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A B S T R A C T

Convolutional neural networks (CNNs) involve a tremendous amount of multiply-and-accumulate (MAC)
computations, leading to energy issues when deployed on energy-constrained IoT edge devices for computer
vision purposes. However, a great number of these computations are ineffectual since they lead to meaningless
zero activations, which could be avoided if predicted appropriately. This has been the focus of many
studies, whereas it has only been done through zero-activation simplifications. This paper goes beyond
those simplifications through a convolution factorization approach to convert the MAC-intensive convolution
operations into less complex pooling operations. The main characteristic of the proposed idea is that, given a
target accuracy, the applicability and type of factorization are adaptively decided for each individual activation.
This is achieved by providing a lightweight multi-class CNN-based predictor, namely RedZAP. The selected
types of pooling operations for our convolution factorizations are supported by existing CNN architectures.
The experimental results show that, given a top-1 accuracy loss constraint of 1%, the proposed approach saves
another 8% MAC operations in comparison to the existing zero-prediction approaches in the literature.
. Introduction

Machine learning (ML) algorithms are widely used in various pat-
ern recognition and data mining applications to enable data analysis
n IoT edge devices, such as IoT vision sensor nodes, for massive vol-
mes of data generated at the network edge [1]. Convolutional neural
etworks (CNNs), known as an instance of ML algorithms and, more
recisely, deep neural networks(DNNs), have proven a significant order
f superiority over other ML instances by providing high levels of accu-
acy in such applications [2]. As an example, CNNs have demonstrated
eyond human-level accuracy in computer vision tasks, such as image
lassification and object detection [3]. This superior performance of
NNs comes at the expense of high computational demands, thus lead-

ng to energy inefficiencies and hindering their practical applications
n edge devices with strict energy constraints. These edge constraints
ange from energy limitations of battery-operated smartphones (with
obile processors) to even more extreme cases such as small IoT sensor
odes (with low-power processors and energy harvesters).
Cloud computing can effectively satisfy the high computational de-

ands of CNNs by having the CNN computations offloaded to more
owerful, resource-rich servers, called the cloud. However, on its own,
loud computing cannot be a viable solution, due to several issues
ostly coming from the long-distance communication network between
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the cloud and edge devices. First, the delay associated with the long-
distance network can potentially threaten the timeliness requirements
of time-sensitive applications with real-time nature, such as robotics,
self-driving car, and augmented reality [4]. Second, privacy and secu-
rity concerns may arise when sensitive data, such as patient-generated
health data in healthcare applications, is exposed to potential unau-
thorized access as a result of the data offloading. Finally, network
connectivity can be of major concern in circumstances where access
to the central node is limited or transient, e.g., in oil fields. All these
issues with the long-distance network imply the idea of performing the
data processing in close proximity to data sources (e.g., sensors) on
energy-constrained edge devices, introducing a new paradigm called
edge computing.

With edge computing, CNN computations are migrated from the
cloud to the edge of the network. The applicability of this migra-
tion is restricted by energy limitations in deploying computationally
complex CNNs with high energy demands on energy-constrained edge
devices. This high computational complexity is defined in terms of a
tremendously significant amount of multiply-and-accumulate (MAC)
computations involved in the so-called convolutional (CONV) layers,
which enable high levels of accuracy in CNNs by providing high-level
feature-extraction capabilities through learning arrays of weights, called
vailable online 3 February 2023
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kernels. As demonstrated by [5], AlexNet [6] and VGG-16 [7], as two
variants of a CNN, require approximately 666M and 15.4B MAC oper-
ations, respectively, just for a single image classification task. All these
considerations clarify the importance of energy-efficient processing of
CNNs on devices with resource limitations and define the huge amount
of involved MAC operations as the potential challenge ahead to be
addressed.

The inherent data redundancy existing in CNNs is usually exploited
to mitigate the huge MAC operations overhead. In CNNs, an output
ctivation is a weighted sum of a collection of spatially adjacent input
ctivations, sharing very close values. In other words, the value of
n output activation depends on the aggregation of a wide set of
nput activations with intrinsic redundancy, rather than on individual
ctivations. Due to this redundancy, errors on some input activations
re mitigated by the correct redundant activations in the set, applying
self-healing property to the application.

An extremely wide literature pertains to MAC reductions in CNNs,
xploiting the inherent data redundancy characteristic. The studies
ommonly follow five lines of research: (i) proposing new DNN model
esigns with an extremely reduced amount of parameters and MAC
perations [3,4,8–18]; (ii) automatically searching for a neural archi-
ecture with the best possible performance, referring to a research field
nown as neural architecture search (NAS) [19–25]; (iii) compressing
xisting DNN model designs [26–50]; (iv) accelerating DNN model
esigns in hardware [51–57]; and (v) predicting zero-valued activations
nd skipping them [58–68]. This paper is very closely related to the
tudies taking a prediction approach.

The studies employing zero-prediction techniques exploit the em-
irical observation that a considerable amount of output activations
n a CONV layer yield meaningless zero values. According to [67], on
verage, 65.67% and 47.10% of total pixels result in zeros for AlexNet
nd VGG-16, respectively, and some layers in these networks have more
han 90% of zeros.

This paper follows a prediction-based approach, and as the main
ontribution, it goes beyond zero simplifications and also considers
ther types of simplifications for MAC-intensive convolutions, this way
ncreasing the chances of MAC reductions. To the best of our knowl-
dge, this is the first work examining the likelihood of factorizing a
omputationally complex CONV to less complex computations in forms
f aggregation functions, such as pooling operations. The convolutions

with this property are referred to as reducible convolutions, and the
activations with their corresponding CONV identified as reducible are
called reducible activations, throughout this paper.

To identify reducible CONVs, we proposed a multi-class CNN-
based predictor, called reducible- and zero-activation predictor (RedZAP),
which uses the lightweight CNN structure of a binary predictor, called
ZAP [68]. Moreover, a modified version of the three-step prediction
approach proposed in [68] was used for our reducible-CONV predic-
tion. First, a subset of output activations is fully computed according
to a pre-defined pattern. Second, fed with these initially computed
activations, the employed predictor predicts the reducible possibility
of the convolution operations related to the remaining activations and
determines the type of simplification technique to be applied to those
predicted as reducible. Finally, the activations marked as reducible
are processed according to the determined simplification technique,
skipping the original CONV operation, while other activations are fully
computed.

The main contributions of our proposed reducible-CONV prediction
approach is summarized as follows:

• Going beyond zero-valued activation simplifications. Unlike
prediction-based works, such as ZAP, which merely consider zero
simplifications, RedZAP pushes the horizon of CONV simplifi-
cations. In fact, RedZAP not only identifies reducible CONVs,
which is analogous to the prediction of zero-valued activations
in ZAP, but also determines the type of simplification technique
2

applicable for each CONV predicted as reducible.
• Being compatible and friendly to existing CNN architectures.
The simplification techniques employed in our approach can be
simply applied using pooling operations, which are very common
in CNNs.

• Applying an adaptive and flexible pooling-based CONV fac-
torization. In contrast to resource-efficient model designs such
as MobileNet [4], which apply the CONV factorization at the
architecture level for all the activations, RedZAP determines the
applicability of factorization for each individual activation based
on the received input data and desired quality at a given time. In
addition, unlike MobileNet, which factorizes a CONV into simpler
but still CONV operations, our work considers CONV factoriza-
tion with pooling operations, having lower computational costs
compared to CONV operations.

• Creating a wide range of energy-quality trade-offs. Our ap-
proach creates a wide range of trade-offs between energy and
quality, exploiting the inherent data redundancy existing in CNNs.

This paper is organized as follows: In Section 2, a detailed overview
of the related work is presented. Section 3 provides preliminary knowl-
edge on the structure of CONV layers in CNNs and the three-step
zero-activation prediction approach proposed in [68]. Section 4 is
devoted to the proposed convolution factorization approach by cov-
ering six topics. First, the intuitive idea behind reducible CONVs is
introduced. Second, the definition of different types of reducible con-
volutions is presented. Third, the concept of reducible convolutions
from the architectural perspective is demonstrated. Fourth, the steps for
identifying reducible convolutions are discussed. Fifth, the structure of
the RedZAP predictor is presented. Finally, the MAC saving and storage
overhead associated with our proposed approach is discussed. Section 5
includes the experiments and presents the results and discussions, and
concluding remarks are made in Section 6.

2. Related work

An ML task, such as image classification and object detection, is ba-
sically a set of elementary operations, i.e., MAC operations, performed
toward the expected output. To give an illustration, in the task of
image classification using a CNN, the label of an unknown image is
determined by performing a large number of CONV operations. Each
CONV can be considered as a sequence of MAC operations. With these
considerations in mind, the energy associated with an ML task, denoted
by 𝐸𝑡𝑎𝑠𝑘, is influenced by the number of the involved elementary
operations, i.e., 𝑁𝑜𝑝𝑒𝑟, and the energy of an individual elementary
peration, namely, 𝐸𝑜𝑝𝑒𝑟, demonstrated as follows:

𝐸𝑡𝑎𝑠𝑘 = 𝑁𝑜𝑝𝑒𝑟 × 𝐸𝑜𝑝𝑒𝑟 = 𝑁𝑜𝑝𝑒𝑟 × 𝑎𝑐𝑡 × 𝑐𝑎𝑝 × 𝑣𝑜𝑙2 × 𝑓𝑟𝑞, (1)

in which 𝑎𝑐𝑡, 𝑐𝑎𝑝, 𝑣𝑜𝑙, and 𝑓𝑟𝑞 refer to the activity coefficient, switched
capacitance, voltage, and frequency, respectively.

According to (1), the literature has exploited two types of knobs to
save energy: (i) 𝐸𝑜𝑝𝑒𝑟, and (ii) 𝑁𝑜𝑝𝑒𝑟. Some works [69–72] mitigate the
dynamic energy of an elementary operation by designing approximate
adders and multipliers. Further, an enormous body of research has been
devoted to mitigating the high computational complexity of CNNs by
reducing the number of MAC operations. Similarly, this paper exploits
the number of MAC operations as leverage for energy saving. The
studies targeting 𝑁𝑜𝑝𝑒𝑟 benefit from five mechanisms to reduce the
number of MAC operations: (i) resource-efficient DNN model design,
(ii) neural architecture search, (iii) DNN model compression, (iv) DNN
hardware acceleration, and (v) zero-valued activation prediction.

Resource-efficient DNN model design. During the last decade, enormous
efforts have been directed toward proposing resource-efficient DNN
model designs with reduced complexity, aiming at increasing chances
of their deployment on mobile and embedded devices with strict re-
source limitations.
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GoogleNet [8] uses parallel connections to increase the depth of
CONV layers, this way achieving extremely less complexity compared
to the conventional designs in which CONV layers are stacked using
only serial connections. ResNet [3,9] goes even deeper in CONV layers
by employing special skip connections to address the vanishing gradient
hallenge, arising when training very deep DNNs. With this challenge,
uring the error back-propagation, the gradients considerably shrink
hen reaching the very early layers of very deep networks, affecting

he weight updating in these layers. Squeeze-and-excitation networks
SENets) [10] are built by stacking novel architectural units, called SE
locks. These blocks can be incorporated into the existing DNN model
esigns to improve their performance, in terms of accuracy, at the
ost of negligible computational and storage overhead. Although the
omputational overhead in GoogleNet and ResNet is still huge, i.e., on
he order of billions of MAC operations, they incorporate more CONV
ayers with much less computational complexity compared to their
receding variants, such as VGG-16.

Leading DNN model designs such as GoogleNet and ResNet attempt
o achieve state-of-the-art performance while keeping computational
omplexity low; however, they have not yet fully explored the low com-
utational complexity opportunities, especially required for resource-
onstrained devices. Therefore, various works in the literature aim at
nabling further MAC-saving benefits, i.e., on the order of hundreds or
ven tens of million MAC operations, targeting mobile and embedded
evices. Examples of such works include SqueezNet [11], MobileNet,
huffleNet [12], CondenseNet [13], ShiftNet [14], you only look once
YOLO) [15–17], and single shot multibox detector (SSD) [18].

SqueezNet achieves 50x fewer parameters and 510x smaller model
ize (i.e., less than 0.5MB), compared to AlexNet, by employing compu-
ationally inexpensive 1×1 convolutions and reducing the kernel sizes.
obileNet takes a CONV factorization approach and reduces a standard
ONV operation into two simpler CONV operations. ShuffleNet uses
he concepts of group convolution and channel shuffle to reduce MAC
perations. Although the concept of group convolution significantly
educes the computational cost by partitioning the input activations
n each layer into disjoint groups, with each group generating its own
utputs, it decreases the chances of feature reusing across the network.
ondenseNet resolves this drawback by learning group convolutions,
nd this way enabling effective reuse of features throughout the net-
ork, especially those features that reusing them in the subsequent

ayers is beneficial in terms of performance. ShiftNet substitutes spatial
onvolutions with parameter-less and MAC-less shift operations. YOLO
nd SSD are real-time single-stage object detectors that determine both
he locations and class probabilities of objects in an image through

single CNN in one evaluation step, in which the detection time is
uch faster compared to the sequential performing of these steps. The

eal-time feature of YOLO comes at the expense of incurring more
ocalization errors, as compared to the state-of-the-art object detectors.

eural architecture search (NAS). NAS attempts to obtain a neural
rchitecture with the best possible performance in an automated way.
his automatic architecture search can be favored over handcrafted
rchitectures in that the design process for handcrafted architectures is
ime-consuming and needs major expertise. Moreover, in handcrafted
rchitectures, achieving the best possible performance by tweaking
heir hyper-parameters is probably achievable with huge trial-and-
rrors [23].

For NAS, there is a rich and complicated literature, and excellent
urveys already exist on which [19–21]. However, the main point to
e highlighted here is that while most of the proposed NAS techniques
arget solely performance, in terms of prediction accuracy, there are
orks [22–25] which consider other factors, including resource limi-

ations, taking a multi-objective approach on NAS. As a result, these
orks are more suited for scenarios when a neural architecture is
3

equired to be deployed on a resource-constrained device.
odel compression. Some works attempt to make existing DNN model
esigns resource efficient by employing compression techniques, which
an be classified into: (i) pruning [26–33], (ii) quantization [34–41]
nd binarization [42–44], and (iii) knowledge distillation [45–50].
ith pruning, the parameters that have the least important effects

on the quality of the final output, e.g., zero weights, are eliminated.
Quantization approximates DNN parameters in floating-point format
with low-bit width numbers and enables DNN computations in re-
duced precision; this way power-hungry floating-point multiplications
are avoided. Binarization, as an extreme case of quantization, restricts
the precision of weights to only one-bit representations, introducing
binary neural networks (BinNets). The idea of BinNets was first in-
troduced in BinaryConnect [42], in which weights only take values
of {−1, 1} considering their signs. In addition to the weights, output
activations can be binarized, introducing binarized neural networks
(BNNs) [43]. In BNNs, CONV operations are simplified into inexpensive
XNOR operations. BinnaryConnect and BNNs exhibit high degrees of
compression, leading to considerable accuracy degradation. To address
this issue, binary weight networks (BWNs) and XNOR networks [44]
have been proposed, attempting to reduce the difference between
binarized weights or activations and their original values. Knowledge
distillation, however, takes a resource-intensive powerful DNN, and
generates an approximate less complex resource-efficient DNN.

Hardware acceleration. DNN hardware accelerators based on energy-
efficient technologies, such as application-specific integrated circuits
(ASIC) and field-programmable gate arrays (FPGAs), have exhibited
remarkable achievements in improving the resource efficiency of DNNs.
DianNao [51] was the first accelerator aiming at reducing memory
access, especially for large DNNs. ShiDianNao [52] is a variation of
DianNao, targeting embedded devices. CORN [53] and UCNN [54] use
computation reuse for the huge amount of inherent repetitive computa-
tions existing in DNNs. These computations, in CORN, are multiplica-
tion operations having operands with the same or very close values,
and in UCNN, are dot products with the same weights repeated across
kernels. Similarly, [55] employs the computation reuse for consecutive
executions of a DNN, and this way, avoids an entire DNN execution in
case of receiving similar inputs. This can be beneficial in applications
such as speech recognition and video classification, which involve
multiple executions of a DNN to process a sequence of inputs (e.g., au-
dio frames and images). PRA [56] avoids ineffectual computations, in
terms of zero-valued product terms, within a multiplication operation
involved in a DNN. 𝛥NN [57] enables computation reuse for the cal-
culations involved within a kernel. To achieve this, the kernel weights
are sorted in ascending order, with each weight stored as its difference
(𝛥) to the previous value. Thus, the computation associated with each
weight is performed by reusing the computation of the nearest weight
followed by a calculation on the 𝛥 value. The authors quantize the 𝛥
values to further reduce the computation complexity.

Zero-valued activation prediction. Another line of works directed to-
wards improving the energy efficiency of DNNs is to predict computa-
tions with tolerable or no effect on the application’s output quality, and
next, to skip or mitigate their computational complexity. Among such
computations are those incurred by zero-valued activations. Therefore,
zero-prediction, or sign-prediction, has been the focus of many studies,
and it usually requires an initial computational overhead to decide
whether to perform the computations pertaining to the remaining part.

The works [58–60] utilize the result from the partial processing
related to the MSB part of a convolution operation to predict the sign
of an activation, hence deciding on whether performing or skipping the
processing related to the LSB part. Some works target the operations
involved within a single convolution. As an example, in [61] the
sequence of MACs required to generate a single activation is reordered
such that the results from the very first MAC operations lead to the
early prediction of the activation’s sign, skipping the remaining MAC
operations in the sequence. Other works make use of a predictor to
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Fig. 1. Illustration of a CONV layer in CNNs [73].
identify zero activations. As an example, the work in [68] uses a
lightweight CNN-based predictor to identify zero activations in a CONV
layer, and [62] employs a fully-connected layer(FC) layer to predict
the sign of each activation. [64] applies the concept of zero-activation
prediction to the structure of a CNN by incorporating low-cost collabo-
rative layers, which act as feature masks for the original CONV layers.
Some works [63,65,67] consider the spatial correlation characteristic of
CNNs as the basis for their prediction. By spatial correlation, it is meant
that adjacent output activations share close values. These works make
use of this characteristic for zero-prediction [63,67] or interpolation
of the missing values [65]. The work proposed in [66] considers the
prediction of activations highly close to zero, given a threshold, in
addition to zero activations.

Our work is not focused on proposing new resource-efficient model
designs for DNNs, and instead, it targets existing DNN models and
attempts to improve their energy efficiency. However, this work is
similar to works like MobileNet in that it presents a convolution fac-
torization approach, with a clear distinction that the factorization is
applied to each individual activation. Moreover, unlike the works that
exploit compression techniques to eliminate redundant computations
prior to the inference phase, and this way, considerably reducing the
model size, this work skips or simplifies these computations at the
inference phase without applying any permanent elimination. In fact,
in this work, the set of activations whose computations are skipped
or simplified varies during the inference phase, based on the input
data fed into the DNN and the desired quality. To identify these
redundant computations, this work makes use of a light-weight CNN-
based predictor similar to ZAP, and this makes our work very closely
related to the works taking a prediction approach. The main difference
is that in addition to predicting zero and near-zero activations, which
is very common in the literature, this work attempts to consider other
forms of simplifications, although no hardware acceleration support is
presented.

3. Background

This section provides preliminary knowledge on (i) CONV layers,
which drive the most part of high computational demands of CNNs, and
(ii) ZAP, which acts as the basis for our proposed reducible-convolution
prediction approach.

3.1. Convolutional layers in CNNs

A CNN is composed of several CONV layers followed by a few FC
layers. Each CONV layer extracts successively higher-level abstractions
of the input data, called feature maps (fmaps), for use in the FC layers in
order to determine the classification output. However, the CONV layers
are involved with a huge amount of MAC computations, taking the
majority portion (i.e., more than 90% [5]) of total MAC operations in
a CNN, as compared to FC layers.
4

Fig. 1 illustrates the computation within a CONV layer. Within each
CONV layer, a number of 3-D arrays of weights, i.e., kernels, are applied
to the layer's input activations. The set of input activations fed into a
CONV layer is a 3-D array of input features, which is measured in the
preceding CONV layer and is known as a single 3-D input feature map
(ifmap). By sliding all kernels over all subareas, also called receptive
fields, within the ifmap and performing the convolution operation, a 3-
D array of output features is generated, referred to as a single 3-D output
feature map (ofmap).

The computation associated with a single output activation
𝑋𝑜𝑢𝑡[𝑧][𝑦][𝑥], belonging to the 3-D ofmap 𝑋𝑜𝑢𝑡, is summarized as [73]:

𝑋𝑜𝑢𝑡[𝑧][𝑦][𝑥] = 𝐵[𝑧] +
𝐶−1
∑

𝑙=0

𝑅−1
∑

𝑗=0

𝑆−1
∑

𝑖=0
𝑋𝑖𝑛[𝑙][𝑈𝑦 + 𝑗][𝑈𝑥 + 𝑖] ×𝐾𝑒𝑟𝑛𝑒𝑙𝑧[𝑙][𝑗][𝑖],

0 ≤ 𝑧 ≤ 𝑀, 0 ≤ 𝑦 ≤ 𝐸, 0 ≤ 𝑥 ≤ 𝐹 ,

𝐸 = 𝐻 − 𝑅 + 𝑈
𝑈

, 𝐹 = 𝑊 − 𝑆 + 𝑈
𝑈

,

(2)

in which 𝑥𝑖𝑛,[𝐶×𝐻×𝑊 ] represents the ifmap array with 𝐶 known as the
number of input channels, and 𝑊 and 𝐻 representing the width and
height of each input channel, respectively; 𝐾𝑒𝑟𝑛𝑒𝑙𝑖,[𝐶×𝑅×𝑆] is the ith
kernel, in which there is a 2-D array of weights corresponding to each
input channel, with 𝑆 and 𝑅 representing width and height of these
arrays; 𝑀 determines the number of kernels and also the number of
output channels, and 𝐹 and 𝐸 represent the width and height of each
output channel in the ofmap, respectively; 𝐵 is the biases vector; and
𝑈 is the stride size.

The number of MAC operations and parameters within a CONV
layer are respectively calculated as (3) and (4):

𝑂𝑝 = (𝑀 × 𝐸 × 𝐹 ) × 𝑂𝑝𝑎𝑐𝑡, (3)

𝑃𝑎𝑟 = 𝑀 × (𝐶 × 𝑅 × 𝑆), (4)

wherein 𝑂𝑝𝑎𝑐𝑡 is defined as the number of MAC operations required to
compute a single output activation and is calculated as 𝐶 × 𝑅 × 𝑆.

Moreover, in CNNs, to reduce an ofmap's dimensions, an average or
max aggregation function is applied to each receptive field, a process
referred to as average or max pooling, respectively. The processing
associated with these functions involves a sequence of add operations.
Intuitively, considering a multiply operation computationally more
expensive than an add operation, the computational overhead of a
pooling function is approximately defined as:

𝑂𝑝𝑝𝑜𝑜𝑙𝑎𝑐𝑡 = 𝑅 × 𝑆
𝛾

, 𝛾 > 1, (5)

in which 𝛾 is an integer value determining the relative computational
complexity of multiply and add operations. According to [74], in this
paper, 𝛾 is assumed to be three, implying that a multiply operation is
equivalent to three add operations, from the computational complexity
perspective.
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Fig. 2. Illustration of different types of computation masks, i.e., (a) mask 𝐴, (b) mask 𝐵, (c) mask 𝐶, (d) mask 𝐷, differing in 𝛼, defined as the ratio of the number of initially
computed activations to the ofmap size. Black squares represent the set of activations initially computed using a standard CONV operation [68].
Fig. 3. General architecture of ZAP, proposed in [68].
3.2. The three-step zero-activation prediction approach

The authors in [68] make use of a ZAP predictor to identify and
skip zero-valued output activations within a CONV layer. To predict
these activations, an initial computational overhead is required. This
initial computation involves performing complete standard CONV op-
erations for an initial set of activations, denoted by 𝐼𝑠. Next, fed with
this partially computed ofmap, denoted by 𝑋𝑜𝑢𝑡[𝐼𝑠], the ZAP predictor
determines the potential zero-valued activations among the remaining
activations, i.e., 𝐼𝑡.

The set of initially computed activations is determined using a
number of pre-defined computation masks, shown in Fig. 2, in which
the black and white squares represent the 𝐼𝑠 and 𝐼𝑡 sets, respectively.
The masks differ in a parameter called 𝛼, defined as the ratio between
the cardinality of set 𝐼𝑠 and the ofmap's dimensions. The masks enable
different levels of trade-offs between MAC savings and quality in that
larger values of 𝛼 increase the accuracy of prediction, whereas reducing
the number of skipped activations.

The three-step zero-prediction approach is demonstrated in what
follows.

• Step 1. Given a mask type, 𝑋𝑜𝑢𝑡[𝐼𝑠] is calculated.
• Step 2. Fed with 𝑋𝑜𝑢𝑡[𝐼𝑠], the ZAP predictor generates a mask,

denoted by 𝑀[𝐼𝑡], containing the prediction scores for the unpro-
cessed remaining activations (i.e., 𝐼𝑡). In order to transform these
scores into the binary representation, the authors of [68] applied
a threshold 𝜎 to 𝑀[𝐼𝑡], generating 𝑀𝜎 [𝐼𝑡] as the predictor's
output.

• Step 3. According to 𝑀𝜎 [𝐼𝑡], the activations in 𝐼𝑡 predicted as
zero are skipped, while the others are fully computed similar to
the activations in 𝐼𝑠.

In [68], a two-layer CNN is used for the ZAP predictor, as shown in
Fig. 3. To mitigate the overhead associated with the employed CNN
model, the authors have benefited from depthwise convolution (DW-
CONV) layers proposed in MobileNet. DW-CONV layers use only 2-D
kernels with the channel's depth eliminated. This elimination makes
each standard CONV operation, with 𝐶 × 𝑅 × 𝑆 MAC operations,
factorized into a DW-CONV, with 𝑅 × 𝑆 MAC operations, followed
5

by a 1 × 1 convolution known as a pointwise convolution (PW-CONV),
composed of 𝐶 MAC operations.

The authors in [68] showed that the MAC reduction of a DW-
CONV compared to a standard CONV operation can be formulated
as 1∕𝐶. Since the number of channels in a CNN is usually greater
than 100 [3,6,7], the computational overhead of ZAP is concluded to
be negligible. The authors [68] presented a similar declaration and
concluded the storage overhead was negligible, as well.

4. The proposed convolution factorization approach

This section discusses the reducible-convolution prediction
approach, proposed in this paper, by covering six topics. First, the
motivation and intuitive idea behind reducible CONVs are described.
Second, the precise definition of reducible CONVs and their different
types are presented. Third, the architectural view of reducible con-
volutions is presented. Fourth, the three-step approach for identifying
reducible CONVs is demonstrated. Fifth, the structure of the proposed
RedZAP predictor is clarified. Finally, a thorough analysis of associated
MAC saving and storage overhead is presented.

4.1. The intuitive idea behind reducible convolutions

The intuitive idea behind this paper is to simplify the computation
associated with a MAC-intensive CONV whenever applicable. To clar-
ify, consider (2) with 𝐶 = 1, showing the computation required per
input channel for calculating a partial value of an output activation.
This computation is a weighted sum of input activations and the kernel
weights, and by considering a kernel size of 𝑘 (i.e., assuming 𝑅 = 𝑆 = 𝑘
in (2)), it involves 𝑘2 MAC operations. The objective is to obtain an
approximate value for the activation by simplifying this computation
such that the number of required MAC operations decreases below 𝑘2.

One way of simplifying a CONV is to factor either (i) the 𝑋𝑖𝑛
variable or (ii) the 𝐾𝑒𝑟𝑛𝑒𝑙𝑧 variable out of the weighted sum shown
in (2). An aggregated value, obtained by applying max and average
aggregation functions, for example, can be used for the extracted
variable. Factorizing a CONV based on either variable using max and
ave aggregation functions will result in a sum aggregation for the other

variable. This way, the CONV computation reduces into the product of
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two computationally low-cost aggregation functions, i.e., (i) the input
ggregation function 𝐹 (.), applied to the receptive field, and (ii) the
ernel aggregation function 𝐺(.), applied to the kernel array.

The aggregation functions 𝐹 (.) and 𝐺(.) must be selected such that
the computational complexity of a factorized CONV decreases below
𝑘2 MAC operations. In our previous work [75], it was shown that since
the kernel aggregation function can be applied to the kernel weights
prior to the inference phase, only the computational overhead involved
with the input aggregation function contributes to the computational
complexity of the factorized CONV. Moreover, factorizing a CONV
is accepted only if it leads to a tolerable error in the application’s
final output. In this paper, this is controlled using a threshold, called
a simplification threshold. In our CONV factorization approach, only
activations that the difference between real and factorized values is
below a given simplification threshold are considered reducible.

With all these considerations in mind, an activation is called re-
ducible if the corresponding CONV operation can be factorized into
the product of two aggregation functions, i.e., 𝐹 (.) and 𝐺(.), attributed
to two conditions: (i) the difference between the real and factorized
values is below a given simplification threshold, and (ii) the processing
associated with 𝐹 (.) involves extremely less than 𝑘2 MAC operations.
In this paper, the terms reducible convolution and reducible activation
refer to the same concept and are used interchangeably.

4.2. The definition of reducible convolutions

The definition of a reducible activation is presented as follows.

Definition 1 (Reducible Activation). Given the input and kernel ag-
gregation functions 𝐹 (.) and 𝐺(.), respectively, and the simplification
threshold 𝜖, an output activation 𝑋𝑜𝑢𝑡[𝑧][𝑦][𝑥] is reducible if the follow-
ing two conditions are met: (i) the computational complexity of 𝐹 (.) for
a single input channel, denoted by 𝑂𝑝𝐹 (.), satisfies:

𝑂𝑝𝐹 (.) ≤
𝑘2

𝛽
, 𝛽 > 1, (6)

n which 𝑘 is the kernel size and 𝛽 is the maximum integer value greater
han one satisfying (6), and (ii) for an approximate value 𝑋̂𝑜𝑢𝑡[𝑧][𝑦][𝑥]

calculated using:

𝑋̂𝑜𝑢𝑡[𝑧][𝑦][𝑥]

= 𝐵[𝑧] +
𝐶−1
∑

𝑙=0
𝐹 (𝑋𝑖𝑛[𝑙][𝑈𝑦 ∶ 𝑈𝑦 + 𝑘][𝑈𝑥 ∶ 𝑈𝑥 + 𝑘]) × 𝐺(𝐾𝑒𝑟𝑛𝑒𝑙𝑧[𝑙])

(7)

condition (8) holds:

𝛥 = 𝑁𝑜𝑟𝑚[0,1](|𝑋𝑜𝑢𝑡[𝑧][𝑦][𝑥] − 𝑋̂𝑜𝑢𝑡[𝑧][𝑦][𝑥]|) ≤ 𝜖, 0 ≤ 𝛥 ≤ 1, 0 ≤ 𝜖 ≤ 1,

(8)

in which 𝛥 is the difference value between the activation's value and its
approximated value, normalized between zero and one in each CONV
layer using the normalization function 𝑁𝑜𝑟𝑚[0,1](.).

Selecting aggregation functions 𝐹 (.) and 𝐺(.) for our CONV factor-
ization is influenced by the fact that the factorization is whether based
on the input activation variable or based on the weight variable. In
this paper, the factorization is based on the input activation variable,
as demonstrated in our previous study [75].

For the input aggregation function, max- and ave-pooling operations
were used in this paper, thus making the kernel aggregation function
equal to a PW-CONV. Although it is not necessarily needed for 𝐹 (.)
to be restricted to max and ave pooling functions, the rationale behind
selecting these functions is two-fold. First, these functions are supported
by the excising CNN architectures as they are the most widely used
pooling operations in CNNs and exhibit appealing properties discussed
6

in [76]. Second, according to (5), the computational complexity of
these pooling operations (i.e., 𝑘2∕3, 𝛽 = 3) is considerably less than the
computational overhead of a CONV operation, and this satisfies (6).

In this paper, three types of reducible activations are defined: (i)
max reducible, (ii) ave reducible, and (iii) zero reducible. Max- and
ave-reducible activations have max- and ave-pooling operations as their
input aggregation functions, respectively. Definition 2 clearly defines
these types of activations. To further increase the chances of MAC
reductions, this paper also considers zero and near-zero activations,
referred to as zero-reducible activations.

Definition 2 (Max- and Ave-Reducible Activations). Given a simplifi-
cation threshold 𝜖, an output activation 𝑋𝑜𝑢𝑡[𝑧][𝑦][𝑥] is max reducible
or ave reducible if for an approximate value 𝑋̂𝑜𝑢𝑡[𝑧][𝑦][𝑥] respectively
calculated using (9) or (10):

𝑋̂𝑜𝑢𝑡[𝑧][𝑦][𝑥] = 𝐵[𝑧] +
𝐶−1
∑

𝑙=0
max

𝑈𝑦≤𝑗≤𝑈𝑦+𝑘,
𝑈𝑥≤𝑖≤𝑈𝑥+𝑘

{𝑋𝑖𝑛[𝑙][𝑗][𝑖]} ×
𝑘2
∑

𝑖=1
𝐾𝑒𝑟𝑛𝑒𝑙𝑧[𝑙][𝑖], (9)

𝑋̂𝑜𝑢𝑡[𝑧][𝑦][𝑥] = 𝐵[𝑧] +
𝐶−1
∑

𝑙=0
𝑎𝑣𝑒

𝑈𝑦≤𝑗≤𝑈𝑦+𝑘,
𝑈𝑥≤𝑖≤𝑈𝑥+𝑘

{𝑋𝑖𝑛[𝑙][𝑗][𝑖]} ×
𝑘2
∑

𝑖=1
𝐾𝑒𝑟𝑛𝑒𝑙𝑧[𝑙][𝑖], (10)

condition (8) holds.

4.3. The architectural view of reducible convolutions

From the architectural perspective, Definition 2 is illustrated in
Fig. 4. As shown, a CONV operation with a kernel size of 𝑅 × 𝑆,
associated with an output activation, is replaced with two operations:
(i) a max or average pooling of size 𝑅×𝑆, applied to each input channel
of the corresponding receptive field from the ifmap, and (ii) a PW-
CONV, invoked across the input channels between the aggregated input
features and their corresponding aggregated kernel weights. Unlike
the PW-CONV, the pooling operation is shared between all the output
activations belonging to different output channels but having the same
width indices and the same height indices.

This architectural view holds only when two conditions are met: (i)
each output activation in the ofmap is either max or ave reducible, and
(ii) the activations with the same width indices and the same height
indices are either all max reducible or all ave reducible. However, in
practice, this is not the case, and thus, the factorization is performed
only for CONVs identified as reducible.

4.4. The steps for identifying reducible convolutions

To improve the energy efficiency of an existing CNN model, called
a host CNN, RedZAP predictors are incorporated into the desired CONV
layers, and using a three-step method, reducible convolutions in each
layer are identified and factorized. The employed three-step method is
a modified version of the zero prediction approach used in ZAP, mainly
differing in steps two and three. The steps, illustrated in Fig. 5, are as
follows:

• Step 1. The partial ofmap 𝑋𝑜𝑢𝑡[𝐼𝑠] is generated, in a similar way
taken in ZAP.

• Step 2. Similar to ZAP, receiving 𝑋𝑜𝑢𝑡[𝐼𝑠] as the input, the predic-
tor generates a computation mask for the remaining activations.
However, unlike the binary mask in ZAP, composed of only zeros
and ones representing no computation and complete computa-
tion, respectively, the mask from RedZAP contains a range of
integer values, each value corresponding to a specific type of a
reducible CONV.

• Step 3. Similar to ZAP, appropriate computation is invoked for
each remaining activation, based on the mask obtained from the
previous step. However, in RedZAP, a more diverse set of actions
is pursued for each activation: (i) zero-reducible activations are

skipped similar to ZAP, (ii) max- and ave-reducible activations are
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Fig. 4. Illustration of the proposed convolution factorization approach from the architectural perspective.
Fig. 5. Illustration of the steps required to identify reducible activations, as a modified version of the three-step zero-prediction method proposed in [68].
Fig. 6. Illustration of the structure of the proposed RedZAP predictor.
factorized using (9) and (10), respectively, and (iii) irreducible
activations are fully computed using a standard CONV operation
according to (2).

4.5. The structure of RedZAP predictor

The structure of RedZAP, illustrated in Fig. 6, comprises two parts:
(i) the prediction part and (ii) the mask generation part. The prediction
part benefits from the CNN structure employed in ZAP to predict a
mask for the remaining activations, denoted by 𝑀[𝐼𝑡]. However, the
predicted mask values within 𝑀[𝐼 ] are not suitable for our multi-class
7

𝑡

prediction purpose in their initial raw formats. Therefore, in the mask
generation part, we devised a set of processing steps to transform this
initially predicted mask, i.e., 𝑀[𝐼𝑡], into our desired multi-class mask,
denoted by 𝑀𝜖[𝐼𝑡].

The mask generation part. Using the generated mask 𝑀𝜖[𝐼𝑡], a RedZAP
predictor is expected to achieve two objectives: (i) discriminating re-
ducible activations from the irreducible ones and (ii) determining the
type of activations identified as reducible. To achieve these objectives,
the CNN within the prediction part of a RedZAP is trained in a way
that the integer and decimal parts of a predicted value within 𝑀[𝐼 ]
𝑡
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respectively incorporate two types of information: (i) the simplification
type for the corresponding activation and (ii) the normalized difference
magnitude incurred if the activation is simplified using the speci-
fied simplification type. Therefore, given a simplification threshold,
a reducible activation is determined using the decimal part, and if
reducible, the type is specified using the integer part.

The representations for integer and decimal parts should be selected
under computational overhead and predictor accuracy considerations.
In this study, similar to our previous study [75], the integer val-
ues 0, 1, 2, and 3 were selected as the class labels for our RedZAP
predictor, representing irreducible, zero-reducible, max-reducible, and
ave-reducible activations, respectively. However, the main distinction
resides in the decimal part representation. In the previous study [75],
for a predicted mask value, the decimal part is extracted as a real value
in the range of [0, 1). The main drawback with this representation
is that during the training, the predictor ignores reducible activations
that are approaching the target class label from the smaller values,
decreasing the accuracy of the predictor.

To clarify, consider the simplification threshold value of 0.4. For
a max-reducible activation with the predicted mask value of 2.1, the
class label and the normalized difference magnitude are extracted as 2
and 0.1, respectively, and after applying the threshold, the activation
is correctly identified as a max-reducible activation. However, for a
max-reducible activation with the predicted mask value of 1.9, the
normalized difference magnitude is extracted as 0.9, and after applying
the threshold, it is identified as irreducible. This way, max-reducible
activations are learned as irreducible activations.

In the current study, the difference magnitudes are normalized in
the [0, 0.5) range, instead of [0, 1). With this selection, [0, 3.5) will be the
alid range for the mask values generated from the prediction part, and
or a mask value 𝑚 within this range, the class label and the normalized
ifference value are calculated as 𝑟𝑜𝑢𝑛𝑑(𝑚) and ∣ 𝑚 − 𝑟𝑜𝑢𝑛𝑑(𝑚) ∣,
espectively, in which 𝑟𝑜𝑢𝑛𝑑(.) is a rounding function.

With these considerations in mind, the process involved within the
ask generation part can be conceptually summarized in four steps, as

ollows:
First, since the prediction part may generate mask values exceed-

ng the valid range, these mask values, highlighted with red squares
n Fig. 6, are clamped to the least upper bound of the valid range
i.e., here, 3.5). This makes the corresponding activations to be pre-
icted as irreducible, as they have received the maximum simplification
ifference magnitude as a result of the clamping. Next, the integer and
ecimal parts, represented by 𝑀𝑡𝑒𝑐ℎ[𝐼𝑡] and 𝑀𝑑𝑖𝑓𝑓 [𝐼𝑡], respectively, are
xtracted. Then, the simplification threshold is applied to 𝑀𝑑𝑖𝑓𝑓 [𝐼𝑡],
esulting in the binary mask 𝑀𝜖

𝑑𝑖𝑓𝑓 [𝐼𝑡], composed of zeros and ones rep-
resenting potential irreducible and reducible activations, respectively.
For the training and inference phases, the thresholds can be different
and are denoted by 𝜖𝑡𝑟𝑎𝑖𝑛 and 𝜖𝑖𝑛𝑓 , respectively. Finally, the class labels
are determined for each activation and are included within the 𝑀𝜖[𝐼𝑡].
For activations identified as irreducible in the 𝑀𝜖

𝑑𝑖𝑓𝑓 [𝐼𝑡] mask, the class
label is zero, and for the reducible activations within 𝑀𝜖

𝑑𝑖𝑓𝑓 [𝐼𝑡], the
class labels are selected from the 𝑀𝑡𝑒𝑐ℎ[𝐼𝑡] mask, accordingly. In other
words, 𝑀𝜖[𝐼𝑡] is conceptually obtained by the dot product of 𝑀𝜖

𝑑𝑖𝑓𝑓 [𝐼𝑡]
and 𝑀𝑡𝑒𝑐ℎ[𝐼𝑡].

Training. The training procedure for a single RedZAP, incorporated
into a CONV layer, is illustrated in Fig. 7. During the training phase,
for a mask generated by the RedZAP, denoted by 𝑀𝜖𝑡𝑟𝑎𝑖𝑛

𝑝𝑟𝑒𝑑 , there should
be a corresponding target mask, denoted by 𝑀𝜖𝑡𝑟𝑎𝑖𝑛

𝑡𝑎𝑟 . To generate the
target mask three steps are followed. First, for each output activation
within the CONV layer, it is determined which simplification technique
(i.e., zeroing, max pooling, or ave pooling) gives the minimum dif-
ference magnitude when applied to the activation. The simplification
technique types and associated difference values, normalized in the
range of [0, 0.5), are stored in 𝑀𝑡𝑒𝑐ℎ[𝐼𝑡] and 𝑀𝑑𝑖𝑓𝑓 [𝐼𝑡], respectively.
8

Next, the training simplification threshold is applied to the 𝑀𝑑𝑖𝑓𝑓 [𝐼𝑡],
resulting in the 𝑀𝜖𝑡𝑟𝑎𝑖𝑛
𝑑𝑖𝑓𝑓 [𝐼𝑡] mask. Finally, the target mask is obtained

by the dot product of 𝑀𝜖𝑡𝑟𝑎𝑖𝑛
𝑑𝑖𝑓𝑓 [𝐼𝑡] and 𝑀𝑡𝑒𝑐ℎ[𝐼𝑡].

.6. MAC saving and storage overhead analysis

AC saving. For the architectural view shown in Fig. 4, the computa-
ional overhead is calculated as:

𝑝𝑓𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑑𝐶𝑁𝑁 = (𝐶 × 𝐸 × 𝐹 ) × 𝑂𝑝𝑝𝑜𝑜𝑙𝑎𝑐𝑡 + (𝑀 × 𝐸 × 𝐹 ) × 𝑂𝑝𝑃𝑊 −𝐶𝑂𝑁𝑉
𝑎𝑐𝑡 .

(11)

n our previous study [75] it was demonstrated that how this ar-
hitectural CONV factorization can lead to further MAC reduction
pportunities, as compared to handcrafted CNN architectures such as
obileNet.

However, (11) holds only when the two conditions mentioned in
ection 4.3 are met, which is an unrealistic assumption. The first
ondition is violated when some of the activations are predicted as
ero reducible or irreducible, and thus, are skipped or computed using
tandard CONV operation, respectively. The second condition is vio-
ated when at least one max-reducible and one ave-reducible activation
aving the same width indices and the same height indices exist in two
ifferent output channels. In this case, instead of one pooling operation,
wo pooling operations are required: one ave-pooling operation for ave-
educible activations and one max-pooling operation for max-reducible
ctivations. Therefore, the general form of calculating the computa-
ional overhead involved within a single CONV layer is as follows:

𝑝𝑓𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑑 𝐶𝑁𝑁 = (𝑁𝑜𝑚𝑎𝑥𝑝𝑜𝑜𝑙 +𝑁𝑜𝑎𝑣𝑒𝑝𝑜𝑜𝑙) × 𝐶 × 𝑂𝑝𝑝𝑜𝑜𝑙𝑎𝑐𝑡

+ (𝑁𝑜𝑚𝑎𝑥𝑎𝑐𝑡 +𝑁𝑜𝑎𝑣𝑒𝑎𝑐𝑡 ) × 𝑂𝑝𝑃𝑊 −𝐶𝑂𝑁𝑉
𝑎𝑐𝑡 +𝑁𝑜𝑖𝑟𝑟𝑎𝑐𝑡 × 𝑂𝑝𝑎𝑐𝑡,

𝑁𝑜𝑖𝑟𝑟𝑎𝑐𝑡 +𝑁𝑜𝑚𝑎𝑥𝑎𝑐𝑡 +𝑁𝑜𝑎𝑣𝑒𝑎𝑐𝑡 ≤ 𝑀 × 𝐸 × 𝐹 ,

𝑁𝑜𝑚𝑎𝑥𝑝𝑜𝑜𝑙 ≤ 𝐸 × 𝐹 ,𝑁𝑜𝑎𝑣𝑒𝑝𝑜𝑜𝑙 ≤ 𝐸 × 𝐹 ,

(12)

n which 𝑁𝑜𝑚𝑎𝑥𝑎𝑐𝑡 and 𝑁𝑜𝑎𝑣𝑒𝑎𝑐𝑡 represent the number of max- and ave-
educible activations in the ofmap, respectively; 𝑁𝑜𝑖𝑟𝑟𝑎𝑐𝑡 is the number of
rreducible activations in the ofmap; and 𝑁𝑜𝑚𝑎𝑥𝑝𝑜𝑜𝑙 and 𝑁𝑜𝑎𝑣𝑒𝑝𝑜𝑜𝑙 determine
he number of required shared max- and ave-pooling operations, re-
pectively, in which 𝑁𝑜𝑚𝑎𝑥𝑝𝑜𝑜𝑙 is calculated by counting all max-reducible
ctivations with the same width indices and the same height indices in
he ofmap as one max-reducible activation, and the same consideration
olds for calculating 𝑁𝑜𝑎𝑣𝑒𝑝𝑜𝑜𝑙.

torage overhead. With our proposed CONV factorization approach,
ggregated values of the pre-trained kernels are required to be stored
n addition to the original kernels; therefore, the number of weights is
alculated as:

𝑎𝑟𝑓𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑑 𝐶𝑁𝑁 = 𝑃𝑎𝑟 + 𝑡𝑒𝑐ℎ𝑐𝑜𝑢𝑛𝑡 ×𝑀 × 𝐶, (13)

n which 𝑡𝑒𝑐ℎ𝑐𝑜𝑢𝑛𝑡 is the number of employed simplification techniques
in this paper, two simplification techniques, i.e., max and average
ooling). As a result, the incurred storage overhead compared to (4)
s calculated as:
𝑃𝑎𝑟𝑓𝑎𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑑 𝐶𝑁𝑁

𝑃𝑎𝑟
− 1 = 𝑡𝑒𝑐ℎ𝑐𝑜𝑢𝑛𝑡 ×

1
𝑅 × 𝑆

, (14)

considered as a limiting factor for the number of simplification tech-
niques that can be employed.

Considering the most common filter size of three and, also, the fact
that only less than 10% of the weights in a CNN belong to CONV layers,
(14) introduces approximately 2% of storage overhead involved with
our proposed CONV-factorization approach.

5. Experiments

In this section, first, the model structure and the setup used for
the experiments are demonstrated. Next, three series of experiments
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Fig. 7. Illustration of the training procedure for RedZAP.
are included, aiming at: (i) demonstrating the potential MAC reduction
benefits of reducible convolutions inherent in CNNs; (ii) evaluating
the performance of the proposed convolution factorization approach
by comparing it with ZAP, which outperforms the other similar pre-
vious works in the literature (see [68] for details); and (iii) show-
ing accuracy-MAC saving trade-offs offered by our trained RedZAP
predictor.

5.1. Model structure and experiments setup

Model structure. The model structure used for the evaluation exper-
iments comprises a host CNN and several RedZAP predictors, incor-
porated into the desired layers of the host CNN to identify reducible
convolutions. The host CNN can be any CNN architecture that is
targeted for MAC reductions, this way improving its energy efficiency.
In this paper, a version of AlexNet pre-trained on the CIFAR-100
dataset [77], taken from [68], was exploited for the experiments. The
RedZAP predictors were incorporated into each layer of AlexNet, except
the first layer.

Experiments setup. To train the incorporated RedZAP predictors, the
general training approach presented in [68] was followed. With this
approach, each RedZAP is trained in isolation, by bypassing all the
other predictors in the host CNN and forwarding the training data
instances directly to the RedZAP under training. For each RedZAP, the
number of epochs was set to 5 epochs, Adam [78] optimizer was used,
and mean square error (MSE) was considered as the cost function.

After the training phase, the performance of RedZAP predictors
was evaluated in terms of the amounts of accuracy-MAC saving trade-
off they offer when incorporated into the host CNN. Additionally, to
support the intuition behind the proposed convolution factorization
approach, the maximum amount of MAC-saving benefits that can be
offered by reducible convolutions was extracted.

Although, in our implementations, the difference magnitudes are
normalized in the [0, 0.5) range, the training and inference simplifi-
cation thresholds are reported in the range of [0, 1) in order to align
our results with the previous studies in this context. Two simplification
threshold values of 0.01 and 0.1 were used for the training phase, and
for the inference phase, two types of threshold ranges were considered
as a grid search to observe the behavior of RedZAP predictors: (i) a
coarse-grained threshold range between 0.0 and 0.5 in steps of 0.1 and
(ii) a fine-grained threshold range between 0.0 and 0.1 in steps of 0.02
to observe the behavior of RedZAP predictors for threshold values close
to 0. Moreover, MAC savings are calculated using (12).
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5.2. Potential reducible convolutions inherent in CNNs

Fig. 8 shows the further MAC reduction opportunities that are inher-
ently provided by max- and ave-reducible activations, as compared to
the MAC savings offered by the conventional zero-activation skipping.
Additionally, near-zero activation simplifications were considered to
further increase the amount of MAC reductions. These intrinsic MAC
reductions using reducible convolutions are reported per simplification
threshold and per CONV layer, i.e., averaged over all the thresholds, in
Fig. 8(a) and Fig. 8(b), respectively. In what follows, the observations
and corresponding discussions are presented.

Observation 1. The number of CONV reductions increases with the
simplification threshold value, although the number of zero-valued
activations remains intact, regardless of the threshold value. Moreover,
with the simplification threshold set to 0.0, MAC reductions were
provided only by zero-valued activation simplifications.

This observation supports the idea of considering a non-zero simpli-
fication threshold, presented in Definitions 1 and 2, in order to benefit
from MAC savings using max- and ave-reducible activations, as well as
near-zero activations.

Observation 2. On average, near 80% MAC reduction chances using
reducible convolutions were observed, among which almost 9% per-
tained to MAC reductions using max- and ave-reducible activations, and
near 5% pertained to near-zero activation simplifications.

Observation 3. Among max- and ave-reducible activations,
ave-reducible activations contributed to more MAC-saving opportuni-
ties.

This observation highlights the effect of the selected aggregation
function type on the amount of MAC reduction opportunities that can
be extracted. Here, the average aggregation function is probably a more
appropriate candidate for simplification. This is because the average
aggregation function applied to a receptive field is more representative
compared to the max aggregation function.

Observation 4. By going deeper through layers of a CNN, the number
of max- and ave-reducible activations as well as near-zero activations
reduces.

This Observation suggests that approximation using reducible ac-
tivations is more applicable in the very first layers of a CNN. This
can be intuitively explained by the fact that the feature values of the
very early layers, very close to the input data, inherit higher degrees
of inherent redundancy residing in the input data, which makes them

more correlated. As a result, aggregation functions such as max and
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Fig. 8. Shares of different types of reducible convolutions in an ofmap for (a) each simplification threshold and (b) each layer in the host CNN.
Fig. 9. Presenting MAC saving and top-1 accuracy loss trade-offs for different mask types and different inference thresholds, considering ideal ZAP and RedZAP predictors. As
sample, the ‘‘Mask D’’ plot shows the order of measurements corresponding to inference thresholds for the other plots. As shown, for inference thresholds pertaining to the

ine-grained range, the accuracy losses are approximately zero.
verage can most benefit from this correlation. The correlation between
eature values decreases as layers get deeper, leading to a huge amount
f errors by applying max- or average-pooling operations, even much
ore than zeroing the activations.
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5.3. Performance evaluation of the proposed convolution factorization ap-
proach

Fig. 9 shows the trade-off between MAC saving and accuracy con-
sidering ideal ZAP and RedZAP predictors, i.e., trained with 100%



Microprocessors and Microsystems 98 (2023) 104776A. Yoosefi and M. Kargahi

s

Fig. 10. Presenting MAC saving and top-1 accuracy loss trade-offs for different mask types and different training and inference thresholds, using trained RedZAP predictors. As a
ample, the ‘‘Mask D’’ plot shows the order of measurements corresponding to inference thresholds for the other plots.
Fig. 11. Comparing accuracy of RedZAP and ZAP predictors for different mask types.
The accuracy value of a RedZAP trained with a specific training threshold is averaged
over the inference thresholds.

accuracy. This way the effect of predictors' accuracy on the results is
eliminated, thus enabling the evaluation of the idea behind reducible
convolutions. The trade-offs cover different mask types and differ-
ent inference thresholds. Moreover, the trade-offs are also provided
for zero-reducible activations, which are analogous to zero-activation
prediction in ZAP. The following observations are made.

Observation 5. For all the mask types, the reducible activation charts
were below the zero-reducible charts.
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This observation supports our claim in that given a specific accuracy
loss constraint, there are further MAC reduction opportunities using
convolution factorizations, i.e., max- and ave-reducible activations, in
addition to the MAC savings offered by zero-reducible activations.

Observation 6. For all the mask types, zero-reducible charts were
below zero-activation prediction offered by ZAP.

This observation implies that even the amount of MAC reductions
using zero-reducible activations are more than zero-activation predic-
tions using ZAP. This is because zero-reducible activations include
near-zero activations in addition to zero activations.

Observation 7 . For all the mask types, the reducible activation charts
were below the ZAP charts.

This observation supports our main claim in that given a specific
accuracy loss constraint, there are MAC-saving opportunities using
types of simplifications other than the conventional zero-activation
simplifications.

Observation 8. With ideal ZAP and RedZAP predictors and considering
the 1% top-1 accuracy loss as the target accuracy constraint, near
56% MAC reductions were achieved with our convolution factoriza-
tion approach, among which 8% pertained to max- and ave-reducible
activation simplifications. This MAC-saving benefit was achieved by
selecting mask type D and inference simplification threshold value of
0.2. However, in the case of ZAP, the maximum MAC saving under the
same accuracy loss constraint was near 44% by selecting mask type D
and inference simplification threshold value of 0.02.

This observation seems to highlight the superiority of our proposed
convolution factorization idea over the conventional zero-activation
simplifications which are common in the literature, in terms of max-
imum MAC savings offered under some specified target accuracy loss
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constraint. Moreover, with 56% MAC reductions in a resource-intensive
CNN such as AlexNet with 600M MAC operations, our CONV factor-
ization approach seems analogous to handcrafted architectures such as
MobileNet and ShuffleNet, which target mobile and embedded devices,
by reducing the number of MAC operations to near 300M [12].

5.4. Performance evaluation of RedZAP predictors

Fig. 10 illustrates the trade-off between MAC saving and accu-
racy considering the effect of the RedZAP predictors' accuracy on the
amount of MAC savings. The observations are as follows:

Observation 9. In addition to the inference threshold, the training
threshold also affected the amount of possible MAC reductions.

This observation introduces the training threshold as another knob,
along with the inference threshold and mask type, for creating trade-off
between MAC saving and accuracy. Among these knobs, the training
threshold has the lowest level of flexibility in that when a RedZAP
predictor is trained with a specific threshold, it cannot be altered during
the inference phase. However, as shown, the trade-off can be provided
by changing the inference threshold at the inference phase.

Observation 10. Given 1% top-1 accuracy loss as the target accuracy
onstraint, near 15% reduction in MAC operations was achieved using
ask type A and training and inference simplification thresholds of
.01 and 0.4, respectively.

This number does not seem to be comparable with the ZAP, which
chieved near 30% MAC reduction under the same accuracy loss con-
traint, as reported in [68]. This is because the maximum amount of
AC savings possible under a specific accuracy loss is highly affected

y the accuracy of predictors when identifying reducible convolutions.
lthough RedZAP and ZAP predictors were trained under the same
onfigurations, i.e., 5 epochs and 50 K training data instances, the

accuracy of RedZAP predictors was considerably below the accuracy
of ZAP predictors, as shown in Fig. 11. This is because in contrast to
the binary predictor ZAP, a multi-class predictor like RedZAP usually
requires a more extensive training process. Therefore, to enable a fair
comparison, the training of RedZAPs is in progress and the reports are
available online1 and are updated contentiously.

6. Conclusion

Factorizing MAC-intensive CONV operations into computationally
low-cost pooling operations followed by 1 × 1 convolutions was found
to enable 8% MAC savings in addition to MAC reduction opportunities
offered by conventional zero and near-zero activation simplifications.
The pooling functions were selected to be supported by existing CNN
architectures, and exploring other alternatives can be considered as
future work. Given a constraint on accuracy loss, the factorization is
decided for each activation individually, using the proposed multi-class
lightweight RedZAP predictor. The storage overhead of the proposed
CONV factorization approach was calculated as negligible, although
limiting the number of pooling functions that can be exploited.
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