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Abstract
Convolutional neural networks (CNNs), as representatives of
deep learning, are one of the most commonly used neural net-
works in applications such as graphic image analysis. How-
ever, CNN has heavy computation patterns; network training
processes could take several hours even with modern pro-
cessors. Different from the training process, the inference
process is more often executed on devices with low comput-
ing power, such as CPUs. Fortunately, a minimal filtering
algorithm, Winograd, can reduce the convolution computa-
tions by reducing the number of multiplication operations.
We find that the Winograd convolution can be further accel-
erated by reusing the similar data and computation patterns,
which is called deep reuse.

CCS Concepts: • Computing methodologies → Neural
networks; • Theory of computation→Massively parallel
algorithms.
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1 Introduction
Winograd convolution [3] has been proved to be a very ef-
fective optimization for CNNs. By replacing the original
convolutions with Winograd minimal filters that have fewer
arithmetic operations [6], Winograd convolution greatly re-
duces the number of computations of CNNs: theoretically, it
can reduce the arithmetic complexity by at least 2.25× [3],
thus resulting in significant time and energy savings. Most
current deep learning libraries support Winograd convolu-
tion for CNNs, including Nvidia cuDNN and Intel oneDNN
(previously known as MKL-DNN). Furthermore, many ef-
forts have been made to optimize the Winograd convolution
by improving hardware efficiency.
Previous studies on Winograd convolution mainly focus

on how to optimize the algorithm on specific hardware, such
as GPUs, without considering optimizing the structure of the
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algorithm. Recently, we notice that a novel technique called
deep reuse, can discover and exploit reusable computations
to accelerate convolutions rather than applying traditional
code optimizations. By detecting similarities among neu-
ron vectors, this technique reuses intermediate results in
CNN inference, and thus saves both space and time on the
fly [5]. However, the current deep reuse technique targets
only GEMM-based convolutions. If we apply deep reuse to
Winograd algorithm, the performance of CNN inference
could be further significantly improved.

2 Similarity in Winograd Convolution
Deep reuse has been proved to be a great success in acceler-
ating the GEMM-based CNN inference process [5]. In this
section, we explore the reuse opportunities of deep reuse
in Winograd-based convolutions. We show the difference
between applying deep reuse in GEMM-based convolution
and Winograd-based convolution in Figure 1, and we have
the following insights.

(a) Neuron vector in 
GEMM-based deep reuse.
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(b) Tile in Winograd-based convolution.
The input tile size 4x4 and output tile
size 2x2 are defined by F(2x2,3x3).

Figure 1. Comparison between GEMM-based deep reuse
and Winograd-based deep reuse. 𝑥 denotes the unfolded
input matrix, 𝑐 denotes the index of the input channel, and
𝐿 denotes the length of neuron vectors.

First, the neuron similarities in GEMM-based convolution
also exist in Winograd convolution. Here, we show the simi-
larity between the neuron vector in GEMM-based deep reuse
and the tile in Winograd convolution. For GEMM-based deep
reuse, the neuron vectors are local neurons in the input im-
ages or feature maps. Figure 1 (a) illustrates a two-channel
input with 2 × 2 filter in GEMM-based deep reuse and the
length of neuron vector is eight. For Winograd-based con-
volution, as shown in Figure 1 (b), the 4 × 4 tiles are also
local neurons in the input images or feature maps. Since it
has been proved that strong similarities exist among neu-
ron vectors in GEMM-based deep reuse [5], there is a high
probability that similarities also exist among tiles in Wino-
grad convolution (86.1 to 91.6% similarity in our experiment,
detailed in Section 3).
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Second, deep reuse cannot be directly applied to Winograd
convolution. Applying deep reuse to Winograd convolutions
involves more complexities than that to GEMM-based convo-
lutions. For example, for GEMM-based deep reuse, the length
of neuron vectors can be flexibly adjusted by users in order
to attain a better accuracy and performance (more details are
elaborated in [4, 5]). In contrast, the tiles in Winograd-based
convolution are fixed, which is to say, we cannot divide the
tiles into different vectors for clustering to retain the advan-
tages of the original Winograd algorithm, because results
are obtained from tiles. Therefore, we need to perform deep
reuse on the granularity of tiles, as shown in Figure 1 (b).

Third, deep reuse is still worth to be applied to Winograd
convolution, because it hasmuch higher performance potentials
than that in GEMM-based convolution. Winograd convolu-
tion reduces the multiplication computations by 2.25× than
the direct convolution or GEMM-based convolution [3]. The
great performance benefits make it deserve the effort to be
further optimized. Moreover, the tile in Winograd convolu-
tion is suitable as the object we reuse, as discussed above. As-
sume that there are large similarities among tiles of batched
input, which is proved by the experiments in Section 3, a
large amount of computation can be saved by leveraging the
similarities, and higher speedups of Winograd convolution
can be achieved.

3 Empirical Observations
Opportunities: Experimental observations prove our as-
sumption on tile similarities: there is huge potential of
performance improvement for applying deep reuse toWino-
grad convolution.
We conduct experiments to identify the similarities that

exist among tiles. We use the trained model of CifarNet [1]
on CIFAR10 [2], and run its inference to perform a series
of experimental analysis to show the potential benefits of
reuse in Winograd convolution. We apply LSH with different
numbers of hash functions to the two convolutional layers of
Conv1 and Conv2 and record the remaining ratio after clus-
tering. Note that a larger number of hash functions means a
more fine-grained clustering, and a smaller remaining ratio
indicates larger reusable potential.

Single channel. First, we detect the similarities among
tiles in each channel with different batch sizes and report
the average remaining ratio of each channel. The results
are demonstrated in Figure 2, which shows that the two
convolutional layers exhibit similar trends. The remaining
ratio reaches an average of 0.084 in the first convolutional
layer and 0.139 in the second convolutional layer; they both
increase along with the increase of hash size and the decrease
of batch size.

Multiple channels.Then, we detect the similarities among
tiles of multiple channels. Assume that the input to the con-
volutional layer has 𝐶 channels. We evenly divide the 𝐶

channels into 𝑥 parts so each part has 𝐶/𝑥 channels. We
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(a) Conv1.
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(b) Conv2.
Figure 2. The remaining ratio of the different numbers of
hash functions with different batch sizes in a single channel.

treat the tiles of consecutive𝐶/𝑥 channels as the neuron vec-
tor and apply LSH to them in each part. Figure 3 shows the
similarities among tiles of multiple channels with different
numbers of channels fixing the batch size as 100. The results
show that tiles of multiple channels still generate a small
remaining ratio, especially when the number of hash func-
tions is small. Generally, fewer channels lead to a smaller
remaining ratio.
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(a) Conv1.

10 11 12 13 14 15 16 17 18 19 20
#hash functions

0.00

0.25

0.50

0.75

1.00

R
em

ai
ni

ng
 ra

tio

#channels=1
#channels=4
#channels=16

(b) Conv2.
Figure 3. The remaining ratio of the different numbers of
hash functions with different numbers of channels.

4 Conclusion
This paper investigates deep reuse with Winograd convolu-
tion. By analyzing deep reuse in single channel and multiple
channels ofWinograd convolution, we find that there is huge
potential for applying deep reuse to Winograd convolution.
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