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Abstract—High performance but computationally expensive
Convolutional Neural Networks (CNNs) require both algorithmic
and custom hardware improvement to reduce model size and to
improve energy efficiency for edge computing applications. Re-
cent CNN architectures employ depthwise separable convolution
to reduce the total number of weights and MAC operations.
However, depthwise separable convolution workload does not
run efficiently in existing CNN accelerators. This paper proposes
an energy-efficient CONV unit for pointwise and depthwise
operation. The CONV unit utilizes weight stationary to enable
high efficiency. The row partial sum reduction is engaged to
increase parallelism in pointwise convolution thereby lightening
the memory requirements on output partial sums. Our design
achieves a maximum efficiency of 3.17 TOPS/W at 0.85V/40nm
CMOS which is well-suited for energy constrained edge comput-
ing applications.

I. INTRODUCTION

Convolutional Neural Networks (CNNs) has seen promising
performance in areas of computer vision, such as image
classification and object recognition. With its high accuracy,
CNNss are widely adopted in autonomous vehicles [1], Internet
of Things (IoT) devices [2] and robot vision [3]. These
applications typically require CNNs to work under resource-
constrained environment. This creates huge challenges, as
CNN models often require millions of parameters and compu-
tations [4]-[6], as shown in Figure 1(b). Thus, custom energy
efficient hardware accelerators are demanded. Besides, there
is a rising interest to develop small and compact CNN models,
which further help alleviate the computational needs.

Recent CNN models such as Xception [4] and MobileNetv1
[5] exploit depthwise separable convolution to reduce compu-
tational workloads. For instance, MobileNetvl reported 8-9
times computation reduction with an insignificant trade off
of only 1% accuracy [5]. Depthwise separable convolution
involves both depthwise and pointwise convolutions. Point-
wise convolution becomes the prominent workload, as shown
in Figure 1(c). Therefore, hardware accelerator designs that
can efficiently support depthwise separable convolution are
in demand, to take advantages of the recent compact CNN
models.

Various hardware accelerator designs have been proposed,
but many are not optimized for depthwise separable con-
volution. For instance, Eyeriss [7] proposed row stationary
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Fig. 1. (a) General CNN architecture. (b) Number of MAC operations and
parameters. (c) Workload breakdown in recent CNN architectures.

dataflow to minimize data movement and maximize data reuse
in the hardware. When processing pointwise convolution, Ey-
eriss’ dataflow has limited diagonal input feature map sharing
and horizontal weight kernel sharing in its processing elements
(PEs). Besides, another accelerator, KOP3 [8] introduced a
CNN processor that is optimized for 3x3 weight kernels.
KOP3 allows multiple weight kernels to remain stationary for
them to be processed by the same input image. However,
depthwise convolution does not need weight sharing, as it
only requires a pair of input pixel and weight kernel. Be-
sides, [9] proposed a matrix multiplication engine to process
depthwise separable CNNs. [10] recommended an optimized
execution order for tiled matrix multiplication to reduce energy
consumption. But, while a matrix multiplication engine can
easily represent operations in most CNN models, the flexible
matrix multiplication hardware design is not well optimized
for low power consumption and high throughput dedicated
CNN hardwares.

This work proposes a convolution (CONV) unit design that
can efficiently support pointwise and depthwise convolution by
having a configurable 2™ x2"™ computation unit and row partial
sum reduction. Following this, section II analyzes different
convolution workloads. The proposed design is elaborated in
Section III. Section IV presents and discusses the experiment
results. Lastly the conclusion is drawn in Section V.
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Fig. 2. Comparison of different convolution workloads. Depthwise and pointwise convolution are special cases of standard convolution. This creates unique

dataflow requirement for efficient processing in custom hardware accelerators.

II. DEPTHWISE SEPARABLE CONVOLUTION WITH DATA
REUSE

A. Standard versus depthwise separable convolution

For the standard convolution in Figure 2(a), a group of
weight kernels is convolved with the input feature map (ifinap)
to produce one output feature map (ofimap) channel. Multiple
groups of weight kernels are convolved with the same ifmap
to produce multiple ofmap channels. An ifmap with R rows,
C columns and depth of D, when convolved with K kernel
groups where each has height of H, width of W and depth of
D, will require (H x W x D x M x N x K) MAC operations.

Most standard convolution however can be separated into
depthwise and pointwise convolutions [4], [5], as shown in
Figure 2(b) and (c). Depthwise convolution involves ifmap
channels convolved with respective weights. It requires (H x
W x D x M x N) MAC operations. Pointwise convolution
has similar operations with standard convolution, but considers
weight kernels of size 1x 1. It requires (M x N x D x K) MAC
operations. Thus the depthwise separable convolution requires
(HxWxDxMxN+MxN xDxK)MAC operations. Thus,
depthwise separable convolution only requires (% + ﬁ)
times number of MAC operations, as compared to standard
convolution. For instance, if K = 128 and H = W = 3, a
depthwise separable convolution will require 8.4 times lesser
MAC operations.

B. Dataflow and data reuse of convolution operation

The smallest unit in any convolution operation is a pair of
ifmap channel and weight kernel, as shown in Figure 2(d). An
ofmap channel is generated when the weight kernel convolved
with the ifmap channel, and the ofinap pixels are generated
at every stride step, s. The ofmap channel can be categorized
as intermediate or final. The ofimap channel is intermediate
in standard and pointwise convolution, since it needs to be
accumulated with one or more ofmaps. The ofinap channel is
final in depthwise operation, as the ofinap channel needs not
to be accrued with other ofinap channel. Hence, the idea is to
deduce the best option to run the smallest unit, to support all
types of convolutions.

Data reuse in the smallest unit of the convolution is studied.
The potential data reuse strategies are weight stationary and
input stationary [11]. For weight stationary, the weight kernel
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Fig. 3. The CONV unit receives data from and sends computed partial sums
(psums) to the global buffer. A global controller (CTRL) is used to coordinate
the data flow.

is reused by M N times when striding through the ifmap
channel. For input stationary, the ifinap pixels are only reused
once. To have maximum data reuse, weight stationary is
preferred.

The different convolution operations are studied using
weight stationary. Depthwise convolution always generates
final partial sums (psums). However, pointwise convolution
generates a lot of intermediate psums, due to its small kernel
size. The intermediate psums may need to be stored temporar-
ily, which increase memory requirement. It also has low ifmap
reuse. On the contrary, the small kernels create an unique
condition for higher parallelism. To produce a final ofmap
pixel, it requires an (1x1x D) ifmap cuboid and an (1x1xD)
weight kernel. The pairs of ifimap pixel and weight kernel
can be parallelly multiplied to generate intermediate psums.
These psums are subsequently reduced to generate the final
psum. On the other hand, standard convolution can be seen as
multiple depthwise convolutions, but the ofinap channels need
to be accumulated. This analysis gives significant insights to
our proposed design.

III. PROPOSED DESIGN

Figure 3 shows how the convolution (CONV) unit interfaces
with the global controller and on-chip buffer. The controller
coordinates the operations between the accelerator and the
external controller. The global buffer receives the required
data from external memory and stores the computed results.
The CONV unit is where the computation occurs. A given
CNN model is processed layer-by-layer. Due to the limited on-
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Fig. 4. Proposed CONV unit, consisting of 2™ x 2™ multiplier (MUL) array,
2™ row adder tress, a reducer and 4 FIFO buffers.

chip buffer size, computation workload in each layer is further
partitioned such that they can be processed sequentially by the
CONYV unit. A ping-pong buffer is set-up to load next batch
of data, while the current data is being processed.

A. Convolution (CONV) unit design

Figure 4 shows the block diagram of the proposed CONV
unit. It consists of a processing unit (PU) and a reducer. The
PU consists of a multiplier (MUL) array and row adder trees
(RADDTs). The MUL array is designed to be scalable at the
factor of 2". This enables efficient workload partitioning when
processing recent CNN models, as they usually have 2" weight
kernels per group in pointwise convolution, and 2" channels
in depthwise convolution [4], [5].

Four buffers are placed next to the CONV unit: vertical
buffer, horizontal buffer and two psums buffers. These buffers
work in first-in-first-out (FIFO) mode. The CONV unit reads
out every clock, while the on-chip controller feeds next data
to the buffer. The CONV unit stops reading out when no new
data is available. Thus, only a small buffer size is needed. The
vertical buffer stores ifinap pixels and feeds the data to the first
MUL row. The horizontal buffer stores weight kernels. Each
MUL has a dedicated bus to receive weight data. One of the
psum buffers receives old psums from the global buffer, to
accumulate with current psums in the reducer. The other psum
buffer stores the final psum from the reducer before leaving
to the global buffer.

Each MUL allows its ifmap pixel moving downwards to next
MUL, to maximize data reuse. Each MUL row has an adder
tree to reduce the products immediately and produce a psum,
thus reducing memory requirement. The reducer receives 2"
current psums from the PU and 2" old psums from the buffer.
All psums are handled uniquely for different convolution
operations.

Figure 5 shows how the proposed CONV unit handles
pointwise convolution. Using weight stationary, each group
of weight kernels is pre-loaded onto one MUL row from the
horizontal buffer. Since the same ifinap is used by multiple
weight kernels, input pixels are pushed down from the vertical
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buffer to produce 2" ofmap pixels concurrently. Cuboids of
ifmap channel pixels are reused by 2" times before they leave
the MUL array. The final psums of respective ofimap channels
are collected at respective rows.

Figure 6 shows how the CONV unit supports 33 depthwise
convolution. 3x3 depthwise CONV is commonly found in
recent CNN architectures [4], [5]. On an 8x8 MUL array,
two weight kernels are processed concurrently. Since the
CONYV unit adopts row reduction and weight stationary with
ifmap pixels flowing top to bottom, the weight kernels are
preloaded on the MUL array in the diagonal direction without
overlapping. Each MUL row produces a psum. Every 3 psums
are added to produce one complete psum. For weight kernel
larger than 3x3, some preprocessing are required to break the
convolution into smaller pieces for the CONV unit to handle
[8].

The CONV unit also supports standard convolution. The
standard convolution is viewed as multiple depthwise convo-
lutions. However, since our design is optimized for pointwise
and depthwise operations, data reuse and speed performance
are less efficient in this case when compared to other hardware
accelerators.

IV. IMPLEMENTATION AND SIMULATION RESULTS
A. Implementation

The proposed design is implemented with a configurable
MUL array of size 2™ x 2". The vertical buffer has a capacity
of 4 x 2™ x 8 bits to store ifmap pixels. The horizontal and
psum buffers have the capacity of 4 x 2" x 2" x 8 bits and
8 X 2™ x 16 bits, respectively. The design is synthesized at 100
MHz using 40nm CMOS technology. Area is extracted using
Cadence Genus, while energy and power data are extracted
using Cadence Joules.



TABLE I
PERFORMANCE AND REQUIRED SRAM SIZE GIVEN MUL ARRAY SIZE AND WORKLOAD, FOR 7 = 4 AND 5

Type Input Kernel Output PE Size Bit width Required Clock | Performance | Efficiency
M workload workload size 7€ | (In, W, Out) | SRAM (KB) | cycles (GOPS) (TOPS/W)
PW 32x32x16 | 1x1x16x16 | 32x32x16 | 16 x 16 (8, 8, 16) 80.3 1044 50.2 3.10
PW 32x32x32 | 1x1x32x32 | 32x32x32 | 32x32 (8, 8, 16) 161 1060 197.8 3.49
DW 32x32x5 3x3x5 30x30x5 16 x 16 (8, 8, 16) 22.6 1470 5.5 1.78
DW | 32x32x 10 3x3x10 30x30x 10 | 32x 32 (8, 8, 16) 45.2 1920 8.4 1.26
TABLE II
COMPARISON WITH RECENT ACCELERATORS
Technology ’ 2 Frequency Efficiency | Normalized efficiency
(nm) Area (mm*~) Voltage (V) (MHz) Power (mW) (TOPS/W) (TOPS/W)
Eyeriss [7] 65 12.25 1.0 200 278 0.24 0.48
Origami [12] 65 3.09 1.2 500 449 0.437 0.874
KOP3 [8] 65 3.98 1.0 200 72 1.25 2.5
Leuven [13] 40 2.4 0.85 200 76 0.94 0.94
. 1.03
Proposed design 40 (CONV unit only) 0.85 100 25.3 3.13 3.13
TABLE III 600 — -
= 1 PW: Pointy lut
PERFORMANCE AND EFFICIENCY ON VARIOUS CNN MODELS FORn =5 200 ] DW: Depthwise convolution |1 16x16 2] 32x32
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MobileNetvl [5] | 2017 79.3 3.13 MobileNet v1
MobileNetv2 [6] | 2019 528 2.89 Fig. 8. Number of clock cycles to process first 11 layers in MobileNetvl,
when n = 4 and 5.
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B. Results and performance analysis

Figure 7 shows how the performance scales when the
CONYV unit varies its MUL array size. When factor n varies
from 2 to 5, the area of the CONV unit increases by about
3.4x in average at every step. Besides, the number of clock
cycles reduces by 3.1x in average at every step when pro-
cessing MobileNetvl [5]. The CONV unit’s overall efficiency
increases when the MUL array scales up.

Figure 8 details the performance of the CONV unit when
processing MobileNetvl. Increasing the MUL array size al-
lows more than 3.2 times speed up on all pointwise workload
and at least 1.2 times on all depthwise workload. On a 32x32
MUL array, the processing time on the heaviest pointwise
workload requires only 0.59ms. As a result, processing Mo-
bileNetv1 inference requires only 14.3 ms/frame.

Table I shows the performance and required SRAM size of
the CONV unit, given the MUL array size and target workload.
All required data and the computed results are assumed to
be stored in the global SRAM buffer. The throughput perfor-
mance increases when MUL array size increases. The design

the overall CNN processing efficiency.

Table III shows the performance and efficiency of the
proposed design when running different CNN models. The
efficiency is close to the peak efficiency when processing
pointwise convolution. The efficiency drop is possibly because
of the hindered processing of other CNN workloads.

Table II compares the proposed design with other hardware
accelerators. Normalized efficiency is estimated based on the
technology scaling. The power is scaled by 2x when normal-
ized from 65nm to 40nm. Our design achieves an efficiency of
3.13 TOPS/W, which is 25% better than the state-of-the-art.

V. CONCLUSION

This paper proposes an energy-efficient CONV unit, which
explores weight stationary and row-based adder-tree architec-
ture to optimize pointwise and 3x3 depthwise convolution
workload for edge-computing applications. The CONV unit
also features a configurable multiplier (MUL) array with the
factor of 2". When running MobileNetV1, our prototype of
32x32 CONV unit consumes 25.3 mW when operates at 100
MHz in 0.85V/40nm CMOS process, achieving an overall
efficiency of 3.13 TOPS/W.
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