎ

Algorithm 2: Forward propagation

Input: � masks �� , � heads �ℎ , and input data ����� .

Output: prediction ������� .

1 �������_���� = [];

2 for � = 1, 2, ..., � do

// compute each module’s prediction

3 ������ = Bin(�� [�]);

4 ��� =������ ⊙ �� (�����);

5 ℎ���� = �ℎ [�];

6 ���� = ℎ���� (���);

7 �������_����.������ (����);

8 ������� = Concat(�������_����);

9 return �������

descriptions of the masks and heads, respectively. Section 4.3 explains how to optimize masks and heads to obtain
modules and achieve CNN model decomposition.

4.1 Mask

A mask should consist of binarized values (i.e. 0s and 1s) to indicate which convolution kernels in the TM are
removed (or retained). On the other hand, during the training process, the values in a mask should be continuous
numerical values, instead of binarized values, to enable gradient descent. Therefore, the mask is initialized with
random positive numbers during the training process (Line 1 in Algorithm 1). GradSplitter uses a binarization
function to transform the mask, resulting in a binarized mask as an intermediate value (Line 3 in Algorithm 2). In
order to achieve the transformation, the binarization function ��� is deined as follows:

�� = ���(�) =

{
1, if � > 0,

0, otherwise,
(6)

ACM Trans. Softw. Eng. Methodol.



12 • Binhang Qi, Hailong Sun, Hongyu Zhang, and Xiang Gao

Algorithm 3: Backward propagation

Input: � masks �� , � heads �ℎ , prediction ���� , data labels ����� , and the current epoch � .

Output: Updated masks �� and heads �ℎ .

1 ������� = [0, 1]� ;

2 if ������� [�] == 0 then

3 ������_�� � = [�ℎ];

4 ����ℎ� = 0;

5 else

6 ������_�� � = [��, �ℎ];

7 ����ℎ� = � ;

8 ����1 = CrossEntropy(���� , �����);

9 ����2 = PercentKernels(��);

10 ���� = ����1 +����ℎ� × ����2;

11 GradientDescent(���� , ������_�� �);

12 return �� , �ℎ

where �� is the binarized variable and � is the real-valued variable.
To achieve the efect of removing convolution kernels according to the binarized mask in forward propagation,

we multiply the output of each convolution kernel by the corresponding value in the binarized mask (Line 4 in
Algorithm 2). For instance, as shown in Figure 5, the feature map �0,1 generated by the convolution kernel �0,1
is multiplied by the corresponding value 0 in the binarized mask, resulting in all values in �0,1 being 0. After
multiplying the outputs of the previous convolutional layer’s kernels by the corresponding values in the binarized
mask, the outputs of the convolution kernels that should be removed are set to 0s. In this way, the convolution
kernels that should be removed will not afect the subsequent prediction, thus enabling the simulation of removing
convolution kernels. Note that, according to the trained mask, the unwanted convolution kernels will be removed
from the modules during module reuse.

4.2 Head

A masked TM cannot be used as a module directly, as the output of the masked TM is still � -dimensional.
Although the �th value in the output could indicate the probability that the input belongs to the �th class, using
the �th value in the output as the prediction of a module is problematic. The output layer of the TM predicts
based on the features extracted by all convolution kernels. There could be signiicant bias in the prediction of
masked TM, as the output layer predicts based on only retained convolution kernels. For instance, regardless of
which class the input belongs to, the �th value in the output of a masked TM that recognizes the target class � is
always larger than other values in the output. As a result, a masked TM that recognizes target class � always
classiies the inputs to the target class � even if the inputs actually belong to other classes.

Therefore, an additional output layer (i.e. head) consisting of two FC layers and a ������� activation function
is appended after the masked �� (see Figure 6). The numbers of neurons in the two FC layers are � and 1,
respectively. The head transforms the � -class prediction of masked �� to the binary classiication prediction,
resulting in the prediction of a module (Line 6 of Algorithm 2). As a result, each module recognizes a target class
and estimates the probability of an input belonging to the target class. Since each module recognizes a target
class and outputs a probability value between 0 and 1, � modules can be aggregated as a composed model for the
� -class classiication task (Line 8 of Algorithm 2).
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4.3 Optimization by Gradient Descent

The goal of modularization is to obtain � masks and � heads to decompose a TM into � modules. Each module
can recognize a target class and should retain only the convolution kernels necessary for recognizing the target
class. To achieve the goal, GradSplitter needs to optimize masks to remove the redundant convolution kernels as
many as possible and optimize heads to predict based on the retained convolution kernels. The optimization is
achieved by minimizing weighted loss through gradient descent-based backward propagation, which is shown in
Algorithm 3.

Speciically, to ensure that each module can recognize the target class well, ����1 is deined as the cross entropy
between the prediction of CM and the actual label (Line 8). By minimizing ����1, the prediction performance
of the CM is improved, while the improvement of CM is essentially owing to the improvement of modules in
recognizing target classes. The masks tend to make more values greater than zero to retain more convolution
kernels, and the heads are trained to predict based on the retained convolution kernels. To constraint modules to
retain only the necessary kernels, ����2 is deined as the percentage of retained convolution kernels (Line 9). By
minimizing ����2, the masks tend to have fewer values that are greater than zero, resulting in fewer convolution
kernels.

We deine ���� as the weighted sum of ����1 and ����2 (Line 10). By minimizing ���� , the masks are optimized to
have as few necessary values greater than zero as possible, i.e. retain only the necessary convolution kernels.
Meanwhile, the heads are trained to predict based on the retained convolution kernels. The larger the value of
����ℎ� , the more the convolution kernels GradSplitter tends to remove. In our experiments, the value of����ℎ�
is usually small (e.g. 0.1), allowing GradSplitter to remove convolution kernels carefully, thus avoiding much
impact on the recognition ability of modules.
When minimizing ���� , one problem is that the poor predictions of modules cannot guide the optimization

well in the early stages of optimization, as the heads are initialized randomly. Moreover, ����2 could afect
the optimization of heads, leading to the increased loss of accuracy. Therefore, a strategy is designed for the
optimization, which is shown in Line 1 to 7 in Algorithm 3. ������� is a bit vector [0, 1]� (Line 1), which is used
to select the optimization object in an epoch � . When the value of ������� [�] is 0, ����ℎ� is set to zero, and
GradSplitter minimizes only ����1 to optimize heads. When the value of ������� [�] is 1,����ℎ� is set to � , and
GradSplitter minimizes ���� to optimize masks and heads jointly. With the strategy, GradSplitter can optimize
only heads in the irst few epochs to recover the loss of accuracy caused by the randomly initialized heads. On
the other hand, GradSplitter can minimize only ����1 after every several epochs of minimizing ���� to recover the
loss of accuracy caused by the removal of convolution kernels.
The gradient descent-based optimization is applied to minimize ���� (Line 11). When minimizing ���� by

gradient descent, it is important to note that the common backward propagation based on gradient descent cannot
be directly applied to update masks, as the derivative of the ��� function is zero almost everywhere. Fortunately,
the technique called straight-through estimator (STE) [4] has been proposed to address the gradient problem
occurring when training neuron networks with binarization function (e.g. sign) [4, 23, 80]. The function of STE is
deined as follows:

���� (�,−1, 1) =��� (−1,���(1, �)), (7)

where � is the gradient value calculated in the previous layer and used to estimate the gradient in current layer.
In our work, based on STE, the gradient of ��� (deined in Equation 6) is calculated as follows:

�����

��
= ���� (

�����

���
,−1, 1). (8)
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5 APPLICATIONS OF CNN MODULARIZATION

In this section, we present two applications of CNNSplitter and GradSplitter: 1) patching weak CNN models and
2) developing new models via composition.

5.1 Application 1: Patching Weak CNN Models through Modularization and Composition

The weak CNN model can be improved by patching the target class (TC). To identify the TC of a weak CNN
model, developers can use test data to evaluate the weak CNN model’s classiication performance (e.g. precision
and recall) of each class. The class in which the weak CNN model achieves poor classiication performance is
regarded as TC. As illustrated in Figure 7, the TC is replaced with the corresponding module from a strong model.
To ind the corresponding module, a developer can evaluate the accuracy of a candidate model on TC. If the
candidate model’s accuracy exceeds that of the weak model, its module can be used as a patch.
Formally, given a weak CNN modelM� , suppose there exists a strong CNN modelM� whose classiication

task intersects with that ofM� . For instance, bothM� andM� can recognize TC �. Then, the corresponding
module�� fromM� can be used as a patch to improve the ability ofM� to recognize TC �. Speciically,M�

and�� are composed into a CM that is the patched CNN model. Given an input, M� and�� run in parallel
and the outputs of them are ��

= [��0 , �
�
1 , . . . , �

�
�−1] and �

�
= [�

�
0 , �

�
1 , . . . , �

�

�−1], respectively. Then, the output

��� of CM is obtained by replacing the prediction corresponding to TC � of �� with that of �� .
A straightforward way is to directly replace ��� with �

�
� , resulting in ���

= [��0 , . . . , �
�
� , . . . , �

�
�−1]. The index

of the maximum value in ��� is the predicted class. However, the comparison between �
�
� and the other values

in ��� is problematic: since M� and M� are diferent models that are trained on the diferent datasets or have
diferent network structures, there could be signiicant diferences in the distribution between the outputs of
M� and M� . For instance, we have observed that the output values of a model could be always greater than
that of the other one, resulting in the outputs of a module decomposed from the strong model being always
larger/smaller than the outputs of a weak model. This problem could cause error prediction when calculating the
prediction of CM; thus, �� and �� are normalized before the replacement. Speciically, since the outputs on the
training set can relect the output distribution of a module, we collect the outputs of�� on the training data with
the class label �. Then, the minimum and maximum values of the output’s distribution can be estimated using
the collected outputs. For instance, (���,��� ) are the minimum and maximum values of the collected outputs of

�� . The normalized �
�
� is

�
�
�−���

���−���
. In addition, the �� � ���� is used over�� to scale the values in�� between 0

and 1. Finally, the prediction of CM is obtained by replacing ��� in normalized �� with normalized �
�
� .
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Fig. 8. The process of evaluating modules.

5.2 Application 2: Developing CNN Models via Composition

When a developer needs an � -class classiication CNN model, the existing trained CNN models (TMs) shared
by third-party developers could be decomposed and reused. Developing a new CNN model (CM) by composing
reusable modules consists of three steps: module creation, module evaluation, and module reuse. Module creation

mainly involves the removal of irrelevant convolution kernels from models according to masks, which is similar
to the "Decode" operation in CNNSplitter introduced in Section 3.3.2. The following sections will introduce
module evaluation and module reuse.

5.2.1 Module Evaluation. To obtain a more accurate CM than TMs or a new CM that can achieve comparable
performance to the model trained from scratch, module evaluation is a key step, which can identify the module
with the best recognition ability for each target class.

As shown in Figure 8, given a set of trained CNN models {�� � }
�
�=1 for � -class classiication and test data

for � -class classiication, GradSplitter irst reorganizes them according to target classes. Speciically, for each
target class ��� , � corresponding modules that can recognize the target class ��� are put together to form a set of

candidate modules {��
� }

�
�=1. As a result, there are � sets of candidate modules. For each set, the module with

the best recognition ability is recommended to the developer. Since each module��
� is a binary classiication

model that recognizes whether an input belongs to ��� , the candidate modules from the same set can be tested
and compared on the same binary classiication task. As � sets of candidate modules correspond to � binary
classiication tasks, the test data for � -class classiication needs to be reorganized to form � data sets {��}��=1
for binary classiication, each with the target class ��� as the positive class and the other �−1 non-target classes
non-��� as the negative class. Considering that �� could be imbalanced due to the disproportion among the
number of samples of positive class and negative class, F1-score is used to measure the recognition ability of��

�

for ��� . For each target class ��� , the module with the highest F1-score among the candidate modules {��
� }

�
�=1 is

recommended to the developer.

5.2.2 Module Reuse. In the module composition, � recommended modules are combined into a CM for � -class
classiication. The composition is simple, and the CM runs like a common CNN model. Speciically, given an
input, � modules run in parallel, and their outputs are concatenated as the output of the CM. The index of the
maximum value in the output is the inal prediction. Since each module in the CM has the best recognition
ability for the corresponding target class, the CM can outperform any of the � trained CNN models or achieve
competitive performance in accuracy compared to the model trained from scratch.
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6 EXPERIMENTS

To evaluate the efectiveness of the proposed approaches, in this section, we irst introduce the benchmarks
and experimental setup and then discuss the experimental results. Speciically, we evaluate CNNSplitter and
GradSplitter by answering the following research questions:

• RQ1: How efective are the proposed techniques in modularizing CNN models?
• RQ2: Can the recognition ability of a weak model for a target class be improved by patching?
• RQ3: Can a composed model, built entirely by combining modules, outperform the best trained model?
• RQ4: Can a CNN model for a new task be built through modularization and composition while maintaining an
acceptable level of accuracy?

• RQ5: How eicient is GradSplitter in modularizing CNN models and how eicient is the composed CNN model
in prediction?

6.1 Benchmarks

1) Datasets. We evaluate the proposed techniques on the following three datasets, which are widely used for
evaluation in related work [13, 39, 44].

CIFAR-10. The CIFAR-10 dataset [26] contains natural images with resolution 32 × 32, which are drawn from
10 classes including airplanes, cars, birds, cats, deer, dogs, frogs, horses, ships, and trucks. The initial training
dataset and testing dataset contain 50,000 and 10,000 images, respectively.
CIFAR-100. CIFAR-100 [26] consists of 32 × 32 natural images in 100 classes, with 500 training images and

100 testing images per class.
SVHN. The Street View House Number (SVHN) dataset [41] contains colored digit images 0 to 9 with resolution

32 × 32. The training and testing datasets contain 604,388 and 26,032 images, respectively.

2) Models. We evaluate the proposed techniques on the following three typical CNN structures, which are
widely used in popular networks [21, 25, 27, 29, 64, 70].

SimCNN. SimCNN represents a class of CNN models with a basic structure, such as LeNet [29], AlexNet [27],
and VGGNet [64], essentially constructed by stacking convolutional layers. The output of each convolutional layer
can only low through each layer in sequential order. Without loss of generality, the SimCNN in our experiments
is set to contain 13 convolutional layers and 3 FC layers, totaling 4,224 convolution kernels.

ResCNN. ResCNN represents a class of CNN models with a complex structure, such as ResNet [21], WRN [82],
and MobileNetV2 [60], constructed by convolutional layers and residual connections. A residual connection can
go across one or more convolutional layers, allowing the output of a layer not only to low through each layer in
sequential order but also to be able to connect with any following layer. Without loss of generality, the ResCNN
in our experiments is set to have 12 convolutional layers, 1 FC layer, and 3 residual connections, totaling 4,288
convolution kernels.
InceCNN. InceCNN represents a class of CNN models with a complex structure, such as GoogLeNet [70]

and Inception-V3 [71], constructed by branched convolutional layers. The branched convolutional layers mean
that the outputs of several convolutional layers are concatenated as one input to be fed into the next branched
convolutional layers. Without loss of generality, the InceCNN in our experiments is set to have 12 convolutional
layers, 1 FC layer, and 3 branched layers, totaling 3,200 convolution kernels.
All the experiments are conducted on Ubuntu 20.04 server with 64 cores of 2.3GHz CPU, 128GB RAM, and

NVIDIA Ampere A100 GPUs with 40 GB memory.

6.2 Experimental Results

RQ1: How efective are the proposed techniques in modularizing CNN models?
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Table 1. The modularization results on four strong models.

Model
TM Accuracy of a CM Average percentage of kernels in a module

Acc. # Kernels CNNSplitter GradSplitter Increment CNNSplitter GradSplitter Reduction

SimCNN-CIFAR10 89.77% 4224 86.07% (-3.70%) 88.90% (-0.87%) 2.83% 61.96% 41.22% 20.74%
SimCNN-SVHN 95.41% 4224 93.85% (-1.56%) 95.67% (+0.26%) 1.82% 52.79% 35.18% 17.61%
ResCNN-CIFAR10 90.41% 4288 85.64% (-4.77%) 89.08% (-1.33%) 3.44% 58.26% 40.63% 17.63%
ResCNN-SVHN 95.06% 4288 93.52% (-1.54%) 94.70% (-0.36%) 1.18% 54.03% 30.48% 23.55%

Average 92.66% 4256 89.77% (-2.89%) 92.09% (-0.58%) 2.32% 56.76% 36.88% 19.88%

1) Setup. Training settings. To answer RQ1, SimCNN and ResCNN are trained on CIFAR10 and SVHN,
resulting in four strong CNN models: SimCNN-CIFAR, SimCNN-SVHN, ResCNN-CIFAR, and ResCNN-SVHN.
The training datasets of CIFAR10 and SVHN are divided into two parts in the ratio of 8:2, respectively. The 80%
samples are used as the training set while the 20% samples are used as the validation set. On both CIFAR10 and
SVHN datasets, SimCNN and ResCNN are trained with mini-batch size 128 for 200 epochs. The initial learning
rate is set to 0.01 and 0.1 for SimCNN and ResCNN, respectively, and the initial learning rate is divided by
10 at the 60th and 120th epoch for SimCNN and ResCNN respectively. All the models are trained using data
augmentation [63] and SGD with a weight decay [28] of 10−4 and a Nesterov momentum [69] of 0.9. After
completing the training, the trained models are evaluated on testing datasets.
Modularization settings. CNNSplitter applies a genetic algorithm to search CNN modules, following the

common practice [56, 57, 68], the number of individuals �� and the number of parents �� in each generation
are set to 100 and 50, respectively. The mutation probability �� is generally small [56, 68] and is set to 0.1.
The weighting factor � is set to 0.9. For the sake of time, an early stopping strategy [18, 84] is applied, and the
maximum number of generations is set as� = 200. A trained CNN modelM is modularized with reference to the
validation set, which was not used in model training. After completing the modularization, the resulting modules
are evaluated on the testing dataset.

GradSplitter initializes masks by illing positive values and initialize heads randomly. When initializing �������
(Line 1 in Algorithm 3), we set ������� [1:5]=[0]×5 and ������� [6:�]=[1, 1, 1, 1, 1, 0, 0]× �−5

7 . ������� [�]=0 indicates
that GradSplitter trains only the heads in the epoch � . ������� [�]=1 indicates that GradSplitter jointly trains
both masks and heads in the epoch � . As a result, GradSplitter trains only the heads in the irst 5 epochs. Then,
GradSplitter trains only the heads for 2 epochs after every 5 epochs of joint training. The training process iterates
145 epochs (i.e. �=145) with a learning rate of 0.001. By default, � in the weighted sum of ����1 and ����2 is set to
0.1. We also investigate the impact of � on modularization in Section 6.2.
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Fig. 10. The convolution kernel retention rate for each convolutional layer of SimCNN-CIFAR10.

2) Results. Figure 9 shows the trend of average percentage of retained convolution kernels in a module and the
validation accuracy of the CM along with training epochs. In this example, the corresponding TM is obtained by
training SimCNN on CIFAR-10, and the validation accuracy of the TM on the validation dataset is 89.29%. As
shown in the left sub-igure in Figure 9, modules retain all of the kernels at the beginning of training because
masks are initialized with random positive values. GradSplitter also tried to initialize masks using random real
and random negative values. Compared to the initialization with positive values, initialization with random real
values could lead to the removal of relevant kernels, causing GradSplitter to converge more slowly. Initializing
masks with negative values makes it diicult for GradSplitter to train the masks, as all convolutional layer outputs
are zeros at the beginning. Consequently, masks are initialized with positive values by default. During the training
process, the average percentage of retained kernels in a module decreases quickly in the irst 40 epochs and then
gradually converges. As shown in the right sub-igure in Figure 9, despite the decreasing number of convolution
kernels of modules, the validation accuracy of the CM is maintained close to the validation accuracy of the TM.
As each head in a module has only 11 (10+1) neurons (detailed in Section 4.2), the optimization of randomly
initialized heads in CM is fast, and the validation accuracy of CM is close to that of the TM at the irst epoch.
Table 1 presents the modularization results of GradSplitter and CNNSplitter on four strong models, with a

comparison between the two approaches. For instance, as shown in the 3rd row, the trained model SimCNN-
CIFAR10 achieves a test accuracy of 89.77% (2nd column) with 4224 kernels (3rd column). GradSplitter decomposes
SimCNN-CIFAR10 into 10 modules, each retaining an average of 41.22% of the model’s kernels (penultimate
column). The CM, which is composed of the 10 modules and classiies the same classes as the TM, obtains a
test accuracy of 88.90%, with a loss of only 0.87% compared to SimCNN-CIFAR10 (5th column). In contrast, the
modules generated by CNNSplitter retain more kernels, averaging 61.96% (7th column), and the accuracy of
the CM is lower at 86.07%, with a loss of 3.70% (4th column). Compared to CNNSplitter, GradSplitter achieves
improvements in both accuracy and module size, with an increase of 2.83% (6th column) and a reduction of 20.74%
(last column), respectively. As shown in the last row, on average, the accuracy of composed models produced by
CNNSplitter and GradSplitter are 89.77% and 92.09%, respectively, with the latter achieving an improvement of
2.32%. Compared with the accuracy of the trained model of 92.66%, the accuracy losses caused by CNNSplitter and
GradSplitter are 2.89% and 0.58%, respectively, indicating that GradSplitter causes much fewer loss of accuracy.
Regarding the module size, the modules generated by both CNNSplitter and GradSplitter are smaller than the
models, with only 56.76% and 36.88% of kernels retained, respectively, indicating that the module incurs fewer
memory and computation costs than models.
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Table 2. The FLOPs of the models and decomposed modules.

Model
Model

FLOPs (M)
CNNSplitter GradSplitter

Module FLOPs (M) Reduction Module FLOPs (M) Recudtion

SimCNN-CIFAR10
313.7

164.3 47.60% 168.9 46.16%
SimCNN-SVHN 107.8 65.60% 121.2 61.37%

ResCNN-CIFAR10
431.2

225.4 47.70% 250.2 41.97%
ResCNN-SVHN 142.1 67.00% 158.5 63.24%

Average 372.45 159.9 56.98% 174.7 53.18%

We observed that GradSplitter retains fewer convolution kernels than CNNSplitter but incurs less accuracy
loss. To explain this outcome, we irst analyze the retention of kernels in every convolutional layer and ind
the diference in kernel retention between modules generated by the two approaches. As shown in Figure 10,
GradSplitter retains more kernels in the lower layers (i.e. the irst 6 convolutional layers) and fewer in the higher
layers (i.e. the last 7 layers) compared to CNNSplitter. Studies [10, 81] have shown that lower layers (closer to
the input layer) learn general features, while higher layers (closer to the output layer) learn speciic features of
certain classes. Therefore, intuitively, an appropriate distribution of kernel retention for a module should retain
more kernels in the lower layers and fewer in the higher layers. GradSplitter performs better than CNNSplitter
regarding the distribution of kernel retention, thus retaining fewer kernels while incurring less accuracy loss.

Moreover, the modules generated by GradSplitter have a larger capacity, which is another potential explanation
for the outcome. The capacity of a model can be measured by the number of loating-point operations (FLOPs)
required by the model. Larger FLOPs mean that the model has a larger capacity [15, 62]. Table 2 presents the
FLOPs required by the modules and models to classify an image. Take the SimCNN-CIFAR10 model as an example
(3rd row), on average, a module generated by CNNSplitter requires 164.3 million FLOPs, while a module generated
by GradSplitter requires 168.9 million FLOPs. For all four models, the modules generated by GradSplitter require
more FLOPs than those generated by CNNSplitter. The reason why a module generated by GradSplitter retains
fewer kernels but requires more FLOPs is that its lower layers retain more kernels. Due to max pooling operations,
the inputs of lower layers are larger than those of higher layers, and thus a kernel in the lower layer could incur
more FLOPs than a kernel in the higher layer.
As shown in Table 2, our proposed techniques can signiicantly reduce the number of FLOPs required by

modules, with average reductions of 56.98% and 53.18% for CNNSplitter and GradSplitter, respectively. In contrast,
modules produced by uncompressed modularization approaches [43, 44] retain all weights or kernels, resulting in
more memory and computation costs. Since the tools [54, 55] published by [43, 44] and our proposed techniques
are implemented on Keras and PyTorch, respectively, they cannot directly decompose each other’s trained models.
We attempted to convert PyTorch and Keras trained models to each other; however, the conversion incurs much
loss of accuracy (5% to 10%) due to diferences in the underlying computation of PyTorch and Keras. Thus, we
analyze the open source tools [54, 55], including source code iles and the experimental data (e.g. the trained
CNN models and the generated modules). The open-source tool keras-lops [73] is used to calculate the FLOPs
for the approach described in [43]. The FLOPs required by a module in [43] are the same as those required by the
model. For the project of [44], the modules are not encapsulated as Keras model, and there are no ready-to-use,
of-the-shelf tools to calculate the FLOPs required by the modules. Therefore, we manually analyze the number
of weights of the module and conirm that a module has the same number of weights as the model. In summary,
the experimental results indicate that our compressed modularization approaches outperform the uncompressed
modularization approaches [43, 44] in terms of module’s size and its computational cost.

We also evaluate the efectiveness of importance-based grouping, sensitivity-based initialization, and pruning-
based evaluation in CNNSplitter. Table 3 shows the results of CNNSplitter under diferent grouping settings
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Table 3. The results of CNNSpliter in diferent setings.

Model
Settings Composed Model

Grouping Initialization Generation Accuracy

SimCNN-CIFAR10

no sensitivity-based 194 0.2754
random sensitivity-based 190 0.3650

importance-based random 192 0.3702
importance-based sensitivity-based 123 0.8607

SimCNN-SVHN

no sensitivity-based 200 0.2430
random sensitivity-based 200 0.2512

importance-based random 188 0.9204
importance-based sensitivity-based 79 0.9385

ResCNN-CIFAR10

no sensitivity-based 83 0.7271
random sensitivity-based 193 0.8420

importance-based random 197 0.8432
importance-based sensitivity-based 185 0.8564

ResCNN-SVHN

no sensitivity-based 140 0.9027
random sensitivity-based 162 0.9249

importance-based random 179 0.9332
importance-based sensitivity-based 107 0.9352
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Fig. 11. The impact of major parameters in CNNSpliter.

(no, random, importance-based) and initialization settings (random, sensitivity-based). (1) comparing the results
under ⟨importance-based, sensitivity-based⟩ to the results under ⟨no, sensitivity-based⟩ and ⟨random, sensitivity-
based⟩, we found that modularization without importance-based grouping would cause more accuracy loss and
require more generations (e.g., for ResCNN-SVHN) and may even fail due to signiicant accuracy loss (e.g., for
SimCNN-CIFAR and SimCNN-SVHN). The time cost for grouping mainly involves collecting the importance
of convolution kernels. This process takes about 30 seconds for both SimCNN-CIFAR10 and ResCNN-CIFAR10,
and 60 seconds for both SimCNN-SVHN and ResCNN-SVHN. (2) comparing the results under ⟨importance-
based, sensitivity-based⟩ to the results under ⟨importance-based, random⟩, we observed that sensitivity-based
initialization could improve search eiciency and reduce accuracy loss. Analyzing the sensitivity of convolutional
layers takes 169 seconds, 156 seconds, 221 seconds, and 204 seconds for SimCNN-CIFAR10, ResCNN-CIFAR10,
SimCNN-SVHN, and ResCNN-SVHN, respectively. (3) regarding pruning-based evaluation, in the absence of the
pruning strategy, modularization fails due to a timeout (i.e., requires more than several years). In contrast, with
the pruning strategy, the time cost per generation for SimCNN-CIFAR, SimCNN-SVHN, ResCNN-CIFAR, and
ResCNN-SVHN is 83 seconds, 95 seconds, 80 seconds, and 93 seconds, respectively.
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Table 4. The impact of � in GradSpliter.

� Accuracy Loss of Accuracy Avg. #k (%)

0.01 89.19 0.58 2297 (54.37)

0.05 88.92 0.85 1853 (43.87)

0.10 88.90 0.87 1741 (41.22)

0.50 89.12 0.65 1947 (46.09)

1.00 89.66 0.11 4224 (100.0)

In addition, we investigate the impact of major parameters on CNNSplitter, including � (the weighting factor
between the Acc and the Dif, described in Sec. 3.3) and �� (the number of modules in each generation, described
in Sec. 3.2). Figure 11 shows the łGenerationž, łAccž, and łDifž of the composed model on SimCNN-CIFAR with
diferent � and �� . We ind that, CNNSplitter performs stably under diferent parameter settings in terms of Acc
and Dif. The changes in the number of generations show that a proper setting can improve the eiciency of
CNNSplitter. The results also show that our default settings (i.e. � = 0.9 and �� = 100) are appropriate.

As for GradSplitter, we investigate the impact of � on modularization (see Algorithm 3). Table 4 shows the test
accuracy and the number of kernels of CMs on SimCNN-CIFAR with diferent � . As GradSplitter considers the
accuracy of CMs irst when selecting the modules (see Line 9 in Algorithm 1), the accuracy of CMs with diferent
values of � is similar; however, the average number of convolution kernels in a module is diferent. As the value
of � increases from 0.01 to 0.1, the number of kernels decreases, since GradSplitter prefers to reduce the number
of kernels to minimize the weighted loss. However, the value of � should be small, as the excessive value of � (e.g.
�=1.0) could lead to removing kernels dramatically in an epoch, resulting in a sharp decrease of accuracy. The
results show that the default �=0.1 is appropriate.

Both CNNSplitter and GradSplitter strike a balance between the module’s ability and its size. In particular,
GradSplitter outperforms CNNSplitter, which causes a negligible accuracy loss of 0.58% and produces
smaller modules with only 36.88% kernels retained.

RQ2: Can the recognition ability of a weak model for a target class be improved by patching?

1) Setup. Design of weak models. To answer RQ2, we conduct experiments on three common types of weak
CNN models, i.e. overly simple models, underitting models, and overitting models. The modules generated from
strong CNN models in RQ1 will be reused to patch these weak CNN models.

An overly simple model has fewer parameters than a strong model. To obtain the overly simple models, simple
SimCNN and ResCNN models are used. Speciically, a simple SimCNN contains 2 convolutional layers and 1 FC
layer, while a simple ResCNN contains 4 convolutional layers, 1 FC layer, and 1 residual connection.

An underitting model has the same number of parameters as a strong model but is trained with a small number
of epochs. To obtain the underitting models, the model is trained at the �����

2 th epoch, which can neither well it
the training dataset nor generalize to the testing dataset. The accuracy of the underitting model is low on both
the training dataset and the testing dataset, indicating the occurrence of underitting.

An overitting model is obtained by disabling some well-known Deep Learning łtricksž, including dropout [66],
weight decay [28], and data augmentation [63]. These tricks are widely used to prevent overitting and improve
the performance of a DL model. The overitting model can it the training dataset and the accuracy on the training
dataset is close to 100%; however, its accuracy on the testing dataset is much lower than that on the training
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Table 5. The comparison between GradSpliter and CNNSpliter in patching weak CNN models. The columns łCSž and
łGSž present the performance of patched models based on CNNSpliter and GradSpliter, respectively. The column łGS-Wž
indicates the improvement of patched models based on GradSpliter against weak models. The column łGS-CSž indicates
the improvement of GradSpliter against CNNSpliter in patching weak models. All results in %.

Metric Model
Simple Underitting Overitting

Weak CS GS GS-W GS-CS Weak CS GS GS-W GS-CS Weak CS GS GS-W GS-CS

Precision

SimCNN-CIFAR 73.30 82.75 90.05 16.75 7.30 49.44 70.93 76.76 27.32 5.83 57.34 71.64 88.36 31.03 16.72
SimCNN-SVHN 92.32 96.27 98.34 6.02 2.07 78.09 91.17 98.12 20.02 6.95 93.76 95.33 98.14 4.38 2.81
ResCNN-CIFAR 78.10 89.99 90.75 12.64 0.76 45.55 81.66 83.22 37.67 1.56 57.50 76.08 75.85 18.35 -0.23
ResCNN-SVHN 89.33 95.86 98.29 8.97 2.43 81.39 91.53 98.06 16.68 6.53 92.27 95.60 98.05 5.78 2.45

Recall

SimCNN-CIFAR 74.50 70.20 73.60 -0.90 3.40 36.90 65.00 78.10 41.20 13.10 59.40 57.70 61.50 2.10 3.80
SimCNN-SVHN 93.04 91.31 93.67 0.63 2.36 77.55 85.96 92.16 14.61 6.20 92.43 91.71 92.10 -0.33 0.39
ResCNN-CIFAR 74.30 68.70 69.90 -4.40 1.20 39.00 53.60 57.30 18.30 3.70 57.90 55.80 55.10 -2.80 -0.70
ResCNN-SVHN 94.68 90.91 91.59 -3.09 0.68 84.18 79.14 80.00 -4.18 0.86 93.28 91.79 91.61 -1.67 -0.18

F1-score

SimCNN-CIFAR 73.76 75.68 80.57 6.81 4.89 35.46 64.59 77.07 41.61 12.48 58.14 63.60 72.18 14.04 8.58
SimCNN-SVHN 92.67 93.71 95.94 3.27 2.23 77.71 88.39 95.00 17.29 6.61 93.08 93.46 95.00 1.91 1.54
ResCNN-CIFAR 75.66 77.13 78.47 2.80 1.33 34.43 63.05 66.95 32.52 3.90 57.51 64.09 63.42 5.92 -0.67
ResCNN-SVHN 91.88 93.30 94.79 2.91 1.49 79.63 82.31 86.27 6.63 3.96 92.70 93.61 94.65 1.95 1.04

dataset, indicating the occurrence of overitting. Except for the special design above, the same settings are applied
as that of strong models.
Training dataset for weak models. Considering that the classiication of the weak and existing strong

models may not be identical in real-world scenarios (which is a reason for patching the weak model rather than
directly replacing it with the strong model), weak models are not trained on the same training datasets used by
strong models. For instance, a weak model for the classiication of łcatž and łdogž performs poorly in identifying
the class łcatž. Supposing there is a trained model capable of classifying both łcatž and łishž and performs better
than the weak model in identifying the class łcatž, the trained model cannot substitute the weak model but can
be used to patch the weak model through modularization. To construct the training datasets for weak models,
a subset of CIFAR-100 and a subset of SVHN are used. The former consists of 9 classes: łapplež, łbabyž, łbedž,
łbicyclež, łbottlež, łbridgež, łcamelž, łclockž, and łrosež, which do not overlap with the CIFAR-10 dataset. Each
class in CIFAR-10 is considered as a target class in turn and merged with the subset, resulting in ten 10-class
classiication datasets, named CIFAR-W. The latter consists of 4 ixed classes: ł6ž, ł7ž, ł8ž, and ł9ž. Each class
of ł0ž, ł1ž, ł2ž, ł3ž, and ł4ž is considered as a target class in turn and merged with the subset, resulting in ive
5-class classiication datasets, named SVHN-W. Consequently, ifteen datasets are used to train weak models. The
proportion for training, validation, and testing data is 8:1:1.

As a result, 10 CIFAR-W datasets and 5 SVHN-W datasets are constructed to train 3 types of weak models. A
total of 90 weak models are obtained, among which, 60 weak models for CIFAR-W (10 datasets with each dataset
having 3 weak models for SimCNN and ResCNN, respectively) and 30 weak models for SVHN-W (5 datasets with
each dataset having 3 weak models for SimCNN and ResCNN, respectively).

Metrics. Given a set of overly simple, underitting, and overitting models, the efectiveness of using modules
as patches can be validated by quantitatively and qualitatively measuring the improvements of patched models
against weak models. Speciically, the ability of weak models and patched models to recognize a TC can be
evaluated in terms of precision and recall. Precision is the fraction of the data belonging to TC among the data
predicted to be TC. Recall indicates how much of all data, belonging to TC that should have been found, were
found. F1-score is used as a weighted harmonic mean to combine precision and recall.
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Table 6. The comparison between GradSpliter and CNNSpliter regarding the accuracy of non-TCs for patched models. All
result in %.

Model
Simple Underitting Overitting

Weak CS GS GS-W GS-CS Weak CS GS GS-W GS-CS Weak CS GS GS-W GS-CS

SimCNN-CIFAR 77.44 78.23 78.57 1.12 0.34 42.72 43.31 43.52 0.80 0.21 58.59 59.47 60.07 1.48 0.60
SimCNN-SVHN 88.88 89.94 90.53 1.65 0.59 73.97 75.13 76.15 2.17 1.02 91.14 91.52 92.19 1.05 0.67
ResCNN-CIFAR 81.16 81.96 82.04 0.88 0.08 42.80 44.53 44.61 1.81 0.08 60.25 61.28 61.31 1.06 0.03
ResCNN-SVHN 88.06 90.14 90.89 2.83 0.75 74.99 78.82 80.52 5.53 1.70 90.36 91.53 92.18 1.82 0.65

2) Results. Table 5 summarizes the precision, recall, and F1-score of weak models and patched models produced
by CNNSplitter and GradSplitter. For instance, in the 3rd row, the 3rd and 5th columns show the average precision
of 10 overly simple SimCNN-CIFAR models before and after patching with GradSplitter, respectively. The patched
models signiicantly outperform the weak models (90.05% vs 73.30%), representing an improvement of 16.75% in
precision (as shown in the 6th column). Overall, GradSplitter could improve all types of weak models in terms of
precision, with an average improvement of 17.13%, and generally improves the weak models in terms of recall,
with an average improvement of 4.95%. We observed that the recall values of some patched models decrease
(e.g. the overly simple SimCNN-CIFAR model), as there is often an inverse relationship between precision and
recall [7, 8]. Nevertheless, the improvement in F1-score indicates that all types of weak models could be improved
through patching, with an average improvement of 11.47%.

We further compare GradSplitter with CNNSplitter in terms of improvement in recognition of TCs. The columns
łGS-CSž in Table 5 present the improvements of GradSplitter against CNNSplitter. Positive improvements are
highlighted with a grey background. Except for the overitting ResCNN-CIFAR and overitting ResCNN-SVHN
models, the patched models produced by GradSplitter are superior to those produced by CNNSplitter. Overall,
GradSplitter outperforms CNNSplitter on average by 4.60%, 2.90%, and 3.95% in terms of precision, recall, and
F1-score, respectively. The detailed results in terms of precision, recall, and F1-score are available at the project
webpage [2].

Besides the improvement in recognizing TC, another concern is whether the patch afects the ability to
recognize other classes (i.e. non-TCs). To evaluate the patch’s efects on non-TCs, the samples belonging to TC
are removed, and weak models and patched models are evaluated on the samples belonging to non-TCs. Finally,
the efect of the patch on non-TCs is validated by comparing the accuracy of weak models to patched models. The
experimental results [2] are summarized in Table 6. Overall, when using GradSplitter to patch weak models, 92%
(83/90) of patched models outperform the weak models, and the average accuracy improvement of 90 patched
models is 1.85%. The reason for performance improvement is that some samples that belong to non-TCs but were
misclassiied as TC are correctly classiied as non-TCs after patching. The results indicate that the patching does
not impair but rather improves the ability to recognize non-TCs. Comparing GradSplitter with CNNSplitter, as
shown in the columns łGS-CSž, GradSplitter performs better than CNNSplitter across all types of weak models,
with an average improvement of 0.56% in non-TCs recognition accuracy.

Both CNNSplitter and GradSplitter efectively enhance the recognition performance of weak CNN models
on TCs and non-TCs. Notably, GradSplitter outperforms CNNSplitter, which improves weak CNN models
in recognizing TCs with an average increase of 17.13%, 4.95%, and 11.47% in precision, recall, and F1-score,
respectively.

RQ3: Can a composed model, built entirely by combining modules, outperform the best trained model?
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Table 7. The modularization results of GradSpliter. The columns łTMž and łCMž present the test accuracy of the TM and
CM. ł# Kž denotes the average number of kernels in a module.

Idx
SimCNN-CIFAR10 SimCNN-SVHN ResCNN-CIFAR10 ResCNN-SVHN InceCNN-CIFAR10 InceCNN-SVHN

TM CM # K TM CM # K TM CM # K TM CM # K TM CM # K TM CM # K

0 79.28 78.96 1842 86.91 86.86 1995 80.16 80.25 1706 85.07 86.42 1679 80.71 79.81 1275 80.95 81.49 1223
1 78.45 78.29 1933 87.41 87.68 2002 78.99 78.11 1903 82.78 83.50 1641 78.26 77.90 1334 79.06 78.79 1289
2 77.80 77.33 1858 84.45 83.55 1985 77.53 77.15 1907 80.96 79.99 2169 79.43 78.55 1386 80.48 80.05 1452
3 80.10 80.29 2025 82.28 81.45 2086 81.88 81.34 2036 80.96 80.91 1828 82.35 81.81 1543 83.19 82.65 1225
4 77.19 76.61 1913 84.33 81.31 1890 78.09 77.96 2052 84.54 84.91 1718 81.65 80.79 1591 81.57 81.14 1388
5 79.66 78.49 1938 87.51 85.98 1833 77.93 77.50 1964 80.45 79.97 2384 79.11 77.90 1513 76.86 77.88 1039
6 77.30 77.09 2043 78.94 78.68 1930 81.06 80.95 1977 78.11 78.51 1452 82.70 82.48 1417 73.03 73.84 1213
7 81.01 80.29 1821 77.75 76.34 2077 80.88 80.33 1821 74.84 76.01 1842 80.18 79.58 1383 76.61 76.26 1168
8 77.23 76.76 2035 81.31 80.55 1773 76.85 76.62 1946 80.54 79.85 1817 79.66 78.81 1730 81.19 80.27 1145
9 78.20 77.66 1953 74.82 73.97 1803 77.00 76.76 1842 82.75 82.55 1698 83.06 82.33 1398 69.28 68.37 1203

Avg. 78.62 78.18 1936 82.57 81.64 1937 79.04 78.70 1915 81.10 81.26 1823 80.71 80.00 1457 78.22 78.07 1234

RQ1 and RQ2 have veriied the efectiveness of CNNSplitter and GradSplitter in modularizing CNN models
and patching weak models, respectively. Also, the results demonstrate that GradSplitter performs better than
CNNSplitter in both modularization and composition. Therefore, in RQ3 to RQ5, we will focus on GradSplitter.

1) Setup. Dataset construction. To investigate whether GradSplitter can construct better composed models
than trained models by reusing optimal modules from diferent models, we conducted experiments on 6 pairs of
datasets and CNNs. For each pair, we train 10 CNN models (TMs) for 10-class classiication and decompose each
TM into 10 modules. In practice, the trained models shared by third-party developers could be trained on datasets
with diferent distributions. Therefore, in the experiment, instead of training 10 TMs on the initial training set
� , we draw 10 subsets {� � }

10
�=1 from � and train a TM on each subset. Each subset � � = {��� }

10
�=1 consists of 10

classes of samples, similar to � = {��}10�=1, where �
�
� and �� indicate the samples in � � and � belonging to

class �, respectively. To ensure that the sampling is reasonable, the sampling is performed according to Dirichlet
distribution [50], which is an appropriate choice to make subsets similar to the real-world data distribution [34]
and is the hypothesis on which many works are based [37, 42].
Speciically, we irst assign the class � a proportion value ��� (0 < ��� ≤ 1) that is sampled from the Dirichlet

distribution��� (�). Then, we draw ��� × |�� | samples from�� randomly to construct ��� . Finally, � � is constructed

once all classes have been sampled. Here, ��� (�) denotes the Dirichlet distribution and � is a concentration
parameter (� > 0). If � is set to a smaller value, then the greater the diference between {��� }

10
�=1, resulting in a

more unbalanced proportion of sample size between the 10 classes. For CIFAR-10, we set � = 1, and for SVHN
with more data, we set � = 0.5. In addition, a threshold � is set to ensure that a CNN model has suicient samples
to learn to recognize all classes. ��� and �

�
� are resampled when ��� × |�� | < � . We set �=100 for both CIFAR-10

and SVHN.
Each subset � � is used to train a TM and modularize the TM. Speciically, � � is randomly divided into two parts

in the ratio of 8:2. The 80% samples are used as training dataset to train the TM and modularize the TM. The 20%
samples are used as validation dataset to evaluate the TM and the CM during training and modularization.

The initial test dataset is randomly divided into two parts in the ratio of 8:2. The 80% samples are used as the
test dataset to evaluate TMs and CMs after training or modularization. The 20% samples are used as the module

evaluation dataset to evaluate and recommend modules (see Section 5.2.1).
With 6 pairs of datasets and CNNs, we train 10 models for each pair, resulting in 60 CNN models, and then use

GradSplitter to decompose these models. The training and modularization settings of the 60 models are the same
as that of strong models mentioned in RQ1.
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Table 8. The summarized results of modularization. łAcc.ž denotes the average test accuracy, and ł# Kernels (%)ž denotes the
average number (and percentage) of kernels in a module.

Model
Trained Model Composed Model

# Kernels Acc. Acc. Loss # Kernels (%)

SimCNN-CIFAR10 4224 78.62 78.18 0.44 1936 (46%)
SimCNN-SVHN 4224 82.57 81.64 0.93 1937 (46%)

ResCNN-CIFAR10 4288 79.04 78.70 0.34 1915 (45%)
ResCNN-SVHN 4288 81.10 81.26 -0.16 1823 (43%)

InceCNN-CIFAR10 3200 80.71 80.00 0.71 1457 (46%)
InceCNN-SVHN 3200 78.22 78.07 0.15 1234 (39%)

Average 0.40 1717 (44%)

2) Results. Modularization. Table 7 shows the modularization results of GradSplitter for six pairs of datasets
and CNNs, with 10 TMs per pair, for a total of 60 TMs. Each TM is decomposed into 10 modules, and a CM is
composed of the 10 modules and classiies the same classes as the TM. We evaluate TMs and CMs on the test
dataset and compare the test accuracy of TMs and CMs. For each TM, Table 7 shows the test accuracy of the TM
and the corresponding CM, as well as the average number of kernels in a module (the column ł# Kž). Among the
60 CMs, the 55 CMs with less than 1% accuracy loss are highlighted in bold when compared to TMs.
Table 8 summarizes the results of six pairs of datasets and CNNs, with 10 TMs per pair. For SimCNN-CIFAR,

SimCNN-SVHN, ResCNN-CIFAR, ResCNN-SVHN, InceCNN-CIFAR, and InceCNN-SVHN, the average test accu-
racy of 10 TMs and the average test accuracy of 10 CMs are (78.62%, 78.18%), (82.57%, 81.64%), (79.04%, 78.70%),
(81.10%, 81.26%), (80.71%, 80.00%), and (78.22%, 78.07%), respectively. As shown in the column łLossž, for each
pair, the average loss of accuracy for CMs compared to TMs is less than 1%. Overall, the average loss of accuracy
of 60 CMs is only 0.4%, which demonstrates that the CMs have comparable accuracy to the TMs on the 10-class
classiication tasks. The comparable accuracy of the CMs suggests that the modules have suicient ability to
recognize the features of the target classes.
We also count the number of convolution kernels in TMs and the number of retained convolution kernels in

modules. The column ł# Kernelsž of Table 8 presents the number of kernels of each TM. And as shown in the
last column ł# Kernels (%)ž of Table 8, for SimCNN-CIFAR, SimCNN-SVHN, ResCNN-CIFAR, ResCNN-SVHN,
InceCNN-CIFAR, and InceCNN-SVHN, a module retains about 40% convolution kernels of a TM. The average
number and percentage of retained convolution kernels in a module for the 60 CMs are 1717 and 44% respectively,
indicating that the size of modules is much smaller than that of TMs. The small size of modules leads to a lower
prediction overhead than that of TMs (as discussed in RQ5). Consequently, the modularization results of 60 TMs

demonstrate that GradSplitter can strike a balance between the module’s recognition ability and the module size.
The resultant modules will be reused to build better CMs than TMs (discussed in RQ3) and construct CMs for new
tasks (as discussed in RQ4).

Composition. To develop a CM that outperforms all TMs, modules are irst tested on the module evaluation
dataset (see Dataset construction in setup). Each class in a task is considered in turn as the target class (TC). For
each TC, the corresponding modules that can recognize the TC form a set of candidate modules, and GradSplitter
evaluates the candidate modules and recommends the module with the best recognition ability to the developer
(detailed in Section 5.2.1). Candidate modules can come from TMs with the same network structure or TMs with
diferent network structures. We refer to the former as intra-network reuse and the latter as inter-network reuse.
Intra-network reuse. Table 9 shows the testing results of candidate modules from 10 SimCNN-CIFAR TMs,

which is used for intra-network reuse. For each class (TC), there are 10 modules from each of the 10 TMs. Thus,
in rows 2 to 11 of Table 9, each row shows the performance of the modules on the corresponding TC in terms
of F1-score, with the best F1-score highlighted in bold. The last row shows the accuracy of the 10 TMs on the
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Table 9. The evaluation results of modules of 10 SimCNN-CIFAR TMs in terms of F1-score on module evaluation dataset.
The test accuracy of the TMs is presented in the last row for comparison. All results in %.

TC
TM

0 1 2 3 4 5 6 7 8 9

0 81.62 76.75 80.60 86.27 77.20 77.73 72.04 84.58 77.88 81.13
1 92.09 88.67 90.13 90.09 78.82 77.68 82.32 91.04 87.84 85.87
2 74.03 68.90 74.16 70.74 75.76 78.62 70.53 78.01 50.36 53.42
3 60.76 59.70 64.15 67.18 64.07 62.84 59.06 66.17 65.09 63.66
4 70.46 81.98 81.29 69.19 81.73 74.48 62.82 81.15 75.63 80.18
5 74.33 76.78 60.40 74.93 35.09 67.11 72.88 60.63 71.22 69.18
6 84.70 74.14 72.78 75.52 84.26 86.57 83.02 83.73 85.32 74.11
7 76.61 79.17 72.57 88.38 81.92 84.40 80.79 84.40 82.13 84.11
8 89.73 79.79 88.29 88.74 80.08 88.02 84.28 89.69 80.10 83.06
9 91.61 83.33 82.94 88.43 76.96 83.26 83.53 81.34 84.26 85.57

Acc. 79.28 78.45 77.80 80.10 77.19 79.66 77.30 81.01 77.23 78.20

Table 10. Intra-network reuse. All results in %.

Dataset CNN
Accuracy

Improvement

Best TM CM

CIFAR-10
SimCNN 81.01 86.26 5.25
ResCNN 81.88 85.95 4.07
InceCNN 83.06 86.94 3.88

SVHN
SimCNN 87.51 93.12 5.61
ResCNN 85.07 90.55 5.48
InceCNN 83.19 90.22 7.03

Average 5.22

10-class classiication task, with the best accuracy highlighted in bold. The testing results show that (1) the TM
with an index of 7 has the highest accuracy (i.e. 81.01%) on 10-class classiication; however, the modules of this
TM are not optimal in terms of F1-score, and (2) the modules with the best performance for diferent TCs could
come from diferent TMs.

Based on the evaluation results of modules, the modules with the best performance on the module evaluation
dataset are reused to build a CM for the 10-class classiication task. We evaluate the CMs on the test dataset and
compare the test accuracy of TMs and CMs. As shown in the 3rd row of Table 10, the test accuracy of the CM,
which is composed of the modules highlighted in bold in Table 9, is 86.26%. The CM outperforms the best TM, and
the improvement in accuracy is 5.25%. Table 10 also shows the results for the other ive cases of intra-network
reuse. In all six cases, the CMs outperform the corresponding best TMs. On average, the improvement in terms of
accuracy obtained by modularization and composition is 5.22%.
Inter-network reuse. Table 11 shows the testing results of modules that come from 10 SimCNN-CIFAR TMs

and 10 ResCNN-CIFAR TMs. For each TC, there are 20 candidate modules. Rows 3 to 12 of Table 11 show the
performance of the modules in terms of F1-score. Similar to intra-network reuse, the evaluation results show that
the ResCNN-CIFAR TM with index 3 has the highest accuracy (i.e. 81.88%) on 10-class classiication; however, not
all modules of this TM are optimal in terms of F1-score. For the 10 TCs, Table 11 highlights the corresponding
modules with the highest F1-score. Among the 10 modules, 5 modules are from the SimCNN-CIFAR TMs, and 5
modules are from the ResCNN-CIFAR TMs. As shown in the 3rd row of Table 12, the test accuracy of the CM
composed of these 10 modules is 87.24%. Compared to the best TM, i.e. the ResCNN-CIFAR TM with index 3, the
improvement in accuracy is 5.36%. Table 12 also shows the results of inter-network reuse for the other seven
cases. In all eight cases, the CMs outperform the corresponding best TMs with an average improvement of 5.14%
in accuracy.
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Table 11. The evaluation results of modules of 10 SimCNN-CIFAR TMs and 10 ResCNN-CIFAR TMs in terms of F1-score on
module evaluation dataset. The test accuracy of the TMs is presented in the last row for comparison. All results in %.

TC
TM SimCNN-CIFAR ResCNN-CIFAR

0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9

0 81.62 76.75 80.60 86.27 77.20 77.73 72.04 84.58 77.88 81.13 78.37 75.73 81.48 79.59 83.25 75.26 81.98 84.92 72.94 84.01
1 92.09 88.67 90.13 90.09 78.82 77.68 82.32 91.04 87.84 85.87 92.57 89.31 88.83 89.98 81.84 87.82 89.18 86.36 87.07 90.13
2 74.03 68.90 74.16 70.74 75.76 78.62 70.53 78.01 50.36 53.42 72.23 72.11 75.85 69.89 72.80 75.13 74.40 74.01 50.71 53.10
3 60.76 59.70 64.15 67.18 64.07 62.84 59.06 66.17 65.09 63.66 64.77 65.02 62.38 72.64 64.10 59.83 68.98 66.93 68.83 63.55
4 70.46 81.98 81.29 69.19 81.73 74.48 62.82 81.15 75.63 80.18 66.52 81.40 75.90 82.24 68.10 63.38 61.18 85.58 76.06 80.28
5 74.33 76.78 60.40 74.93 35.09 67.11 72.88 60.63 71.22 69.18 68.24 73.12 61.89 75.28 64.65 72.36 76.14 58.78 70.34 67.65
6 84.70 74.14 72.78 75.52 84.26 86.57 83.02 83.73 85.32 74.11 82.40 78.55 82.17 85.14 86.10 82.11 86.82 85.43 83.26 68.41
7 76.61 79.17 72.57 88.38 81.92 84.40 80.79 84.40 82.13 84.11 79.56 80.00 71.56 86.49 83.87 79.31 82.09 84.68 82.85 83.45
8 89.73 79.79 88.29 88.74 80.08 88.02 84.28 89.69 80.10 83.06 89.80 73.97 89.04 84.29 84.87 86.94 86.03 84.38 79.51 87.91
9 91.61 83.33 82.94 88.43 76.96 83.26 83.53 81.34 84.26 85.57 85.15 80.60 85.20 86.82 83.97 82.87 88.89 83.78 87.23 84.80

Acc. 79.28 78.45 77.80 80.10 77.19 79.66 77.30 81.01 77.23 78.20 80.16 78.99 77.53 81.88 78.09 77.93 81.06 80.88 76.85 77.00

Table 12. Inter-network reuse. All results in %.

Dataset CNN
Accuracy

Improvement

Best TM CM

CIFAR-10

SimCNN-ResCNN 81.88 87.24 5.36
SimCNN-InceCNN 83.06 87.18 4.12
ResCNN-InceCNN 83.06 86.95 3.89

SimCNN-ResCNN-InceCNN 83.06 87.34 4.28

SVHN

SimCNN-ResCNN 87.51 93.35 5.84
SimCNN-InceCNN 87.51 93.17 5.66
ResCNN-InceCNN 85.07 91.23 6.16

SimCNN-ResCNN-InceCNN 87.51 93.35 5.84

Average 5.14

Both intra-network reuse and inter-network reuse demonstrate that, using GradSplitter, a composed CNN
model with higher accuracy than all the trained CNN models can be developed through modularization and
composition. Overall, the average improvement on all 14 cases (6 cases for intra-network reuse and 8 cases
for inter-network reuse) is 5.18%. Furthermore, comparing intra-network reuse (shown in Table 10) with inter-
network reuse (shown in Table 12), we found that the more candidate modules there are, the higher the accuracy
of the CM. For instance, as shown in Table 12 (Row 3) and Table 10 (Rows 3 and 4), the CM composed of the
modules from SimCNN-CIFAR TMs and ResCNN-CIFAR TMs outperforms the CM composed of the modules only
from SimCNN-CIFAR TMs or only from ResCNN-CIFAR TMs. This suggests that GradSplitter is promising and
can beneit from a large number of shared modules.

Both intra-network and inter-network reuse can develop accurate composed CNNmodels, and the average
accuracy improvement is 5.18%. Experimental results demonstrate the feasibility of reusing modules
generated by GradSplitter to build more accurate models.

RQ4: Can a CNN model for a new task be built through modularization and composition while main-
taining an acceptable level of accuracy?

1) Setup. For a new task, if existing models cannot satisfy the functional requirement, a developer can only
reuse the model structure and retrain the model from scratch (the retrained model is referred to as RTM for short).
However, through modularization and composition, the modules of existing models can be reused to create a CM
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Table 13. The results of reusing SimCNN modules for developing CMs for new tasks. The row łCž and column łSž indicate
the class index of CIFAR10 dataset and SVHN dataset, respectively. All results are test accuracy and are in %.

S
C

0 1 2 3 4 5 6 7 8 9

RTM CM RTM CM RTM CM RTM CM RTM CM RTM CM RTM CM RTM CM RTM CM RTM CM
0 99.95 99.09 100.0 98.91 99.85 96.54 99.37 92.06 99.90 99.50 99.66 96.33 99.90 99.45 99.90 99.04 99.80 99.31 99.85 99.54
1 99.76 98.63 99.95 99.06 99.81 95.19 99.66 93.12 99.74 99.18 99.71 97.35 99.92 98.91 99.81 98.75 99.84 99.10 99.97 99.41
2 99.74 98.46 99.84 98.77 99.74 94.65 99.59 91.94 99.87 99.01 99.62 96.83 99.81 99.49 99.81 98.70 99.68 98.30 99.94 99.18
3 99.42 96.87 99.78 97.19 99.33 94.06 98.29 86.10 99.60 98.13 99.78 90.77 99.85 98.21 99.75 97.77 99.78 97.92 99.85 99.19
4 99.76 96.41 99.92 98.19 99.75 96.34 99.15 91.14 99.24 98.61 99.61 94.72 99.76 98.82 99.72 98.05 99.88 97.78 99.88 98.89
5 99.80 98.31 99.92 98.82 99.67 95.22 99.56 89.00 99.71 98.97 99.64 95.46 99.88 99.00 99.71 99.05 99.79 98.74 99.84 98.89
6 99.86 98.48 99.95 98.61 99.72 96.63 99.45 92.23 99.68 99.16 99.64 95.51 100.0 99.32 99.86 98.86 99.91 98.17 100.0 99.32
7 99.81 98.19 99.95 98.56 99.72 93.26 99.54 91.36 99.76 98.81 99.77 96.77 100.0 99.17 99.81 98.56 99.86 99.13 100.0 99.13
8 99.85 97.56 99.95 98.40 99.75 96.63 99.07 84.18 99.71 98.31 99.76 93.14 100.0 98.67 99.80 98.46 100.0 98.77 100.0 98.92
9 99.64 98.36 99.90 98.84 99.46 94.63 99.38 87.35 99.58 98.84 99.69 93.84 99.84 99.17 99.84 98.74 99.69 98.48 99.84 98.64

Table 14. The summarized results of reusing modules for developing CMs for new tasks. All results are test accuracy and are
in %.

CNN RTM CM Loss

SimCNN 99.75 97.10 2.65

ResCNN 99.75 97.22 2.53

InceCNN 99.83 97.64 2.19

Average 2.46

that satisies the task without costly retraining. Speciically, to develop a CM for a new task, each class of the
task is treated in turn as TC, and the candidate modules are evaluated on the module evaluation dataset. Then,
for each class, the module that achieves the best classiication result is recommended to be reused. For instance, a
new binary classiication task is to classify two classes that come from CIFAR-10 and SVHN, respectively. The
modules from SimCNN-CIFAR TMs and SimCNN-SVHN TMs (produced in RQ3) can be composed to satisfy the
binary classiication task. Moreover, the test accuracy of a CM should be close to that of the RTM. The RTM is
obtained by retraining SimCNN on the binary classiication dataset from scratch with the settings described in
RQ1, except that the number of epochs is changed to 30.

2) Results. Table 13 shows the test accuracy of RTMs and CMs. A binary classiication task is formed by one of
CIFAR-10’s 10 classes and one of SVHN’s 10 classes, for a total of 100 binary tasks. CM refers to the composed
model constructed by the best module from the 10 SimCNN-CIFAR models and the best module from the 10
SimCNN-SVHN models. RTM refers to the binary classiication SimCNN trained from scratch. The time cost
caused by training a binary model from scratch is 150 seconds for SimCNN and ResCNN (calculated by 5 seconds
per epoch times 30 epochs), and 180 seconds for InceCNN (calculated by 6 seconds per epoch times 30 epochs).
Table 14 summarizes the results of reusing SimCNN, ResCNN, and InceCNN modules, showing the average test
accuracy of 300 RTMs and 300 CMs, respectively. The results show that the accuracy of CMs is slightly lower than
that of RTMs. Compared to retraining a model from scratch, reusing modules causes an average accuracy loss of
2.46%.

The loss of test accuracy could be due to a slight decrease inmodule recognition ability caused bymodularization
(see RQ1). On the other hand, since each module in a CM has not processed the samples belonging to non-TC
during training the TM, the modules could misclassify non-TC during prediction. For example, the SimCNN-CIFAR
modules have not processed the samples from SVHN during training SimCNN-CIFAR models and thus could
misclassify. Overall, compared to the model trained from scratch, the composed CNN models can achieve similar
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Table 15. Overhead for modularization.

Dataset CNN
Time GPU

Memory
time per epoch total time

CIFAR-10
SimCNN 28 sec 67 min 3.9 GB
ResCNN 32 sec 77 min 5.7 GB
InceCNN 56 sec 136 min 8.9 GB

SVHN
SimCNN 33 sec 79 min 3.9 GB
ResCNN 36 sec 88 min 5.7 GB
InceCNN 57 sec 138 min 8.9 GB

Average 40 sec 98 min 6.1 GB

accuracy. The experimental results demonstrate that reusing modules to build a new CNN model for a new task
is feasible.

Compared to the models retrained from scratch, the composed models can achieve similar accuracy
(the average loss of accuracy is only 2.46%). Experimental results demonstrate that it is feasible to reuse
modules to build CNN models for new tasks.

RQ5: How eicient is GradSpliter in modularizing CNN models and how eicient is the composed CNN
model in prediction?
Besides the accuracy of CMs, the modularization eiciency of GradSplitter and the prediction eiciency of

CMs are also of concern. Speciically, decomposing a trained CNN model should not bring too much time and
computational overhead to developers. Also, the composed CNN models should not incur too much additional
overhead than the trained CNN models in the prediction phase.

Overhead forModularization. Table 15 shows the overhead for decomposing a trained CNNmodel, including
time overhead and computational overhead (i.e. the GPU memory usage). The time and computational overhead
is brought by training masks and heads. For each pair of dataset and CNN, there are 10 trained CNN models
(introduced in RQ3); thus, the values of time overhead and the GPU memory usage presented in Table 15 are
the average values of 10 models. On average, the time overhead per epoch is 40 seconds, and the total time for
decomposing a trained CNN model is 98 minutes. The time overhead on SVHN is larger than that on CIFAR-10, as
the former has more data than the latter. For diferent CNNs, the time overhead for modularization is positively
correlated with the number and the size of convolution kernels in the CNN. ResCNN has more convolution
kernels than SimCNN; thus, the time overhead for ResCNN is larger. Since the convolution kernel size of InceCNN
is 5×5, which is larger than that of SimCNN and ResCNN (i.e. 3×3), the time overhead for InceCNN is the largest.
The GPU memory usage is also positively correlated with the number and the size of convolution kernels; thus,
the GPU memory usage for ResCNN is larger than SimCNN, and the GPU memory usage for InceCNN is the
largest. On average, the GPU memory usage is 6.1GB. The experimental results demonstrate that both time
overhead and computational overhead are not expensive.
Moreover, modularization can be a one-time and oline process performed by the model sharer. With the

shared modules, third-party developers could build models without costly training. For instance, modularization
on SimCNN-CIFAR10 and SimCNN-SVHN takes approximately 146 minutes (calculated by 67��� + 79���). The
resulting modules can be used to build 100 binary classiication CMs without additional training. In contrast,
training 100 binary classiication SimCNN models from scratch would take about 250 minutes (calculated by
150� × 100 ÷ 60). Although training a single binary classiication model is cost-efective, the total time costs could
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Table 16. Prediction overhead in parallel prediction mode. łInc.ž denotes the increased overhead of CMs over TMs.

Dataset CNN
Time (s) GPU Memory (MB)

TM CM Inc. (%) TM CM Inc. (%)

CIFAR-10
SimCNN 4.0 2.6 -35.0 405.4 3303.4 714.9
ResCNN 5.4 3.5 -35.2 441.1 3579.0 711.4
InceCNN 9.0 7.4 -17.8 727.0 5949.5 718.3

SVHN
SimCNN 8.8 6.2 -29.5 405.4 3265.8 705.7
ResCNN 12.3 7.3 -40.7 441.1 3194.1 624.1
InceCNN 21.8 18.9 -13.3 727.0 5338.6 634.3

Average 10.2 7.7 -28.6 524.5 4105.1 684.8

be signiicant when dealing with a large number of models. For model sharing platforms with a massive user
base, the value generated by avoiding retraining through modularization may be even more substantial.

Overhead for Reusing. The overhead for reusing refers to the prediction overhead of the composed models
(CMs), which consists of time overhead and GPU memory usage. Since the time overhead for predicting a single
input is very small, it is measured using all test data. The GPUmemory usage comes from two sources: the weights
of a TM/CM and the intermediate results, which can be measured using the open-source tool torchsummary [65].
Since each module can be reused as a binary classiier, there are two prediction modes for the CM, including
parallel prediction and serial prediction. In parallel prediction, the modules within a CM predict simultaneously,
while in serial prediction, the modules predict sequentially (one after the other). The time overhead and GPU
memory usage for the CM prediction vary in diferent modes.

Table 16 shows the time overhead and GPU memory usage for TMs and CMs in parallel prediction. As a module
retains only about 44% convolution kernels (shown in Table 8), the time overhead of a module is less than that
of the corresponding TM. In parallel prediction, a CM predicts through executing the modules in parallel; thus,
the time overhead of a CM is less than that of the corresponding TM. For all pairs of datasets and CNNs, the
CM incurs less time overhead than the TM. On average, reusing modules reduces the average prediction time
overhead by 28.6%. For the GPU memory usage, a CM requires more GPU memory than the corresponding TM,
as the former has more convolution kernels and intermediate results. On average, the GPU memory usage for a
TM and a CM is 524.5MB and 4105.1MB, respectively. And reusing modules increases the average GPU memory
usage by 684.8%.
Table 17 shows the time overhead and GPU memory usage for TMs and CMs in serial prediction. Though

a module incurs less time overhead than the corresponding TM, 10 modules predicting in serial incurs more
time overhead than the corresponding TM. On average, reusing modules increases the average prediction time
overhead by 770.6%. For the GPU memory usage, reusing modules increases the average GPU memory usage by
55.88%. A CM requires more GPU memory than the corresponding TM; however, the additional GPU memory
usage is much less than that in parallel prediction. Since modules are executed in serial, only one module produces
intermediate results at each moment. Consequently, the GPU memory usage for a CM consists of the weights of
all modules and the intermediate results of only one module; hence the serial prediction takes much less GPU
memory usage than the parallel prediction.

In serial prediction, CMs based on ResCNN and InceCNN increase the GPU memory usage by 12.8% and 3.7%
on CIFAR-10 and 3.2% and 0.6% on SVHN, respectively. Compared to CMs based on SimCNN, CMs based on
ResCNN and InceCNN incur much less GPU memory usage, as the ResCNNmodules and InceCNNmodules retain
fewer weights of the corresponding TM. SimCNN has 3 FC layers, with only one FC layer connecting to the inal
convolutional layer having its weights reduced. ResCNN and InceCNN both have a single FC layer that connects
to the inal convolutional layer and has its weights reduced. Compared to SimCNN modules, ResCNN modules
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Table 17. Prediction overhead in serial prediction mode. łInc.ž denotes the increased overhead of CMs over TMs.

Dataset CNN
Time (s) GPU Memory (MB)

TM CM Inc. (%) TM CM Inc. (%)

CIFAR-10
SimCNN 4.0 37.1 827.3 405.4 1040.7 156.7
ResCNN 5.4 43.4 703.3 441.1 497.6 12.8
InceCNN 9.0 79.6 784.4 727.0 753.8 3.7

SVHN
SimCNN 8.8 90.4 926.7 405.4 1046.9 158.3
ResCNN 12.3 89.3 625.9 441.1 455.3 3.2
InceCNN 21.8 186.6 756.1 727.0 731.2 0.6

Average 10.2 87.7 770.6 524.5 754.3 55.88

and InceCNN modules retain fewer weights of the corresponding TM, resulting in less GPU memory usage. The
experimental results indicate that GradSplitter is more suitable for CNNs with fewer FC layers. Fortunately, the
trend in CNN model design is to reduce the number of FC layers [32]. For instance, the FC layers are replaced
with average pooling layers in recent work [21, 25, 71].

When comparing parallel and serial prediction, there is a trade-of between time overhead and GPU memory
usage. With suicient GPU memory, reusing modules in parallel prediction not only achieves better accuracy
than the TM but also speeds up the prediction. With limited GPU memory, reusing modules in serial prediction
can improve accuracy while incurring only a small increase in GPU memory usage.

Modularization only incurs low time and computational overhead. In prediction, CMs incur additional
overhead; however, running modules in parallel can balance the time overhead and GPU memory usage.
In the case of all modules running in parallel, the time overhead of CMs can be signiicantly lower than
that of TMs.

7 DISCUSSION

This section discusses the diference between compressed and uncompressed modularization techniques, as well
as the threats to the validity of the proposed approaches and experimental results.

7.1 Compressed Modularization vs. Uncompressed Modularization

CNNSplitter and GradSplitter are compressed modularization approaches that remove convolution kernels, instead
of individual weights, from a trained CNN model (TM). The module generated by compressed modularization has
fewer weights than the TM. On the contrary, uncompressed modularization [43, 44] removes individual weights or
neurons from a TM and generates modules with sparse weight matrices (as illustrated in Figure 12). As a result, a
module has the same number of weights as the TM, and the prediction overhead of a CM could be signiicantly
higher than that of the TM due to much more weights.
To understand the limitations of uncompressed modularization, we analyze the open source project [55]

published by Pan et al. [44], including source code iles and the experimental data (e.g. the trained CNN models
and the generated modules). Based on the default settings and the published experimental data, we run the project
to evaluate how much additional prediction overhead the CM requires compared to the TM. In that project, the
test dataset is CIFAR-10, and the CM is composed of 10 modules. Since the CM in that project runs each module
serially to predict, we only discuss the overhead for the serial prediction mode.
For the TM, the prediction time overhead is 2.2s, while the time overhead of the CM is 4542.6s. The results

show that reusing the modules generated by the uncompressed modularization approach [44] increases the
prediction time overhead by 2,064.8%. The signiicant additional time overhead is caused by (1) serial prediction
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Fig. 12. An illustration of the two types of modularization

and (2) the additional operations (i.e. setting the values of neurons to zero according to the map). Since each
module in the CM has the same number of weights as the TM, 10 modules predict serially causing about 10 times
(1,000%) overhead than the TM. Moreover, given an input image, the output (i.e. a vector of neuron values) of
each convolutional layer cannot be fed directly to the next layer, as part of neuron values in the output need to
be set to zeros.
The computational overhead (i.e. GPU memory usage) comes from two sources: the weight matrices in the

TM/CM and the intermediate results. As a module has the same number of weights as the TM, the additional
overhead incurred by more weights is about 1,000%. On the other hand, there are more additional intermediate
results in the CM due to the additional operations, which incurs more overhead. Since the additional operations
are custom operations (e.g. iterating the map) that are not integrated into modules as a layer, the overhead caused
by intermediate results cannot be computed using existing open-source tools. Complex manual computations
are required; thus, the overhead of intermediate results is not discussed here. Overall, in [44], reusing modules
increases the prediction time overhead by 2,064.8% and the computational overhead by about 1,000%.
Consequently, compressed modularization, such as GradSplitter proposed in this paper, can decompose a

trained CNNmodel into small modules with fewer weights. The additional prediction overhead in serial prediction
mode is signiicantly less than that of the uncompressed modularization approach.

7.2 Threats to Validity

External validity: Threats to external validity relate to the generalizability of our results. First, some CNN
models have diferent structures and sizes compared to SimCNN, ResCNN, and InceCNN. The results might
not be generalizable to these CNN models. For instance, CNNSplitter’s performance is subject to the size of
search space exponentially, leading to a trade-of between the eiciency and quality of modularization. It remains
to be validated whether the default settings, such as the number of groups, can achieve a good balance for
diferent models. Second, the results are not validated on other datasets for diferent tasks. However, SimCNN,
ResCNN, and InceCNN are representative CNN models, and their structures are widely used in various tasks.
Many diferent CNN models can be seen as variants of SimCNN, ResCNN, and InceCNN. In addition, CIFAR-10,
CIFAR-100, and SVHN are representative datasets and are widely used for evaluation in related research [13, 44].
In our future work, more experiments will be conducted on a variety of CNN models and datasets to alleviate
this threat. Finally, a threat relates to the conclusion that a composed model will outperform trained models. In
our experiments, the performance of models trained on diferent sampled distributions could vary (See RQ3);
thus, a composed model could outperform trained models by combining their advantage in classifying diferent
classes. However, if models are trained on a similar distribution, the conclusion may not necessarily hold.

Internal validity: An internal threat comes from the implementation of trained CNN models. The results of
modularization and composition could vary in diferent training settings, such as hyperparameters and training
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strategies. In our experiments, the training settings follow the common settings [21, 64, 70], which are widely
used.
Construct validity: In this study, a threat relates to the suitability of our evaluation metrics. The accuracy

and the number of retained convolution kernels are used as the metrics to evaluate modularization. Moreover,
the accuracy, time overhead, and GPU memory usage are used to evaluate the composed model. These metrics
have also been used in other related work [43, 44].

8 RELATED WORK

8.1 Modularization of Deep Neural Networks

Neural network modularization [3, 4, 6, 24, 31, 43, 44, 52, 53, 61, 79] has attracted increasing interest in both
the AI and SE communities. We classify existing works into three categories: modularizing before, while, and
after training. Modularizing before training [3, 4, 6, 31, 61, 79] refers to adopting a modular design during the
phase of building model architecture. For instance, Mixture-of-Experts (MoE) [11, 31, 61] is a typical modular
design. The MoE layer consists of multiple experts (similar to modules), each being a fully connected neural
network. It also has a gating network that selects a combination of experts to process each input. Through such
modular design, these works aim to signiicantly increase model capacity without a proportional increase in
computational overhead.

Diferent from the aforementioned work, our work belongs tomodularizing after training [24, 43, 44, 52], which
focuses on decomposing a trained DNN model into modules, with each module responsible for one subtask of the
trained model. Existing approaches [24, 43, 44] design heuristic metrics based on neuron activation to indirectly
measure the relevance between weights (or neurons) and sub-tasks. They then remove irrelevant neurons or
weights from the model by setting them as zeros to generate modules. These modularization approaches could
have limitations in practice, as the size of the weight matrix of a module is the same as that of the original trained
model, resulting in a composed model incurring several times higher prediction overhead than the original model.
In contrast, our work is search-based, which allows for a more direct measurement of the relevance between
weights and subtasks according to the impact of weight removal on modules’ performance for subtasks. Moreover,
our work realizes modularization with reduced network size, helping to decrease the overhead of module reuse.
In addition, Qi et al. [53] recently propose a new paradigm of modularization, namely modularizing while

training (MwT). MwT introduces the concepts of cohesion and coupling from modular development into the
process of training common DNN models from scratch. It designs cohesion and coupling loss functions and
guides the training process to follow the modular criteria of high cohesion and low coupling. In contrast, our
work belongs to modularizing after training, focusing on decomposing trained models.

8.2 Reusing Deep Neural Networks

Our work is related to the work on model reuse, such as direct reuse [39, 75] and transfer learning [9, 10, 45, 81].
Direct model reuse aims to recommend a trained model for developers and enables developers to reuse the model
for their new tasks directly. For instance, Wu et al. [75] use the reduced kernel mean embedding (RKME) as a
speciication for a trained model and then recommend a trained model according to the relatedness of the new
task and trained models, which is measured based on the value of the RKME speciication. Transfer learning
techniques develop a new model by reusing the entire or a part of a model trained on the other dataset and then
ine-tuning the reused model on the new dataset. For instance, BERT [9] can be used to develop new models
for various downstream tasks by changing the heads (i.e. the output layers) and ine-tuning on the new dataset.
The techniques mentioned above reuse an entire (or vast majority of) trained model, while our work reuses the
optimal modules through modularization.
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8.3 DNN Debugging

Existing DNN debugging techniques improve DNNs mainly by providing more training data [38]. One of the
mainstream DNN debugging techniques is the generation technique [5, 72, 77, 83], which generates new training
samples that are similar to the provided input data samples. For instance, DeepHunter [77] and DeepTest [72] gen-
erate new images by mutating an original image with metamorphic mutations such as pixel value transformation
and aine transformation. DeepRoad [83] and infoGAN [5], both based on generative adversarial networks, train
a generator and a discriminator and then use the generator to generate new images. Another popular technique
is the prioritization technique [13, 74], which can ind the possibly-misclassiied data from massive unlabeled
data. The possibly-misclassiied data, rather than total data, are manually labeled irst and added into the training
dataset to improve a DNN. Unlike the existing DNN debugging techniques focusing on retraining models with
more training data, this work focuses on patching models without retraining.

8.4 Neural Architecture Search

Neural architecture search (NAS) techniques [35, 56] construct the optimal neural network structure by searching
combinations of network layers, layer connections, activation methods, and so on. CNNSplitter searches modules
from a trained CNN model. Apart from their diferences in objectives, there are some other diferences between
CNNSplitter and NAS. For instance, genetic CNN [35] encodes CNN model architectures into bit vectors and
applies a genetic algorithm to search. Each bit of a bit vector represents whether or not a connection between
two convolutional layers is required. While in CNNSplitter, each bit of bit vectors represents whether a kernel
group is retained; thus, the approach of genetic CNN cannot be directly applied to modularization. Moreover,
CNNSplitter includes three heuristic methods (see Section 3) to improve the eiciency of search, which are also
diferent from genetic CNN.

8.5 DNN Pruning

DNN pruning techniques [14, 19, 30, 59, 85] are employed to remove weights that are not important for the whole
task, resulting in a smaller model and reducing the resources and time required for inference on the initial task.
For instance, magnitude-based pruning [14, 32, 40, 59, 85], which is one of the mainstream techniques, iteratively
prunes the individual weights [14, 59, 85] or convolution kernels [32, 40] with the smallest absolute values and
trains the retained weights or kernels to recover from pruning-induced accuracy loss. In contrast, our work
removes convolution kernels that are irrelevant to the sub-task (i.e. classifying one of all classes) to decompose
the model into modules, thus facilitating model development and improvement through module reuse.

9 CONCLUSION

In this work, we explore how a trained CNN model can be decomposed into a set of smaller and reusable
modules. The resulting modules can be reused to construct completely diferent CNN models or more accurate
CNN models without costly training from scratch. We propose two compressed modularization approaches
including CNNSplitter and GradSplitter to address the modularity issue of CNN models with a genetic algorithm
and gradient-based optimization, respectively. We also propose a module evaluation method to guide module
reuse, thus providing a new solution for developing accurate CNN models. We have evaluated CNNSplitter and
GradSplitter with three representative CNN models on three widely-used datasets. The experimental results
conirm the efectiveness of our approaches.

In the future, we will explore search-based modularization on more neural networks, such as Transformers at
the granularity of attention heads, and further study the modularization and module reuse on large language
models such as GPT. Additionally, hierarchical modularization, such as decomposingmodels based on the semantic
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hierarchy of ImageNet, where a module could be further decomposed into more granular modules, holds potential.
This approach could enhance the lexibility of module reuse and the comprehension of model properties.

Our source code and experimental data are available at https://github.com/qibinhang/CNNSplitter and
https://github.com/qibinhang/GradSplitter.
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