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Abstract—Industry increasingly adopts Convolutional Neural
Networks (CNNs) in applications ranging from IoT to
autonomous driving. Convolutional hardware accelerators for
the inference phase are an option for CPUs and GPUs due
to the smaller power consumption and improved performance.
The literature presents hardware accelerators using different 2D
architectures, including weight stationary (WS), input station-
ary (IS), and output stationary (OS). The main differentiation
between these architectures is how accelerators access data (input
feature map and weight tensors) and compute the output (out-
put feature map tensor). There is a gap in the literature related
to a comprehensive evaluation of such architectures. This brief
aims to answer the following question: “which accelerator type
should I use according to my design constraints and memory
type (SRAM or DRAM)”. Experiments show that when using
SRAM as external memory to the accelerator, WS presents the
smallest area and energy consumption, while IS presents the
best performance. On the other hand, the IS accelerator stands
out when using DRAM because it has a reduced performance
sensitivity to memory latency.

Index Terms—CNN, convolutional hardware accelerator, PPA,
SRAM, DRAM.

I. INTRODUCTION AND RELATED WORK

CONVOLUTIONAL Neural Network (CNN) is a class of
machine learning technique used to solve problems such

as classification and pattern recognition [1]. Industrial com-
panies increasingly adopt machine learning on their products
[2], [3]. The process of performing a convolution and classify-
ing or predicting an output based on an external input is called
inference. Classically, CPUs have been a common approach
to execute the inference, but they are inefficient in terms of
performance and energy (e.g., AlexNet from 2012 [4] requires
billions of operations to process a single input). GPUs can
be used as a solution to mitigate the performance problem.
However, GPU presents a considerable energy consumption, a
problem for energy-constrained applications, such as IoT and
autonomous vehicles (e.g., drones).
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Convolutional accelerators emerged as a solution to
reduce energy consumption and, at the same time, improve
performance. An accelerator can be implemented according to
the way data enters on it: (i) weight stationary (WS); (ii) input
stationary (IS); (iii) output stationary (OS) [5]. WS is a dataflow
where the weight values are stored in internal buffers, and the
input feature map (IFMAP) values are constantly fetched from
memory. Weight values change when the computation of the
output finishes. IS is a dataflow where IFMAP values are
stored in internal buffers, and the weight values are constantly
fetched from memory. The IFMAP values change when the
computation of the output finishes. OS is a dataflow where
partial outputs are stored in internal buffers, and the weight
and IFMAP values are constantly fetched from memory.

Recent literature presents accelerators based on: WS
[6], [7], IS [8], OS [9], [10]. Some works allow reconfiguring
the accelerator to support the three dataflows [11], [12]. Other
works use a custom dataflow, like Eyeriss [13] with a Row
Stationary (RS) approach. Moolchandani et al. [5] survey CNN
accelerators (including No Local Reuse (NLR) dataflow) and
their design and optimizations, as reduction of the computation
time, memory access time, and memory footprint.

We summarize in Table I the main features of the reviewed
CNN accelerators. The second column presents the used
dataflows, which seek to optimize a given design parame-
ter (third column). There is no comprehensive comparison of
dataflows themselves in the accelerator literature. An exception
is the Chen et al. [13] proposal, which compares RS with WS
and OS. Thus, this brief differs from the others as it seeks to
evaluate the design space of convolutional hardware accelera-
tors rather than proposing a new accelerator. The fourth and fifth
columns present the CNN model and the adopted dataset. We
adopted CIFAR-10, not synthetic values, to accurately estimate
the power, i.e., considering an actual switching activity.

All accelerators generate intense data communication with
external memories. Depending on the memory type, SRAM
or DRAM, and its latency, the energy cost related to access
the memories can be of the same order as the accelerator or
even higher [13]. Therefore, when considering an architecture
to speed up the convolution, it is essential to assess the cost
related to the memory.

The goal of this brief is to execute a comprehensive eval-
uation of convolutional accelerator architectures by designing
different dataflows with different buffering strategies. The
evaluation considers physical post-synthesis performance data
(performance, power, and area - PPA), the presence or absence
of buffers, and the impact of the memory type (SRAM
and DRAM) on the PPA. The comprehensive comparison
includes the number of memory accesses, power, energy, area,
and performance. Our original contribution is a guideline to
which convolutional accelerator to adopt according to design
constraints, considering the external memory technology.
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TABLE I
RELATED WORKS ON CONVOLUTIONAL HARDWARE ACCELERATORS

II. CNNS AND THE CONVOLUTIONAL OPERATION

CNN contains four main layers: (i) convolutional layer; (ii)
activation function; (iii) pooling layer; (iv) fully connected
layer. The more complex layer is the convolutional layer,
which computes the synapses by multiplying and accumu-
lating weights and IFMAP. A training process obtains the
weight values, and IFMAP values come from external inputs,
like RGB images [15].

Convolution is based on filters, which limit the
multiplications and sums to matrix windows. Multiplications
are executed between the weights and the IFMAP values that
come from an RGB image and accumulate the generated
partial value of each operation to generate a complete
convolution value. A bias value is added to the sum of the
accumulated value, and it is applied to the activation function
to generate the output feature map (OFMAP).

Equation (1) formally describes the process to obtain one
OFMAP result. The convolution receives the IFMAP tensor
(each map may also be called a channel) and another tensor
of filters as inputs. Then, each filter window is convolved with
(and slides across) its respective input channel forming a new
set of feature maps. Next, a bias is added to the feature map,
generating the final OFMAP tensor (O).

O[f ][x][y] = B[f ]

+
C−1∑

k=0

W−1∑

i=0

H−1∑

j=0

(I[k][Sx + i][Sy + j] ∗WF[f ][k][i][j]) (1)

where: f, x and y are the current output channel, the horizontal
and the vertical position, respectively; C is the total number
of input and filter channels, W and H corresponds to the filter
size; S is the stride (number of positions that the filter slides
over to the next window), and O is the output, I the input,
and WF the filter tensors and B the bias vector.

III. CONVOLUTIONAL HARDWARE ACCELERATORS

Figure 1 details the three modules required to build the con-
volutional accelerators: (i) input memory, stores the IFMAP,
filter weights, and bias values; (ii) convolutional core, executes
the convolution; (iii) OFMAP memory stores the partial and
complete convolution values. The convolutional core contains:

Fig. 1. Modules required to build the convolutional accelerators.

• input buffer: reduces the number of input memory read-
ings. According to the accelerator type, this buffer may
store, e.g., an input channel, a set of rows of the input
channel, or a set of weights;

• MAC array: a matrix with multipliers, adders, and accu-
mulators, responsible for executing the convolution, i. e.,
compute Equation (1);

• activation function: a non-linear function applied to the
OFMAP results. Examples are sigmoid, ReLU, leaky
ReLU [16]. This works adopts the ReLU function
(max(0, x)) due to its simpler hardware implementation;

• output buffer: reduces the number of output memory read-
ings and writings. As Equation (1) shows, to compute one
output result, it is necessary to generate partial results,
implying in OFMAP memory readings and writings.

In [17], we presented a framework for the design space
exploration of CNNs, providing PPA estimation. This design
space exploration focused on integrating the high-level
(TensorFlow) with the low-level modeling using the WS
dataflow. Juracy et al. [17] did not include the evaluation of
other dataflows (IS and OS) nor the impact of the memory on
hardware acceleration.

In this brief, we evaluate five convolutional cores (2 WSs, 2
ISs, and 1 OS), all having the same interface with the memories.
The input memory is accessed by ifmap_add (address) and
ifmap_ce (enable). Data is available in the ifmap_value, once
ifmap_valid is high. The valid signal enables to simulate the
memory latency and its impact on the performance and energy of
the convolutional core under evaluation. The OFMAP memory
is similar, with a ofmap_valid signal to simulate its latency. We
selected these dataflows because they are the most used in the
literature [5]. Such structure enables a fair comparison among
accelerators since the same accelerator surrounding structure
is applied to each one. Accelerators are synthesized with the
same technology and constraints, which is not possible when
comparing accelerators from different Authors.

A. Weight Stationary – WS

The WS dataflow stores the weights in the input buffer, aim-
ing their reuse. Thus, each weight value is read once from the
input memory, and the convolution is performed using station-
ary values for weight with values read from memory for the
IFMAP window.

Figure 2 illustrates the WS-buffer accelerator architecture,
connected to the input and output memories. The input buffer
has three partitions: bias, weight (stationary values), and
IFMAP values. An FSM (Finite State Machine) controls the
input buffer loading. The arithmetic core contains a 3x3 matrix
with 3 multipliers, 6 MACs, 3 adders, and 12 registers. The
accelerator presents a double buffer approach for the input fea-
ture reading, making it possible to read the memory values and
execute the arithmetic process in parallel. The output buffer is
only used in the WS-buffer accelerator. It stores intermediate
output values after the activation function, reducing the output
memory accesses. The IS and OS present similar architectures,
varying the control FSM and the location of the buffers that
feed the arithmetic core.
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Fig. 2. WS-buffer accelerator architecture (adapted from [17]), with a simplified set of signals with the memories. Red labels correspond to the modules
presented in Figure 1.

Algorithm 1: WS Pseudo-Code
Input: C input channels, F output channels
Output: O

1 foreach f in F do
2 foreach c in C do
3 Read weight filter set w(f,c) from input memory
4 Store filter set in the input buffer // weight stationary
5 foreach I(i)(j) in IFMAP(c) do
6 Read a window I(i)(j) from IFMAP
7 p ← convolution(I(i)(j), w(f , c)) // arithmetic core
8 O[f][x][y] ← O[f][x][y] + p
9 end

10 end
11 end

Algorithm 1 presents the pseudo-code describing the WS
hardware behavior. The core of the algorithm comprises lines 3
to 9. Lines 3-4 fetch a filter set w(f , c) from memory, storing it
in the input buffer. The loop between lines 5-9 reads windows
from the IFMAP, executes the convolution, and produces a
partial result. Our WS accelerator reduces IFMAP accesses
by reusing read values. For example, with a stride equal to
2, the last column of the currently loaded window matrix is
reused in the next loaded window. This column is reused in
the next partial value computation by using the double buffer.

To obtain a convolution value in the OFMAP memory
(output memory), it is necessary |F − 1| reads (for partial
convolution values) and |F| writes (line 8). This implies many
memory accesses, increasing the total energy consumption.

There are two WS implementations: with and without output
buffer. Storing partial results in the output buffer reduces the
OFMAP memory accesses. The output buffer size is equal
to one output channel size, resulting in 1 writing operation
instead of |F − 1| readings and |F| writings. However, this
solution increases the accelerator area and energy.

B. Input Stationary – IS

The Input Stationary (IS) dataflow registers an IFMAP win-
dow in the input buffer to provide its reuse. The window size
is equal to the filter size. Algorithm 2 shows pseudo-code
describing the IS hardware behavior. The core of the algo-
rithm comprises lines 3 to 10. Lines 4-5 fetch an IFMAP
window I(i)(j) from memory, storing it in the input buffer.
The loop between lines 7-12 reads filter sets from the input
buffer, executes the convolution, and produces a partial result.

Differently from a standard IS, the implemented IS stores
weights and bias values in the input buffer to reduce the

Algorithm 2: IS Pseudo-Code
Input: C input channels, F output channels
Output: O

1 Read weights and bias, storing in the input buffer // IS optimization
2 foreach c in C do
3 foreach I(i)(j) in IFMAP(c) do
4 Read a window I(i)(j) from IFMAP
5 Store window I(i)(j) in the input buffer // input stationary
6 foreach f in F do
7 foreach cw in C do
8 foreach w in w(f,cw) do

// stored in the input buffer
9 p ← convolution(I(i)(j), w(f , c))

10 O[f][x][y] ← O[f][x][y] + p
11 end
12 end
13 end
14 end
15 end

memory accesses while introducing a penalty in area (line 1 of
Algorithm 2). We adopted this approach once the data required
for weights and bias can be smaller than an IFMAP channel
as a function of the CNN-specific model. To circumvent the
area penalty, it is possible to reduce the storage requirement
using a prefetch method. Thus, each IFMAP window is read
once, and the convolution is performed using stationary values
for IFMAP and the stored weight values.

The IS also has two versions, with and without output buffer.
The IS access the OFMAP in the same way of WS (line 9
of Algorithm 2). The IS output buffer size is equal to x× F,
while the WS output buffer is x × y (x and y: OFMAP size,
F: number of output channels). For small OFMAPs, such as
15x15x16, both output buffers have similar sizes (WS: 15×15
and IS: 15×16). For a larger OFMAP size, there is a advantage
for the IS output buffer (e.g., 128x128x16: WS: 128 × 128,
IS: 128× 16).

C. Output Stationary

The Output Stationary (OS) dataflow is based on registering
the partial values generated on the convolution. The OS does
not present buffers to store the inputs; each convolution fetches
the IFMAPs and weight values in the memory. Algorithm 3
shows the pseudo-code describing the OS hardware behavior.
The core of the algorithm comprises lines 4 to 9. Lines 5
and 6 fetch a IFMAP window I(i)(j) and a filter set w(f , c)
from memory. Lines 7 and 8 perform the convolution and
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Fig. 3. Energy and performance varying the memory type (SRAM or DRAM) and the access latency.

Algorithm 3: OS Pseudo-Code
Input: C input channels, F output channels
Output: O

1 foreach f in F do
2 foreach c in C do
3 internal_p ← 0
4 foreach I(i)(j) in IFMAP(c) do
5 Read a window I(i)(j) from IFMAP Input Memory
6 Read a set of filters w(f )(c) from Input Memory
7 p ← convolution(I(i)(j), w(f , c))
8 internal_p ← internal_p + p
9 end

10 end
11 O[f][x][y] ← internal_p // output stationary
12 end

accumulate the partial result in the output buffer internal_p.
Line 11 stores a complete convolution value.

OS uses as output buffer only a register to accumulate the
partial values, which contributes to reduce its area. However,
the OS is the dataflow that consumes more energy due to many
memory accesses to fetch IFMAP and weights.

IV. EXPERIMENTAL SETUP

Cadence Genus and Innovus tools were used for logic and
physical synthesis, with 28nm technology and a frequency
of 500MHz. The logic synthesis uses clock-gating to reduce
the accelerator energy consumption. The power dissipation is
obtained with a value change dump (VCD) file generated with
a post-P&R netlist simulation and Cadence Voltus tool. The
netlist simulation input is the first CNN layer with a 32x32x3
IFMAP (CIFAR-10), 16 3x3 filters, stride 2, generating a
15x15x16 output. Thus, power values come from a real dataset
and not synthetic values. All inputs are quantized to 8-bit inte-
gers and results to 20-bit integers, decreasing the accuracy in
the worst-case in 5% [17]. The total energy is computed by
multiplying the average power by the number of clock cycles
required to execute a complete convolution.

The external memories modeling, SRAM and DRAM,
adopts the Cacti-IO tool [18]. For a 28nm 4KB SRAM, Cacti-
IO reports 260 fJ/bit for reading and 180 fJ/bit for writing.
For a 16 kB DRAM, 12 pJ/bit for reading, and 11.7 pJ/bit for
writing. For comparison purposes, the literature reports energy
values between 67 fJ/bit [19] and 20 fJ/bit [20] for 28nm
SRAM, and 20 pJ/bit [21] and 15 pJ/bit [22] for DRAM. The
SRAM consumption is larger than the one reported in the liter-
ature for two reasons: (i) we considered a 500MHz frequency,
while the literature considers 200 MHz; (ii) the literature con-
siders low-energy SRAM. The DRAM values are close to the
ones reported in the literature.

We adopted a simple dataset, CIFAR-10, instead a more
complex one, such as Imagenet, because increasing the IFMAP

size affects the convolution performance and energy, not
the accelerator PPA. Thus, the selected dataset does not
compromise the comparison method. We executed experiments
with 128x128 IFMAPs and observed the same trends in
performance and energy depicted in Figure 3. Korol et al. [14]
also observed this trend when increasing the IFMAP size.

V. RESULTS

Figure 3(a) a 3(b) evaluate the energy consumption to obtain
a 15x15x16 OFMAP, according to the memory type and its
access latency (x-axis). Accelerators that do not adopt output
buffers have a smaller energy consumption than accelera-
tors using output buffers when using SRAM. This result is
because SRAM and buffers use the same static implementa-
tion, resulting in a similar consumption. Thus, buffering brings
no advantage when using SRAM memories. The observed
result is inverse when using DRAMs as external memo-
ries, with buffers acting as cache memories. The buffered IS
accelerator presents a significant energy reduction (IS buf)
compared to the other implementations. The OS accelerator
is expensive in terms of energy because it constantly fetches
data from the input memory, regardless of the memory type.

Figure 3(c) evaluates the performance of the accelerators.
The IS accelerators present a performance slightly affected by
the memory latency because the IFMAP is read once, that is,
input stationary. Also, the bufferization of weights and bias
reduces memory access, decreasing the memory impact on
performance (line 1 of Algorithm 2). The memory latency
affects the WS performance because the number of IFMAP
readings is higher than the IS architecture. The OS architecture
has a small buffer in the output, requiring frequent IFMAP and
weight readings, resulting in a heavy performance penalty due
to memory latency.

Figure 4 details the results, considering an SRAM with
access latency of 2 clock cycles. Required buffer size (internal
buffers), area, and performance (cycles) are normalized by
the worst result among accelerators. The energy (memory and
accelerator) is normalized by the worst total energy, as well as
the memory accesses (reads and writes). Figure 4 shows that:
• the convolutional core consumes the largest parcel of the

total energy consumption (energy core in Figure 4).
• buffering at the output effectively reduces memory writ-

ings (from 10,800 to 3,600). The normalization masks
these results due to the higher number of readings
(71,008). Buffering brings a slight reduction in memory
energy consumption at the cost of a larger area and
consumption (WS versus WS_buf and IS versus IS_buf).

• IS is 66.2% faster than WS (225,078 and 135,450 clock
cycles for WS and IS, respectively).

• OS is penalized by memory readings, resulting in the
worst performance and highest memory and energy
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Fig. 4. Performance for the convolutional accelerators, considering a 32x32x3
IFMAP, 15x15x16 OFMAP, stride=2, and a 2 clock cycle SRAM latency.

Fig. 5. Performance for the convolutional accelerators, considering a 32x32x3
IFMAP, 15x15x16 OFMAP, stride=2, and a 5 clock cycle DRAM latency.

TABLE II
STRENGTHS AND WEAKNESSES OF THE ACCELERATORS

consumption. Despite these disadvantages, it presents a
small area footprint, similar to the WS.

When using SRAM as external memory, WS is the acceler-
ator with the smallest area and energy consumption, while IS
presents the best performance (axis cycles in Figure 4). Note
that the IS area increases with the IFMAP size since it requires
larger input buffers.

Figure 5 presents results when using DRAM as external
memory, with a latency of 5 clock cycles (OS is omitted due
to its worst performance - see Figure 3(b) and (c)). The IS
architecture is 2.5 times faster, with energy consumption up
to 3.97 times smaller than WS. Buffering the IS accelerator
reduces its total energy by 33% and improves the performance
by 12%, at the cost of 1.46x the area footprint.

The IS accelerator presents the best energy-performance
trade-off when using DRAM as external memory. It is pos-
sible to reduce energy and improve performance by using an
output buffer at a significant area overhead cost.

Table II summarizes the findings observed in evaluating the
accelerators.

VI. CONCLUSION

This brief presented a guideline for designers to select
the accelerator architecture according to their constraints,
considering the external memory technology. Using SRAM

as external memory, the WS without output buffers presents
the smallest area and energy consumption, while IS without
output buffers is recommended when performance is the goal.
With DRAM, IS without output buffer is the architecture to use
because it presents 2.5x better performance and 3.97x lower
energy than WS. It is possible to reduce the IS total energy by
33% and improve performance by 12% using output buffers
at the cost of extra area.

Future work includes 3 directions: (i) reduce the input
buffer on IS, including a prefetch mechanism for weights
and bias; (ii) include other accelerator architectures in the
evaluation environment; (iii) integrate the evaluation results
into the TensorFlow framework for an early and fast design
space exploration.
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