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ABSTRACT

Over the past decade, a massive proliferation of machine
learning algorithms has emerged, from applications for sur-
veillance to self-driving cars. The turning point occurred
with the arrival of Convolutional Neural Network (CNN)
models and the incredible accuracy brought by Deep Neural
Networks (DNNs) at the cost of high computational com-
plexity. In this growing environment, graphic processing
units (GPUs) have become the de facto reference platform
for the training and inference phases of CNNs and DNNs
due to their high processing parallelism and memory band-
width. However, GPUs are power-hungry architectures. To
enable the deployment of CNN and DNN applications on
energy-constrained devices (e.g., IoT devices), industry and
academic research have moved towards hardware accelera-
tors. Following the evolution of neural networks (from CNNs
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to DNNs), this survey sheds light on the impact of this ar-
chitectural shift and discusses hardware accelerator trends
in terms of design, exploration, simulation, and frameworks
developed in both academia and industry.
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1
Introduction

The past decade has witnessed the consolidation of Artificial Intelligence
(AI) technology, thanks to the popularization of Machine Learning (ML)
models. The technological boom of ML models started in 2012 when the
world was stunned by the record-breaking classification performance
achieved by combining an ML model with a high computational perfor-
mance graphic processing unit (GPU) (Krizhevsky et al., 2012). Since
then, ML models received ever-increasing attention, being applied in
different areas such as computational vision (Technologies, 2022), virtual
reality (Facebook, 2022a), voice assistants (Google, 2022b), chatbots
(ServiceNow, 2022), and self-driving vehicles (Tesla, 2022).

The most popular ML models are brain-inspired models such as Neu-
ral Networks (NNs), including Convolutional Neural Networks (CNNs)
and, more recently, Deep Neural Networks (DNNs). They are charac-
terized by resembling the human brain, performing data processing by
mimicking synapses using thousands of interconnected neurons in a
network. Synapses are composed of a data input sample plus a weight
that works similarly to a filter (Goodfellow et al., 2016). Then a mathe-
matical operation is applied to the incoming synapses of a neuron (i.e.,
a convolution) and serves as input to an activation function. The output
is then used at the synapses of the subsequent neurons (Haykin, 2009).

3
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4 Introduction

The popularity of CNN models was due to their accuracy in image
recognition and classification (Karpathy et al., 2014). CNN models have
sparse connections, where all neurons of one layer are connected to all
neurons of the next layer. It brings many computational benefits w.r.t.
previous approaches (Arel et al., 2010), such as less memory storage
for synapse weights and greater reuse of weights read from memory
(Goodfellow et al., 2016). More recently, DNN models have emerged by
outperforming conventional machine learning algorithms across a wide
range of applications, e.g., image recognition, object detection, robotics,
and natural language processing (Yu et al., 2021). To summarize, CNN
is specialized for handling grid-like data such as images and videos, and
DNN is a general architecture that can handle different data formats.

Due to the success and increasing use of CNNs and DNNs every-
where, several frameworks are emerging, helping developers to build
their ML models by offering the necessary mechanisms for both the
training and inference phases. Examples of frameworks include Caffe
(2022), PyTorch (2022), and TensorFlow (2022). These frameworks
use a high-level approach to abstract the implementation of functions,
such as convolution, and help in the development of ML applications.
Furthermore, these frameworks abstract the training phase by providing
backpropagation algorithms.

ML frameworks often rely on GPUs due to their parallelization
capabilities (Chen et al., 2016b; Strom, 2015), making it the de facto
reference platform for the training and inference phases of CNN and
DNN models. The underlying reason for the GPU wave is that the
conventional central processing units (CPUs) cannot satisfy the dramat-
ically increasing requirements for memory bandwidth and computational
complexity caused by the ever-increasing model size of DNNs (Deng
et al., 2020). As there are not too many restrictions in the training
phase of ML models, the GPU should continue to be the reference
platform. However, in the inference phase, GPUs cannot be applied to
all domains due to their high energy consumption, such as the Internet
of Things (IoT) and wearable devices. Thus, academia and industry
have been looking for power-efficient architectures (Garibotti et al.,
2019), making the adoption of specialized hardware a becoming trend in
the inference phase of ML applications (Hsiao et al., 2020; Chen et al.,
2019; Shivapakash et al., 2020).
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5

Hardware accelerators focus on reducing energy and power cost as
well as improving data throughput (Chen et al., 2016b; Andri et al.,
2017; Shivapakash et al., 2020). These advantages make CNN and DNN
hardware accelerators a suitable replacement for CPUs and GPUs for
the inference phase (Dally et al., 2020). With this growing interest
in hardware accelerators, several works have been delving into the
architectural characteristics of CNNs and DNNs to properly model their
components, such as input buffers, MAC array, activation function, and
output control logic (Lu et al., 2017; Bai et al., 2020; Chen et al., 2020).
In addition to these typical components, the literature presents hardware
accelerators that use different approaches to access data, the most
common being input stationary (IS), output stationary (OS), and weight
stationary (WS) (Udupa et al., 2020; Das et al., 2020; Ryu et al., 2022).

The weakness of this new hot topic area is the lack of information
comparing hardware accelerators found in the literature. Several works
on hardware accelerators use different implementations, but little or
none explore the trade-offs and trends between them. One exception
is Eyeriss, which proposes a comparison between different accelerators,
but lacks performance assessment or area trade-offs (Chen et al., 2016b).
Another rare example is the work presented by Das et al. (2020) that
compares hardware accelerators. However, the Authors consider different
technology nodes, which results in an unfair analysis. In this regard, this
survey aims to fill this gap by highlighting the current literature on CNN
and DNN hardware accelerators and discussing hardware accelerator
trends in terms of design, exploration, simulation, and frameworks
developed in academia and industry.

The rest of this monograph is organized as follows. Section 2 presents
concepts related to CNN and DNN models to help general readers under-
stand the topics discussed in the following sections. Section 3 presents
the state-of-the-art related to academic and industrial hardware accel-
erators based on CNN and DNN models. Furthermore, a taxonomy for
academic hardware accelerators is proposed to classify the reviewed
works. Next, Section 4 surveys the state-of-the-art on hardware sim-
ulators and DSE frameworks, bringing and discussing the advantages
and disadvantages of each approach. Finally, Section 5 concludes this
survey, pointing out directions for future research.
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