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Abstract—In this paper, we propose a method to reduce the
computational load of Convolutional Neural Networks (CNNs)
when processing video frames by exploiting computation reuse
based on input similarity. Specifically, our approach leverages the
temporal redundancy present in video sequences. In the existing
computation reuse methods, if certain pixels of two consecutive
frames are similar, the computations related to those pixels are
skipped, and the results are reused from the previous frame.
While pixel-wise comparison between consecutive frames can
introduce overhead and partially offset computation reduction,
we mitigate this by utilizing motion estimation information
inherent in coded video frames. Motion estimation indicates
whether a current block of the frame has already appeared in
previous frames, allowing for direct reuse of computations with-
out additional comparison overhead. Furthermore, we optimize
by fusing CNN layers until the block size becomes smaller than
the filter size, ensuring that not only the first layer’s computations
but also multiple CNN layers’ computations are skipped. The
experimental results demonstrate an average reduction of 35.4%
in the computation amount of the VGG-16 CNN model with no
significant loss in accuracy.

Index Terms—CNN, computation reuse, input similarity, mo-
tion vector, computation reduction

I. INTRODUCTION

According to Juniper Networks, global IoT connections
are expected to reach billions by 2024, indicating signifi-
cant growth in IoT deployment across various sectors [1].
Convolutional Neural Networks (CNNs) play a crucial role
in such devices due to their effectiveness. In computer vi-
sion, CNNs have enabled advancements previously thought
impossible, including facial recognition, self-driving cars, self-
checkout systems, and advanced medical diagnostics [2]. As
deep learning technology rapidly progresses, the structure of
CNNs is becoming increasingly complex and diverse [3].
The large amount of computation in convolutional neural
networks results from extensive matrix multiplications and
convolutions required to process high-dimensional input data
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across numerous layers. This issue can be seen in Figure 1,
which shows the structure of a neural network as an example.

As CNNs become integral to real-time applications, there
is an increasing need to accelerate their performance, partic-
ularly for embedded systems, which are often employed in
mobile and edge devices. Efficient computation reduction is
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Fig. 1: CNN structure

crucial for enabling real-time performance and ensuring the
feasibility of deploying applications on embedded systems.
By significantly reducing the computational load, it becomes
possible to process data more quickly, thereby meeting the
low-latency requirements essential for real-time applications.
This reduction not only speeds up processing times but also
decreases power consumption, which is a critical factor for
embedded systems. Computation reuse is one of the most
effective strategies for reducing neural network computations.
The importance of computation reuse in Convolutional Neural
Networks (CNNs) cannot be overstated, as it is vital for
optimizing performance and alleviating the substantial mem-
ory bandwidth demands inherent in these networks. CNNs
involve multiple layers of computations where each layer’s
output serves as the input for the next, creating significant
opportunities for data reuse [4]. This includes several strategies
such as filter reuse, where filters from previous layers are



reused to reduce computation costs [5]; feature map reuse,
which involves sharing intermediate feature maps between
layers to save memory and computation time [6]; weight reuse,
which leverages weights from previous training iterations to
improve convergence and model performance [7], [8]. While
these approaches achieve significant improvements in speed
with negligible loss of accuracy, similarities in the input data
can be exploited to further improve the computation reuse.
Especially in video applications, as the video data is quite
redundant, it leads to significantly high computational load.
Previous works such as [9], [10] tried to use the spatial and
temporal similarities in video data for computation reuse.
Some previous works focus on extracting input similarity
to reduce the complexity of deep neural networks (DNNs)
by skipping computations related to inputs with negligible
changes and reusing results from previous executions, rather
than computing the entire DNN [9]-[11]. However, these
methods involve some run-time overhead for detecting input
similarity, as they typically require pixel-wise comparisons of
each frame with the previous one to identify identical inputs
and skip the associated computations. To address this issue,
we explored methods to reduce the overhead associated with
these comparisons. In the input reuse method, the information
embedded in coded videos was not utilized to reuse input data
within the network.

Video compression is an integral part of many real-worlds
vision applications, as it facilitates transmission of bulky video
content. Compressed video includes important information,
such as motion vectors, which provide useful description of
video content. Motion estimation and compensation is a fun-
damental component in modern video compression standards
such as H.264/AVC and H.265/HEVC [12], [13], facilitating
efficient video data compression, by accounting for motion
between frames. This technique significantly reduces redun-
dancy by finding motion vectors, estimating the movement
of scene content (such as objects) from one frame to another,
enabling effective data compression and transmission. Inspired
by the fact that motion information arrays provide ready-to-
use information regarding input data similarities, we propose
to exploit them to facilitate computation reuse in CNNs for
computer vision based task.

In this paper, we first utilize a fused-layer CNN, as in-
troduced in [14], to reduce feature map data transfer. Then
we propose an algorithm to find video blocks with poten-
tial for computation reuse, and means to approximate their
computations, based on decoded motion vectors. Furthermore,
we propose to use motion estimation errors (derived from
the compressed video) to control the risk of approximation.
Experimental results validate that this method can save sig-
nificant computations, while leading to negligible loss of the
final feature map error.

Based on the above discussion, the contributions of this
paper are as follows:

o A method for computation reuse in video applications,

based on extracting motion vectors and similarity per-
centage. The proposed method is used to accelerate an

example network VGG-16, and is used for input reuse
operations at different layers of the network.

« Implementation of the entire system on publicly available
and custom design tools and investigating the accuracy
loss and the reduction in computations within the net-
work.

The rest of the paper is organized as follows. Section 2 intro-
duces some preliminary concepts related to our contributions.
Section 3 reviews some related work. In Sections 4 and 5 the
proposed method and its challenges are presented. Section 6
presents the evaluation results, followed by the conclusion of
the paper in Section 7.

II. PRELIMINARIES
A. Motion Estimation

Video compression aims to reduce bit rate by removing
redundancies in raw video data, primarily through motion
estimation. Typically, video streams are decoded to extract
frames to be processed by Deep Neural Network (DNN),
ignoring the valuable similarity information in the encoded
frames. We propose using this existing motion information to
identify frame similarities, thus avoiding the costly process of
detecting similarities for each frame.

Consecutive frames in a video sequence include redundant
information, as adjacent frames in natural video scenes are
fairly similar. Most of the differences among successive frames
are due to movement of objects within the frame, known as
motion. Motion estimation is the process of determining these
movements. The block matching algorithm (BMA) is the most
commonly used motion estimation technique, dividing the
current frame into blocks of size NxN and finding a motion for
each block to represent its motion w.r.t a previously decoded
frame. Choosing the block size, N, for motion estimation
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Fig. 2: Block matching algorithm

involves balancing accuracy and processing overhead. Smaller
blocks reduce error but increase processing time and power,
while too small blocks lose structure, making motion tracking
difficult. Each block in the current frame is matched with



corresponding blocks in the previous frame and within a
surrounding window (N+2w) x (N+2w), where w is the max-
imum motion displacement. Larger w increases computational
load. The best match is often identified through comparing
a matching criterion such as the mean of absolute difference
(MAD), leading to a motion vector with two parameters (a, b)
for each block.The MAD is defined as:

1 N N
MAD(i, j) = 55 > > 1f(m.n) —g(m+i,n+5)| ()

m=1n=1

where (—w < 4,5 < w).

where f(m, n) represents pixels of the current block of N?
pixels at the coordinate (m, n) and g(m-+i, n+j) represents
the corresponding pixel in the previous frame at the new
coordinate (m+i, n+j). At the best-matched position of i =
a and j = b, the motion vector, MV(a, b), represents the
displacement of all the pixels within the block. Figure 3 shows
the search window for a single block in the algorithm. The
dark square is the block in position (m, n). The first point
in the search window is (m-w, n-w) and the last point to be
processed is (m+w, n+w). Between the best-matched block
in the reference frame and the current block, there is the
minimum MAD called minMAD.
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Fig. 3: The search window for block matching

B. Layer Fusion

According to [14], layer fusion in convolutional neural
networks (CNNs) is a technique aimed at optimizing data
flow across multiple convolutional layers by processing them
concurrently rather than sequentially. Traditional CNN im-
plementations process each layer independently, resulting in
large amounts of intermediate data that need to be stored and
retrieved from off-chip memory. This approach is inefficient
and incurs significant data transfer overhead as CNNs become
deeper and more complex.

The layer fusion technique addresses this inefficiency by
restructuring the CNN computation so that multiple layers
are computed together. This is accomplished by modifying
the order in which input data is brought on-chip, creating
a pyramid-shaped multi-layer sliding window. This approach
allows intermediate values to be computed on-chip and passed
directly between layers, thereby eliminating the need for
repeated off-chip memory access. By leveraging the spatial lo-
cality of convolution operations, layer fusion enables effective
on-chip caching and significantly reduces off-chip memory
bandwidth requirements. Overall, layer fusion enhances the
performance and efficiency of CNN accelerators by minimiz-
ing data movement and maximizing data reuse on-chip. Figure
4 illustrates an example of fusing two convolutional layers.
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Fig. 4: The example of fusing two convolutional layers [14]

III. RELATED WORK

Input induced computation reuse aims to reduce calcu-
lations related to input data. Several works, such as [9], [15],
[16], have addressed this area. In [9], the similarity of inputs is
discussed for the first time as a means to reduce computations.
In [15], a similar procedure is employed for the computation
reuse aspect of the paper. Inspired by the method in [9], [16]
reduces the amount of network computations by using the
incremental operation method and then applying the Winograd
algorithm [17] instead of the original convolution.

However, this basic method involves comparing a block of
the current frame with the same block in the source frame.
If they are equal, the results of the source block replace the
results of the current block. This process occurs in every
convolutional layer, resulting in the overhead of comparison
for all blocks and all layers.

Use motion estimation for inference Motion vectors have
been effectively utilized in recent research to enhance object



detection and tracking in video analysis. For example, the
Alchemist accelerator design leverages built-in motion vec-
tors from compressed video streams, significantly reducing
decoding latency and computational overhead [18]. Similarly,
the ”Online MOT Tracker in Compressed Domain (OTCD)”
employs a combination of key and non-key frames, using
restored RGB images for detection in key frames and motion
vectors for propagation in non-key frames. This approach
leads to substantial speedup in multi-object tracking [19].
Both methods highlight the effectiveness of using motion
vectors directly from compressed video for efficient real-time
processing in object detection.

However, both methods also show potential drawbacks,
such as missed detections or false positives. The Alchemist
method [18], while energy-efficient, may overlook finer details
that are not represented in the motion vectors. Similarly, the
OTCD method struggles with handling scale variations in
bounding boxes, as the motion vectors used for displacement
prediction do not account for changes in object size [19].

IV. METHOD
A. Motion Estimation Analysis

According to [19], frames in a compressed video are
organized into Groups of Pictures (GOP), which consist of
three general types of frames: I-frames (intra-coded frames),
P-frames (predictive frames), and B-frames (bi-directional
frames). I-frames are not dependant on other frames, while P-
frames and B-frames are encoded using motion vectors (MVs)
and residuals (the remaining error from motion estimation).
For simplicity, we adopt the same assumption as [19], [20] that
the compressed video contains only I-frames and P-frames.

Initially, we extracted motion vectors by combining tools
such as MVS [21] with custom designs. This process yielded
the motion vectors for each block, as well as the motion
estimation error. We then selected those blocks based on corre-
sponding motion vectors where the Mean Absolute Difference
(MAD) was below a predetermined threshold, which we set
to 5. At this stage, we gathered a number of suitable motion
information arrays. Each motion information array includes
information such as the block size, the starting points of the
blocks in both frames, the motion vector and the scale of the
motion vector. Given the appropriate motion vectors and their
information, we proceeded to reuse the computations. Figure 5
exemplifies motion information for a few blocks. This process
occurs on the encoder side during compression and does not
add any time overhead. For each block where the MAD is less
than the threshold, we assign a tag of 1, and for the remaining
blocks, we assign a tag of 0. These tags are sent along with
the supplementary information.

B. Computation Reuse

To reuse the computations from the reference frame in the
current frame, we utilize the motion vectors extracted in the
previous step. This approach allows us to directly place the
block results from the network layers, corresponding to the
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Fig. 5: Motion information array structure

selected motion vectors, into the feature map of the current
frame, bypassing the need for comparison overhead.

However, we faced several challenges, such as the presence
of padding and strides, which is discussed in detail in the
challenges section. The algorithm is shown in 1.

To implement this method in a real network, we need to
access the output of the layers to modify them and compare
the final output of the model; First output is the actual output
and the other is the reused output. Finally, to evaluate the
accuracy, we compare these two outputs.

The most suitable network for this reuse method is the VGG
[22] network (VGG-16) because it is an efficient network with
stride = 1 and 3 x 3 filters. In this network, due to stride = 1, the
dimensions of the blocks are reduced by two units by passing
through each convolutional layer. For example, 16 x 16 blocks
become 14 x 14 blocks after passing through the first layer.
In this research, we changed the output of the 7th layer and
checked the results. In fact we ignored the effect of paddings
and strides. Therefore, in the 7th layer, we reused the 4x4
blocks.

V. CHALLENGES

In this step, we selected only those vectors whose minMAD
was below a certain threshold for extracting the motion vector
phase. As a result, the entire feature map could not be reused
and for example, only 60% of an image could be reused.
Another challenge was padding. Although the feature map size
remains unchanged as it passes through each convolutional
layer, the size of the blocks is reduced, leading to a decrease
in the extent of reuse. Consequently, the actual reuse fell
below 60%. To address this issue, instead of replacing 2 x 2
blocks in the 7th layer, we used 4 x 4 blocks for replacement,
which resulted in a slight increase in MSE error. However, this
method is content-dependent, so different video types resulted
in varying levels of computation reduction and MSE error.
Figure 6 shows how this approximation is done in the first
two layers to clarify this issue. In this case, two rows or
columns of pixels are approximated from each side of the
feature map. This approximation continues to the next layers
until the approximation can no longer be applied from the
motion vector. Figure 7 shows the procedure.



Algorithm 1 Computation reuse based on motion information
array

Require: muv_arr: List of motion vectors
Require: frames_arr: List of video frames
1: for all f € frames_arr do

2: if f is I-frame then

3: Apply full computations

4: else

5: while True do

6: if End of frame then

7: return

8: end if

9: if The tag of the block’s start point is 0 then

10: Apply full computations to the end of the
block with fused architecture

11: else

12: Copy the corresponding block in the ref-
erence feature map to the current feature map based on
mu_arr

13: end if

14: end while

15: end if

16: end for
224%224*64
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Fig. 6: Approximating a 12x12 block with a 16x16 block

VI. EVALUATION AND RESULTS

The study presents an analysis of accuracy and computa-
tional volume reduction in quantized networks, specifically
focusing on uint8 quantization. Quantized networks offer a
balance between accuracy and computational efficiency, mak-
ing them a promising approach for optimizing performance in
various applications. To evaluate the performance of this reuse
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Fig. 7: Approximation and reuse effect in diiferent CNN
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method, the amount of computation reduction should first be
measured.

A. Computation Reduction

To calculate the amount of computations each layer in the
VGG-16 architecture has to perform, we need to consider the
number of parameters (weights) in each layer and the number
of operations required to process the input data through that
layer.

o Convolutional Layers: For each convolutional layer, the
number of computations can be calculated using the
formula:

Number of computations = input channel x
output channels x filter height X filter width
X output height x output width

o Max Pooling Layers: Max pooling layers simply select
the maximum value from a set of values. They don’t
involve any additional computations beyond selecting the
maximum.

¢ Fully Connected Layers: The number of computations in
a fully connected layer can be calculated as:

Number of computations = input width x output width

By evaluating all the layers of this network, we found that
for an input image with dimensions of 224 x 224 x 3, approx-
imately 15.7 billion computations are needed. About 12% of
the computations are related to the first two layers, around
30% are related to the first four layers, and approximately
59% are related to the first seven convolutional layers, and
so on. Considering that more than half of the blocks have a
minMAD lower than or equal to the specified value(5), a large
part of these layers are reused and skipped. In Figure 8 and
Figure 9, the reduction percentage for each video can be seen
in the seven-layer-reuse method. Since the number of motion
vectors that can be used depends on the video content, for each
video, according to the diagram, we have a reuse count based
on the selected motion vectors, all of which are numbers less



than or equal to 59%. In this network, we were able to reuse
up to 7 layers (by approximating border point computations).

B. Accuracy loss

We performed this experiment by estimating the border
points and replacing the 4 x 4 blocks. Instead of using the
2 x 2 blocks, we opted for 4 x 4 blocks in 7-layers reuse. These
adjustments led to a reduction in MSE of the last layer of CNN
layers. Accuracy is defined as the ratio of correctly predicted
frames that have been reused according to the reference
frame, to the total number of frames. Based on [9], quantized
network has many similar calculations despite its acceptable
performance, so we also used the VGG quantized model in this
experiment. Because the accuracy of the quantized model is
lower than the accuracy of the original model, sometimes both
sets of results classify the images incorrectly; therefore, most
of the obtained classification accuracies are 100% (Figure 8).
According to [23], CNNs are sensitive to changes in the
high frequencies of an image but resistant to changes in low
frequencies, which are coarse structures. This robustness in
deeper layers is due to their dealing with more abstract, high-
level features, which makes them less susceptible to fine-
grained noise. Therefore, the more we reuse computations
in deeper layers, the better the final classification accuracy
of the model becomes, eventually reaching 100% accuracy.
This balance between computation reduction and accuracy is
crucial for applications requiring efficient processing without
compromising performance. But comparing the feature maps
in the last convolution layer and the final vector, which consists
of 1000 numbers after the dense layers, in order to make our
method universal and apply it to other networks with different
applications, is the best option to report the difference. The
appropriate comparison criterion is mean squared error (MSE)
for reporting the difference between two feature maps. In
Figure 9, the MSE error for 5 different videos can be seen.
This figure shows the impact of video content on computation
reduction and MSE error in our method. To show the effect of
different thresholds for motion vector selection, we compared
two 1 x 1000 feature maps and then drew a digram of MSE for
5 different threshold values (5, 7, 8, 10, 15). Figure 10 shows
the low impact of threshold on the MSE of the last video, while
they have a significant impact on reducing computations.

TABLE I: Details of Selected Videos [24], [25]

Video Label | Video Name Frame Count | Rate(fps)
Videol moving_bikes.mp4 67 50
Video2 woman.mp4 88 25
Video3 Sponge_Bob.mp4 43 25
Video4 people_near_desk.mp4 66 25
Video5 people_on_the_grass.mp4 | 67 50
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C. dataset and implementation
We selected 5 different types of videos from [24], [25]

datasets ensuring they cover most types of motions. For our
CNN model, we utilized the TensorFlow quantization library



[26] to enhance computational efficiency through post-training
quantization techniques.

VII. CONCLUSION

In this paper, we reused the computations of video blocks
that are similar to their corresponding blocks at the reference
frame, using the information available from motion estimation.
This reuse continues not just for one or two layers but up to
7 layers without significant error. We demonstrated that we
could reduce the computations of the VGG-16 convolution
neural network by an average of 35.4%.
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