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Recent trends in deep learning (DL) have made hardware accelerators essential for various high-performance
computing (HPC) applications, including image classification, computer vision, and speech recognition.
This survey summarizes and classifies the most recent developments in DL accelerators, focusing on their
role in meeting the performance demands of HPC applications. We explore cutting-edge approaches to
DL acceleration, covering not only GPU- and TPU-based platforms but also specialized hardware such as
FPGA- and ASIC-based accelerators, Neural Processing Units, open hardware RISC-V-based accelerators,
and co-processors. This survey also describes accelerators leveraging emerging memory technologies and
computing paradigms, including 3D-stacked Processor-In-Memory, non-volatile memories like Resistive RAM
and Phase Change Memories used for in-memory computing, as well as Neuromorphic Processing Units,
and Multi-Chip Module-based accelerators. Furthermore, we provide insights into emerging quantum-based
accelerators and photonics. Finally, this survey categorizes the most influential architectures and technologies
from recent years, offering readers a comprehensive perspective on the rapidly evolving field of deep learning
acceleration.

CCS Concepts: • Computer systems organization → Architectures; • Hardware → Reconfigurable
logic and FPGAs; Emerging technologies; Very large scale integration design; Power and energy; •
Computing methodologies→Machine learning;
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neural networks, emerging memory technologies
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1 Introduction
With the advent of the Exascale era, we have witnessed a growing convergence between
High-Performance Computing (HPC) and Artificial Intelligence (AI). The increasing
computing power of HPC systems, combined with their ability to manage vast amounts of data,
has driven the development of more and more sophisticatedmachine learning (ML) techniques.
Deep Learning (DL), a subset of ML, utilizes Deep Neural Networks (DNNs) with multiple
layers of artificial neurons to mimic the human brain behavior by learning from large datasets.
Thanks to advancements in technology and system architecture, HPC nodes now integrate not
only an increasing number of high-end parallel processors but also specialized co-processors such
as Graphics Processing Units (GPUs) and vector/tensor computing units. This supercomputing
power has significantly accelerated both the training and inference phases of DNN models used
in several application scenarios. The introduction of the pioneering AlexNet [109] model at the
ImageNet challenge in 2012 marked a turning point, demonstrating the power of GPU acceleration
in deep learning. Since then, numerous DNN models have been developed for various tasks
including image recognition and classification, Natural Language Processing (NLP), and Generative
AI. These applications demand specialized hardware accelerators, to efficiently handle the heavy
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Fig. 1. Organization of the survey.

computational workload of DNN algorithms. Today, DL accelerators are deployed across a wide
range of computing systems spanning from ultra-low-power resource-constrained devices to
high-performance servers, HPC infrastructures, and large-scale data centers.
Scope of the survey. This survey is an attempt to provide an extensive overview of the most

influential architectures to accelerate DL for high-performance applications. The survey highlights
various approaches that support DL acceleration including GPU-based accelerators, Tensor Pro-
cessor Units, FPGA-based accelerators, and ASIC-based accelerators, such as Neural Processing
Units and specialized co-processors based on the open-hardware RISC-V architecture. The survey
also includes accelerators based on emerging technologies and computing paradigms, such as
3D-stacked PIM, emerging non-volatile memories such as theResistive RandomAccess Memory
(RRAM) and the Phase ChangeMemory (PCM), Neuromorphic Processing Units, andMulti-Chip
Modules.

Overall, we have reviewed the research on DL accelerators from the past two decades, covering
a significant period of literature in this field. Being DL acceleration a prolific and rapidly evolving
field, we do not claim to cover exhaustively all the research works appeared so far, but we focused
on the most influential contributions. Moreover, this survey can be leveraged as a connecting
point for some previous surveys on AI and DL accelerators [28, 61, 83, 168] and other surveys
focused on some more specific aspects of DL, including the architecture-oriented optimization of
sparse matrices [170] and the Neural Architecture Search [32]. Another research trend in state-of-
the-art AI architecture design addresses transformer models. A recent survey on the full stack of
optimizations on transformer inference has recently been published in [105].
Organization of the survey. The survey is structured in different sections and sub-sections

belonging to the areas of computer architecture and hardware design, as shown in Figure 1, To this
aim, we organized the material in a way that all research papers corresponding to multiple types
of sections are cited under each section. Moreover, for each section, we have selectively chosen
the most notable and influential works and, for each work, we focused on its most innovative
contributions.

To conclude, we hope this survey could be useful for a wide range of readers, including computer
architects, hardware developers, HPC engineers, researchers, and technical professionals. A major
effort was spent to use a clear and concise technical writing style: we hope this effort could be useful
in particular to the young generations of master’s and Ph.D. students. To facilitate the reading, a
list of acronyms is reported in Table 1.

2 Deep Learning Background
Deep Learning [114, 175] is a subset of ML methods that can automatically discover the representa-
tions needed for feature detection or classification from large data sets, by employing multiple layers
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Table 1. List of Acronyms

Acronym Acronym Acronym
AI: Artificial Intelligence ASIC: Application Specific Integrated Circuit BRAM: Block Random Access Memory
CMOS: Complementary Metal Oxide Semiconductor CNN: Convolutional Neural Network CPU: Central Processing Unit
DL: Deep Learning DP: Double Precision DNN: Deep Neural Network
DRAM: Dynamic Random Access Memory EDA: Electronic Design Automation FLOPS: Floating Point Operations per Second
FMA: Fused Multiply-Add FPGA: Field-Programmable Gate Array GEMM: General Matrix Multiply
GP-GPU: General-Purpose Graphics Processing Unit GPU: Graphics Processing Unit HBM: High Bandwidth Memory
HDL: Hardware Description Language HLS: High Level Synthesis HMC: Hybrid Memory Cube
HPC: High-Performance Computing MLP: Multi-Layer Perceptron NPU: Neural Processing Unit
IMC: In-Memory Computing IoT: Internet of Things ISA: Instruction Set Architecture
MCM: Multi-Chip Module ML: Machine Learning PCM: Phase Change Memory
PIM: Processing In-Memory QC: Quantum Computing QNN: Quantized Neural Network
QPU: Quantum Processing Unit RAM: Random Access Memory RRAM: Resistive RAM
RISC: Reduced Instruction Set Computer RNN: Recurrent Neural Network SNN: Spiking Neural Network
SoC: System on Chip SRAM: Static Random Access Memory TPU: Tensor Processing Unit

of processing to extract progressively higher-level features. The most recent works in literature
clearly show that two main DL topologies have emerged as dominant: DNNs and Transformers.
Concerning DNNs, there are three types of DNNs mostly used today: Multi-Layer Perceptrons

(MLPs), Convolutional Neural Networks (CNNs), and Recurrent Neural Networks (RNNs). MLPs
[171] are feed-forward ANNs composed of a series of fully connected layers, where each layer is a
set of nonlinear functions of a weighted sum of all outputs of the previous one. On the contrary,
in a CNN [115], a convolutional layer extracts the simple features from the inputs by executing
convolution operations. Each layer is a set of nonlinear functions of weighted sums of different
subsets of outputs from the previous layer, with each subset sharing the same weights. Each
convolutional layer in the model can capture a different high-level representation of input data,
allowing the system to automatically extract the features of the inputs to complete a specific task,
e.g., image classification, face authentication, and image semantic segmentation. Finally, RNNs
[175] address the time-series problem of sequential input data. Each RNN layer is a collection of
nonlinear functions of weighted sums of the outputs of the previous layer and the previous state,
calculated when processing the previous samples and stored in the RNN’s internal memory. RNN
models are widely used in NLP for natural language modeling, word embedding, and machine
translation. More details on concepts and terminology related to DNNs are provided in Section A.1
of Appendix A.

Each type of DNN is especially effective for a specific subset of cognitive applications. Depending
on the target application, and the resource constraints of the computing system, different DNN
models have been deployed. Besides DNNs, Transformer-based models [204] recently captured a
great deal of attention. Transformers were originally proposed for NLP [204], and are designed to
recognize long-distance dependencies between data by attention layers, where the weights used to
linearly transform input data are computed dynamically based on the input data itself. While DNNs
use convolutional layers to perform “local” operations on small portions of the input, Transformers
use attention layers to perform “global” operations on the whole input. Although quite different,
DNNs and Transformers share many underlying principles (such as gradient descent training, and
reliance on linear algebra), and many of the DL-dedicated architectures described in this survey
address both types of topologies.

3 GPU- and TPU-Based Accelerators
3.1 GPU-Based Accelerators
GPUs are specific-purpose processors introduced to compute efficiently graphics-related tasks, such
as 3D rendering. They became widely used since the nineties as co-processors, working alongside
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Table 2. MLPerf Training v2.1 Benchmark Results (Minutes)

ImageNet KiTS19 OpenImages COCO LibriSpeech Wikipedia Go
ResNet 3D U-Net RetinaNet Mask R-CNN RNN-T BERT Minigo

8 × A100 30.8 25.6 89.1 43.1 32.5 24.2 161.6
8 × H100 14.7 13.1 38.0 20.3 18.2 6.4 174.6

Central Processing Units (CPUs) to offload graphics-related computations. The introduction
of programmable shaders into GPU architectures increased their flexibility paving the way for
their adoption to perform general-purpose computations. Despite being specifically designed
for computer graphics, their highly parallel architecture is well suited to tackle a wide range of
applications. Consequently, in the early 2000s, GPUs started to be used to accelerate data-parallel
computations not necessarily related to graphics. This practice is commonly referred to as General-
Purpose computing on Graphics Processing Units GPUs (GP-GPU) and started to be increasingly
popular in the early 2010s with the advent of the CUDA language. The technological development of
the last ten years significantly increased the computing power of GPUs, which, due to their highly
parallel nature, are incidentally very well suited to accelerate neural network training algorithms.
The availability of such computing power allowed more complex neural network models to become
practically usable, fostering the development of DNNs.

The impressive results obtainable with DNNs, followed by significant investments in this market
sector, induced hardware manufacturers to modify GPU architectures in order to be even more
optimized to compute such workloads, as an example implementing the support for lower-precision
computations. This led to a de-facto co-design of GPU architectures and neural network algorithms
implementations, which is nowadays significantly boosting the performance, accuracy, and energy
efficiency of AI applications. The basic features of GPU architectures able to boost the performance
of HPC and DL applications are briefly reviewed in Section A.2 of the Appendix A.

GPUs can execute multiple, simultaneous computations. This enables the distribution of training
processes and can significantly speed up ML operations. With GPUs, it is possible to cumulate
many cores that use fewer resources without sacrificing neither efficiency nor power.

The performance of GPU accelerators could be compared in different ways. As a first approxima-
tion, their theoretical peak performance and memory bandwidth could be used. Anyhow several
other architectural characteristics could affect the final performance of actual algorithm imple-
mentation. To get a better overview of their expected performance, running a specific workload, it
could be preferable to use reference benchmarks, possibly made of representative sets of commonly
used algorithm implementations. For this reason, different benchmarks have been developed, each
of them able to test the obtainable performance concerning a given workload characteristic, or a
given set of application kernels. In the context of ML, one of the most used benchmarks is MLPerf
[135], which has a specific set of training phase tasks [134]. Its results on two different systems,
embedding the latest GPU architecture and its predecessor (i.e., NVIDIA Hopper and Ampere) are
shown in Table 2, highlighting on average an approximate 2× factor of performance improvement.
Different vendors, like AMD and Intel, have also developed GP-GPU architectures mostly oriented
to HPC and more recently to AI computing. Yet the terminology used by different vendors is
not the same, they share most of the hardware details. For example, AMD names Compute Unit
which NVIDIA calls Streaming Multiprocessor, and Intel calls Compute Slice or Execution-Unite
(EU). Furthermore, NVIDIA names Warp the set of instructions scheduled and executed at each
cycle, while AMD uses the term Wavefront, and Intel uses the term EU-Thread. Concerning the
execution model, NVIDIA uses the Single Instruction Multiple Thread (SIMT), while AMD
and Intel use the Single Instruction Multiple Data (SIMD) [102]. In Table 3, we report the
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Table 3. Selected Features of the Most Recent GP-GPU Systems

Model NVIDIA H100 AMD Instinct MI250X Intel Arc 770
Clock [GHz] 1.6 1.7 2.4
Peak Performance in Double Precision [TFLOPS] 30 47.9 4.9
Peak Performance in Single Precision [TFLOPS] 60 95.8 19.7
Peak Performance in FP16 [TFLOPS] 120 383 39.3
Max Memory [GB] 80 HBM2e 128GB HBM2e 16GB GDDR6
Mem BW [TB/s] 2.0 3.2 0.56
Thermal Design Power (TDP) [Watt] 350 560 225

main hardware features of the three most recent GP-GPU architectures developed by NVIDIA
[8], AMD [7] and Intel [89]. We compare the peak performance related to the 32-bit single- and
64-bit double-precision, and the peak performance achieved using half-precision. The comparison
evidences that the higher the memory bandwidth provided to sustain DL workloads like model
training, the higher the power consumption. Further, a huge number of parallel resources intended
as physical cores are mandatory to achieve high computing performance to reduce model training
time, however at the expense of reduced energy efficiency.

3.2 TPU-based Accelerators
Tensor Processing Units (TPUs) dedicated to training and inference have been proposed very
early after the emergence of the first large CNN-based applications. This is due to the observation
that these workloads are dominated by linear algebra kernels that can be refactored as matrix
multiplications (particularly if performed in batches) and that their acceleration is particularly
desirable for high-margin applications in data centers. More recently, the emergence of exponentially
larger models with each passing year (e.g., the GPT-2, GPT-3, GPT-4 Transformer-based large
language models) required a continuous investment in higher-performance training architectures.

Google showcased the first TPU [96, 98] at ISCA in 2017, but according to the original paper the
first deployment occurred in 2015 – just three years after the “AlexNet revolution”. Their last TPU
v4 implementation outperforms the previous TPU v3 by 2.1x and improves performance/Watt by
2.7x [97]. The architecture of the TPU presented in [96, 98] is centered on a large (256 × 256) systolic
array operating on 8-bit integers and targeting exclusively data center inference applications; this
is coupled with a large amount of on-chip SRAM for activations (24 MiB) and a high-bandwidth
(30 GiB/s) dedicated path to off-chip L3 DRAM for weights. The next design iterations (TPUv2,
TPUv3) [99] forced to move from an inference-oriented design to a more general engine tuned
for both inference and training, employing the 16-bit BF16 floating-point format, more cores (2
per chip) using each one or two 4× smaller arrays than TPUv1 (128 × 128, to reduce under-usage
inefficiencies). TPUv2/v3 also introduced high-bandwidth memory support, which results in more
than 20× increase in the available off-chip memory bandwidth. In 2019, Habana Labs and Intel
proposed Goya and Gaudi as microarchitectures for the acceleration of inference [136]. Goya [136]
relies on PCIe 4.0 to interface to a host processor and exploits a heterogenous design approach
comprising of a large General Matrix Multiply (GEMM) engine, TPUs, and a large shared
DDR4 memory pool. Each TPU also incorporates its local memory that can be either hardware-
managed or fully software-managed, allowing the compiler to optimize the residency of data and
reduce movement. Each of the individual TPUs is a VLIW design optimized for AI applications and
especially for training. The TPU supports mixed-precision operations including 8-bit, 16-bit, and
32-bit SIMD vector operations for both integer and floating-point. Gaudi has an enhanced version
of the TPUs and uses HBM global memories rather than the DDR used in Goya, increasing the
support toward bfloat16 data types and including more operations and functionalities dedicated to
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Fig. 2. Overview on state-of-the-art Neural Network accelerators based on available data collected in [76].
Legenda: Simulationmeans GOPS/W values collected from post-layout simulation; Test means from prototype
devices; Product means from off-the-shelf devices.

training operations. While Google and Intel rely on a mixture of in-house designs and GPUs, the
other main data center providers typically rely on NVIDIA GPUs to serve DL workloads. Starting
from the Volta architecture [34] and continuing with Ampere [35] and Hopper [33, 52], NVIDIA
has embedded inside the GPU Streaming Multiprocessors the counterpart of smaller TPUs, i.e.,
TensorCores.
GraphCore Colossus Mk1 and Mk2 IPUs [92, 108] target the GNNs, DNNs, and Transformers

training employing a tiled many-core architecture. GraphCore focuses on a high power- and cost-
efficient memory hierarchy that does not rely on high-bandwidth off-chip HBM, but on cheaper
DRAM chips combined with a large amount of on-chip SRAM (in the order of 1 GiB per chip).
IBM Research focused on reducing the data precision used for training [1, 206], by introducing

Hybrid-FP8 formats in training ASICs and tensor processors. Further improvements were achieved
with Cambricon-Q [225], which exploits the statistical properties of tensors to minimize bandwidth
and maximize efficiency. Finally, Gemmini [66, 72] and RedMulE [198, 199] introduce tensor proces-
sor hardware IPs (respectively, generated from a template and hand-tuned) that can be integrated
inside System-on-Chips, similarly to what NVIDIA does with TensorCores. Further details on TPU
architectures are provided in Section A.2 of the Appendix A.

4 Hardware Accelerators
Typical HPC workloads, like genomics, astrophysics, finance, and cyber security, require the
elaboration of massive amounts of data and they can take advantage of DL methods with results
that can surpass human ability [11, 73, 175, 189]. However, an ever-increasing computing power, a
rapid change of the data analysis approaches, and the introduction of novel computational paradigms
are needed. DL models can be efficiently supported by optimized hardware platforms providing
high levels of parallelism and a considerable amount of memory resources. These platforms can be
developed using CPUs, GPUs, FPGAs, and ASICs [47, 51, 73, 127, 131, 193, 213].
Figure 2 presents a comparison of state-of-the-art architectures in terms of speed (Giga Opera-

tions per Second) versus power consumption (Watt). The diagonal dashed lines represent energy
efficiency levels in (GOPS/W) and TOPS/W (Tera Operations per Second per Watt), with higher
slopes indicating better energy efficiency. The most energy-efficient devices are ASICs and GPUs
clustering in the high range of energy efficiency (1–100 TOPS/W) and mainly located in the top
right region characterized by the highest computational throughput. Powerful GPUs are generally
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Fig. 3. Dataflows in DL accelerators: (a) Weights stationary; (b) Output stationary; (c) Input stationary.

preferred for heavier tasks like training and running large, complex models built on large datasets.
Conversely, FPGAs are well suited to accelerate specific inference tasks that privilege lower power
consumption over processing speeds. From the figure, FPGAs (represented in blue) are well dis-
tributed across different power and performance levels, mostly clustering in the lower-to-mid range
of energy efficiency (from 10 GOPS/W to 1 TOPS/W).

Independently of the technology, a common problem in the design of accelerators is the energy
and latency cost of accessing the off-chip DRAM memory, in particular considering the significant
amount of data that HPC applications need to process. As sketched in Figure 3, different data reuse
and stationary strategies can be exploited to reduce the number of accesses [22, 77, 153, 156, 174, 192].
In weight stationary dataflow, convolutional weights are fixed and stored in the local memory of
the Processing Elements (PEs) and reused on input activations uploaded step-by-step from the
external DRAM. Conversely, in output stationary dataflow, partial outputs from PEs are stored
locally and reused step-by-step until the computation is completed. Then, just the final results are
moved to the external DRAM. An efficient alternative is input stationary dataflow: input activations
are stored in the PEs’ local memory, while weights are uploaded from the external DRAM and sent
to the PEs. Another approach common to many accelerators is the introduction of quantization to
reduce the data type width [67, 129]. Integer or fixed-point data formats are generally preferred to
the more computationally intensive floating-point ones. This guarantees better memory occupation
and lower computational cost [95]. Extreme quantization techniques that use only one bit for the
data stored (Binary Neural Networks [164]) are widely used for very large networks but to get a
comparable accuracy they require 2-11× the number of parameters and operations [200], making
them not suitable for complex problems.

4.1 Reconfigurable Hardware Accelerators
FPGAs and Coarse-Grained Reconfigurable Arrays (CGRAs) are highly sought-after solutions to
hardware accelerate a wide range of applications. The main feature of such platforms is the ability to
support different computational requirements by repurposing the underlying hardware accelerators
at deploy-time and also at runtime. More details on FPGA technologies and related EDA frameworks
are respectively provided in Sections A.3 andA.4 of Appendix A. Several FPGA-based hardware accel-
erators for DL are structured as heterogeneous embedded systems [2, 120, 130, 159, 219] that mainly
consist of a general-purpose processor, for running the software workload; a computational module,
designed to speed up common DL operators, like convolutions [166, 205], de-convolutions [23, 179],
pooling, fully connected operations, activation, and softmax functions [190, 191]; and amemory hier-
archy to optimize data movement to/from the external DRAM to store data to be processed and com-
putational results. A typical approach to accelerate convolutions consists of a systolic array architec-
ture (SA), a regular pattern that can be easily replicated [216]. Each PE in the array is a SIMD vector
accumulation module where inputs and weights are supplied at each cycle by shifting them from the
horizontally and vertically adjacent PEs. The use of pipelined groups of PEs with short local com-
munication and regular architecture enables a high clock frequency and limited global data transfer.
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Table 4. Summary of ASIC-Based AI-Accelerators

Design Process Area Peak Perf. Energy Eff. Maturity-level
[nm] [mm2] [TOPS] [TOPS/W]

Samsung [187] 8 5.5 933 6.9 Silicon
UM+NVIDIA [223] 16 2.4 480 - Silicon
MediaTek [124] 7 3.04 880 3.6 Silicon
Alibaba [94] 12 709 700 825 Silicon
Samsung [151] 5 5.46 1196 29.4 Silicon
Samsung [152] 4 4.74 1197 39.3 Silicon
DaDianNao [27] 28 67.7 5.59 - Layout
ShiDianNao [27] 65 4.86 0.19 - Layout
Cambricon [224] 65 6.38 1.1 - Layout
EIE [82] 28 63.8 0.002 0.18 Simulation
Eyeriss [29] 65 16 0.03 0.07 Layout
STM [46] 28 34.8 0.75 2.9 Silicon
IBM [147] 14 9.84 3 1.1 Silicon
IBM [116] 7 19.6 16.3 3.58 Silicon

Although FPGAs have traditionally been proposed as accelerators for edge applications, they
are starting to be adopted also in data centers. Microsoft’s Project Brainwave [55] uses several
FPGA boards to accelerate the execution of RNNs in the cloud, exploiting the reconfigurability
to adapt the platform to different DL models. One way to face the limitations imposed by the
capability of FPGAs to effectively map very large DL models is to use a deeply pipelined multi-FPGA
design. Recent studies focus on optimizing this type of architecture and maximizing the overall
throughput [167, 181, 222]. In these application contexts, CGRAs represent an alternative to FPGAs,
providing reconfigurability with coarser-grained functional units. They are based on an array of PEs,
performing the basic arithmetic, logic, and memory operations at the word level and using a small
register file as temporary data storage. Neighboring PEs are connected through reconfigurable
routing that allows transferring intermediate results of the computations towards the proper
neighbors for the next computational step. CGRAs can represent a vaible solution to accelerate
dense linear algebra applications, such as ML, image processing, and computer vision [18, 63].

4.2 ASIC-Based Accelerators
To comply with the computational capabilities required by AI workloads, new powerful processing
architectures are upcoming. Among them, there are two different types of Neural Processing
Units: single-chip NPUs and NPUs integrated in the general purpose CPU. One of the main trends
toward the next generation of laptops follows the second option by pushing the performance of AI
workloads by integrating into the general-purpose CPU not only a GPU to accelerate graphics but
also an NPU. This is the case of the recent Lunar Lake Intel processor architecture [88]. Table 4
is an attempt to offer a common ground of different types of AI-accelerators in terms of process
technology node, area, peak performance, energy efficiency and maturity level.
The purpose of an integrated NPU is to accelerate the performance and improve the energy

efficiency of specific AI-tasks offloaded from the CPU [187]. In particular, NPUs are designed to
accommodate a reasonable amount of multiply/accumulate (MAC) units, which are the PEs devised
in the convolutional and fully-connected layers of DNNs [29, 46].
Each PE contains a synaptic weight buffer and MAC units to perform the computation of a

neuron, namely, multiplication, accumulation, and an activation function (e.g., sigmoid). A PE can
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be realized with full-CMOS optimized circuits to trade off speed and power consumption. One of
the most popular approaches adopted to this aim is referred to as approximate computing paradigm
to approximate the design at the cost of an acceptable accuracy loss. Representative approximate
computing techniques suitable to design efficient arithmetic data paths are overviewed in Section
A.5 of the Appendix A.

An alternative method to design PEs consists in using emerging non-volatile memories such as
RRAM and PCM to perform in situ matrix-vector multiplication as in the RENO chip [128] or as in
the MAC units proposed in References [145, 218]. The advantage of these architectures is that only
the input and final output are digital; the intermediate results are all analog and are coordinated
by analog routers. Data converters (DACs and ADCs) are required only when transferring data
between the NPU and the CPU with an advantage in terms of energy efficiency (the work in [218]
reports an energy efficiency of 53.17 TOPS/W), although there are insufficient experimental data to
support this evidence in comparison with full-digital NPUs.
In the DNN landscape, single-chip domain-specific accelerators achieved great success in both

cloud and edge scenarios. These custom architectures offer better performance and energy efficiency
concerning CPUs/GPUs thanks to an optimized data flow (or data reuse pattern) that reduces off-
chip memory accesses, while improving the system efficiency [28]. The DianNao series represents
a full digital stand-alone DNN accelerator that introduces a customized design to minimize the
memory transfer latency and enhance the system efficiency. DaDianNao [27] targets the datacenter
scenario and integrates a large on-chip embedded dynamic random access memory (eDRAM)
to avoid the long main memory access time. The same principle applies to the embedded scenario.
ShiDianNao [27] is a DNN accelerator dedicated to CNN applications. Using a weight-sharing
strategy, its footprint is much smaller than the previous design. It is possible to map all of the
CNN parameters onto a small on-chip static random access memory (SRAM) when the CNN model
is small. In this way, ShiDianNao avoids expensive off-chip DRAM access time and achieves 60
times more energy efficiency compared to DianNao. Furthermore, domain-specific instruction set
architectures (ISAs) have been proposed to support a wide range of NN applications. Cambricon
[224] and EIE [82] are examples of architectures that integrate scalar, vector, matrix, logical, data
transfer, and control instructions. Their ISA considers data parallelism and the use of customized
vector/matrix instructions.

Eyeriss is another notable accelerator [29] that can support high throughput inference and
optimize system-level energy efficiency, also including off-chip DRAMs. The main features of
Eyeriss are a spatial architecture based on an array of 168 PEs that creates a four-level memory
hierarchy, a dataflow that reconfigures the spatial architecture to map the computation of a given
CNN and optimize towards the best energy efficiency, a network-on-chip (NoC) architecture that
uses both multi-cast and point-to-point single-cycle data delivery, and run-length compression
(RLC) and PE data gating that exploit the statistics of zero data in CNNs to further improve EE.

In Reference [46], STMicroelectronics introduced the Orlando system-on-chip, a 28nm FDSOI-
based CNN accelerator integrating an SRAM-based architecture with low-power features and
adaptive circuitry to support a wide voltage range. Such a DNN processor provides an energy-
efficient set of convolutional accelerators supporting kernel compression, an on-chip reconfigurable
data-transfer fabric, a power-efficient array of DSPs to support complete real-world computer
vision applications, an ARM-based host subsystem with peripherals, a range of high-speed I/O
interfaces, and a chip-to-chip multilink to pair multiple accelerators together.

IBM presented in Reference [147] a processor core for AI training and inference tasks applicable
to a broad range of neural networks (such as CNN, LSTM, and RNN). High compute efficiency is
achieved for robust FP16 training via efficient heterogeneous 2-D systolic array-SIMD compute
engines that leverage DLFloat16 FPUs. Amodular dual-corelet architecture with a shared scratchpad
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memory and a software-controlled network/memory interface enables scalability to many-core
SoCs for scale-out paradigms. In 2022, IBM also presented a 7-nm four-core mixed-precision AI chip
[116] that demonstrates leading-edge power efficiency for low-precision training and inference
without model accuracy degradation. The chip is based on a high-bandwidth ring interconnect to
enable efficient data transfers, while workload-aware power management with clock frequency
throttling maximizes the application performance within a given power envelope.
Qualcomm presented an AI core that is a scalar 4-way VLIW architecture that includes vec-

tor/tensor units and lower precision to enable high-performance inference [24]. The design uses a
7 nm technology and is sought to be integrated into the AI 100 SoC to reach up to 149 TOPS with a
power efficiency of 12.37 TOPS/W.

4.3 Accelerators for Sparse Matrices
Network pruning and zero-valued activations introduce sparsity that can be exploited by hardware
accelerators to achieve compute and data reduction. This section overviews accelerator architectures
designed to manage sparse matrices. Definitions, storage formats appropriate for sparse matrices,
and their impacts on the computational complexity of DL models are discussed in Appendix A.6.
Eyeriss [29] targets CNN acceleration by storing in DRAM only nonzero-valued activations in

Compressed Sparse Columns (CSC) format and by skipping zero-valued activations to save
energy. Eyeriss v2 [30], which targets DNNs on mobile devices, also supports sparse network
models. It utilizes the CSC format to store weights and activations, which are kept compressed not
only in memory but also during processing. To improve flexibility, it uses a hierarchical mesh for
the PEs interconnections. By means of these optimizations, Eyeriss v2 is significantly faster and
more energy-efficient than the original Eyeriss.
Cnvlutin [4] uses hierarchical data-parallel units, skips computation cycles for zero-valued

activations and employs a co-designed data storage format based on Compressed Sparse Rows
(CSR) to compress the activations in DRAM.However, it does not consider the sparsity of theweights.
On the contrary, Cambricon-X architecture [224] enables the PEs to store the compressed weights
in CSR format for asynchronous computation. However, it does not exploit activation sparsity. EIE
[82], besides compressing the weights through a variant of CSC sparse matrix representation and
skipping zero-valued activations, employs a scalable array of PEs, each storing a partition of the
DNN in SRAM that allows obtaining significant energy savings with respect to DRAM. NullHop
[2] applies the Compressed Image Size (CIS) format to the weights and skips the null activations,
similarly to EIE. Sparse CNN (SCNN) [150] is an accelerator architecture for inference in CNNs. It
employs a cluster of asynchronous PEs comprising several multipliers and accumulators. SCNN
exploits sparsity in both weights and activations, which are stored in the classic CSR representation.
It employs a Cartesian product-based computation architecture that maximizes the reuse of weights
and activations within the cluster of PEs; the values are delivered to an array of multipliers, and the
resulting scattered products are summed using a dedicated interconnection mesh. By exploiting
two-sided sparsity, SCNN improves performance and energy over dense architectures. SparTen
[71] is based on SCNN [150]. It addresses some considerable overheads of SCNN in performing the
sparse vector-vector dot product by improving the distribution of the operations to the multipliers
and allows using any convolutional stride. It also addresses unbalanced sparsity distribution across
the PEs employing an offline software scheme. The PermDNN architecture [43] uses permuted
diagonal matrices to not generate load imbalance which is caused by the irregularity of unstructured
sparse DNN models.

SqueezeFlow [121] exploits concise convolution rules to benefit from the reduction of computa-
tion and memory accesses as well as the acceleration of existing dense CNN architectures without
intrusive PE modifications. The Run Length Compression (RLC) format is used to compress
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activations and weights. A different strategy is pursued by the Unique Weight CNN (UCNN)
accelerator [85], which proposes a generalization of the sparsity problem. Rather than considering
only the repetition of zero-valued weights, UCNN exploits repeated weights with any value by
reusing CNN sub-computations and reducing the model size in memory. SIGMA [163] is charac-
terized by a flexible and scalable architecture that offers high utilization of its PEs regardless of
kernel shape (i.e., matrices of arbitrary dimensions) and sparsity pattern. It targets the acceleration
of GEMMs with unstructured sparsity. Bit-Tactical [42] uses a static scheduling middleware and
a co-designed hardware front-end, with a lightweight sparse shuffling network that comprises
two multiplexers per activation input. Unlike SIGMA and other accelerators, Bit-tactical leverages
scheduling in software to align inputs and weights. Flexagon [142] is a reconfigurable accelerator
capable of performing sparse-sparse matrix multiplication computation by using the particular
data flow that best matches each case.

Besides the design of specialized hardware accelerators to exploit model sparsity, a parallel trend
is to use GPU architectures. Pruned sparse models with unstructured sparse patterns introduce
irregular memory accesses that are unfriendly on commodity GPU architectures. The first direction
to tackle this issue is at the software layer, using pruning algorithms that enforce a particular
sparsity pattern, such as tile sparsity [75], on the model that allows leveraging existing GEMM
accelerators. A second direction is to introduce new architectural support, such as Sparse Tensor
Cores [140]. The NVIDIA Ampere architecture introduces this design with a fixed 50% weight
pruning target and achieves a better accuracy and performance tradeoff. However, sparsity from
activations, which are dynamic and unpredictable, is challenging to leverage on GPUs. Indeed, the
current Sparse Tensor Core can take advantage of weight sparsity. Reconfigurability appears to be
a keyword for the design of new sparse accelerators because some network models exhibit dynamic
sparsity [53], where the position of non-zero elements changes over time.

4.4 Accelerators Based on Open-Hardware RISC-V
RISC-V is an open-source, modular instruction set architecture (ISA) that is gaining popularity in
computer architecture research due to its flexibility and suitability for integration with acceleration
capabilities for DL. The RISC-V ISA is designed with a small, simple core that can be extended
with optional instruction set extensions (ISEs) to support various application domains. RISC-V
offers several advantages for DL acceleration research. First, the modular nature of the ISA allows
researchers to easily integrate acceleration capabilities as ISEs, which can be customized to suit
the specific needs of different DL models. Second, RISC-V supports a set of standard interfaces,
such as AXI4, that can be used to interface with external acceleration units integrated on the
same System-on-Chip at various levels of coupling. This makes it easy to integrate specialized DL
hardware accelerators into RISC-V-based systems. Moreover, the defining feature of the RISC-V
ISA is its openness, meaning that anybody can design a RISC-V implementation without paying
royalties or needing a particular license. Thanks to this non-technical advantage against other ISAs
(such. as ARM, x86), RISC-V has gained significant attention from academia and emerging startups.
Figure 4 reports a synthetic taxonomy of representative RISC-V-based accelerators for DL.

4.4.1 RISC-V ISA Extensions for (Deep) Learning. Works in [36, 132] propose ISA extensions
for posit numbers which can be used to do weight compression. Posit numbers need fewer bits
to obtain the same precision or dynamic range of IEEE floats allowing them to store more weights
in a same-sized memory. For example, the work in [36] provides an efficient conversion between
8- or 16-bit posits and 32-bit IEEE floats or fixed point formats with little loss in precision leading
to a 10x speedup in inference time. Other works directly address the compute-intensive parts of
different neural networks, in particular CNNs, GCNs, and transformers. The new Winograd-based
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RISC-V for Deep Learning

Specialized ISA & SIMD

Dustin [148], Marsellus [37], Kraken [48]
Manticore [221], Celerity [40], Tenstorrent [203]

exSDOTP [12], Esperanto [49], CNC [26]
Cococcioni [36], PERCIVAL [132], Wang [212]

Tang [197], RISC-VTF [93], Paulin [154]
Occamy [155], Zhou [226], speedAI240 [186]
DECADES [60], CIFER [119], RDCIM [220]

Shaheen [202], FlexNN [143]

Vector Co-Processor

Lee [118], AVA [113]
Spatz [21], Vitruvius+ [138]

Ara [20], Perotti [158]
Xuantie [25], Arrow [10]
Ventana [207], Vecim [214]
MANIC [70], YUN [157]

Xvpfloat [78]

Memory-Coupled NPUs

L1-Coupled

Darkside [65], Marsellus [37]
Garofalo [64], Vega [172]

RedMulE [198, 199], Archimedes [161]
Bruschi [16], GAP9 [74]

Siracusa [162]

L2-Coupled

SNCPU [100], SamurAI [139]
Gemmini [66], DIANA [86]
TinyVers [90], Kraken [48]
Simba [182], Lee [117]

Tambe [195]
Metis AIPU [80]

L3-Coupled

Gonzalez [72]
ESP [91]

Dos Santos [50]

Fig. 4. Taxonomy of RISC-V based acceleration units discussed in Section 4.4.

convolution instruction proposed in [212] enables to compute a convolution producing a 2 × 2
output using a 3 × 3 kernel on a 4 × 4 input in a single instruction using 19 clock cycles instead of
multiple instructions totaling 140 cycles using the standard RISC-V ISA. The set of general-purpose
instructions for GCNs designed in [197] mitigate the compute inefficiencies in aggregating and
combining feature vectors. As such the authors combine the software programmability given
by the RISC-V ISA with the compute efficiency of GCN accelerators. Similarly, [93] focuses on
transformer models. Notably, the extension comprises instructions to accelerate the well-known
ReLU activation and softmax functions. Paulin et al. [154] performs a similar task but focuses
on RNNs.
Many ISA extensions focus on low-bit-width arithmetics to accelerate inference of Quantized

Neural Networks (QNNs), often combined with multi-core parallel execution to further boost
performance and efficiency. Several developments augment the PULP RI5CY core used in Vega
[172] to improve its energy efficiency on QNNs. Marsellus [37] (16 cores) and Kraken [48] (8 cores)
use Xpulpnn, an ISA extension for low-bitwidth (2/4-bit) integer dot-products used to accelerate
symmetric precision QNNs, which is further extended in FlexNN [143]. Dustin [148] (16 cores) also
exploits a similar concept, but it also introduces a lockstep mechanism to operate all the cores in a
SIMD fashion, further increasing their efficiency. Shaheen [202] exploits the same techniques in a
more powerful SoC dedicated to applications for unmanned aerial vehicles. Many architectures,
like Manticore [221], Occamy [155], CIFER [119], and DECADES [60], exploit ISA extensions for
faster RISC-V based DL workload execution in the context of many-core architectures where a
large number of cores cooperate On the other hand, this approach is also popular with emerging
commercial platforms, such as Celerity [40], Esperanto [49], Tenstorrent [203], and speedAI240
[186]. All these architectures are targeted at datacenter-based training and batch inference of
large DNNs, Transformers, and Large Language Models (LLMs): hence, they typically focus on
floating point multiply-accumulate and dot-product operations, such as exSDOTP [12]. Finally, a
growing trend is to integrate digital in-memory computing (IMC) devices inside the pipeline of
RISC-V processors as instruction set extensions. Two notable early examples at the silicon prototype
maturity level are given by RDCIM [220] and Zhou et al. [226].

4.4.2 RISC-V Vector Co-Processors. Vector co-processors represent a sort of natural architectural
target for DL-oriented RISC-V acceleration. AVA [113], Vitruvius+ [138], Ara [20, 157, 158],
Xvpfloat [78], MANIC [70] are academic vector co-processors meant to accelerate the full RISC-V V
extension for vectorizable applications, including DL. Commercial RISC-V vector processors mainly
targeted at HPC markets, such as Xuantie [25], and Ventana [207], have recently started appearing.
In addition, vector co-processors explicitly tailored for DL, like Spatz [21] and Arrow [10], have
been developed. The former, in particular, focuses only on a subset of the V extension and on 32-bit
data, capturing better opportunities for energy efficiency. Further pushing this trend, Vecim [214]
uses an IMC array to implement part of a reduced-precision (FP16) DL-dedicated vector extension
for RISC-V.
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Fig. 5. Performance and power consumption of SotA DL accelerators based on open-HW RISC-V.

4.4.3 RISC-V Memory-coupled Neural Processing Units (NPUs). Concerning the tightest kind of
memory coupling, at L1, most proposals in the state-of-the-art are based on the Parallel Ultra-Low
Power (PULP) template, and devote significant effort to enabling fast communication between RISC-
V cores and accelerators. Representative system architectures designed in this way are available
at several levels of maturity, like the prototypes Vega [172] and Darkside [65], the commercial
products GreenWaves Technologies GAP9 [74], Archimedes [161] and Siracusa [162], and the
simulation templates [64] and [16].

Moving the shared memory from L1 to L2/L3, there are other NPU solutions in the state-of-the-art.
For example, SNCPU [100], can act as either a set of 10 RISC-V cores or be reconfigured in a systolic
NPU. In [72] and [66], systolic arrays generated by Gemmini are coupled with a RISC-V core by
exploiting a shared L3 or L2 memory, respectively. Simba [182] is also meant to be scaled towards
server-grade performance using the integration of chiplets on multi-chip modules. ESP [68, 69] and
[195] also focus on integrating hardware accelerators and NPUs in large-scale Network-on-Chips
using RISC-V cores as computing engines. Axelera AI propose a so-far unique architecture that uses a
L2 shared-memory accelerator exploiting digital SRAM-based IMC, called Metis AIPU [80]. SamurAI
[139], TinyVers [90], and DIANA [86] build up AI-IoT systems composed of a microcontroller and
L2-coupled NPUs. Kraken [48] couples the RISC-V ISA-extended cluster with specialized L2-coupled
Spiking Neural Network (SNN) and Ternary Neural Network (TNN) accelerators.

4.4.4 Summary. Figure 5 clearly shows that RISC-V-based solutions occupy essentially the full
spectrum of DL architectures ranging from 10 mW microcontrollers up to 100 W SoCs meant
to be integrated as part of HPC systems. So far, most of the research has focused on the lower
end of this spectrum, striving for the best energy efficiency. We can observe how efficiency is
strongly correlated with architectural techniques yielding accuracy (e.g., data bit-width reduction
& quantization) and with the usage of emerging computational paradigms such as in-memory
computing. Table 5 compares the above discussed architectures quantitatively and reports their
highest performance and energy efficiency values.

5 Accelerators Based on Emerging Technologies
To design efficient DNN hardware accelerators, combining optimized memory architectures and
processing modules is crucial to achieve high speed at reasonable costs and power dissipation.
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Table 5. Summary of RISC-V Deep Learning Acceleration Architectures

Category Accelerator Tech [nm] Area [mm2] Freq [MHz] Voltage [V] Power [mW] Perf [GOPS] Eff [GOPS/W] # MAC units Data Type Maturity

ISA

Dustin [148] 65 10 205 1.2 156 33.6 215 128 INT2 x INT4 Silicon
Kraken (RISC-V cores) [48] 22 9 330 0.8 300 75 750 128 INT2 Silicon
Manticore [221] 22 888 500 0.6 200 25 188 24 FP64 Pre-silicon
Celerity [40] 16 25 1050 - 1900 - - 496 INT32 Silicon
Tenstorrent [203] 12 477 - - - 92000 - - FP16 Silicon
exSDOTP [12] 12 0.52 1260 0.8 278 160 575 16 FP8 Pre-silicon
Esperanto [49] 7 570 1000 - 20000 139000 6.95 69632 INT8 Silicon
CNC [26] 4 1.92 1150 0.85 510 75.8 149 512 INT8 Silicon
Occamy [155] 12 146 1000 0.8 23000 770 28.1 432 FP64 Silicon
Zhou et al. [226] 28 - 50 - 13 3690 285 144000 1–bit INT2 (IMC) Simulation
speedAI240 [186] 7 - 1300 - 67000 2000000 30000 372000 FP8 Simulation
DECADES [60] 12 62 911 1.2 - 1460 - 60 INT64 Silicon
CIFER [119] 12 16 1195 0.8 1792 15.54 6.63 14 FP32 Silicon
RDCIM [220] 55 9.8 200 1.2 43 2820 66300 524288 1–bit INT4 (IMC) Silicon
Shaheen [202] 22 9 500 0.8 195 26 133 8 INT2 Silicon
FlexNN [143] 22 0.55 463 0.65 26 85 3260 128 INT2 Pre-silicon

Vector

Lee et al. [117] 14 181 2000 0.8 60000 64000 1450 16384 INT8 Silicon
AVA [113] 22 3.9 - - - - - - FP64 Pre-silicon
Spatz [21] 22 20 594 0.8 1070 285 266 256 INT32 Pre-silicon
Vitruvius+ [138] 22 1.3 1400 0.8 459 21.7 47.3 8 FP64 Pre-silicon
Ara [20] 22 10735 kGE 1040 0.8 794 32.4 40.8 16 FP64 Pre-silicon
Perotti et al. [158] 22 0.81 1340 0.8 280 10.4 37.1 4 FP64 Pre-silicon
Vecim [214] 65 4 250 1 110 25.3 230 4 FP16 (IMC) Silicon
MANIC [70] 22 0.57 48.9 1.05 2 0.512 256 1 INT32 Silicon
YUN [157] 65 6 280 1.2 707 2.83 4 4 FP64 Silicon
Xvpfloat [78] 7 0.14 1250 0.675 - - - 1 FP64 Pre-silicon

L1 NPU

Darkside [65] 65 3.85 200 1.2 89.1 12.6 152 32 FP16 Silicon
Marsellus (NPU) [37] 22 18.7 420 0.8 123 637 7600 10368 1–bit INT2 Silicon
Garofalo et al. [64] 22 30 500 0.8 150 958 6390 36 (DW) INT8 Pre-silicon
Vega [172] 22 12 450 0.8 49.4 32.2 651 27 INT8 Silicon
RedMulE [198, 199] 22 0.73 613 0.8 193 117 608 96 FP16 Pre-silicon
Archimedes [161] 22 3.38 270 0.65 112 1198 10.6 5184 INT2 x INT8 Pre-silicon
Bruschi et al. [16] 5 480 - - 3070 20000 6500 3.35 × 107 Analog (IMC) Simulation
Siracusa [162] 16 16 360 0.8 332 1950 7000 10368 1 × 8–bit INT2 x INT8 Silicon

L2 NPU

SNCPU [100] 65 4.47 400 1 116 75.9 655 100 INT8 Silicon
SamurAI [139] 28 4.52 350 0.9 94.7 36 380 64 INT8 Silicon
Gemmini [66] 22 1.03 1000 - - - - 256 INT8 Pre-silicon
DIANA (digital) [86] 22 10.24 280 0.8 132 230 1740 256 INT8 Silicon
DIANA (analog) [86] 22 10.24 350 0.8 132 18100 176000 256 Analog (IMC) Silicon
TinyVers [90] 22 6.25 150 0.8 20 17.6 863 64 INT8 Silicon
Simba [182] 16 6 161 0.42 - - 9100 1024 INT8 Silicon
Metis AIPU [80] 12 144 800 0.68 3490 52400 15000 - INT8 (IMC) Silicon
Tambe et al. [195] 12 4.59 717 1 111 734 6612 - FP4 Silicon

L3 NPU
Gonzalez et al. [72] 22 16 961 - - - 106.1 256 INT8 Silicon
ESP [91] 12 21.6 1520 1 1830 - - 3x NVDLA INT8 Silicon
Dos Santos et al. [50] 12 64 1600 1 4330 - - 4x NVDLA INT8 Silicon

Such architectures must be designed taking into account the large amount of memory necessary
to store the input feature maps, weights, and intermediate results generated by the convolutional
layers in a DNN. Moreover, managing DNN computational models causes a large number of data
movements between the memory and the processing elements, often posing a challenge in terms
of achievable speed performance, energy consumption, and memory bandwidth. For these reasons,
several innovative memory architectures and technologies have recently emerged to increase
memory capacity and data bandwidth, to reduce memory access latency, and potentially to improve
the power efficiency. In this Section, we discuss several technologies: Processing-in-Memory and
In-Memory Computing (see Figure 6), Neuromorphic accelerators, approaches based on Multi-Chip
Modules, and Quantum and Photonic computing.

5.1 Processing-in-Memory
Processing-in-Memory (PIM) solutions are mostly implemented on DRAM modules. PIMs’ com-
puting elements can compute in parallel in all subarrays/banks, accessing data through the internal
DRAM buses, and reducing the amount of data transferred between host and memory. Depending
on where the computation is performed, we can identify three main categories of PIMs [173]: (1)
In-subarray PIMs (the compute occurs at the local sense amplifiers), (2) bank-level PIMs (processing
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Processing-in-Memory and In-memory Computing

PIM

In-subarray (DRAM)

DRISA/DrAcc[44, 122], IMI[54]
SIMDRAM[81], PIM-DRAM[173]

Logic die (3D-DRAM)

Neurocube[103], Tetris[62]
NeuralHMC[137], VIMA[38]

Bank (3D-DRAM)

Newton[84]
HBM-PIM[111]

IMC

SRAM

Orlando [46],
STM-IMC [45]

PCM

Hermes [101],
IBM [59], PCM-AIMC [64]

RRAM

ISAAC [180], PipeLayer [188]
NeuralPIM [17], NeuRRAM [211]

Fig. 6. Taxonomy of accelerators based on the emerging memory technologies discussed in Sections 5.1
and 5.2.

Table 6. Summary of Processing-in-Memory DNN Accelerators

PIM Year Integration Level Mem. Tech. Functions Data Type Tech. Node Performance [GOPs/s] Power [W] Maturity
DRISA/DrAcc[44, 122] 2017 In-subarray 2D DRAM XOR variable - - - Simulation
IMI[54] 2017 In-subarray 2D DRAM boolean variable - - - Simulation
SIMDRAM[81] 2021 In-subarray 2D DRAM MAJ/NOT variable - - - Simulation
PIM-DRAM[173] 2021 In-subarray 2D DRAM ADD/AND variable - - - Simulation
Neurocube[103] 2016 Logic die HMC MAC 16-bit fixed point 15nm 132 3.4 + HMC Layout
Tetris[62] 2017 Logic die HMC ALU/MAC 16-bit fixed point 45nm - 8.42 Simulation
NeuralHMC[137] 2019 Logic die HMC MAC 32-bit floating point - - - Simulation
VIMA[38] 2021 Logic die HMC ALU/MULT/DIV 32-bit integer/floating point - - 3.2 + HMC Simulation
Newton[84] 2020 Bank HBM MAC bfloat16 - - - Simulation
HBM-PIM[111] 2020 Bank HBM ALU/MAC 16-bit floating point 20nm 1200 - Silicon

logic is integrated into each DRAM die at the level of the memory banks, after the column decoder
and selector blocks), and (3) logic-die level PIMs (compute cores are embedded into the logic die of
a 3D-stacked memory block). Table 6 presents a summary of the three types of PIM accelerators.

3D-stacked memory blocks rely on the possibility of stacking layers of conventional 2D DRAM
or other memory types together with one or more optional layers of logic circuits. These logic
layers are often implemented with different process technologies and can include buffer circuitry,
test logic, and PEs. Two main 3D stacked memory standards have been recently proposed: the
Hybrid Memory Cube (HMC) and the High Bandwidth Memory (HBM). They both provide highly
parallel access to the memory, a sought-after characteristic in the highly parallel architecture of
the DNN accelerators. The PEs of 3D stacked DNN accelerators can be embedded in the logic die
or in the memory dies, significantly reducing the latency of accessing data in main memory, and
improving the system energy efficiency. However, as detailed in Section A.7 of Appendix A, there
are some challenges and limitations to consider when using this technology [104].

Most in-subarray PIMs for DNNs rely on solutions similar to Ambit [178] and RowClone [177] for
implementing the computing elements. Ambit exploits the analog operation of DRAM technology
to perform bit-wise AND, OR and NOT operations completely inside the DRAM. RowClone is a
mechanism that efficiently copies rows inside the same DRAM subarray by exploiting the vast
internal DRAM bandwidth without CPU intervention.
DRISA[122] leverages these technologies by implementing bit-wise XORs, and by expressing

more complex functions as sequences of such a basic operation. Additional logic (e.g., shifters) and
modifications in the memory controllers are needed for driving the execution of operation opcodes.
Higher bit-widths are supported, but with the execution time increasing exponentially. However,
multiple subarrays and banks provide large parallelism and large computational throughput. While
DRISA evaluates the implementation of CNNs with binary weights, DrAcc [44] focuses on CNNs
with ternary weights.

The Micron In-Memory Intelligence (IMI) architecture [54] is built on simple bit-serial com-
puting elements placed below standard DRAM array’s sense-amplifiers and provides the memory
block with the ability for massive SIMD parallelism by supporting vector instructions over an entire
bank. Complex operations are implemented as serial sequences of basic logic functions, such as
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Fig. 7. (a) Neurocube architecture. (b) HBM-PIM architecture.

XOR and AND. A control unit is attached to each DRAM bank and translates the IMI instruction to
be executed into row-cycles that control the SIMD computing elements.

SIMDRAM [81] is a flexible general-purpose processing-using-DRAM framework that provides a
flexible mechanism to support the implementation of arbitrary user-defined operations as sequences
of basic functions including MAJ and NOT. The sequence of DRAM commands generated by the
framework are executed by a control unit located inside the memory controller, which manages
the computation from start to end.

PIM-DRAM [173] is an in-subarray PIM, which performs multiplications as sequences of bit-wise
in-subarray addition and AND operations while the accumulation and activation functions are
performed in the bank architecture. The processing happens by enabling multiple wordlines at the
same time to leverage the large available internal DRAM bandwidth.
A first example of a logic die-level PIM implementation is Neurocube [103] that, as shown in

Figure 7(a), is embedded into the logic die of an HMC, and consists of a cluster of PEs connected
by a 2D mesh Network-on-Chip (NoC). The PE is composed of a row of multiply accumulator
(MAC) units, a cache memory, a temporal buffer, and a memory module for storing shared synaptic
weights. Each PE is associated with a single memory vault and can operate independently and
communicate through the TSVs and the vault controller. A host communicates with the Neurocube
through the external links of the HMC to configure the Neurocube for different neural network
architectures. Each vault controller in the HMC has an associated programmable neuro sequence
generator (PNG), i.e., a programmable state machine that controls the data movements required for
neural computation. Neurocube implements an output stationary dataflow.

Tetris [62] uses an HMC memory stack organized into 16 vaults. Each vault is associated with a
PE, connected to the vault controller, and composed of a systolic array of 14 × 14 PEs and a small
SRAM buffer, shared among the PEs. A 2D mesh NoC connects all the PEs. The dimension of the
buffers in the logic layer is reduced and optimized to take into account the lower cost of accessing
the DRAM layers, as well as the area constraints of the 3D package. Each PE has a register file and
a MAC locally storing the inputs/weights and performing computations. Tetris implements a row
stationary dataflow that maps 1D convolutions onto a single PE. A 2D convolution is orchestrated
on the 2D array interconnect so that the data propagation among PEs remains local. In [62], an
optimal scheduling is discussed to maximize on-chip reuse of weights and/or activations, and
resource utilization. However, a programming model is not presented.

NeuralHMC [137] adopts a weight-sharing pipelined MAC to lower the cost of accessing weight
data, by reducing the original 32-bit floating-point weights to a 5 or 8-bit cluster index, saving
memory consumption. Moreover, it allows reducing and optimizing packet scheduling and on-chip
communication in multi-HMC architectures.
The HIVE architecture [5] extends the HMC ISA for performing common vector operations

directly inside the HMC. By migrating ML kernels on near-data processing (NDP) architectures
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Table 7. Summary of IMC Accelerators Based on RRAM and PCM Memories

Accelerator Technology Process Application Area
[mm2]

Power
[mW]

Performance
[GOPS]

EE [GOPS/W] AE
[GOPS/mm2]

Maturity-level

ISAAC [180] RRAM+CMOS 32 nm CNN 85.4 65800 - 380.7 466.8 Simulation
PipeLayer [188] RRAM+CMOS - CNN 82.63 - - 140 1485 Simulation
NeuralPIM [17] RRAM+CMOS 32 nm CNN+RNN 86.4 67700 - 2040.6 1904 Simulation
PRIME [31] RRAM+CMOS 65 nm MLP+CNN - - - 2100 1230 Simulation
NeuRRAM [211] RRAM+CMOS 130 nm CNN+RNN+RBN 159 49.7 2135 43000 - Layout
Hermes [101] PCM+CMOS 14 nm MLP+CNN+LSTM - - - 10500 1590 Silicon

capable of large-vector operations, the Vector-In-Memory Architecture (VIMA) proposed in [38]
supports all ARM NEON Integer and floating-point instructions, operating over vectors of 8 KB of
data by fetching data over the 32 channels (vaults) of the HMC in parallel. In this way, it leads to a
significant speed-up and energy reduction with respect to an x86 baseline.
Several accelerators adopting the bank-level PIM approach can be found in the literature. The

Newton fixed data flow accelerator proposed in [84] employs only MAC units, buffers, and a
DRAM-like command interface with the host CPU, avoiding the overhead and granularity issues
of launching the kernel and switching between the PIM/non-PIM operational modes. The output
vector write traffic is reduced by means of an unusually wide interleaved layout (DRAM row-wide).
Moreover, input/output vectors have high reuse while the matrix has no reuse.
HBM-PIM [111] implements a function-in-memory DRAM (FIMDRAM) that integrates a

16-wide SIMD engine within the memory banks exploits bank-level parallelism to provide 4×
higher processing bandwidth than an off-chip memory solution (Figure 7(b)). Each computing
unit (PCU) is shared among two banks, and there are 8 PCUs per pseudo-channel. The PCU is
divided into a register group, an execution unit, a decoding unit for parsing instructions needed
to perform operations, and interface units to control data flow. The register group consists of a
command-register file for instruction memory (CRF), a general-purpose register file for weight and
accumulation (GRF), and a scalar register file to store constants for MAC operations (SRF). The PIM
controller is integrated to support the programmability of the PCU and the seamless integration
with the host by determining the switching between the PIM/non-PIM operational modes. If the
PIM mode is asserted, the PCUs execute the instructions pre-stored in the CRF, incrementing the
program counter every time a DRAM’s read command is issued. 3D-stacked PIM has also been
proposed for accelerating applications loosely related to DNNs. We present a brief overview of
these accelerators in Section A.7 of the Appendix A.

5.2 In-Memory Computing
IMC has been proposed to break both thememory and the compute wall in data-driven AI workloads,
using either SRAM or emerging memory technologies (such as PCM and RRAM described in Section
A.8 of Appendix A) integrated in a dedicated accelerator (Table 7).

Full-digital IMC designs offer a fast path for the integration of the next generation of neural
processing systems like NPUs. Recently, STMicroelectronics proposed a scalable and design time
parametric IMC-NPU relying on digital SRAM IMC for edge AI [45]. This architecture is the
evolution of the Orlando SoC [46] and is specialized in accelerating the inference workloads.
When manufactured in 18 nm FDSOI technology, this IMC-NPU achieves an energy efficiency of
77 TOPS/W and an area efficiency of 13.6 TOPS/mm2. With its four key features and dedicated
hardware able to lower the activity of the memory early terminating the operations when needed,
NeuroCIM [106] achieves 310.4 TOPS/W. The ISAAC non-volatile inference-based machine on
RRAM technology [180] is a tile-based architecture for CNN processing which combines the
data encoding and the processing steps within in situ MAC units (IMA). The design is pipelined
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fetching data from an external eDRAM chip to the computing tile. The data format in ISAAC
is fixed at 16-bit. During computation, at each clock cycle, 1-bit is given as input to the IMA,
whose result is converted to the digital format, thus requiring 16 clock cycles to process the
input. Such a design allows implementing the computation on different tiles in a fully pipelined
approach to increase computing performance and throughput. The PipeLayer [188] architecture
introduces intra-layer parallelism and an inter-layer pipeline for tiled architecture, using duplicates
of processing units featuring the same weights to process multiple data in parallel. Designs like
PRIME [31] take part of the RRAMmemory arrays to serve as acceleration instead of adding an extra
processing unit for computation. As outlined in Reference [17], existing PIM RRAM accelerators
suffer from frequent and energy-intensive analog-to-digital (A/D) conversions, severely limiting
their performance. To efficiently accelerate DL tasks by minimizing the required A/D conversions,
a new architecture was presented with analog accumulation and neural-approximated peripheral
circuits. The new dataflow introduced in [17] remarkably reduces the required A/D conversions for
matrix-vector multiplications by extending shift-and-add operations to the analog domain before
the final quantization. A summary of the technological features in major RRAM accelerators can
be found in [184].

The first PCM-based silicon demonstrator for DNN inference is Hermes [101] which consists of
a 256x256 PCM cross-bar and optimized ADC circuitry to reduce the read-out latency and energy
penalty. The SoC is implemented in 14nm technology, showing 10.5 TOPS/W energy efficiency
and performance density of 1.59 TOPS/mm2. The same 256x256 PCM cross-bar has been integrated
into a scaled-up mixed-signal architecture that targets the inference of long short-term memory
(LSTM) and ResNet-based neural networks [59]. The chip, implemented in the same 14nm
technology, consists of 64 analog cores interconnected via an on-chip communication network and
complemented with digital logic to execute activation functions, normalization, and other kernels
than Matrix-Vector Multiplications (MVMs). The accelerator achieves a peak throughput
of 63.1 TOPS with an energy efficiency of 9.76 TOPS/W for 8-bit input/8-bit output MVM
operations.
Besides silicon stand-alone demonstrators, the PCM technology is evaluated from a broader

perspective in heterogeneous architectures that target different classes of devices, from IoT end
nodes to many-core HPC systems. Such studies aim to highlight and overcome the system-level
challenges that arise when PCM technology is integrated into more complex mixed-signal systems.
For example, Garofalo et al. [64] analyze the limited flexibility of AIMC cores that can only sustain
MVM-oriented workloads, but they are inefficient in executing low-reuse kernels and other ancillary
functions such as batch-normalization and activation functions. To better balance Amdahl’s effects
that show up on the execution of end-to-end DNN inference workloads, they propose as a solution an
analog-digital edge system that complements the computing capabilities of PCM-based accelerators
with the flexibility of general-purpose cores. The architecture, benchmarked on a real-world
MobileNetV2 model, demonstrates significant advantages over purely digital solutions. Bruschi et
al. [16] leave the edge domain to study the potentiality of PCM-based AIMC in much more powerful
HPC many-core systems. The work presents a general-purpose chipset-oriented architecture of 512
processing clusters, each composed of RISC-V cores for digital computations and nvAIMC cores for
analog-amenable operations, such as 2D convolutions. This system is benchmarked on a ResNet18
DNN model, achieving 20.2 TOPS and 6.5 TOPS/W.

5.3 Neuromorphic Accelerators
Neuromorphic computing represents a paradigm shift from Von Neumann-based architectures
to distributed and co-integrated memory and PEs [56]. Neuromorphic chip architectures enable
the hardware implementation of spiking neural networks (SNNs) [168] and advanced bio-inspired
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Table 8. Summary of Neuromorphic Accelerators

Chip name Technology Cores Core Area
[mm2]

Neurons
per core

Synapses
per core

Weights storage Supply
Voltage [V]

Energy per SOP [J]

SpiNNaker [149] 0.13 𝜇m 18 3.75 1000 - Off-chip 1.2 >11.3n/26.6n
[176] 45 nm SOI 1 0.8 256 64k 1-bit SRAM 0.53 - 1.0 -
ODIN [57] 28 nm FDSOI 1 0.086 256 64k (3+1)-bits (SRAM) 0.55 - 1.0 8.4p/12.7p
MorphIC [58] 65 nm LP 4 0.715 512 528k 1-bit (SRAM) 0.8 - 1.2 30p/51p
TrueNorth [3] 28 nm 4096 0.095 256 64k 1-bit (SRAM) 0.7 - 1.05 26p
Loihi [41] 14 nm FinFET 128 0.4 1024 1M 1- to 9 bits (SRAM) 0.5 - 1.25 >23.6p

computing systems that have the potential to achieve even higher energy efficiency with respect to
DNN stand-alone accelerators described so far [3].
SpiNNaker chip [149] is a digital architecture designed on a 130 nm technology for SNN and

neuroscience simulation acceleration. It is based on a distributed von Neumann approach using a
globally asynchronous locally synchronous (GALS) design for efficient handling of asynchronous
spike data. The SpiNNaker 2 system [126] uses a 22 nm technology and embeds 4 ARM Cortex
M4F cores out of the planned 152 per chip. The objective is to simulate two orders of magnitude
more neurons per chip compared to [149]. However, it has been demonstrated that GPU-based
accelerators compare favorably to a SpiNNaker systemwhen it comes to large SNN and cortical-scale
simulations [107].

In comparisonwith the above-described accelerators, full-custom digital hardware leads to higher-
density and more energy-efficient neuron and synapse integration for SNN [56]. The 45 nm design
in Reference [176] is a small-scale architecture embedding 256 Leaky-Integration-Fire (LIF)
neurons and up to 64k synapses based on the Stochastic Synaptic Time Dependant Plasticity
(S-STDP) concept. Due to its reasonably high neuron and synapse densities and energy-efficiency,
this design is an ideal choice for edge computing scenarios. At the same integration scale, the ODIN
chip embeds 256 neurons and 64k Spike Driven Synaptic Plasticity (SDSP)-based 4-bit synapses
in a 28 nm CMOS process [57]. A first attempt to scale up the NPU for SNN is represented by the
65 nm MorphIC chip, which is based on the ODIN core integrated into a quadcore design [58].
Two large-scale neuromorphic platforms required for cognitive computing applications, are

currently offered: the 28 nm IBM TrueNorth [3] and the 14 nm Intel Loihi [41]. TrueNorth is a
GALS design embedding as high as 1M neurons and 256M binary non-plastic synapses per chip,
where neurons rely on a custom model that allows modifying their behaviors by combining up to
three neurons [19]. Loihi is a fully asynchronous design embedding up to 180k neurons and 114k
(9-bit) to 1M (binary) synapses per chip. Neurons rely on a LIF model with a configurable number of
compartments to which several functionalities such as axonal and refractory delays, spike latency,
and threshold adaptation have been added. The spike-based plasticity rule used for synapses is
programmable. Loihi will evolve then in the new Loihi 2 neuromorphic chip and TrueNorth into
the NorthPole platform [169].

Digital designs for neuromorphic chips can obtain versatility with a joint optimization of power
and area efficiencies. This flexibility is highlighted with platforms going from versatility-driven
(e.g., SpiNNaker) to efficiency-driven (e.g., ODIN and MorphIC), through platforms aiming at a
well-balanced trade-off on both sides (e.g., Loihi). Table 8 summarizes the main characteristics of the
neuromorphic chips described so far with particular insight on the Energy per spike operation (SOP).

5.4 Accelerators Based on Multi-Chip Modules
The alternate multichip-module (MCM) silicon interposer-based integration technology, described
in Section A.9 of Appendix A, offers several advantages over single-chip designs, including increased
functionality, reduced power consumption, higher performance, improved reliability, and cost
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Accelerators based on Multi-Chip Modules

General Purpose

Mounce [141], Vijayaraghavan [209]
Arunkumar [9], Lin [125]
Vivet [210], Martinez [133]

Domain-Specific

Kwon [110], Nurvitadhi [146], Verhelst [208]
Arvon [196], Lan [112], Lego [217] Chimera [160]

SWAP [183], SPRINT [123], Simba [182, 227], Instinct [185], DOJO [194]

Fig. 8. Taxonomy of MCM based accelerators discussed in Section 5.4.

savings. By utilizing MCM, designers can combine multiple chips and functionalities into a single
package, resulting in a reduced overall footprint and cost. Furthermore, MCM-based designs can
utilize off-the-shelf components and existing manufacturing processes and technology, contributing
to cost savings in overall manufacturing.

Figure 8 illustrates a comprehensive taxonomy of the MCM-based designs explored in this survey.
Specifically, Section A.9.2 of Appendix A discusses a collection of representative general-purpose
MCM-based designs, while this section concentrates on MCM-based DNN accelerators.
In the realm of DL, chiplet-based design is utilized to create hardware accelerators that are

both efficient and scalable. The chiplet-based design proposed in [110] is a viable solution to
provide higher performance at a lower cost compared to IP-based design. In [110], various aspects
of designing a chiplet AI processor are considered, including incorporating NPU chiplets, HBM
chiplets, and 2.5D interposers, ensuring signal integrity for high-speed interconnections, power
delivery network for chiplets, bonding reliability, thermal stability, and interchiplet data transfer
on heterogeneous integration architecture.
At the aim of balancing both data movement and compute capabilities of data-intensive

DL algorithms, keeping the entire DL model on-chip is becoming the new norm for real-time
services to avoid expensive off-chip memory accesses. In [146] it is shown how the integration
of FPGA with ASIC chiplets enhances on-chip memory capacity and bandwidth and provides
compute throughput that outperforms GPU-based platforms (NVIDIA Volta). Specifically, the
GPU and chiplet-based FPGA computing capabilities are 6% and 57% of their peak, respectively.
Moreover, the FPGA achieves a delay that is 1/16 and energy efficiency that is 34x better than
the GPU.
In accordance with the recent trend in DL accelerators, chiplet integration is considered

a promising implementation strategy for both homogeneous and heterogeneous multi-core
accelerators to further increase throughput and match the ever-growing computational demands
[208]. In Reference [112], a chiplet-based architecture is proposed for a multi-core neuromorphic
processor with a chip-package co-design flow. The proposed design is reusable for different
neuromorphic computing applications by scaling the number of chips in a package and by
reusing existing IPs from different technology nodes with 2.5D integration technology. The
MCM architecture presented in Reference [217] is a promising approach to address the issue of
using modern DNN accelerators in multi-tenant DNN data centers, but it leaves the challenge
of distributing DNN model layers with different parameters across chiplets still open. When a
dynamic scheduler is used to comply with the size of DNN model layers and increase chiplet
utilization, the Lego MCM architecture achieves a 1.51x speedup over a monolithic DNN accelerator.
Chimera [160] is a non-volatile chip for DNN training and inference that does not require off-chip
memory. Multiple Chimera accelerator chiplets can be combined in a multi-chip system to enable
inference on models larger than the single-chip memory with only 5% energy overhead. The
Arvon accelerator [196] is a heterogeneous System-in-Package that integrates a 14-nm FPGA
chiplet with two 22-nm DSP chiplets using embedded multidie interconnect bridge technology.
Arvon is designed to support various workloads, including neural network processing through
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Fig. 9. Simba architecture [182] from left to right: package with 36 chiplets, chiplet, and processing element.

a specific compilation procedure that optimizes workload distribution across the FPGA and DSP
chiplets.
Notable examples of commercial chiplet-based hardware accelerators include AMD’s Instinct

[185] and Tesla’s DOJO [194]. The AMD Instinct MI300 series are designed for HPC and AI
at exascale levels. They utilize a modular chiplet architecture that integrates data center-class
CPUs, GPU accelerated compute, AMD Infinity Cache, and 8-stack HBM3 memory in a single
package. Specifically, the MI300X model targets traditional dual-processor CPU servers with eight
GPU accelerators, host DDR, and device HBM for large AI model training and inference. The
MI300A model combines three Zen 4 CPU chiplets with six CDNA 3 GPU chiplets for high-density
HPC systems, facilitating seamless CPU-GPU interaction without explicit data transfers. The
Tesla’s DOJO system is an exascale computer designed for ML training applications. It features a
homogeneous modular architecture with a hierarchical chiplet-based organization. Each chiplet,
named D1 die, contains 354 DOJO nodes, each functioning as a full-fledged computer with dedicated
processing pipelines, local memory, and network interfaces. A training tile is formed by integrating
25 D1 dies within a single package.
SWAP [183] is a DNN inference accelerator based on the 2.5D integration of multiple resistive

RAM chiplets. In [183], a design space exploration flow is proposed to optimize the interconnection
Network-on-Package, minimizing inter-chiplet communications and enabling link pruning. Further
improvements are achieved in SPRINT [123], where a photonic-based interconnects is used as an
alternative to metallic-based inter-chiplet networks.

Finally, as a representative chiplet-based DNN hardware accelerator, we report Simba [182, 227].
Simba is a scalable DNN accelerator consisting of 36 chiplets connected in a mesh network on a
multi-chip module using ground-referenced signaling. Simba enables flexible scaling for efficient
inference on a wide range of DNNs, from mobile to data center domains. The prototype achieves
high area efficiency, energy efficiency, and peak performance for both one-chiplet and 36-chiplet
systems. Simba architecture is shown in Figure 9. It implements a tile-based architecture and adopts a
hierarchical interconnect to efficiently connect different PEs. This hierarchical interconnect consists
of a network-on-chip (NoC) that connects PEs on the same chiplet and a network-on-package
(NoP) that connects chiplets together on the same package. Each Simba chiplet contains an array
of PEs, a global PE, an NoP router, and a controller, all connected by a chiplet-level interconnect.
Table 9 presents a summary of the key characteristics of a representative subset of chiplet-based
DNN accelerators that were reviewed earlier.

5.5 Accelerators Based onQuantum Computing and Photonic Computing
Before concluding this Section, we would like to introduce some open challenges on two promising
technologies to further speed up AI workloads: Quantum Computing and Photonic Computing.
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Table 9. Summary of Chiplet-Based DNN Accelerators

Simba [182] Chimera [160] Arvon [196] Instinct [185] DOJO [194]

Technology 16nm 40nm 14nm FPGA
22nm DSP 6nm FinFET 7nm

Area 6 mm2* 29.2 mm2 32.3 mm2 - 645 mm2

Power Efficiency 9.1 TOPS/W** 2.2 TOPS/W 1.8 TFLOPS/W 0.7 TFLOPS/W 0.6 TFLOPS/W
Throughput 4–128 TOPS 0.92 TOPS 4 TFLOPS 383 TFLOPS 362 TFLOPS
Frequency 161 MHz–1.8 GHz 200 MHz 800 MHz 1.7–2.1 GHz 2 GHz
Precisions int8 int8, fp16 fp16 multi multi
On-chip Memory 752 KiB* 2.5 MB† - 4 MB 1.25 MB
Chiplet Bandwidth 100 GB/s 1.9 Gbps 7.68 Tb/s 17.2 TB/s 18 TB/s

Interconnect Wired Mesh
(GRS)

Wired
App. specific‡ Wired (EMIB) Infinity

Fabric 2D mesh

Applications CNN Inference Inference
Training

NN, Comm.
signal proc.

Inference
Training Training

*One chiplet, **When operating at a minimum voltage of 0.42 V with a 161 MHz PE frequency.
†2 MB RRAM, 0.5 MB SRAM, ‡C2C links (77 pJ/bit, 1.9 Gbits/s).

There is a general agreement that Quantum computers will not replace conventional com-
puting systems, but they will be used in combination with supercomputers to accelerate some
hard-to-compute problems. Quantum computers will play the role of unconventional accelerators
to outperform conventional supercomputers, thanks to the improved parallelism that enables the
so-called quantum speedup. Governments, supercomputing centers, and companies around the
world have also started to investigate 𝐻𝑜𝑤 /𝑊ℎ𝑒𝑛/𝑊ℎ𝑒𝑟𝑒 quantum processing units (QPUs) could
fit into HPC infrastructures to speed up some heavy tasks, such as DL workloads. Emerging trends
and commercial solutions related to hybrid quantum-classical supercomputers are described in
Reference [87]. To address this challenging trend, in October 2022, the EuroHPC Joint Undertaking
initiative selected six supercomputing centers across the European Union to host quantum
computers and simulators. IBM Research was the first provider to offer a cloud-based QC service.
IBM Qiskit [165] is an open-source SDK based on a library of quantum gates/circuits: Remote
users can develop quantum programs and execute them on quantum simulators and cloud-based
quantum processors. Cloud providers have also jumped into the quantum race. As an example,
Amazon Braket [14] is a QC service based on different types of quantum systems and simulators,
including the quantum annealer from D-Wave. On this trend, there is a general agreement that
GPUs will play a key role in hybrid quantum-classical computing systems. GPU company NVIDIA
offers CuQuantum DGX hardware appliance integrating a software container on a full-stack
quantum circuit simulator: The system uses NVIDIA’s A100 GPUs to accelerate quantum simulation
workloads.

Recently, a survey on QC technologies appeared in Reference [79], while another survey on
QC frameworks appeared in Reference [201]. More specifically, there is a promising research
trend on Quantum Machine Learning [13] which aim at developing quantum algorithms that
outperform classical computing algorithms on ML tasks such as recommendation systems. More
in detail, classical DNNs inspired the development of Deep Quantum Learning methods. The
main advantage of these methods is that they do not require a large, general-purpose quantum
computer. Quantum annealers, such as the D-Wave commercial solutions [39], are well-suited for
implementing deep quantum learners. Quantum annealers are special-purpose quantum processors
that are significantly easier to construct and scale up than general-purpose quantum computers.
Following this research trend, Google proposed TensorFlow Quantum (TFQ) [15], an open-source
quantum machine learning library for prototyping hybrid quantum-classical ML models.
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The second challenging and promising research direction is represented by the use of Photonic
Computing to further accelerate DL tasks. Photonic Computing relies on the computation of elec-
tromagnetic waves typically via non-linear modulation and interference effects. It was originally
introduced in the 1980s to address optical pattern recognition and optical Fourier transform process-
ing [6]. Despite the potential advantages of processing parallelism and speed, optical computing has
never translated into a widely adopted commercial technology. Only recently, due to the emergence
of data-intensive computing tasks, such as AI, optical computing has seen a renewed interest. There
are two main advantages of optical computing, namely (i) the inherent speed of signal transmission,
where light pulses can be transferred without the typical RC delays and IR drop of electrical inter-
connects, and (ii) the inherent parallelism, where multiple wavelengths, polarizations, and modes
can be processed by the same hardware (e.g., waveguides, interferometers, etc.), without interfering
with each other. These properties can provide strong benefits to data-intensive computing tasks
such as DL. Photonic computing represents a promising platform for accelerating AI. For instance, it
has been estimated that photonic MAC operations can show significant improvements over digital
electronics in terms of energy efficiency (> 102), speed (> 103), and compute density (> 102) [144].
However, there are still many challenges to developing an industrially feasible photonic system.
The main challenge is the area/energy inefficiency of processing across the mixed optical/electronic
domain. Optical-electrical conversion and vice versa result in considerable overhead in terms of area
and power consumption. To bridge this gap, the trend is developing silicon photonic integrated
circuits (PICs) with increasing robustness, manufacturability, and scalability. Photonic computing
essentially operates in the analog domain, thus accuracy is deeply affected by accumulated noise
and imprecision of optical devices, such as electro-optic and phase change modulators. These
challenges, similar to those arising in analog IMC, might be mitigated by hardware-aware training
and system-level calibration techniques.

6 Conclusions
The DL ecosystem based on advanced computer architectures and memory technologies spans
from edge and IoT computing solutions to high-performance servers, supercomputers, and up
to large data centers for data analytics. In this context, the main objective of this survey is to
provide an overview of the leading computing platforms utilized for accelerating the execution
and enhancing the energy efficiency of DL applications. Although GPUs have been crucial to
boosting the DL revolution, especially for crunching in parallel a large amount of data, they
are not the panacea for all types of AI-applications. There are plenty of much smaller and
customized AI accelerators, boosting their energy efficiency to make them suitable for mobile
resource-constrained devices at a reasonable market price and without relying on sending data to
the cloud. This survey reviews not only GPU-based solutions and Tensor Processor Units, but also
ASIC- and FPGA-based accelerators, Neural Processing Units, and customized co-processors based
on the open-hardware RISC-V architecture. To push further on the more advanced AI solutions,
the survey also describes accelerators based on emerging computing paradigms and technologies,
such as 3D-stacked processing in memory, emerging non-volatile memories, Multi-Chip Modules,
chiplets, quantum-and photonic-based accelerating solutions.
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