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Abstract—Recently, deep neural networks (DNNs) are widely
used for many artificial intelligence (AI) applications, including
robotics, self driving vehicles etc. Although DNNs deliver state-of-
the-art accuracy on many Al tasks, but are both computationally
and memory intensive. This hinders the deployment of DNNs on
mobile and IoT edge devices with limited hardware resources
and power budgets. Traditional DNN compression is applicable
during training to obtain an efficient inference engine. When the
inference engine runs on the hardware platform, constrained by
battery backup it brings additional challenge in terms of reducing
the complexity (like memory requirement, area on hardware etc.).
To reduce the memory complexity, we are proposing a new low
complex methodology named as “Clustering Algorithm” to elim-
inate the redundancies present within the filter coefficients (i.e.
weights). This algorithm is a three stage pipeline: quantization,
coefficient clustering and code-assignment, that work together
to reduce the memory storage of neural networks on the cost
of low run-time memory requirement. To show the efficacy of
the proposed “Clustering Algorithm”, we executed it on the
network obtained after applying NetAdapt Algorithm, a popular
inference engine on pre-trained AlexNet for CIFAR-10 dataset.
We observe that our “Clustering Algorithm” reduces the storage
required by five layers of already pruned pre-trained AlexNet by
3x (approximately 65%) on FPGA, and 2x (approximately 51 %)
on CPU. This allows the model to fit into on-chip SRAM cache
rather than off-chip DRAM memory.

Index Terms—Deep Learning; Model Compression; Memory
Complexity; Convolutional Neural Network; Clustering

I. INTRODUCTION

The deep neural network (DNN) techniques was primarily
evolved for computer vision tasks [1], [2] but, have revolution-
ized a variety of fields like artificial intelligence [3], speech
recognition [4] and language processing [5]. The DNNs are
very powerful and uses multiple layers and large number of
weights to extract the high-level features to classify complex
problems. But the large number of weights consumes consider-
able storage and memory bandwidth. For example, the model
sizes of AlexNet trained on CIFAR-10 and VGG-16 trained
on ImageNet are 190MB and 500MB [6], respectively. As the
network is getting deeper in pursuit of higher accuracy, the
number of layers are increasing, therefore number of weights
increases, which makes difficult to deploy DNNs on resource
constrained mobile and edge platform [7]. However, the de-
ployment of DNNs on such platforms has many advantages
such as better privacy, less run-time execution, small network
bandwidth etc., but the large storage requirement prevents
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the neural network to commercially incorporate into mobile
apps. Another challenge is to reduce energy consumption. For
large neural network implementation, considerable amount of
energy is required for both fetching weights from memory
and computation for dot products. Since mobile devices are
battery operated, so such type of power hungry applications
are not recommended to deploy on the fore-mentioned re-
source constrained platforms. Energy consumption is mostly
dominated by memory access. For large networks, the costly
DRAM access is required because DNNs do not fit in on-chip
storage. For these large networks, the final goal is to reduce the
required storage and energy consumption to run the inference,
so that DNNs can be deployed on such devices. To serve
this purpose many inference engines have been developed
like NetAdapt [8], HAT [9] etc. To meet the target hardware
resources, NetAdapt and HAT both take direct metrics like
latency, power consumption in their optimization loop. This
allows these inference engines to achieve reduced memory
storage which makes DNNs small enough to implement them
on resource constrained platform.

Since the hardware resources are changing dynamically,
the question remains in the possibility to reduce the storage
memory further on top of already optimized inference engine
while preserving the original accuracy. Motivated by this, we
propose a novel “Clustering Algorithm”. For the inference
engine’s output network, our algorithm which works in three
stages (as shown in Fig.1) (see Section III for explanation),
is able to exploit the redundancy present in filter coefficients.
Without any significant change in weight values, this algorithm
reduces the overall memory size without loss of accuracy.

The main contribution of this paper is to meet the dynami-
cally changing storage requirement on a resource constrained
platform, by exploiting the redundancy present in the filter
coefficients. We propose a loss-less (in terms of accuracy)
and low computationally complex methodology termed as
“Clustering Algorithm” on the network obtained after applying
inference engine for a pre-trained network in order to reduce
memory usage.

To demonstrate the efficacy of the proposed “Clustering
Algorithm”, we implemented it on the output of NetAdapt for
pre-trained AlexNet with CIFAR-10 data-set. We show 51%
to 65% network storage reduction in comparison to standalone
NetAdapt algorithm.
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Fig. 1: The flow-diagram of proposed “Clustering Algorithm”.
This algorithm consists of three stage pipeline: the quantiza-
tion , coefficient clustering and the code-assignment.

II. RELATED WORK

Various studies are present on simplification of deep neural
networks for real time execution on hardware platforms.
Typically, neural networks are over-parameterized, so there
is significant redundancy present in DNN models [10]. This
leads to a wastage of both computation and memory usage.
For redundancy removal, in [11], a fixed point implementation
activations with 8-bit integer (vs 32-bit floating point) is
proposed. The authors in [12] introduced a quantization of
neural network by using Ly error minimization technique and
showed better accuracy on CIFAR-10 and MNIST data-sets.
HashedNets introduced model size reduction methodology
by using hash function which randomly groups connection
weights [13]. Those connections which are in same hash
bucket, shares a single parameter value. Here weights are not
learned through training, they are pre-determined by the hash
function. This does not capture the nature of images. In [14],
the authors discussed the compressed deep convnets which
uses vector quantization. This resulted the loss of 1% accuracy.
Both of these methods focused on fully connected layer only
and ignored the convolutional layers.

For the comprehensive survey readers can refer to [15].
For the reduction of network complexity and over-fitting, the
network pruning method has been used. The most simplifi-
cation related works are pruning based methods [16]-[18],
which aim to remove individual weights from deep neural
networks. Instead of individual weights, the entire filter can
also be removed [19], [20]. But the disadvantage of these
methods is to manually choosing the compression rate for
every layer. Sparsifying regularizers are used in MorphNet [21]
to determine the layer-wise compression rate automatically. In

ADC [22], reinforcement learning is used to learn a policy for
choosing the compression rates. But all the above methods
are guided by only indirect metrics and thus may lead to sub-
optimal performance.

The energy-aware pruning [23] methodology incorporates
the estimated energy numbers into pruning algorithm and
uses an energy model [24]. This requires the estimation of
direct metrics for every target platform, which needs detailed
platform knowledge including its hardware architecture [25]
along with the network to array mapping which is used in
the tool-chain. The other approach to simplify the DNNs
is directly designing the efficient network architectures. It
is observed that traditional compression algorithms like [6],
majorly applicable during training phase in order to obtain an
efficient inference engine. But, when there is a question of
application of DNN on resource constrained platform, further
optimization is required in terms of complexity and memory
storage. This raises the need of hardware-software holistic
approach.

The recently proposed inference engine, NetAdapt [8] algo-
rithm incorporates the direct metrics into its optimization loop.
It takes one input from user (pre-trained DNN) and second
input from hardware (i.e. direct metric ) and then it optimizes
the DNN according to available hardware budget so that the
size of incoming DNN can fit for existing hardware resources
to give maximum accuracy. In a similar way, HAT [9] also
includes target hardware parameters in its optimization loop
to achieve better accuracy.

III. METHODOLOGY

The proposed methodology comprises of further optimiza-
tion of inference engine’s output network. We proposed a
“Clustering Algorithm”, which will allow user to eliminate
the redundancies present in filter weights without hampering
network accuracy. The three stages of the proposed “Clustering
Algorithm” are explained below.

A. Quantization

The quantization process is an approach to eliminate the
redundancy within the kernel (filter) coefficients. In this first
stage, we are converting the kernel matrices to their linear
forms and the floating point values are rounded up-to certain
digits. Note that, since we are not using approximation of the
filter coefficients to the nearest integer values, the accuracy of
the network will remain unaltered.

B. Coefficient Clustering

The second stage is clustering of weight values. The whole
process is performed in three steps. The step-1 is to create the
“Unique Memory” by grouping of similar numbers obtained
after quantization. Basically, the weights which contain same
information are identified and are stored in a memory. Here,
weight values are stored in ascending order. Next, in the step-
2, total number of bits are computed to represent all unique
weights, which depends on the number of unique weights. If
N is number of unique weights, then we require n =
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Fig. 2: The working flow of proposed “Clustering Algorithm”.
the storage requirement of neural networks.

bits to represent them. Finally, in the step-3, the specific code
is allocated to each unique values. These are unsigned codes
and are generated in equal number as the number of unique
weights. This list of codes is named as “Code-List”.

C. Code-Assignment

The codes in “Code-List” will be treated as an address
for unique value at the same location in “Unique-Memory”
i.e., each unique value is assigned with specific code. This
will be treated as dictionary for future reconstruction. Now
these address values are replaced with the unique values in
original kernel and this is named as “Code-Memory”. This will
preserve the filter shape for reconstruction. As a result, all the
values in original kernel can be represented via less number of
bits compared to 32 bits. Finally, the memory storage is tested
on FPGA and CPU to verify the reduced memory requirement.

The complete working of quantization, coefficient clustering
and code-assignment is explained in Fig. 2.

IV. RESULTS AND DISCUSSION

To demonstrate the efficacy of our proposed “Clustering
Algorithm” in reducing the memory requirement, we tested
it on the network obtained after applying NetAdapt on pre-
trained AlexNet. CIFAR-10 dataset is used for training pur-
pose. As already mentioned that the NetAdapt is an inference
engine which reduces the size of AlexNet to deploy it on
resource constrained platform with equivalent accuracy com-
pared with the vanilla counterpart. On top of that we applied
our “Clustering Algorithm” with its three stages to remove

This shows all three pipeline stages works together to reduce

the redundancies present in kernel weights to achieve better
memory reduction, for the five convolutional layer in AlexNet.

We have quantized the filter coefficients up to four digits.
To verify the memory usage on FPGA, we converted the
original filter coefficients into integer values by multiplying
each coefficient with 10%. And then converted the integer
values into binary format, since our “Code-List” and “Code-
Memory” are in binary form. Similarly, after creating the
“Unique-Memory” all the signed numbers are converted into
binary numbers.

TABLE I: Code-length to represent unique values

Number of Code length for
Layer in
Unique Values Code-Memory
AlexNet
N) (Number of bits (n))

conv-1 1729 11

conv-2 1806 11

conv-3 1267 11

conv-4 1070 11

conv-5 885 10

Next, we verified the memory requirement of each file in
terms of Block RAMs (BRAMs) and the comparison result
is shown in Fig. 3a. This figure shows the “Clustering Algo-
rithm” verification on FPGA on top of NetAdapt Algorithm.

Table. I shows the number of unique values for each
convolutional layers of AlexNet and the code-length of each



TABLE II: The compression Statistics for AlexNet with NetAdapt and “Clustering Algorithm”.

Convolutional Layers | Memory size after Memory size after % reduction Memory size after % reduction

of AlexNet training (MB)(P) NetAdapt Algorithm (MB)(Q) P+Q) Clustering Algorithm (MB)(R) (P+Q+R)
conv-1 0.3644 0.3187 12.54% 0.1987 37.65%
conv-2 43 32 25.58 % 1.641 48.7%
conv-3 8.0 5.8 27.5% 2.832 51.17%
conv-4 10.4 6.5 37.5 % 3.129 51.17%
conv-5 6 5.2 13.33% 2.425 53.37%
Total 29.064 21.019 27.68% 10.225 51.35%

code i.e. number of bits required to represent that unique code.
We can observe that the number of bits decreasing from 32 to
maximum 11 value, which is almost the half value.

That is why we are getting significant reduction in storage
memory. The reconstruction of weight matrix for another
applications is possible with the help of “Code-List”, “Unique-
Memory and “Code-Memory”. And it is verified that accuracy
is not diminishing after reconstruction of matrix thus we like
to coin this as a loss-less compression in terms of accuracy.
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The reduction is 3x i.e. from 1170 MB (obtained after

NetAdapt) to 403 MB (obtained after applying “Clustering
Algorithm™) which is approximately 65% reduction, calculated
on FPGA. On Desktop (CPU) the reduction is upto 2x i.e.,
from 21.02 MB to 10.23 MB which is approximately 51%.

The Table. II shows the percentage of memory reduction
in five convolutional layers of AlexNet after training, after
NetAdapt implementation on trained AlexNet and finally after
implementation of “Clustering Algorithm”.

Therefore, it can be observed that “Clustering Algorithm”
is able to achieve approximately 51% reduction in memory
storage on NetAdapt.

Fig. 3b shows the graphical comparison of reduction in
AlexNet storage memory requirement after training the model
with CIFAR-10 data-set then after NetAdapt implementation
on trained AlexNet and finally our “Clustering Algorithm”
implementation on top of NetAdapt algorithm.

V. CONCLUSIONS

In the present work, we have proposed “Clustering Al-
gorithm” that has ability to eliminate the redundancy of an
inference engine in a lossless manner and coming up with a
memory efficient approach which saves memory in the range
of 51% to 65% . Our method operates by quantizing floating
point values of weights followed by clustering unique values
and finally replacing the unique value address in original
kernel via code-assignment. We performed our experiment
on the network obtained after applying NetAdapt on pre-
trained AlexNet, which reduces the weight storage 2x to 3x
times without loss of accuracy. This leads to less memory
storage requirement for deployment of deep neural networks
on resource constrained mobile devices. This drastic storage
reduction leads to fit the neural network within on-chip SRAM
cache which makes deep neural networks energy efficient to
run on resource constrained platforms or on edge devices.
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