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Abstract— Deep neural networks (DNNs) have demonstrated
remarkable success in various fields. However, the large number
of floating-point operations (FLOPs) in DNNs poses challenges for
their deployment in resource-constrained applications, e.g., edge
devices. To address the problem, pruning has been introduced
to reduce the computational cost in executing DNNs. Previous
pruning strategies are based on weight values, gradient values
and activation outputs. Different from previous pruning solutions,
in this paper, we propose a class-aware pruning technique to
compress DNNs, which provides a novel perspective to reduce
the computational cost of DNNs. In each iteration, the neural
network training is modified to facilitate the class-aware pruning.
Afterwards, the importance of filters with respect to the number
of classes is evaluated. The filters that are only important for
a few number of classes are removed. The neural network is
then retrained to compensate for the incurred accuracy loss.
The pruning iterations end until no filter can be removed
anymore, indicating that the remaining filters are very important
for many classes. This pruning technique outperforms previous
pruning solutions in terms of accuracy, pruning ratio and the
reduction of FLOPs. Experimental results confirm that this class-
aware pruning technique can significantly reduce the number of
weights and FLOPs, while maintaining a high inference accu-
racy. Our code is available at https://github.com/HWAI-TUDa/
Class-Aware-Pruning

1. Introduction

Deep neural networks (DNNs) have achieved significant
success in various fields, e.g., computer vision [1]], and natural
language processing [2]. However, their significant success
comes with an increasing number of parameters and multiply-
accumulate (MAC) operations as well as floating-point op-
erations (FLOPs). For instance, ResNet-50, a widely used
convolutional neural network for image classification, contains
25.6 million parameters and requires approximately 4.1 billion
MAC operations and thus 8.2 billion FLOPs to process an
RGB image with 224 x224 pixels. The huge number of MAC
operations and FLOPs prevents the application of DNNs in
resource-constrained platforms, e.g., edge devices.

To reduce the computational cost of DNNSs, various tech-
niques, e.g., pruning [3[][4]], quantization [S][6], and knowledge
distillation [[7][8]], have been proposed at the software level.
Pruning refers to the removal of unnecessary weights in DNNs
according to a specific criterion. According to the granularity
of pruning, it can be categorized into unstructured pruning and
structured pruning. Unstructured pruning removes individual
weights without considering their structures. For example,
in [9], weights with small absolute values are pruned. [10]]
proposes a weight pruning technique that removes weights
based on the product of weight values and their gradients. [11]
adjusts the neural network training to punish the number of
non-zero parameters, so that more weights can be reduced to

zero after training. [12] iteratively prunes the weights that have
low products of the their values, gradients, and the second-
order gradients.

Unstructured pruning can achieve a high pruning rate.
However, the weight matrix after unstructured pruning tends
to be irregular, which is not efficient for digital hardware. To
address this challenge, structured pruning has been introduced
to prune groups of weights, such as filters [13]], layers [14],
or weight blocks, e.g., residual blocks in ResNet [15][16].
Among structured pruning, filter-wise pruning is a widely
used pruning technique since it provides a relatively fine
granularity for compressing DNNs. To prune filters, criteria
such as weights [[17][[18]], activation outputs [[19][20], gradients
[21]], and specific parameters [22] are usually used to guide
the pruning process. For example, [23] remove the weight
of filters based on their absolute values. [24] calculates the
average percentage of zero activation outputs of filters and
removes those filters that generate activation outputs with a
large percentage of zeros. [25] prunes filters based on both
activation outputs and their gradients.

In this paper, we propose a class-aware pruning technique to
compress DNNs. In this technique, we evaluate the importance
of each filter with respect to the number of classes. By
removing filters that are important for only a few classes,
the number of FLOPs in DNNs can be reduced significantly
while still maintaining high inference accuracy. The main
contributions of this work are summarized as follows:

o This paper proposes a class perspective to prune filters.
Instead of using the values of weights, gradients, or
activation outputs, the importance of filters with respect
to the number of classes is used as a novel criterion to
compress DNNS.

o To facilitate the class-aware pruning, we propose to
modify neural network training to push the network to
generate a clear differentiation between important and
unimportant filters.

o The importance of filters with respect to the number of
classes is quantitatively defined. With this importance
indicator, filters that are important for only a few classes
are pruned iteratively. The network is then retrained to
compensate for the incurred accuracy loss.

o Experimental results demonstrate that the proposed class-
aware pruning method can reduce the number of FLOPs
by up to 77.1% while still maintaining a high inference
accuracy. In addition, compared with other pruning meth-
ods, the proposed method achieves a higher accuracy with
a larger pruning rate and the reduction of FLOPs.
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The rest of this paper is organized as follows. Section
describes the background and motivation of this work. Section
explains the evaluation of the importance of filters and the
pruning strategy. Section and [V] present the experimental
results and conclusions, respectively.

II. Background and Motivation
A. Background

Pruning removes unnecessary weights and thus reduce the
number of MAC operations and FLOPs. Unstructured pruning
removes weights without considering their structures. The
resulting sparse weight matrix is not friendly for hardware
platforms, e.g., systolic array in Google’s TPU, to execute,
since a lot of zero weight values still need to be processed on
hardware or additional hardware overhead is required to skip
such zero values [26]]. Different from unstructured pruning,
structured pruning considers the structures of weight matrices
for pruning. For example, filter-wise pruning removes whole
filters. Accordingly, such a pruning strategy is friendly for
hardware implementations.

Previous work on structured pruning such as filter-wise
pruning removes weights of filters typically based on three
criteria, namely weight values, the values of the activation
outputs generated by the filters and gradients of weights. For
example, [23[][18] remove the filters based on the absolute
values of their weights. [13] prunes filters based on the sum
of square roots of their weights. [17] eliminates filters based
on both the absolute weight values and the reduction of
FLOPs incurred by this filter pruning. [27] introduces filter-
wise regularization and adjusts the training to generate more
filters with zero values.

Different from weight-based criterion, activation output
criteria are motivated by the output feature maps generated
by filters. For example, [24]] evaluates the average percentage
of zeros in activation outputs and removes those filters that
generate activation outputs with a large percentage of zeros.
[19] determines the rank of feature maps using the singular
value decomposition (SVD) and removes those filters that
generate low-rank feature maps. Similar to [19]], [20] evaluates
the values of the singular values of feature maps in the SVD
decomposition and removes filters that generate feature maps
with low singular values.

Gradient-based criterion evaluates filters of weights through
gradients derived from the back-propagation process in train-
ing. For example, [25] prunes filters based on both activation
outputs and their gradients. Unlike [25], [28] prunes filters
based on the average product of weights and their gradients
within a filter. [[29] uses scaling factors and their gradients for
filter pruning while minimizing scaling factors in training.

B. Motivation

Different from previous pruning solutions, we introduce a
novel class-aware perspective to prune filters. The class is
defined as a set of input images sharing the same label, e.g.,
cat. The basic concept of this class-aware pruning is that
neurons/filters contribute to different numbers of classes in
image classification since images of different classes trigger
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different neuron paths across layers [30]. For example, a
neuron/filter can be important for the classification of several
classes since it locates on the neuron paths of these classes.
Another neuron/filter can be important for only one class, since
it is located only on the neuron/filter path of this class.

Figure (1| illustrates the class-aware pruning concept, where
a fully-connected neural network with four layers is used to
classify three classes, deer, horse and airplane. Assume that the
neuron importance with respect to the number of classes has
been evaluated. It can be seen from this figure some neurons
contribute only to one of the three classes, while other neurons
are important for two classes and even three classes. The
neurons with white color contribute to none of the classes
and can be pruned completely. It might also be possible to
prune those neurons that are only important for one class and
adjust the neural network by retraining, so that the remaining
neurons can compensate for the accuracy loss of this pruning.
With this class-aware pruning, the remaining neurons in the
network are important for at least two classes, indicating that
they are useful for image classifications. In this figure, neurons
are used as an example to explain their importance differences
with respect to the number of classes. However, the class-
aware concept can also be applied to filter-wise pruning.

III. Proposed Class-Aware Pruning Method

In this section, the proposed class-aware pruning method
is presented. The pruning process begins with a modified
training of neural networks for facilitating class-aware pruning,
as described in Section III-A. The importance scores of filters
with respect to the number of classes are then evaluated in
Section III-B. After this evaluation, filters with low importance
scores will be removed iteratively. Neural networks are then
fine-tuned to compensate for the incurred accuracy loss in each
pruning iteration. The pruning and fine-tuning strategies are
described in Section III-C. The overall class-aware pruning
framework is provided in Section III-D.

A. Modified Neural Network Training

To train a neural network to facilitate the class-aware
pruning, we modify the cost function as follows. This modified
cost includes three parts, namely the original cross entropy
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Fig. 2. Reshaping weights of filters in a convolutional layer to match the
flattened input feature map.

Lce, L1 regularization and the orthogonality term L,.¢5:
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where A\; and A5 are coefficients for £, and L,.+p,, respec-
tively. W, is the weight matrix in the [th layer. H and [
are the number of layers in the network and an identity
matrix, respectively. K is a transformed matrix for weights of
filters in a convolutional layer. An example of weight matrix
transformation is illustrated in Figure 2] where the convolution
operations between a filter K with a size 1 X 2 X 2 and an
input X with a size 3 x 3 are performed with a stride of one.
To use each input value in X once in this convolution process,
the filter K is transformed to a 4 x 9 sparse matrix /C, where
each row represents the original filter sliding over different
positions on the input data. With a stride of one, the offset
for consecutive rows is one. Multiplying /C with the flattened
input generates the same output as the convolution operation.
The motivation for using £, regularization is to push neural
networks to generate sparse weight matrices. The filters with
many zero values are usually not important for many classes,
so that they can be pruned. Different from £; regularization,
Loty aims to push neural networks to learn orthogonal filters
that can capture diverse features, which has been deployed in
[31] to enhance the inference accuracy of neural networks.
Such orthogonal filters can be useful for many classes. By
combining these two regularization terms, the training of
neural networks will be adjusted to generate a polarized
importance score distribution of filters, facilitating a clear
differentiation between important and unimportant filters.
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B. Evaluation of Importance Scores for Filters

To quantitatively evaluate how many classes a filter is
important for, we first estimate the importance score of this
filter with respect to one class, e.g., cat. The importance scores
of the filter with respect to all classes are added together as
the total importance score.

To evaluate the importance score of a filter with respect
to a specific class, a given number of images of this class
in the training data are randomly selected. Such images are
then used to derive the sensitivities of activations in the output
feature map generated by this filter to the cost function of
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Fig. 3. An example of evaluating the importance score for one activation
output a% in the 1st filter for the 3rd class, namely cat, where 2 represents
the second activation output. Images (:1::;’, x%, Lo ,z?o) in the 3rd class are
the inputs for the network.

the pre-trained neural network. If their sensitivities are low,
the importance of this filter with respect to this class can be
considered as low.

To derive the sensitivity of an activation output generated
by the filter, we set this activation value to 0 and verify the
change of the cost function of the pre-trained neural network
for images of this class. For example, given the fth filter and
an input image x; which belongs to the nth class, e.g., cat,
in training dataset, the importance of the sth activation output

a{ can be evaluated as follows:
@(alf,xj) = ‘E(xj)—ﬁ(a:j;aif <—0)’ 3)
where a/ < 0 indicates that the activation a’ is set to zero.

K2 2
@(a{ ,x;) represents the importance of this output activation.
The importance of the remaining activation outputs gener-
ated by this filter can be evaluated similarly. However, this
evaluation requires a forward inference for each individual
activation output, which is time-consuming in practice. To
improve the computational efficiency, the importance score
evaluation is approximated using a first-order Taylor expansion
as follows. This method evaluates the importance scores of
all activation outputs generated by the filter by performing a

single backward propagation only once:
O'(af, a;) = [af 2E01) @

Oa;
where ©’ (a{ ,x;) is defined as the Taylor-score of an activation
output. If the Taylor-score of an activation output is near zero,
this activation can be considered not to contribute significantly
to this class. Accordingly, we define the importance score of

the activation output to the nth class as follows:

1, @’(a{,xj) > T

5
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s(af ;) =

where 7 is a threshold and was set to 107°% in the experiment.

To make the importance score more general, we select

several images of this class in the training dataset and derive

the average importance score of each activation output as
follows:

M
Save(al) = Z Ms(a{7 x;) (6)

j=1
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Fig. 4. Distribution of filter importance scores before and after pruning
in single layer. VGG16-CIFARI1O0: displayed is the first convolutional layer.
VGG19-CIFAR100: displayed is the third convolutional layer. ResNet56-
CIFAR10/100: displayed is the 40th convolutional layer.

where M is the selected number of images of this class in the
training dataset.

Equation [f] evaluates the importance score of only one
activation output generated by the filter. The importance scores
of the remaining activation outputs generated by the fth filter
can be evaluated similarly. The importance score of the fth
filter to the nth class is defined as the maximum importance
score of the activation outputs as follows:

)

S5 = Max{saue(ad), Save(a]), . ., Save(al)}

where Z is the number of activation output values generated
by the filter.

The derivation of the importance score of a filter to a class
is illustrated in Figure [3] where M images of the cat class
are selected to evaluate the importance score of a filter. The
output activation a3 is used as an example to illustrate the
evaluation of the importance score. The importance score of
the filter is the maximum value of the scores of activation
outputs generated by the filter.

The importance score of a filter with respect to the remain-
ing class can be evaluated in the same way. The total score of
a filter with respect to all classes is the sum of the importance
score with respect to each individual class. Figure {4 illustrates
the distribution of importance scores of filters in one layer
of VGG16, VGG19 and ResNet56 before pruning. According
to this figure, it is clear that a large number of filters are
not important for many classes so that they can be pruned to
compress neural networks.

C. Pruning and Fine-Tuning Strategies

After evaluating the importance scores of filters with the
method described above, those filters with low importance
scores should be pruned. Specifically, we remove those filters
with importance scores below a given threshold. Since differ-
ent datasets vary in the number of classes, different thresholds
should be used, e.g., 3 for CIFAR10 with 10 classes and 30
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Fig. 5. The proposed class-aware pruning framework.

for CIFAR100 with 100 classes. To maintain a fine pruning
granularity, we also restrict the pruning percentage in each
iteration, e.g., no more than 10%.

After removing those filters with low importance scores in
one iteration, the neural network is fine-tuned with the mod-
ified cost function in Equation [T} Afterwards, the importance
scores of filters are reevaluated and pruned iteratively. The
pruning iterations end until no filters can be pruned anymore.
Figure [4| illustrates the distribution of importance scores of
filters after pruning. Compared with the distribution before
pruning, we can see that those filters unimportant for many
classes are pruned. In addition, the remaining filters have
higher scores, indicating that they are important for many
classes.

D. The Overall Pruning Framework

The overall class-aware pruning framework is summarized
and illustrated in Figure [5] where a neural network is pruned
iteratively to remove those filters that are only important for
a few classes. This framework starts with training a neural
network with a modified cost function for facilitating class-
aware pruning. To prune unimportant filters in this neural
network, we first evaluate the importance score of each filter
with respect to the number of classes. Afterwards, a filter prun-
ing strategy is applied to efficiently remove those unimportant
filters.

The filter pruning described above might degrade the infer-
ence accuracy of neural networks. To recover their inference
accuracy, the neural networks are fine-tuned by retraining.
After the fine-tuning, if the accuracy degradation is smaller
than a given threshold, another pruning iteration starts where
the neural networks will be further pruned by reevaluating
the importance scores of filters. In case that the accuracy
cannot be recovered after the fine-tuning, the pruning iterations
terminate.

IV. Experimental Results

To verify the effectiveness of the proposed method, three
neural networks and the corresponding datasets were used,
namely, VGG16, VGG19, and ResNet56on CIFAR10/100. To
evaluate the importance scores of filters for different classes,
e.g., cat or dog, 10 images for each class were randomly
selected in the CIFAR-10/100 training datasets. We have



TABLE I
PRUNING RESULTS WITH THE PROPOSED PRUNING METHOD
NN-Dataset Acc. comp. Pruning perf.
Original ~ Pruned  Prun. ratio  FLOPs red.
VGG16-CIFAR10 93.90%  92.99% 95.6% 77.1%
VGG19-CIFAR100 73.49%  72.56% 85.4% 75.2%
ResNet56-CIFAR10 93.71%  92.89% 77.9% 62.3%
ResNet56-CIFAR100  72.36%  71.49% 50.0% 43.8%
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Fig. 6. Comparisons of Top-1 accuracy, pruning ratio and reduction of
FLOPs. The green dash line is the original accuracy of the neural network.
The previous methods included in the comparison are L1 [23], SSS [27],
HRank [19], TPP [18]], OrthConv [31], and DepGraph full-grouping [13] and
DepGraph no-grouping [13].

verified that by evaluating more than 10 images the importance
scores of filters are almost the same with those with 10 images.
The optimizer used in training neural networks was Stochastic
Gradient Descent (SGD), where a learning rate of 0.01 was
initialized. The batch size was set as 256, weight decay as
0.0005, and momentum as 0.9. A\; was set to 0.0001 and A»
was set to 0.01 in Equation 1. During the iterative pruning
process, retraining was performed for up to 130 epochs after
each pruning iteration. All experiments were conducted on an
NVIDIA A100 80GB GPU.

Table | demonstrates the performance of the proposed prun-
ing technique. The first column shows the neural networks and
datasets. The original Top-1 accuracy of such neural networks
and their accuracy with the proposed pruning technique are
compared in the second and the third columns. The original
accuracy of neural networks are obtained by training neural
networks from scratch. According to such two columns, there
is only a slight inference accuracy loss. The last two columns
show the pruning ratio and the reduction of the number
of FLOPs with the proposed pruning technique. These two
columns confirm that the proposed pruning technique can
significantly reduce the computational cost. For example, for
VGG16-CIFAR10, 95.6% of the parameters are removed, so
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Fig. 7. Average importance scores of filters before and after pruning in all
layers of neural networks.

that the number of FLOPS is reduced by 77.1%. For ResNet56,
to ensure the shortcut connections during pruning, only the
first layer of each residual block is pruned. Even under this
constraint, 77.9% of the parameters in ResNet56 are removed
while a reduction of 62.3% in FLOPs is achieved.

To demonstrate the advantages of the proposed pruning
technique, we compared the accuracy after pruning, the prun-
ing ratio and the reduction of the number of FLOPs between
the proposed method and the state-of-the-art solutions includ-
ing L1 [23], SSS [27], TPP [18], HRank [19]], OrthConv
[31]], and DepGraph [13]]. To fairly compare the accuracy with
different pruning techniques, we used the pre-trained model
weights from the previous work and applied the proposed
pruning framework on neural networks. Accordingly, the orig-
inal accuracy and the accuracy obtained with the proposed
framework are a little bit different from that in Table I. The
comparison results are shown in Figure [6] where different
neural networks are compared with those from different tech-
niques due to the limited available results in the previous work.
The top figure compares the accuracy, according to which
the proposed pruning technique achieves the highest accuracy
in most cases. The figures in the middle and at the bottom
compare the pruning ratio and the reduction of the number of
FLOPs, demonstrating the advantages of the proposed method.

Since the proposed pruning technique removes those filters
with low importance scores in an iterative way, the remaining
filters after this pruning should have higher important scores
compared with those in the original neural network, indicating
they are very critical for many classes. To verify this, we
compared the average importance scores of filters of neural
networks before and after the proposed pruning technique.
The results are shown in Figure [7] It is obvious that for most
layers, there is a considerable growth in importance scores
after pruning. This shows that filters that are important only
for a small number of classes are pruned, while remaining
filters are important for many classes.

The proposed pruning technique used both importance score
threshold and the pruning percentage as the pruning strat-
egy. To demonstrate the advantage of this combination, we
separately used each one as the individual pruning strategy
and ran the pruning framework. The resulting accuracy drop
and the pruning performance are demonstrated in Table [[I}
According to this table, it is clear that the combination of the



TABLE 11
PERFORMANCE OF RESNET56 CIFAR10 UNDER DIFFERENT PRUNING
STRATEGIES
Pruning strategy Acc. Pruning perf.
Pruned Drop Prun. ratio  FLOPs red.
percentage 92.76%  -0.95% 73.7% 55.2%
threshold 92.78%  -0.94% 72.2% 60.4%
percentage+threshold  92.89%  -0.82% 77.9% 62.3%
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Fig. 8. Importance score distribution of filters using different regularization
strategies for VGG16 on CIFAR-10.

importance score threshold and the pruning percentage has the
best performance.

During training neural networks, we used both £1 and L+,
as the regularization strategies. To demonstrate the advantage
of such a combination, we compared the importance score
distributions of filters between no regularization, £1, Lorth,
as well the combination of £ and L,,,. The results are
shown in Figure [§] According to this figure, £ regularization
led to a larger number of filters with an importance score of
0, while L,,; produced more high-score filters, especially
those with a score of 10. Using both regularization strategies
results in a more polarized importance score distribution of
filters, facilitating a clearer distinction between important and
unimportant filters. Table displaying the pruning results
of neural networks using different regularization strategies,
further confirms that the combination of £ and L,,.¢, achieves
better performance compared with using individual £, as well
as ‘Cort}p

V. Conclusion

In this paper, we proposed a class-aware pruning technique
to reduce the computational cost of executing neural networks.
By iteratively removing filters that are only important for a
few classes, the neural networks become more compact while
only keeping filters very critical for many classes in the neural
networks. Experimental results on several neural networks
demonstrated that the pruning ratio of neural networks can
be boosted up to 95.6% and the number of FLOPs can be
reduced by up to 77.1%.

TABLE III
PERFORMANCE COMPARISON WITH DIFFERENT COST FUNCTIONS

REG. Acc. Pruning perf.
Pruned Drop Prun. ratio  FLOPs red.

VGG16-CIFARIO original Acc. 93.90%

/ 9291%  -0.99% 73.6% 58.7%

Ly 93.06%  -0.84% 91.8% 71.3%

Lorth 93.10%  -0.80% 74.5% 64.7%

L1+Lortn,  93.16%  -0.74% 94.8% 71.8%
ResNet56-CIFARIO original Acc. 93.71%

/ 92.74%  -0.97% 69.4% 55.8%

L1 92.77%  -0.94% 72.0% 57.6%

Lorth 92.73%  -0.98% 69.3% 54.1%

Li+Lorsn,  92.89%  -0.82% 77.9% 62.3%
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