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ABSTRACT In EdgeAI embedded devices that exploit reinforcement learning (RL), it is essential to reduce
the number of actions taken by the agent in the real world and minimize the compute-intensive policies
learning process. Convolutional autoencoders (AEs) has demonstrated great improvement for speeding up
the policy learning time when attached to the RL agent, by compressing the high dimensional input data
into a small latent representation for feeding the RL agent. Despite reducing the policy learning time, AE
adds a significant computational and memory complexity to the model which contributes to the increase in
the total computation and the model size. In this article, we propose a model for speeding up the policy
learning process of RL agent with the use of AE neural networks, which engages binary and ternary
precision to address the high complexity overhead without deteriorating the policy that an RL agent learns.
Binary Neural Networks (BNNs) and Ternary Neural Networks (TNNs) compress weights into 1 and 2 bits
representations, which result in significant compression of the model size and memory as well as simplifying
multiply-accumulate (MAC) operations. We evaluate the performance of our model in three RL environments
including DonkeyCar, Miniworld sidewalk, and Miniworld Object Pickup, which emulate various real-world
applications with different levels of complexity. With proper hyperparameter optimization and architecture
exploration, TNN models achieve near the same average reward, Peak Signal to Noise Ratio (PSNR) and
Mean Squared Error (MSE) performance as the full-precision model while reducing the model size by
10× compared to full-precision and 3× compared to BNNs. However, in BNN models the average reward
drops up to 12% - 25% compared to the full-precision even after increasing its model size by 4×. We
designed and implemented a scalable hardware accelerator which is configurable in terms of the number
of processing elements (PEs) and memory data width to achieve the best power, performance, and energy
efficiency trade-off for EdgeAI embedded devices. The proposed hardware implemented on Artix-7 FPGA
dissipates 250 μJ energy while meeting 30 frames per second (FPS) throughput requirements. The hardware
is configurable to reach an efficiency of over 1 TOP/J on FPGA implementation. The proposed hardware
accelerator is synthesized and placed-and-routed in 14 nm FinFET ASIC technology which brings down the
power dissipation to 3.9 μJ and maximum throughput of 1,250 FPS. Compared to the state of the art TNN
implementations on the same target platform, our hardware is 5× and 4.4× (2.2× if technology scaled)
more energy efficient on FPGA and ASIC, respectively.

INDEX TERMS Reinforcement learning, autonomous systems, autoencoder, binary neural networks
(BNNs), ternary neural networks (TNNs), EdgeAI, energy efficiency, FPGA, ASIC.

I. INTRODUCTION

REINFORCEMENT Learning is a goal-oriented
paradigm of machine learning in which an agent tries

to learn a policy to complete complex tasks by trial and
error. RL has shown great accomplishments in problems
that require sequential decision making where an agent
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needs to take actions in an environment to maximize
cumulative future rewards. Despite achieving great success
in unsupervised problems such as robotics and autonomous
navigation [1], training the agent is a compute-intensive
and time-consuming process because of the large amount
of trial and error actions required to learn new policies.
The newly decided actions are taken based on recently
experienced events as well as the new experience that the
agent gains through the course of learning. The new events
can typically be new images visioned by the agent that are
initially high dimensional data, whose complexity impact
on the performance of the learning process. The number
of actions in an RL agent is the second important factor
that complicates the learning process. Thus, reducing the
complexity of both high dimensional event data (images)
and the number of actions can facilitate the learning process
of the agent and decrease the hardware complexity, leading
to improved power dissipation, latency, and efficiency
during the model deployment.
Autoencoder deep neural networks are a class of neural

networks, categorized as an unsupervised learning algorithm,
that are adopted for tasks such as image denoising [2] and
data compression [3]. Autoencoders can be used to compress
an image data into an abstract representation, and have shown
promising results in reducing the time-intensive RL training
process [4]. Autoencoders compress high dimensional input
data such as large images into a small vector, named code-
word or latent representation, which include the essential
information of the input data. Employing an autoencoder
network before the RL agent speeds up the policy learning
process at the expense of additional computation for fur-
ther data compression. During the inference, the autoencoder
network is considerably larger in terms of model size and
computation compared to the trained RL agents network.
The slow policy learning process during training and the
large autoencoder network architecture during testing are two
main drawbacks that limit deploying reinforcement learning
on embedded devices.
In this article, we propose an energy-efficient hardware

architecture for reinforcement learning coupled with autoen-
coder neural networks that can be implemented on EdgeAI
embedded devices. The autoencoder models with compressed
neural networks are assessed for their performance with the
RL agent in three environments with varying complexities.
This article makes the following contributions:

• Train an autoencoder in full-precision as a baseline for
image compression to reduce the overall complexity of
the RL agent.

• Reduce the complexity and model size of the baseline
autoencoder to Binary and Ternary precision models to
evaluate the autoencoders performance with three real-
world reinforcement learning environment simulators
involving varying environment complexity.

• Perform extensive hyperparameter search on TNNs and
BNNs to reduce memory footprint while maintaining
the maximum achievable episode reward from RL agent,

FIGURE 1. Illustration of the RL agent interacting with the environment to achieve
the maximum possible reward.

as well as meeting the required PSNR and MSE in the
three environments.

• Propose an energy-efficient and scalable TNN autoen-
coder hardware that allows experimenting with the
number of PEs and memory data widths to achieve the
best power, performance, and energy efficiency trade-off
for EdgeAI embedded devices.

• Implement the design on FPGA and post-layout ASIC
in the 14nm FinFET fabrication process and experi-
ment with the number of PEs and memory width to get
optimum energy efficiency and power consumption.

• Compare the proposed implementation with the state of
the art TNN implementations on FPGA and ASIC.

II. BACKGROUND AND RELATED WORKS
Despite past efforts and early success on reinforcement learn-
ing, most of the initial works in the RL domain are limited to
tasks such as training a specific robot [5], automatic inverted
flight control [6], and optimizing dialog policy [7]. These
works do not take into account for optimizing the power
and performance trade offs. The advent of deep learning has
caused significant progress in RL like other machine learn-
ing areas, which resulted in feasibility of creating powerful
autonomous agents that can interact with the environment
and learn to perform complex tasks over time with trial and
error.
In recent years, several works that have used RL

algorithms have been proposed. Recently, Google Deep
Mind announced that the AlphaGo Zero beat the previous
champion-defeating AlphaGo 100-0 using an algorithm
based only on RL, with no human data, guidance, or any
domain knowledge beyond the game rules [8]. Authors in [9]
have achieved human-level control in many of Atari games
with Deep RL. Several works are also proposed which use
the robotic simulators to train the network with an unlimited
amount of data and afterward, transferring the knowledge
from simulator to real world [10], [11]. Training autonomous
robots to navigate to designated locations is also another
application [1]. One of the problems with RL is low sam-
ple efficiency where the agent needs to interact with the
environment for a very large number of steps to learn good
policies. As a pre-training step, autoencoders can be used
to learn the state representations and speed up RL [4].
Autoencoders significantly reduce the required amount of

VOLUME 2, 2021 183



MANJUNATH et al.: ENERGY EFFICIENT EdgeAI AUTOENCODER ACCELERATOR FOR RL

actions to train the agent and consequently, the energy con-
sumption to learn the desired policy. This method resulted in
4-5× performance improvement for implementing the design
on Nvidia Jetson TX2. The feasibility of speeding up the
RL with an autoencoder network for autonomous driving
application in real-world tasks is demonstrated in [12].
Recent growth in neural networks and deep learning based

algorithms have been coupled with a significant increase
of the model size and networks with a high number of
parameters. To address the high computational and stor-
age complexity of the neural networks, different computing
platforms have been engaged for the diverse range of appli-
cations. While most of the current research use software
solutions based on general purpose CPU and GPU platforms
to address computational issues, specialized hardware accel-
erators have demonstrated superior performance in terms
of energy efficiency and meeting real-time requirements.
Domain specific accelerators can achieve orders of mag-
nitude improvements in performance per watt compared to
general purpose computers for machine learning applica-
tions [13]. While designing hardware accelerators have been
widely engaged in various fields of machine learning such
as image [14], medical [15], [16], and voice [17], only a
few works have considered hardware requirements for RL
applications [18].
In summary, most of the previous works in the RL

domain are limited to the software implementations [19], or
on general-purpose GPU at best-case scenarios. Embedded
GPUs are among the best devices to handle precise floating-
point operations that are able to perform typically at Tera
floating-point operations per second (TFLOPS) given a
power budget of a few watts (e.g., 1.3 TFLOPS at 7.5 watts
for the NVIDIA Jetson TX2 [20]). However, their energy
consumption per multiplication or addition operations is
still high (0.17 TOP/J) as a result of handling expensive
floating-point operations. Adopting high precision opera-
tions is mandatory for training machine learning algorithms,
but during their test and inference, cheaper operations such
as binary/ternary operations that consume significantly less
energy can deliver the same functionality. In this article, we
propose a real-time low-power hardware accelerator for RL
applications, by taking advantage of binary/ternary precision
neural networks whose efficiency can reach up to 1.1 and
42.3 TOP/J on FPGA and ASIC respectively.

III. PROPOSED SYSTEM ARCHITECTURE
An overview of our proposed design, training methods, and
the architecture of the system will be discussed in this
Section. The proposed design has two separate components:
the RL agent and a convolutional autoencoder network. The
autoencoder network is trained and placed before the RL
agent to speed up the policy learning process. The RL agent
and the autoencoder network are trained offline and the
trained model will be deployed to hardware for testing. Fig. 2
shows the high-level block diagram of the proposed system
that consists of an autoencoder and an RL agent. The RL

FIGURE 2. (a) Block-level representation of conventional deep RL agent.
(b) Block-level representation of the proposed system. The image from the video
camera or simulator is input to the pre-trained autoencoder to obtain latent
representation. RL agent perceives this is as input, and appropriate actions are taken.
The base configuration of the autoencoder is shown with four convolutional and a
fully-connected layer. Stride is 2 for all convolutional layers.

agent has the goal of learning a specific policy by striv-
ing to maximize the long-term cumulative reward returned
from the environment through a set of trials and errors. This
poses a challenge in terms of the significant training time
required to train the model, without the pre-trained autoen-
coder that provides the latent representation to achieve the
same reward as RL with a pre-trained autoencoder. Once we
have the pre-trained autoencoder, training time for the RL
agent decreases significantly as shown in [4]. The compari-
son of the autoencoder and RL agent in terms of computation
and parameters for the baseline model is shown in Table 1.
It shows the overhead of the RL agent comparing to the AE
network in full precision model. The complexity of RL agent
is insignificant when compared to AE network in a way that
it comprises less than 0.05 percent of number of computa-
tions and roughly 1 percent of the number of parameters.
Therefore, it is fair to say the main bottleneck of the design
is the AE network.

A. TRAINING THE RL AGENT
Most of modern reinforcement learning algorithms use deep
neural networks as the RL agent to map sequences of
states to desired actions and adjust the network through
back-propagation with respect to returned reward from the
environment. States are usually a high dimensional image
fed to the RL agent from the environment. The agent learns
a policy by receiving rewards upon actions it is allowed
to take without specifying how to take the actions or how
to accomplish the task. Generally, RL is modeled through
Markov Decision Processes (MDP). The MDP is a list of
elements (S,A,P,R, γ ), which denotes state space, action
space, transition function, reward function, and discount
factor respectively. As shown in Fig. 1, the agent tries to
interact with the environment by performing actions and the
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FIGURE 3. This figure shows the episode rewards accumulated while training the
RL agent with and without AutoEncoder (AE) network. We observe that the RL agent
converge considerably faster when trained with pre-trained AE comparing to the
traditional model when deployed on real-time application of autonomous driving car.

environment takes the agent’s action along with the current
state and returns a reward and next state. The reward is
a feedback from the environment by evaluating the agent’s
performance for completing a task. The policy, p(at|s<t, a<t)

is the function which the maps state to the action that
guarantees the optimum future reward. This is usually an
expectation, Ep[

∑
t rt]. The Trajectory is a sequence of state

actions [21].
Convolutional neural networks are generally the best

choice for extracting features and meaningful representa-
tions out of image context. However, combining feature
extraction and decision-making network makes the RL pol-
icy learning process quite slow.Therefore, separating the
feature extraction part from the decision-making section
can significantly enhance the training time of the policy
learning process. As a result, we placed the convolutional
autoencoder network before the RL agent to address this
problem. The RL agent in our proposed system consists
of two fully-connected layers and an output layer with
the number of neurons equal to the number of actions
the agent can take in the environment. This is explained
for all the three environments used for experimentation in
Section V.

B. PRE-TRAINING THE AUTOENCODER NETWORK
The autoencoder networks are trained with a large number
of input images gathered from the environment to accelerate
the RL agent’s policy learning process. The autoencoder has
the task of feature extraction and dimensionality reduction
of the environment images (states). The number of required
images to train the autoencoder network is related to the
complexity of the environment and discussed in further detail
in Section V. The autoencoder is forced to compress the input
image into a small vector of latent representation, and then
reconstruct it from compressed representation to measure
the quality of latent representation, using measures such as
MSE and PSNR. After training, the autoencoder part of the
network is taken and placed before the agent to feed it
with the most important features of the environment. This

TABLE 1. Comparison of autoencoder and RL in terms of computation and model
size for the baseline network. The autoencoder has a significant portion of model size
and is the best choice for compression and complexity reduction.

methods viability for embedded devices has been proved in
previous works [22].
We initially illustrate the credibility of our proposed

model for the task of real-time autonomous driving car in
Donkeycar environment [22]. Figure 3 shows the episode
rewards accumulated by the RL agent for learning the pol-
icy of driving the car while staying on track with and
without AE network. We observe that in the environment
with a large number of states the RL agent converge
considerably faster when trained with pre-trained AE com-
paring to the traditional model when deployed on real-time
application of autonomous driving car. Starting from these
findings, we use the same method to accelerate the RL
agents policy leaning process and implement it with an
efficient low bit-width hardware accelerator for pre-trained
autoencoder.

IV. LOW BIT WIDTH AUTOENCODER NETWORK
The disadvantage of the encoder is that it contains a signifi-
cant portion of the design in comparison with the RL agent
as inferred from the Table 1, which denotes the fact that
quantization and compressing the encoder, helps in deploy-
ment in the hardware in terms of memory requirement and
complexity of MAC operations. In this work, we explore
various methods of quantizing the encoder that generates a
good latent representation which is fed into the RL agent of
three fully-connected layers. In the following sections, we
have mentioned several quantization techniques.
Neural networks in general are computationally intensive

and can have large model sizes. Hardware that imple-
ments a neural network for inference commonly has two
major components: 1) circuitry that perform multiply and
accumulate operations, and 2) memory units and buffers
that store the neural network model and weights and the
temporary intermediate feature map. The two components
contribute to the majority of the power dissipation. The
complexity of the operations (e.g., fixed-point or floating-
point operations) impacts the power of the MAC units, and
the model size determines the memory footprint that, per
se, impacts the power dissipation for the storage units in
the hardware. Seeking efficient implementation of neural
networks, many methods have been proposed that propose
complexity reduction and model size compression in neural
networks. One of these methods is quantization. In a quan-
tized neural network, the parameters and the intermediate
data are represented with a certain number of bits that
are less than traditional precision levels as in 32-bit (sin-
gle precision) or 64-bit (double precision) systems. The
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FIGURE 4. A 2D convolution between 2 × 2 × 8 and 1 × 1 × 8 tensors. The whole
computation is broken down into two steps: element-wise multiplication, and
accumulation over channels. A) the tensors are binarized, where colors white and
black represent values −1 and +1 respectively. The multiplication is equivalent to
element wise xnoring. B) the tensors are ternerized, where colors black, grey, and
white represent values −1, 0, and +1 respectively.

extreme case of quantization is when the value precision
levels are narrowed down to 1 bit or two bits as in binary
or ternary precision neural networks. The two extreme cases
are the subject of this Section and will be further explained
below.

A. BINARY NEURAL NETWORKS
Binary neural networks encompass a varied number of neu-
ral networks [23], [24] where either weights or activations
or both are binary values with the most extreme quantization
level being the 1 bit representation for −1 or +1 values. The
single bit value represents a +1 if equal to 1, and −1 if equal
to 0. BinaryConnect [25] is the first work to propose neural
networks with binarized weights. BNN [23] is an extension to
the BinaryConnect where both weight and activation values
are binarized. Compared to a double-precision counterpart,
binarization can compress both the model size and the fea-
ture map size by up to 64×. It also reduces the complexity
of multiplication and accumulation operations down to bit-
wise operations, where a multiplier can be implemented with
an XNOR logic, and an accumulator logic that adds up N
single-bit values. This can be implemented with a logic that
takes in an N bit data (resulted by an N-bitwise XNOR oper-
ation) and adds up its bits considering its 0-valued bit as −1
values. This logic is referred to as population-count, dubbed
as popcount.
As an example, Fig. 4-A shows a 2D convolution between

a binarized 2×2×8 tensor with a binarized 1×1×8 filter in
2 steps. In the first step, channels of the tensor are bitwise-
xnored with the filter to result in an intermediate binarized
tensor that hold elementwise multiplications, and in the sec-
ond step, the elementwise multiplications are summed along
the channels of the intermediate tensor which, as described
above, is carried out with a popcount logic. The activation
function that binarizes the feature map data is a sign func-
tion that is denoted by the following equation if implemented
deterministically:

xb = fb(x) = sign(x) =
{+1, if x ≥ 0

−1, otherwise.
(1)

If a sign activation function follows a binarized 2D con-
volution, and if the weight values in input and filter tensors
are packed along the channels of the two tensors, then every
output neuron of such combination is calculated as follows:

Y = sign(popcount(xnor(w, x)))), (2)

where XNOR performs bitwise XNOR operation between
overlapping patches, that contribute to the generation of
equivalent output, from the two tensors, and popcount accu-
mulates over all the resulted elements considering 0 as −1,
and finally, the sign function extracts the sign bit of the total
sum.
The main drawback of the BNNs is that their accuracy

may drop considerably after binarization. One of the main
reasons of the accuracy loss in BNNs is that the model is
forced to pick a non-zero value (either −1 or +1) for every
pair of input and output neurons in a BNN layer even if
they are totally independent. In order to fix such inflexibility,
ternary neural networks were proposed that let a third value,
0, in the field of their representable values.

B. TERNARY NEURAL NETWORKS
Ternary Neural Networks have stronger expressiveness than
their binary counterparts, and similarly, encompass a varied
number of neural networks that target either weights [26],
[27] or both weights and activations [28], [29]. Their main
difference to binary networks is that they include the value
0, thus allowing them to prune unnecessary interconnections
between independent neurons. They assign 2 bits to represent
3 values. To make ternary weights networks, a ternarizing
activation is used that is threshold-based and is defined as:

xt = ft(x|�) =
⎧
⎨

⎩

+1, if x > �

0, if |x| ≤ �

−1, if x < −�,

(3)

where � is a thresholding quantity that defines the vicinity
region to map non-zero values to 0. � is set to 0.5 in all
experiments of this article, however, it can trigger the spar-
sity (percentage of zero weights) in the ternarized values of
a ternary neural network. In [27] it is shown that triggering
the � to yield a ternary weight ResNet-20 [30] with spar-
sity between 30% to 50% results in a validation accuracy
approximately equal to that of the full-precision ResNet-20.
The accuracy gets deteriorated if the sparsity level deviates
from either side of 30% to 50%.
As an example of ternatized neural networks, Fig. 4-B

shows a 2D convolution between a ternarized 2 × 2 × 8
tensor with a binarized 1 × 1 × 8 filter in 2 steps. In
the first step, channels of the tensor are elementwise-
multiplied with the filter using simple multiplier logic to
result in an intermediate ternarized tensor that includes all
elementwise multiplications, and in the second step, the ele-
mentwise multiplications are summed along the channels of
the intermediate tensor with a logic similar to that of the
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FIGURE 5. Screenshot of environment simulation window, (Left) Donkeycar: The RL agent (toy car) should navigate the track without going of the course, (Center) Miniworld
sidewalk: The RL agent navigates the red cube while staying in the sidewalk, i.e., right side of safety cones, and (Right) Miniworld Object Pickup: The RL agent navigates to
pickup five objects including cube, key and sphere in a room.

popcount logic as described for BNNs. Similar to BNNs, the
2-bit ternary values can be packed in wide memory entries
and the dot product between two packed vectors followed
by a ternary activation can be denoted as:

Y = ft(Tpopcount(Tmul(w, x)))), (4)

where Tmul performs element-wise multiplication between
aligned packed 2-bit entries in w and x to generate a tem-
porary vector, and Tpopcount performs a summation over
individual 2-bit results considering 11, 00, and 01 repre-
senting −1, 0, and +1 respectively. The ternary activation
function ft will then decide whether the final result is neg-
ative, zero, or positive to return a −1, 0, or +1 ternary
value. Both Tmul and Tpopcount functions can be broken
into extremely small logic similar to XNOR and popcount
logic in BNNs.

V. ENVIRONMENT SETUP
In this Section, we explain the experimental setup for test-
ing the RL agent with full-precision and low bit-width
autoencoder neural networks. Three test environments with
different complexities are selected to evaluate the RL agent
performance with the proposed configuration. DonkeyCar
simulator [22], the Miniworld sidewalk, and Miniworld
Object Pickup environments [31] are chosen as environ-
ments, which have small, medium, and large complexity
in terms of details in the environment and the actions taken
by the RL agent respectively. For each case, we collect a
specific number of images using a human expert to train
the autoencoder network. Autoencoder has the task of com-
pressing the environment image into a small code-word or
latent representation of the image to pass this meaningful
information to the RL agent as input. The quality of the
reconstructed image from the decoder is measured by MSE
and PSNR. Fig. 5 illustrates snapshots from each environ-
ment. These environments can easily interact via Python
libraries with the Keras Machine Learning backend.

A. CASE STUDY 1: DONKEYCAR SIMULATOR
The first environment we use for testing the RL agent is the
Donkeycar [22] simulator as illustrated in Fig. 5-left. In this
environment, the RL agent is a toy car that learns the policy
of driving on the track while increasing its speed. Steering
and throttling are two continuous actions that can be taken

by the agent within the environment. The reward function
that the RL agent receives from the environment is a function
of cross-track error that measures the distance between the
center of the track and car [4]. So the performance measured
in terms of episode length is proportional to the length of
track covered by the agent. The car in the image always
begins at the start of a random track selected by the software.
The dataset used for training and testing the autoencoder

network in the environment consists of 15000 3-channel
images, where the size of each image is 120 × 160 × 3,
from which, 13000 images were utilized in the training set
and 2000 in the testing set. This dataset is collected such
that a sufficient number of images from each direction of
the environment are included.

B. CASE STUDY 2: MINIWORLD SIDEWALK AND
OBJECT PICKUP ENVIRONMENT
Donkeycar simulator is a simple environment with limited
action space. To evaluate our model in a more complex
environment, we choose the Miniworld environment, which
is a minimalistic 3D environment simulator for reinforcement
learning and robotic research [31]. Although graphics of the
Miniworld environment is basic and physics are simpler than
the real world environments, Miniworld has more complexity
than the Donkeycar simulator in terms of the environment
and RL tasks. Therefore, the RL agent performance can be
evaluated in a more complex setting. In Miniworld, the RL
agent always starts at the random position in the environment
and is tasked to navigate towards the goal within a specified
number of steps. Miniworld sidewalk and object pickup are
two environments selected for our experiments.
In the Miniworld sidewalk environment, the agent must

learn the policy of walking to a point where a cube is located
while staying on the sidewalk. The environment rewards the
agent when reaching the object and terminates the episode
when the agent walks outside the sidewalk. Miniworld side-
walk is illustrated in the center image in Fig. 5. The agent
learns to recognize to stay towards the right of safety cones
and navigate straight to the cube. The RL agent must reach
the cube within a specified maximum number of 250 steps.
Miniworld Object Pickup is the most complex environ-

ment of the three simulators. We select this environment
to measure the performance of our models in complex
reinforcement learning environments with complex tasks to
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recognize different objects and navigate to collect them. In
object pickup, the RL agent must learn the policy of picking
five objects that may include cube, key, and sphere as seen
from the right image in Fig. 5 in a single room by navigat-
ing towards them. The agent gets a +1 reward for collecting
each object. The episode terminates when either all objects
are collected or when the limit of 400 steps is reached.
The dataset used for training and testing the autoen-

coder network in Miniworld sidewalk environment consists
of 20,000, 3-channel images with a size of 120 × 120 × 3.
However, 18,000 images are used for the training set and
2000 for the testing set. For the Miniworld Object Pickup
environment, a dataset of 28000, 3-channel images with a
size of 120 × 120 × 3 is collected to train the autoencoder
network and 2000 images are used in testing the autoencoder.
Part of the dataset was gathered by random simulation of
RL agent and rest by the human expert carefully navigating
in place of RL agent in the environment/simulator.

VI. EXPERIMENTAL RESULTS
This section explains the experiments that we performed to
reach the optimum configuration in terms of accuracy and
model size. The autoencoder network is trained multiple
times with different hyperparameters such as the number of
layers, code-word size, number of epochs, and the quality
of the reconstructed image is evaluated in terms of PSNR,
MSE, and model size. Also, different filter sets are chosen
to determine the best number of parameters for learning.
Once the optimum configuration established for each case
through design optimization, the base configuration is quan-
tized to the binary and ternary neural network to calculate
the performance of the RL agent as the basis of comparison
of all cases.

A. DESIGN OPTIMIZATION
The Architecture presented in [4] is selected as a baseline
for the experiments. Afterward, the network is modified
to enhance the MSE and PSNR, two factors of merit
that illustrates the accuracy of the reconstructed image.
Hyperparameters such as the number of layers, code-word
size, and number of epochs are manipulated to reach the
best possible result.
It is observed that increasing the number of layers increase

the accuracy of the autoencoder till a certain point. We
Augmented the number of layers until no further accu-
racy could be gained through layer augmentation. The best
accuracy is achieved when we have four convolution layers
followed by a fully connected layer. The stride of 2 down
samples the feature map, similar to the max-pooling oper-
ation. Because of the image size, no more convolution is
possible after the fourth one.
Optimizing the number of filters is another way of increas-

ing the accuracy of the model. Therefore, when implement-
ing the compressed neural network such as Binary neural
networks (BNNs) and Ternary neural networks (TNNs) the
number of the filters is doubled (2.0 BNN and 2.0 TNN) and

quadrupled (4.0 BNN and 4.0 TNN) to increase the number
of parameters and observe the potential increase in the aggre-
gated reward from the RL agent. The parameter that affects
the accuracy most of all is the latent representation size.
Simulations shows that increasing the latent representation
enhances the PSNR and MSE, significantly, while keeping
the number of parameters and computations in a reasonable
range.
Finally, accuracy is optimized in terms of the number of

epochs. Each epoch is a single forward and backward trial to
learn the model. Like all other types of neural networks, after
a certain epoch, the accuracy of the model drops because of
overfitting. For the base configuration, 50 epochs gave the
best PSNR and MSE results. As the number of filters and
latent representation size increase the optimum number of
epochs also increases accordingly. In full-precision models,
ReLu is used as activation function whereas, in BNN and
TNN configurations binary tanh and ternary tanh [32] are
used as activation for each layer.

B. BINARY AND TERNARY NEURAL NETWORKS
PERFORMANCE
For evaluating the performance of the binary and ternary
models, the best model parameters of each autoencoder
model are chosen. These models are tested for image recon-
struction and then paired with the RL agent to measure the
reward achieved in each environment.

1) CASE STUDY 1: DONKEYCAR ENVIRONMENT

Each configuration in this environment is trained for 10,000
episode length with each track limiting to 600 episode length
and tested with 5 random tracks. The average of these
5 tests is considered as episode length. Fig. 6 shows the
reconstructed images extracted from the DonkeyCar simu-
lator for full-precision, BNN, and TNN configurations. The
baseline full-precision model with 64 codewords achieves
the highest MSE and PSNR which results in the RL
agent to perform better and achieve the highest episode
length. The baseline binary configuration shows mediocre
performance in reconstructing the image, so increasing the
latent representation size increases the PSNR and MSE.
But even with a codewords of 1,024, the RL agent with
binarized autoencoder has the least episode length. The
ternary model, on the other hand, performs almost as good
as the full-precision model with 256 codewords and the
results are more acceptable. Table 2 shows the model size
for each cases. It can be understood that by increasing
the model parameters we can improve the performance of
the BNN. But, the same accuracy can be achieved by the
TNN models with lesser parameters and computation cost
since TNN has a much better representation of the data
than BNN.

2) CASE STUDY 2: MINIWORLD ENVIRONMENT

As mentioned in the previous section, the Miniworld environ-
ment is a more complex setting compared to the DonkeyCar.
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TABLE 2. Episode length (reward), PSNR and MSE comparison between different
configurations in DonkeyCar environment.

FIGURE 6. Comparison of autoencoder reconstructed images with the original
image for DonkeyCar environment. TNN configuration has better quality of
reconstruction compared to BNN.

TABLE 3. Reward, PSNR and MSE comparison between different configurations in
Miniworld sidewalk environment.

In this environment, one forward movement is considered a
single step, similar to the episode in the DonkeyCar environ-
ment. As we move towards more complex environments, the
binarized configurations fail to keep up with the TNNs in
terms of image reconstruction and the RL reward. Miniworld
sidewalk environments RL agent is trained for 10,000 steps
with a maximum of 250 steps for each episode. After 250
steps, if the RL agent has not completed the task, it earns
no reward, and the next simulation starts. Fig. 7 shows
the reconstructed images in autoencoder. Table 3 shows the
summary of performance in the Miniworld sidewalk envi-
ronment. The trend of BNN configurations achieving more
profound reward even with double and quadruple filters and
1,024 latent representation size is evident: Due to further
expressiveness (having zero values) in TNNs, the 2.0 TNN
is two times larger than the 2.0 BNN, but having 85.3%
higher accuracy/reward for the Sidewalk environment.
The third and most complex environment considered is

Miniworld Object Pickup in which we performed exhaustive
simulations. This environment is considered for autoencoder
hardware implementation and results. It comprises of more
complex environment setting and elaborate RL agent tasks.
In this simulation, the accuracy of the information in the
latent representation must be in a way that, the RL agent
learns to pick up 5 different objects in one episode. Each
episode is constrained to 400 steps within which the RL

FIGURE 7. Comparison of autoencoder reconstructed images with original image
for Miniworld sidewalk environment. Reconstructed images from 2.0 BNN-1024
configuration is highly distorted compared to TNN configurations.

agent must pick up all objects. If the RL agent fails to pick
up all objects, then the number of objects agent picked up
in that episode is the reward earned. Each neural network
configuration is trained for 2 million steps and a model
is saved at every 50,000 steps. For each saved model 50
episodes of the evaluation were performed and averaged to
get the reward. Since, the RL trains based on the Monte
Carlo method, we ran 5 such training and testing simulations
involving 2 million steps to collect the data exhaustively.
Fig. 9 shows the average reward from 5 evaluation runs
for some configurations over 2 million steps. It can be
seen that all TNN configurations follow the reward trend
achieved by full-precision-64 configuration. 1.0 BNN-1024
takes almost 2 million episodes to reach the reward accuracy
that TNNs achieve in just 250,000 steps. From Table 4, the
full-precision base configuration in the object pickup envi-
ronment reaches an average reward of 84.88% compared to
94.3 in the sidewalk environment. The reason for this is
that the latter environment is more complex and we aver-
age over more train and test runs. As explained previously,
due to expressiveness (having zero values) in TNNs, even
with smaller latent space 1.0 TNN 128 compared with 1.0
BNN 1024 is smaller in model size by 2.9× and achieves
10% higher average reward. As seen from the results of this
environment, TNNs are better in autoencoder data represen-
tation compared to BNNs. Fig. 8 shows the comparison of
reconstructed images in autoencoder with the original image.
Based on the experimental analysis done from the

Tables 2, 3 and 4 it is apparent that TNN configurations
perform better than BNNs. Even though increasing the
latent representation size and the number of filters increases
the average reward for BNNs, it won’t be deployable in
Embedded FPGA such as Artix7-100T as shown in Fig. 10.
The Artix7-100T FPGA has 4,860Kb of BRAM so, BNNs
that perform marginally better require more memory. For
Hardware implementation, 1.0 TNN-128 is considered since
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TABLE 4. Reward, PSNR and MSE comparison between different configuration in
Miniworld object pickup.

FIGURE 8. Comparison of autoencoder reconstructed images with original image
for Miniworld Object Pickup environment. Due to over fitting BNN configurations with
large number of parameters has missing objects whereas, almost all reconstructions
from TNN configurations has retain objects.

it has a reward of 82% compared to 82.56% of 2.0 TNN-512
as it is outside the deployable region.

VII. ACCELERATOR ARCHITECTURE
The hardware accelerator for autoencoder is explored with
fundamental aspects in consideration such as parallel com-
putation and efficient memory sharing. The main objectives
of the hardware architecture design are meeting the latency
requirement, ability to fit the model in a small area, and fea-
sibility of being fully reconfigurable as the hardware needs
to be implemented for different applications having different
requirements.
Fig. 12 depicts the autoencoder hardware architecture. The

hardware is designed with configuration 1.0 TNN-128 in
consideration which is explained in Section VI. The main
modules of autoencoder consist of the following.

FIGURE 9. RL agent rewards against the validation of training episodes for selected
configurations in Table IV. TNN configuration had only less than a 2% reward drop
from the full-precision model compared to a 12% drop in BNN configuration. So, TNN
configurations are considered for hardware implementation.

FIGURE 10. Exploring the best model that yields the highest reward, while meeting
the deploying constraints: FPGA BRAM size, and time/operation count to output. 1.0
TNN-128 is considered for hardware implementation since 2.0 TNN-512 is outside the
deployable region.

(A) Convolution consists of control unit and address gener-
ator which performs 2D convolution to fetch data into
the PE array.

(B) Fully-connected which is similar to convolution and
also consists of control unit and address generator
that performs matrix vector multiplication operations
by fetching data into the PE array.

(C) PE array preforms MAC operations using Ternary
Multiplication Unit (TMU). This module also consists
of ternary tanh activation function.

(D) Auto encoder top controls data path logic to PE array
and control logic to Convolution and Fully connected
modules.

The autoencoder finite-state machine (FSM) logic con-
trols the address generation modules such as convolution
and fully-connected. The convolution block is active for the
first 4 of convolutional layers and the fully-connected layer
is activated in the end for generating the address of the last
layer. The generated address is discreetly sent to the on-chip
input memory and the appropriate data is retrieved. In each

190 VOLUME 2, 2021



FIGURE 11. (a) Input channel tiling. (b) Image patch tiling. (c) Output channel tiling.
Examination of various parallel tiling procedures for convolutional layers. Output
channel tiling has the least memory communication conflict and hence chosen as
tiling scheme for proposed hardware.

memory location, N ternary values are packed to accelerate
parallel computation. Every ternary value is 2-bit in width
as explained in Section IV. The packed data is then sent to
the PE array to perform MAC operations. In every PE, the
feature map and filter data is split into N ternary values and
multiplied in ternary multipliers concurrently. There is no
filter cache or buffer as seen in the previous compressed neu-
ral network hardware architectures [33] which contributes to
memory size since it is critical in EdgeAI embedded hard-
ware devices with on-chip memory. The output from the
add block in PE is M-bit which is [log2(2N) + 1]-bit and is
accumulated in the accumulator. The accumulated output is
activated by ternary tanh after which the activate output from
all PEs is packed and stored in the output memory. Resource
sharing is carefully taken into consideration such that the
major logic of every PE is only a pipeline of multiplier,
adder, and an accumulator to satisfy the equation (3). Once
the convolution is completed the packed data is loaded back
into Feature Map memory for the next layer of computation.
In [34] various methods of parallelism that can be used

to accelerate convolutional layers are explored. The basic
process for the three tiling methods is shown in Fig. 11.
The first method is referred to as input channel tiling, where
for a given feature map multiple input feature map channels
are convoluted collaterally. In the second method, which is
referred to as image patch tiling, convolution is performed
by the break input feature map into small image patches
and perform convolution on all patches simultaneously. In
the third method, output channel tiling, for a given input
channel multiple filters or input channels are convoluted in
parallel.
Using the rooftop model these three methods were tested

in [35] to determine which provides the best throughput in
FPGA. They find that output channel tiling has the best
parallel I/O memory access and computation. Therefore,
we primarily utilize output channel tiling. It has minimum
dependency among parallel PEs. It can be seen from Fig. 12
that N packed values are read from the feature map memory
but n × N values are read from the weight memory equal to
the number of PEs in PE array. The output from each PE is
packed and concatenated until N packed values are received
from the PE array. As a result, there is no data depen-
dency between any PEs as they operate only on the specific
filter.
In our hardware, the performance is proportional to N

packed values. Since these N packed values are split and

FIGURE 12. Block diagram of hardware architecture which consists of feature map
memory and weight memory that are addressed by the convolution and
fully-connected address control unit to fetch data to PE array. The processed data
from the PE is stored temporarily in the output memory. Convolution and
fully-connected blocks are controlled by autoencoder control logic.

tiled across n PEs this expedites the computation by n times.
Clock frequency f is another parameter contributing to the
performance of the Hardware. Therefore, in our hardware
the performance is proportional to the three metrics:

Performance ∝ f × N × n. (5)

VIII. HARDWARE IMPLEMENTATION RESULTS AND
ANALYSIS
To emulate the autoencoder performance on the proposed
hardware architecture, we implemented and generated results
on both FPGA and ASIC. The configuration 1.0 TNN-128
from Table 4 for Miniworld pickup object environment is
implemented on hardware because it achieves the desired
reward when tested with the RL agent and can fit in
low-power embedded FPGA. All the results generated in
this section are implemented for this configuration but, the
autoencoder hardware architecture is reconfigurable to other
TNN configurations as well.

A. FPGA IMPLEMENTATION
The autoencoder hardware architecture is described in
Verilog HDL and can be reconfigured to the desired num-
ber of PEs and memory width depending on the application.
We implemented autoencoder hardware on low-power Xilinx
Artix-7 family with 135 Block RAMs (BRAMs), the small-
est in the Artix-7 family. To ensure parity between the power
and performance the hardware is pipelined to run at 100 MHz
on Artix-7. Table 5 shows the various results such as uti-
lization, power consumption, and latency obtained using
Vivado Design Suite by Xilinx. For readability, hardware
configurations with memory width greater than 16-bit are
shown in Table 5. However, for plotting energy and power-
performance graphs, all the memory width implementations
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FIGURE 13. A scatter plot illustrating performance-power zones where different AE
hardware configurations lie in. The AE hardware is scalable up to 1 TOP/J in FPGA
implementation at 100MHz clock frequency.

are considered. Our hardware with the most parallel con-
figuration can process 1350 FPS with as little as 0.66 mJ
energy consumption.
Fig. 13 shows the scatter plot of hardware energy

efficiency trade-off between performance and power. Our
hardware is capable of reaching 1 TOP/J with 64-bit width
memory and 64 PEs. Fig. 14 demonstrates the impact
of increasing the number of PEs and memory width on
energy consumption. The graph shows that wider memo-
ries are energy-efficient. Although, when memories reach
128-bit width the energy consumption starts increasing. As
the number of PEs increases, the latency decreases for the
same operating frequency. Since energy is the total power
consumed per unit time it tends to decrease as latency
decreases. The hardware in this article is targeted for deploy-
ment in embedded devices, the autoencoder hardware has
to meet the latency of 30 FPS which is the average num-
ber of frames an embedded video camera can generate
per second [36]. All the hardware configurations except
the one with a data width of 8 and single PE meets
33.34 ms of latency. The hardware configuration with 32-
bit memory width and 64 PEs is the most energy-efficient
FPGA implementation with 250 μJ of energy consumption
and therefore is the best hardware configuration for FPGA
deployment.

B. ASIC IMPLEMENTATION
To further reduce the overall power consumption for infer-
ence of autoencoder TNN hardware, an Application Specific
Integrated Circuit (ASIC) is implemented at the post layout
level in 14nm FinFET Educational Design Kit (EDK) [37]
provided by Synopsys with 0.8V power supply. A standard
cell register transfer level (RTL) to post-layout implemen-
tation flow using Synopsys Design Compiler (DC), and
Integrated Circuit Compiler (ICC) II is utilized to design
the ASIC. We choose the most energy-efficient hardware
configuration with memory width 32 and 64 PEs for ASIC

FIGURE 14. The logarithmic plot, showing the impact of the increasing number of
PEs and memory width on energy consumption. The circle symbol marked
configuration with 32-bit memory width and 64 PEs has the least energy consumption.

FIGURE 15. Post-layout view of autoencoder ASIC implementation in 14 nm EDK.
Routing and power mesh visibility is turn off.

design. Since this configuration meets the latency require-
ment of 30 FPS on FPGA, the clock frequency has been
reduced to 100 MHz to reduce the power consumption in
ASIC design. Since the 7-series FPGA’s are 28 nm, and the
ASIC design that we used is 14nm, we see a significant
overall power reduction of 65× and improves the energy
efficiency by 64×. Of course, the reduced static power con-
sumption of ASIC also contributes to a reduction in overall
power consumption. The ASIC layout for the autoencoder
hardware architecture is shown in Fig. 15. For visibility the
VDD/GND power mesh is hidden from the screen capture
view. The post layout implementation results are provided
in Table 6.

C. COMPARISON WITH EXISTING WORKS
In this Section, we compare our ternary AE with the most
related state-of-the-art TNN implementations: TNN models
for image classification implemented on customized acceler-
ators in ASIC and FPGA [28], [38] and an AE model with
8-bit precision for image compression [39].
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TABLE 5. The implementation results of proposed TNN autoencoder hardware on Xilinx Artix 7 FPGA. The results are obtained, at a clock frequency of 100 MHz, and the
required latency to reach target 30 FPS is 33.34 ms.

TABLE 6. Post place and route results of the proposed TNN autoencoder hardware
accelerator with 32-bit memory width and 64 PEs in ASIC 14nm technology.

In [28] and [38], the TNNs are optimized for resource-
efficiency and performance and use benchmarking datasets
such as CIFAR100, SVHN, and GTSRB. Since both works
target hardware implementation for the performance, they
run at higher clock speeds compared to our hardware. The
authors have generated several FPGA and ASIC implemen-
tation results. Therefore, we only consider those hardware
results which are the most energy efficient, since the energy
efficiency is generally a metric that reflects the quality of
hardware design. The comparison results are summarized
in Table 7. In summary, our FPGA implementation is 5×
and 6.8× more energy-efficient compared to the FPGA
implementation in [28] and [38] respectively. Since in [28]
and [38] the efficiency metric is reported in FPS/W for two
designs CNN-64 and CNN-128, we calculated the latency
based on the reported throughput, the performance based on
the model complexity, and the energy efficiency in TOP/J
based on the calculated performance and the reported power

TABLE 7. Comparison of the proposed autoencoder hardware with state-of-the-art
TNN and autoencoder related works.

for comparison with our work. Having scaled our fabrication
technology to that of [28] for the ASIC implementation, we
observe 2.2× (4.4× with no scaling) improvement in effi-
ciency compared to the ternarized CNN-64 implementation
for SVHN in [28].
Compared to the convolutional AE with 8-bit precision

model [39], our FPGA implementation with ternarized model
is 4.2× more energy efficient.

IX. CONCLUSION
This article presents a scalable energy-efficient hardware
architecture for compressed neural network autoencoders.
The autoencoders in our work are employed to represent the
high dimensional image data into small latent representations
that feeds the Reinforcement Learning agents to interact with
the environment to achieve a task. First, a baseline full-
precision autoencoder is pre-trained using the data collected
from the RL environment simulators. Next, the pre-trained
autoencoder model is paired with a two-layer RL agent which
thereafter is trained and tested in the simulator. This process
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is replicated by ternarizing and binarizing the full-precision
neural network of the autoencoder to measure the reward
achieved by the RL agent. Our experiments with variant full-
precision and binarized and ternarized AE models show that
TNNs outperform BNNs in terms of RL’s reward as well as
number of parameters. We support the consistency of TNNs
in our experimental setup for three environments includ-
ing Donkeycar, Miniworld sidewalk, and Miniworld Object
Pickup. In the Miniworld sidewalk, the 2.0 TNN-256 model’s
average reward is decreased by less than 1% whereas, 4.0
BNN-1024 is 25% less, compared to the full-precision base-
line model. A similar exemplar is observed with experiments
in Miniworld Object Pickup where 1.0 TNN-128 configura-
tion achieves less than 3% average reward drop compared
to a 12% drop in 1.0 BNN-1024 configuration. A custom
low-power and energy-efficient hardware architecture is also
designed for deployment of autoencoder in EdgeAI real-
time systems to accelerate RL tasks and is implemented
on Xilinx Artix-7 FPGA, with an average energy consump-
tion of 250 μJ. The hardware is configurable to reach an
efficiency of over 1 TOP/J on FPGA implementation. To
further reduce the power consumption, autoencoder hard-
ware is implemented in 14nm FinFET technology, which
consumes 65× less power compared to FPGA. Finally, we
compared our work with state of the art TNN implementa-
tions where our hardware is 5× and 4.4× (2.2× if scaled)
more energy-efficient on FPGA and ASIC implementations
respectively.
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