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Abstract. Convolutional Neural Network (CNN) is a well-known Deep learning model
utilized extensively in the field of computer vision. The structure of convolutional neu-
ral networks is quite complicated and necessitates a substantial amount of computational
time and storage resources. As a result, it is difficult to adopt a CNN model on a resource-
constraint device. Model pruning can help to reduce computation time and storage re-
quirements. In this research, we propose a filter pruning technique based on Localized
Gradient Activation heatmaP (LGAP) for the purpose of pruning CNNs. Analyzing a
filter based on statistical criterion of single neuron can lead to a loss in spatial relations
within the filter activation itself, the relationship to target prediction, as well as the re-
lationship among filters in that specific layer. To minimize the limitations, we evaluate
the significance of a filter through the spatial information of local gradient activation re-
lated to the target prediction in terms of the layer-wise loss of the investigated filter. The
effect of loss of an investigated filter demonstrates the significance or insignificance of
the filter. Our pruning criteria ensure that these significant filters are preserved, while
maintaining the model accuracy. The performance of our pruning method was validated
using VGG-16 and ResNet-50. With pruning ratio of 50%, VGG-16 tends to decrease
1.66% of its accuracy, 3.6× of FLOP and 3.9× of storage reduction. For ResNet-50,
with 50% pruning ratio, the results show that Top-1 and Top-5 of our pruning techniques
outperform all the baseline techniques with a reduction of top-1 accuracy by 3.56%, top-5
accuracy by 1.89%, Floating Point Operation by 2.3×, and storage by 2.05×.
Keywords: Filter pruning, Convolutional neural networks, Deep learning, Model com-
pression

1. Introduction. Convolutional Neural Networks (CNNs) are being used to solve hu-
man problems in both industry and academia. In computer vision, they are particularly
helpful for tasks like image classification [1, 2], object detection [3, 4, 5, 6, 7, 8], object
recognition [9, 10, 11, 12], and semantic segmentation [13, 14]. The performance of CNNs
has been demonstrated to be exceptional in recent years. Their structures are complex
and made up of numerous interconnected layers. This structure enables in capturing data
patterns through filters in each layer. Normally, CNNs have filters for detecting edges and
colors in their first layer. Deeper layers can recognize more complex patterns (grids or
stripes) by using data from earlier layers. This results in the layer’s filter having a large
number of parameters and a large amount of storage space. For example, ResNet-50 [15]
contains 25.6 million parameters and requires 98.2 megabytes (MB) of storage space. It
influences the total amount of time necessary for the learning and prediction procedures.
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The cost of the Graphic Processing Unit (GPU) to run the model is considerable. More-
over, it is difficult to execute CNNs model on hardware with limited resources [16], such
as a microcontroller or smart phone. Limited resources refer to limited battery, computa-
tional unit, storage, etc. Model compression is a key strategy for running CNNs models
effectively in constrained environments and resources.
Model compression is a technique for reducing the size of CNN’s model, which can be

classified into 3 categories [17, 18]. 1) Precision reduction is a technique for maintaining
CNN performance while reducing the number of bits necessary to represent the CNN
weights [17]. Although this technique can minimize the amount of storage and power
requirement [19], it greatly depends on the criteria for selecting the number of bits, which
could affect the model’s accuracy. 2) Network pruning, a compression technique, is used
to evaluate weights with less impact on the model’s accuracy. The chosen weights are then
set to zero or eliminated from CNN, and retraining is performed after that. The weight
removal procedure is challenging, and the outcomes heavily depend on weight analysis.
Inefficient weight analysis might result in decreased accuracy and ineffective compression
issues [17]. 3) Compact network architecture is a technique for reducing the number of
weights in CNN by altering the kernel design. Presently, a new structure in a sequence of
convolutional layers with reduced kernel sizes has replaced the underlying structure. For
instance, one of the most well-known architectures of the compact CNN is SqueezeNet
[20]. The three strategies are implemented as follows: 1) The kernel size of the filter has
been reduced from 3× 3 to 1× 1; 2) There is a reduction in the number of input channels
that are transmitted to the 3× 3 filters; 3) Subsequent layers reduce the feature map to a
more manageable size. The compact nature of SqueezNet results in a significant reduction
in the number of parameters, which in turn minimizes the amount of processing time
required for CNN training and operation. A significant amount of information has been
lost due to the squeeze convolutional layer’s reduction of the channel number. Despite the
fact that the model makes an effort during the expand process to recover the information
loss, it is impossible to restore such a large amount of information that has been pruned,
particularly when non-linear layers are being replaced.
Network pruning is the most intriguing technique among all CNN compression tech-

niques. According to network training observation, this strategy can remove a variety of
irrelevant weights with less impact on the pruned model’s accuracy. The authors of [21]
made use of the second derivative principle to enable tradeoffs between training errors and
network complexity. Even though it is useful for real-world applications, the structure of
a deep model necessitates a significant amount of storage space and processing capacity.
It was recently proposed to use the basic pruning technique to reduce weights when

all connections were below a certain threshold. The model was then adjusted to restore
accuracy [22]. After numerous iterations, the model became extremely sparse and non-
structured, making it unsupportable by standard libraries. As a result, the model needed
specialized hardware and software in order to collaborate effectively due to the unpre-
dictable nature of network connections. The issue of non-structured random connectivity
had an impact on memory accessibility and cache utilization [23]. Random connectivi-
ty caused poor cache locality, erratic memory access, and potential effects on practical
acceleration. This restriction can occasionally cause a slowdown in acceleration.
Filter level pruning is one way to overcome non-structured limitations [24]. After re-

dundant filters were removed, the pruned model was not sparse and did not cause a
non-structure issue. This made it possible for the model to be more effective than non-
structured pruning in the following ways. 1) This results in valid network connectivity,
where implementation can be assisted by deep learning libraries, since the model struc-
ture is not harmed after pruning. As a result, the model can be further compressed using
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other techniques, such as quantization of the parameters [25]. 2) As a result of model
parameters being pruned, storage can be significantly reduced.

From previous research, it can be seen that the pruning criteria used for filter selection
can have a great effect on the performance of the pruned models. The statistical based
criteria are mostly adopted since the estimation is simple and can be used to represent
the overall significance level of a neuron. Global representation might lack ability to deal
with localizing the objects or Region-of-Interest (ROI), whereas single neuron analysis
may lose information regarding the relationships within and between layers respected to
the final prediction.

We, therefore, proposed a filter pruning method based on the Localized Gradient Acti-
vation heatmaP (LGAP), which considers the spatial correlation between the investigated
filter and the target prediction. The LGAP was adopted as our criteria to prune filters
in the CNN layers by analyzing the significance of a filter through the similarity of each
CNN layer’s behavior before and after pruning to estimate the filter’s impact. The layer-
wise loss of the investigated filter was determined in order to analyze the gradient differ-
ence between a complete layer and a layer without an investigated filter. The effect of
loss of an investigated filter demonstrates the significance or insignificance of the filter.
Our pruning criteria ensure that these critical filters are preserved, while maintaining the
model accuracy. The model is then fine-tuned to recover prediction performance after
pruning. The effectiveness of the proposed pruning method will be compared to other
pruning techniques. From the experimental results, filter pruning based on our LGAP
strategy can identify appropriate filters to be pruned, thus preserving the superior per-
formance over other pruning techniques. The pruned model contributes to a reduction in
the total amount of computational time, the number of parameters, and the amount of
storage space required, depending on the selected pruning ratio.

2. Related Work. Compression techniques can be used to resolve the problem of an ex-
cessive number of parameters presented by deep learning models. To accelerate CNN [21],
the model coefficients were initially removed using the optimal brain damage technique.
This was one of the early techniques for pruning a network. The authors attempted to
select parameters for regularization of the pruning process using a second-order Taylor ex-
pansion. In contrast to conventional fine-tuning, this method demanded the computation
of the Hessian matrix, which added extra memory and computational overhead. Research
on a new technique that integrates group-wise pruning into the learning phase was pro-
posed by Lebedev and Lempitsky [26]. This allowed for group sparsity regularization.
Since most of their values were close to zero, some weight groups might be eliminated.
The approach in [23] adopted the Structured Sparsity Learning (SSL) technique. CNN
structures can be regularized in a variety of ways, including the use of filters, filter shapes,
channels, and layer depth. Even though SSL can effectively prune the network, the loss of
the basic network structure may result in unsupported libraries. Other filter level pruning
methods were proposed such as random pruning, weight sum technique [27], Average Per-
centage of Zeros (APoZ) [28], mean gradient [29], and Structured Sparsity Regularization
(SSR) [30]. 1) Random pruning, in which filters are removed at random. 2) The technique
of weight sum in [27] eliminated filters based on the sum of their absolute weights. As the
weight sum increases, the filter becomes more significant. 3) Average Percentage of Zeros
(APoZ) [28] technique determined the significance score of the filter, which was computed
from the percentage of zero values in the activation output. A large percentage of zero was
an indication that the filter was unnecessary and should be removed. 4) Mean gradient
[29] is a pruning technique that analyzed layer feature maps based on its mean gradient.
5) Structured Sparsity Regularization (SSR) [30] was a technique in which the objective
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function incorporated the structured sparsity constraint as well as the correlation between
the global output loss and the local filter removal. Alternative Updating with Lagrange
Multipliers (AULM) was employed for adaptive filter pruning based on two different types
of structure sparse regularizers to deal with the convergence challenge. The approach was
reportedly capable of achieving a fast convergence rate. 6) ThiNet [24] adopted a greedy
strategy for channel selection, to prune the target layer by greedily selecting the input
channel that has the least increase in reconstruction error.
The majority of currently available methods tend to concentrate on applying statistics

to the filter weights (weight sum [27]) or feature map activations (APoZ [28], and SSR
[30]), as a statistical criterion to distinguish the importance of filter neurons. However,
these methods did not carry out data-driven (data feed forward) operations across the
network of the model, which led to a lack of relational data analysis inside a layer as
well as consequences on the data’s propagation to the final prediction. Even though the
statistical criterion can be used to represent overall significant level of a neuron, aiming
to understand the predictions of a model by analyzing the individual units and seeking
an explanation for specific activation, it does not provide confident relationship of the
neuron respect to the final prediction. ThiNet [24] evaluates channel importance based
on reconstruction loss from the least-square estimation to identify filter channels with the
smallest impact to the output feature map. Nevertheless, previous mentioned techniques
rely on the analysis of statistical evaluation of the filters, which lack the spatial information
related to the target prediction. The localized prediction map is helpful in distinguishing
the critical regions of the target prediction. Moreover, there have been fewer studies on
the effects of pruned filter on the layer-wise activation.
Eliminating filter based on statistical criterion of single neuron analysis can lead to a

loss in spatial relations within the filter activation itself, as well as the relationship to
target prediction and the relationship among filters in that specific layer. To minimize the
limitations, our contribution aims to
1) Analyze the localized gradient activation to estimate the spatial relationship between

an individual filter and the output prediction;
2) Estimate filter pruning criterion based on the Localized Gradient Activation heatmaP

(LGAP), which considers the spatial relationships between the feature map activation of
the investigated filter and the target prediction;
3) Evaluate weak filter pruning strategy based on layer-wise loss of the investigated

filter.
LGAP offers the advantage of using a data-driven method in conjunction with a study

of the spatial relationship among filters in each layer based on layer-wise behavior rather
than a single neuron analysis to identify weak filters while preserving the model’s perfor-
mance. As a result, the efficacy of our pruned model outperforms the previously discussed
strategies [24, 28, 30].

3. Methods. In this section, we detail our filter pruning technique into 4 sections: an
overview of our filter level pruning method (Section 3.1), the LGAP estimation (Section
3.2), Significant filter scoring (Section 3.3), and weak filter pruning (Section 3.4).

3.1. Overview of our filter level pruning. Our filter pruning process is performed
on a pre-trained CNN model. To visualize the behavior of a filter neuron, the idea of
gradient-based localization [31] is adopted. The localization can be achieved by passing a
single forward of a set of training data to the pre-trained model. The gradient information
is then estimated according to partial backpropagating gradient respected to feature map
activations from the last convolutional layer of CNN to the beginning layers since the last
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convolutional layer is expected to be the best approximation between high-level semantics
from the fully-connected layers and detailed spatial relations from the CNN layers. The
benefit of gradient-based localization is its ability to generate visual explanations from
CNN neuron behaviors without architectural modifications. The global average pooling
of local-gradient information of each filter is calculated as a filter significant weight.

Then, a layer-wise heatmap of weighted channel activations is generated as a layer
summary. As a result, the activation from filter that corresponds best to the top class
output will be emphasized, while the activation from the filter that corresponds less to
the desired class will be diminished. The layer-wise heatmap can provide an excellent
visualization on the layer’s behavior. However, it may not be efficient illustration of the
filter’s behavior. Analyzing individual filter in each layer can be performed in two ways,
through analysis of a significant weighted activation heatmap corresponding to a single
filter neuron, or through analysis of heatmap loss from eliminating an investigated filter
activation. We discover that analyzing significant weighted activation heatmap on a single
layer basis may not be an effective way to determine the significance of a filter due to large
variations in activations among filters in specific layers. This can have an impact on the
development of filter scoring criterion for determining significant filters to be preserved
and pruning strategy.

However, analyzing the similarity of a complete layer versus a layer without an inves-
tigated filter based on a local gradient emphasized heatmap, known as loss persistence
heatmap, can provide an effect of loss of an investigated filter and prove to be better
distinguish significant from insignificant filters. Therefore, we would use the loss persis-
tence heatmap as our filter scoring criterion to prune the less effective filter to the desired
output class. The overview of our filter level pruning technique is illustrated in Figure 1.

Figure 1. Overview of our pruning technique

3.2. Localized Gradient Activation heatmaP (LGAP). To estimate the LGAP, we
first compute the gradient estimation of the top class prediction with respect to an output
feature map activation obtained from training dataset prediction before softmax as shown
in Equation (1) [31].

Gl,k =
∂yc

∂Al,k
(1)

where Gl,k is the gradient estimation of the kth filter in the layer l, yc is the output of
the top predicted class c, and Al,k is the output feature map activation of the kth filter
neuron in the layer l.

The significant weight (α) of a neuron in terms of a global-average-pooling of the
gradient Gl,k over both its height (H) and width (W ) corresponding to the output class
c can be calculated in Equation (2) [31]. The results of significant weighted feature map
help to emphasize the feature map of the significant filter, which can be visualized in
Figure 2.

αc
l,k =

1

H ×W

H∑
i=1

W∑
j=1

Gl,k
i,j (2)
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Figure 2. Significant weighted feature map

A layer summary can be expressed in terms of the layer-wise heatmap of weighted
channel activations called Localized Gradient Activation heatmaP (LGAP), where the
activations from filters best corresponding to the top-class output will be emphasized.
We found that the layer-wise heatmap (Hc) can provide an excellent visualization on
the layer’s behavior and can be calculated in terms of a normalized sum of the significant
weighted feature map activations of all neurons in the particular lth layer and we proposed
those relations in Equation (3).

Hc = norm

(∣∣∣∣∣∑
k

αc
l,kA

l,k

∣∣∣∣∣
)

(3)

where |.| is absolute value and norm is based on the max-min normalization.
Localized gradient information estimates are typically based on regulated activation,

with the assumption that negative activation may correspond to an undesired class [31].
Neglecting negative responses, on the other hand, may be beneficial for visualization,
but may not be effective for filter significant analysis. To learn all filter’s behaviors, both
positive and negative activations are taken into account using a normalized activation
heatmap visualization.
Analyzing individual filter in each layer can be performed through analysis of a signifi-

cant weighted activation heatmap corresponding to a single filter neuron or analysis of the
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heatmap of loss from eliminating an investigated filter activation. We discover that analyz-
ing significant weighted activation heatmap on a single layer basis may not be an effective
way to determine the significance of a filter due to large variations in activations among
filters in specific layers. This can have an impact on the development of filter scoring cri-
terion for determining significant filters to be preserved and pruning strategy. However,
analyzing the similarity of a complete layer versus a layer without an investigated filter
based on a local gradient emphasized heatmap, known as loss persistence heatmap, can
provide an effect of loss of an investigated filter and prove to be better distinguished sig-
nificantly from insignificant filters. Therefore, we would use the loss persistence heatmap
(Hl,f ) to calculate our filter scoring criterion to prune the less effective filter respected to
the desired output class. The loss persistence heatmap can be calculated in Equation (4).

Hl,f = norm

(∣∣∣∣∣
(∑

k

αc
l,kA

l,k

)
− αc

l,fA
l,f

∣∣∣∣∣
)

(4)

where Al,f is the activation of fth filter kernel at layer l, which will be removed.

3.3. Filter scoring. This section explains our filter scoring criteria. Each filter is scored
according to a similarity between the heatmap of a complete layer (Hc) and the loss
persistence heatmap (Hl,f ) (see in Figure 3). The similarity can be viewed as a persistence
score when the particular filter f is removed from the layer. The higher the persistence
score, the less the filter’s removal effects on the desired output. We calculate the similarity
based on cosine similarity method as shown in Equation (5). This comparison shows how
the layer l is changed after the filter f is removed.

Sc,f =
Hc, Hl,f

||Hc||, ||Hl,f ||
(5)

where Sc,f is the similarity score of the fth filter in terms of cosine similarity between Hc

and Hl,f , and ||.|| is L2 norm.

Figure 3. Overview of our filter scoring procedure for the lth layer

After obtaining cosine similarity of all filters, we rank the similarity results. The higher
the similarity, the less effect the removed filters have on layer operation and are considered
as weak filters that must be pruned from the layer.
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3.4. Weak filter pruning. The procedure of weak filter pruning of layer l in CNN
model is illustrated in Figure 4. In the first step, the output feature maps of layer l
(Al ∈ RH×W×K , where H is the height, W is the width and K is the number of channels)
corresponding to the convolution filters at the lth layer (convl ∈ RS×S×K×D, where S×S
(3× 3) is kernel size, K is the number of filter channels and D is the number of filters or

(a)

(b)

Figure 4. (color online) Weak filter pruning: (a) Step 1: Weak filter anal-
ysis; (b) Step 2: Prune weak filters and their corresponding weak activations
and channels
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number of channels of next (l + 1)th layer) are extracted and the LGAP and filter score
corresponding to the top-class output is estimated to obtain the loss persistence score
of each filter. The n filters with the highest filter score are considered as weak filters
since losses of those filters have less effect to the lth layer. The average filter scores of
all images in the dataset for all filters in the specified layer are ranked and the filters
corresponding to the highest scores are pruned in the second step. Pruning filters of
layer l will affect their output feature maps of the next (l + 1)th layer, which must also
be removed as illustrated in Figure 4. After filter pruning, CNN model is fine-tuned to
recover the model’s prediction performance.

4. Experiments. In this session, we evaluate our filter level pruning method on pre-
trained CNN models in Keras Applications [32]. We explain the experimental implemen-
tation in detail in Section 4.1, while, in Section 4.2, presenting a comparison of the pruning
results obtained from our pruning technique and several baseline techniques.

4.1. Implementation details. In this section, we explain the dataset and the pre-
trained models used to analyze and validate our pruning technique. To study the pruning
impacts and performance losses, the models are pruned with different compression ratios.

4.1.1. Dataset and models. Our filter level pruning technique is evaluated on 2 different
datasets.

• CIFAR-10 [33]: it is a color image dataset consisting of 60,000 images with 32 × 32
pixels in size. There are 10 different categories labeled from 1 to 10. The numbers of
training and testing images are 50,000 and 10,000 images, respectively.

• ImageNet (ILSVRC 2012) [34]: it is a large image dataset with 1,000 different cate-
gories. There are 1.2 million images for training set and 50,000 images for validation set.
All images are resized to 256× 256 pixels and then cropped to 224× 224 pixels based on
their center.

For ImageNet, the images are resized to 256 × 256, and then cropped at its center
area to obtain 224× 224 pixels in size. An augmentation technique was used for generat-
ing transformation effects such as horizontal flip. The CIFAR-10 test set and ImageNet
validation set are used to verify classification performance of the pruned model.

Two state-of-the-art classification models, VGG-16 and ResNet-50, are adopted.
• VGG-16 [35]: it is a CNN model developed from large scale of images for image

classification. The base structure of model was trained with ImageNet dataset, and then
modified to fit CIFAR-10 dataset [36] to illustrate the effective model performance. VGG-
16 on CIFAR-10 consists of 13 convolutional layers with 3× 3 kernel size. Filter pruning
starts from the second convolutional layer since the first convolutional layer is necessary for
creating the basis output feature map as mentioned in previous related works. The fully
connected layers are modified to reduce the number of categories from 1000 ImageNet’s
categories down to 10 CIFAR-10’s categories. The smaller size of CIFAR-10’s images
can greatly reduce the number of parameters from baseline model. Moreover, the model
is integrated with a batch normalization layer [37] and a dropout layer [38] after each
convolutional layer. The CNN structure of VGG-16 for CIFAR-10 is shown in Table 1.
Floating Point Operation (FLOPs) in this paper referred to 2× of Multiply-Accumulate
Computations (MACs). VGG-16 model has various convolutional layers with the total of
FLOPs and parameter as 6.3E+08 and 1.5E+07, respectively.

• ResNet-50 [15]: it is a famous CNN model. This model was developed using the
same large-scale dataset (ImageNet) as the baseline VGG-16, but with improved model
performance. Since ResNet-50 has special structure of the residual blocks (as seen in
Figure 5), the model can be pruned for the first two convolutional layers and the channels
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Table 1. CNN structure of VGG-16 on CIFAR-10

Layer name Filter (S × S ×K ×D) FLOPs Parameter
conv2d 3× 3× 3× 64 3.5E+06 1.8E+03
conv2d 1 3× 3× 64× 64 7.5E+07 3.7E+04
conv2d 2 3× 3× 64× 128 3.8E+07 7.4E+04
conv2d 3 3× 3× 128× 128 7.5E+07 1.5E+05
conv2d 4 3× 3× 128× 256 3.8E+07 3.0E+05
conv2d 5 3× 3× 256× 256 7.5E+07 5.9E+05
conv2d 6 3× 3× 256× 256 7.5E+07 5.9E+05
conv2d 7 3× 3× 256× 512 3.8E+07 1.2E+06
conv2d 8 3× 3× 512× 512 7.5E+07 2.4E+06
conv2d 9 3× 3× 512× 512 7.5E+07 2.4E+06
conv2d 10 3× 3× 512× 512 1.9E+07 2.4E+06
conv2d 11 3× 3× 512× 512 1.9E+07 2.4E+06
conv2d 12 3× 3× 512× 512 1.9E+07 2.4E+06
conv2d: 2-dimensional operation of convolutional layer

S×S×K×D: S×S is kernel size, K is the number of channels and
D is number of filters

FLOPs: Floating Point Operation

Figure 5. An example of the residual block of ResNet-50

of the next layers corresponding to the pruned layers must be removed. The output feature
map of the third layer does not change dimension. The ResNet-50 trained on ImageNet is
used to validate our filter pruning technique. Since ResNet-50 model consists of various
convolutional layers and its structure is more complicated than VGG-16 as shown in Table
2, we will illustrate FLOPs and parameters of each layer in terms of a summarized base
structure with the total of 7.7E+09 FLOPs and 2.3E+07 parameters, respectively.
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Table 2. CNN structure of ResNet-50 on ImageNet

Layer name Filter (S × S/D) Number of series Output size
conv2d 1 7× 7/64 1 112× 112

conv2d 2 x
1× 1/64

3 56× 563× 3/64
1× 1/256

conv2d 3 x
1× 1/128

4 28× 283× 3/128
1× 1/512

conv2d 4 x
1× 1/256

6 14× 143× 3/256
1× 1/1024

conv2d 5 x
1× 1/512

3 7× 73× 3/512
1× 1/2048

conv2d: 2-dimensional operation of convolutional layer

S × S/D: S × S is kernel size and D is number of filters

Prior to pruning the pre-trained model, we must explore parameters (learning rate,
momentum, weight decay, and batch size) in order to fine-tune the original pre-trained
models and produce results equivalent to the original pre-trained model. These parameters
will be utilized to regain the pruning model’s performance. We discovered that the VGG-
16 model based on CIFAR-10 would be well fine-tuned with the following parameters:
SGD optimizer, learning rate of 0.001, momentum of 0.9, weight decay of 0.0005, and
batch size of 128; however, the parameters of ResNet-50 based on ImageNet would require
the same SGD optimizer with a difference in batch size of 32. After pruning all layers based
on a layer-by-layer basis, both models are fine-tuned to restore model performance. The
number of fine-tuned epochs for VGG-16 on CIFAR-10 and ResNet-50 on ImageNet has
been set to 40 and 50, respectively, with scheduled learning rate ranging from 10−3 to
10−5.

4.1.2. Pruning ratio. It is a challenge to discover suitable percentage of pruning for each
layer since each layer has different pruning sensibilities. For VGG-16 on CIFAR-10, our
experiments are implemented on pruning ratio of 10%-90% for each layer. However, for
ResNet-50 on ImageNet containing a large model size, we perform the experiments on
30%, 50% and 70% since it takes a long time to prune and fine-tune the model. Pruning
can help to decrease complexity and size of the model. Large compression ratio is always
preferred to reduce the complexity while maintaining the model performance.

4.1.3. Filter scoring results. A set of images from training dataset is randomly selected as
inputs to obtain the output feature maps, which will be used to analyze filter and estimate
filter pruning scores. Figure 6 shows an example of the input image (ImageNet) that is
fed into the ResNet-50 to analyze first convolutional layer and obtain the corresponding
layer-wise heatmap based on LGAP. Loss persistence heatmaps based on LGAP (from
Equation (4)) are estimated from all filters in each layer (for example, 64 filters in the
first layer ResNet-50 in Figure 7). Then, a filter pruning score (from Equation (5)) is
calculated and the average score Scoref (from Equation (6)) is investigated to analyze
the significance of a filter.
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Scoref =
1

N

N∑
n=1

Sc,f (6)

where N is number of input images. The filter scores are ranked in ascending order. The
lower the score, the more significance the filter.

(a) (b)

Figure 6. (a) The input image and (b) the layer-wise heatmap based on
LGAP (from Equation (3))

Figure 7. Loss persistence heatmap (Equation (4))
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In our experiments, sets of 10, 100, and 200 images per category are adopted from
CIFAR-10 and used to analyze our pruning technique on VGG-16. An example of filter
pruning on the first convolutional layer of VGG-16 with pruning ratio 50% can achieve
the accuracy of 93.24%, 93.33%, and 93.28%, respectively. It can be seen that increasing
number of input images may not cause significant effects on the model accuracy. Hence,
our experiment on VGG-16 will adopt a set of 10 images per class for filter analysis and
scoring for both VGG-16 on CIFAR-10 and ResNet-50 on ImageNet.

4.2. Pruning results. In this section, we illustrate result from our pruning technique
via VGG-16 and ResNet-50 compared to other related pruning techniques.

4.2.1. Results from pruning VGG-16 on CIFAR-10. First, we illustrate the results of our
filter pruning for each convolutional layer with different pruning ratios in Figure 8. The
capability of the model to endure a larger pruning ratio can be determined by the severity
of the decline in accuracy caused by the pruned layer (sensibility). As the pruning ratio
increases, the accuracy of the lower layers (conv2d 1 to conv2d 6) tends to be affected
more than the accuracy of the deeper levels (conv2d 7 to conv2d 12).

Figure 8. VGG-16 model accuracy after filter pruning each convolutional
layer with different pruning ratios

We perform layer-wise pruning of all convolutional layers (conv2d 1 to conv2d 12) with
the pruning ratio in range of 10%-90% with the same pruning ratio for all layers (see in
Table 3). In Table 3, we calculate FLOPs from conv2d 1 layer to conv2d 12 layer. For
test set of CIFAR-10 (10,000 images), the pruned model at 30% pruning ratio provides
a reduction in FLOPs, parameters, and storage by 2×. Prediction time can be reduced
about 1.7× while accuracy is decreased about 0.71%. The most reduction in FLOPs,
parameters, storage and prediction time are 44.1×, 84.4×, 69.5× and 2.2×, respectively,
with the accuracy reduction about 17.07% at 90% pruning ratio.

4.2.2. A performance comparison for VGG-16 on CIFAR-10 with different filter pruning
techniques. In order to evaluate our filter pruning method, a performance comparison is
conducted with several baseline techniques on N images, described as follows.

1) Random: filters are randomly pruned from layers. The result with the random seed is
selected.
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Table 3. The model performance after filter pruning in all layers on VGG-16

Pruning
Error (%) FLOPs Parameters

Storage size Prediction times
ratio (MB) (Second)
0% 6.41 6.3E+08 1.5E+07 57.4 2.25
10% 6.32 5.1E+08 1.2E+07 46.2 2.21
20% 6.64 4.1E+08 9.6E+06 36.6 2.02
30% 7.12 3.2E+08 7.4E+06 28.2 1.70
40% 7.28 2.4E+08 5.4E+06 20.9 1.31
50% 8.07 1.7E+08 3.8E+06 14.6 1.10
60% 8.53 1.2E+08 2.4E+06 9.4 1.10
70% 10.34 7.2E+07 1.4E+06 5.5 1.07
80% 13.88 3.7E+07 6.4E+05 2.6 1.08
90% 23.48 1.4E+07 1.8E+05 0.8 1.04

MB: Megabyte

2) Weighted sum [27]: a sum of absolute filter kernel weight values is calculated as a filter
score. Weak filters with low weighted sum scores are pruned.

Scoreweighted sum
i =

∑
|W (:, :, :, i)|

where W is the weights of each filter i.
3) APoZ [28]: a percentage of zero activation after ReLU function from each filter is

calculated as a filter score. The higher APoZ score, the weaker the filter.

ScoreAPoZ
i =

1

N ×H ×W

N∑
n=1

(f(Ok(:, :, i) = 0))

where H ×W is the dimension of output feature map Ok ∈ RH×W×D, f(.) = 1 if (.) is
true, and f(.) = 0 if (.) is false.

4) Mean gradient [29]: a mean of gradient from each filter is calculated as filter score.
Weak filters with low mean of gradient are pruned.

ScoreMean gradient
i =

1

N

N∑
n=1

|mean(G(:, :, i))|

where G is the gradient calculated from each filter i.
5) Weighted Activation (WA): a normalized heatmap of absolute significant weighted

feature map is calculated as a filter score below. Weak filters with low scores are
pruned.

HWA
i = norm

(∣∣αc
l,iA

l,i
∣∣)

ScoreWA
i =

1

N

N∑
n=1

Hc, H
WA
i

||Hc||||HWA
i ||

where HWA
i is the normalized heatmap of absolute significant weighted feature map.

A performance comparison of our proposed filter pruning criteria and previous men-
tioned techniques is shown in Figure 9. The pruning ratios used in the experiments range
from 10% to 90%. It can be shown that the accuracy of all strategies is comparable within
the pruning ratio range of 10%-60%. However, as pruning ratio exceeds 60%, we start to
see that the accuracy of APoZ, mean gradient, and Weight Activation begins to decline.
Especially when the pruning ratio exceeds 90%, our filter pruning score based on loss
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Figure 9. A performance comparison of our filter pruning criteria and
other baseline filter selection criteria

persistence LGAP can maintain higher accuracy than the baseline techniques of random,
weighted sum, APoZ, mean gradient and Weighted Activation by 2.66%, 0.83%, 66.52%,
21.57% and 66.52%, respectively. For the results of filter pruning techniques of VGG-16
on CIFAR-10, we observe that all the models can maintain their accuracies with pruning
ratio less than 60%. This means that if we would like to compress the model less than
60%, any of the experimental techniques can provide comparable results. However, when
the pruning ratio exceeds 60%, the decline in accuracy starts to straight down for most
of the techniques while our technique can still maintain the model performance.

4.2.3. A performance comparison for VGG-16 on CIFAR-10. VGG-16, trained on a large-
scale ImageNet dataset, provides a stronger model and tends to be well tolerant with filter
pruning techniques. We observe that, at 60% pruning ratio, our filter pruning technique
obtains a decrease in accuracy by 2.12%, reduction 5.4× in FLOPs and 6.2× in the number
of parameters while pruning ratio at 90%, our filter pruning technique outperforms the
other techniques: random, weighted sum, APoZ, mean gradient, and Weighted Activation
by 2.66%, 0.83%, 66.52%, 21.57% and 66.52%, respectively.

4.2.4. Model performance of pruned ResNet-50 on ImageNet. The original input image
is shown in Figure 6(a) while Figure 10 illustrates the LGAP estimation of the top class
of prediction with respect to an output feature map activation obtained from the pruned
ResNet-50 model with different filter pruning ratios compared to the original one. As
the pruning ratio increases, local gradient heatmap is gradually changed, and the output
activation is lessened and shifted from the gradient result of the original model. Even
though it does not affect the classification result in this case, it causes errors in some of
the images and the % error starts to increase with filter pruning ratio above 50%.

We illustrate the results of pruning ResNet-50 using our loss persistent LGAP pruning
strategy in Table 4, which illustrates the percentage of errors from Top-1 and Top-5
results, the FLOPs, required size of parameters, storage, and prediction time from all
convolutional layers in ResNet-50. Prediction times are measured from a set of ImageNet
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(a) (b)

(c) (d)

Figure 10. Localized Gradient Activation heatmaP (LGAP) of the ori-
ginal and pruned ResNet-50 with different pruning ratios: (a) Original
ResNet-50, (b) 30% pruning ratio of ResNet-50, (c) 50% pruning ratio of
ResNet-50 and (d) 70% pruning ratio of ResNet-50

Table 4. Filter pruning results on ResNet-50

Pruning Top-1 Top-5
FLOPs Parameters

Storage size Prediction time
ratio error (%) error (%) (MB) (Second)
0% 25.10 7.90 7.7E+09 2.6E+07 98.2 117.35
30% 27.55 8.94 4.8E+09 1.7E+07 65.2 108.30
50% 28.66 9.79 3.4E+09 1.2E+07 47.8 99.33
70% 31.44 11.26 2.2E+09 8.7E+06 33.6 90.21

MB: Megabyte

(50,000 images). At 30% pruning ratio, the model accuracy of the top-1 decreases by
2.45% and top-5 decreases by 1.04%, while FLOP, the number of parameters, the storage
size, and the prediction time decrease about 1.6×, 1.5×, 1.5×, and 1.08×, respectively. At
50% pruning ratio, the model accuracy of top-1 and top-5 decreases by 3.56% and 1.89%,
respectively. The FLOPs, the number of parameters, the storage size, and the prediction
time decrease about 2.3×, 2.1×, 2.1×, and 1.18×, respectively. At 70% pruning ratio,
the model accuracy of the top-1 decreases by 6.34% and top-5 decreases by 3.36%. The
FLOPs decrease about 3.6×, parameters decrease about 3×, storage decreases about 2.9×
and prediction times decrease about 1.3×. It can be seen that with large pruning ratio,
FLOPs and parameter of ResNet-50 are greatly reduced; however, prediction times slightly
decrease when compared with VGG-16. This may cause by the special structure (Residual
block) inside of ResNet-50, which still requires large computation time. Even though
the prediction time can be slightly reduced, the hardware resources can be significantly
optimized and suitable for devices with limit resources (memory, and processing unit).
A performance comparison of filter pruning strategies for ResNet-50 on ImageNet is

listed in Table 5. With 50% pruning ratio, the results show that Top-1 and Top-5 of
our techniques outperform all the baseline techniques. Our technique can achieve lower
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Top-1 error compared to the baseline techniques: random, SSL, ThiNet, APoZ, weighted
sum, mean gradient and SSR-L2 by 1.09%, 1.02%, 0.56%, 0.69%, 0.75%, 0.34% and 0.09%,
respectively. Top-5 error of our technique is lower than baseline techniques: random, SSL,
ThiNet, APoZ, weighted sum, mean gradient and SSR-L2 by 0.86%, 0.79%, 0.39%, 0.52%,
0.53%, 0.05% and 0.22%, respectively. For image classification experiments in the real
world, we examined the performance of the trimmed ResNet-50 on images not included
in the ImageNet dataset. We found that pruned models can predict images belonging to
their class with comparable accuracy and in less time than the original model.

Table 5. A performance comparison of filter pruning on ResNet-50 with
pruning ratio 50%

Technique

Top-1 Top-5

FLOPs Parameters Prunedaccuracy drop accuracy drop

(%) (%)

Random 4.65 2.75 3.4E+09 1.2E+07 50%

SSL [23] 4.58 2.68 4.2E+09 1.3E+07 ≈ 50%

ThiNet [24] 4.12 2.28 3.4E+09 1.2E+07 50%

APoZ [28] 4.25 2.41 3.4E+09 1.2E+07 50%

Weighted sum [27] 4.31 2.42 3.4E+09 1.2E+07 50%

Mean gradient [29] 3.90 1.94 3.4E+09 1.2E+07 50%

SSR-L2 [30] 3.65 2.11 3.4E+09 1.2E+07 50%

Our technique 3.56 1.89 3.4E+09 1.2E+07 50%

5. Conclusion. In this article, we propose a new technique for filter level pruning to
prune two CNN models (VGG-16 on CIFAR-10 and ResNet-50 on ImageNet) based on
the Localized Gradient Activation heatmaP (LGAP). The LGAP is a layer-wise heatmap
of weighted channel activations, where the activation from filters best corresponding to
the top-class output will be emphasized. It provides the spatial relationship between the
investigated filter and the target prediction. The filter score is then estimated based on
the similarity between the heatmap of a complete layer and the loss persistence heatmap.
The similarity can be viewed as a persistence score when a filter is removed from the layer.
The high filter score shows that removed filters have less effect with layer operation and
are considered as weak filters that must be pruned from the layer. Even though the other
related techniques adopted data-driven approach, they lacked spatial relationship among
filters in each layer and relationship between filters and output prediction due to their
concentration on a single-neural analysis. From the experimental results, it can be seen
that the performance of the pruned model using our filter pruning strategy outperforms
the other filter pruning techniques especially with high compression ratio. However, since
the fine-tuning process of a large pre-trained model required a significant amount of time
to recover performance after pruning, our future research will concentrate on reducing the
time required for fine-tuning performance recovery.
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