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Reuse-centric convolutional neural networks (CNN) acceleration speeds up CNN inference by reusing com-

putations for similar neuron vectors in CNN’s input layer or activation maps. This new paradigm of optimiza-

tions is, however, largely limited by the overheads in neuron vector similarity detection, an important step

in reuse-centric CNN. This article presents an in-depth exploration of architectural support for reuse-centric

CNN. It addresses some major limitations of the state-of-the-art design and proposes a novel hardware accel-

erator that improves neuron vector similarity detection and reduces the energy consumption of reuse-centric

CNN inference. The accelerator is implemented to support a wide variety of neural network settings with a

banked memory subsystem. Design exploration is performed through RTL simulation and synthesis on an

FPGA platform. When integrated into Eyeriss, the accelerator can potentially provide improvements up to

7.75× in performance. Furthermore, it can reduce the energy used for similarity detection up to 95.46%, and it

can accelerate the convolutional layer up to 3.63× compared to the software-based implementation running

on the CPU.
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1 INTRODUCTION

Neural networks, a subfield of artificial intelligence, perform a combination of linear and nonlin-
ear functions. These functions are implemented through multiple layers, each fulfilling a special
algorithm. Convolution is a common method to extract information from images. Therefore, con-

volutional neural networks (CNN) have been widely used in many data mining and machine

This work has been supported in part by a grant by a grant from the Presidency of the Republic of Turkey Presidency of

Defence Industries (SSB) and Aselsan A.S., with the researcher training program for defence industry (SAYP), and a grant

from Technological Research Council of Turkey (TUBITAK) 1001 program through the EEEAG 119E559 project.

Authors’ addresses: N. M. Cicek, Aselsan Corp., Mehmet Akif Ersoy Mahallesi Istiklal Marsi Caddesi No: 16, 06200 Yenima-

halle, Ankara, Turkey; email: nmcicek@aselsan.com.tr; X. Shen, Department of Computer Science, College of Engineering,

890 Oval Drive, Engineering Building II, Raleigh, NC 27695, USA; email: xshen5@ncsu.edu; O. Ozturk, Computer Engineer-

ing Department, Bilkent University, Ankara, Turkey; email: ozturk@cs.bilkent.edu.tr.
Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee

provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and

the full citation on the first page. Copyrights for components of this work owned by others than the author(s) must be

honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists,

requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.

© 2022 Copyright held by the owner/author(s). Publication rights licensed to ACM.

1084-4309/2022/06-ART43 $15.00

https://doi.org/10.1145/3503469

ACM Transactions on Design Automation of Electronic Systems, Vol. 27, No. 5, Article 43. Pub. date: June 2022.

https://orcid.org/0000-0002-6870-8430
https://doi.org/10.1145/3503469
mailto:permissions@acm.org
https://doi.org/10.1145/3503469
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3503469&domain=pdf&date_stamp=2022-06-06


43:2 N. M. Cicek et al.

Fig. 1. An example matrix-multiplication based convolution operation leveraging general reuse. Color coding

shows the available reuse.

learning domains in recent years. They are the pillars supporting many important tasks, from
object recognition to autonomous driving, gesture recognition, and so on.

For a specific task, the parameters of the functions in each layer of a CNN are optimized through
a process called training. After the training step, running the network for accomplishing the task
is called inference. A CNN is generally trained once on powerful compute nodes such as GPU or
TPU. However, the inference is performed many times on the edge device. Therefore, it is critical
to perform inference with high performance and energy efficiency, since the target device usually
has limited resources.

A typical CNN as a deep neural network consists of many layers, including the convolutional
layer, the nonlinear layer, the pooling layer, the normalization layer, and the fully connected layer
[50]. Among them, the most time-consuming one is the convolutional layer [15]. Therefore, many
researchers focus on accelerating the convolutional layer during inference [11, 24, 46, 47, 52].

Prior efforts on optimizing CNN inference efficiency largely fall into three categories. Some
explore different convolution algorithms [33, 35], some compress networks [25], and most of all
optimize matrix multiplications, the core operation in CNN, which mainly resorts to the leverage
of network sparsity [24, 52], memory layout [21], and special hardware units [26, 42, 46, 47].

As a approach complementary to these efforts, reusing similar neuron vectors (sequence of
consecutive neurons in a convolutional layer) has been explored in the literature [37, 38]. When
the method is applied to a matrix-matrix multiplication– (GEMM) based implementation of CNN,
it first uses online clustering to reduce the original data matrix to a much smaller centroid matrix,
then uses the centroid matrix to conduct GEMM with the weight matrix, and finally recovers the
full output matrix through value duplication.

An example of a one-dimensional convolution using this method is illustrated in Figure 1. In
this figure, similar neuron vectors in the unfolded input matrix are clustered in the same color.
Every four elements in each row of the unfolded image correspond to the value of a neuron vector.
Based on neuron vector similarities, four clusters are formed, represented in different colors. Then,
only centroid of each cluster is multiplied with an unfolded weight matrix W, producing an output
matrix y such that y = X ·W. The dot product with a weight vector (e.g., x11 ·w11) can be reused
for the neuron vectors in the same group (e.g., x12 ·w11).

For this idea to work, three conditions must hold: (1) there should be enough similarities among
pixels; (2) when reused, loss in accuracy should be negligible; and (3) overhead due to similarity
detection should be low. Ning and others [37, 38] state that there exists a wide set of neuron vector
similarities in commonly used deep learning workloads, satisfying the first condition. In addition,
they guarantee that loss in accuracy is negligible, eliminating the second condition. However, the
third condition in their implementation is rather hard to achieve, because software implementation
suffers from increased execution time and energy consumption due to similarity detection. In this
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article, we propose hardware solutions to solve this problem especially from an energy reduction
perspective.

In this work, we extend our previously proposed hardware architecture [14] for DNN implemen-
tation. The existing design had several major limitations, which we try to address by revisiting the
design principles of the reuse-centric architecture. By overhauling the entire design to system-
atically treat both computation and memory, we create the first generalized reuse-centric DNN
accelerator. This framework (i) enables reuse-centric optimizations to both computation and mem-
ory, (ii) accelerates the end-to-end processing, (iii) fits various processors (CPU, GPU, TPU, etc.),
(iv) gives an order of magnitude more efficient reuse detection, (v) yields about 8× speedups for the
end-to-end execution over state-of-the-art reuse-centric architecture, and (vi) up to 95.46% energy
reduction for similarity detection over the software-based reuse-centric implementation.

More specifically, we propose a scalable and flexible architecture template for general reuse.
The platform used for implementation is composed of a processor and hardware accelerator. A
software program on the host processor initiates reuse-centric convolution operation by con-
figuring the engine for layer-specific parameters. The accelerator is composed of four modules.
The first one is the fetch unit, which is used to load and reshape data according to the convo-
lutional layer’s settings. The second one is the similarity detection unit, which clusters similar
input vectors. The third one is the dispatch unit, which sends processed neuron vectors to the
load store unit for storage. Finally, the load store unit computes and stores the cluster centroids.
In this architecture, parallelism is provided in two dimensions: processing different neuron vec-
tors in the same cycle and using multiple hardware. While not limited to, our accelerator can
be used on the emerging edge devices that require DNN operations such as autonomous driv-
ing. For comparison purposes, candidate DNN algorithms are also implemented in software. We
show that our accelerator framework can be used to implement energy-efficient DNN acceler-
ation with performance improvements for the edge devices. This way, the programmer or the
hardware designer does not need to engage in the complicated DNN optimizations, typically re-
quired to generate an efficient architecture. To summarize, the main contributions of this work are
as follows:

• We propose a framework to perform convolution operations with high performance and
less energy. The accelerator detects similarities among neuron vectors to improve perfor-
mance and reduce energy. Parallel processing and storage of neuron vectors boost up the
performance while sparse data elimination and high resource utilization provide energy
efficiency.
• We implement an accelerator-based design that can conveniently be used by various proces-

sors or accelerators such as CPU, GPU, TPU, and so on. While it can be used on any existing
architecture, it is specifically targeted for inference on edge devices.
• The proposed architecture is designed in a flexible and scalable manner. A novel fetch unit

enables flexibility, which provides compatibility with any kind of convolutional network.
Scalability is provided through fine-grained, pipelined, and customizable architecture tem-
plate, which enables integration into any existing platform.
• We compare our design against alternative software and hardware platforms to show limita-

tions and difficulties in implementing a high-performance energy-efficient DNN accelerator.

In the rest of this article, we first briefly outline the overall design considerations in Section 2.
Next, we describe the operations required for the design of the general reuse discovery engine in
Section 3. In addition, we give the advanced features of the accelerator in addition to how it can
be integrated into existing software and hardware CNN implementations. We discuss our experi-
mental evaluation in Section 4, and finally we conclude.
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2 OVERALL DESIGN CONSIDERATIONS

In this section, we will first describe general reuse-centric convolution operation. Then, we will
present key requirements for strong acceleration and associate them with our design.

General Reuse-centric CNN Acceleration and Performance Bottleneck. Matrix-multiplication based
general reuse-centric convolution operation consists of several stages as given in Algorithm 1. Any
convolution operation with various parameters, such as kernel size and stride, can be expressed
as a matrix multiplication. This process is called as unfolding. First, the input activations are un-
folded, converted to matrix form, according to the shape of the weight matrix, stride, and padding
settings of the convolutional layer. Then, we use our accelerator to find the similar neuron vectors
and reduce the matrix size to save computations. For each vector in this matrix, a dot product oper-
ation with a randomly filled hash table is performed to determine cluster keys. After that, centroid
information for the cluster keys is updated and saved into memory. Then, matrix multiplication is
performed between cluster centroids and unfolded weight matrix. Finally, convolution output is
derived by replicating partial results corresponding to the original neuron vectors.

ALGORITHM 1: Matrix Multiplication Based General Reuse Centric Convolution Operation

1: Input: input matrix x with dimension N ×M ; weight matrix w with dimension K ×L; hashing
matrix h with dimension H ×T ; output matrix o with dimension N ×M .

2: Algorithm:

3: Define function im2col [1] = rearrange image blocks to column matrix according to the kernel
size

4: Unfolded input matrix: im2col(x) = xu = (N ∗M )×(K∗L) and unfolded weight matrix: im2col(w)
=wu = (K∗L)×1 with the same stride and padding. Initialize with IDvectors = {},CLcentroids =

{ }, CentroidMM = { }.
5: for each row vector v in xu do

6: Calculate dot product dp = v · h
7: key = 0b with dimension H
8: for each product p in dp do

9: if p > 0 then

10: key = Concatenate (1b ,key)
11: else

12: key = Concatenate (0b ,key)
13: IDvectors (v ) = key
14: CLcentroids (key) = weiдhted_averaдe (v, centroidold )
15: CentroidMM = CLcentroids ×wu

16: for each row vector index i in xu do

17: key = IDvectors (i )
18: oi = CentroidMM (key)
19: return o

The execution time breakdown for a software-based general reuse-centric implementation run-
ning on a general-purpose CPU is given in Figure 2 [36]. Except for centroid matrix multiplication,
the similarity detection, and full result derivation take most of the total execution time for Cifar-
Net and AlexNet. Thus, they are the bottleneck of this acceleration method. Our motivation is to
speed up the whole process by executing these steps in hardware. It is important to note that our
hardware accelerator serves as an auxiliary unit and does not contain any hardware for matrix
multiplication. We consider using multiplication units that already exist in the host.
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Fig. 2. The execution time breakdown of the general reuse-centric convolution operation. [36].

Key Requirements. The following principles are taken into consideration throughout the proposed
design for achieving high performance and energy efficiency.

• Scalability: The accelerator needs to scale well in terms of area and cost for being able to be
integrated into various hardware accelerators. This also requires using computational and
memory resources efficiently.
• Flexibility: The accelerator should be able to support different image sizes or activation maps

to be used in various execution environments and applications.
• Efficiency: The accelerator should focus on utilizing all resources effectively. This efficiency

is required for both energy and performance.

Hardware Accelerator Design. Based on the breakdowns given in Figure 2, the most time-consuming
blocks are similarity detection, matrix multiplication, and full result derivation. Since many exist-
ing accelerators already have efficient matrix multiplication stages, we focus on leveraging simi-
larity detection and full result derivation. This way, we aim to increase performance and decrease
the energy consumption of existing accelerators by integrating this engine.

Our design has several parameters to configure it for different kinds of accelerators, ranging
from CPUs to GPUs and TPUs, aligning well with the first principle, scalability. In addition, our
accelerator adapts fast to differences in layers and network parameters meeting the second princi-
ple, flexibility. It can be reconfigured online based on the input vector size and hash vector length.
Therefore, our proposed architecture can accommodate any DNN workload expressed in matrix-
matrix multiplication form. Furthermore, it utilizes all available resources efficiently by executing
different neuron vectors in parallel. Besides, it has customized SRAMs to keep generated cluster
centroids and keys efficiently, thereby, achieving efficiency.

3 DESIGN OF GENERAL REUSE DISCOVERY ENGINE

This work tries to reduce the performance bottleneck in neuron vector similarity identification

with a hardware-software co-design approach. More specifically, we focus on accelerating the
convolution layers through a hardware accelerator and a similarity detection method. This section
starts with an explanation of the details of the operations involved in similarity detection and then
describes the base architecture of the accelerator.

3.1 Overview

Similarity discovery can be applied to the entire input matrix or to smaller input submatrices.
As specified in Reference [38], the clustering scope determines which of the two options is more
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Fig. 3. Illustration of our accelerator in a similarity detection module.

effective. When clustering is performed within a single input matrix, namely for a small scope,
whole-vector clustering is better than sub-vector clustering. However, when clustering is per-
formed across batches, namely for a large scope, sub-vector clustering generally beats the other. In
addition, when we look at it from the hardware perspective, using sub-vector clustering enables
us to operate in parallel via a multi-accelerator architecture. Therefore, in this work, we choose
sub-vector clustering as the granularity. Besides, it is important to note that one more step is re-
quired to get overall convolution output in sub-vector clustering, that is, partial sum accumulation
after centroid matrix multiplication.

For similarity detection, it is necessary to choose a clustering method that is hardware-friendly
and does not degrade the original accuracy of the network. In literature, there are different types of
clustering methods to find similar neuron vectors. Three clustering algorithms including K-means,
Hyper-Cube, and Locality-Sensitive Hashing (LSH) are explored in Reference [38] for similarity
detection. According to this study, although the Hyper-Cube algorithm is fast and efficient, it
fails for large neuron vectors. Another clustering algorithm K-means gives good clustering results;
however, its clustering overhead is larger than the original matrix multiplication, thus making it
impractical. As an alternative to these methods, LSH based similarity detection, offers both high
accuracy and low computation overhead. Therefore, we choose LSH as the clustering method for
discovering similarities among neuron vectors.

LSH algorithm mainly performs the dot product between each neuron vector and randomly
filled hashing vectors to extract similarities [5, 6, 16, 28, 51]. For a given H hashing vector, each
neuron vector goes into H dot products, resulting in H vectors. When sign bits of all H vectors are
concatenated, a cluster key is obtained. After this operation, generated cluster keys with original
neuron vectors are used to calculate cluster centroids. More specifically, the arithmetic mean of all
neuron vectors in the same cluster represents the centroid for that cluster.

The whole similarity detection process is illustrated in Figure 3. For an input matrix of size NxM
and for sub-vector size L, we have S = M/L subvectors. Each sub-vector goes into the LSH unit
and centroid calculation unit, generating cluster centroids and keys.

3.2 Base Architecture

In this section, we propose a base architecture whose main objective is to find the similarities
among neuron vectors. This architecture includes three modules as reduction unit (RU), load-

store-execute unit (LSEU), and controller. The overall architectural block diagram is given in
Figure 4.

The host starts the execution by interacting with the controller inside the accelerator. Then,
the controller issues signal required to control overall dataflow between host, execution units (RU
and LSEU), and memory interface (SRAM). After the accelerator is configured by the host for the
convolutional layer’s specific parameters, vectors start streaming into the reduction unit for dot
product calculation of the LSH algorithm. At the end of this stage, cluster keys are generated

ACM Transactions on Design Automation of Electronic Systems, Vol. 27, No. 5, Article 43. Pub. date: June 2022.



Energy Efficient Boosting of GEMM Accelerators for DNN via Reuse 43:7

Fig. 4. Base reuse-centric accelerator architecture.

Fig. 5. Advanced accelerator design with fetch unit, similarity detection unit, dispatch unit, and load-store

unit.

and fed to LSEU for updating the cluster centroid. The details of each block are described in the
following subsections.

3.2.1 Reduction Unit. This module mainly computes the dot product of neuron vectors with
hash tables and generates the cluster key. Dot product operation involves a series of multiplica-
tion and addition. Therefore, adders and multipliers are placed and routed based on a tree-shaped
architecture in a nonblocking pipelined fashion. First, fetched neuron vectors from SRAM goes
into multiplication with hash tables. Then, the results of multiplications are fed to the reduction
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tree, generating dot product results. At the end of this stage, cluster keys are generated using the
sign of the dot product result as described in Section 3.1.

Furthermore, it can be reconfigured online by the controller to support the execution of different
kinds of layers and networks. Simply, idle adders and multipliers are disabled during the execution.

3.2.2 Load-Store-Execute Unit. This unit calculates and updates the cluster centroid for newly
generated neuron vectors. Generated cluster keys from the reduction unit are used to load the
latest centroid value from memory. Using the latest centroid information and new neuron vector, it
performs operations required to get the arithmetic average of all neuron vectors inside the cluster.
Then, generated new cluster centroid is written back to the memory. In addition, each neuron
vector’s cluster key is stored in memory to be used later by the centroid matrix multiplication
module.

In this implementation, we use SRAM as the storage element. There are three different sized
SRAMs in this unit. First, Cluster Centroid SRAM keeps the up-to-date centroid information for
each valid cluster. Second, ID SRAM keeps the cluster key of each neuron vector. Third, valid
clusters are kept in Valid SRAM.

3.2.3 Controller. The controller unit serves as the communication interface of the accelerator
with the outside world. The host can access and configure the accelerator through this interface.
In addition, the functional accuracy of the operation performed is guaranteed by this module. For
example, when there are multiple neuron vectors with the same cluster key along the pipeline, the
controller can stall the pipeline or forward the up-to-date centroid to ensure correctness.

In our design, the controller has a register space for the host to read and write. This way, the host
can start the execution, set the network and layer-related parameters, read the cluster centroids
and key information for each neuron vector processed and send them to the centroid matrix mul-
tiplication module to complete the convolution operation. Due to its simple read-write interface,
it can be integrated into any host interface easily.

3.2.4 Limitations. Limitations in the base architecture are twofold, namely computation and
memory.

Different convolutional layers have different properties in terms of neuron vector size and hash
size. Therefore, our accelerator must support the online reconfiguration of the network-related
parameters. Current base architecture implementation suffers from efficient use of hardware re-
sources during this reconfiguration. For example, the reduction unit can process only one neuron
vector at a time. Depending on the neuron vector size setting, some computational units may stay
idle during the execution. However, for small-sized neuron vectors, it is possible to calculate the
dot product of more than one neuron vector in one cycle. This way, resources are utilized more ef-
ficiently and performance is increased greatly by parallel processing of neuron vectors, following
the second and third key requirement described in Section 2, flexibility and efficiency, respectively.
For this purpose, a fetch unit can be added to the design, as will be described in Section 3.3. Be-
sides, the reduction unit will be improved by adding the parallel processing capability of different
neuron vectors.

Memory is also a critical component in terms of performance and energy. As memory size gets
larger, access time becomes longer, and energy consumption increases. Therefore, performance
and energy requirements put a limit on the maximum memory size supported. Furthermore, even
implementing a large memory may not be possible because of technological limitations. Since we
are limited in terms of memory size, we need to use it efficiently. However, in this base architecture
implementation, the memory may not be utilized due to different neuron vector sizes and layer
configurations. For example, a layer with a large hash size and a small neuron vector size requires a
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memory that has big address width and small data width. However, another layer may just have the
opposite. Thus, it is necessary to use available memory effectively for any kind of network, meeting
the second and third principles described in Section 2, flexibility and efficiency, respectively. As
a result, we focus on efficient use of memory in the advanced architecture by designing a special
dispatch unit and load-store-execute unit.

3.3 Hardware Implementation

Different convolutional layers have different properties in terms of neuron vector size and hash
size. Therefore, our accelerator needs to support the online reconfiguration of the network-related
parameters. In addition, our architecture needs to be able to process and store different sized neu-
ron vectors in parallel for high performance and effective resource utilization. By designing a
special fetch unit, similarity detection unit, dispatch unit, and load-store unit with custom tables,
we aim to meet those requirements. In the rest of this section, we will explain each unit in detail.

An overview of our advanced architecture and its internal components are given in Figure 5. As
can be seen from this figure, overall design consists of several stages. First, the fetch unit brings in
data from SRAM and processes it to create ID neuron vectors for a given layer. Then, the neuron
vector is saved into a content addressable memory (CAM) to prevent additional dataflow along
the pipeline. After that, it checks sparsity for each neuron vector and removes the ones with a zero
value, which saves energy and resources greatly. Along the pipeline, these neuron vectors are used
in the clustering process. We do not gain performance by skipping zeroes, but we save energy by
disabling idle functional units. At the last stage of the fetch unit, neuron vector is folded if possible
and written to the queue. Afterward, neuron vectors are dispatched into a multipy and accumu-

late (MAC) tree, performing dot product operation. Then, cluster key is generated for the neuron
vector. In the next step, that is during dispatch, the bank number is determined for ready keys and
they are dispatched to the load-store unit (LSU). This unit fetches the previously-stored neuron
vector from the CAM and updates the centroid for the generated cluster key. Finally, it stores clus-
ter key information for each identity and it serves the host for centroid matrix multiplication and
full result derivation stage mentioned in Section 2.

Our pipeline mainly consists of four stages where each stage has a queue at the end. When
a pipeline stage has been stalled, other stages can continue to work. Therefore, our design can
tolerate a different amount of time for different stages. During the evaluation, we observe that
overall pipeline stall time is less than 1% of all time. Therefore, each stage has almost equal pipeline
time. For example, it is impossible to process multiple vectors in parallel without our similarity

detection unit (SDU). Thus, SDU would require more time than the other stages.

3.3.1 Fetch Unit (FU). The fetch module consists of four stages, namely, ID generation, CAM
allocation, sparsity check, and folding, connected in a pipelined fashion. Micro-architectural details
of this module are given in Figures 6 and 7.

ID generation stage uses two tables, division, and modulo table, to calculate the ID of each
neuron vector. First, these tables are filled according to the layer’s vector size and SRAM row
width. Then, this module automatically starts working and ID is generated using the following
equations:

idx ′ = (sramrowsize + idx ) mod vectorsize, (1)

last ′ = last + rem − rem′ + idx + sramrowsize

vectorsize
, (2)

rem′ = idx ′ ≡ 0. (3)
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Fig. 6. Details of the fetch unit with first two stages, namely ID generation and CAM allocation.

Fig. 7. Details of the fetch unit with last two stages, namely sparsity check, and queue.

In the first equation, we find the last index of the last vector in an SRAM row. In the second
equation, we calculate the ID information of the last vector. In the third equation, we check whether
the last vector’s ID generation is finished or not. To illustrate, we give an example scenario in
Figure 8 for an SRAM row size of 16 and vector size of 5. In this example, the variable “rem” and
“last” is used to determine the ID of the first element in the row. The variable “idx” is used to
determine where the last vector left. Thus, the ID of the first element is 9, which is equal to rem +
idx. Its length is vector size, idx, which is equal to 2. The remaining of the vector is automatically
filled according to the vector size. Finally, the new “rem,” “idx,” and “last” value are determined
according to the given equation.

This stage processes the raw data for various vector sizes and SRAM row width settings. This
flexibility brings us two opportunities: (1) compatibility with any image size or layer size and
(2) ease of integration into any existing accelerator. In addition, it also provides processing of more
than one neuron vector in a single cycle. This way, it is possible to achieve parallel processing and
storage, thereby, increasing performance greatly.
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Fig. 8. Illustration of ID generation stage for an SRAM row size of 16 and vector size of 5.

After the ID generation stage, a new entry is allocated at the banked CAM for each newly
generated ID by the CAM allocate logic. CAM allocate register is updated according to the layer’s
configuration. Then, using a circular shift register, neuron vectors and IDs are stored in CAM. Here,
it is important to note that only one entry should be allocated for each ID.

To process different neuron vectors in the same cycle, banked CAM has the ability to allocate
multiple keys. In addition, depending on the vector dimension for a given network and fetch size,
all neuron vectors might not be available in a single cycle. In such cases, this logic is able to append
the remaining data of a neuron vector to the previously allocated key. When the load store unit
requests a neuron vector from the table, data corresponding to the key is sent and the whole entry
is deleted by deallocation logic. The banked memory system in the load store unit imposes multiple
key release requirements on deallocation logic to perform parallel processing and storage. For M
banks, our deallocation logic is capable of freeing M keys during the same cycle.

In the next step, keys from CAM and neuron vectors are fed into the sparsity checker. It detects
and removes zeros from each neuron vector. This way, energy is greatly saved for large sparse
images and activation matrices. Finally, it is stored in fetch queue.

3.3.2 Similarity Detection Unit. The similarity detection unit performs a dot product between
neuron vectors and previously-stored hash tables. It is composed of four modules, namely dispatch,
MAC tree, partial sum accumulator, and key generator, as shown in Figure 5.

In the first step, the dispatch unit sends neuron vectors retrieved from the fetch target queue
to MAC tree according to the given hash size setting. When there is no available execution unit,
fetch dequeue is put on hold.

MAC tree is at the heart of this accelerator design as it significantly determines performance
and runtime. For high performance, it is most critical to perform multiple dot product operations
in the same cycle while using resources efficiently. Among many reduction trees, SIGMA’s for-

warding adder network (FAN) [40] is used because of its ability to process different IDs in the
same cycle with the highest throughput possible. In this micro-architecture, shown in Figure 9,
there exists a tree-based reduction network. It provides parallel processing by means of forward-
ing adders. At each stage, inputs of an adder are determined by two multiplexers. Control bits of
these multiplexers are selected by IDs of neuron vectors. The algorithm used to determine control
bits of multiplexers is given in Reference [40].

Although the FAN requires more resources than a regular adder tree, we prefer to enable parallel
processing of neuron vectors. When we use a regular adder tree, we can perform only one dot
product operation at a time. Although the FANs bring additional control and multiplexer logic,
they provide parallel processing capability. Therefore, we used the FAN for high performance.

Because of the irregular data fetch and various vector size settings, a neuron vector may need
to be split and processed in different cycles. Partial sum accumulator, next sub-module, checks if
the dot product is completely finished for each ID. When the operation is in progress, results from
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Fig. 9. Forwarding adder network topology used in our implementation [40].

the previous cycle are cumulatively stored in registers inside this module. After the dot product
operation is completed, the result is used to generate a cluster key. Keygen at the end of the SDU
generates the cluster key. Then, generated cluster keys along with the CAM key information are
stored in a queue for bank assignment in the dispatch stage. Note that we do not need to cache
cluster keys at this stage, since they propagate through the pipeline toward LSU.

Internal architecture for a forwarding adder network with 16 multipliers and 15 adders and an
example execution scenario for the whole stage is given in Figure 9. First, fetched neuron vectors
with identity and destination information are dispatched into forwarding adder networks accord-
ing to the hash size setting. Then, multiplication operation is performed between hash tables and
neuron networks. After multiplication, depending on the identity, data are forwarded to adders
across stages to fulfill correct dot product operation. When a neuron vector is reached to its prede-
termined destination, results are accumulated for a neuron vector by the partial sum accumulator.
Finally, the cluster key is generated using dot product results.

3.3.3 Dispatch Unit (DU). The dispatch unit performs two auxiliary functions as bank assigner
and compactor, which will be explained in the following paragraphs.

As shown in Figure 10, at the end of the SDU, cluster keys are generated and written to the
queues. The dispatch unit gets all generated keys from the queues and assigns a bank for each
valid key according to a specific algorithm. For example, the algorithm can select an available bank
according to the most significant bits of the keys. Here, it is important to note that the algorithm
should produce a uniform distribution of bank numbers to maximize parallel memory access and
minimize stalls along the pipeline. In our design, for M banks, the bank assignment sub-module
performs selection according to the least significant loд2M bits of the cluster keys. This way we
are able to get a uniform distribution of banks.

In some cases, it is possible to have more keys fetched from the SDU than the available banks
in the load-store unit. Besides, it is also possible that more than one key could be assigned to the
same bank. Therefore, it is necessary to perform selection among such conflicts. In our design, the
compactor sub-module connects the first k of n valid cluster keys to k available banks, thereby,
avoiding possible conflicts.

3.3.4 Load-Store Unit. This unit is designed to perform centroid calculation and storage. It con-
tains four submodules, namely, request buffers, cluster centroid memory, ID-key memory, and
controller, as shown in Figure 11.

First, dispatched keys are enqueued to their predetermined request buffers. At the same time,
the neuron vector and its ID are read from the table using the associated key.
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Fig. 10. Example execution scenario for the dispatch unit with N collectors and M banks.

In the next step, previous centroid information and cluster size are read from the centroid tables.
In addition, metadata are read to check if the cluster has been formed before. These memories are
necessary to update the cluster centroid correctly. Besides, cluster key information is written into
ID-key memory for later use by the full result derivation stage mentioned in Section 2.

In the third stage, the controller updates the cluster centroid using data from previous cycles
and metadata. Insertion into the centroid table has to be performed atomically. Specifically, read,
modify, and write operations must be in the same cycle. However, due to limitations in mem-
ory technology, each read operation takes at least one cycle. As such, we guarantee atomicity by
stalling the pipeline or forwarding updated centroids across pipeline stages, thereby, maintaining
functional correctness.

To use memory efficiently, we use masking for the write operations. Specifically, they have the
ability to mask data to be written in byte granularity. In addition, special mask generation circuitry
for read and write operations in front of the memories helps to provide compatibility with any
kind of convolutional neural networks through reconfiguration. Furthermore, banked access to all
memories allows parallel execution. All these features are critical to get high performance, energy
efficiency, and resource utilization.

3.3.5 Controller. The controller unit serves as the communication interface of the accelerator
with the outside world. It enables the host to modify the network-related parameters such as hash
size, vector dimension, and start address of SRAM for each layer of a network. All modules must
work in coordination with the controller to achieve dynamic reconfiguration. For example, fetch
unit, similarity detection unit, load-store unit, and banked CAM have the capability of handling the
neuron vectors for different vector and hash sizes. For compatibility with any kind of convolutional
neural network, it is critical to achieve this online reconfiguration. Besides compatibility, online
reconfiguration also provides resource efficiency and speedup by parallel processing of neuron
vectors.

In our design, the controller has a register space for the host to read and write. This way, the host
can start the execution, set the network and layer-related parameters, read the cluster centroids
and key information for each neuron vector processed and send them to the centroid matrix mul-
tiplication module to complete the convolution operation. Due to its simple read-write interface,
it can be integrated into any host interface easily.
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Fig. 11. The LSU is composed of hash tables to store centroids, ID-Key memory, and controller to calculate

centroid and coordinate dataflow.

3.3.6 Synergy with Other CNN Accelerators. This section explains how the general reuse discov-

ery engine can be integrated into an existing hardware accelerator.
In this article, we propose an architecture to speed up general matrix multiplication opera-

tion. Our architecture can be directly integrated into any GEMM accelerator. It serves as a pre-
processing step and reduce the number of computations. Thus, specialized optimizations can still
be utilized. However, accelerators designed for convolution operation only are out of scope for
integration.

Hardware accelerators generally contain a global buffer to keep input activations, and results [11,
13, 40, 50]. Our accelerator can be placed in front of this global buffer to act as a preprocessor. This
way, the size of the input layer can be reduced by extracting similarities. Then, a reduced centroid
matrix is fed into processing engines to calculate the layer output. Finally, the full result is derived
by reading local ID-Key memory inside our accelerator, and it is stored in the global buffer for
processing in the next layer.

An example integration into Eyeriss [11] is given in Figure 12. Eyeriss architecture [11] has
a 2D mesh network consisting of global clusters, PE clusters, and router clusters. In this Eyeriss
integration, our accelerator is connected to the router cluster to fetch raw layer inputs from the
global cluster and send the centroid matrix to the PE cluster as shown in Figure 12. It is important to
note that the scalability of the design enables us to fit the accelerator into any existing framework.

4 EVALUATION

To evaluate the efficiency of the proposed accelerator, we test it both with software-based CNN
implementations and other CNN hardware accelerators. Energy efficiency and speedup are the
major metrics used to evaluate.

4.1 Experimental Setup

This section describes the tools, benchmarks, datasets, default parameters, and execution environ-
ments used to evaluate our accelerator.

4.1.1 Tools. We design the accelerator described in Section 3.3 using Chisel [19] hardware con-
struction language. Furthermore, we measure the performance by running the generated RTL from
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Fig. 12. Top level architecture for the integration of the reuse-centric accelerator into Eyeriss [11].

Table 1. Convolutional Network

and Dataset Pairs Used

in Evaluation

Network Dataset

CifarNet Cifar10
AlexNet Imagenet
VGG-19 Imagenet
MobileNet Imagenet

Chisel on a cycle-accurate simulator called Verilator [2]. We, then, synthesize and implement our
accelerator using Xilinx’s Vivado [4] tool for the VCU118 [3] evaluation board to obtain the av-
erage energy consumption and resource utilization. Additionally, to show the potential benefits
of integration into existing software and hardware platforms, we use the Scale-Sim [43, 44] tool.
More specifically, we measure the speedup when our accelerator is integrated into Eyeriss [13].

4.1.2 Benchmarks. We use four convolutional neural networks to evaluate our accelerator,
namely, CifarNet [30], AlexNet [31], VGG-19 [48], and MobileNet [27]. Table 1 lists datasets run-
ning on described networks.

4.1.3 Datasets. We use Cifar10 [30] and Imagenet [18] as our datasets for collecting the ex-
perimental results. Cifar10 has 60,000 images with a size of 32 × 32 pixels, whereas the Imagenet
dataset has more than 14 million images with a size of 224 × 224 pixels.

4.1.4 Default Parameters. The default architecture-related parameters for our advanced accel-
erator are given in Table 2. These optimal architectural parameters are selected for the default
setup considering accuracy, performance, energy, and area.

The default CNN layer related parameters for each benchmark is given in Table 3. Note that, it
is necessary to adjust the hash size and vector size online for each layer without compromising
accuracy.

4.1.5 Execution Environments. We tested the reuse-based implementation in four different exe-
cution environments as listed below.
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Table 2. Default Parameters Used for the

Advanced Architecture

Parameter Value

Data precision 8-bits
SRAM row width 128-bits
Fetch target queue depth 8
FAN size 16
Number of FANs 16
FAN/Bank request queue depth 8
Cluster memory size 24 MB
ID memory size 2.5 MB
Count memory size 2.5 MB
Valid memory size 1 MB
Maximum hash size 20
Maximum vector dimension 24
Number of Banks 4
CAM lines 8

(1) CPU: Software-based implementation running on a mobile CPU. This is used as a baseline
for our experimental evaluations. This is selected as the baseline, since we would like to
target our accelerator for environments where energy efficiency is critical.

(2) Basic Accelerator: Our basic reuse-centric architecture as explained in Section 3.1.
(3) Advanced Accelerator: Our advanced accelerator architecture as explained in Section 3.3.
(4) Eyeriss (weight stationary) + Advanced Accelerator: This is the setup where our accel-

erator is integrated into an existing state-of-the-art accelerator, Eyeriss [13], with weight
stationary dataflow, to observe potential benefits. We use a modified version of SCALE-
sim [43, 44], a CNN accelerator simulator, to measure the results obtained from this setup.

4.2 Performance and Synergy with Existing Accelerators

Previous studies [38] have shown that the effect of reuse-centric CNN acceleration on the original
accuracy of the network is minimal, generally much less than 1%. Therefore, this section will rather
focus on performance evaluation for all execution environments.

The first set of results highlight that our proposed basic and advanced accelerator implemen-
tations offer great speedups, as shown in Figure 13. For CifarNet, advanced design performs
almost two times better than basic design while they are close to one another for AlexNet and
VGG-19. The reason behind this is related to the setting for the number of FANs parameter given
in Table 2. Since VGG-19 has hash sizes greater than 16 for the first four layers, it can process a
single neuron vector in two cycles for the current setting, resulting in similar performance results
for the advanced and basic designs. Similarly to VGG-19, AlexNet has vector sizes between 10
and 24, which means that fetching a single neuron vector requires at least one cycle. However,
for CifarNet and MobileNet, our advanced accelerator can process more than one neuron vector
during the same cycle, resulting in much larger speedups than basic design.

Second, we analyzed speedups of convolutional layers for the CPU+accelerator platform as re-
ported in Figure 14. In this setup, similarity detection is performed on our advanced accelerator,
while centroid multiplication and full result derivation are performed on the CPU. As can be ob-
served from the figure, the performance improvement is ranging between 1.46× and 3.63×. How-
ever, full result derivation and centroid multiplication still create a bottleneck.

ACM Transactions on Design Automation of Electronic Systems, Vol. 27, No. 5, Article 43. Pub. date: June 2022.



Energy Efficient Boosting of GEMM Accelerators for DNN via Reuse 43:17

Table 3. Algorithm Specific Parameters Used for the Benchmarks

Network Layer Number Batch Size Input Vectors Vector Size Hash Size Subvector

CIFARNET conv1 100 1,024 5 15 15

CIFARNET conv2 100 256 10 10 160

ALEXNET conv1 100 2,916 11 16 33

ALEXNET conv2 100 676 20 15 80

ALEXNET conv3 100 144 12 15 144

ALEXNET conv4 100 144 12 15 288

ALEXNET conv5 100 144 24 15 144

VGG-19 conv1 16 50,176 9 20 3

VGG-19 conv2 16 50,176 16 20 36

VGG-19 conv3 16 12,544 16 18 36

VGG-19 conv4 16 12,544 16 18 72

VGG-19 conv5 16 3,136 16 16 72

VGG-19 conv6 16 3,136 16 16 144

VGG-19 conv7 16 3,136 16 16 144

VGG-19 conv8 16 3,136 16 16 144

VGG-19 conv9 16 784 16 15 144

VGG-19 conv10 16 784 18 15 256

VGG-19 conv11 16 784 18 15 256

VGG-19 conv12 16 784 18 15 256

VGG-19 conv13 16 196 18 12 256

VGG-19 conv14 16 196 18 12 256

VGG-19 conv15 16 196 18 12 256

VGG-19 conv16 16 196 18 12 256

MOBILENET conv1 4 12,544 18 3 9

MOBILENET conv3 4 12,544 18 4 8

MOBILENET conv5 4 3,136 18 4 16

MOBILENET conv7 4 3,136 18 8 16

MOBILENET conv9 4 784 10 8 16

MOBILENET conv11 4 784 10 8 32

MOBILENET conv13 4 196 10 8 32

MOBILENET conv15 4 196 10 8 64

MOBILENET conv17 4 196 10 8 64

MOBILENET conv19 4 196 10 8 64

MOBILENET conv21 4 196 8 8 64

MOBILENET conv23 4 196 8 8 64

MOBILENET conv25 4 49 8 8 64

MOBILENET conv27 4 49 8 16 64

We further integrate our accelerator into a custom systolic array, which has the same archi-
tecture as Eyeriss but using weight stationary dataflow, to illustrate the potential benefits that
can be brought by our accelerator to the existing state-of-the-art hardware accelerators. We use
SCALE-sim to simulate the performance of the integration, and the execution cycles of running
the entire convolutional layer on the systolic array is used as the baseline. As an integrated unit,
we implement the reuse-centric CNN acceleration with a combination of the systolic array and our
accelerator. The similarity discovery module is implemented on our accelerator while the systolic
array processes the centroid matrix-multiplication. Then, host controller performs the full-result
derivation by reading ID-Key memory and cluster memory to construct the final result of the con-
volution. Our accelerator customizes SRAMs to keep the information required for reconstruction.
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Fig. 13. Average performance improvement over mobile CPU obtained through basic and advanced design

for the similarity discovery module.

Fig. 14. Performance improvement of reuse-centric implementations on CPU and with the proposed accel-

erator. The baseline is the default convolution performed on a mobile CPU.

This enables the host controller to reconstruct the overall result without being affected by the
memory latency. However, system architecture plays a vital role in data transfer. If the host con-
troller does not have any cache or there is no direct memory access module in the system, then
this would become the bottleneck. Therefore, selection of the embedded CPU and system design
may affect the overall performance. Figure 15 illustrates the performance comparison between the
baseline and the integrated unit. The results show that our proposed accelerator provides up to
7.69× speedup and very promising average speedups for all of the benchmarks, largely boosting
the performance.

4.3 Energy Reduction

We perform synthesis using Xilinx’s Vivado tool [4] to measure the power consumption of the
advanced design on the VCU118 [3] FPGA development board. We compare our accelerator’s
energy consumption with the software-based implementation running on CPU as shown in Fig-
ure 16. Specifically, this figure presents the energy efficiency over mobile CPU for the similarity
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Fig. 15. The performance improvement on Eyeriss brought by our reuse-centric accelerator.

Fig. 16. Energy reduction over mobile CPU through advanced design.

discovery module. As can be seen from these results, our accelerator reduces energy consumption
up to 95.46%.

4.4 Area Breakdown and Resource Utilization

Cluster memory size is too large to be implemented in an FPGA synthesis for the given parameters
in Table 2. Therefore, we choose smaller sizes for SRAMs and perform technological mapping of
our design to FPGA’s logic resources through synthesis. After synthesis, the area breakdown of
the modules in advanced architecture based on the lookup tables (LUTs) and registers is given in
Figure 17. As can be seen from this figure, the resources are largely occupied by the reduction unit’s
execution module, which consists of a set of FANs. We give specific details about the resources used
by each module in Table 4.

4.5 Discussion

In the load store unit, updated centroids are written to the cluster centroid memory based on
the generated key information. The number of unique keys determines the number of centroids,
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Fig. 17. Area breakdown of the modules in the advanced architecture based on the LUTs and registers.

Table 4. Resources Used By Each Module of the Advanced Design Implemented on VCU118 Board

Module CLB LUTs CLB Registers Carry8 F7 MUXs Block RAM Tile

LSEU 15,064 1,752 1,352 0 68
FU 31,277 446 1,807 20 0
RU 84,038 86,255 2,080 1 0
DU 1,425 0 0 0 0

NVT 14,976 1,551 0 1,536 0

namely the centroid memory’s actual size. However, we set a theoretical size for centroid memory
to include all possible keys. When the number of centroids for the aforementioned benchmarks
given in Table 5 are considered, one can observe that there is a huge difference between the theo-
retical size and the actual size of the cluster centroid memory. With this observation, we can use
a much smaller memory together with a special hashing function to minimize collisions. Cuckoo
hashing [39] for cluster centroid memories perfectly fits in this case, since it offers worst case O(1)
lookup. Architecture of the load store unit with cuckoo hashing is given in Figure 18.

5 RELATED WORK

Studies seeking opportunities to maximize performance and to minimize energy consumption
can be grouped into two main categories as improvements in hardware architectures and joint
hardware/software designs.

From the architectural perspective, there are four kinds of architecture exploiting different data
reuse characteristics: no local reuse, weight stationary, output stationary, and row stationary [10].
First, no local reuse–type architectures do not store input, output, and filter data locally inside
a processing engine; instead, they use large global buffers to handle dataflow. An example archi-
tecture in this approach is DaDianNao in Reference [12], which uses a large on-chip memory
(eDRAM) to buffer input, output, and weights instead of off-chip memory access, which is highly
costly. In weight stationary dataflow, filter weights are generally stored near processing engines
to decrease their access cost. Input feature maps are mapped to all PEs such that stored weights’
utilization is maximized. An example of this architecture is nn-X [22], which caches the incoming
weights to use during the convolution operation. Similarly, filter weights of CNN accelerators in
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Fig. 18. Load store unit with cuckoo hashing.

References [45] and [9] are kept in registers of their PEs to perform the convolution. Partial sums
can also be stored inside local register files, resulting in another architecture type called output
stationary. According to the mapping to PEs, there can be different types of dataflows targeting
a different number of output channels and activations. For instance, in ShiDianNao [20], compu-
tation is brought near to the sensor to eliminate the large bandwidth requirement due to DRAM
and each PE provides an output activation by storing partial sums in a register, targeting calcula-
tions of all output activations for a single channel. The latest approach, proposed in Reference [10]
called row stationary, suggests maximum reuse of all types of data, namely input feature maps, fil-
ter weights, and partial sums inside a processing engine. Eyeriss [13] is a DNN accelerator that is
implemented in ASIC and exploits this approach. In this architecture, an input row, a filter row,
and partial sum stay stationary inside local register files so that 1D convolution can be performed
in a single PE. Our accelerator provides additional benefits for different kinds of data reuse char-
acteristics when integrated into an existing accelerator.

From the hardware/software co-design perspective, one can take advantage of algorithmic prop-
erties to design simpler hardware besides improving performance and energy efficiency. This
can be primarily done by reducing precision or reducing computation size without sacrificing
accuracy [49]. Methods for reducing precision can be implemented by quantizing data either uni-
formly or non-uniformly, i.e., it is possible to use equal or different intervals between the quanti-
zation levels. Firstly, uniform quantization can be used to convert 32-bit floating-point data to an
8-bit dynamically fixed point [23] while maintaining accuracy. An example accelerator using 8-bit
integer arithmetic is Google’s Tensor Processing Unit [29]. Precision can be reduced to only one or
two bits as implemented in YodaNN [7] and in XNOR-Net [41]. These hardware accelerators, also
called binary networks, offer extremely low-cost hardware along with some accuracy degradation.
As for the reduced computation size, the sparsity, resulting from ReLU result in output feature
map, can be used for saving energy and reducing implementation cost of a DNN hardware. Using
compression on the sparse matrix and skipping zero-valued features in calculations can provide
great energy efficiency [13]. Besides our accelerator working with 8-bit data and supporting spar-
sity check, determining clustering parameters with no loss in accuracy and for efficient inference
sets a good example of hardware/software co-design. In addition, tensor train (TT) decomposi-
tion is a common technique utilized to compress the DNN model. TIE [17] proposes an efficient
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Table 5. Comparison of Theoretical Size with Actual Size for Cluster Memory

Network Layer Theoretical Size (MB) Actual Size (KB) Difference

CIFARNET conv1 0.16384 6.144 27.31
CIFARNET conv2 0.01024 0.3072 34.13
ALEXNET conv1 0.720896 96.228 7.67
ALEXNET conv2 0.65536 47.32 14.18
ALEXNET conv3 0.393216 12.2688 32.82
ALEXNET conv4 0.393216 12.096 33.29
ALEXNET conv5 0.786432 59.0976 13.63
VGG-19 conv1 9.437184 187.8589 51.44
VGG-19 conv2 16.777216 206.8054 83.07
VGG-19 conv3 4.194304 79.9604 53.71
VGG-19 conv4 4.194304 104.6872 41.03
VGG-19 conv5 1.048576 59.9703 17.90
VGG-19 conv6 1.048576 51.2999 20.93
VGG-19 conv7 1.048576 47.2055 22.75
VGG-19 conv8 1.048576 33.4774 32.07
VGG-19 conv9 0.524288 20.6725 25.97
VGG-19 conv10 0.589824 27.3208 22.11
VGG-19 conv11 0.589824 28.4497 21.23
VGG-19 conv12 0.589824 30.2561 19.96
VGG-19 conv13 0.073728 10.4428 7.23
VGG-19 conv14 0.073728 9.0316 8.36
VGG-19 conv15 0.073728 7.7333 9.76
VGG-19 conv16 0.073728 7.056 10.70
MOBILENET conv1 0.786432 0.75264 1069.98
MOBILENET conv3 1.048576 0.0802 13374.69
MOBILENET conv5 1.048576 0.2709 3962.87
MOBILENET conv7 2.097152 4.6362 463.19
MOBILENET conv9 0.008192 0.4164 20.14
MOBILENET conv11 0.008192 0.7777 10.79
MOBILENET conv13 0.008192 0.392 21.40
MOBILENET conv15 0.008192 0.5375 15.61
MOBILENET conv17 0.008192 0.4785 17.53
MOBILENET conv19 0.008192 0.4108 20.42
MOBILENET conv21 0.002048 0.2546 8.24
MOBILENET conv23 0.002048 0.2540 8.26
MOBILENET conv25 0.002048 0.1050 19.96
MOBILENET conv27 0.004096 0.4045 10.37

inference scheme by eliminating redundant operations due to TT decomposition, revealing a good
example in terms of hardware/software co-design perspective. Our accelerator and TIE [17] can
work collaboratively to achieve higher throughput and energy efficiency.

There are also recent works on hardware accelerators leveraging computation reuse. For exam-
ple, Riera et al. [42] investigate similarities between consecutive frames. Specifically, they miss the
similarities across frames at different layers or batches. The study by Buckler et al. [8] proposes
an algorithm for efficient processing of real-time vision. This algorithm estimates motion in the
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input frame to predict the next frame. Another work by Hedge et al. [26] improves performance and
saves energy by reusing weights in and across filters. They propose a computation reuse scheme
based on weight repetition and reducing CNN model size. As a result, Reference [42] and Reference
[8] only makes use of temporal reuse opportunities while [26] suggests spatial reuse to reduce com-
putation and memory reads. However, our general reuse-centric CNN accelerator takes advantage
of both temporal and spatial reuse for better performance and energy.

Another prominent field of study is modeling tensor dataflow to gain more insight into data
reuse, bandwidth, latency, and energy consumption. Both MAESTRO [32] and TENET [34] describe
frameworks that help in the analysis and evaluation of various architectures. As stated in Reference
[32], there is no single hardware and dataflow for all DNN layers. Therefore, fast exploration of
the huge design space is crucial to bring out the best throughput and energy.

6 CONCLUSION

In this article, we propose an architecture that reuses similar neuron vectors to boost the perfor-
mance of CNN executions. Major design differences from the prior work [14] can be summarized
as follows:

(1) Previous design was memory centric. Current architecture is both memory and computation
centric. We have optimized computation by enabling parallel processing of neuron vectors.
Thus, we designed custom hardware blocks to fetch, perform similarity detection, and store
clustering results.

(2) Previous design had caches to reduce off chip data movement. However, this design uses
customized banked SRAM blocks to store centroids and key information.

(3) This accelerator design is flexible, scalable, and resource-efficient to enable integration into
any existing accelerator and to speed up CNN inference.

We measured its performance through four CNNs and integrated it into Eyeriss [13]. Specifically,
it provides speedups up to 7.75× for a convolutional layer. Furthermore, we also integrated into
a software-based implementation of general reuse-centric CNN acceleration. We observe up to
3.63× faster execution in a convolutional layer and energy reduction up to 95.46% in similarity
detection for the same CNN.

In our work, the proposed field of application is convolutional neural networks. We represent
convolution as a matrix multiplication. Then, we apply LSH to accelerate matrix multiplication.
Therefore, any operation represented as a matrix multiplication can be accelerated using our hard-
ware. From this perspective, other workloads such as deep learning-based recommendation sys-
tems and audio applications can also be accelerated using our framework, since they can be built
using CNNs or RNNs. However, it is important to note that there are certain conditions that must
hold for LSH to work efficiently for other workloads as we stated in Section 1.
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