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Abstract—Approximate computing is an emerging paradigm for error
resilient applications as it leverages accuracy loss for improving power,
energy, area, and/or performance of an application. The spectrum of error
resilient applications includes the domains of Image and video processing,
Artificial Intelligence (AI) and Machine Learning (ML), data analytics, and
other Recognition, Mining, and Synthesis (RMS) applications. In this work,
we address one of the most challenging question, i.e., how to systematically
employ approximate computing in Convolution Neural Networks (CNNs),
which are one of the most compute-intensive and the pivotal part of Al
Towards this, we propose a methodology to systematically analyze error
resilience of deep CNNs and identify parameters that can be exploited for
improving performance/efficiency of these networks for inference purposes.
We also present a case study for significance-driven classification of filters
for different convolutional layers, and propose to prune those having the
least significance, and thereby enabling accuracy vs. efficiency tradeoffs by
exploiting their resilience characteristics in a systematic way.

[. INTRODUCTION

Convolutional Neural Networks have become the new normal in
Machine Learning (ML) and Artificial Intelligence (Al) because of
their high achievable accuracy in solving non-trivial classification [1],
recognition [2], and/or cognition problems. This enhanced performance
generally comes at the cost of increased computational and memory
requirements resulting from increased number of convolutional/fully-
connected layers [3] [4] and increased number of filters/neurons per
layer [5]. While this increased computational complexity has provided
a significant improvement in performance, the increased hardware
requirements for training and inference (testing) is drifting these net-
works away from being deployed in real world applications involving
resource constraint devices, especially portable multimedia devices.
There are two main approaches that can be employed for alleviating this
problem: 1) Increase computational power of the processing devices,
which in case of resource constraint portable devices is not a feasible
solution because of the battery constraints. 2) Reduce the computational
complexity of such networks at the cost of insignificant accuracy loss
by employing optimization strategies so that the state-of-the-art high
accuracy networks can easily be ported to resource constraint devices.

A huge body of work is available on optimizing over-parameterized
neural networks mainly using pruning [6], weight sharing [7], and
quantization [8] to achieve better computational/storage efficiency.
Combination of these techniques have also been explored in [9] to
significantly compress the size of NNs. Apart, from the aforementioned
techniques approximate components like Approximate Adders [10],
Multipliers [11], and Multiply and Accumulate operators (MACs) [12]
have also been employed for boosting the efficiency of underlying
hardware implementing the neural networks.

As mentioned above, a number of optimization/approximation tech-
niques are available that can be employed for alleviating the compu-
tational and memory requirements of compute and memory intensive
neural networks. However, in almost all the works, these techniques
have been studied individually, i.e., independent of other optimizations.
The complete set of approximation and optimization knobs that can
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be exploited collectively for achieving optimal/near-optimal gains in
energy, power, and/or execution time are: 1) Weights/Filter pruning
[13], 2) Weight sharing [7], 3) Fixed point conversion and quantization
[8], and 4) Approximate components for realizing underlying hardware
[14].

To employ such techniques, there is a dire need for error resilience
analysis that can estimate the possible amount of approximations that
can be employed and/or can identify the possible candidates that can be
removed/optimized without having a significant impact on the overall
accuracy of the system.

A. Novel Contribution

In this work we propose:

e A systematic  methodology for employing  approxi-
mations/optimizations ~ both  at  software (for  pruning
ineffectual/redundant parameters) as well as at hardware

levels (for further alleviating the computational and memory
requirements by employing quantization).

o A methodology to systematically analyze error-resilience of a
Deep-CNN, individually at software as well as hardware level.

o We also present a case study for significance-driven classification
of filters for different convolutional layers, and propose to prune
those having the least significance, and thereby enabling accuracy
vs. efficiency tradeoffs by exploiting their resilience characteristics
in a systematic way.

Rest of the paper is organized as follows: section II introduces the
terminologies and a few basics related to CNNs. Section III presents
the methodology for employing approximations in convolutional neural
networks. Section IV and V discusses the error analysis while section
VI concludes the paper.

II. PRELIMINARIES

This section briefly introduces the terminologies and basics of
convolutional neural networks that will be used in the f[orthcoming
sections.

Fig. 1 illustrates the VGG-f architecture [15] that (without any loss
of generality) we used for simulations and analysis in the following
sections. The architecture is primarily composed of 8 computational lay-
ers (5 convolutional and 3 fully-connected). However, In convolutional
neural networks the Convolutional (CONV) layers are the most compute
intensive layers and therefore for the current work we focused our
attention on pruning and approximating only the convolutional layers
in a CNN.

Fig. 2 provides a detailed view of an i*" convolutional layer where
input feature maps (denoted by fm;) are convolved with f; filters
to produce the output feature maps (fm;;+1). w; and h; denotes
the width and height of the input feature maps, respectively, while
x; denotes the number of channels. The filters in a convolutional
layer usually have same width and height (illustrated by k; in fig.
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2) while the channels are equivalent to the number of channels of
the input feature maps, i.e., ;. However, the number of channels in
the output feature maps are equivalent to the number of filters N; in
the *" convolutional layers. Using the parameters defined above, we
can compute the total number of Multiply and Accumulate (MAC)
operations (from henceforth refereed to as computations) required for
computing a single channel of output feature map fm;41, which is
given as hjy1 Xw;41 X k2 x x;. Hence, the total number of computations
required for computing the complete output feature maps is x; 1 times
the number of computations required for computing a single channel.
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Fig. 1: VGG-f architecture. For illustrative purposes the activation,
normalization, and pooling layers are not shown.
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Fig. 2: Ilustrative view of a convolutional layer

III. METHODOLOGY

In order to employ approximations in a CNN we propose to use the
following steps (also illustrated in fig. 3):

1) Analyze the error resilience of the CNN to identify the potential
for a specific approximation.

2) Apply resilience aware approximations by either pruning the least
significant parameters or by utilizing approximate hardware for
improving the performance/energy efficiency.

3) Re-train the network to re-gain a f[raction of the accuracy lost
because of approximations (Optional).

4) Re-evaluate the accuracy of the approximated network to decide
whether to re-iterate the process or not.

However, for this paper we limit the scope of our work to error
resilience evaluation of CNNs.

IV. ERROR RESILIENCE ANALYSIS OF CNNS

Different approximations introduce different types of errors and in
order to analyze the resilience of a network against all types of errors
we divide the error resilience analysis step into two major classes: 1)
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Fig. 3: A methodology for employing approximations in convolutional
neural networks

hardware level 2) software level error resilience analysis. However, in
this section, we present only the hardware level error resilience analysis
and the software level error resilience analysis based upon filter pruning
is presented as a case study in section V.

A. Hardware level Error Resilience analysis methodology

There are two possible hardware approximation knobs that can be
exploited for improving the efficiency of a Deep-CNN 1) Quantization:
where the floating point operations are transformed to fixed point and,
to improve the overall memory and energy efficiency even further,
the word sizes of the activations and weights are reduced. 2) Along
side quantization, approximate hardware components, e.g., approximate
adders, multipliers, and memory units, can also be used to reduce the
overall energy/latency of a hardware. In both the aforementioned cases,
errors are introduced at multiple locations in a network. Therefore,
by assuming the error sources to be independent and identically
distributed (i.i.d.), we can simulate the error resilience of a network
by introducing Random Gaussian or White Gaussian Noise (RGN or
WGN) at particular locations in a network. This is because of the
fact that errors from multiple sources when added together generates
a Gaussian distribution [16]. Therefore, to mimic this behavior, we
employed WGN, shown in fig. 4.
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Fig. 4: White Gaussian Noise (WGN)

Fig. 5 illustrates the effects of introducing WGN individually at the
output of convolutional layers on the output accuracy of the network.
This is done in order to mimic the behavior of using approximate
computing inside the respective convolutional layers. For this analysis,
we used VGG-f architecture for classifying 5000 images (randomly
selected from the ImageNet validation set [17]). The accuracy reported
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in the results is Top-5 accuracy, which means that the network is given
credit for every image for which the correct class appeared in Top-5
recognized classes. Fig. 5 also illustrates that a network have a different
level of error tolerance for the same error in different convolutional
layers. For example, when WGN of intensity 30dBW was introduced
at the output of CONV-layer 2 it reduced the accuracy of the network
to less than 10%, however, when the same intensity of noise was
introduced at the output of CONV-layer 4 the network maintained its
accuracy around 70%. This varying error tolerance of the computational
layers, for the same error magnitudes, can be exploited for further
improving the performance/energy efficiency of a network.

We also analyzed the effect of biased noise, i.e., noise with non-
zero mean, on the classification accuracy of the network and observed
that error distributions having zero-mean produces better results, as
illustrated in fig. 6. For this experiment, we used a WGN of intensity
20dBW + various bias values.
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Fig. 5: Effects of introducing WGN at the output of different convolu-
tional layers on the accuracy of the CNN
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Fig. 6: Effects of introducing bias + 20dBW WGN on the accuracy of
the CNN

V. CASE STUDY FOR SIGNIFICANCE-DRIVEN CLASSIFICATION OF
FILTERS

Multiple techniques are available in literature for pruning NN.
However, structured pruning, specifically in CNNs, have been reported
to produce higher computational efficiency as compared to unstructured
pruning [13]. The structured pruning techniques include, filter/channel
pruning and intra-kernel strided sparsity techniques. Moreover, the
intra-kernel strided sparsity has been reported to produce significant
performance gains only when combined with convolutional lowering
[13]. However, the filter/channel pruning directly reduces the required
number of computations without any implications. In addition to this,
as stated in section II, each filter in ‘" convolutional layer requires
hit1 X wiy1 X kP X x; computations to produce a single channel
of the output feature map fm; 1. Pruning a complete filter not only
reduces the stated number of computations but also results in the
removal of corresponding channels of the filters from the succeeding
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convolutional/fully-connected layer, which further reduces the number
of computations by w; 2 X jj2 X kz~2+1 X hiya.
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Fig. 7: Data distribution of 4 different channels of fmgs of VGG-f
network
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Fig. 8: Distribution of weights in 4 different channels of the filters of
37 convolutional layer

State-of-the-art techniques for filter/channel pruning use LI1-/L2-
norm of filters for quantifying their significance within a convolutional
layer [6]. However, we propose to use a data aware technique that
computes the significance 's’ of a j*" filter within an *» CONV
layer based upon the distribution of it’s contribution to the output of
i+ 1" layer. Although the contribution of a j** filter within an i*"
CONV layer to the output of ¢ + 1" layer should be computed using
combined distribution of the convolutions of the corresponding feature
map fm;i1,; with ' channels of all the filters in CONV layer i + 1
(i.e., fi+1’17j,fi+1.’2,j,...,fi+1’N,,y+l.’j), we estimate the contribution
using the combined distribution of the products of the entities in feature
map fm;y1,; and the weights in respective 4" channels of all the filters
of layer 7+ + 1 (i.e., fit1,1,5, fir1,2,5, A..,fi+1,N(i+1),j). This provides
us with almost the same relative measures as in the former case due to
the fact the the basic operations (for computing a single output value) in
convolution are element wise multiplications followed by additions. In
this work, we estimate the distribution of the products using distribution
of feature maps and the respective filter channels as illustrated in fig. 9.
Few realistic data and weight distributions are illustrated in fig. 7 and
8, respectively. Note that here fm;41 corresponds to the feature maps
exactly at the input of i + 1** layer, i.e., after passing through all the
intermediate pooling, activation, and/or normalization layers between
'™ and i + 1*" computational layers.

The detailed steps for estimating the significance "s’ of filters of an
i*" convolutional layer are as follows:

1) Simulate the CNN architecture for a small subset of input samples
and compute the standard deviation and mean of input activations
of i+ 1*" layer, denoted by o(fmit1,;) and u(fmiy1,5), respec-
tively.

Compute the standard deviation and mean of the weights of the

corresponding channels of filters in i + 1** CONV layer, denoted

by o(fit1,:.5) and p(fiy1,.;), respectively.

3) Using the standard deviation and mean of activations and weights,
estimate the standard deviation and mean of fmi; 15 X fit1.:,5.
Assuming activations and weights to be independent, we can com-
pute the standard deviation and mean using following equations:

2

~
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Fig. 9: Filter significance evaluation

i = V(0 (fmiv1;)? x o(firr.5) + o(fmii;)°
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ey

4) For each filter compute s; = 2 X 0y ; + [i4,5

5) Sort the filters by their respective significance values s;

6) For approximation, prune 'Y’ number of filters with the smallest
S5

A. Comparison with State-of-the-art

To analyze the effectiveness of the proposed technique, we evaluated
the accuracy of the network, for each layer independently, as the least
significant filters were pruned away. We used VGG-f architecture [15]
for classifying 5000 randomly selected images from the ImageNet
validation set [17]. The testing set was kept the same throughout
the results generation process. For computing the standard deviation
and mean of the channels, for the proposed technique, we used 2000
randomly selected from the same ImageNet validation set. Fig. 10
shows the results when filters were sorted using Ll-norm of filter
weights while fig. 11 shows the results when the filters were sorted
using the proposed technique.

The results in fig. 10 and 11 illustrates that for CONV layers 1, 2,
and 4 the proposed technique provides better prediction while producing
comparable results for rest of the CONV layers.

Top-5 Accuracy (%)

0 10 20 30 40 50 60 70 80 90 100
Filters Pruned Away (%)

Fig. 10: Effects of significance-driven pruning of filters on the output
accuracy using state-ofthe-art method [6]

VI. CONCLUSION

Error resilience analysis is vital for estimating the tolerable amount of
approximations that can be employed for improving the performance
efficiency of a Convolutional Neural Network (CNN). Towards this
end, we proposed a methodology for employing approximations in
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Fig. 11: Effects of significance-driven pruning of filters on the output
accuracy using proposed method

CNNs. We also proposed a method for estimating the significance of
convolutional layers for hardware approximations and for estimating
the significance of filters within convolutional layers at software level.
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