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Convolutional Neural Networks (CNNs) have a wide range of applications due to their superior performance in
image and pattern classification. However, the performance of CNNs comes at the price of high computational
load and memory bandwidth usage. Hardware acceleration has become the primary way to tackle this ever-
increasing complexity of CNNs. Most of the recent accelerators arrange processing units (PEs) as a many-core
accelerator architecture, with the inter-PE connections tailored to the specific dataflow of the CNN layers.
The performance of such accelerators is maximized if the input feature map and filter size/dimension matches
that of the underlying accelerator. However, current fixed-size accelerator structures lead to sever resource
underutilization because the same structure is used to compute CNN layers of varying dimensions. In this
paper, we tackle this problem by presenting RC-CNN, a reconfigurable accelerator architecture for CNNs that
can adapt the structure of accelerator to the size and dataflow pattern of the running CNN layer. RC-CNN relies
on a reconfigurable on-chip interconnection fabric that can organize a sub-set of accelerator’s PEs as a PE set
with the same size/dimension of the target CNN layer and customize the inter-PE connections for the layer’s
dataflow pattern. Since the area/energy overhead does not justify using a full-fledged packet-switched network
in accelerators with fine-grained PEs, we use a reconfigurable network with very simple switches in order to
efficiently implement the dynamic reconfiguration capability for many-core fine-grained CNN accelerators.
Experimental results show that, based on the CNN size and accelerator structure, RC-CNN yields 37% higher
PE utilization over a baseline design, on average. It also improves the PE utilization of the state-of-the-art CNN
accelerators we selected for comparison purpose by 18%, on average. The results show that these improvements
translate to 9%-41% increase in the accelerator’s throughput. Further, RC-CNN reduces the network latency
and energy consumption by 28% and 22%, respectively, compared to the state-of-the-art utilization-aware
methods that employ packet-switched networks-on-chip.

1. Introduction as artificial intelligence, image and video recognition/classification,

medical image analysis, pattern recognition, expert systems, natural

Artificial neural networks have been recently employed in a wide
range of applications in our everyday life [1-3]. To cope with the ever
increasing demand for accuracy in applications with growing complex-
ity, the number of layers in artificial neural networks has increased,
leading to the adoption of neural network models with a deep chain of
layers, called deep neural networks. A special kind of these deep neural
networks is the well-known convolutional neural networks (CNNs) [4].
Applications of CNNs are extremely widespread. These networks are
customized for image processing, essential for many domains such
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language processing, etc. Convolutional neural networks consist of
some convolution layers that each layer has a unique size in each CNN.

The convolutional layer is the core of a CNN. The convolutional
layer’s parameters consist of a set of filters, which have a small recep-
tive field but extend through the full depth of the input volume. During
the forward pass, each filter is convolved across the width and height
of the input volume, computing the dot product between the entries of
the filter and the input and producing a 2-dimensional activation map
of that filter. As a result, the network learns filters that activate when
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it detects some specific type of feature at some spatial position in the
input.

The most impeding aspect of convolutional neural networks are the
huge amount of their computation. This amount of computations is so
heavy for traditional processors that they fall short to complete the
computation in acceptable time. GPUs are also sometime inefficient
due to their high power consumption and cost. For this reason, the
semiconductor industry has moved towards the neural network accel-
erator chips [5-12]. These accelerator chips have a vast diversity: from
small-scale embedded processing units to large cloud-scale [13-17]
that can run hundred millions of neurons in real-time [18-22]. These
application-specific accelerators generally consist of simple processing
elements (PEs), each can perform multiple multiply-and-accumulate
operations per time unit. By putting together these processing elements,
an application-specific multi-core system is formed. These accelerators
have a large amount of PEs connected by a network-on-chip (NoC) that
distributes the data and intermediate results among cores according to
the dataflow of a convolutional neural network [23-29].

Among different application-specific accelerator architectures for
CNNs, the architectures based on systolic arrays often yield the best
throughput and memory access reduction [30-32]. Specifically, recent
accelerators device systolic array architectures based on the output-,
input-, and row-stationary dataflows to maximize the reuse of fetched
data. Among them, the latter, row-stationary dataflow, promise the
maximum data reuse, hence better reduces the pressure on the memory
bandwidth.

In such accelerators, the PEs are portioned into several so-called PE
sets. Each PE set is allocated to a single convolutional layer, with layers
of a CNN run one after another on the PE sets. It consists of a set of
PEs and buffer banks that are connected by an interconnection network
to make a systolic array. The performance of this systolic array-based
architectures is highly sensitive to the match between the convolutional
layer and accelerator size and dimensions.

Conventional accelerators apply the one-size-fits-all scheme, where
all PE sets have the same size and these identical sets compute all
convolutional layers of the CNN. Prior research, however, showed that
variation in the sizes of the CNN layers limits the throughput of such
conventional architectures.

If a CNN layer is smaller than the PE set size of the accelerator, then
some PEs remain idle. On the other hand, if the layer larger than the
PE set, the layer should be folded on the PE set and run in multiple
iterations, even if there are some idle PE sets nearby. In this case, not
only the execution time increases but also it is still likely to have idle
PEs at the last iteration.

Therefore, for the layers that are a poor fit for the accelerator pa-
rameters, the accelerator will undergo PE underutilization problem and
the existence of inefficient computational cycles, thereby increasing
CNN computation time and power consumption [33,34].

Some prior work tried to work around this problem by implement-
ing PE sets of different sizes [35] or using packet-switched network-on-
chip to virtually form PEs sets [36]. The former, however, still have the
underutilization problem when facing new layer sizes. The latter have
a high area overhead of putting a large packet-switched router beside
each PE.

To overcome the problem of varying dimensions of filters and
inputs across CNN layers, this paper presents Reconfigurable NoC-Based
Convolutional Neural Network Accelerator (RC-CNN), a systolic array
architecture that relies on a reconfigurable NoC to dynamically form
PE sets of arbitrary size. These interconnected PEs create some sets,
such a way that each set can process a filter and these sets can work
in parallel. To keep the NoC size and complexity low, we do not use a
packet-switched NoC; rather an interconnection with simple switches
is used. Each switch has the same structure as the switch boxes in
FPGAs: it is programmed (configured) to connect the input and output
wire segments together, hence adapting the inter-PE connections to
a given dataflow. The switches make long pipelined links between

Journal of Systems Architecture 129 (2022) 102567

communicating PEs by chaining multiple wire segments between the
two end-point nodes. This capability is used to build the required inter-
PE connection between the PEs that are to form a PE set. This low
overhead made by the simple switches justifies putting a router along
with each simple PE.

This paper takes the dataflow from the state-of-the-art row-statio-
nary dataflow of Eyeriss [31,37,38]. RC-CNN takes the size of input
CNN layers, assigns the required number (row and column) of PEs to it
to form the PE set, and configures the NoC to connect the cores inside
the PE set according to the row-stationary dataflow. Experimental
results, as detailed in Section 5, shows that RC-CNN can considerably
outperform the stat-of-the-art in terms of PE utilization and complexity
reduction.

The rest of the paper is organized as follows. In Section 2, we
present some preliminary concept on CNNs and introduce the state-of-
the-art design, on which we have based RC-CNN. Section 3, discusses
some related works. The proposed architecture for RC-CNN‘s is pre-
sented in Section 4 and evaluated in Section 5. Finally, Section 6
concludes the paper.

2. Preliminary
2.1. Convolutional Neural Networks

Artificial Neural Networks (ANNs) model the brain with a set of
interconnected neurons. Neurons are the main component of the arti-
ficial neural networks. Each neuron contains a number of inputs and
outputs. Synapses are connections between neurons in brain and a
weight assigned with each synapse. Artificial neural networks are made
up of several layers, each layer containing several neurons. . Input of a
neuron is output of another neuron in previous layer.

The depth of ANNSs increases rapidly every year. These Deep ANNs
called Deep Neural Networks (DNNs). A special kind of these DNNs
called convolutional neural networks (CNNs) which have very much
impact on Deep Learning and artificial intelligence (AI). CNNs are very
hot research topic because of their very wide usage from recognition to
self-driving cars and Al. The main property of these networks is a huge
amount of data and computations.

This paper focuses on the convolutional neural network (CNN)
model. CNNs use convolution instead of general matrix multiplication
which is used in artificial neural networks. Each layer in a CNN employs
an operation called convolution. In CNNs a neuron only performs a
simple multiply and accumulate operation and can connect to all or
some part of neurons in the next layer. The outputs of one layer can be
inputs of another layer. A CNN has an input layer, some hidden layers,
and an output layer. Hidden layers generally have some convolutional
layers. The operation of the convolution layer is equal to a neuron
in the visual cortex of the brain. The layers of a CNN have neurons
arranged in 3 dimensions called width, height, and depth. Where each
neuron inside a convolutional layer is connected to only a small region
of the layer before it, called a receptive field. CNNs are the primary
way to implement deep learning-based image processing algorithms by
stacking several convolutional (in the form of 2D filters) layers in front
of a backend MLP-like fully-connected neural network. The filters are
used to take a 2-D sliding-window convolution over an input matrix
(A.K.A input feature map) to produce an output matrix (A.K.A output
feature map), with the output of the preceding layer being fed to the
subsequent layer as the input. Each filter extracts some features from
the input feature map. Input in a CNN generally is a 2D shape or image
so that each image has a height and width. The number of images may
be greater than one, in such a way that called the batch size of an
image. An image after passing through a convolution layer is called
a feature map. Starting from the top left of the image, each filter slides
across all the areas of the input image by a certain stride. At each step,
the filter covers a block of the input image with the same size and



A. Firuzan et al.

Fig. 1. Convolutional Neural Network Layer.

calculates an element-wise dot product between the input image block
and filter weights to produce an element of the output feature map.

There can be multiple (N) input channels, each containing a distinct
RxC input feature map. As mentioned earlier in some papers this called
the batch size of an image. In this case, there are N channels of filters,
each applies to one of the input channels. The results are then summed
up element-wise to make an output feature map, as illustrated in Fig. 1.
Each channel has M filters to apply to the input and produces M
channels of output feature maps. If input elements are from the same
channel in the input image, high reuse capability can be done in PEs.
In CNN accelerators, in most cases, the dimensions of the filter and
the dimensions of the processing elements are not compatible, and this
causes idle processing elements and a waste of resources and energy. In
other words, the main problem in CNN accelerators is some PEs remain
idle during CNN computations. The PE underutilization problem occurs
when input activations are from the same channel. This problem is
severe because most filter sizes in CNNs have small sizes. For example,
AlexNet [39] has filters with size less than 27 x 27. Moreover, filter
size varies in different CNN models.

One of the parameters which are used for the evaluation of CNN ac-
celerators is efficiency and defines the number of operations per second
per watt. This parameter cannot use alone because CNN accelerators
cannot reach their maximum TOPS because of the PE underutilization
problem. Accuracy is another parameter that is determined for a given
task, the quality of the result. Throughput is an important parameter
that is used to determine the amount of processed data [40]. For some
applications high throughput is necessary, For example in real-time
applications. Throughput express as the number of tasks that can be
completed in a period of time. Latency is another important parameter.
It measures the time between data arrival and result generation. Real-
time CNN applications such as automatic navigation, augmented reality
and robotics need low latency CNN accelerators. As mentioned earlier,
the number of PEs that receive workload determines the PE utilization.
In another word, PE utilization is the ratio of active PEs to all PEs on
the CNN accelerator. So it is better to distribute the workload so much
that all PEs become active. The task of efficient distributing of CNN
layers data on PEs must be done by the interconnection network of CNN
accelerator. So interconnection network or network-on-chip has a key
role in a CNN accelerator. Another important parameter is dataflow.
Dataflow is the order of operations and location of data storage and
way of data reuse.

As mentioned earlier, multiply and accumulate is the main opera-
tion of a PE in CNN accelerators. Some weights of filter or some input
activations may be zero, so the multiply operation is inefficient. These
inefficient operations can be deleted. In other words, these operations
can be done in fewer cycles or no cycles at all. Some extra hardware
is needed to determine zero operations, thus the cost of hardware may
increase.
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Fig. 2. Direction of filter weights movement shows in green arrows. Direction of input
fmap movement shows in blue arrows. Direction of Psum movement shows in red
arrows. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

2.2. State-of-the-art design

Convolutional neural network accelerators are a very hot research
topic. Many convolutional neural network accelerators have already
been introduced. One of the best state-of-the-art accelerators is called
Eyeriss [31,37,38]. Eyeriss is the base architecture, which we use in
this paper. Eyeriss uses 168 PEs which are arranged as a 12 x 14 PE
array. There is an off-chip DRAM for storing CNN weights and input
activations. To minimize input image and weight movement, Eyeriss
minimizes three types of data movement such as convolutional reuse,
filter reuse, and weight reuse. Eyeriss uses a CNN dataflow called Row
Stationary (RS). In RS dataflow each row remains stationary in PEs. In
RS dataflow, Filter rows in each line of PE array are the same, and input
image rows moving diagonally in PE array. In Eyeriss architecture, one
row of the filter is multiplied by one row of the input image. This
multiplication is the multiplication of peer-to-peer elements. After mul-
tiplying the peer-to-peer elements, the product obtained is multiplied
by the input partial sum obtained and then added by the product of
the partial sum stored from the previous step to obtain the partial
sum of the output of the processing element. Eyeriss minimizes off-chip
DRAM accesses. It uses a network-on-chip architecture with multicast
and point-to-point support. To support Multi-cast and Point-to-Point,
Eyeriss uses a flat multicast NoC. Each PE in Eyeriss consists of a
scratchpad, a multiply and Accumulate unit, and a control unit. The
main problem of Eyeriss is the PE utilization problem especially when
there are multiple PE sets in the PE array. In this case, some PEs remain
Idle during CNN computations. Eyeriss benefits from compression and
zero data gating techniques for energy efficiency. Fig. 2 shows filter
rows reuse in a PE set in Eyeriss in green arrows. All PEs in a row have
the same filter row. Fig. 2 shows data reuse of Input image in a PE set in
Eyeriss. Each row of the input image is reused across PEs diagonally.
Fig. 2 shows partial sums accumulate vertically across PEs. Psum of
each row finally will ready on PEs on the top side of the PE set.

Eyeriss v2 is a new version of the original Eyeriss. It has a new
NoC architecture in comparison to the original Eyeriss. A Hierarchi-
cal Mesh network is used for supporting a wide range of bandwidth
requirements. Three types of convolutional layers can be supported
by Eyeriss v2. First Conventional convolutional Layers with high data
reuse, depth-wise convolutional layers with no reuse for iacts and only
reuse for weights, and finally fully connected layers that have little
reuse. For each data type such as iacts, Psum, and weights a separate
hierarchical mesh NoC is created. Eyeriss v2 optimized for compact
DNNs. When required data reuse is low then its network provides
high bandwidth via unicast. In cases in which data reuse is high, it
uses spatial data reuse by using Multicast or Broadcast. Eyeriss v2
uses router clusters arranged as a mesh network. Each router cluster is
connected to a GLB cluster and PE cluster. Each router cluster consists
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Fig. 3. Reconfigurable NoC.

of four Psum routers, three weight routers, and 3 iact routers. Each
PE cluster consists of 12 PEs arranged in a 3 x 4 manner. Eyeriss
v2 has a Global buffer for adding an extra level memory hierarchy.
There are two control mechanisms in Eyeriss v2 similar to original
Eyeriss. First is a top-level control mechanism controlling off-chip data
accesses and traffic between Global Buffer and PEs and second is a
control mechanism in each PE that controls the processing process in
PE. Input activations read from off-chip into the GLB cluster. Partial
sums always store in the GLB cluster. Eyeriss v2 can be scaled with
more PEs but the performance may not be scaled due to PE utilization
issues. Hierarchical Mesh NoC in Eyeriss v2 uses a circuit-switched
routing with only the use of multiplexers.

2.3. Reconfigurable Network-On-Chip (NoC)

The reconfigurable topology which used in this paper is a modified
version of the baseline reconfigurable topology we proposed in a previ-
ous work [41]. In the reconfigurable Network-on-Chip in [41], routers
are shown with squares in Fig. 3 and they are not connected directly
to each other, but through a very simple logic, which called a config-
uration switch. This configuration switches are shown with circles in
Fig. 3 that allow changing the inter-router links dynamically. Like the
switch box of FPGAS, A Configuration switch simply consists of several
transistor switches, which they can be configured to create required
inter-router links. These switches are configured based on the current
on-chip traffic to set up permanent long connections or links between
different routes. They are similar to simple 4 x 4 crossbars and are very
smaller and simpler than a router because they have no arbitration,
network interface, and routing logic and buffer. The crossbar is smaller
than the 5 x 5 crossbar of a mesh and, the configuration switches have
permanent input-output connections during application execution time
unlike the internal connections of a router crossbar that may potentially
change at each cycle. So the power consumption of the crossbar control
line’s activity is eliminated.

3. Related works

Research on convolutional neural network accelerators is very hot
and interesting due to the many applications of CNNs. Interconnection
used in ASIC CNN accelerators is divided into array-based [15,42],
Mesh-based [26,43], custom interconnection [44,45] and finally recon-
figurable interconnects [23], [24] and [46]. Interconnections in non-
ASIC accelerators consist of FPGA-based accelerators such as [47], [48]
and [49], GPU-based accelerators such as [50] and [51], many-core
accelerators such as [52], and embedded processors such as [53] and
[54]. Other interconnects and emerging technologies such as in/near-
memory processing, wireless interconnections, and optical intercon-
nects are also proposed for Neural Network accelerators. Massively
parallel computing models in CNN accelerators consists of spatial ar-
chitectures that use dataflow processing and temporal architectures
such as SIMD architectures. The main difference between spatial CNN
architectures and temporal ones is the hierarchical memory hierarchy
which uses in spatial CNN accelerators. Spatial CNN accelerators have
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more parallelism than temporal CNN accelerators such as CPU-based
architectures that use single instruction multi-data and GPU-based
accelerators which use single instruction multi-thread [15,42,55]. Spa-
tial CNN accelerators have decentralized control units. In temporal
architecture, there is no direct communication between processing
elements.

Multiply and accumulate is the main operation in a PE in CNN
accelerators. MAC operation in PEs mainly consists of three memory
reads. First, three reads for reading filter weight, fmap activation,
and partial sum, and forth is a memory write for writing updated
Psum. In the worst-case, all memory accesses must access off-chip
DRAM which is a very energy-consuming process. So in CNN compu-
tations, the main bottleneck is memory access which must be kept as
low as possible for energy-efficiency and throughput. For overcoming
this problem in many previous related works for accelerating CNNs
a memory hierarchy is used for decreasing off-chip memory accesses.
So spatial architectures that have hierarchical memory are the best
option for accelerating CNNs. For maximizing local data reuse in spatial
accelerators, there are four levels of the memory hierarchy. The first is
off-chip memory, the second is a Global buffer, the third is inter-PEs
communication and the fourth is a scratchpad or a register file inside
each PE. Mesh-based interconnects are rare in CNN accelerators. The
main problem of mesh-based interconnects is the scalability problem.
In other words, when the size of the PE array becomes large the
mesh-based interconnects latency increases. Moreover, multi-cast is a
rare data delivery pattern in CNN accelerators that cannot efficiently
handle by Mesh-based interconnects. To overcome this problem, some
accelerators such as CuPAN [56] proposed which benefits from Clos
topology. Bus-based topologies are another approach used for CNN
accelerators but massive data movement on CNN accelerators causes
throughput problems in bus-based interconnects. The main problem of
most CNN accelerators is the co-design of PEs and NoC which means
that they only consider internal communication of one layer. In other
words, dominant CNN accelerators use only certain dataflows and CNN
layers which causes PE underutilization problem. Especially in cases
in which other shapes of layers will map on that CNN accelerators.
To overcome this problem recent CNN accelerators [46] benefit from
reconfigurable interconnects which have the flexibility to math CNN
accelerator with required dataflows and data communication patterns.

In the continuation of this section, we will review some new CNN
accelerators that have already been proposed. Google tensor processing
unit (TPU) [57] is CNN accelerator proposed by Google. This acceler-
ator use systolic arrays which have from 4 x 4 to 128 x 128 systolic
array engines with reconfigurable interconnects.

In [35] an FPGA-based CNN accelerator was proposed which can
partition hardware resources for achieving better utilization of PEs. In
other words, it can adapt its hardware size to the dimensions of the
related CNN layer. In this paper, there are some convolutional layer
processor (CLP) which CNN layers can be implemented by these CLPs.
An optimization algorithm developed for finding the best multi-CLP
design in this paper. Better PE Utilization than previous FPGA-based
approaches is the main achievement of this paper [35].

In [34] a reconfigurable tree-based architecture was proposed for
accelerating CNNs called MAERI (Multiply-Accumulate Engine with
Reconfigurable Interconnect). In MAERI, communication flows are par-
titioned into some traffic classes named distribution, local forwarding,
reduction, and collection [58,59]. MAERI can map arbitrary dataflows
that exist in DNNs by using tiny switches and a reconfigurable inter-
connection network. MAERI consists of some multiplier switch, some
adder switch, and simple switches. Each multiplier switch consists
of a multiplier and 2 x 2 switch. Each adder switch consists of an
adder and a 3 x 2 switch. Virtual neurons can be made by these tiny
reconfigurable switches. First virtual neurons are built by architecture
and then weight and input activations are distributed over PEs and
in the final step output activation calculations are done. MAERI has
low utilization in CNN layers with large filter sizes such as AlexNet C1
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and C2, but MAERI in Newer CNNs with smaller filter sizes are more
efficient. MAERI uses a chubby distribution tree with high bandwidth
links near the root of the tree. These high bandwidth links on the
chubby distribution tree increase cost. MAERI uses a prefetch buffer as
a cache of its DRAM. A programmable controller controls the MAERI
switches. MAERI uses an augmented reduction tree for data reduction
and collection network. In [60] a high-performance FPGA-Based CNN
accelerator was proposed. This architecture is an FPGA-based CNN
accelerator architecture. In [20] an energy-efficient transferred filter-
based architecture for accelerating CNNs proposed. CNN models first
compressed and then accelerated in this architecture. This architecture
consists of an array with a 16 x 16 PE array. In [61] a deep learning
processor was proposed. This processor has a reconfigurable computing
engine which consists of 4, 8 x 8 PE arrays. A tile-wise reconfiguration
scheme is used in this work.

Neurocube [62] is A Programmable Digital Neuromorphic Archi-
tecture with High-Density 3D Memory. This accelerator has an archi-
tecture integrated into 3D DRAM, with a mesh-like NOC in the logic
layer. SIGMA [33] is a state-of-the-art CNN accelerator that can handle
CNN computations with high utilization. Its interconnection network is
similar to MAERI and consists of a distribution and reduction network.
As mentioned in this work the main operation in deep learning com-
putations is general matrix-matrix multiplications (GEMMs) and the
SIGMA accelerator can compute GEMMs with high performance and
most utilization. Irregularity and sparsity are the main attributes of
today’s GEMMs. This causes poor mapping of data on CNN accelerators
and the main purpose of the SIGMA architecture is to overcome this
problem. In [36] a new convolution acceleration method proposed
which have better PE utilization. This paper uses a packet switch
method but our method which presented in this paper is a circuit-
switch method which have less cost in compare to [36]. RC-CNN can
adapt its interconnection network to the desired filter dimensions. This
reconfiguration mechanism is based on RS dataflow on an array of
PEs. Unlike other CNN accelerates that have fixed interconnection, RC-
CNN can fit filter dimensions on its PEs. Furthermore RC-CNN has
better performance and PE utilization in comparison to other previous
CNN accelerators whether they are reconfigurable or not. RC-CNN's
architectural details are provided in the next section.

4. Proposed architecture

In this section, we review the architecture of the RC-CNN and its
details. The architecture of each processing element in the RC-CNN
is considered as simple as the previous convolutional neural network
accelerators [31], [34], [38]. As shown in Fig. 4, each processing
element consists of a multiplier and a simple adder. In each step, the
filter weight elements and the input image elements are multiplied
and then added together with the previous result. Filter rows are read
from the special memory used to store the filter and must reach the
processing elements after passing through a specific path created on
the RC-CNN. The same is repeated for the rows of the input image, and
they must also reach the processing elements by passing through the
provided path.

Given that the processing elements are the main engine perform-
ing the calculations on the artificial neural network accelerator, all
the data required by the processing elements must be available on
time in the input of the processing elements. This is determined by
the dataflow. The dataflow determines how the required data of the
processing elements are distributed in a convolutional neural network
accelerator. In previous convolutional neural network architectures,
dataflows were typically used that was created specifically for use in
the same architecture. The importance of choosing the right dataflow or
creating a new dataflow in convolutional neural network accelerators is
so great that some papers only discuss creating new dataflows suitable
for use in convolutional neural network accelerators.
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RC-CNN uses the dataflow presented in Eyeriss architecture called
Row Stationary (RS) dataflow. As mentioned in section two of this
paper, in RS dataflow the filter rows are read from memory and
transferred to the left edge processing elements of a set of processing
elements in the RC-CNN. In this dataflow, the input image rows are also
transferred to the processing elements located in the left and bottom
corners. The filter rows are then moved line by line and the image rows
diagonally on a set of processing elements, thus this leads to completing
all the multiplication and addition operations required for convolution
computations.

At the output of each processing element, a partial sum product is
created, which results in the partial sums moving vertically upwards
on the processing elements, and finally on the processing elements at
the top edge of the set. This process is repeated until the final sum is
obtained and the convolution operation is completed. For this purpose,
one line of the filter and one line of the input image are mapped to
each processing element. For the filter lines and the input image to
be stored in the processing element, a separate memory is required
inside the processing element. This memory exists in some previous
architectures. This architecture also uses a small memory inside the
processing elements to temporarily store the received data. In some
previous architectures, this memory is referred to as scratchpad. The
role of this memory (scratchpad) is to temporarily store data and filter
elements or input image received from memory. As mentioned earlier,
all convolutional neural network accelerators perform their calculations
through processing elements. Processing elements are typically simple
in most convolutional neural network accelerators. The function of
these processing elements is to perform multiplication and addition
operations. Here, too, the proposed convolutional neural network accel-
erator is built by interconnecting a large number of PEs. Connecting the
processing elements in the RC-CNN is presented in a structure similar
to a network-on-chip with the ability to reconfigure. RC-CNN uses the
idea of a reconfigurable network-on-chip to create connections between
processing elements, meaning that reconfiguration switches are used
between sets of processing elements that work together on a certain
filter.

As mentioned, RC-CNN consists of several reconfiguration switches
and a processing element and consists of two dimensions as shown
below. Reconfiguration switches are made using pass-transistors. By
using pass-transistors, these switches can be configured by adjusting the
gate voltage on the pass-transistors. The four input and output ports to a
reconfiguration switch are named north, south, east, and west, and the
reconfiguration switch allows all inputs and outputs to be connected in
pairs. In other words, these switches can create the connections needed
to build the paths specified by the algorithm.

4.1. The internal architecture of a PE set

Convolution neural networks are composed of several series of
layers, each layer consisting of filters with specific dimensions. The
accelerator presented in this paper is such that it can simultaneously
implement several filters of different dimensions on its processing
elements. The idea used here is that the filters that are to be run parallel
on the accelerator are each assigned to a PE set. By doing this, these PE
sets can each run a filter independently, in other words, these PE sets
create parallel processing, which means that they can run several filters
of different sizes on the architecture at the same time. Together, these
two features make the RC-CNN more flexible to implement different
filter sizes, unlike the previous architectures.

This reconfigurable architecture consists of several PE sets that in
each PE set there are vertically, horizontally, and diagonally connec-
tions as shown in Fig. 4. As shown in Fig. 4, horizontal connections
connect the processing elements in the horizontal direction and vertical
connections connect the processing elements in the vertical direction.
Also, there are two diagonal connections between the processing ele-
ments as shown in Fig. 4. The existence of these connections is due
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Fig. 4. Required vertical, horizontal, and diagonal connections in a PE set of the
RC-CNN that are shown by red lines.

to the way the elements of the filter weights move, also the elements
of the input image move, and also the movement of partial sums.
As mentioned in section two in Eyeriss architecture, the elements of
the filter weights move horizontally, the elements of the input image
move diagonally, and the resulting partial sums move vertically. Here,
too, the structure of each PE set follows the Eyeriss architecture. The
elements of each PE set work together as a structure of the processing
elements provided in Eyeriss architecture. As mentioned earlier, this
flow of data used in Eyeriss architecture is called RS dataflow. This
dataflow is used here because of its better performance than other
dataflows.

Filter and input image weights are the input elements to these PE
sets. Filter weights are sent through the processing elements on the left
edge and inputs are also sent through the processing elements on the
left and bottom edges of the PE set. Then inside each PE set according
to the RS dataflow, processing operations are performed on the filter
weights and inputs. This means that the elements of each filter row
move horizontally and the input image rows move diagonally across
the processing elements and are processed according to Fig. 2. In each
step, partial sums move vertically towards the processing elements
at the top edge of the PE set. In general, the number of processing
elements required for each PE set to perform convolution operations
is calculated according to Fig. 5. It should be noted that the number of
processing elements required is not necessarily equal to the physical
dimensions of the PE set. In previous convolution neural network
accelerator architectures, the PE set size in most cases required to run
the convolution neural network did not match the filter dimensions
and at the best condition, there was little chance of fully adapting to
the filter dimensions to the CNN accelerator. In other words, using the
reconfiguration in RC-CNN, the size of the problem and the size of the
PE set are perfectly matched.

According to the equation in Fig. 5, the number of rows required
for the processing elements is equal to the number of filter rows, and
the number of columns required is equal to the difference between
the input rows and filter rows. Now, having the above relation, the
total number of processing elements to implement each PE set will be
determined by knowing the size of the filter. As an example, suppose
that the dimensions of the filter are 3 x 3 and the input image is 5 x 5,
in which case, according to Fig. 5, having a PE set with three rows and
three columns, we will be able to perform convolution calculations on
the 3 x 3 filter and 5 x 5 image.

4.2. Common filters in CNNs

One of today’s new convolutional neural networks called AlexNet
is shown in Fig. 6. Examination of modern convolution neural net-
works such as AlexNet, VGGNet[63], SqueezNet, GoogLeNet[64], and
other CNNs shows that the most common filters in convolution neural
networks are 2 x 2 filters, 3 x 3 filters, 5 x 5 filters, 7 x 7 filters,
9 x 9 filters, and 11 x 11 filters. Therefore, the architecture proposed
for a convolutional neural network accelerator should be such that it
can implement all of the above filters. An important feature of the
architecture presented here is that it can implement all of the above
filters.
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4.3. Examination of the various configurations, including switches and
processing elements

As shown in Fig. 5, the arrangement of processing elements in the
number of rows and the number of distinct columns makes it possible
to run different filters with different dimensions and sizes according to
the equations in Fig. 5, so the number of processing elements between
the reconfiguration switches can be changed. For example, as shown
in Fig. 7, between each row of the reconfiguration switch, there are
4 rows of processing elements in 2 columns. In other words, there
are four rows and two columns of processing elements in each PE
set and also configuration switches are placed between the PE sets.
To check the filters that can be implemented on this architecture, the
implementation of 2 x 2,3 x 3,4x4,5x%x5,7%x7,9%9,and 11 x 11
filters have been examined. According to the results, it can be seen that
we see better conditions for the implementation of 4 x 4, 11 x 11, and
3 x 3 filters, respectively, and the efficiency percentage is higher.

4.4. Summarize different layouts and find the optimal structure for the new
architecture

Figs. 8 and 9 show different implementations on different filter sizes
and the different number of columns in RC-CNN. To implement filters
with different sizes, the number of architectural rows is considered as
an effective parameter. Considering the standard dimensions of filters
which are equal to 2 X 2,3 x3,5%x5,7%x7,9x%x09, and 11 x 11,
it is concluded that for the architecture to support all filters of the
above sizes, the number of architectural rows must be equal to 11 or a
factor of 11 to be considered. To implement the number of different
columns, according to the presented architectural structure, we can
consider the number of columns from two to any desired value. In
this case, we will have no problem sending weights and images to the
processing elements due to the presence of reconfiguration switches. As
an example, an architecture with 3 columns is shown in Fig. 9 left side.

RC-CNN will have tens or hundreds of lines. But it is divided into 11
lines. To implement filters of different sizes at the same time, we must
consider that the total number of rows of filters that must be applied
to the accelerator at the same time must be smaller than the number of
rows of architectural units, so the number of rows of architectural units
should be as much as possible. The number of rows in each part of the
architecture must be equal to 11. As an example, in left side of Fig. 9,
an architecture has been designed and implemented that can implement
3 x 3 and 5 x 5 filters at the same time. As shown in right side of Fig. 9,
in the vertical direction, each processing element is located between
the configuration switches. These configuration switches allow the filter
elements and the input image to enter the processing element, and after
performing the multiplication and accumulation operations, they exit
the processing elements and are transferred to other processing ele-
ments through the reconfiguration switches according to the dataflow.
This process for calculating Convolution is repeated on the filter rows.
Since the filter rows move horizontally and the input image rows move
diagonally on RC-CNN, the reconfiguration switches should be arranged
in such a way that the filter rows and input image can be received on
the left and bottom edge processing elements on each PE set.

In general, the role of each PE set is to perform the required
calculations for each filter according to the equations in Fig. 5. This
feature makes RC-CNN much more flexible on the filter dimension
parameter than other previous CNN accelerator architectures. Also,
according to the above, unlike the common convolution neural network
accelerator architectures such as Eyeriss, there is no router in RC-CNN
and only reconfiguration switches are used. Configuration switches
specifically include very simple hardware. They are made of only a few
pass-transistors. Turning the pass-transistors on or off determines how
the inputs are connected to the outputs of the configuration switches.
This situation creates the desired paths on the architecture. In RC-CNN,
1024 processing elements are arranged in 32 rows and 32 columns.
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Fig. 7. RC-CNN with 4 rows and 2 columns in each PE set. For simplicity Inter-PE links not shown.

A convolutional neural network accelerator should be able to im-
plement all the dimensions of the desired filters, due to the need for
flexibility and according to the equations in Fig. 5, it should be possible
to create all the common dimensions of the filters on RC-CNN. In other
words, the accelerators which are presented so far have only been able
to run filters of a certain size, while RC-CNN has the feature of being
able to implement different filters with different dimensions. For this
purpose, the filter rows should be accessible on the processing elements
of the left edge of each PE set and also the input image rows should
be accessible on the left edge and also the bottom edge of each PE
set. To do this, the reconfiguration switches must be positioned around

the processing elements so that the input image lines, as well as the
filter lines, can be routed to the processing elements. As it is known,
for the processing elements to have proper access to their required
inputs, which are the filter rows and the input image, according to the
right side of Fig. 10, a reconfiguration switch is placed in the vertical
direction between each processing element so that the image rows can
be accessible to the PEs at the bottom edge. Also in the horizontal
direction, reconfiguration switches have been used in such a way that
filter rows and image rows can be accessible for the left edge processing
elements of each PE set. According to the mentioned cases, the number
of columns in each PE set is considered to be two columns, so that it
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filters on RC-CNN. For simplicity, Inter-PE links are not shown.

is possible to implement more filters at the same time and not need to
increase the number of reconfiguration switches.

On the right side of Fig. 10. RC-CNN with 11 rows and 4 columns.
Three separate memories are used to store filter elements, the input
image, and the partial sums. Also, a shared-bus is used to send read
data from memory to processing elements. Using separate memories
will increase the speed of access to filter elements as well as input
image elements, although it will increase the cost. Due to the need to
achieve high-speed processing of convolution operations in convolution
neural network accelerators, separate memories have been used in this
architecture. Therefore, according to the above, the filter elements and
the input image are stored in separate memories. Also, due to the need
for data read from memory in all lines of RC-CNN, a shared-bus is used.
As shown in right side of Fig. 10, filter elements and image elements
are required in all rows of RC-CNN, given that the shared-bus is the
best option for this. The processing elements in each cycle can perform
a multiplication operation and the result is delivered to the adjacent
processing element according to the dataflow.

Right side of Fig. 10, shows the purple lines of the paths created
by the reconfiguration switches to deliver the input image rows to the
processing elements, and the green lines also show the paths created
by the reconfiguration switches to deliver the input filter rows to the
processing elements. In particular, right side of Fig. 10 shows the
simultaneous implementation of two 11 x 11 filters on the proposed
accelerator. To better represent the PE sets created on the architecture,
dotted lines are used as shown on the left side of Fig. 10. Therefore,
all the processing elements inside a dotted line represent a unique PE
set on the RC-CNN which a filter with dimensions according to the
equations in Fig. 5 is running. The shared-bus has a controller that is
used to prevent the collision of data.

When the filter elements and the input image are read from memory
from cycle to cycle, they are placed on shared-bus and then transferred
to the PE set via reconfiguration switches. Each memory word contains
8 bits, which are read from 64 bits of memory in each cycle and
delivered to the shared-bus. The shared-bus is responsible for sending
data read from memory to the reconfiguration switches on the left edge

of the architecture. In general, due to the existence of multicast opera-
tions in the dataflow which is used to implement convolutional neural
networks, the use of a shared-bus on the left side of the architecture
between memory and processing elements is appropriate.

Inside each PE set, according to Fig. 5, convolution operations are
performed on the filter elements and input image elements. The partial
sum is finally present at the top edge of the processing elements on
each PE set and is finally transferred to the partial sum memory via
reconfiguration switches. According to the dataflow, the transfer opera-
tions of the partial sums created on the architecture start vertically from
the lower processing elements on each PE set and finally, the psums
are created on the upper edge processing elements on each PE set. As
shown on right side of Fig. 10, these psums are transmitted through
the red path created by the reconfiguration switches to the memory
intended for storing the psums. The memory used in RC-CNN is DRAM.

For a better description of RC-CNN, consider the case that to im-
plement the convolutional neural network, we need to implement two
3 x 3 filters and two 5 x 5 filters simultaneously. The left side of
Fig. 11 shows an example of simultaneous implementation of two 3 x 3
filters and two 5 x 5 filters. In this case, according to the Left side of
Fig. 11, first, by using an algorithm that will be discussed later in this
section, the required processing elements are selected and categorized
according to the equations in Fig. 5. These categories are indicated by
a dashed line as shown on the left side of Fig. 11, and each category is
called a PE set.

Due to the structure of the processing elements that are placed
within each category, the filter lines and the input image must be
accessible by the processing elements. For this purpose, first, the filter
lines and the input image are read from memory and then placed on
the shared-bus. The filter rows are then entered into the processing ele-
ments via the paths shown in green. The green paths are responsible for
transferring data from the shared-bus to the left-hand and bottom-edge
processing elements of each PE set. The two upper PE sets, indicated
by the dashed line, are used to implement 3 x 3 filters simultaneously,
and the two bottom PE sets are used to implement 5 x 5 filters. After
the filter rows and input image data reach the left and bottom edge
processing elements, they reach the other processing elements within
the PE set through the connections within each PE set as shown in
Fig. 5. Simultaneously with the multiplication and addition calculations
required to perform convolution operations on the processing elements,
the resulting psums move upwards and after reaching the output of
the upper edge processing elements through the red paths formed by
the reconfiguration switches enter the resulting memory of psums. This
operation is repeated by reading the new lines of the filter and the input
image until the convolution operation is performed on all lines of the
image and filter.

The right side of Fig. 11 shows another example of RC-CNN. As can
be seen on the Right side of Fig. 11, RC-CNN implements two 11 x 11
filters simultaneously. For this purpose, two PE sets are displayed
with a dashed line, each PE set containing 11 rows and 2 columns of
processing elements. According to the structure of the 11 x 11 filter
and according to the equations in Fig. 5, the structure presented in this
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architecture can adapt itself to the dimensions of the desired filter so
that the maximum possible use of processing elements is done.

One way to increase the speed of access to rows of the input image
is to use multiple memories to store the input image instead of one
memory. As shown in Fig. 12, instead of adopting a single memory
module, several memories are used for the input image. Also, instead
of using one memory, two memories are used to store the filter. Al-
though this will increase the cost, the increase can be mitigated by the
faster access to filter elements and input image in convolutional neural
network accelerators. The number of filters that can be implemented
simultaneously in Fig. 12 are the two 11 x 11 filters marked by the
paths created in green and purple.

4.5. Algorithm for selecting processing elements in a PE set

As mentioned earlier, to select the processing elements so that they
match the dimensions of the required filters, an algorithm is proposed
that can create the desired PE set by taking the dimensions of the filters
as input. In this way, after creating the required PE set that can calcu-
late the desired filter, you can configure the desired filter on the PE set

by configuring configuration switches. For this purpose, after receiving
the required dimensions of the filters and according to the equations
provided in Fig. 5, the algorithm calculates the required number of
rows and columns and then according to the obtained parameters,
categorizes the processing elements according to the dimensions of
the filters. In this algorithm, the classification of processing elements
starts from the top of the architecture and continues downwards. If the
dimensions of the filter are 3 x 3, three rows of filters are selected.
Also, if the dimensions of the filter are 5 x 5, then 5 rows are selected
from the processing elements in the architecture.

5. Experimental results

In this section, we compare RC-CNN with a baseline and some
state-of-the-art accelerator designs in terms of utilization and execution
speed. We first evaluate the utilization for each CNN layer, in order
to study the behavior of RC-CNN for different filter sizes. Then, the
latency, throughput, and utilization for the entire CNN benchmarks are
tested. Afterwards, we compare RC-CNN, which is a circuit-switched
network in nature, to a state-of-the-art packet-switched network that
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ALGORITHM 1: PE Selection Algorithm

1 Start:
2 Select PEs
3 {
4 A Give filter dimensions as the input
5 Define N as the number of columns in each PE set
6 Go to PEs at the upper side of architecture
7 If (filter size = 3X3)
8
9 I Then select a 3XN PE set from the top side of the architecture
10
11 Else if (filter size = 5x5)
12
13 Then select a 5XN PE set from the top side of the architecture
14
15 Else if (filter size = 7X7)
16
17 I Then select a 7xN PE set from the top side of the architecture
18
19 Else if (filter size= 11x11)
20
21 Then select an 11xN PE set from the top side of the architecture
22
23 v Endif
24 }
25 If there are empty rows in the architecture
26 Top = bottom end of the last PE set created
27 Go to start
28 Connect weights and inputs from memory to PEs
29 {
30 A 1. Read all Rows of the weight matrix And send them to the right side of the PE set.
31 2. Configure reconfigurable switches in each PE set so that establish diagonal connections
32 between PEs inside PE set.
33 3. Send weight matrix row horizontally until reach all PEs in related row of PE set.
34 4. Read all Rows of the input image and send them to the right and bottom corner.
35 5. Configure reconfigurable switches in each row of PE set so that West port connect to
36 East port.
37 6. Send input image rows diagonally by configuring reconfigurable switches until reach
38 v PEs on right and top corner of the PE set.
39 }
40 Deliver Partial sums from the top of each column to memory
41 Connect top PE of each column to the memory
42 End
Shared is presented in a recent work with the same goal as RC-CNN, i.e. in-
Assume each word is 8 bit | B creasing resource utilization for CNNs. Finally, the cost of impending
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Fig. 12. Multiple memory banks in RC-CNN. For simplicity, Inter-PE links are not
shown. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
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We use some widely-used CNN architectures, namely AlexNet, VG-
GNet, SqueezNet, and GoogLeNet as benchmark. 7" The benchmarks
are trained by TensorFlow. The specification of each benchmark is
outlined in Table 1. AlexNet is a CNN that consists of 8 layers and each
layer consist of various filter sizes such as 11 x 11, 5 x 5 and 3 x 3.
GoogLeNet is another widely-used CNN that is developed by Google
to run large AI applications and it consists of 22 Layers. In overall,
GoogLeNet has 1024 3 x 3 filters, 256 5 x 5 filters, and 96 filters of size
11 x 11. VGGNet is another CNN with 3 x 3 filters. Also, SqueezNet is
high-accuracy but complex CNN that consists of 3 x 3 filters.
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Table 1 Table 2
CNN benchmarks. PE utilization under the AlexNet layers.
Benchmark CNN Image size  Number of layers Filter sizes AlexNet layer Filter size Baseline Eyeriss Multi-CLP RC-CNN
AlexNet [39] 227 x 227 8 11 x 11, 5% 5, 3 x 3 CNV1 11 x 11 60% 80% 87% 94%
VGGNet (VGG16) [63] 224 x 224 16 11 x 11, 5% 5, 3 x 3 CNV2 5x%x5 57% 86% 89% 95%
SqueezNet [66] 224 x 224 10 3x3 CNV3 3x3 58% 88% 92% 96%
GoogLeNet [64] 224 x 224 22 3x3,5x5 CNV4-5 3x3 59% 87% 88% 98%
Average 58.5% 85.25% 89% 95.75%
5.2. Evaluation metrics Table 3
PE utilization under the GoogLeNet layers.

To compare the RC-CNN with other state-of-the-art accelerators, we GoogLeNet layers  Filter size ~ Baseline  Eyeriss ~ Multi-CLP ~ RC-CNN
used some important metrics that reflect how efficient an accelerator CNV1 7x7 57% 81% 83% 92%
executes CNNs [40]. Evaluation parameters used in this paper are PE CNV2 3x3 47% 87% 88% 95%

1 . . 0/ 0, 0, 0,
utilization, accelerator throughput, benchmark execution latency, and CNV3 8x3 58% 86.5% 87% 93%

) According to [40], utilization is defined as the ratio of CNV4 3x3 59% 89% 89% 94%
accelerator area. \ccording to [401], utilization is defined as the ra foo CNV5S 3%3 60% 90% 90% 96%
the number of active PEs to all PEs on a CNN accelerator when running CNV59 3x3 61% 91% 93% 97%

a benchmark. Utilization shows the ability to distribute the workload to Average 57% 87% 88% 95%

PEs and fit the benchmarks into the accelerator structure. Throughput
shows processed data in a period of time. The higher throughput means
higher processing bandwidth. As mentioned earlier, idle PEs degrade
the throughput of a CNN accelerator. Latency for processing a CNN is
another parameter that has been evaluated by simulation and indicates
how fast a benchmark can be run.

5.3. Methodology

To achieve a fair comparison, we compare the RC-CNN with a base-
line CNN accelerator and two state-of-the-art CNN accelerators, Eyeriss
[31,37] (introduced in Section 2.2) and Multi-CLP [35] (introduced
in Section 3). All accelerators have 256 PEs. In RC-CNN the PEs are
arranged in 64 rows and 4 columns, as shown in the right side of Fig. 11
(note that Fig. 11 shows only 11 columns for the sake of simplicity).

Baseline architecture consists of 256 PEs, arranged as 16 PE sets of
size 4 x 4. The baseline’s PE sets are connected by a mesh network.
Larger filter sizes are serialized on the PE sets. For example, a 5 X 5
filter will run on a PE set in two iterations and an 11 x 11 filter will
run on a PE set in four iterations, with three rows of the filters are
mapped to the PE set at each iteration. This way, the partial sums will
be stored locally and finally, partial sums will sum together to produce
the final result.

We model RC-CNN and the other considered accelerators by devel-
oping a C++custom-built mapping tool and a cycle-accurate simulator.
Fig. 13 demonstrates the tool chain used for the evaluation process.
The convolutional neural networks are trained by Tensorflow. To run
each CNN benchmark, a configuration generation tool takes the re-
quired TensorFlows output, that is the neural network hyperparameters
(topology, number of layers, and filter sizes) and also the accelerator
parameters (number of PEs and PE set size) and configures RC-CNN
and schedules the CNN layers to run on it. The tool implements
our proposed algorithm, which is explained in Section 4. Then a
cycle-accurate custom-built simulator is used to take the RC-CNN con-
figuration and the execution schedule of a target CNN from the previous
tool (configuration generation tool) and calculate latency, throughput,
and utilization results.

The baseline and the other considered accelerators are also imple-
mented by a cycle-accurate C++ code.

In all configurations, input feature maps and weights are quantized
to 8-bit fixed-point numbers. Prior works show that in this bit-width,
all CNNs can still preserve acceptable accuracy level [1].

5.4. Comparison results
Utilization comparison. Tables 2 to 7 show a detailed comparison

of layer-based PE utilization between the proposed architecture and the
other considered state-of-the-art CNN accelerators.
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Table 2 shows PE utilization under AlexNet, which consists of five
convolution layers. According to Table 2, the average PE utilization in
RC-CNN is 95.75%, with the best utilization (more than 98%) belonging
to layer four (CNV4). This high performance occurs because of CNV4
layer has small 3 x 3 filters which can be easily mapped on RC-CNN.
The lowest utilization is 94% for layer CNV1, mainly due to its large
11 x 11 filters. Even for this layer, the reconfiguration capability of
RC-CNN can handle this filter size with moderate utilization loss. In all
layers, RC-CNN outperform the other considered methods, since it can
dynamically adapt the PE set size to the running layer.

Table 3 shows PE utilization on GoogLeNet, which consists of 59
convolution layers. The first layer of GoogLeNet has 7 x 7 filters, but
other layers have 3 x 3 filters. Like some prior work, simulation results
for GoogLeNet are presented on some selected layers, which are layers
1 to 4 and 58 to 59. According to Table 3, the average PE utilization in
RC-CNN when running GoogLeNet is 95% and best utilization is 97%
on layer CNV59. This occurs because of CNV59 layer has small 3 x 3
filters, which is easier to handle by RC-CNN, and the worst utilization
is 92% occurred on layer CNV1 because of its large 7 x 7 filters. As
shown in Table 3, the baseline architecture due to use mesh topology
in its architecture have less PE utilization, while Eyeriss have better
PE utilization due to its multicast-supported architecture. Multi-CLP in
CNV1-3 layers have better PE utilization in compare to Eyeriss due to
its parallel CLPs and have same PE utilization in CNV4 and CNV58-59.
Another behavior demonstrated in the table is different utilizations for
layers CONV2 to CNV59, which have filters of the same size. The reason
is that the PE utilization does not depend only on the dimensions of
the filter, but also on the number of filters and channels of the layer.
Larger layers have more filters to keep the PEs busy, thereby increase
resource utilization. So the difference in utilizations of Table 3 is not
just because of the dimensions of the filter, but also because the layers
become larger in deeper CNN layers.

Table 4 shows PE utilization in SqueezNet Benchmark. According
to Table 4, for the first convolution layer of SqueezNet, which contains
of 7 x 7 filters, RC-CNN exhibits 9% to 44% improvement over the
other state-of-the-art CNN accelerator architectures. RC-CNN performs
slightly better on the rest layers, with 3 x 3 filters, and keeps roughly
the same improvement over the rivals.

Table 5 shows PE utilization on VGGNet (VGG16) CNN. According
to Table 5 first convolution layer of VGGNet, which consists of 3 x 3
filters, gives 14% to 36% improvement over the competitors. as ob-
served for the previous benchmarks, next layers, which larger sizes,
show slightly better utilization. The average improvement over the
baseline, Eyeriss, and Multi-CLP is 37%, 16%, and 12%, respectively.

Average PE utilization comparison. After the layer-wise analysis
of Tables 2 to 5, Table 6 shows a comparison between RC-CNN and
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Fig. 14. PE utilization of RC-CNN on various accelerator sizes (number of PEs) under AlexNet layers.

Table 4 Table 7
PE utilization under the SqueezNet layers. Execution time for running CNN benchmarks (K cycles).
SqueezNet layers  Filter size  Baseline  Eyeriss Multi-CLP [35] RC-CNN Baseline Eyeriss Multi-CLP [35] RC-CNN
CNV1 7%x7 54% 88% 89% 98% AlexNet 215 186 160 146
CNV2 3x3 56% 85% 86% 99% VGGNet 415 350 337 320
CNV3 3x3 57% 87% 88% 100% SqueezNet 8924 7494 6802 5494
CNV4 3x3 52% 89% 90% 100% GoogLeNet 9870 6780 5380 4780
Avg 54.75% 87.25%  88% 99.25%
Table 8
Table 5 Comparison of throughput in CNN accelerator architectures.
PE utilization under the VGGNet layers. Baseline Eyeriss Multi-CLP [35] RC-CNN
VGGNet(VGG16) layers Filter size Baseline Eyeriss Multi-CLP [35] RC-CNN Throughput 0.59 0.88 0.91 1
CNV1 3x3 61% 81% 83% 97%
CNV2 3x3 58% 89%  91% 98%
CNV3 3x3 63% 86% 87% 100% . .
CNV4 3% 3 63% 84% 88% 100% Table 7 shows that RC-CNN has less execution time compared to
other previous state-of-the-art architectures. The improvement comes
Table 6 from the higher resource utilization of RC-CNN, by which more PEs
Average PE utilization of the CNN benchmarks (for the entire CNN). are deployed to run the CNN layers. The average improvement over
CNN name Baseline Eyeriss Multi-CLP [35] RC-CNN the baseline is 37%. Compared to the stat-of-the-art accelerators, the
. . o .
AloxNet 59.5% 84.5% 86% 97.5% average improvement is 16%. The trend of the results presented in
VGGNet 55% 87% 89% 99% Table 7 is correlated with the utilization results presented in Table 6.
SqueezNet 60% 83.5% 87% 99% Throughput Comparison. Table 8 shows a comparison between
GoogLeNet 51% 85.5% 88% 95%

other previous state-of-the-art architectures on average PE utilization
when running the entire CNNs. Table 6 shows RC-CNN yields up to 86%
improvement in PE utilization over the baseline (for GoogleNet). Com-
pared to the state-of-the-art accelerators, the maximum improvement
is 19% (13% on average).

Execution time comparison. Table 7 shows a comparison be-
tween the execution time of CNN benchmarks on RC-CNN and other
considered state-of-the-art architectures. The execution time of the
benchmarks is computed in terms of the execution cycles. Since we do
not change the PEs’ internal architecture, all accelerators are assumed
to work in the same clock frequency and each MAC operation is
assumed to be completed in a single cycle.
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throughput in RC-CNN and other state-of-art-architectures in terms of
throughput averaged across all CNNs. As shown in Table 8, RC-CNN
has 9% to 41% improvement in throughput parameter compared with
the considered accelerators. The main source of this improvement is
the higher execution speed that in turn, is a result of higher resource
utilization.

Comparison to packet-switching. RC-CNN can be considered as
a circuit-switched network, since it provides pre-established dedicated
paths (connections) for data. Here, we aim to figure out how the
performance and utilization changes if a conventional packet-switched
network is used to connect the PEs. To this end, we compare RC-CNN
with a state-of-the-art accelerator presented in [36], which connects
PEs by a packet-switched network-on-chip in order to resolve the
mismatch between the accelerator and filter sizes to improve utiliza-
tion. Table 9 shows the comparison results in terms of normalized
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(C) SqueezNet (D) GoogLeNet.

utilization, power, and latency. The accelerator in [36] uses fast 3-
stage routers. In this table, the power consumption of the on-chip and
off-chip memory elements in the simulator is calculated by CACTI and
DRAMSim, respectively.

The packet-switched network of [36] (like any packet-switched
network-on-chip) is more flexible than the circuit-switched RC-CNN.
In RC-CNN, we make pre-established connections for the data and
the connections remain fixed until the next reconfiguration period
according to the schedule. The bandwidth of the links along the con-
nections are dedicated to the source node of the connection, so no
other PE can use the links, even if the links are idle for some cycle.
Packet-switched networks, however, rely on smart routers to multiplex
multiple packets on the same link, effectively handling many active
connections at the same time. However, this flexibility comes at the
cost of using complex routers. Reconfigurable switches, however, are
made by simple switches that are by far less complex than a packet-
switched router. In fact, a configuration switch removes the buffering,
flow control, and arbitration operations that are essential for a packet-
switched router. In our prior work, we observed that a configuration
switch is up to 2x faster and up to 70% more power-efficient than a
packet-switched router [41].

Fortunately, the predictable and limited number of connections in
CNN dataflows, makes them less sensitive to the flexibility loss of
circuit-switching. Thus, CNN traffic can benefit from the low-power
and fast connections of the reconfigurable network of RC-CNN, without
suffering much from its flexibility loss.
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Table 9
Comparison between the packet-switching accelerator presented in [36] and RC-CNN.
The numbers are normalized with respect to the packet-switching results.

Parameter name Packet-switching [36] RC-CNN
Utilization 1 0.91
Power Consumption 1 0.67
Latency 1 0.88

As Table 9 shows, the more flexibility of the accelerator in [36], by
which all PEs can be potentially connected to each other at the same
time, leads to 9% more resource utilization than RC-CNN. However,
the faster switches of RC-CNN compensate for the lower utilization
and even increases the latency of CNN execution by 12%. The power
consumption is also decreased by more than 30%: this reduction is a
result of using low-power switches in RC-CNN.

Consequently, thanks to the predictable and well-behaved traffic
flow of CNNs, RC-CNN is a better choice for interconnecting PEs in a
CNN accelerator than the more conventional packet-switched networks.

Sensitivity to accelerator parameters. Fig. 14 outlines the RC-
CNN’s PE utilization in various PE set sizes (number of PEs on PE set)
for different layers of AlexNet. As the figure indicates, as the structure
size grows, more utilization is achieved. The reason is the less degree
of fragmentation for larger filters. Note the main capability of RC-CNN
is configuring the network-on-chip in such a way that multiple filters
be mapped onto the accelerator PEs. In all sizes, we keep on dimension
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size to 11 in order to support the largest filter, which id the 11 x 11
filters of Alexnet.

Fig. 15 explores the utilization for different sizes of the PE set for
the four CNN benchmarks. As Fig. 15 shows, RC-CNN outperforms the
competitors across all scenarios, because it can dynamically arrange the
PEs to match the filter size.

Implementation cost. To evaluate the implementation cost of RC-
CNN, we implement it, as well as the other considered accelerators,
in VHDL. The code is synthesized by Synopsis power compiler in a
publically available 45 nm library.

Fig. 16 shows a comparison in the area between the RC-CNN with
the other considered state-of-the-art architectures. Results show that a
slight increase in the area due to the existence of configuration switches
in the proposed architecture in comparison with previous state-of-
the-art architectures. This increase in area in RC-CNN occurs due to
required configuration switches in comparison with Eyeriss, Multi-CLP
[35] and baseline architecture. Although the number of configuration
switches in RC-CNN are higher than the number of routers in its coun-
terpart accelerators, because of very small area of each configuration
switch, the total area is not increased considerably. This increase in
the area can be justified due to improvements in PE utilization and
computation time parameters in the proposed architecture, which are
often considered more important than area.

6. Conclusion

Convolutional Neural Networks (CNNs) have superior performance
in image and pattern classification. Therefore, CNNs have a wide range
of applications. However, CNNs have high computational load and
memory bandwidth usage. Hardware acceleration is the primary way to
overcome this ever-increasing complexity of CNNs. Most of the recent
CNN accelerators arrange processing units (PEs) as a many-core acceler-
ator architecture, with the inter-PE connections designed to the specific
dataflow of the CNN layers. The performance of such accelerators
is maximized when the input feature map and filter size/dimension
matches that of the underlying accelerator. However, in the current
fixed-size accelerator structures the same structure is used to com-
pute CNN layers of varying dimensions which leads to sever resource
underutilization. In this paper, we tackle the input feature map and
filter size/dimension mismatch problem by presenting RC-CNN, a re-
configurable CNN accelerator architecture that can adapt itself to the
dataflow pattern and size of the running CNN layer. RC-CNN uses a
reconfigurable on-chip interconnection network that can organize a
sub-set of accelerator’s PEs as a PE set with the same size/dimension
of the target CNN layer and customize the inter-PE connections for
the layer’s dataflow pattern. Since the area/energy overhead does not
justify using a full-fledged packet-switched network in accelerators
with fine-grained PEs, we used a reconfigurable network with very
simple switches in order to efficiently implement the dynamic re-
configuration capability for many-core fine-grained CNN accelerators.
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Experimental results showed that RC-CNN can achieve up to 41%
increase in resource utilization. It also reduced the network latency and
energy consumption by 28% and 22%, respectively, compared to the
state-of-the-art utilization-aware architectures that use packet-switched
networks-on-chip.
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