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Abstract – Convolution Neural Network (CNN)‑based deep learning models have recently been employed in Automated
Modulation Classiϔication (AMC) systems, with excellent results. However, hardware deployment of these CNN‑based AMC
models is very difϔicult due to their large size, ϔloating point weights and activations, and real‑time processing requirements
in hardware such as Field Programmable Gate Arrays (FPGAs). In this study, we designed CNN‑based AMC techniques for
complex‑valued temporal radio signal domains and made them less complex with a small memory footprint for FPGA imple‑
mentation. This workmainly focuses on quantized CNN, low precisionmathematics, and quantization‑aware CNN training to
overcome the problem of larger model sizes, ϔloating‑point weights, and activations. Low precision weights, activations, and
quantized CNN, on the other hand, have a considerable impact on the accuracy of the model. Thus, we propose an iterative
pruning‑based training mechanism to maintain the overall accuracy above a certain threshold while decreasing the model
size for hardware implementation. The proposed schemes are 21.55 times less complex and achieve at least 1.6% higher
accuracy than the baseline. Moreover, results show that our convolution layer‑based Quantized Modulation Classiϔication
Network (QMCNet) with pruning has 92.01% less multiply‑accumulate bit operations (bit_operations), 61.39% less activa‑
tion bits, and 87.58% lessweight bits than the 8 bit quantized baselinemodelwhereas the quantized and prunedResidual‑Unit
based model (RUNet) has 95.36% less bit_operations, 29.97% less activation bits and 98.22% less weight bits than the 8 bit
quantized baseline model.

Keywords – Automatic modulation classiϐication, convolution neural network, FPGA, iterative pruning, quantization‑
aware training

1. INTRODUCTION
Automatic Modulation Classiϐication (AMC) is a key
technique in frequency spectrum monitoring, software‑
deϐined radio, interference detection, cognitive radio net‑
works, spectrum management, network trafϐic control,
and electronic warfare etc. among other applications
[1, 2, 3, 4, 5]. Different signal processing techniques
can only be applied once the modulation of the signal is
known. Without prior knowledge of the signal power, off‑
set in frequency and phase, timing error, and carrier fre‑
quency etc., identiϐication of the modulation scheme re‑
mains challenging [1, 2, 3]. Two crucial aspects in the
creation of a modulation classiϐier are choosing the right
classiϐication technique and signal preprocessing [2]. The
statistical Machine Learning (ML) approaches and the
maximum likelihood‑based theoretical decision strategy
are both used to ϐind the modulation scheme [1, 3]. The
maximum likelihood approaches, in theory, minimize the
joint probability of errors and provide optimal results
when used with Bayesian methods. Furthermore, maxi‑
mum likelihood approaches require prior knowledge of
the actual probability density functions of noise and re‑
ceived signal. Not only that, but phase jitter, erroneous
channel state information, uncertainty in the probability
density functions of noise and received signal, frequency
offset, and residual channel effect all have a signiϐicant im‑
pact on maximum likelihood approaches. However, the

ML approaches, on the other hand, use feature extrac‑
tion to classify patterns [1, 2, 3, 4, 5]. The accuracy of
theseML‑based classiϐiers such as the support vectorma‑
chine and the K‑Nearest Neighbor is determined by the
selection of features. It is difϐicult to choose features with
high discriminant qualities, which in turn degrade the
overall performance of ML‑based classiϐiers [6]. More‑
over, the computational complexity of these approaches
increases exponentially as the number of users grows [1,
3]. Whereas in the Deep Learning (DL) model, the fea‑
tures are automatically extracted in abstract format every
layer. This removes the need for manual feature selection
and hence enhances overall accuracy of the system.

Recent advancements in Convolutional Neural Network
(CNN)‑basedDL techniques reduce thedifϐiculties of AMC
while increasing its accuracy. These DL models with
huge CNN layers show the remarkable capacity of fea‑
ture learning on raw multidimensional data with super‑
vised objectives. Furthermore, these CNN‑based DL tech‑
niques reduce the difϐiculties of AMC while increasing
its accuracy. With the ever increasing number of wire‑
less devices in today’s era, it becomes important that
these CNN‑based AMC systems be implemented in hard‑
ware such as Field Programmable Gate Arrays (FPGAs)
and Radio Frequency Systems‑on‑Chip (RFSoCs). Despite
the amazing performance of DL networks, due to very
high computing and storage requirements of convolu‑
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tional and fully connected layers [7, 8], the implementa‑
tion of such CNN‑basedAMC networks in hardware is still
far‑fetched. These difϐiculties in real‑time hardware im‑
plementation motivate us to provide the strategies to op‑
timize the DL networks so that the DL‑based AMC meth‑
ods can be implemented on resource‑constrained FPGA
and RFSoC platforms.

1.1 Related work and contributions
To reduce the complexity and memory requirement of
DL‑based approaches, researchers have proposed several
schemes, in which some of these schemes have used com‑
pressed DL networks that exploit efϐicient computation
while others have used quantization of DL networks and
low‑precision mathematics. Iandola et al. in [9] replaced
the larger convolutional kernels with smaller kernels that
further reduce the AlexNet parameters by 50%with simi‑
lar performance as theAlexNet. Liu et al. in [10] proposed
Sparse ConvolutionalNeuralNetworks (SCNNs) to reduce
the inherent redundancy. Denil et al. in [11] demon‑
strated that up to 95%of theweights of a DLmodel can be
predicted by only having the knowledge of a few weight
values for each feature. This work also showed that we
do not need to store all the weights and hence only a few
of the weights are important, thus reducing the memory
footprint. With the goal of achieving efϐicient inference
in hardware, many quantization approaches for Neural
Networks (NN) have been investigated. In [12], an efϐi‑
cient method for training networks with various forward
and backward functions was presented. This resulted
in new uniform quantization functions for low‑precision
NNs [13, 14]. Under low‑precision weights and activa‑
tions, authors in [15] obtained state‑of‑the‑art accuracies
for the AMC problem. Several accelerator architectures
for low‑precision CNNs with uniform quantization arith‑
metic have been proposed in [16]. Alternative FPGA ar‑
chitectures have been developed tomake use of CNNs’ ex‑
tremely adaptable nature, which limit weight parameters
to binary or ternary representations [17, 18].
CNNs are computationally expensive in terms of inference
and training. CNNs must be less resource and memory
hungry in order to be implemented on FPGAs [15, 19]. We
must also note that current CNN models are overly pa‑
rameterized [20, 21] which opens up the opportunity of
reducing the precision of input, weights, and activations
without affecting the accuracy [14, 18]. Generally, during
the training of DL models, single or double ϐloating‑point
arithmetic is used; the reduced precision and pruning can
be used during training and testing such models without
a signiϐicant decrease in accuracy. This leads to new op‑
portunities for building accelerators for the FPGA deploy‑
ment of such models.
To have a less complex DL network, small kernel sizes and
layers having a few output channels are being used. In
addition, quantized CNN is also a popular choice. Quan‑
tization is one of the methods explored in literature for
efϐicient NN inferences. This method has proved to give

good and consistent results for both training and infer‑
ence phases. Quantization is the process of reducing the
precision of the numbers that are used for the represen‑
tation of different parameters in the CNN model. Post‑
Training Quantization (PTQ) and Quantization‑Aware
Training (QAT) are the two methods to make DL models
quantized. In PTQ, quantization is applied to a model af‑
ter it has been trained on GPUs. The training happens
with weights and activations represented as 32‑bit or 16‑
bit ϐloating‑point numbers. After the training is complete
with a satisfactorymodel accuracy, themodel is then cali‑
bratedusing tools such asTensorRT INT8entropy calibra‑
tor to a lower precision (8 bit INT or lower). While PTQ
provides an easy way to model quantization errors, there
are many cases where this scaling cannot preserve the
statistics of the model weights and leads to performance
degradation [22]. In contrast to PTQ, the quantization er‑
ror in QAT is considered during training of themodel. The
training graph ismodiϐied to simulate the lower precision
behavior in the forward pass of the training process. This
introduces the quantization errors as part of the train‑
ing loss, which the optimizer tries to minimize during the
training. Thus, QAThelps inmodeling thequantization er‑
rors during training and mitigates its effects on the accu‑
racy of the model at deployment. We can apply quantiza‑
tion to input, weights, and activations [19, 23, 24]. Quan‑
tization reduces the size of the model considerably at the
trade‑off of some accuracy. Further, note that quantizing
toomuchmight degrade the NN performance, so a proper
precision bits must be chosen carefully. For implementa‑
tion of quantized NN and QAT, Brevitas [25] with Pytorch
library in python has been used.
O’Shea et al. in [4] designed and evaluated two CNN‑
based models i.e., VGG10 and ResNet33 for AMC and
demonstrated competitive accuracy performance over 24
modulation classes. It is worth noting that these VGG10
and ResNet33 networks show very good classiϐication
accuracy, but they are huge in size, having large mem‑
ory requirements and require very complex hardware for
deployment. To overcome these issues, in this paper,
we propose two CNN‑based AMC techniques for wireless
communication and make them less complex, having a
smaller memory footprint, using quantized DL and low
precision arithmetic with QAT [19].
This work is an extension of our submission in the ITU
AI/ML in5G challenge2021a. In this challenge, theVGG10
network [4] is provided as a baseline model. The goal
of the challenge was to minimize the memory require‑
ment and the computational complexity/hardware cost
whilemaintaining the classiϐication accuracy above a cer‑
tain threshold. The main contributions of this paper are
summarized below.

• We propose two low complexity CNN models i.e.,
convolution layer‑based Quantized Modulation Clas‑
siϐication Network (QMCNet) and Residual‑Unit‑

aFor details visit: https://aiforgood.itu.int/
about-ai-for-good/aiml-in-5g-challenge/challenge-2021/
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based neural Network (RUNet) for AMC. These CNN
architectures reduce complexity as well as memory
size with similar accuracy performance with respect
to VGG10 network of [4].

• To further reduce thememory and resource require‑
ments for hardware implementation, a low precision
fully quantized input, weights and activations‑based
CNN implementation is considered.

• Further, an iterative pruning‑based training method
is used to maintain the classiϐication accuracy above
a certain threshold while making the proposed net‑
work sparse.

The organization of this paper is as follows. Section 2
presents theRadioMLdatasetwhichweconsidered in this
work. The system model, consisting of the different NN
architectures developed for hardware deployment, is dis‑
cussed in Section 3. The simulation results along with
model complexity and classiϐicationperformance are pre‑
sented in Section 4. Finally, Section 5 concludes the work.

2. RADIOML DATASET
The open‑source RadioML 2018.01A dataset has been
used to train and test our DL‑based AMC schemes. This
RadioML 2018.01A dataset has been generated in real
time using universal software radio peripheral devices in
natural environments as described in [4]. In this dataset,
a total of 24 analog and digital modulation schemes
have been generated and recorded over a wide range of
Signal‑to‑Noise Ratio (SNR) (‑20dB to +30dB in a gap of
2dB). Each recorded data is a time series of length 1024
samples. The recorded data frame is divided into I and
Q sample pairs and stored in an 2 × 1024 array. There
are 4096 training samples for each modulation class and
SNR pair, for a total of 2.56M labeled I/Q time‑series data
in the dataset. The 24modulation classes include a broad
range of modulation types such as OOK, 4ASK, 8ASK,
BPSK, QPSK, 8PSK, 16PSK, 32PSK, 16APSK, 32APSK,
64APSK, 128APSK, 16QAM, 32QAM, 64QAM, 128QAM,
256QAM, AM‑SSB‑WC, AM‑SSB‑SC, AM‑DSB‑WC, AM‑
DSB‑SC, FM, GMSK, OQPSK details of which can be found
in [4]. In the next section, we present the system model
of the proposed AMC schemes.

3. SYSTEMMODEL
In this section, the details of proposed CNN‑based AMC
system architectures, how to make them less complex
with smallermemory footprint and trainingmethodology
of the models, are discussed.

3.1 Quantized Modulation Classiϐication Net‑
work (QMCNet)

The proposed AMC models are designed efϐiciently ac‑
cording to the requirement of the hardware implementa‑

Table 1 – Proposed architecture for QMCNet

Layer Output Dimension
Input 2 × 1024
Conv 16 × 1024
Maxpool 16 × 512
Conv 24 × 512
BatchNormalization 24 × 512
Maxpool 24 × 256
Conv 32 × 256
BatchNormalization 32 × 256
Maxpool 32 × 128
Conv 48 × 128
BatchNormalization 48 × 128
Maxpool 48 × 64
Conv 64 × 64
BatchNormalization 64 × 64
Maxpool 64 × 32
Conv 96 × 32
BatchNormalization 96 × 32
Avgpool 96 × 1
FullyConnected/ReLu 24
FullyConnected/Softmax 24

tion of suchmodels. More speciϐically, a less complex CNN
architecture is proposed in this work that consists of six
one dimensional (1D) convolution (conv1D) layers with
a small kernel size and lower number of output channels,
compared to the VGG10 network in [4].

This proposed architecture gives complexity andmemory
size reduction upon the unquantized VGG10 networks in
[4] while having 1.2% degradation in accuracy. The over‑
all architecture of the proposed QMCNet is displayed in
Table 1. To make QMCNet less memory greedy, quan‑
tization of inputs, weights, biases and activations have
been used. The 8‑bit quantized QMCNet network has 1%
lower accuracy than the 8‑bit quantized baseline VGG10
network of [4]. On the one side, using low precision
quantization saves the memory, while on the other side
it reduces the accuracy. To further reduce the complex‑
ity and the memory requirement of our proposed QM‑
CNet, after heuristic searchb we choose inputs, weights
and activations to be represented by 4, 5 and 6 bits re‑
spectively. This quantized QMCNet has only 19.14%,
30.0% and 38.60% multiply‑accumulate bit operations
(bit_operations), weight bits and activation bits respec‑
tively than the 8‑bit quantized baseline. This reduction
in the memory and computational complexity comes at a
cost of reduction of 2.11% accuracy as compared to the‑8
bit quantized baseline VGG10 network [4].

bWe tried all the possible combinations of choosing the number of bits
heuristically, from 8, 8, 8 bits to 4, 4, 4 bits for input, weight and ac‑
tivation respectively, and the best out of them for meeting minimum
accuracy was considered.
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3.2 Residual‑Unit‑based neural Network
(RUNet)

In previous subsection, we have discussed a simple con‑
volution layer‑based model with six conv1D layers to
lower the complexity over the VGG10 network [4]. How‑
ever, the quantized (4,5,6 bit) QMCNet shows 2.11%
degradation in accuracy. To increase the accuracy, we
further utilize deeper networks. Note that the accuracy,
in the case of a deeper network, gets saturated which
causes high training errors when more layers are added
to the network. However, with the recent advancements
in DL techniques [26], training the deeper networks with
less error is now possible. In [26], authors have shown
that compared to swallow non‑residual networks, resid‑
ual networks can gain accuracy from the considerably in‑
creased depth and are easier to optimize. To extract the
deep features from the received raw input signal, a Resid‑
ual Unit (RU) and a composite convolution block (ConvB)
which contain multiple one dimensional convolutional
(Conv1D) layers play a signiϐicant role.
In the RU, the skip connections are used to operate the
features atmultiple depths and scales throughout thenet‑
work. Fig. 1a represents the internal structure of the
RU. It consists of two conv1D layers followed by the batch
normalization layer and ReLu activation function. A skip
connection is made between the input and the output of
this layer arrangement tomake the RU a residual network
and also to prevent the network from overϐitting during
the training process. More details about the skip connec‑
tions and the residual network can be found in [26]. The
main difference between the RU and ConvB block is that
in ConvB block 2 conv1D layers with different kernels,
strides andoutput channel sizes have beenused to extract
the vertical features on the spatial dimension in a better
fashion. Fig. 1b and Fig. 1c represent the layering struc‑
ture of the ConvB block and proposed RUNet for AMC. In
Fig. 1,𝑂,𝑂1 and𝑂2 represent the number of output chan‑
nels, 𝐾 represents the kernel size, 𝑁𝑢𝑚_𝑐𝑙𝑎𝑠𝑠𝑒𝑠 denote
the total modulation classes which are 24, 𝑆 represents
the stride of the respective layers andFC represents a fully
connected or dense layer. To maintain good accuracy, af‑
ter many trails we choose inputs, weights and activations
to be represented by 6 bits each.

3.3 Training methodology

Quantization of the network and the use of a small kernel
size and lowernumberof output channels in thenetworks
make the proposed QMCNet and RU‑basedAMC less com‑
plex and offer small memory footprints. Still, the large
number of trainable parameters is a hinder to its hard‑
ware implementation. In general, many CNN models in‑
clude too many redundant parameters. Identifying and
eliminating these parameters helps reduce model com‑
plexity without compromising performance. To address
this issue and further make our model less complex, we
use iterative pruningmethodologywhile training the net‑

Algorithm 1: Iterative pruning‑based training
method
Input: Total number of pruning iteration 𝑘 = 50,

Pruning Amount per iteration 𝛿 = 0.2, Total
number of training Epochs =𝐸 = 30,
Minimum Accuracy = 58%

Output: Pruned model
for Pruning Iterations=1:k do

Best Accuracy = 0
for Epochs =1:E do

Train the Model and ϐind Test Accuracy
if Test Accuracy ≥ Best Accuracy then

save model Weights
Best Accuracy = Test Accuracy

end
if Test Accuracy < Best Accuracy for 10
consecutive Epochs then
Stop Training

end
end
if Test Accuracy < Minimum Accuracy then

Stop Pruning Iteration
end
Prune the model weight to 𝛿

end

works.
Pruning reduces the number of trainable parameters and
network connections having negligible weights, and as
a result the computational complexity of the provided
model decreases. Algorithm 1 represents the iterative
pruning methodology used for training of the networks,
where minimum achievable accuracy is set as 58%. Note
that this value can be easily changed based on the re‑
quirement, but within the limitations of the architecture
performance. We have used the Adam’s optimizer with a
learning rate of 0.01 andabatch size of 1024 is usedduring
training. We have trained the model for 50 pruning iter‑
ations and 30 epochs for each iteration. If the accuracy
drops below the minimum desirable accuracy (58%) the
training stops. After successive pruning and retraining, it
is seen that the weights those are having near zero values
are converted to zero and retraining distributes the con‑
tribution of thoseweights to remaining non‑zeroweights.
Fig. 2 represents the weights distribution after succes‑
sive pruning and iteration(s). Each successive pruning in‑
creases the number of zero valued weights. Table 2 rep‑
resents the performance of proposedQMCNet(4,5,6)with
different numbers of pruning iterations. With increas‑
ing numbers of pruning iterations, the complexity (Total
𝑏𝑖𝑡_𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠) reduces signiϐicantly at a cost ofminor re‑
duction in accuracy.

4. SIMULATION RESULTS

Inference or testing is the process of using the pretrained
AMCmodels to classify the differentmodulation schemes.
In this section, we present the performance of the pro‑
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(a) (b) (c)

Fig. 1 – (a) Internal architecture of a Residual Unit (RU), (b) Internal architecture of a convolutional block (ConvB) and (c) Proposed RU‑based AMC
system model (RUNet), where 𝑂, 𝑂1 and 𝑂2 represent the number of output channels, 𝐾 denotes the kernel size, and 𝑆 represents the stride of the
respective layers.

posed AMC systems. The proposed systems have been
evaluated on the basis of classiϐication accuracy over a
wide range of SNRs and complexity. For the sake of clarity,
in this paper, we represent the (Input, Activation, Weight)
quantization bits along with the model name in brackets.
Also, superscript p in (Input, Activation, Weight)p repre‑
sents that the model is pruned. In simulation, the VGG10
network in [4] is considered as the baseline.

4.1 Classiϐication performance
The proposed systemhas been tested using software sim‑
ulation. Fig. 3 represents the average classiϐication accu‑
racy of all 24 modulation formats vs SNRs. From this ϐig‑
ure, the following observations were made:

1. The classiϐication accuracy of the proposed schemes
and the baseline is more than 50% above 0 dB SNR.

2. The classiϐication accuracy of the RUNet(6,6,6)p
scheme is at least 1.4% higher than baseline(8,8,8)
scheme above ‑12 dB SNR.

3. The accuracy of proposed QMCNet(8,8,8) and base‑
line(8,8,8) are nearly the same throughout the SNR
range.

4. The proposedQMCNet(4,5,6)p scheme provides sim‑
ilar accuracy than baseline(8,8,8) up to +8 dB SNR.
Above +8 dB the baseline(8,8,8) accuracy is higher.

5. The accuracy of the QMCNet(4,5,6)p and QMC‑
Net(4,5,6) schemes is nearly the same. This indicates
that pruning the networks has little impact on classi‑
ϐication accuracy.

6. The maximum accuracy provided by RUNet (6,6,6)p
network, QMCNet(4,5,6)p and baseline(8,8,8) are
94.46%, 90.58% and 93.07% respectively at +30 dB
SNR.

The confusion matrix for the QMCNet(4,5,6)p classiϐier is
shown in Fig. 4 for all 24 classes at SNRs ranging from ‑
20 dB to +30 dB. High‑order Quadrature AmplitudeMod‑
ulation (QAM) (64/128/256‑QAM) and AM modulations
are the biggest sources of errors. Large inaccuracy is ex‑
pected for short‑time observations with signiϐicant noise,
especially with higher order QAM, due to a lack of infor‑
mation and similar symbol structure. The confusionma‑
trix for the RUNet (6,6,6)p classiϐier is shown in Fig. 5 for
all 24 classes at SNRs ranging from ‑20 dB to +30 dB. This
RUNet technique reduces the classiϐication error among
high order QAM schemes (e.g., 64/128/256‑QAM) and at‑
tains higher accuracy than QMCNet(4,5,6)p by 3.88% at
+30dB SNR.

4.2 Model complexity
Higher computational complexity of any DL model hin‑
ders its implementation on any area and power con‑
strained FPGA hardware. For analyzing the complexity
of our proposed AMCmodels, the following methodology
has been usedc:

• The complexity calculation will take into account
the number of Multiply‑Accumulate (MAC) opera‑
tions and the number of parameters for convolu‑
tional (Conv) and matrix multiplication operations,
assuming a naive/direct implementation.

• The following layers are assumed to be zero‑
cost and will not be taken into account for the
inference cost: element‑wise nonlinearities, pool‑
ing, reshape/transpose/concatenation, batch
normalization, multiplication/division and addi‑
tion/subtraction for applying biases or quantization

cDetails of complexity cost calculation function is shown at:
https://github.com/Xilinx/finn-base/blob/feature/itu_
competition_21/src/finn/analysis/inference_cost.py
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Table 2 – Performance of QMCNet(4,5,6) at different numbers of pruning iterations

Pruning Iteration(s) Average Accuracy Accuracy at 30 dB Total 𝑏𝑖𝑡_𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠
0 58.7051% 90.9654% 154.63m
2 58.6667% 90.7520% 135.27m
4 58.6267% 90.6820% 111.72m
6 58.5827% 90.6439% 92.65m
8 58.5493% 90.6073% 79.23m
10 58.5057% 90.5204% 64.47m

Fig. 2 – Weight distribution of QMCNet (a) Unquantized unpruned model (b) Quantized unpruned model (c) Quantized pruned model with 1 iteration
(d) Quantized pruned model with 10 iterations

scaling factors. These layers are element‑wise
and/or otherwise have little impact on total cost of
inference based on existing DNN topologies.

• The complexity cost will discount for parameter
sparsity by

𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑒𝑑−𝑀𝐴𝐶

= 𝑀𝐴𝐶 × 𝑛𝑢𝑚−𝑛𝑜𝑛𝑧𝑒𝑟𝑜−𝑊𝑒𝑖𝑔ℎ𝑡𝑠
𝑛𝑢𝑚−𝑡𝑜𝑡𝑎𝑙−𝑊𝑒𝑖𝑔ℎ𝑡𝑠 ,

and

𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑒𝑑−𝑚𝑒𝑚 = 𝑚𝑒𝑚 × 𝑛𝑢𝑚−𝑛𝑜𝑛𝑧𝑒𝑟𝑜−𝑊𝑒𝑖𝑔ℎ𝑡𝑠
𝑛𝑢𝑚−𝑡𝑜𝑡𝑎𝑙−𝑊𝑒𝑖𝑔ℎ𝑡𝑠 ,

where 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑒𝑑−𝑀𝐴𝐶 is total MAC op‑
erations in a sparse network after pruning,
𝑛𝑢𝑚−𝑛𝑜𝑛𝑧𝑒𝑟𝑜−𝑊𝑒𝑖𝑔ℎ𝑡𝑠 is the number of non‑
zero weight values, 𝑛𝑢𝑚−𝑡𝑜𝑡𝑎𝑙−𝑊𝑒𝑖𝑔ℎ𝑡𝑠 is a
total number of weight values in the network,
𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑒𝑑−𝑚𝑒𝑚 is total memory requirement
in the sparse network after pruning, 𝑚𝑒𝑚 is total
memory requirement of the network before pruning.

Note that for each layer, activation sparsity and any
other form of dynamic sparsity is not taken into
account.

• The complexity cost will account for precision as fol‑
lows:

𝑏𝑖𝑡−𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 =𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑒𝑑−𝑀𝐴𝐶 × 𝑤𝑒𝑖𝑔ℎ𝑡−𝑏𝑖𝑡𝑠
× 𝑎𝑐𝑡−𝑏𝑖𝑡𝑠,

and

𝑏𝑖𝑡−𝑚𝑒𝑚 = 𝑑𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑒𝑑−𝑚𝑒𝑚 × 𝑤𝑒𝑖𝑔ℎ𝑡−𝑏𝑖𝑡𝑠,

for each layer. Here 𝑏𝑖𝑡−𝑜𝑝𝑠 represents the total
bit operations required by the network, 𝑤𝑒𝑖𝑔ℎ𝑡−𝑏𝑖𝑡𝑠
represents the total bits required to store weights
and 𝑎𝑐𝑡−𝑏𝑖𝑡𝑠 represents the total bits required to
store activations.

Table 3 represents the calculated complexity cost of
the proposed AMC schemes with baseline. Here, “To‑
tal 𝑎𝑐𝑡−𝑏𝑖𝑡𝑠” represents the total number of activation
bits, “Total 𝑤𝑒𝑖𝑔ℎ𝑡−𝑏𝑖𝑡𝑠” represents the total number of
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Table 3 – Complexity cost and accuracy comparison

Model Precision in
bits (input,
weight, activa‑
tion)

Total
𝑏𝑖𝑡−𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠

Total
𝑎𝑐𝑡−𝑏𝑖𝑡𝑠

Total
𝑤𝑒𝑖𝑔ℎ𝑡−𝑏𝑖𝑡𝑠

Average ac‑
curacy

Accuracy at
+30 dB SNR

QMCNet unquantized 9578.28m 1.71m 3.14m 59.7311% 93.5061%
QMCNet (8, 8, 8) 487.24m 1.71m 0.629m 59.1159% 92.0732%
QMCNet (4, 5, 6) 154.63m 1.61m 0.372m 58.7051% 90.9654%
QMCNet (4, 5, 6)p 64.47m 1.61m 0.154m 58.5057% 90.5894%
RUNet (6, 6, 6) 74.59m 2.92m 0.044m 60.6823% 94.6443%
RUNet (6, 6, 6)p 37.45m 2.92m 0.022m 60.5775% 94.46%
Baseline[4] (8, 8, 8) 807.69m 4.17m 1.24m 59.4657% 93.0793%
Baseline[4] unquantized 13173.26m 4.17m 5.09m 60.6950% 94.7053%
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weight bits, and “Total 𝑏𝑖𝑡_𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠” represents total
multiply‑accumulate bit operations. This table shows
that the proposed QMCNet(4,5,6)p model has only 7.99%
bit_operations and 12.42% weight bits than 8 bit quan‑
tized baseline whereas the RUNet(6,6,6)p model has only
4.64% bit_operation and 1.78% weight bits than 8 bit
quantized baseline.

5. CONCLUSION

In this paper, we demonstrate a real‑time AMC convolu‑
tion layer‑based network (QMCNet) and a Residual‑Unit‑
based Network (RUNet). We then propose quantization
and iterative pruning methodologies to reduce the over‑
all computational complexity of the model while keep‑
ing the average accuracy over a certain threshold. We
can see that our design is 21.55 times less complex than
the baseline model while having 1.6% more average ac‑
curacy. Our convolution layer‑based QMCNet (Quantized
and Pruned) has 92.01% lessmultiply‑accumulate bit op‑
erations (bit_operations), 61.39% less activation bits and
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87.58% less weight bit than the 8 bit quantized baseline
modelwhereas the RUNetmodel (Quantized and Pruned)
has 95.36% less bit_operations, 29.97% less activation
bits and 98.22% less weight bits than the 8 bit quantized
baseline model.
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