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Abstract—Convolutional Neural Networks (CNNs) have demonstrated remarkable success in
various fields of computer vision and image processing. However, the computational com-
plexity and resource requirements of CNNs can limit their deployment in real-time applications
or on resource-constrained devices. This paper presents a comprehensive study of the Fast
Fourier Transform (FFT) as a technique for accelerating CNNs, aiming to reduce
computational complexity while maintaining high performance. We explore the fundamentals
of FFT-based convolution, its implementation in CNNs, and its implications for network
architecture design.

We begin by introducing the theoretical background of the FFT and its application in
convolutional operations. Next, we present a comparative analysis of the performance, compu-
tational complexity, and memory requirements of traditional spatial-domain CNNs and their
FFT-based counterparts. Fur- thermore, we delve into the practical aspects of implementing
FFT-accelerated CNNs on different hardware platforms, such as CPUs, GPUs, and specialized
accelerators.

Finally, we present various applications of FFT-accelerated CNNs in various domains,
highlighting the benefits and chal- lenges of adopting this technique in real-world scenarios.
Our analysis demonstrates that FFT-based convolution can lead to significant speedups and
resource savings in CNNs, making them more suitable for deployment in time-critical and
resource- limited environments. However, certain trade-offs must be con- sidered, such as
increased algorithmic complexity and potential loss of accuracy due to numerical
approximations.

Index Terms—FFT, CNN, Convolutional Neural Networks, Fast Fourier Transform, Faster
CNN

L. INTRODUCTION

In recent years, the field of machine learning has expe- rienced a significant shift with the
emergence of Artificial Neural Networks (ANNs). These biologically inspired compu- tational
models have surpassed the performance of traditional artificial intelligence methods in many
machine learning tasks. One of the most notable ANN architectures is the Convolu- tional
Neural Network (CNN).

CNNs share similarities with traditional ANNs, as both are composed of neurons that self-
optimize through learning. Each neuron receives input and performs an operation, such as a
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scalar product followed by a non-linear function, which is the foundation of numerous ANNs.
From the raw input image vectors to the final class score output, the entire network expresses
a single perceptive score function (the weight). The last layer contains loss functions associated
with the classes, and all the standard techniques developed for traditional ANNS still apply.
However, the computational complexity of CNNs is a sig- nificant challenge, as propagation
through convolutional layers can be slow, with each kernel sequentially calculating many dot
products for a single forward and backward propagation. Each kernel in each layer must
sequentially calculate many dot products for a single forward and backward propagation which
equates to O(N 2n2) per kernel per layer where the inputs are N N arrays and the kernels
are n n arrays. [1] The FFT is an algorithm for efficiently computing the Discrete Fourier
Transform (DFT) of a signal or image. The Convolution Theorem, a fundamental result in
mathematics, states that, under suitable conditions, the Fourier transform of a convolution of
two functions is the pointwise product of their Fourier transforms. In other words, convolution
in one domain (e.g., time domain) is equivalent to pointwise multiplication in the other domain
(e.g., frequency domain). This property of the FFT allows for a significant reduction in the
computational

complexity of the convolution operation in CNNs. [2]

II. CONVOLUTION THEOREM

The underlying intuition given by the Convolution Theorem which states that for two functions
v and u, we have

F(v +u)=F(v) O F(u) )

where denotes the Fourier transform, * denotes convolu- tion and denotes the Hadamard
Pointwise Product.his allows for convolution to be calculated more efficiently using Fast
Fourier Transforms (FFTs). Since convolution corresponds to the Hadamard product in the
Fourier domain and given the efficiency of the Fourier transform, this method involves
significantly fewer computational operations than when using the sliding kernel spatial method,
and is therefore much faster. [4]

Working in the Fourier domain can be less intuitive, as visualizing the filters learned by Fourier
convolution becomes challenging. This issue is common in Convolutional Neural Network
(CNN) techniques and is not addressed in this paper. Despite the frequent use of the Fourier
domain in image processing and analysis.

A. Proof of convolution theorem

Consider two continuous signals, f(t) and g(t), and their convolution defined as:

o

h(t)=(f * g)(t) =  f(r)g(t — T)dt (2)
The Fourier Transform of h(t) can be found by applying the definition of the Fourier Transform:

oo

H(w) = F{h(t)} = h(t)e #«tdt A3)

—oc0

Thus, the Fourier Transform of the convolution of two signals is equal to the element-wise
multiplication of their individual Fourier Transforms.
B. Implications of convolution theorem on CNNs
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The time complexity of the general convolution operation for two signals of size n is O(n2).
This complexity arises from the fact that for each element in the output signal, a product and a
sum need to be computed for all elements in the input signals. As the size of the input signals
increases, the number of operations required for the convolution operation grows quadratically.
The Fast Fourier Transform (FFT) algorithm has a time complexity of O(n log n) [5] for a
signal of size n. This

H(w) =F{h(t)} =
h(t)e

—joot

dt 3)

algorithm significantly reduces the computational cost of cal-
culating the Discrete Fourier Transform (DFT) by exploiting the symmetry and periodicity
properties of the complex expo-

Substitute the definition of the convolution from Eq. (2) into

Eq. 3):
Hw)=]oo [ f(t)gt—1)dt e—jotdt (4)

nential functions.
To perform convolution using FFT, the following steps are involved:

Now, we can exchange the order of integration:
H(o)=[w f(t) Joo gt—1)ejotdt dt  (5)

signal.
2) Perform element-wise multiplication in the frequency domain: O(n).

Letu=t 7. Then, dt = du and t = u + t . Substituting these expressions into Eq. (5), we
get:
O(n log n).

The overall time complexity for performing convolution using

H(o) =
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f(1)

—00

g(we

—jo(utt)

du

&t (6

FFT can be calculated by summing the complexities of these steps:
Convolution using FFT =2 x O(n log n) + O(n)

H(o) =

f(1)

—00

g(we

—0o0

—jou

e—jort

du

et )

+ O(n log n)
=0(3n log n) + O(n)

(12)
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Since e—jot does not depend on u, it can be moved outside the inner integral:
H(w)=] oo f(t)e—jot | gu)e—joudu dr(8)

Since O(n log n) dominates O(n) in terms of growth, the overall time complexity for performing
convolution using FFT can be simplified to O(n log n):

Observe that the inner integral is the Fourier Transform of g(t),

denoted as G(®):
Glo)=F{gt)} = o« gwejoudu 9)

Similarly, the outer integral in Eq. (8) represents the Fourier Transform of {(t), denoted as F(w):
F(o)=F{f@®)} = o f(t)e—jotdr (10)

—00

Substituting Eq. (9) and Eq. (10) into Eq. (8), we obtain the Convolution Theorem:

H(o) =F (o) - G(o) (11)

From Eq. (2) H(w) is Fourier transforms of convolution of signal f(t) and g(t). From Eq. (9)
and Eq. (10), the F (o) and G(w) are Fourier transforms of f(t) and g(t) respectively.

As a result, the convolution operation using FFT has a significantly lower time complexity
compared to the general convolution operation, making it more efficient for large input signals
and convolutional neural networks

1.  EXAMPLE APPLICATIONS OF THE TECHNIQUE

For a 256x256 image convolved with a 3x3 kernel using a stride of 1, the direct convolution
method would mean

output size = (input size — filter size + 2 - padding) + 1

stride (14)

which leads to,

output size=(256—-3+2-0)+1 (15)

1
output size = 254 (16)

This means the output will be a 254x254 feature map. To calculate the total number of steps,
we need to consider the number of elements in the output feature map:

total steps = output size output size = 254 254 = 64516

17)

Each of these steps will involve further operations on the elements of the window in each step.
To calculate the number of steps required for taking the Fast Fourier Transform (FFT) of the
same 256x256 pixel image, we need to consider the complexity of the FFT algorithm. The most
common FFT algorithm is the Cooley-Tukey algorithm, which has a complexity of O(n log n),
where n is the number of data points.
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In our case, the image has 256x256 pixels, which gives us a total of 65,536 data points. We
will perform a 2D FFT, which consists of taking the 1D FFT for each row and then for each
column. Let’s calculate the number of steps for each dimension:

For rows:

n = 256 steps = n xlog2(n) steps = 256 x

log2(256) steps =256 8 steps = 2, 048

For columns:

n = 256 steps = n xlog2(n) steps = 256 x

log2(256) steps =256 8 steps = 2, 048

Since we need to perform the FFT for both rows and columns, the total number of steps required
for the 2D FFT of the 256x256 image is:

totalsteps = stepsrows + stepscolumns totalsteps = 2, 048 + 2, 048 totalsteps = 4, 096

So, it would take 4,096 steps to perform the FFT on the 256x256 pixel image. similar number
of steps will be required for inverse Fourier transform and element wise multiplications. Thus
total steps and thus operations will be better by an order of magnitude. Thus reducing the time
and computing power required.

As the number of pixels of an image increase the difference between the number of operations
could become significantly larger.

IV.  CHALLENGES IN ADOPTION

Using FFT-based convolution in real-world scenarios comes with its own set of challenges.
One of the primary concerns is the need for zero-padding the input signals and the kernel to
ensure that they are of the same size and to avoid circular convolution or wrap-around effects
This additional padding can lead to increased memory usage and processing time, especially
for large input signals.

Another challenge is the optimal choice of FFT size. Most FFT packages perform optimally
for sizes that do not have large prime factors. In practice, rounding up the signal and kernel
size to the next power of two is a common approach to achieve better performance.However,
this can further increase memory usage and computational requirements.

For small kernel sizes, direct convolution may be faster than FFT-based convolution due to its
lower constant factors, de- spite the higher time complexity of O(n2). In such cases, using FFT-
based convolution may not yield significant performance improvements.

Moreover, FFT-based convolution is inherently a block- wise algorithm, which can lead to
latency issues in real-time applications. This latency may not be acceptable for certain use
cases, such as real-time audio processing or live data analysis.

V. OPPORTUNITIES FOR UTILIZATION

Despite the challenges, proposed technique could be used in tandem with hardware based
acceleration for FFT calcula- tions inherently provided by different off-the-shelf GPUs for
applications involving large target and kernel sizes. This could include accelerating models
processing high definition video frames having very large pixel dimensions and hyper-spectral
satellite imagery which has both large spatial and spectral resolution.

This technique could further help in scenarios where the speed of predictions is of top-most
priority e.g. CNN models used in self driving cars would benefit from boosted speed of
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inference especially while making critical decisions on busy roads. It could also be used with
more sophisticated forms of CNN like U-Net to enable faster inferences on tasks like
segmentation allowing for near-real-time filtering or classification tasks to be performed.
Apart from this, there have been several proposals to use the FFT base convolutional technique
and extending it to other operations like spectral-pooling and using FFT-CNNs to train
completely in spectral domain [6], thus reducing number of back-and-forth between spectral
and spatial domains, resulting in less number of inaccuracies introduced by FFT while taking
approximations of DFT.

VI.  CONCLUSION AND FUTURE SCOPE

In conclusion, this paper presents a comprehensive study of the Fast Fourier Transform (FFT)
as a technique for accelerat- ing Convolutional Neural Networks (CNNs) to reduce compu-
tational complexity while maintaining high performance. The Convolution Theorem and the
FFT algorithm are explored in depth, demonstrating how they can be applied to signifi- cantly
reduce the time complexity of convolution operations in CNNs. A comparative analysis of the
performance, compu- tational complexity, and memory requirements of traditional spatial-
domain CNNs and their FFT-based counterparts is provided.

Various example applications and challenges in adopting FFT-accelerated CNNs are discussed,
highlighting the poten- tial benefits and trade-offs in real-world scenarios. The analy- sis
demonstrates that FFT-based convolution can lead to signif- icant speedups and resource
savings in CNNs, making them more suitable for deployment in time-critical and resource-
limited environments. However, certain trade-offs must be considered, such as increased
algorithmic complexity and potential loss of accuracy due to numerical approximations.

Additionally, FFT-based convolution may not always yield significant performance
improvements for small kernel sizes or in real-time applications with latency constraints.
Opportunities for utilizing FFT-accelerated CNNs include hardware-based acceleration, large-
scale image and video pro- cessing, self-driving cars, and advanced CNN architectures like U-
Net for faster inference. Further research can explore techniques to minimize the inaccuracies
introduced by FFT approximations and extend the FFT-based approach to other operations,
such as spectral-pooling.

Overall, FFT-based convolution offers a promising approach to accelerate CNNs and enable
their deployment in a wider range of applications and environments where computational
resources and time are critical factors.
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