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Abstract: Hierarchical convolutional neural networks are a well-known robust image-recognition model. In order to apply this
model to robot vision or various intelligent vision systems, its VLSI implementation with high performance and low power con-
sumption is required. This paper proposes a VLSI convolutional network architecture using a hybrid approach composed of
pulse-width modulation (PWM) and digital circuits. We call this approach merged/mixed analog-digital architecture. The VLSI
chip includes PWM neuron circuits, PWM/digital converters, digital adder-subtracters, and digital memory. We have designed and
fabricated a VLSI chip by using a 0.35 �m CMOS process. The VLSI chip can perform 6-bit precision convolution calculations for
an image of 100�100 pixels with a receptive field area of up to 20�20 pixels within 5 ms, which means a performance of 2 GOPS.
Power consumption of PWM neuron circuits is measured to be 20 mW. We have verified successful operations using a fabricated
VLSI chip.

1. Introduction

For object detection or recognition from natural images,
processing models for extracting image features should
tolerate pattern deformations and pattern position shifts.
Convolutional neural networks (CoNNs) with a hierar-
chical structure, which imitate the vision nerve system
in the brain, have such functions [4, 7, 17, 8, 9].

The operations required for implementing convolu-
tional networks are multiplication by weights and non-
linear conversion, as conventional neural network mod-
els. Because they require much computation, efficient
VLSI implementation is needed for executing these op-
erations in real-time and with low power consumption,
in order to develop challenging intelligent applications
such as robot vision. Various VLSI neural networks
have actively been developed so far [13, 10, 2, 3, 18],
and an analog VLSI processor suitable for convolutional

networks was also reported [1]
On the other hand, we have already proposed a new

circuit architecture, which is based on a pulse-width
modulation (PWM) approach merging analog and dig-
ital approaches [6, 16, 15, 14, 11, 12, 5]. This archi-
tecture has various advantages of both approaches, es-
pecially it achieves low power consumption, and it is
suitable for implementing neural networks.

This paper is organized as follows: In section 2, we
describe a CoNN model for object detection or recog-
nition. In section 3, we propose a VLSI CoNN archi-
tecture that consists of PWM neuron circuits and digi-
tal memory by combining the merged analog-digital ar-
chitecture with the digital approach. In section 4, we
propose a PWM neuron circuit that consumes very low
power. In section 5, we present the measurement results
of a VLSI chip fabricated using a 0.35 �m CMOS pro-
cess. Finally, section 6 presents our conclusions.
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Figure 1: CoNN model for object detection or recogni-
tion

2. Hierarchical Convolutional Neural Network
Model

The CoNN for object detection or recognition is shown
in Fig. 1 [9]. The first layer of the hierarchical struc-
ture only receives images. Every following layer con-
sists of two sub-layers: a feature detection (FD) layer
and a feature pooling (FP) layer. Each layer includes
some feature classes, each of which has neurons that re-
act the same image feature. The neurons are arranged in
a 2-D array to maintain the feature position of the input
image. Therefore, the feature class pixel size is equal to
the input image pixel size, and each neuron corresponds
to each pixel. Each neuron is connected to the neurons
located in a predefined area near the same position of
the previous layer, which is called a receptive field.

Figure 2 shows the principle of pattern detection us-
ing a CoNN. The FP neurons are used to achieve recog-
nition tolerant to pattern deformation and position shifts.
The FD neurons operate for integrating a feature. By the
hierarchically repetitive structure, local simple features
(e.g., line segments) of the input image are gradually as-
sembled into complex features.

Operations between layers are considered as a convo-
lution because all neurons belonging to a feature class
have a receptive field with the same weight distribution.
The receptive field of the FP neuron is on the same fea-
ture class of the previous FD layer. All neurons of the
FP layer have the same positive weight distribution, in
which the weight is largest in the center of the receptive
field and it decreases as the position is apart from the
center. The shifts of feature positions in the FD layers
are tolerated in the FP layers by this weight distribution.
On the other hand, the receptive fields of the FD neurons
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Figure 2: Principle of pattern detection using a CoNN
(an example of eye pattern detection)

are on all feature classes of the previous FP layer. The
weights of the FD neurons are obtained by training.

Figure 3 shows the numerical simulation results of
face position detection by a CoNN [9]. In this figure,
brighter points indicate the positions of each feature.
The FD1 layer detects line segments with various ori-
entations of the input image. The FD2 layer combines
the results of FD1 layer and detects intermediate fea-
tures of moderate complexity, which are shaped like ‘�’
or ‘�’. In the similar way, the FD3 layer detects eyes
and a mouth positions. By combining the results of FD3
layer, the FD4 layer detects the center position of the
face.

3. VLSI Convolutional Neural Network Architec-
ture

We propose a VLSI chip architecture that implements
the CoNNs. The CoNN operation needs a huge number
of multiplications for synaptic connections and the sum-
mations at each neuron. Because the number of process-
ing circuits integrated in a chip is limited, it is difficult to
construct all connections of the hierarchical network by
real processing circuits. Therefore, in our architecture,
neuron circuits are repetitively used by time-sharing op-
eration.

Time-sharing operation in the CoNN is shown in
Fig. 4. The feature class size and the receptive field size
are assumed ��� and��� pixels, respectively. The
previous layer has �� ��� �� �� �� � ��� �� �
���� � ��� � neurons, in which the extra neurons of
the exterior of the feature class area output a zero value,
so that the feature class size is the same in all the lay-
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Figure 3: Numerical simulation results of face position detection by a CoNN
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ers. By these extra neurons of the previous layer, we can
detects the center position of a face even if the input im-
age does not have the complete face image. The outputs
of �� neurons belonging to one column of the previous
layer are inputted to � neuron circuits simultaneously.
The neuron operations for one column of the receptive
fields are performed in parallel. For � rows in a recep-
tive fields, the above neuron operations are repeated by
� times, and furthermore each of them is repeated twice
for positive and negative weighting. Thus, the number
of repetitions in � -parallel neuron operations for con-
volution between feature classes is � ��� �.

The block diagram of our CoNN circuit is shown
Fig. 5. By utilizing the advantage of small circuit size in
the PWM approach, �-input PWM neuron circuits are
integrated. To achieve time-sharing operation, the par-
tial accumulation results of neuron operation are tem-
porarily held in the neuron circuit. These partial re-
sults are accumulated and stored in an SRAM through
the PWM/digital converter (WDC) and the digital adder-
subtracter (DAS). The WDC converts PWM signals out-
put from a neuron circuit into digital signals. The DAS
is used in time-sharing operations for one column of the
receptive field and for the positive and negative weight-
ing.

Although we assumed that the number of inputs of
the neuron circuits is ���, convolution with a smaller
receptive field size can be calculated by setting the extra
inputs at zero. Convolution with a larger receptive field
size can also be calculated by time-sharing operation.

4. PWM Neuron Circuit

4.1. Connection Model

In the general feedforward networks, internal state ��
and output �� of postsynaptic neuron � are given by the
following equations, respectively;

�� �
�

�

	���� 
 (1)

�� � ����� 
 (2)

where 	�� is the connection weight from presynaptic
neuron � to postsynaptic neuron �, and � is the nonlinear
conversion function.

In the conventional model, the synapse part multi-
plies �� by 	�� and the neuron (soma) part executes
summation and nonlinear conversion �����, as shown
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Figure 5: Block diagram of our CoNN circuit. The com-
ponents in the shaded region are included in our VLSI
chip

in Fig. 6(a). From eqs. (1) and (2), the output of postsy-
naptic neuron � is given by

�� � ��
�

�

	����� 
 (3)

However, in our circuit model, both multiplication
and nonlinear conversion are performed by the synapse
part, and the neuron part executes summation and out-
puts the internal state, as shown in Fig. 6(b). Thus, from
eqs. (1) and (2), the internal state which is the output of
neuron � is given by

�� �
�

�

	������ � 
 (4)

Equations (3) and (4) are the equivalent operations in
hierarchical networks.

4.2. Circuit Design

Our PWM neuron circuit includes plural synapse cir-
cuits, which operate in parallel, and an integrating ca-
pacitor as shown in Fig. 7. Its operation is as follows:
(1) A PWM signal �� that corresponds to the inter-
nal state of the presynaptic neuron is transmitted to the
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Figure 6: Connection model: (a) ordinary model, and
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synapse part; (2) the input PWM signals are converted
with the nonlinear function, and weighted summation is
performed by converting the PWM signals into charges
stored in capacitor ��; (3) the voltage between the nodes
of the capacitor, ��, is converted into a PWM signal by
comparing it with linearly-ramped voltage signal � ��	 .

In this circuit, connection weighting (multiplication)
and nonlinear conversion are performed by two MOS-
FETs, M1 and M2, at the same time. The connection
weighting is achieved by applying analog DC voltage
�
, which controls the conductance of M1. The non-
linear function is applied to all synapses by changing
analog voltage �� , which controls the conductance of
M2.

The waveform of �� as a function of time has the
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Figure 7: PWM neuron circuit

similar shape to the differential function of the nonlin-
ear conversion function � although the waveform of ��

is reversed because M2 is a p-type MOSFET. The ad-
ditional charges stored in capacitor �� is determined by
integrating current �� flowing to�� during the time span
defined by the pulse width of the input PWM signal. As
�� lowers slightly beyond the threshold voltage of M2,
current �� smoothly increases from zero depending on
�� , because M2 operates in the saturation region. Thus,
capacitor voltage �� changes smoothly. (The same situ-
ation also occurs when �� rises near the threshold volt-
age of M2). When �� lowers further, M2 operates in the
triode region although M1 still operates in the saturation
region. Therefore, in the time span when �� is large, cur-
rent �� depends on �
. Thus, weighting and nonlinear
conversion 	�� � ����� are achieved at the synapse part.

The PWM neuron circuit consumes much lower
power than the corresponding digital circuit, which we
can construct from digital multipliers and look-up ta-
bles, because the PWM neuron circuit performs multi-
plication and nonlinear conversion by only one switch-
ing operation.
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5. Experimental Results Using a Fabricated VLSI
Chip

We fabricated a CoNN VLSI chip by using a 0.35 �m
CMOS process based on our architecture. Figure 8
shows a micro-photograph of the fabricated chip. The
VLSI chip includes 81 neuron circuits with 20 synap-
tic inputs, 81 PWM/digital converters, 81 digital adder-
subtracters, 39 kb SRAM, and 20 weight setting cir-
cuits. Therefore, this chip can implement a CoNN with
�� � ��� and � � ��. By using this VLSI chip with
external feedback control, we can construct hierarchical
structure of a CoNN.

We measured the PWM input-output relationship of
neuron circuits when all of 20 PWM input signals per
neuron are identical. The measurement results are
shown in Fig. 9 with the corresponding circuit simu-
lation (HSPICE) results. In this figure, �
 is changed
from �
� � (the largest weight) to �
	 � (the smallest
weight) at �
� � intervals. Although the measurement
values are slightly larger than the simulated ones, the
characteristic tendency agrees well with the simulation
results, and the differences can be adjusted by changing
�
. Therefore, it is demonstrated that weighting and
nonlinear conversion are achieved simultaneously.

We measured the convolution operation when we in-
put the neuron states and weight shown in Fig. 10(a).
The measurement result is shown in Fig. 10(b) with the

theoretical one. We obtained the vertical pattern edges
of the neuron states by using the weight distribution of
the receptive field. The measurement result agrees well
with the theoretical one, and it is demonstrated that cor-
rect convolution operation is achieved. We also verified
that all circuit components operate successfully.

We defined the operation cycle time as 1.6 �s. Un-
der this condition, the chip achieves an operation perfor-
mance of 2 GOPS1 by parallel operations for 81 �� � �
neurons and 1620 �� � � �� synapses, since this
chip achieves 1620 �� � � �� � � �multiplication
and summation� operations per operation cycle 1.6 �s.
The performance of 2 GOPS can also be expressed as
1 GCPS2. The whole convolution operation requires
about 5 ms, since the number of repetitions for convolu-
tion between feature classes is 3240 �� ��� �� as we
described in section 3.

We measured a power consumption of PWM neuron
circuits to be 20 mW although the digital circuit block
consumes 100 mW (WDC and DAS consume power of
70 mW, SRAM consumes power of 30 mW). In order to
reduce the total power consumption of the chip, lower-
power digital circuit design, especially redesign of the
WDC is an important future issue.

6. Conclusions

We proposed a merged/mixed analog-digital VLSI chip
architecture for CoNNs using PWM and digital circuit
techniques.

A neuron circuit with 20 synapses was designed.
Nonlinear conversion and multiplications by connec-
tion weights are realized by two MOSFETs, thus a very
small layout area and low power consumption of the
synapse part were achieved. Since the connections be-
tween layers have the same weight distribution, hier-
archical networks can be constructed by feedback and
time-sharing operations using the VLSI CoNN.

We designed and fabricated a VLSI CoNN with an
operation performance of 2 GOPS, and verified success-
ful operations of all circuit components.
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