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Abstract

Convolutional neural network (CNN) is becoming pop-
ular because of its great ability for accurate image recog-
nition. However, the computational cost is extremely high,
which increases power consumption of embedded CV sys-
tems. This paper proposes an efficient computing method,
LazyConvPool (LCP), and its hardware architecture to re-
duce power consumption of CNN-based image recognition.
The LCP exploits redundancy of operations in CNN and
only executes essential convolutions by an approximated
prediction technique. We also propose Sign Connect, which
is a low computational-cost approximated prediction with-
out any multiplications. The experimental evaluation us-
ing image classification dataset shows that the proposed
method reduces the power consumption by 17.8%—20.2%
and energy consumption by 11.4%—14.1% while retaining
recognition performance.

1. Introduction

Image recognition is a key technology in various fields
such as robotics, automotive, security, and medical applica-
tions. Realizing efficient embedded systems for such appli-
cations is nontrivial because we must co-design both algo-
rithm and hardware architecture. A large number of dedi-
cated vision processors have been proposed, which utilize
handcrafted features (Haar-like features [22], SIFT [20],
HOG [&], etc.) and learning algorithms (SVM [6], Boost-
ing [9], etc.). However, the design of the specialized proces-
sor is costly in terms of development efforts albeit it could
potentially achieve good performance.

In contrast to the traditional recognition algorithms that
utilize the handcrafted features, representation learning [ 1]
is becoming increasingly popular in the state-of-the-art
recognition methods. The key idea of the representation
learning is to let the system learn the feature by itself, in
addition to learning the classifier. Convolutional neural net-
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work (CNN) is one of those representation learning meth-
ods and has achieved remarkable results in various image
recognition tasks [10, 15, 17]. CNN computes 2D convolu-
tions on images over and over again to extract the features.
The local features of images are acquired by adjusting the
weights of the convolution filters. This general framework
makes it possible for CNN to accurately recognize various
classes of images without giving the manually designed fea-
tures. In order to achieve even higher accuracy, the network
structure of the CNN tends to be made deeper and deeper,
requiring huge computational resources. An efficient com-
puting scheme to facilitate such a large number of convo-
lutions is desired to realize accurate image recognition on
energy-limited embedded systems.

Among the several kinds of approaches for realizing
energy-efficient CNN, recent researches focus on the in-
herent resilience of CNN [21, 23]. Calculation of pattern
recognition algorithms generally contains redundant calcu-
lation to ensure the robustness against noisy inputs. In other
words, the redundancy in most of the recognition algorithms
can be pursued to reduce computational resources. In this
work, we focus on the characteristic of the max pooling op-
eration, which is an integral component of CNN that selects
a representative feature in a small region. Specifically, we
propose LazyConvPool (LCP), a new computation method
for CNN'’s convolution layers and pooling layers. In LCP,
only the essential convolutions that affect the final result are
executed on the basis of the prediction results by approxi-
mated computations. The key features of the proposed LCP
are as follows:

e LCP predicts a local region that will be selected later
in the pooing layer to limit the application of the accu-
rate and thus expensive convolutional operations to the
predicted region.

The prediction is based on the newly proposed Sign
Connect, which gives a significantly lightweight ap-
proximation of the convolution with no multiplication
operation, while keeping prediction accuracy.
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e An efficient hardware architecture is also proposed to
implement a low power LCP-based CNN with a mini-
mal overhead.

The rest of the paper is organized as follows. Section 2
provides an overview of the related work. Section 3 de-
scribes the proposed methods, LCP and Sign Connect. Sec-
tion 4 presents the hardware architecture for the proposed
method and shows an implementation details to improve
performance. Section 5 shows the experimental results, and
finally, Section 6 concludes the paper.

2. Related works
2.1. Convolutional neural network

A typical CNN consists of convolution layers, pooling
layers, and a fully connected layer as shown in Figure 1.
First, in the convolution layers, 2D convolution is computed
as

W s x(m,n) = ZZW(U,U}x(m +u,n+wv), (1)

where z is an input image and W is a weight matrix of the
convolution filter. The operator ‘*’ means 2D convolution.
This layer extracts local features of images to generate fea-
ture maps by using a large number of different filters. Then
in the pooling layers, a representative feature value is se-
lected from a small region called a pooling window. The
pooling layer is useful for translation invariance and reduc-
tion of computational costs. As the representative value,
maximum (max) or average values are commonly used. In
this paper, we use max pooling, which selects the max value
from the pooling window. After the convolution and the
pooling, non-linearity is used as an activation function sim-
ilarly to the traditional neural networks. Here, piecewise
continuous functions are generally used as the activation
function. In practice, rectified linear unit (ReLU) is widely
used because it does not saturate gradients while requiring
a small amount of computation. ReLU is represented as
f(z) = max(0, x). )
In the fully connected layer, an output (") is computed
from the outputs of the previous layer ("~ as
™ = fWTzm=D 1), 3)
where W is a weight matrix, b is a bias vector in this layer,
and f(-) is an activation function. At the final stage of the
network, the softmax function is often used as the activation
function for multi-class classification:

exp(x;)
>0 exp(a;)

f($i>: (Z 0,"',71—1). “4)
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The softmax function has an advantage because it normal-
izes values in the final stage and facilitates error computa-
tion in the training phase. The number of the output units in
the final stage is equal to the number of the labels, and the
classification result y is given by

&)

Yy = arg maxx;.
i

2.2. Computationally efficient neural networks

CNN requires large computational costs as well as other
neural networks. It is because a huge number of multipli-
cations are executed to propagate signals in the networks.
Some recent works are trying to tackle this problem by re-
placing the multiplications with simpler operations. Net-
work pruning [14] and network compression [2, 3] reduce
the amount of weight parameters by compressing networks.
These methods try to compress networks by utilizing some
representative values to describe the whole weight matrix.
On the other hand, BinaryNet [7] and Ternary Connect [19]
are the methods that limit the weight values to {—1,+1}
or {—1,0,+1} during the training phase in order to reduce
the memory usage and computation complexity. In the fol-
lowing paragraph, we describe the more details of Ternary
Connect, on which our proposed method Sign Connect is
based.

Ternary Connect Ternary Connect is a computation
method for neural networks that eliminates multiplications
in the propagation. Ternary Connect replaces the original
real weight w(u,v) € [—1,1] by an alternative weights
W (u,v) € {=1,0,1}, which is stochastically determined
by w(u,v). If w(u,v) > 0, the probability of the W (u, v)
value is given by

PW(u,v)=1) = w(u,v) 6
P(W(u,v)=0) = 1—w(u,v) ©)
Otherwise, if w(u,v) < 0, the probability is given by
PW(u,v)=-1) = —w(u,v) 7
PW(u,0)=0) = 1+w(uo) )

By using W (u,v) in propagation computation in stead of
w(u, v), multiplications are completely omitted.

Although Ternary Connect is very useful to reduce com-
putation in the training phase, it can deteriorate recogni-
tion performance if it is simply applied to the classification
phase. In addition, a suitable hardware architecture should
be considered at the same time in order to receive the benefit
of reducing multiplications.

2.3. CNN processors

CNN in embedded systems has been actively researched
in several aspects. As application-specific processors, some
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Figure 1: A typical architecture of a convolutional neural network. It consists of multiple sets of convolution and pooling

layers and succeeding fully connected multi-layer perceptrons.
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Figure 2: Convolution and pooling operations of the conventional method and the proposed method, LazyConvPool (LCP).
(a) The conventional one executes exact convolutions (Conv) against all the windows. (b) LCP only executes an exact
convolution (Conv) against the specified window predicted by the approximate convolution (AppConv).

architectures that implement CNN are proposed in [4, 5, 1 1,

]. nn-X [11] is a salable co-processor for CNN. It con-
sists of an array of possessing elements, which are dedi-
cated hardware to accelerate the main components of CNN
(convolution, pooling, and activation). HWCE [5] is also an
accelerator for CNN particularly focusing on 2D convolu-
tions, which are the most computationally intensive part in
CNN. Both of the architectures intend to speed up the calcu-
lation of convolutions in a highly parallel manner by adopt-
ing an array structure and pipelined streaming processing
units.

Another approach for low-power CNN processors is
based on approximate computing, which is a computing
method that aggressively uses approximation for the com-
putation that does not require exact results. This is useful
for the applications such as image processing and recog-
nition tasks that tolerate some errors in the output. Ap-
proxANN [23] and AxNN [21] are examples of using the
approximate computing with neural networks. However, it
is difficult to simply apply the approximate computing to
CNN without spoiling recognition accuracy because of the
deep structure of the CNN, where the approximation errors
are accumulated and inflated during the propagation.

In this work, we propose a novel method to enhance the
energy efficiency of the existing CNN processor like nn-X
and HWCE by utilizing an approximation technique. In or-
der to suppress the degradation of recognition performance,
we adopt the approximation only to predict the region to be
selected in the max pooling. With this approach, we can ef-
fectively eliminate redundant computation according to the
prediction results calculated with a small overhead.

3. Proposed method

In this section, we propose LazyConvPool (LCP), an ap-
proximate computational method that combines convolu-
tion and max pooling for reducing power consumption of
CNN processors. We also propose Sign Connect, a simpli-
fied arithmetic unit that can be effectively used with LCP.

3.1. LazyConvPool

The objective of LCP is to eliminate the convolutional
computation that will not affect the output of the succeeding
pooling layer. Figure 2a illustrates the conventional convo-
lution and pooling operations. In this example, four convo-
lutions are first executed on an input image to calculate ad-
jacent four feature values in a 2 X 2 pooling window. Then

Authorized licensed use limited to: IEEE - Staff. Downloaded on September 19,2025 at 15:28:16 UTC from |IEEE XLBR@QE@GQ)QIBQQ

CrowdStrike EX1010 Page 7



the max pooling is operated to pick up one representative
feature that has a maximum value (shown as a red pixel).
Worthy of attention here is that only one convolution result
is passed to the next stage and all the other convolution re-
sults are discarded by the pooling operation. This means
that the non-representative feature values do not affect the
feature map after pooling as long as the feature selection in
the pooling is correct.

On the basis of this observation, we construct LCP
framework with two main parts: (1) approximated convolu-
tion units (AppConv) to predict the feature selection in the
pooling layer, and (2) a single regular (and exact) convo-
lution unit (Conv) to perform convolution only on the pre-
dicted window. Figure 2b illustrates the LCP-based con-
volution and pooling operations. The computation flow of
LCP is summarized as follows:

Step 1 Compute AppConv using the lightweight and ap-
proximate computation.

Step 2 Operate max pooling to the results of AppConv to
specify the convolution index of which the convolution
result is propagated.

Step 3 Compute Conv only to the input corresponding to
the specified index in Step 2.

LCP can reduce the number of the exact convolutions by
1/Np, where Np is the number of the features in a pool-
ing window. On the other hand, the prediction by App-
Conv introduces additional hardware. To minimize addi-
tional power consumption associated with the prediction,
we utilize lightweight and approximate computation called
Sign Connect, which is described in the next subsection.

3.2. Sign Connect

LCP executed only the necessary convolution by com-
puting AppConv before Conv. Computational cost of App-
Conv must be low to realize power reduction through LCP.
Here, for this purpose, we propose Sign Connect as an ap-
proximate computation unit of reduced computation com-
plexity.

Sign Connect is equivalent to “sign function” used in Bi-
naryNet [7]. Sign Connect computes product terms by the
following equations:

PWED=1) = 1 .
{P(W(k,l):O) - 0 ®)

PW(k1) =-1) = 1
{P(W(k,l):o) — 0 ©)

Contrary to Ternary Connect [19], the proposed equations
are deterministic, thus random number generators are not
necessary. Sign Connect can be implemented so that gen-
eral multipliers are replaced by the multiplications of the
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Figure 3: Base architecture for CNN processor.

sign of weights, which can be typically realized by multi-
plexers. With Sign Connect, multiplication could be drasti-
cally simplified, and the total performance becomes deter-
ministic.

4. Hardware architecture

4.1. Base architecture

Figure 3 shows a block diagram of the base architecture
of CNN processor. This is similar to those of nn-X [ 1] and
HWCE [5], employing a parallel architecture with a shared
memory and multiple processing elements. Each processing
element, connected to the shared memory, executes convo-
lution, pooling, and activation. In this hardware architec-
ture, each element computes individual feature maps on the
basis of a common input image (or feature map). The in-
put image is supplied to each element via a line buffer. The
line buffer enables a continuous and efficient data feed for
convolutions on a sliding windows. Weights of the convo-
lution layers are supplied from a local memory and kept in
registers in convolution circuits during computation. At the
following stage of convolution circuits, the memory and ac-
cumulators are connected to accumulate the value of feature
maps. Convolution results are accumulated on the memory
that has the size of the feature map.

4.2. LCP architecture

Figure 4 shows the proposed processing element archi-
tecture in which LCP is applied to the base architecture.
Buffered inputs are supplied to AppConv and Conv with
weights used for convolution. A processing element first
computes AppConv and pooling. The results are temporar-
ily stored in the index memory connected to the pooling cir-
cuit and utilized as the signal that control inputs to the Conv
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Figure 5: Timing chart of CNN calculation by (a) the con-
ventional and (b) the proposed LCP methods.

circuit. Conv results are accumulated only for the size of
the pooled feature map.

Figure 5 shows the timing charts of CNN computation
with and without LCP. As shown in Figure 5a, the con-
ventional CNN on the base architecture repeatedly executes
sets of convolutions. Each set consists of weight loading (L)
and convolution (C). In the final set, pooling is executed just
after the convolutions (CP). As for LCP, the two kinds of
convolutions (AppConv and Conv) must be processed and
this may extend the execution time. In order to minimize
the additional execution time caused by LCP, the proposed
architecture conducts the two kinds of convolutions in a
pipelined way as shown in Figure 5b. Thus, the overhead
of execution time is reduced to just one computing routine
time.

5. Experiments
5.1. Classification accuracy

Datasets We evaluated the classification accuracy of LCP
with image recognition datasets. We used two datasets:
the handwritten digits dataset MNIST [18] and the object
recognition dataset CIFAR-10 [16]. For MNIST, we pre-
processed the images by the normalization to limit the range
of data values to 0—1. For CIFAR-10, we preprocessed im-
ages by a) global contrast normalization, b) ZCA whiten-
ing [16], and c) horizontal flips. a) and b) are preprocessing

Layer name Parameter

Input image size: 28x28, channel: 1
Convolution kernel: 5x5, channel: 20
Max pooling kernel: 2x2, stride: 2
ReLU

Convolution kernel: 5x5, channel: 50
Max pooling kernel: 2x2, stride: 2
ReLU

Fully connected | channel: 500

ReLU

Fully connected | channel: 10

Softmax

Table 1: Network parameters of CNN for MNIST dataset.

] Layer name Parameter
Input image size: 32x32, channel: 3
Convolution kernel: 5x5, channel: 64, padding: 2
Max pooling kernel: 2x2, stride: 2
ReLU
Convolution kernel: 5x5, channel: 128, padding: 2
Max pooling kernel: 2x2, stride: 2
ReLU
Convolution kernel: 5x5, channel: 256, padding: 2
Max pooling kernel: 2x2, stride: 2
ReLU
Convolution kernel: 5x5, channel: 512, padding: 2
Max pooling kernel: 2x2, stride: 2
ReLU
Convolution kernel: 5x5, channel: 512, padding: 2
Max pooling kernel: 2x2, stride: 2
ReLU
Fully connected | channel: 512
ReLU
Fully connected | channel: 10
Softmax

Table 2: Network parameters of CNN for CIFAR-10
dataset.

techniques for normalization. c) is applied for data aug-
mentation without changing the image size. We trained net-
works by all data given in the training set and evaluated
target methods by 100 data in the test set none of which ex-
ists in the training set. Network parameters are shown in
Tables 1 and 2.

Results Classification results are shown in Table 3. We
evaluated the four types of CNN: (a) the conventional CNN,
(b) CNN with LCP that computes AppConv by the exact
convolution, (¢) AppConv by Ternary Connect, and (d) Ap-
pConv by Sign Connect. The results of LCP with Ternary
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| Method [ MNIST | CIFAR-10 |
(a) Conventional 0.986 0.860
(b) LCP 0.986 0.860
(c) LCP+ TC 0.984 0.825
(d) LCP + SC 0.988 0.849

Table 3: Classification accuracy on datasets.

Connect are the average of 10 independent runs because of
the probabilistic nature of the Ternary Connect.

The results for LCP with exact convolution is completely
equal to the conventional one because this is equivalent to
the addition of redundant operation. For LCP with Ternary
Connect, the accuracy is almost the same in the experiment
of MNIST. However, the accuracy degrades about 3.5% in
CIFAR-10. The difference shows the performance degra-
dation due to the prediction inaccuracy using Ternary Con-
nect for the complex data such as color images. For LCP
with Sign Connect, the accuracy is almost equal to the con-
ventional result in MNIST data set. Regarding to CIFAR-
10, the accuracy degradation has been reduced compared to
LCP with Ternary Connect.

5.2. Power consumption

Experimental setup To evaluate power consumption, we
implemented both of the base architecture and the pro-
posed LCP architecture with hardware description lan-
guage (HDL). The dynamic power consumption is evalu-
ated by using the netlists synthesized from the HDL and the
logic simulation results that annotate the switching activity
in the netlists. We used two commercial logic cell libraries
of 65 nm process at 0.55 V and 28 nm process at 0.92 V.

In the power estimation, we focused on a mid-level layer
when recognizing 10 MNIST samples. The numbers of in-
put and output feature maps for this layer are 20 and 50,
respectively. CNN processor implements P = 4 processing
elements operating at a 100 MHz clock frequency.

Results Figures 6 and 7 show the average power con-
sumption for each digit in the base and the proposed LCP
architecture. We can see that the power consumption of the
LCP architecture decreases for all digits.

Figures 8 and 9 show the average power consumption
for all digits in the base and the proposed LCP architec-
tures. The breakdowns of power consumption for major
modules are also presented. It can be seen that the power
consumption in Conv modules is greatly reduced by using
LCP. Although the power consumption in AppConv and
the other modules is increased, the total power decreases by
20.2% and 17.8% for 65 nm and 28 nm process libraries, re-
spectively. Considering the increase of the execution time
discussed in 4.2, which is 7.7% in this experiment, the en-
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process library.

ergy reduction by LCP is 14.1% and 11.4% for 65 nm and
28 nm process libraries, respectively.

6. Conclusion

In this paper, a new approach to reduce the number of
multiplications in CNN based on an approximated predic-
tion is proposed. Through the experimental evaluation, the
proposed LazyConvPool algorithm and its hardware archi-
tecture successfully reduce the energy consumption for im-
age recognition by 11.4%—-14.1% while keeping the recog-
nition accuracy. The reduction rate is limited in this pa-
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Figure 9: Average power consumption and breakdowns for
the major modules in the CNN architectures with 28 nm
process library.

per because we only focused on the pooling operations.
For a future work, we will apply the proposed approach to
other kinds of selective operations in neural networks such
as Maxout techniques [12] and network compression tech-

niques [3, 14] to realize more energy-efficient CNN proces-
sors.
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Abstract Abstract:
Convolutional neural network (CNN) is becoming popular because of its great ability for accurate image recognition.
Document Sections However, the computational cost is extremely high, which increases power consumption of embedded CV systems.

This paper proposes an efficient computing method, LazyConvPool (LCP), and its hardware architecture to reduce
power consumption of CNN-based image recognition. The LCP exploits redundancy of operations in CNN and only
2. Related Works executes essential convolutions by an approximated prediction technique. We also propose Sign Connect, which is a

low computational-cost approximated prediction without any multiplications. The experimental evaluation using image
3. Proposed Method classification dataset shows that the proposed method reduces the power consumption by 17.8%-20.2% and energy
consumption by 11.4%-14.1% while retaining recognition performance.
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4. Hardware Architecture
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Keywords SECTION 1.
Vetrice Introduction

More Like This Image recognition is a key technology in various fields such as robotics, automotive, security, and medical

applications. Realizing efficient embedded systems for such applications is nontrivial because we must co-
design both algorithm and hardware architecture. A large number of dedicated vision processors have been
proposed, which utilize handcrafted features (Haar-like features [22], SIFT [20], HOG [8], etc.) and learning
algorithms (SVM [6], Boosting [9], etc.). However, the design of the specialized processor is costly in terms
of development efforts albeit it could potentially achieve good performance.

In contrast to the traditional recognition algorithms that utilize the handcrafted features, representation
learning [1] is becoming increasingly popular in the state-of-the-art recognition methods. The key idea of the
representation learning is to let the system learn the feature by itself, in addition to learning the classifier.
Convolutional neural net- work (CNN) is one of those representation learning methods and has achieved
remarkable results in various image recognition tasks [10], [15], [17]. CNN computes 2D convolutions on
images over and over again to extract the features. The local features of images are acquired by adjusting the
weights of the convolution filters. This general framework makes it possible for CNN to accurately recognize
various classes of images without giving the manually designed features. In order to achieve even higher
accuracy, the network structure of the CNN tends to be made deeper and deeper, requiring huge
computational resources. An efficient computing scheme to facilitate such a large number of convolutions is
6 desired to realize accurate image recognition on energy-limited embedded systems.
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Among the several kinds of approaches for realizing energy-efficient CNN, recent researches focus on the
inherent resilience of CNN [21], [23]. Calculation of pattern recognition algorithms generally contains
redundant calculation to ensure the robustness against noisy inputs. In other words, the redundancy in most
of the recognition algorithms can be pursued to reduce computational resources. In this work, we focus on the
characteristic of the max pooling operation, which is an integral component of CNN that selects a
representative feature in a small region. Specifically, we propose LazyConvPool (LCP), a new computation
method for CNN's convolution layers and pooling layers. In LCP, only the essential convolutions that affect
the final result are executed on the basis of the prediction results by approximated computations. The key
features of the proposed LCP are as follows:

o LCP predicts a local region that will be selected later in the pooing layer to limit the application of the
accurate and thus expensive convolutional operations to the predicted region.

¢ The prediction is based on the newly proposed Sign Connect, which gives a significantly lightweight
approximation of the convolution with no multiplication operation, while keeping prediction accuracy.

¢ An efficient hardware architecture is also proposed to implement a low power LCP-based CNN with a
minimal overhead.

The rest of the paper is organized as follows. Section 2 provides an overview of the related work. Section 3
describes the proposed methods, LCP and Sign Connect. Section 4 presents the hardware architecture for the
proposed method and shows an implementation details to improve performance. Section 5 shows the
experimental results, and finally, Section 6 concludes the paper.

SECTION 2.

Related Works

2.1. Convolutional Neural Network

A typical CNN consists of convolution layers, pooling layers, and a fully connected layer as shown in Figure 1.
First, in the convolution layers, 2D convolution is computed as

Wiz(m, n) = ZZW(U, v)z(m +u, n+v), (1)

View Source

where z is an input image and W is a weight matrix of the convolution filter. The operator “*’ means 2D
convolution. This layer extracts local features of images to generate feature maps by using a large number of
different filters. Then in the pooling layers, a representative feature value is selected from a small region
called a pooling window. The pooling layer is useful for translation invariance and reduction of
computational costs. As the representative value, maximum (max) or average values are commonly used. In
this paper, we use max pooling, which selects the max value from the pooling window. After the convolution
and the pooling, non-linearity is used as an activation function similarly to the traditional neural networks.
Here, piecewise continuous functions are generally used as the activation function. In practice, rectified
linear unit (ReLU) is widely used because it does not saturate gradients while requiring a small amount of
computation. ReLU is represented as

f(z) = max(0, z). 2)

View Source

In the fully connected layer, an output z(™ is computed from the outputs of the previous layer z(" 1) as

2™ = f(W Tz 4 p), 3)

IPR2025-01399

https://ieeexplore.ieee.org/document/7789603 2/11

CrowdStrike EX1010 Page 14


javascript:void()
javascript:void()

9/19/25, 11:27 AM Approximated Prediction Strategy for Reducing Power Consumption of Convolutional Neural Network Processor | IEEE Conferenc...

View Source

where W is a weight matrix, b is a bias vector in this layer, and f(+) is an activation function. At the final
stage of the network, the softmax function is often used as the activation function for multi-class
classification:

View Source

The softmax function has an advantage because it normalizes values in the final stage and facilitates error
computation in the training phase. The number of the output units in the final stage is equal to the number
of the labels, and the classification result y is given by

y = arg max ;. (5)
7

View Source

2.2, Computationally Efficient Neural Networks

CNN requires large computational costs as well as other neural networks. It is because a huge number of
multiplications are executed to propagate signals in the networks. Some recent works are trying to tackle this
problem by replacing the multiplications with simpler operations. Network pruning [14] and network
compression [2], [3] reduce the amount of weight parameters by compressing networks. These methods try
to compress networks by utilizing some representative values to describe the whole weight matrix. On the
other hand, BinaryNet [7] and Ternary Connect [19] are the methods that limit the weight values to {-1, + 1 }
or { -1, 0, + 1} during the training phase in order to reduce the memory usage and computation complexity.
In the following paragraph, we describe the more details of Ternary Connect, on which our proposed method
Sign Connect is based.

Ternary Connect

Ternary Connect is a computation method for neural networks that eliminates multiplications in the
propagation. Ternary Connect replaces the original real weight w(u, v) € [—1, 1] by an alternative weights
W (u, v) € {—1,0,1}, which is stochastically determined by w(u, v).If w(u, v) > 0, the probability of the
W (u, v) value is given by

P(W(u, v) =1) = w(u, v)
{ P(W(u, v) =0) = 1-w(u, v)’ (6)
View Source
Otherwise, if w(u, v) < 0, the probability is given by
P(W(u7 U) = _1) = —w(u, ’U)
{ PW(u, v) =0) = 1+w(u, v)’ (7)

View Source

By using W (u, v) in propagation computation in stead of w(u, v), multiplications are completely omitted.

Although Ternary Connect is very useful to reduce computation in the training phase, it can deteriorate
recognition performance if it is simply applied to the classification phase. In addition, a suitable hardware
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architecture should be considered at the same time in order to receive the benefit of reducing multiplications.
2.3. CNN Processors

CNN in embedded systems has been actively researched in several aspects. As application-specific processors,
some architectures that implement CNN are proposed in [4], [5], [11], [13]. nn-X [11] is a salable co-
processor for CNN. It consists of an array of possessing elements, which are dedicated hardware to accelerate
the main components of CNN (convolution, pooling, and activation). HWCE [5] is also an accelerator for
CNN particularly focusing on 2D convolutions, which are the most computationally intensive part in CNN.
Both of the architectures intend to speed up the calculation of convolutions in a highly parallel manner by
adopting an array structure and pipelined streaming processing units.

Feature
Maps

| Convolution | Poaling | Fully Connected
> Layer 2

-

Figure 1:
A typical architecture of a convolutional neural network. It consists of multiple sets of
convolution and pooling layers and succeeding fully connected multi-layer perceptrons.
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Figure 2:

Convolution and pooling operations of the conventional method and the proposed method,
LazyConvPool (LCP). (a) The conventional one executes exact convolutions (Conv) against all
the windows. (b) LCP only executes an exact convolution (Conv) against the specified window
predicted by the approximate convolution (AppConv).

Another approach for low-power CNN processors is based on approximate computing, which is a computing
method that aggressively uses approximation for the computation that does not require exact results. This is
useful for the applications such as image processing and recognition tasks that tolerate some errors in the
output. Ap-proxANN [23] and AXNN [21] are examples of using the approximate computing with neural
networks. However, it is difficult to simply apply the approximate computing to CNN without spoiling
recognition accuracy because of the deep structure of the CNN, where the approximation errors are
accumulated and inflated during the propagation.

In this work, we propose a novel method to enhance the energy efficiency of the existing CNN processor like
nn-X and HWCE by utilizing an approximation technique. In order to suppress the degradation of recognition
performance, we adopt the approximation only to predict the region to be selected in the max pooling. With
this approach, we can effectively eliminate redundant computation according to the prediction results
calculated with a small overhead.

SECTION 3.
Proposed Method
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Figure 3:
Base architecture for CNN processor.

SECTION 4.
Hardware Architecture

4.1. Base Architecture

Figure 3 shows a block diagram of the base architecture of CNN processor. This is similar to those of nn-X

[11] and HWCE [5], employing a parallel architecture with a shared memory and multiple processing
elements. Each processing element, connected to the shared memory, executes convolution, pooling, and
activation. In this hardware architecture, each element computes individual feature maps on the basis of a
common input image (or feature map). The input image is supplied to each element via a line buffer. The line
buffer enables a continuous and efficient data feed for convolutions on a sliding windows. Weights of the
convolution layers are supplied from a local memory and kept in registers in convolution circuits during
computation. At the following stage of convolution circuits, the memory and accumulators are connected to
accumulate the value of feature maps. Convolution results are accumulated on the memory that has the size of
the feature map.

4.2. LCP Architecture

Figure 4 shows the proposed processing element architecture in which LCP is applied to the base architecture.
Buffered inputs are supplied to AppConv and Conv with weights used for convolution. A processing element
first computes AppConv and pooling. The results are temporar-il y stored in the index memory connected to
the pooling circuit and utilized as the signal that control inputs to the Conv circuit. Conv results are
accumulated only for the size of the pooled feature map.

—_— Index
— AppConv Memory
Feat.
Memory
Pooled.
Memory
https://ieeexplore.ieee.org/document/7789603 I P R2025-0 1 399 6/11

CrowdStrike EX1010 Page 18


https://ieeexplore.ieee.org/mediastore/IEEE/content/media/7784518/7789490/7789603/7789603-fig-3-source-large.gif
javascript:void()
javascript:void()
https://ieeexplore.ieee.org/mediastore/IEEE/content/media/7784518/7789490/7789603/7789603-fig-4-source-large.gif

9/19/25, 11:27 AM Approximated Prediction Strategy for Reducing Power Consumption of Convolutional Neural Network Processor | IEEE Conferenc...

Figure 4:
The proposed architecture for LCP-based CNN processor.
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Figure 5:
Timing chart of CNN calculation by (a) the conventional and (b) the proposed LCP methods.

Figure 5 shows the timing charts of CNN computation with and without LCP. As shown in Figure 5a, the
conventional CNN on the base architecture repeatedly executes sets of convolutions. Each set consists of
weight loading (L) and convolution (C). In the final set, pooling is executed just after the convolutions (CP).
As for LCP, the two kinds of convolutions (AppConv and Conv) must be processed and this may extend the
execution time. In order to minimize the additional execution time caused by LCP, the proposed architecture
conducts the two kinds of convolutions in a pipelined way as shown in Figure 5b. Thus, the overhead of
execution time is reduced to just one computing routine time.

SECTION 5.
Experiments

5.1. Classification Accuracy

Datasets

We evaluated the classification accuracy of LCP with image recognition datasets. We used two datasets: the
handwritten digits dataset MNIST [18] and the object recognition dataset CIFAR-10 [16]. For MNIST, we
preprocessed the images by the normalization to limit the range of data values to 0—1. For CIFAR-1 0, we
preprocessed images by a) global contrast normalization, b) ZCA whitening [16], and c) horizontal flips. a)
and b) are preprocessing techniques for normalization. c) is applied for data augmentation without changing
the image size. We trained networks by all data given in the training set and evaluated target methods by 100
data in the test set none of which exists in the training set. Network parameters are shown in Tables 1 and 2.

Table 1: Network parameters of CNN for MNIST dataset.
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Layer name Parameter

Input image size: 28x28, channel: 1
Convolution kernel: 5x5, channel: 20
Max pooling kernel: 2x2, stride: 2
ReLU

Convolution kernel: 5x5, channel: 50
Max pooling kernel: 2x2, stride: 2
RelLU

Fully connected | channel: 500

ReLLU

Fully connected | channel: 10

Softmax

Table 2: Network parameters of CNN for CIFAR-10 dataset.

Layer name Parameter

Input image size: 32x32, channel: 3

Convolution kernel: 5x5, channel: 64, padding: 2
Max pooling kernel: 2x2, stride: 2

ReLU

Convolution kernel: 5x5, channel: 128, padding: 2
Max pooling kernel: 2x2, stride: 2

ReLU

Convolution kernel: 5x5, channel: 256, padding: 2
Max pooling kernel: 2x2, stride: 2

ReLU

Convolution kernel: 5x5, channel: 512, padding: 2
Max pooling kernel: 2x2, stride: 2

ReLU

Convolution kernel: 5x5, channel: 512, padding: 2
Max pooling kernel: 2x2, stride: 2

RelLU

Fully connected | channel: 512

ReLLU

Fully connected | channel: 10

Softmax

Results

Classification results are shown in Table 3. We evaluated the four types of CNN: (a) the conventional CNN, (b)
CNN with LCP that computes AppConv by the exact convolution, (¢) AppConv by Ternary Connect, and (d)
Ap-pConv by Sign Connect. The results of LCP with Ternary Connect are the average of 10 independent runs
because of the probabilistic nature of the Ternary Connect.

Table 3: Classification accuracy on datasets.
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Method MNIST | CIFAR-10

(a) Conventional 0.986 0.860
(b) LCP 0.986 0.860
(c) LCP+TC 0.984 0.825
(d) LCP + SC 0.988 0.849

The results for LCP with exact convolution is completely equal to the conventional one because this is
equivalent to the addition of redundant operation. For LCP with Ternary Connect, the accuracy is almost the
same in the experiment of MNIST. However, the accuracy degrades about 3.5% in CIFAR-10. The difference
shows the performance degradation due to the prediction inaccuracy using Ternary Connect for the complex
data such as color images. For LCP with Sign Connect, the accuracy is almost equal to the conventional result
in MNIST data set. Regarding to CIFAR-10, the accuracy degradation has been reduced compared to LCP with
Ternary Connect.

5.2. Power Consumption

Experimental Setup

To evaluate power consumption, we implemented both of the base architecture and the proposed LCP
architecture with hardware description language (HDL). The dynamic power consumption is evaluated by
using the netlists synthesized from the HDL and the logic simulation results that annotate the switching
activity in the netlists. We used two commercial logic cell libraries of 65 nm process at 0.55 V and 28 nm
process at 0.92 V.

In the power estimation, we focused on a mid-level layer when recognizing 10 MNIST samples. The numbers
of input and output feature maps for this layer are 20 and 50, respectively. CNN processor implements P = 4
processing elements operating at a 100 MHz clock frequency.

Results
Figures 6 and 7 show the average power consumption for each digit in the base and the proposed LCP
architecture. We can see that the power consumption of the LCP architecture decreases for all digits.

Figures 8 and g show the average power consumption for all digits in the base and the proposed LCP
architectures. The breakdowns of power consumption for major modules are also presented. It can be seen
that the power consumption in Conv modules is greatly reduced by using LCP. Although the power
consumption in AppConv and the other modules is increased, the total power decreases by 20.2% and 17.8%
for 65 nm and 28 nm process libraries, respectively. Considering the increase of the execution time discussed
in 4.2, which is 7.7% in this experiment, the en- ergy reduction by LCP is 14.1% and 11.4% for 65 nm and 28
nm process libraries, respectively.
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Figure 6:
Power consumption for classifying each digit in the CNN architectures with 65 nm process
library.
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Power consumption for classifying each digit in the CNN architectures with 28 nm process
library.
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Average power consumption and breakdowns for the major modules in the CNN architectures
with 65 nm process library.

SECTION 6.
Conclusion

In this paper, a new approach to reduce the number of multiplications in CNN based on an approximated
prediction is proposed. Through the experimental evaluation, the proposed LazyConvPool algorithm and its
hardware architecture successfully reduce the energy consumption for image recognition by 11.4%-14.1%
while keeping the recognition accuracy. The reduction rate is limited in this pa- per because we only focused
on the pooling operations. For a future work, we will apply the proposed approach to other kinds of selective
operations in neural networks such as Maxout techniques [12] and network compression techniques [3], [14]
to realize more energy-efficient CNN processors.
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Average power consumption and breakdowns for the major modules in the CNN architectures
with 28 nm process library.

Authors v
Figures v
References v
Citations v
Keywords v
Metrics v

Back to Results

IPR2025-01399

https://ieeexplore.ieee.org/document/7789603 11/11

CrowdStrike EX1010 Page 23


https://ieeexplore.ieee.org/search/searchresult.jsp?contentType=all&filter=-ContentType%20EQ%20%22Newsletters%22&queryText=doi:%2010.1109/CVPRW.2016.113.
https://www.ieee.org/profile/changeusrpwd/showChangeUsrPwdPage.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/profile/changeusrpwd/showChangeUsrPwdPage.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/profile/payment/showPaymentHome.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://ieeexplore.ieee.org/articleSale/purchaseHistory.jsp
https://ieeexplore.ieee.org/articleSale/purchaseHistory.jsp
https://www.ieee.org/ieee-privacyportal/app/ibp?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/ieee-privacyportal/app/ibp?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/profile/profedu/getProfEduInformation.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/profile/profedu/getProfEduInformation.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/profile/tips/getTipsInfo.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
tel:+1-800-678-4333
tel:+1-800-678-4333
tel:+1-732-981-0060
tel:+1-732-981-0060
https://ieeexplore.ieee.org/xpl/contact
https://www.facebook.com/IEEEXploreDigitalLibrary/
https://www.facebook.com/IEEEXploreDigitalLibrary/
https://www.instagram.com/ieeexplore_org
https://www.instagram.com/ieeexplore_org
https://www.linkedin.com/showcase/ieee-xplore
https://www.linkedin.com/showcase/ieee-xplore
https://www.youtube.com/ieeexplore
https://www.youtube.com/ieeexplore
https://twitter.com/IEEEXplore?ref_src=twsrc%5Egoogle%7Ctwcamp%5Eserp%7Ctwgr%5Eauthor
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/about-ieee-xplore
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/about-ieee-xplore
https://ieeexplore.ieee.org/xpl/contact
https://ieeexplore.ieee.org/Xplorehelp
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/accessibility-statement
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/terms-of-use
http://www.ieee.org/web/aboutus/whatis/policies/p9-26.html
http://www.ieee-ethics-reporting.org/
http://www.ieee-ethics-reporting.org/
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/ieee-xplore-sitemap
http://www.ieee.org/about/help/security_privacy.html
https://ieeexplore.ieee.org/mediastore/IEEE/content/media/7784518/7789490/7789603/7789603-fig-9-source-large.gif

EXHIBIT B

IPR2025-01399
CrowdStrike EX1010 Page 24



Energy-Efficient ConvNets Through Approximate Computing

Bert Moons'™* Bert De Brabandere®*

Luc Van Gool° Marian Verhelst

TESAT-MICAS, °ESAT-VISICS, Dept. of Electrical Engineering, KU Leuven

bert.moons@esat.kuleuven.be, bert.debrabanderelesat.kuleuven.be

Abstract

Recently convolutional neural networks (ConvNets) have
come up as state-of-the-art classification and detection al-
gorithms, achieving near-human performance in visual de-
tection. However, ConvNet algorithms are typically very
computation and memory intensive. In order to be able
to embed ConvNet-based classification into wearable plat-
forms and embedded systems such as smartphones or ubigq-
uitous electronics for the internet-of-things, their energy
consumption should be reduced drastically. This paper pro-
poses methods based on approximate computing to reduce
energy consumption in state-of-the-art ConvNet accelera-
tors. By combining techniques both at the system- and cir-
cuit level, we can gain energy in the systems arithmetic:
up to 30x without losing classification accuracy and more
than 100x at 99% classification accuracy, compared to the
commonly used 16-bit fixed point number format.

1. Introduction

Recently neural networks have made an impressive
comeback in the field of machine learning. Convolutional
neural networks or ConvNets are consistently pushing the
state-of-the-art in areas like computer vision and speech
processing. One of the reasons for this revival is the in-
creasing availability of computing power. Multicore CPU’s,
GPU’s, and even clusters of GPU’s are no longer pro-
hibitively expensive and make it possible to train and eval-
uate larger networks.

Unfortunately, the increase in computing power is in-
evitably accompanied by an increase in energy consump-
tion. While high energy consumption is no big concern
during the network’s training phase - which typically takes
place on a computer cluster - it poses a problem when the
network needs to be evaluated on mobile hardware like
smartphones, smart glasses and other wearable devices.

In this paper, we investigate how energy consumption
can be reduced through principles of approximate comput-

*Equally contributing authors.

ing. Our analysis shows that it is possible to quantize ex-
isting networks and drastically reduce the number of bits
that encode the weights and inputs of each layer, with only
a minimal loss in accuracy and without the need to retrain
the networks. With an appropriate hardware architecture
this knowledge can be used to reduce energy consumption
in many neural network applications and even dynamically
scale energy consumption depending on the current appli-
cation.
Our contribution is threefold:

1. We show how computational precision can be scaled in
several ConvNet architectures for image classification
through quantization of the layer’s inputs and weights.
The possible quantization varies per architecture, per
application and even per layer within a single Conv-
Net.

2. We show how this approximate computing / precision
scaling can lead to reduced energy consumption in
ConvNet accelerators. This is achieved through a com-
bination of algorithmical and circuit-level techniques:

- Applying precision scaling on ConvNet-accelerator
circuits.

- The number of zero-valued parameter and input-
values of ConvNet layers increases through precision
scaling. Their computations can be skipped.

3. Based on this analysis of algorithmic accuracy and
energy savings, we demonstrate achievable energy-
accuracy curves for three popular ConvNet architec-
tures for image classification.

2. Related work

While ConvNets have a long history in the field of com-
puter vision, only recently they have become the go-to tech-
nique for classification and detection problems. This new-
found popularity is a result of their impressive performance
on a number of benchmarks, reaching super-human accu-
racy on tasks like handwritten character recognition [13]
and near-human performance on large scale classification
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challenges like ILSVRC [4]. Record-breaking ConvNet ar-
chitectures are being developed in academia [10] [16] and
industry [17] [21].

A ConvNet has a hierarchical structure consisting of
a number of layers. Most architectures contain multiple
blocks of convolutional layers, rectified linear units (ReLLU)
and pooling layers, followed by a number of fully connected
layers. The network is trained with the backpropagation al-
gorithm, which iteratively updates the weights in the con-
volutional and fully connected layers in order to minimize
a certain loss function.

The success of these algorithms has led to the inter-
est of the embedded vision community. A number of
ConvNet hardware optimizations [2] [15], coprocessors
[6] and accelerators such as DianNao [!] have been pro-
posed. Although all of these works meant a significant
step forward, the realization of a high-performance, energy-
efficient and real-time ConvNet architecture, which could
work autonomously from the cloud is not yet complete.
The optimized architectures named above, can however be
optimized further by exploiting ConvNet’s inherent error-
resilience. The effect of quantization errors on regular neu-
ral networks have been studied in [8] and [5].

Error resilient applications can be made more energy ef-
ficient through approximate computing. This is a collection
of hardware-level techniques enabling energy savings at the
expense of reduced computational accuracy. This can be
achieved in various ways, leading to either a static (fixed af-
ter design-time) or a dynamic (adaptable after design-time)
trade-off. Static examples in literature make use of approx-
imate digital building blocks for arithmetic functions [1 1],
or use approximate logic synthesis methods [20]. Dynamic
approximate computing mainly uses the principle of preci-
sion scaling, in which the number of bits used in computa-
tions is varied at run-time [ 18] [3] [14]. In this work, we use
precision scaling to achieve energy gains in ConvNet accel-
eration. Since precision scaling can be applied dynamically,
the energy consumption of the targeted accelerator can be
adapted to the varying precision requirements of the used
ConvNet and even of the ConvNet layer.

Approximate computing through precision scaling low-
ers the active power consumption of a digital circuit. The to-
tal power consumption consists of a dynamic and a leakage
component. It can be summarized as P = aC f V2 +Pleakage
where « is the circuit switching activity, f is the clock fre-
quency, C' is the total switching capacitance and V is the
circuit’s supply voltage. By scaling precision (i.e., dynam-
ically scaling the number of bits that encode the network’s
weights and inputs), the switching activity « can be substan-
tially reduced. Figure 1 illustrates the achievable energy-
accuracy trade-off in a typical digital multiplier. Note that a
striking 12x energy gain can be achieved at an output error
of 1% root-mean-square-error (RMSE).
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Figure 1: Energy-accuracy trade-off in digital multipliers
through precision scaling (a) By scaling the used number
of bits from 4 to 2 the number of active blocks drops from
20 to 6. (b) Energy consumption versus root-mean-square-
error under precision scaling. Precision scaling can gain
12x in energy at 1% RMSE.

A first attempt in combining neural networks with ap-

proximate computing has been done in [19]. Their work
only looks into regular neural networks and requires retrain-
ing of the network. In this work we focus on convolutional
neural network architectures, which perform much better in
computer vision applications. Furthermore, we do not re-
quire network retraining.

3. Analysis and experiments

We examine the performance- and energy-related effects

of quantization on three different network architectures for
image classification. Because it is impossible to cover
the entire spectrum of architectures and applications, we
choose three popular networks as representatives of small-
, medium-, and large-scale architectures that differ signifi-
cantly in their number of parameters:

e LeNet-5 on MNIST [12]: LeNet-5 is a small network
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with two convolutional and two fully connected layers.
It is designed to classify handwritten digits (20x20 im-
ages) in the MNIST dataset where it achieves an accu-
racy of 99.0%.

e CifarQuick on Cifar-10 [9]: CifarQuick is a medium-
sized architecture with three convolutional and two
fully connected layers. It has more filters per layer
than LeNet-5 and operates on color images instead of
grayscale images. It classifies images of the Cifar-10
dataset, which consists of small 32x32 color images di-
vided into ten classes. It reaches an accuracy of 75.3%.

e AlexNet on ImageNet [10]: AlexNet is a large net-
work with five convolutional and three fully connected
layers. It reaches a top-5 accuracy of 80.0% on
ILSVRC2012, a large scale classification challenge
with 1000 categories.

For our experiments we customized the open-source
deep learning framework Caffe [7] to be able to simulate
quantization of the network’s weights and inputs. All ex-
periments are run on the validation sets of the discussed
benchmarks. We always report the relative accuracy, i.e.
the ratio of the accuracy after quantization and the accuracy
of the original network.

Note that our techniques can be used to reduce the energy
consumption during evaluation of the network, but not nec-
essarily during the training phase. When training the net-
work, the weight quantization would cause the backpropa-
gation algorithm to quickly get stuck in local optima.

3.1. Influence of quantization on classification ac-
curacy

Typically, ConvNets run on high precision machines us-
ing 32-bit floating point number representations. Dedicated
embedded platforms use 16-bit fixed point hardware for
ConvNet computations. However, such high precision is
not always necessary in. The energy spent in high precision
computations, does not lead to more accurate classification
by the algorithm. To reduce the energy consumption of the
ConvNet’s computations, our main strategy is to quantize its
weights and the inputs to its layers. Such quantization leads
to a network that is only an approximation of the original
network. Our goal is to find out the influence of quantiza-
tion on a network’s accuracy and whether the effects dif-
fer significantly across network architectures. We are inter-
ested in how far we can push the quantization of a network
without sacrificing too much classification accuracy.

Before quantizing the weights and inputs, it is impor-
tant to rescale them properly according to the distribution
of their values. If there is a mismatch between the inter-
val in which these values lie and the interval over which we
quantize, the accuracy will drop even at very low quantiza-
tion settings. For this reason, we rescale all layer inputs and
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Figure 2: Relative accuracy of three architectures as a func-
tion of the number of quantization bits. Layer inputs and
weights are first rescaled so they can be quantized more ef-
fectively. We compare two rescaling strategies: (a) Uniform
rescaling: all inputs and weights are scaled with the same
value. (b) Per-layer rescaling: inputs and weights are scaled
on a per-layer basis.

weights in the network with a single value that corresponds
to the maximal input or weight value (rounded to the next
factor of two) observed during a complete run over the data.
This ensures that the limits of the quantization interval cor-
respond to the limits of the data, and no bits are wasted.
Mathematically, this scaling is the same as multiplying the
results with a factor of 2, or shifting data in a fixed point
number representation. This operation has a limited hard-
ware energy footprint and only needs to be performed at
convolutional outputs.

3.1.1 Uniform quantization

As a first experiment we choose a single quantization setting
for all layers in the network, and call this uniform quantiza-
tion. Later, we also introduce per-layer quantization, where
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each layer is quantized separately.

Figure 2a shows the relative accuracy of our three net-
works as a function of the number of quantization bits. As
can be seen in the figure, the relative accuracy stays equal
to one for all three networks up to quantization with 19
bits, meaning that the quantized network reaches the exact
same accuracy on its dataset as the original network. At a
quantization with 18-bit however, the accuracy for AlexNet
starts dropping quickly, rendering it useless for any practi-
cal application. At 11-bit the same effect can be seen for the
smaller LeNet-5.

We can do better than this by applying the scaling in a
more fine-grained way; we choose a different scaling fac-
tor for each layer. This is clarified by a simple exam-
ple: AlexNet’s first and sixth layer weight statistics are
shown in Figure 3. All weights of layer 1 are within the
[—0.5, 0.5] interval, while the weights of layer 6 are within
the [—0.0625,0.0625] interval. By allowing to quantize
the weights in layer 6 over this smaller interval instead of
over [—0.5,0.5] we recover 3 bits that would otherwise be
wasted. A similar reasoning holds for the layer’s inputs.

The effect of the per-layer scaling is significant, as can
be seen in Figure 2b. Compared to the previous , we can
now quantize much more aggressively without sacrificing
accuracy. Each network performs at its original accuracy
up to quantization with no more than 8 bits. After that, the
accuracy again drops quickly. The reason for this improve-
ment is the fact that input and weight statistics differ greatly
among layers. Per-layer rescaling allows to set the optimal
quantization interval in each layer.

3.1.2 Per-layer quantization

Just as we do per-layer rescaling, we can also do per-layer
quantization: instead of quantizing all weights and inputs of
the network with the same number of bits, we choose a dif-
ferent setting in each layer. The idea is again to find an opti-
mal setting for each layer by exploiting the variations of the
layer-specific input and weight distributions. Another effect
of the per-layer quantization is that we can set the operating
point (i.e. the desired minimal relative accuracy) more pre-
cisely and thus control the energy-accuracy trade-off tightly,
as discussed later in section 3.3. This is not possible with
uniform quantization: e.g. between quantization with 5 and
4 bits, the relative accuracy of LeNet-5 drops from 99.4%
immediately to an unusable 86.6%.

In order to find a good quantization setting for each layer,
we do a greedy search over the parameters: starting at the
first layer, its input is quantized until the accuracy drops
to the target accuracy. Next, the quantization of the input
is kept fixed while the quantization of its weights is maxi-
mized in the same way. The same process is applied in the
next layers until the last one. If a value goes out of range,
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Figure 3: AlexNet’s first and sixth layers weight statistics.
Layer 1 should be projected on the [-0.5,0.5] interval and
layer 6 on the [-0.0625,0.0625] interval to minimize the
needed number of bits. If layer 6 would be projected on
the [-1,1] interval, 4 extra bits would be needed.

we clip it to the respective minimum or maximum repre-
sentable value with the chosen quantization. The full sweep
can take many hours, depending on the network size, dataset
size and number of tested settings. This poses no real prob-
lem, as the procedure has to be performed only once and
can be done off-line.

The amount of bits that can be saved with per-layer quan-
tization at a target accuracy of 99%, compared to uniform
quantization at 100% relative accuracy, is visualized for
each reference network in Figure 4. The results are ad-hoc,
but there is a general trend of needing less bits in the lower
layers of the network than in the higher layers. This is partly
aresult of the forward parameter sweep, but we hypothesize
that the difference in input and weight statistics between
lower and higher layers also plays a significant role.
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Figure 4: Comparison of uniform and optimal per-layer quantization. Data points at integer values show quantization of the
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bit. (b) CifarQuick: 5-8 bit. (c) AlexNet: 5-9 bit.

3.2. Proposed energy reduction through precision
scaling and computation skipping

This section indicates how this increased quantization
can lead to energy savings in real hardware architectures.
To quantify the possible energy gains of approximate com-
puting in ConvNet acceleration, we model the energy con-
sumption of the necessary convolutional arithmetic (multi-
ply and add) for a full ConvNet algorithm. This analysis
does not incorporate the energy overheads of control, 1/O,
data- and program-memory interfacing and the clock net-
work, as these are highly architecture dependent. It can thus
be considered as the maximum potential energy savings
through approximate computing. Furthermore, the number
of zero-valued weights and inputs of typical ConvNets in-
creases at higher quantization. This can be exploited al-
gorithmically by skipping unnecessary computations with
zero-valued inputs. This will lead to large additional energy
savings.

3.2.1 Precision scaling

Precision scaling is an approximate computing technique
allowing major energy savings in digital circuits. Lower
precision computing, i.e. computing using less bits, reduces
the switching activity. Figure 1 and [14] show how this con-
cept can be applied to a common digital multiplier.

Based on simulations in a 40nm technology, an energy
model for common digital building blocks is proposed in
Table 1. The reduced switching activity, and hence energy
consumption, solely depends on the circuit architecture and
can reduce quadratically (multiplier), or linearly (adders,
register files, wiring). Using the energy-modelling from Ta-

Table 1: First order estimation of power consumption in
digital basic building blocks under accuracy scaling, based
on simulations in a 40nm CMOS technology. The mod-
elled blocks are multipliers (x), adders (+), registers, wires
and SRAM memory. In the power equation (P), only the
switching activity o decreases as a function of the used
number of bits n.

P:aCdeQd‘ x +  Reg. Wire SRAM

“ ‘O(HQ) O(n) O(n) O(n) O(Nmaz)

ble 1, we can estimate the impact of increased quantization
arithmetic on the energy consumption of a full ConvNet-
algorithms.

In order to apply precision scaling efficiently in such a
system, architectural changes have to be made. First, the
positioning of the sign-bit in the fixed number representa-
tion is crucial. The MSB-bit should always be placed at
the MSB position, otherwise toggling sign bits will lead to
high switching activity. Second, The number of bits in a
fixed point implementation tends to expand due to numeri-
cal operations. In order to make sure the number of bits re-
mains limited throughout different stages of the algorithm,
repetitive rounding or truncation is needed after every stage.
Third, data- and parameter rescaling should be implemented
between the convolutional layers using arithmetic shifting.

3.2.2 Computation skipping

An interesting feature of many modern convolutional neu-
ral networks is the appearance of Rectified Linear Unit
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Figure 5: (a) Impact of precision scaling on the average number of zeroes in the weights and input values of all three
examples. (b) Relative energy reduction compared to the case without computation skipping.

layers (ReLU layers). These put all negative inputs
to zero and pass on positive values unchanged, as in
Output = max(0, Input). Since many layers in ConvNet-
classification algorithms only output positive values when
certain features are present, a large amount of ReL.U-
outputs will be zero and do not have to be used for further
computations. The ReLU layers thus allow for additional
energy reductions by not computing unnecessary computa-
tions through computation skipping.

Figure 5 shows the impact of precision scaling on the
average number of zeroes in our ConvNet examples. For
all architectures, the ratio of zeroed values lies between
50 — 90% of the total input values, depending on the used
quantization setting. The number of zeroed values is sig-
nificantly larger under precision scaling, from an average of
45% on all LeNet-5 outputs at 16-bit to 65% at 5-bit.

It is very difficult to achieve such computation skipping
in a software solution, since checking for zero-valued inputs
in a scalar core consumes time. Using techniques for sparse
matrix multiplication is not possible either, because the used
convolutional kernels are typically very small on the order
of 11 x 11, 5 x 5 or 3 x 3. However, computation skipping
can be achieved in a hardware accelerator with dedicated
hardware support. Flags can indicate if upcoming data is
zero and prevent circuitry from switching if this is the case.
As ConvNet-weights are fixed, these flags can be computed
beforehand.

3.3. Achievable energy-accuracy trade-off in Conv-
Nets

By combining both precision scaling and algorithmi-
cal computation skipping, major energy savings can be
achieved in ConvNets. Figure 6a shows the effect of uni-

form quantization on the energy consumption of our bench-
mark algorithms, if both precision scaling and computa-
tion skipping are combined. Note how the energy reduces
5 — 20x for an 8-bit implementation.

Figure 6b shows curves in the energy-accuracy space for
our ConvNet benchmarks. It shows the trade-off for the
95 — 100% classification accuracy window. All curves are
given for both uniform and per-layer quantization, and are
compared to the typically used uniform 16-bit number rep-
resentation, without adequate precision scaling and compu-
tation skipping. If per-layer quantization is used, the trade-
off is less steep than in the uniform case. This means more
energy can be gained, while losing less classification accu-
racy in the process. All discussed networks gain at least an
additional factor of 2 in energy consumption if a reduced
classification accuracy of 99% is allowed.

Figure 7 gives an overview of the effect of each im-
provement on the relative energy consumption. Per-layer
rescaling and computation skipping lead to the largest en-
ergy gains. Per-layer quantization leads to additional major
energy gains if a reduced accuracy of 99% can be allowed.

4. Conclusion

ConvNet algorithms are typically very computation and
memory intensive. In order to be able to embed ConvNet-
based classification into wearable platforms, their energy
consumption should be reduced significantly. In this work,
we show how the energy consumption of dedicated Conv-
Net accelerators can be drastically reduced by applying ap-
proximate computing. ConvNets for image classification
are fault-tolerant and allow computation using 4-10 bits in
stead of the previously used 16- or 32-bit formats. By us-
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Figure 7: Energy comparison between our three benchmarks in different cases. (A) 16-bit (B) Per-layer scaling, uniform
quantization at 100% accuracy (C) Same as B, with computation skipping (D) Per-layer scaling, per-layer quantization and

computation skipping at 99% accuracy.

ing requantized number representations, the energy con-
sumption in a ConvNet accelerator can be reduced in two
complementary ways. First, energy consumption can be
lower through precision scaling. Second, more quantiza-
tion further increases the number of zeroed parameter and
input values in the ConvNet. Since zero-valued numbers do
not contribute to the algorithm’s output, their computations
can be skipped. The combination of these two techniques
can lead to significant energy savings in several ConvNets.
We show energy reductions of up to 30x compared to the
commonly used 16-bit fixed point implementations, with-

out sacrificing algorithm performance. If the classification
accuracy can be reduced to 99%, additional energy savings
can be achieved on the same network architecture, through
per-layer optimization. In this case an additional 7.5% re-
duction can be achieved.
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Abstract:

Recently convolutional neural networks (ConvNets) have come up as state-of-the-art classification and detection
algorithms, achieving near-human performance in visual detection. However, ConvNet algorithms are typically very
computation and memory intensive. In order to be able to embed ConvNet-based classification into wearable platforms
and embedded systems such as smartphones or ubiquitous electronics for the internet-of-things, their energy
consumption should be reduced drastically. This paper proposes methods based on approximate computing to reduce
energy consumption in state-of-the-art ConvNet accelerators. By combining techniques both at the system- and circuit
level, we can gain energy in the systems arithmetic: up to 30x without losing classification accuracy and more than
100x at 99% classification accuracy, compared to the commonly used 16-bit fixed point number format.
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SECTION 1.
Introduction

Recently neural networks have made an impressive comeback in the field of machine learning. Convolutional
neural networks or ConvNets are consistently pushing the state-of-the-art in areas like computer vision and
speech processing. One of the reasons for this revival is the increasing availability of computing power.
Multicore CPU's, GPU's, and even clusters of GPU's are no longer prohibitively expensive and make it possible
to train and evaluate larger networks.

Unfortunately, the increase in computing power is inevitably accompanied by an increase in energy
consumption. While high energy consumption is no big concern during the network's training phase - which
typically takes place on a computer cluster - it poses a problem when the network needs to be evaluated on
mobile hardware like smartphones, smart glasses and other wearable devices.

In this paper, we investigate how energy consumption can be reduced through principles of approximate
computing. Our analysis shows that it is possible to quantize existing networks and drastically reduce the
number of bits that encode the weights and inputs of each layer, with only a minimal loss in accuracy and
without the need to retrain the networks. With an appropriate hardware architecture this knowledge can be
used to reduce energy consumption in many neural network applications and even dynamically scale energy
consumption depending on the current application.

Our contribution is threefold:

1. We show how computational precision can be scaled in several ConvNet architectures for image
classification through quantization of the layer's inputs and weights. The possible quantization varies per

IPR2025-01399

https://ieeexplore.ieee.org/document/7477614 1/10

CrowdStrike EX1010 Page 34



9/22/25, 11:23 AM Energy-efficient ConvNets through approximate computing | IEEE Conference Publication | IEEE Xplore

architecture, per application and even per layer within a single ConvNet.

2. We show how this approximate computing/precision scaling can lead to reduced energy consumption in
ConvNet accelerators. This is achieved through a combination of algorithmical and circuit-level
techniques:

¢ Applying precision scaling on ConvNet-accelerator circuits.

e The number of zero-valued parameter and input-values of ConvNet layers increases through
precision scaling. Their computations can be skipped.

3. Based on this analysis of algorithmic accuracy and energy savings, we demonstrate achievable energy-
accuracy curves for three popular ConvNet architectures for image classification.

SECTION 2.
Related Work

While ConvNets have a long history in the field of computer vision, only recently they have become the go-to
technique for classification and detection problems. This newfound popularity is a result of their impressive
performance on a number of benchmarks, reaching super-human accuracy on tasks like handwritten
character recognition [13] and near-human performance on large scale classification challenges like ILSVRC
[4]. Record-breaking ConvNet architectures are being developed in academia [10] [16] and industry [17]

[21].

A ConvNet has a hierarchical structure consisting of a number of layers. Most architectures contain multiple
blocks of convolutional layers, rectified linear units (ReLU) and pooling layers, followed by a number of fully
connected layers. The network is trained with the backpropagation algorithm, which iteratively updates the
weights in the convolutional and fully connected layers in order to minimize a certain loss function.

The success of these algorithms has led to the interest of the embedded vision community. A number of
ConvNet hardware optimizations [2] [15], coprocessors [6] and accelerators such as DianNao [1] have been
proposed. Although all of these works meant a significant step forward, the realization of a high-performance,
energy-efficient and real-time ConvNet architecture, which could work autonomously from the cloud is not
yet complete. The optimized architectures named above, can however be optimized further by exploiting
ConvNet's inherent error-resilience. The effect of quantization errors on regular neural networks have been
studied in [8] and [5].

Error resilient applications can be made more energy efficient through approximate computing. This is a
collection of hardware-level techniques enabling energy savings at the expense of reduced computational
accuracy. This can be achieved in various ways, leading to either a static (fixed after design-time) or a dynamic
(adaptable after design-time) trade-off. Static examples in literature make use of approximate digital building
blocks for arithmetic functions [11], or use approximate logic synthesis methods [20]. Dynamic approximate
computing mainly uses the principle of precision scaling, in which the number of bits used in computations is
varied at run-time [18] [3] [14]. In this work, we use precision scaling to achieve energy gains in ConvNet
acceleration. Since precision scaling can be applied dynamically, the energy consumption of the targeted
accelerator can be adapted to the varying precision requirements of the used ConvNet and even of the
ConvNet layer.

Approximate computing through precision scaling lowers the active power consumption of a digital circuit.
The total power consumption consists of a dynamic and a leakage component. It can be summarized as
P=aC sz + Pieakage Where a is the circuit switching activity, f is the clock frequency, C'is the total
switching capacitance and V is the circuit's supply voltage. By scaling precision (i.e., dynamically scaling the
number of bits that encode the network's weights and inputs), the switching activity o can be substantially
reduced. Figure 1 illustrates the achievable energy-accuracy trade-off in a typical digital multiplier. Note that

a striking 12 x energy gain can be achieved at an output error of 1% root-mean-square-error (RMSE).
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Figure 1:

Energy-accuracy trade-off in digital multipliers through precision scaling (a) by scaling the
used number of bits from 4 to 2 the number of active blocks drops from 20 to 6. (b) Energy

consumption versus root-mean-square-error under precision scaling. Precision scaling can gain
12X in energy at 1% rmse.

A first attempt in combining neural networks with approximate computing has been done in [19]. Their work
only looks into regular neural networks and requires retraining of the network. In this work we focus on
convolutional neural network architectures, which perform much better in computer vision applications.
Furthermore, we do not require network retraining.

SECTION 3.
Analysis and Experiments

We examine the performance-and energy-related effects of quantization on three different network
architectures for image classification. Because it is impossible to cover the entire spectrum of architectures
and applications, we choose three popular networks as representatives of small, medium-, and large-scale
architectures that differ significantly in their number of parameters:

e LeNet-5 on MNIST [12]: LeNet-5 is a small network with two convolutional and two fully connected

layers. It is designed to classify handwritten digits (20 x 20 images) in the MNIST dataset where it
achieves an accuracy of 99.0%.

CifarQuick on Cifar-10 [g]: CifarQuick is a medium-sized architecture with three convolutional and two
fully connected layers. It has more filters per layer than LeNet-5 and operates on color images instead of
grayscale images. It classifies images of the Cifar-10 dataset, which consists of small 32 x 32 color
images divided into ten classes. It reaches an accuracy of 75.3%.
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o AlexNet on ImageNet [10]: AlexNet is a large network with five convolutional and three fully connected
layers. It reaches a top-5 accuracy of 80.0% on ILSVRC2012, a large scale classification challenge with
1000 categories.

For our experiments we customized the open-source deep learning framework Caffe [7] to be able to simulate
quantization of the network's weights and inputs. All experiments are run on the validation sets of the
discussed benchmarks. We always report the relative accuracy, i.e. the ratio of the accuracy after quantization
and the accuracy of the original network.

Note that our techniques can be used to reduce the energy consumption during evaluation of the network, but
not necessarily during the training phase. When training the network, the weight quantization would cause
the backpropagation algorithm to quickly get stuck in local optima.

3.1. Influence of Quantization on Classification Accuracy

Typically, ConvNets run on high precision machines using 32-bit floating point number representations.
Dedicated embedded platforms use 16-bit fixed point hardware for ConvNet computations. However, such
high precision is not always necessary in. The energy spent in high precision computations, does not lead to
more accurate classification by the algorithm. To reduce the energy consumption of the ConvNet's
computations, our main strategy is to quantize its weights and the inputs to its layers. Such quantization leads
to a network that is only an approximation of the original network. Our goal is to find out the influence of
quantization on a network's accuracy and whether the effects differ significantly across network architectures.
We are interested in how far we can push the quantization of a network without sacrificing too much
classification accuracy.

Before quantizing the weights and inputs, it is important to rescale them properly according to the
distribution of their values. If there is a mismatch between the interval in which these values lie and the
interval over which we quantize, the accuracy will drop even at very low quantization settings. For this reason,
we rescale all layer inputs and weights in the network with a single value that corresponds to the maximal
input or weight value (rounded to the next factor of two) observed during a complete run over the data. This
ensures that the limits of the quantization interval correspond to the limits of the data, and no bits are wasted.
Mathematically, this scaling is the same as multiplying the results with a factor of 2, or shifting data in a fixed
point number representation. This operation has a limited hardware energy footprint and only needs to be
performed at convolutional outputs.
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Figure 2:

Relative accuracy of three architectures as a function of the number of quantization bits. Layer
inputs and weights are first rescaled so they can be quantized more effectively. We compare
two rescaling strategies: (a) Uniform rescaling: all inputs and weights are scaled with the same
value. (b) Per-layer rescaling: inputs and weights are scaled on a per-layer basis.

3.1.1 Uniform Quantization

As a first experiment we choose a single quantization setting for all layers in the network, and call this
uniform quantization. Later, we also introduce per-layer quantization, where each layer is quantized
separately.

Figure 2a shows the relative accuracy of our three networks as a function of the number of quantization bits.
As can be seen in the figure, the relative accuracy stays equal to one for all three networks up to quantization
with 19 bits, meaning that the quantized network reaches the exact same accuracy on its dataset as the
original network. At a quantization with 18-bit however, the accuracy for AlexNet starts dropping quickly,
rendering it useless for any practical application. At 11-bit the same effect can be seen for the smaller LeNet-5.

We can do better than this by applying the scaling in a more fine-grained way; we choose a different scaling
factor for each layer. This is clarified by a simple example: AlexNet's first and sixth layer weight statistics are
shown in Figure 3. All weights of layer 1 are within the [-0.5, 0.5] interval, while the weights of layer 6 are
within the [-0.0625, 0.0625] interval. By allowing to quantize the weights in layer 6 over this smaller interval
instead of over [-0.5, 0.5] we recover 3 bits that would otherwise be wasted. A similar reasoning holds for the
layer's inputs.

The effect of the per-layer scaling is significant, as can be seen in Figure 2b. Compared to the previous, we can

now quantize much more aggressively without sacrificing accuracy. Each network performs at its original
accuracy up to quantization with no more than 8 bits. After that, the accuracy again drops quickly. The reason
for this improvement is the fact that input and weight statistics differ greatly among layers. Per-layer rescaling
allows to set the optimal quantization interval in each layer.

3.1.2 Per-Layer Quantization

Just as we do per-layer rescaling, we can also do per-layer quantization: instead of quantizing all weights and
inputs of the network with the same number of bits, we choose a different setting in each layer. The idea is
again to find an optimal setting for each layer by exploiting the variations of the layer-specific input and
weight distributions. Another effect of the per-layer quantization is that we can set the operating point (i.e. the
desired minimal relative accuracy) more precisely and thus control the energy-accuracy trade-off tightly, as
discussed later in section 3.3. This is not possible with uniform quantization: e.g. between quantization with 5

and 4 bits, the relative accuracy of LeNet-5 drops from 99.4% immediately to an unusable 86.6%.

In order to find a good quantization setting for each layer, we do a greedy search over the parameters: starting
at the first layer, its input is quantized until the accuracy drops to the target accuracy. Next, the quantization
of the input is kept fixed while the quantization of its weights is maximized in the same way. The same process
is applied in the next layers until the last one. If a value goes out of range, we clip it to the respective minimum
or maximum representable value with the chosen quantization. The full sweep can take many hours,
depending on the network size, dataset size and number of tested settings. This poses no real problem, as the
procedure has to be performed only once and can be done off-line.
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Figure 3:

Alexnet's first and sixth layers weight statistics. Layer 1 should be projected on the [-0.5,0.5]
interval and layer 6 on the [—0.0625,0.0625] interval to minimize the needed number of bits. If
layer 6 would be projected on the [—1,1] interval, 4 extra bits would be needed.

The amount of bits that can be saved with per-layer quantization at a target accuracy of 99%, compared to
uniform quantization at 100% relative accuracy, is visualized for each reference network in Figure 4. The
results are ad-hoc, but there is a general trend of needing less bits in the lower layers of the network than in
the higher layers. This is partly a result of the forward parameter sweep, but we hypothesize that the
difference in input and weight statistics between lower and higher layers also plays a significant role.
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Figure 4:

Comparison of uniform and optimal per-layer quantization. Data points at integer values show
quantization of the layer weights. Other data points show quantization of the layer inputs.
Maximum achievable quantizations: (a) Lenet-5: 1-6 bit. (b) Cifarquick: 5-8 bit. (c) Alexnet:
5-9 bit.

3.2. Proposed Energy Reduction through Precision Scaling and Computation
Skipping

This section indicates how this increased quantization can lead to energy savings in real hardware
architectures. To quantify the possible energy gains of approximate computing in ConvNet acceleration, we
model the energy consumption of the necessary convolutional arithmetic (multiply and add) for a full
ConvNet algorithm. This analysis does not incorporate the energy overheads of control, I/O, data-and
program-memory interfacing and the clock network, as these are highly architecture dependent. It can thus be
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considered as the maximum potential energy savings through approximate computing. Furthermore, the
number of zero-valued weights and inputs of typical ConvNets increases at higher quantization. This can be

exploited algorithmically by skipping unnecessary computations with zero-valued inputs. This will lead to
large additional energy savings.

3.2.1 Precision Scaling
Precision scaling is an approximate computing technique allowing major energy savings in digital circuits.

Lower precision computing, i.e. computing using less bits, reduces the switching activity. Figure 1 and [14]
show how this concept can be applied to a common digital multiplier.

Based on simulations in a 40nm technology, an energy model for common digital building blocks is proposed
in Table 1. The reduced switching activity, and hence energy consumption, solely depends on the circuit
architecture and can reduce quadratically (multiplier), or linearly (adders, register files, wiring). Using the

energy-modelling from Table 1, we can estimate the impact of increased quantization arithmetic on the
energy consumption of a full ConvNet-algorithms.

Table 1: First order estimation of power consumption in digital basic building blocks under
accuracy scaling, based on simulations in a 40nm CMOS technology. The modelled blocks are
multipliers (x ), adders (+), registers, wires and SRAM memory. In the power equation (P),
only the switching activity o decreases as a function of the used number of bits n

X + Req. Wire SRAM
a |O(n’*‘) O(n) O(n) O(n) O(nmaz)

In order to apply precision scaling efficiently in such a system, architectural changes have to be made. First,
the positioning of the sign-bit in the fixed number representation is crucial. The MSB-bit should always be
placed at the MSB position, otherwise toggling sign bits will lead to high switching activity. Second, The
number of bits in a fixed point implementation tends to expand due to numerical operations. In order to make
sure the number of bits remains limited throughout different stages of the algorithm, repetitive rounding or
truncation is needed after every stage. Third, data-and parameter rescaling should be implemented between
the convolutional layers using arithmetic shifting.

3.2.2 Computation Skipping

An interesting feature of many modern convolutional neural networks is the appearance of Rectified Linear
Unit layers (ReLU layers). These put all negative inputs to zero and pass on positive values unchanged, as in
Output = max(o, Input). Since many layers in ConvNet-classification algorithms only output positive values
when certain features are present, a large amount of ReLU-outputs will be zero and do not have to be used for
further computations. The ReLU layers thus allow for additional energy reductions by not computing
unnecessary computations through computation skipping.
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Figure 5:
(a) Impact of precision scaling on the average number of zeroes in the weights and input values

of all three examples. (b) Relative energy reduction compared to the case without computation
skipping.
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Figure 5 shows the impact of precision scaling on the average number of zeroes in our ConvNet examples. For
all architectures, the ratio of zeroed values lies between 50-90% of the total input values, depending on the
used quantization setting. The number of zeroed values is significantly larger under precision scaling, from an
average of 45% on all LeNet-5 outputs at 16-bit to 65% at 5-bit.

It is very difficult to achieve such computation skipping in a software solution, since checking for zero-valued
inputs in a scalar core consumes time. Using techniques for sparse matrix multiplication is not possible
either, because the used convolutional kernels are typically very small on the order of 11 x 11,5 x 5 or

3 x 3. However, computation skipping can be achieved in a hardware accelerator with dedicated hardware
support. Flags can indicate if upcoming data is zero and prevent circuitry from switching if this is the case. As
ConvNet-weights are fixed, these flags can be computed beforehand.

3.3. Achievable Energy-Accuracy Trade-Off in Convnets

By combining both precision scaling and algorithmical computation skipping, major energy savings can be
achieved in ConvNets. Figure 6a shows the effect of uniform quantization on the energy consumption of our
benchmark algorithms, if both precision scaling and computation skipping are combined. Note how the
energy reduces 5 — 20 for an 8-bit implementation.

Figure 6b shows curves in the energy-accuracy space for our ConvNet benchmarks. It shows the trade-off for
the 95-100% classification accuracy window. All curves are given for both uniform and per-layer quantization,
and are compared to the typically used uniform 16-bit number representation, without adequate precision
scaling and computation skipping. If per-layer quantization is used, the tradeoff is less steep than in the
uniform case. This means more energy can be gained, while losing less classification accuracy in the process.
All discussed networks gain at least an additional factor of 2 in energy consumption if a reduced classification
accuracy of 99% is allowed.

Figure 7 gives an overview of the effect of each improvement on the relative energy consumption. Per-layer
rescaling and computation skipping lead to the largest energy gains. Per-layer quantization leads to additional
major energy gains if a reduced accuracy of 99% can be allowed.

SECTION 4.
Conclusion

ConvNet algorithms are typically very computation and memory intensive. In order to be able to embed
ConvNet-based classification into wearable platforms, their energy consumption should be reduced
significantly. In this work, we show how the energy consumption of dedicated ConvNet accelerators can be
drastically reduced by applying approximate computing. ConvNets for image classification are fault-tolerant
and allow computation using 4—10 bits in stead of the previously used 16-or 32-bit formats. By using
requantized number representations, the energy consumption in a ConvNet accelerator can be reduced in two
complementary ways. First, energy consumption can be lower through precision scaling. Second, more
quantization further increases the number of zeroed parameter and input values in the ConvNet. Since zero-
valued numbers do not contribute to the algorithm's output, their computations can be skipped. The
combination of these two techniques can lead to significant energy savings in several ConvNets. We show
energy reductions of up to 30x compared to the commonly used 16-bit fixed point implementations, with-out
sacrificing algorithm performance. If the classification accuracy can be reduced to 99%, additional energy
savings can be achieved on the same network architecture, through per-layer optimization. In this case an
additional 7.5x reduction can be achieved.
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(a) Relative energy consumption for uniform quantization. A striking 5— 20 x lower energy
consumption at 8-bit, compared to the commonly used 16-bit used in previous literature. (b)
Energy-accuracy plot for per-layer quantization and scaling and with computation skipping. All
considered convnet-networks gain at least an additional factor of 2 in energy consumption if
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Energy comparison between our three benchmarks in different cases. (A) 16-bit (b) per-layer
scaling, uniform quantization at 100% accuracy (c) same as B, with computation skipping (d)
per-layer scaling, per-layer quantization and computation skipping at 99% accuracy.
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14.4 A 21.5M-Query-Vectors/s 3.37nJ/Vector

Reconfigurable k-Nearest-Neighbor Accelerator
with Adaptive Precision in 14nm Tri-Gate CMOS
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Energy-efficient k-nearest-neighbor (kNN) computations are key building blocks
for computer vision, classification, and machine-learning workloads [1-3].
Determining distances to high-dimensional vectors within a large vector database
results in high compute cost. Adaptive precision improves energy efficiency by
eliminating a majority of vectors without costly full-precision computation, with
as-needed precision refinement to guarantee kNN accuracy of closely matched
vectors. A special-purpose on-die kNN accelerator with 128-dimensions by 128
parallel reference vectors, targeted across mobile SoCs to multi-core
microprocessors, and reconfigurable for either Manhattan or Euclidean distance,
is fabricated in 14nm tri-gate CMOS [6]. Partial distance compute circuits, 2b
window-based sort, MSB-to-LSB-based selective distance refinement, robust
ultra-low voltage circuits, and state tracking control to selectively resume next-
nearest candidates enable nominal energy efficiency of 3.37nJ/query vector or
9.7TOPS/W (measured for 21.5M vectors/s, 16 cycles/vector at 750mV, 25°C)
with a dense layout occupying 0.333mm? (Fig. 14.4.7) while achieving: i) scalable
performance up to 26.4M vectors/s, 114mW measured at 850mV, ii) 2-cycle
latency and 43pJ energy to find each subsequent nearest neighbor, iii) up to 5.2x
higher throughput while maintaining full-precision kNN accuracy, iv) 16x search-
space reduction for next-nearest neighbor, v) ultra-low voltage operation
measured at 360mV, 1.1M vectors/s, 1.44mW, and vi) peak energy efficiency of
1.23nJ/vector at 390mV (near-threshold), 25°C.

The kNN accelerator finds the nearest-neighbor indices using in-memory distance-
compute circuits, a distributed sort network and efficient incremental search (Fig.
14.4.1). Parallel Manhattan and Euclidean distance computations to the 128
reference vectors (128-D per vector) start with low-accuracy from the MSB using
partial distance compute circuits. The sort network finds the minimum within
current accuracy bounds, eliminating vectors outside these bounds for up to 6x
compute reduction. The partial distance compute circuits refine the remaining
distances, with a successive 2b of the accumulated distance available for further
sorting in each iteration. Search-space control circuits coordinate these partial
distance iterations, vector eliminations and 2b sorting windows until the nearest
neighbor is found. Since the last eliminated group of vectors will contain the next
nearest neighbor, tracking these groups enables an efficient incremental search
within only the last group. Early vector elimination improves throughput up to
5.2x, and narrow datapath width reduces accelerator area by 46%, while
maintaining full-precision kNN accuracy.

Complete Euclidean and Manhattan distances from dimension-wise 8b absolute
differences require accumulation over 6 and 4 partial-compute iterations,
respectively (Fig. 14.4.2a). lterative refinement of accumulated distance is
interleaved as needed with successive sort operations on 2b windows from MSB
to LSB. Area-optimized absolute difference uses multi-bit latches for reference
vector storage and ripple-carry static mirror adders (Fig. 14.4.2b). The MSB carry-
out connects to the LSB carry-in for 2’'s complement absolute value increment,
replacing a separate incrementer for 30% lower area. Use of partial-squaring
operations reduce each 8b multiplier to a pair of 2b multipliers, with the shuffle
circuit selecting the appropriate inputs from the absolute difference. Narrow partial
distance bit-widths also reduce compressor tree area and energy. The 4b products
from each dimension are added separately to relocate the left-shift and zero-select
circuits after the compressor tree, reducing them from one per dimension to one
per vector. The shared partial-squaring and compressor-tree circuits are
multiplexed between every pair of vectors using the vector select signal for 28%
lower area. The previously accumulated distance is shifted left 2b in every
compute iteration, enabling replacement of an 11b right shift in the critical path
for incremental distance alignment with only a 1b right shift (Fig. 14.4.3). This
also decreases the radix-2 carry-merge adder width to 12b for incremental
distance summation, with a non-critical 10b incrementer for the upper bits. These
optimizations reduce accumulator delay by 37% and area by 48%. Each distance
refinement can affect previously sorted 2b windows by at most 1, which must be
included in each partial-sort iteration. Therefore, the 12:1 multiplexers forward a

carry-out or prior difference (Y) along with the correct accumulator 2b window
to the sort network. The precise signals indicate whether all other psums exceed
the minimum by more than 1, signifying that the same minimum has been found
as with full-precision calculations. Decreasing comparator width from 23b to 3b
simultaneously reduces sort network area by 3.6x and latency by 2x. Overall
energy to find the nearest neighbor reduces up to 3x compared to a full-precision
design.

Search-space control enables tracking: i) the vectors that could be possible
winners until only one remains, ii) the current 2b window indicated by a global
pointer, and iii) 2b windows with eliminated vectors for the next nearest neighbor
search. The control-circuit location is divided among vector-compute blocks and
a centralized global control (Fig. 14.4.4). The compare psum circuit uses the
global minimum to determine vector elimination and nearest neighbor selection.
Early removal of vectors while moving MSB to LSB for nearest-neighbor search
results in 47% compute reduction and a 2b distance sort reduction of 3.8x. The
global binary mask stores a one when vectors are eliminated as the global pointer
advances MSB to LSB. The global pointer rolls back to the closest 2b window in
this binary mask since the vectors removed in this window contain the next-
nearest neighbor. Each vector stores the pointer position at elimination, and
during rollback the compare pointer circuits re-enable only the closest vectors.
This search for the next nearest neighbor within a selective subset of the
remaining vectors results in 16x search-space reduction.

The adaptive precision kNN accelerator finds the nearest neighbor out of 128x128-
D randomly generated vectors for 21.5M query vectors/s at 16 cycles/vector with
Manhattan distance measured at 338MHz, nominal 750mV, 25°C (Fig. 14.4.5).
Corresponding total power consumption is 73mW (1.8mW active leakage
component), resulting in energy-per-query vector of 3.37nJ or 9.7TOPS/W (10P
= 8b add/multiply/compare). As k scales from 1 to 10, mean increase in latency
and energy per k is 2 cycles and 43pJ. Nominal Euclidean operation is 20.3M
vectors/s at 17 cycles/vector, consuming 78mW or 3.84nJ/vector. Mean increase
in latency and energy per k is 4 cycles and 87pJ. Peak Manhattan (Euclidean)
performance scales up to 26.4M (24.8M) vectors/s with power consumption of
114mW (123mW) at 850mV (Fig. 14.4.6). Datapath circuits optimized for reliable
ultra-low-voltage operation [4] enable robust functionality measured down to
360mV, with k=1 throughput scaling to 1.1M vectors/s, 1.44mW for Manhattan
and 1.04M vectors/s, 1.63mW for Euclidean computations. Energy decreases with
supply voltage for a peak efficiency of 1.23nJ per query vector or 26.5TOPS/W
with Manhattan (k=1) mode at 390mV (near-threshold), representing a 2.73x
energy efficiency improvement over nominal 750mV operation. Energy-efficiency
measurements also improve with algorithm-dependent SURF-128 [5] scale- and
rotation-invariant feature vector matching for object recognition. These feature
vectors achieve an additional 15% (Manhattan) and 20% (Euclidean) energy
savings at 750mV, resulting in 2.86nJ/vector and 3.07nJ/vector, respectively.
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Figure 14.4.7: 14nm CMOS kNN accelerator die micrograph and measured
performance summary.
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Abstract:

Energy-efficient k-nearest-neighbor (kNN) computations are key building blocks for computer vision, classification, and
machine-learning workloads [1-3]. Determining distances to high-dimensional vectors within a large vector database
results in high compute cost. Adaptive precision improves energy efficiency by eliminating a majority of vectors without
costly full-precision computation, with as-needed precision refinement to guarantee kNN accuracy of closely matched
vectors. A special-purpose on-die kNN accelerator with 128-dimensions by 128 parallel reference vectors, targeted
across mobile SoCs to multi-core microprocessors, and reconfigurable for either Manhattan or Euclidean distance, is
fabricated in 14nm tri-gate CMOS [6]. Partial distance compute circuits, 2b window-based sort, MSB-to-LSB-based
selective distance refinement, robust ultra-low voltage circuits, and state tracking control to selectively resume next-
nearest candidates enable nominal energy efficiency of 3.37nJ/query vector or 9.7TOPS/W (measured for 21.5M
vectors/s, 16 cycles/vector at 750mV, 25°C) with a dense layout occupying 0.333mm2 (Fig. 14.4.7) while achieving: i)
scalable performance up to 26.4M vectors/s, 114mW measured at 850mV, ii) 2-cycle latency and 43pJ energy to find
each subsequent nearest neighbor, iii) up to 5.2x higher throughput while maintaining full-precision kNN accuracy, iv)
16x search-space reduction for next-nearest neighbor, v) ultra-low voltage operation measured at 360mV, 1.1M
vectors/s, 1.44mW, and vi) peak energy efficiency of 1.23nJ/vector at 390mV (near-threshold), 25°C.
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Energy-efficient k-nearest-neighbor (kNN) computations are key building blocks for computer vision,
classification, and machine-learning workloads [1]— [3]. Determining distances to high-dimensional vectors
within a large vector database results in high compute cost. Adaptive precision improves energy efficiency by
eliminating a majority of vectors without costly full-precision computation, with as-needed precision
refinement to guarantee kNN accuracy of closely matched vectors. A special-purpose on-die kNN accelerator
with 128-dimensions by 128 parallel reference vectors, targeted across mobile SoCs to multi-core
microprocessors, and reconfigurable for either Manhattan or Euclidean distance, is fabricated in 14nm tri-
gate CMOS [6]. Partial distance compute circuits, 2b window-based sort, MSB-to-LSB-based selective
distance refinement, robust ultra-low voltage circuits, and state tracking control to selectively resume next-
nearest candidates enable nominal energy efficiency of 3.37nJ/query vector or 9.7TOPS/W (measured for
21.5M vectors/s, 16 cycles/vector at 750mV, 25°C) with a dense layout occupying 0.333mm? ( Fig. 14.4.7)
while achieving: i) scalable performance up to 26.4M vectors/s, 114mW measured at 850mV, ii) 2-cycle
latency and 43pJ energy to find each subsequent nearest neighbor, iii) up to 5.2x higher throughput while
maintaining full-precision kNN accuracy, iv) 16x search-space reduction for next-nearest neighbor, v) ultra-
low voltage operation measured at 360mV, 1.1 M vectors/s, 1.44mW, and vi) peak energy efficiency of
1.23nJ/Vector at 39omV (near-threshold), 25°C.
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The kNN accelerator finds the nearest-neighbor indices using in-memory distance-compute circuits, a
distributed sort network and efficient incremental search (Fig. 14.4.1). Parallel Manhattan and Euclidean
distance computations to the 128 reference vectors (128—D per vector) start with low-accuracy from the MSB
using partial distance compute circuits. The sort network finds the minimum within current accuracy bounds,
eliminating vectors outside these bounds for up to 6* compute reduction. The partial distance compute
circuits refine the remaining distances, with a successive 2b of the accumulated distance available for further
sorting in each iteration. Search-space control circuits coordinate these partial distance iterations, vector
eliminations and 2b sorting windows until the nearest neighbor is found. Since the last eliminated group of
vectors will contain the next nearest neighbor, tracking these groups enables an efficient incremental search
within only the last group. Early vector elimination improves throughput up to 5.2x, and narrow datapath
width reduces accelerator area by 46%, while maintaining full-precision kNN accuracy.
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Figure 14.4.1:
kNN accelerator organization.

Complete Euclidean and Manhattan distances from dimension-wise 8b absolute differences require
accumulation over 6 and 4 partial-compute iterations, respectively (Fig. 14.4.2a). Iterative refinement of
accumulated distance is interleaved as needed with successive sort operations on 2b windows from MSB to
LSB. Area-optimized absolute difference uses multi-bit latches for reference vector storage and ripple-carry
static mirror adders ( Fig. 14.4.2b). The MSB carryout connects to the LSB carry-in for 2's complement
absolute value increment, replacing a separate incrementer for 30% lower area. Use of partial-squaring
operations reduce each 8b multiplier to a pair of 2b multipliers, with the shuffle circuit selecting the
appropriate inputs from the absolute difference. Narrow partial distance bit-widths also reduce compressor
tree area and energy. The 4b products from each dimension are added separately to relocate the left-shift and
zero-select circuits after the compressor tree, reducing them from one per dimension to one per vector. The
shared partial-squaring and compressor-tree circuits are multiplexed between every pair of vectors using the
vector select signal for 28% lower area. The previously accumulated distance is shifted left 2b in every
compute iteration, enabling replacement of an 11b right shift in the critical path for incremental distance
alignment with only a 1b right shift ( Fig. 14.4.3). This also decreases the radix-2 carry-merge adder width to
12b for incremental distance summation, with a non-critical 10b incrementer for the upper bits. These
optimizations reduce accumulator delay by 37% and area by 48%. Each distance refinement can affect
previously sorted 2b windows by at most 1, which must be included in each partial-sort iteration. Therefore,
the 12:1 multiplexers forward a carry-out or prior difference (Y") along with the correct accumulator 2b
window to the sort network. The precise signals indicate whether all other psums exceed the minimum by
more than 1, signifying that the same minimum has been found as with full-precision calculations.
Decreasing comparator width from 23b to 3b simultaneously reduces sort network area by 3.6x and latency
by 2x. Overall energy to find the nearest neighbor reduces up to 3x compared to a full-precision design.
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Figure 14.4.2:

Partial distance compute (a) iterations and (b) circuits.
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Figure 14.4.3:
Accumulator and sort circuits.

Search-space control enables tracking: i) the

vectors that could be possible winners until only one remains, ii)

the current 2b window indicated by a global pointer, and iii) 2b windows with eliminated vectors for the next
nearest neighbor search. The control-circuit location is divided among vector-compute blocks and a

centralized global control (Fig. 14.4.4). The ¢

vector elimination and nearest neighbor selection. Early removal of vectors while moving MSB to LSB for

ompare psum circuit uses the global minimum to determine

nearest-neighbor search results in 47% compute reduction and a 2b distance sort reduction of 3.8x. The
global binary mask stores a one when vectors are eliminated as the global pointer advances MSB to LSB. The
global pointer rolls back to the closest 2b window in this binary mask since the vectors removed in this
window contain the next-nearest neighbor. Each vector stores the pointer position at elimination, and during
rollback the compare pointer circuits re-enable only the closest vectors. This search for the next nearest

neighbor within a selective subset of the rem:

https://ieeexplore.ieee.org/document/7418006

aining vectors results in 16x search-space reduction.
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The adaptive precision kNN accelerator finds the nearest neighbor out of 128 x128-D randomly generated

vectors for 21.5M query vectors/s at 16 cycles/vector with Manhattan distance measured at 338MHz, nominal

750mV, 25°C (Fig. 14.4.5). Corresponding total power consumption is 73mW (1.8mW active leakage
component), resulting in energy-per-query vector of 3.37nJ or 9.7TOPS/W (10P = 8b
add/multiply/compare). As k scales from 1 to 10, mean increase in latency and energy per k is 2 cycles and

43pJ. Nominal Euclidean operation is 20.3M vectors/s at 17 cycles/vector, consuming 78mW or

3.84nJ/vector. Mean increase in latency and energy per k is 4 cycles and 87pJ. Peak Manhattan (Euclidean)
performance scales up to 26.4M (24.8M) vectors/s with power consumption of 114mW (123mW) at 85omV

( Fig. 14.4.6). Datapath circuits optimized for reliable ultra-low-voltage operation [4] enable robust

functionality measured down to 360omV, with k=1 throughput scaling to 1.1 M vectors/s, 1.44mW for

Manhattan and 1.04M vectors/s, 1.63mW for Euclidean computations. Energy decreases with supply voltage
for a peak efficiency of 1.23nJ per query vector or 26.5TOPS/W with Manhattan (k=1) mode at 3gomV (near-

threshold), representing a 2.73x energy efficiency improvement over nominal 750mV operation. Energy-

efficiency measurements also improve with algorithm-dependent SURF-128 [5] scale- and rotation-invariant
feature vector matching for object recognition. These feature vectors achieve an additional 15% (Manhattan)

and 20% (Euclidean) energy savings at 750mV, resulting in 2.86nJ/vector and 3.07nJ/vector, respectively.
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Figure 14.4.6:
14nm CMOS measured throughput, total power and energy vs. Supply voltage.
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Figure 14.4.7:
14nm CMOS kNN accelerator die micrograph and measured performance summary.
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