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Abstract

The rising computational demands of convolutional neural networks (CNNs), especially in edge and
real-time systems, have prompted extensive research into energy-efficient and high-throughput
hardware accelerators. Recent innovations span across model-level optimizations such as sparsity
and compression, as well as circuit-level advancements leveraging FPGAs, ASICs, and beyond-
CMOS technologies. This review surveys five representative studies that exemplify state-of-the-art
approaches in these domains. We examine sparsity-aware techniques like block pruning [1] and
graph convolution-specific dataflows [2], highlight floating-point feature map compression schemes
[3] that reduce off-chip memory access, and explore low-power hardware architectures including
spintronic and CNTFET-based binarized neural networks (BNNs) [4]. Additionally, we discuss novel
data routing mechanisms such as the dual Benes network [5], which enables flexible and efficient
dataflow reorganization. Through comparative analysis, we identify trade-offs in accuracy, hardware
cost, and scalability across platforms. Finally, we outline open challenges and propose future
directions for integrating these strategies into next-generation CNN accelerators. This paper aims to
provide researchers with a cohesive understanding of the rapidly evolving landscape of efficient
deep learning hardware design.

Keywords: Convolutional Neural Networks (CNNs); Hardware Accelerators; Energy Efficiency;
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Introduction

Convolutional neural networks (CNNs) have emerged as the cornerstone of modern artificial
intelligence (Al) applications, including image classification, object detection, and speech recognition.
Since the breakthrough success of AlexNet in the ImageNet competition [6], CNNs have driven the
development of increasingly deep and complex network architectures. However, their high
computational intensity and massive memory requirements pose significant challenges for
deployment on resource-constrained platforms such as edge devices and mobile systems [7].
Traditional accelerators, particularly GPUs, offer considerable parallelism but suffer from excessive
power consumption and limited flexibility in hardware reuse [8] [9]. A major theme in the quest for
efficiency is the exploitation of model-level sparsity. Techniques such as block pruning [1] and
structured sparsification significantly reduce the number of operations while preserving accuracy,
thus enabling faster and more efficient inference. In particular, graph convolutional neural networks
(GCNss) involve highly sparse and irregular data access patterns, requiring specialized dataflows for
acceleration [2]. Another complementary optimization is feature map compression, especially in the
floating-point domain. As feature maps dominate off-chip memory traffic during CNN inference,
their compression—via techniques such as Zero Run-Length Encoding (Zero-RLE) and delta
encoding —can greatly alleviate memory bottlenecks without degrading model accuracy [3].
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These algorithmic improvements are further empowered by hardware innovations. FPGA-
based solutions enable flexibility and energy-efficient prototyping of sparse CNN accelerators [1],
while ASIC designs can be fine-tuned for sub-block GCN processing [2]. Beyond conventional CMOS
designs, emerging devices such as carbon nanotube field-effect transistors (CNTFETs) and magnetic
tunnel junctions (MTJs) are enabling the realization of ultra-low-power logic-in-memory
architectures for BNNs [4], [10]. Moreover, interconnect bottlenecks in high-throughput systems have
spurred interest in reconfigurable and non-blocking networks such as the dual Benes network, which
allows dynamic data routing between memory and compute units while minimizing latency and
resource overhead [5]. This review paper synthesizes insights from five cutting-edge accelerator
designs [1-5], each addressing a specific bottleneck in CNN deployment. By comparing their
architectural strategies and implementation outcomes, we aim to clarify the emerging design space
and guide future research toward scalable, energy-efficient deep learning systems.

Sparsity-Driven Architectures

Sparsity in convolutional neural networks (CNNS5s) refers to the presence of a significant number
of zero-valued weights or activations that can be skipped during computation [11] [12]. By leveraging
this property, accelerators can reduce unnecessary multiply-accumulate (MAC) operations and
minimize memory bandwidth usage [13] [14], which is particularly critical for real-time and edge
inference. Several types of sparsity exist in CNNs: unstructured sparsity, where individual weights
are pruned independently, and structured sparsity, such as filter, channel, or block pruning, which
removes entire groups of weights. While unstructured pruning typically yields higher compression
rates, it is more difficult to exploit efficiently on hardware due to irregular data access patterns [15].

Block Sparsity on FPGA

Yin et al. [1] propose an FPGA-friendly accelerator tailored for block-pruned CNNs, where
groups of four filters are pruned together based on a common input channel [16]. This approach
strikes a balance between regularity and compression ratio. Their hardware design includes:

e A custom block-CRS (Compressed Row Storage) format for sparse weights
e Sparse matrix decoding logic implemented with minimal overhead
e A planarized dataflow optimized for pointwise convolution (1x1)

The authors achieve low latency (16.37 ms) and power-efficient inference (13.32 W) on
MobileNet-V2, outperforming conventional dense models deployed on similar FPGAs.

Unstructured Sparsity Block Sparsity (Grouped Pruning)
Weight block_cll block_col_r[]
W, o o
WZ
Ws 8

Block-CRS Encoding Format

Figure 1. Sparsity Patterns and Block-CRS Encoding for CNN Acceleration.
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Figure 1 above illustrates the contrast between unstructured sparsity and block-based structured
sparsity in convolutional neural networks (CNNs), along with a representation of the block-CRS
(Compressed Row Storage) format used to encode sparse weights efficiently. In unstructured
sparsity, individual weights are pruned independently, resulting in irregular and random zero-value
distributions across the matrix. While this method often achieves a higher pruning ratio, its irregular
memory access patterns present challenges for hardware acceleration. In contrast, block sparsity
applies pruning at the granularity of grouped filters or submatrices (e.g., 2x2 or 4x4 blocks), which
enables more regular memory accesses and hardware-friendly implementation. The corresponding
block-CRS encoding captures non-zero weight values along with two index arrays: block_c[], which
stores input channel indices, and block_col_r[], which records block row starting positions. This
structured format reduces decoding complexity and supports parallel processing on FPGA platforms,
as demonstrated in [1]. Block sparsity thus offers a trade-off between compression efficiency and
hardware practicality, making it a compelling design choice for real-time CNN inference.

GCN-Specific Sparsity Acceleration on ASIC

Unlike CNNs, graph convolutional networks (GCNs) rely on irregular data access through
adjacency matrices. Lee et al. [2] address this by developing a sparsity-aware ASIC accelerator that:
e Processes the GCN equation A.X.W directly without intermediate storage
e Partitions matrices into sub-blocks (e.g. 4;,X;) to fit on-chip memory
e Eliminates off-chip memory accesses for the intermediate product (XW)

Their architecture efficiently exploits the extremely sparse nature of adjacency matrices (as low
as 0.2% non-zeros) and achieves up to 384G non-zeros/Joule, a significant improvement over FPGA

baselines.
Traditional GCN Dataflow Sub-block GCN Dataflow
X w =XW Xi w =X;W
A > XW = A x (XW) A; > Xiw =A; x X;W)
(Stored in external memory) All operations done on-chip
l (no external memory access) 1
Pi
Output Features <
(partial output)
Traditional AXW (Memory-Intensive) Proposed Sub-block Ai(XiW) (Memory-Efficient)

Figure 2. Comparison of GCN Computation Dataflows.

Figure 2 above illustrates a comparison between the conventional and proposed GCN dataflows
for graph convolution acceleration. In the traditional approach (left), the feature matrix X is first
multiplied with the weight matrix W to produce XW, which is then stored in external memory before
being multiplied with the adjacency matrix A. This two-step computation introduces significant
memory overhead, particularly due to off-chip memory access. In contrast, the proposed method by
Lee et al. [2] (right) performs the computation on partitioned sub-blocks X;, A4;, and reuses the same
W across blocks. The computation A;(X;W) is fully executed on-chip, eliminating the need for
intermediate memory storage and significantly improving energy efficiency. This localized dataflow
not only reduces memory bandwidth but also supports scalable parallelism, making it highly suitable
for sparse graph data.
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Feature Map Compression Techniques

As convolutional neural networks (CNNs) scale in depth and width, the size of intermediate
feature maps often exceeds that of model weights, especially in early layers. These feature maps are
frequently transferred between on-chip compute units and off-chip memory (e.g., DRAM), leading
to severe energy and latency bottlenecks [17] [18] [19]. Thus, compressing feature maps—especially
floating-point activations—has become a key strategy in energy-efficient CNN hardware design.

Motivation for Feature Map Compression

A single forward pass through a CNN like ResNet-50 can generate hundreds of megabytes of
feature data. Studies estimate that up to 80% of memory traffic in CNN accelerators comes from
intermediate activations, not weights [20]. Reducing the size of these activations directly translates to
reduced:

e  Off-chip memory bandwidth
¢ Energy Consumption

e Latency

However, compression must preserve numerical precision, especially when operating on 32-bit
or 16-bit floating-point formats.

Proposed Work: MSFP-Based Compression

The work by Yin et al. [3] proposes a novel Multi-Stage Floating Point (MSFP) compression
pipeline for feature maps. Their strategy:
e  Splits feature maps into blocks of 32 elements
e Applies a two-level exponent reduction and block-level mantissa truncation
e Uses adaptive thresholds to preserve high dynamic range where necessary

The compressed output is then packed in a fixed-width format and written back to memory
using low-overhead control logic. Key hardware highlights:

e 2Xreduction in memory traffic
e Only 2.1% silicon overhead on FPGA

e Retains >99% accuracy across tested networks

Shared Exponent Exponent Reduction +

Input Block Detector Mantissa Truncator Fixed-Width Packing Unit
32-element FP32 Detect max exponent Detect max exponent Pack int.o compressed
Feature Map Block across 32 values across 32 values 32xN b]ts‘blOCk g,
192-bit total)

Compressed Feature
Block

Output Block

Figure 3. Feature Map Compression Using Multi-Stage Floating Point (MSFP).

Figure 3 above shows the MSFP-based compression pipeline for floating-point feature maps as
proposed by Yin et al. [3]. The input consists of a 32-element block of FP32 feature values, such as
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those produced by intermediate convolutional layers. A shared exponent detector first scans all
values to determine the maximum exponent, which is then reused across the block to enable efficient
exponent alignment [21]. The exponent reduction and mantissa truncator stage subsequently trims
the mantissas to a lower bit precision (e.g., 8 or 10 bits), significantly reducing bit width while
maintaining numerical range. The fixed-width packing unit encodes the resulting data into a compact
format (e.g., 192 bits), which is then stored in memory as a compressed feature block. This method
achieves up to 2.5x memory traffic reduction with negligible accuracy loss (<1%) and minimal
hardware overhead, making it well-suited for resource-constrained FPGA deployments [22].

Alternative Methods in Literature
Other recent works have explored:
¢ Quantization-based compression: converting activations to INT4/INT8 [23]
e Zero-value run-length encoding (RLE) [24]
¢ Entropy coding (e.g., Huffman) on sparse feature maps [25] [26]
e Tile-based JPEG-like compression for image-related CNNs [27]

Each technique trades off complexity, latency, and compression ratio.

Method Compression Type Complexity Accuracy Suitability
Impact

MSEP (Yin et al. [3]) Floating-point Low <1% FPGA-

block friendly
RLE [24] Zero-run encoding | Very low None Sparse maps
INTS8 quantization Bit-width reduction =Low Moderate Edge devices
[23]
JPEG-style [27] Spatial + frequency =~ Medium Image only Vision CNNs

Emerging Low-Power CNN Architectures

As neural network deployment shifts toward edge devices and energy-constrained platforms,
emerging low-power architectures play a critical role in achieving high throughput with reduced
energy budgets [28] [29]. These designs explore non-traditional hardware substrates, ultra-low-bit
computation, and energy-aware topologies to push the boundary of CNN efficiency [30].

Binarized Neural Networks (BNNs)
BNNs constrain both weights and activations to binary values (+1), replacing multiply-
accumulate (MAC) operations with XNOR + bitcount logic. This drastically reduces:
e  Arithmetic power consumption [31]
e Memory bandwidth
e  Circuit complexity

In [4], an energy-efficient BNN accelerator is implemented using spintronic CNTFET
technology, exploiting non-volatility and fast switching. The resulting architecture achieves:
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e 3.2x area savings
e 10.8x energy improvement over CMOS

e Robust operation under low voltage scaling

BNNs are ideal for applications like keyword spotting, visual wake words, and sensor-driven
analytics [32].

Near-Sensor Processing and Analog Techniques

Near-sensor inference integrates CNN accelerators directly with imaging sensors, reducing 1/O
power [33] [7]. For example:

e proposes an in-pixel convolution processor [34]
e uses analog crossbar arrays for ultra-efficient MACs [35] [36]

Though analog designs face challenges like noise, they offer unparalleled efficiency:
e Up to 100 TOPS/W in emerging neuromorphic chips [37]

Reconfigurable Energy-Scalable Cores

New FPGA and ASIC designs support voltage-frequency scaling, dynamic precision
adjustment, and clock gating, adapting power consumption in real time based on workload
complexity [38].

For instance:

e Envision [27] supports subword-parallelism and dynamic voltage scaling
e introduces a multi-gear CNN engine that dynamically switches between INTS, INT4,

and binary precision [39]

Such adaptivity ensures high peak efficiency during low-load scenarios without compromising
accuracy during critical layers.

Energy per Inference (mJ)
10

Figure 4. Energy Efficiency Landscape of Emerging CNN Accelerators.

Figure 4 above presents a comparative analysis of energy consumption per inference across
various CNN accelerator architectures. Eyeriss, a baseline INT8 CMOS-based design, consumes
approximately 10 m] per image, reflecting the energy cost of traditional spatial accelerators. In
contrast, MSFP-based FPGA compression [3] reduces inference energy by over 2x, thanks to mantissa
truncation and shared exponent encoding. Binarized Neural Networks (BNNs), implemented using
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spintronic CNTFETs [4], further push efficiency boundaries, achieving sub-1.5 m] inference cost
through ultra-low-bit computation. The Envision architecture [27], based on dynamic voltage and
precision scaling, balances energy savings with flexible bitwidth support, while analog-domain
accelerators such as ISAAC [40] reach near-theoretical energy efficiency at just ~0.3 mJ/image [41]
[42]. These trends underscore a growing shift toward specialized, energy-adaptive, and mixed-
technology solutions for edge Al acceleration.

Conclusion and Future Outlook

In this review, we have surveyed a broad range of recent strategies aimed at improving the
energy and memory efficiency of convolutional neural network (CNN) accelerators. From structured
and unstructured pruning techniques to compression schemes like Multi-Stage Floating Point (MSFP)
encoding [43] [44], these methods offer significant reductions in storage and computation overhead
without sacrificing model accuracy. We also examined the growing role of Graph Convolutional
Networks (GCNs) and sub-block dataflows in tackling irregular data structures, as well as the shift
toward ultra-efficient architectures like Binarized Neural Networks (BNNs), spintronic hardware,
and analog in-memory computing.

Looking forward, several promising directions emerge [45]. First, hardware-software co-design
will become increasingly essential [24], especially for deploying compressed or pruned models in
edge applications. Second, there is a growing need for adaptive precision frameworks, where
bitwidths are dynamically adjusted layer-by-layer based on accuracy—energy tradeoffs [46]. Third,
emerging technologies such as neuromorphic computing and photonic accelerators may
revolutionize inference speed and efficiency if integration challenges can be overcome. Lastly, the
field would benefit from standardized benchmarks and open-source toolchains [47] to fairly evaluate
pruning and compression under realistic deployment scenarios [48] [49] [50]. As edge Al continues
to scale, these efficient design strategies will remain critical for real-time, power-aware intelligent
systems, ranging from smart cameras to autonomous robots.

Data Availability: All data generated or analysed during this study are included in this published
article.
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