SPECIFICATION

TITLE OF THE INVENTION: NEURAL NETWORK CIRCUIT DEVICE, NEURAL
NETWORK PROCESSING METHOD, AND NEURAL NETWORK EXECUTION
PROGRAM

TECHNICAL FIELD
[0001]

The present invention relates to a technique of a neural network circuit device, a
neural network processing method, and a neural network execution program.
BACKGROUND ART
[0002]

Some examples of a conventional feedforward neural network (FFNN) include a
RBF (Radial Basis Function) network, a normalized RBF network, and a self-organizing
map. The RBF network uses a radial basis function as an activating function used in
backpropagation. The RBF network has, however, such problems that: a large number
of intermediate layers are not available therein and it is thus difficult to determine
recognition with high accuracy; and that a scale of hardware becomes large and a
processing takes a long time. The RBF network has been thus applied to limited fields
such as handwriting recognition.

In recent years, a convolutional neural network (CNN) (a network which is not
fully connected between one layer and another) and a recurrent neural network
(bidirectional propagation) have been presented which become focus of attention as
new techniques in areas of image recognition for ADAS (advanced driver assistance
system), automatic translation, and the like. The CNN is composed of a deep neural
network (DNN) to which a convolution operation is added.

[0003]

Patent Document 1 discloses a processing part which solves a problem using an



input signal and a value of a weight which is obtained by learning between loosely
coupled nodes in a hierarchical neural network, based on a check matrix of error
correction codes.

[0004]

Patent Document 2 discloses an information processing apparatus that includes:
a division unit configured to divide a weight parameter of a neural network into a plurality
of groups; and an encoding unit configured to approximate the weight parameter in
accordance with a codebook and encode the weight parameter for individual divided
groups. Patent Document 2 also discloses that the weight parameter has elements of a
binary value or a ternary value. Patent Document 2 describes that approximation can be
performed with high accuracy on sparse weights such as weight parameters in higher
layers of the CNN.

[0005]

Machine learning application using a CNN requires in many cases a large
quantity of calculations and a memory bandwidth. One of techniques to ease the
requirement is to remove a zero coefficient, thus allowing a calculation having a zero
coefficient to be skipped.

Patent Document 3 discloses a method for performing convolution that includes:
(a) selecting, by an electronic device, a coefficient from a kernel as a current coefficient;
(b) multiplying, by the electronic device, at least a part of an image by the current
coefficient so as to obtain a set of products; and (c) adding, by the electronic device, the
set of products to a set of accumulated sums, and that (a) through (c) are repeatedly
performed in this order until all coefficients of the kernel are processed. Patent
Document 3 also discloses that, when a coefficient is selected from a kernel, only a
nonzero coefficient of the kernel is selected. Patent Document 3 describes that a
combination of zero coefficient skipping and a novel convolution engine can lower both
computation and memory bandwidth.

[0006]



An existing CNN is constituted of a multiply-accumulate operation circuit with
short accuracy (multibit) and requires a great number of multiplier circuits. This
disadvantageously requires a large area and much power consumption. In view of the
described above, a binarized accuracy, that is, a circuit in which the CNN is composed
of only +1 and -1 (or only 0 and 1) has been proposed (see, for example, Non-Patent
Documents 1 to 4 below).

RELATED ART DOCUMENTS
PATENT DOCUMENTS
[0007]

Patent Document 1: Japanese Laid-Open Patent Application, Publication No.
2016-173843

Patent Document 2: Japanese Laid-Open Patent Application, Publication No.
2018-55260

Patent Document 3: Japanese Laid-Open Patent Application, Publication No.
2018-26134
NON-PATENT DOCUMENTS
[0008]

Non-Patent Document 1: M. Courbariaux, I. Hubara, D. Soudry, R.E.Yaniv, Y.
Bengio, “Binarized neural networks: Training deep neural networks with weights and
activations constrained to +1 or -1,” Computer Research Repository (CoRR), “Binary
Neural Network Algorithm”, [online], March 2016, [searched on Oct. 5, 2016],
<URL:http:// arxiv.org/pdf/1602.02830v3.pdf>

Non-Patent Document 2: Mohammad Rastegari, Vicente Ordonez, Joseph
Redmon, Ali Farhadi, “XNOR-Net: ImageNet Classification Using Binary Convolutional
Neural Networks,” Computer Vision and Pattern recognition, “Binary Neural Network
Algorithm”, [online], March 2016, [searched on Oct. 5, 2016], <URL:
https://arxiv.org/pdf/1603.05279v4 >

Non-Patent Document 3: Hiroki Nakahara, Haruyoshi Yonekawa, Tsutomu



Sasao, Hisashi Iwamoto and Masato Motomura, “A Memory-Based Realization of a
Binarized Deep Convolutional Neural Network,” Proc. of the 2016 International
Conference on Field-Programmable Technology (FPT), Xi'an, China, Dec 2016 (To
Appear).

Non-Patent Document 4: Eriko Nurvitadhi, David Sheffield, Jaewoong Sim, Asit
Mishra, Ganesh Venkatesh, Debbie Marr, “Accelerating Binarized Neural Networks:
Comparison of FPGA, CPU, GPU, and ASIC,” Proc. of the 2016 International
Conference on Field-Programmable Technology (FPT), Xi'an, China, Dec 2016 (To
Appear).

SUMMARY OF THE INVENTION
PROBLEM TO BE SOLVED BY THE INVENTION
[0009]

A deep neural network having an increased number of neurons can have more
functions and an improved recognition accuracy. Such a deep neural network requires,
however, several billions to several tens of billions multiply-accumulate operations,
which inevitably makes a large quantity of computing units and memory access
necessary. Increase in the numbers of the computing units and memory access
becomes a large obstacle to achieve a high-performance deep neural network.
Development in microfabrication technique makes it possible to increase the number of
computing units. In the meantime, it is extremely difficult to increase memory access due
to physical limitation with respect to the number of substrate pins connected to an
external substrate (implementation limit). There is thus a strong need for a deep neural
network which can have a reduced amount of memory and can be implemented on chip.
[0010]

In light of the background described above, the present invention has been made
in an attempt to provide a neural network circuit device, a neural network processing
method, and a neural network execution program, each of which can reduce an amount

of memory and can be implemented on chip.



MEANS FOR SOLVING THE PROBLEMS
[0011]

In order to solve the problems described above, the neural network circuit device
of the present invention provides a neural network circuit device including at least an
input layer, one or more intermediate layers, and an output layer. The neural network
circuit device includes, in the one or more intermediate layers: an input value Xi to which
convolution is applied; a nonzero convolution operation circuit configured to receive an
input of a weight Wi and to perform a nonzero convolution operation; a sum circuit
configured to sum up each of values obtained by the nonzero convolution operation and
a bias W0; and an activating function circuit configured to convert a signal Y generated
by taking the sum, using an activating function f(u). The nonzero convolution operation
circuit: skips a weight Wi having a zero weight; and performs a convolution operation
based on a nonzero weight and an input value Xi corresponding thereto the nonzero
weight.

Other means will be described below in embodiments for carrying out the present
invention.

ADVANTAGEOUS EFFECTS OF THE INVENTION
[0012]

The present invention can provide a neural network circuit device, a neural
network processing method, and a neural network execution program, each of which
can reduce an amount of memory and can be implemented on chip.

BRIEF DESCRIPTION OF THE DRAWINGS
[0013]

FIG. 1 is a diagram for explaining an example of a structure of a deep neural
network (DNN).

FIG. 2 is a diagram illustrating a configuration of a neural network circuit having
therein a nonzero convolution operation circuit in a deep neural network according to an

embodiment of the present invention.



FIG. 3 is a diagram illustrating a concept of a convolution operation in the
nonzero convolution operation circuit in the deep neural network according to the
embodiment.

FIG. 4A and FIG. 4B are each a diagram illustrating a configuration of the
nonzero convolution operation circuit in a deep neural network according to the
embodiment. FIG. 4A is a diagram illustrating a circuit configuration thereof. FIG. 4B is a
diagram illustrating an example of a skip of “0” therein.

FIG. 5 is a diagram illustrating a configuration of a tri-state neural network circuit
in a deep neural network according to the embodiment.

FIG. 6 is a diagram illustrating a configuration of a ternary neural network circuit
in a deep neural network according to the embodiment.

FIG. 7 A to FIG. 7C are each a diagram for explaining an indirect memory access
in a deep neural network according to the embodiment. FIG. 7A is a diagram illustrating
an example of a nonzero weight and a relative address stored in a weight/address
memory. FIG. 7B is a diagram illustrating a nonzero weight w while skipping 0s. FIG. 7C
is a diagram illustrating a readout of an input value X to which convolution is applied.

FIG. 8A and FIG. 8B are each a diagram for explaining how to express an indirect
address in a deep neural network according to the embodiment. FIG. 8A is a diagram
illustrating an absolute addressing method. FIG. 8B is a diagram illustrating a relative
addressing method.

FIG. 9 is a diagram for explaining an application to a convolutional neural network
in a deep neural network according to the embodiment.

FIG. 10 is a diagram for explaining an advantageous effect of a zero-skipping
operation in a deep neural network according to the embodiment.

FIG. 11 is a diagram for explaining is a diagram for explaining an indirect memory
access in a deep neural network according to the embodiment.

FIG. 12A and FIG. 12B are each a diagram for explaining an example in which an

amount of memory is reduced by reducing a bit accuracy in a deep neural network



according to the embodiment. FIG. 12A is a diagram illustrating a configuration of the
neural network circuit. FIG. 12B is a diagram for explaining how an amount of memory
can be reduced.

FIG. 13A and FIG. 13B are each a diagram for explaining an example in which a
zero-skipping operation reduces an amount of memory in a deep neural network
according to the embodiment. FIG. 13A is a diagram illustrating a configuration of the
neural network circuit. FIG. 13B is a diagram for explaining how an amount of memory
can be reduced.

FIG. 14 is a diagram for explaining how a deep neural network learns according
to Comparative Example.

FIG. 15 is a diagram for explaining how a tri-state neural network in a deep neural
network learns according to the embodiment.

FIG. 16 is a diagram for explaining how a tri-state neural network learns
according to the embodiment.

FIG. 17 is a diagram for explaining how a recognition accuracy is improved in a
tri-state neural network in a deep neural network according to the embodiment.

FIG. 18 is a diagram for explaining a verification example of an object detection,
using a combination of a tri-state neural network circuit and a ternary neural network
circuit in a deep neural network according to the embodiment.

FIG. 19 is a diagram for explaining a comparison between a tri-state neural
network circuit in a deep neural network according to the embodiment and the object
recognition algorithm YOLOv2.

FIG. 20 is a diagram for explaining an example of implementing the tri-state
neural network circuit in the deep neural network according to the embodiment.
EMBODIMENTS FOR CARRYING OUT THE INVENTION
[0014]

A deep neural network according to an embodiment for carrying out the present

invention (which may also be simply referred to as “this embodiment” hereinafter) is



described below with reference to related drawings.
<Explanation of Background>

FIG. 1 is a diagram for explaining an example of a structure of a deep neural
network (DNN).

As illustrated in FIG. 1, a deep neural network (DNN) 1 includes: an input layer
11; a hidden layer 12 that is an intermediate layer and is provided in any number; and an
output layer 13.

The input layer 11 includes a plurality of (eight, herein) input nodes (neurons).
The number of the hidden layers 12 is more than one (three, herein (hidden layer1,
hidden layer2, and hidden layer3)). Actually, however, a layer number n of the hidden
layers 12 is, for example, as many as 20 to 100. The output layer 13 includes output
nodes (neurons) as many as the number of objects to be recognized (four, herein). Note
that each of the number of layers and the number of nodes (neurons) described above is
given by way of example only.

In the deep neural network 1, each one of nodes in the input layer 11 is
connected to each one of nodes in each one of the hidden layers 12, and each one of
nodes in the hidden layers 12 is connected to each one of nodes in the output layer 13.
[0015]

Each of the input layer 11, the hidden layer 12, and the output layer 13 includes
any number of nodes (see marks o in FIG. 1). The node is a function which receives an
input and outputs an appropriate value. The input layer 11 also includes a bias node in
which a value independent and separate from that of the input node is put. A structure
herein is established by putting one of the layers each including a plurality of nodes, on
top of another. In propagation, a received input: is weighted; is converted using an
activating function; and is outputted to a subsequent layer. Some examples of the
activating function are a non-linear function such as a sigmoid function and a tanh
function, and a ReLU (Rectified Linear Unit function). An increase in the number of

nodes makes it possible to increase the number of variables to be dealt with and to



thereby determine a value/boundary, taking a large number of factors into consideration.
An increase in the number of layers makes it possible to express a combination of linear
boundaries, or a complicated boundary. In learning, an error is calculated, based on
which a weight of each layer is adjusted. Learning means solving an optimization
problem such that an error becomes minimized. Backpropagation is generally used for
solving the optimization problem. A sum of squared errors is generally used as an error.
A regularization term is added to an error so as to enhance generalization ability. In
backpropagation, an error is propagated from the output layer 13, and a weight of each
layer is adjusted.

[0016]

A CNN suitably used for image processing can be established by two-
dimensionally developing a structure of the deep neural network 1 illustrated in FIG. 1.
Additionally, by giving feedback to the deep neural network 1, a RNN (Recurrent Neural
Network) can be constructed in which a signal is propagated bidirectionally.

[0017]

As illustrated in a bold dashed triangle in FIG. 1, the deep neural network 1 is
constructed by a circuit which achieves a multi-layer neural network (which will be
referred to as a neural network circuit hereinafter) 2.

Techniques of the present invention are directed to the neural network circuit 2.
How many neural network circuits 2 are applied to which position is not specifically
limited. For example, when the layer number n of the hidden layers 12 is 20 to 30, the
neural network circuit 2 may be applied to any position of any of the layers, and any
node may serve as an input node or an output node. The neural network circuit 2 may
be used not only in the deep neural network 1 but also in any other neural networks. In
outputting a node into the input layer 11 or the output layer 13, however, the neural
network circuit 2 is not used because not binary output but multibit output is required
therein. Nevertheless, it does not cause a problem in terms of area, even if the multiplier

circuit is left in a circuit constituting a node in the output layer 13.



Note that it is assumed herein that evaluation is performed to input data which
has already been subjected to learning. This means that a weight Wi is already obtained
as a result of the learning.

[0018]
<Neural network circuit having nonzero convolution operation circuit>

FIG. 2 is a diagram illustrating a configuration of a neural network circuit 20
having therein a nonzero convolution operation circuit 21 according to an embodiment of
the present invention, which is an example in which the neural network circuit 20 is
applied to an artificial neuron (AN) model. Note that a zero used herein may also be
shown as “0”.

The neural network circuit 20 according to this embodiment can be applied to the
neural network circuit 2 constituting the deep neural network 1 illustrated in FIG. 1.
[0019]

The neural network circuit 20 includes: an input value Xi to which convolution is
applied; a nonzero convolution operation circuit 21 (which may also be referred to as a
convolution operation circuit) configured to receive an input of a weight Wi and to
perform a nonzero convolution operation; a sum circuit 22 configured to sum up each of
values obtained by the nonzero convolution operation and a bias W0; and an activating
function circuit 23 configured to convert a signal Y generated by taking the sum, using
an activating function f(u).

[0020]

The neural network circuit 20 is an artificial neuron (AN) having a primitive
operation in which a multiply-accumulate operation of an input value Xi and a weight Wi
is performed.

Xi: Input signal (input value)

WO: Bias

Wi: Weight

u: Internal state (intermediate value)

10



f(u): Activation function (for example, Sigmoid, ReLU, etc.)
y: Output signal (output value)
[0021]

In the nonzero convolution operation circuit 21, when a weight Wi has a zero
weight, the weight Wi is skipped, and a convolution operation is performed based on a
nonzero weight and an input value Xi corresponding to the nonzero weight.

In the nonzero convolution operation circuit 21, when a tri-state {-multibit, 0,
+multibit} weight Wi has a zero weight, the weight Wi is skipped, and a convolution
operation is performed based on a nonzero weight and an input value Xi corresponding
to the nonzero weight.

In the nonzero convolution operation circuit 21, if a ternary {-1, 0, +1} or a binary
{-1, +1} weight Wi has a zero weight, the weight Wi is skipped, and a convolution
operation is performed based on a nonzero weight and an input value Xi corresponding
to the nonzero weight.

[0022]
<State expression using combination of threshold p and function f(u)>

In the present invention, a neural network in various states can be expressed
using a combination of a weight threshold p and an activating function f(u), wherein p
represents a threshold, and, Wi, a weight. When the weight Wi is £1, such a neural
network is referred to as a ternary neural network. When the weight Wi is £W (in multibit
accuracy), such a neural network is referred to as a tri-state neural network.

(1) If p =0 and h(x) is sign(x) signum function, the neural network circuit 20
constitutes a binary neural network circuit.

[0023]

[Formula 1]

11



(—1 Wha<0
W = < e (1)
k-l-l 0 = Wiig

[0024]

(2) If p#0 and h(x) is sign(x) signum function, the neural network circuit 20
constitutes a ternary neural network circuit.
[0025]

[Formula 2]

f

-1 Whia < p
Wi=< 0 —p=SWia<p e (2)
+1 0= Whid

[0026]

(3) If p#£0 and h(x) is sign(x) signum function, the neural network circuit 20
constitutes a tri-state neural network circuit.
[0027]

[Formula 3]

Whia Whia < p
Wi=< 0 —p=SWia<p e (3)
W hid 0= Whid

wherein, Whid: multibit weight Wi, and p: threshold.

12



[0028]

Especially when a combination of the threshold p and the activating function f(u)
as expressed above by Formula (3) is used, the nonzero convolution operation circuit 21
constitutes a tri-state convolution operation circuit. This makes the neural network circuit
20 constitute a tri-state neural network circuit.

[0029]

When a combination of the threshold p and the activating function f(u) as
expressed above by Formula (2) is used, the nonzero convolution operation circuit 21
constitutes a ternary convolution operation circuit. This makes the neural network circuit
20 constitute a ternary neural network circuit.

The tri-state neural network circuit and the ternary neural network circuit
described above are novel neural networks realized by the present invention.

[0030]
<Comparison between tri-state neural network circuit and ternary neural network circuit>

A ternary neural network circuit is area-saving and high-speed, compared with a
binary {-1, +1} convolution operation circuit.

The ternary neural network circuit is an area-saving and high-speed circuit
because a weight Wi thereof takes a low bit (-1, 0, 1). The ternary neural network circuit
has, however, a limited use due to a low recognition accuracy thereof, compared with
the tri-state neural network circuit.

[0031]

A tri-state neural network circuit has a multibit weight Wi (for example, 8 to 16-bit
Wi and “0”); and thereby has a high recognition accuracy with a wide range of usage
(applications). The tri-state neural network circuit has a recognition accuracy higher than
that of the ternary neural network circuit. The tri-state neural network circuit requires,
however, an area (in particular, an amount of memory) larger than that of the ternary
neural network circuit. Additionally, the tri-state neural network circuit has a processing

speed lower than that of the ternary neural network circuit.
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[0032]

Combinations as follows are available: a combination of a tri-state neural network
circuit and a weighted ternary neural network circuit; and a combination of a tri-state
neural network circuit and a weighted binary neural network circuit.

Though the ternary neural network circuit has a recognition accuracy lower than
that of the tri-state neural network circuit and thus has a limited use, when used together
with the tri-state neural network circuit, a processing speed can be made higher and an
area can be reduced. Combining the tri-state neural network circuit with the ternary (or
binary) neural network circuit makes it possible to achieve an Al circuit with a well-
balanced relation between area and recognition accuracy.

[0033]
<Nonzero convolution operation circuit 21>

FIG. 3 is a diagram illustrating a concept of a convolution operation in the
nonzero convolution operation circuit 21.

The nonzero convolution operation circuit 21 in a convolution network performs a
tri-state {-W (multibit), 0, +W (multibit)} or a ternary {-1, 0, +1} convolution operation.

In detecting an object (dilated convolution), as illustrated in FIG. 3, the neural
network circuit 20 including the nonzero convolution operation circuit 21 performs a
convolution operation of an image data and a weighting function. For example, an image
(each of elements of a matrix corresponds to a single pixel of the image) is inputted into
an input feature map. Values in a kernel (K=3 in this example) are multiplied by values of
a matrix for each element in the inputted image, and the resultant products are summed
up. Such an operation is performed to each of the elements, while a kernel of interest is
shifted from one to another, until a convolution operation is entirely performed.

As illustrated in FIG. 3, the nonzero convolution operation circuit 21 is configured
to skip 0, if the number of “0s” is large in a weighting function (to be described
hereinafter).

[0034]

14



Deep learning has two phases, that is, learning and inference. Learning is
typically performed using image data and voice data and determines an appropriate
weight. Learned data is then converted in a device for inference (herein, bit size
reduction and pruning (made to zero)). This means that a nonzero weight and a position
thereof is known only after learning is terminated. After learning, when inference alone is
performed, a position or a value is not updated. Note that when relearning is necessary,
a position or a value is updated.

[0035]

FIG. 4A and FIG. 4B are each a diagram illustrating a configuration of the
nonzero convolution operation circuit 21. FIG. 4A is a circuit configuration diagram
thereof. FIG. 4B is a diagram illustrating an example of a skip of “0” therein.

As illustrated in FIG. 4A, the nonzero convolution operation circuit 21 includes: a
weight/address memory 213 (which may also be referred to as a first storage part)
configured to store therein a nonzero weight and a relative address of an input value Xi
to which convolution is applied; an adder 214; an address/data memory 215 (which may
also be referred to as a second storage part) configured to store therein an address of
the input value Xi; and an integration circuit 216.

In an operation in which a zero weight is skipped, the nonzero convolution
operation circuit 21: reads a nonzero weight of interest and a relative address
corresponding thereto from the weight/address memory 213; references the
address/data memory 215 using the read relative address and a current address;
thereby retrieves an input value Xi to which a subsequent convolution is applied; and
performs a convolution operation based on the input value Xi retrieved from the
address/data memory 215 and a nonzero weight corresponding thereto (see FIG. 8B).
[0036]

More specifically, the weight/address memory 213 stores therein a nonzero
weight w1, ... and a relative address adr1, ..., for each index idx. The weight/address

memory 213 retrieves a nonzero weight Wi and a relative address adr of an index idx of
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interest in accordance with an inputted counter value. The adder 214: adds the relative
address adr to a base address Xtmp; thereby creates an address; and outputs the
created address to the address/data memory 215. As indicated by arrows in FIG. 4B, the
nonzero convolution operation circuit 21 takes the base address Xtmp as a base point;
and creates an address of each of relative addresses adr1, adr2, based on the base
point.

[0037]

The address/data memory 215 stores therein an address and a data
corresponding thereto such as a data X1, ... The nonzero convolution operation circuit
21 retrieves a data corresponding to the data outputted from the adder 214 (an input
value Xi), from the address/data memory 215.

The integration circuit 216: multiplies the nonzero weight Wi retrieved from the
weight/address memory 213, by the input value Xi retrieved from the address/data
memory 215; and outputs an obtained output value Yi.

[0038]

As described above, the nonzero convolution operation circuit 21: specifies only a
relative address having a nonzero weight, to thereby performs a convolution operation
only where necessary by, for example, performing an operation to one relative address,
and then jumping to another. That is, the nonzero convolution operation circuit 21 skips
an unnecessary operation, only using a relative address having a nonzero weight.

As illustrated in FIG. 3 described above, the nonzero convolution operation circuit
21 multiplies a kernel value (an input value X to which convolution is applied) by a matrix
value (a nonzero weight w) for each element, while skipping “0s”.

Taking advantage of a feature that a weighting function of performing a
convolution operation is sparse (has many zeros), a circuit configuration is structured
such that
a relative address of a zero is displayed and only an element having a nonzero weight is

subjected to an operation processing. This can achieve a high-speed calculation time
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and a reduction in memory area.

In this embodiment, optimization of learning makes a 90% to 95% skip possible.
[0039]

The nonzero convolution operation circuit 21 includes a memory (which may also
be referred to as a third storage part) (not illustrated) configured to store therein a
nonzero weight and an absolute address of an input value Xi to which convolution is
applied. In a computation in which a nonzero weight is skipped, the nonzero convolution
operation circuit 21: specifies an absolute address of interest from the memory; retrieves
a nonzero weight and an input value Xi each corresponding thereto; and performs a
convolution operation based on the retrieved input value Xi and the corresponding
nonzero weight (see FIG. 8A).
[0040]
[Configuration of This Embodiment]
<Tri-state neural network circuit 200>

FIG. 5 is a diagram illustrating a configuration of a tri-state neural network circuit
200 in a neural network according to the embodiment of the present invention. The
same reference numerals are given to the structural elements same as those illustrated
in FIG. 4A.

The tri-state neural network circuit 200 according to this embodiment provides a
technology for implementation on a deep neural network.

The tri-state neural network circuit 200 (which may also be referred to as a neural
network circuit device) can be applied to the neural network circuit 2 illustrated in FIG. 1.

As illustrated in FIG. 5, the tri-state neural network circuit 200 includes: a counter
211 configured to output a counter value; a register 212 configured to output a base
address; a weight/address memory 213; an adder 214; an address/data memory 215; an
integration circuit 216; a register 217; an adder 218; a register 219 configured to output
a bias value; an adder 220; and an activating function circuit 221A.

The adder 216, the register 217, the adder 218, the register 219, the adder 220,
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and the activating function circuit 221A described above are included in a sequential
MAC unit 222.

The counter 211, the register 212 configured to output a base address, the
weight/address memory 213, the adder 214, the address/data memory 215, and the
integration circuit 216 constitute the nonzero convolution operation circuit 21.

[0041]

The tri-state neural network circuit 200 has a three-state (tri-state) {-w, 0, +w}
convolution operation circuit (the nonzero convolution operation circuit 21).

The activating function circuit 221 uses Leaky ReLU signum function.

An indirect memory access (see a portion encircled by dashed line of FIG. 5) is
used in part of the weight/address memory 213 and the adder 214 (to be described later
with reference to FIG. 11).

[0042]

The nonzero convolution operation circuit 21 in the tri-state neural network circuit
200 makes it possible to speed up a calculation time and reduce memory area. In the
conventional technology, on-chip arrangement has been extremely difficult. This
embodiment provides the nonzero convolution operation circuit 21, thus allowing an on-
chip arrangement to be implemented by drastically reduce an absolute number of
multiply-accumulate operations in a convolution operation.

[0043]
<Ternary neural network circuit 200A>

FIG. 6 is a diagram illustrating a configuration of the ternary neural network circuit
200A in a neural network according to the embodiment of the present invention. The
same reference numerals are given to the structural elements same as those illustrated
in FIG. 4.

Similarly to the tri-state neural network circuit 200, the ternary neural network
circuit 200A according to this embodiment provides a technology for implementation on

a deep neural network. The ternary neural network circuit 200A can be suitably used
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together with the tri-state neural network circuit 200.

The ternary neural network circuit 200A (which may also be referred to as a
neural network circuit device) can be applied to the neural network circuit 2 illustrated in
FIG. 1.

[0044]

As illustrated in FIG. 6, the ternary neural network circuit 200A includes: the
counter 211 configured to output a counter value; the register 212 configured to output a
base address; the weight/address memory 213; the adder 214; the address/data
memory 215; a plurality of XNOR gate circuits 216A configured to take a XNOR
(Exclusive NOR) logic; the register 217; the adder 218; the register 219 configured to
output a bias value; the adder 220; and the activating function circuit 221A.

The XNOR gate circuit 216A; the register 217; the adder 218; the register 219;
the adder 220; and the activating function circuit 221A described above are included in a
sequential MAC unit 222A.

The counter 211, the register 212 configured to output a base address, the
weight/address memory 213, the adder 214, the address/data memory 215, and the
XNOR gate circuit 216A constitutes the nonzero convolution operation circuit 21A.
[0045]

The ternary neural network circuit 200A includes a ternary {-1, 0, +1} convolution
operation circuit (the nonzero convolution operation circuit 21A).

The ternary neural network circuit 200A includes, instead of the integration circuit
216 (see FIG. 5), the XNOR gate circuit 216A configured to realize a XNOR logic. This
makes it possible to reduce an area which is otherwise required to construct the
integration circuit 216. Also, because a weight Wi is ternary {-1, 0, +1}, an amount of
memory can be significantly reduced and a memory bandwidth can be improved,
compared with being tri-state which is multivalued.

The activating function circuit 221A use a signum function Sign(x).

An indirect memory access (see a portion encircled by dashed line of FIG. 6) is
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introduced in a part of the weight/address memory 213 and the adder 214 (to be
described later with reference to FIG. 11). Introduction of the indirect memory access
allows “0” skipping to be achieved.

[0046]

<Indirect memory access>

Next is described an indirect memory access.

FIG. 7A to FIG. 7C are each a diagram for explaining an indirect memory access
according to the embodiment. FIG. 7A is a diagram illustrating an example of a nonzero
weight and a relative address stored in the weight/address memory 213. FIG. 7B is a
diagram illustrating a nonzero weight w with 0s being skipped. FIG. 7C is a diagram
illustrating a readout of an input value X to which convolution is applied.

As illustrated in FIG. 7A, the weight/address memory 213 stores therein, for each
of IDs, a nonzero weight W (w1, ...) and an index L for specifying a corresponding
relative address (adr1, ...).

The index L specifies an input feature map (an inputted image), a row, and a
column.

The indirect memory access illustrated in FIGS. 7A to 7C, the following 1. and 2.
are performed.

1. Read a weight of interest and a relative address corresponding thereto; and

2. Retrieve an input value Xi to which convolution is applied, based on the relative
address and a current address.

[0047]
<Expression of indirect address>

Next is described how to express an indirect address.

FIG. 8A and FIG. 8B are each a diagram illustrating how to express an indirect
address. FIG. 8A is a diagram illustrating an absolute addressing method. FIG. 8B is a
diagram illustrating a relative addressing method.

As illustrated in FIG. 8A, in the absolute addressing method, an absolute address

20



is specified using {page, Y, X}. In this example, an original absolute address (0, 0)
illustrated in FIG. 8A is used as a base point, based on which an address expressed by
{page, Y, X} is specified. For example, as indicated by an arrow in FIG. 8A, taking the
original absolute address (0, 0) as a base point, {+0, +2, +0} is specified to thereby
obtain a value of an absolute address (2, 0) (see a shaded portion in FIG. 8A). Similarly
to the described above, as indicated by another arrow in FIG. 8A, taking the absolute
address (0, 0) as the base point, {+1, +2, +1} is specified to thereby obtain a value of an
absolute address (2, 1) of an image data on the next page (see another shaded portion
in FIG. 8A).

[0048]

In the absolute addressing method, even when a memory value is garbled during
an operation, a calculation can be correctly performed. Note that, however, an absolute
address is lengthy in the absolute addressing method, and an increased amount of
memory is thus necessary, compared with the relative address method.

[0049]

As illustrated in FIG. 8B, in the relative addressing method, a next address is
specified by a relative value. For example, as indicated by an arrow in FIG. 8B: an
original address (a base address) (0, 0) is taken as a base point; and +2 is specified to
thereby obtain a value of a next address (1, 3) (see a shaded portion in FIG. 8B). Then,
+5 is specified to thereby obtain a value of a next address (3, 2); and +5 is further
specified to thereby obtain a value (2, 1) of an image on the next page.

[0050]

In the relative addressing method, a relative value is simply stored therein, which
can reduce an amount of memory, compared with the absolute addressing method. In
the relative addressing method, however, when a memory value is garbled during an
operation for some reason, calculation cannot be correctly performed.

[0051]

In this embodiment, in an attempt to reduce an amount of memory, a relative
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addressing method is used in a zero-skipping operation. In the nonzero convolution
operation circuit 21 illustrated in FIG. 4, using the relative addressing method; a relative
address adr is retrieved from the weight/address memory 213; Xtmp’s are sequentially
added up in the adder 214; and a subsequent address is specified.

[0052]

<Application to convolutional neural network>

Next is described an application to a convolutional neural network.

FIG. 9 is a diagram for explaining an application to a convolutional neural
network. FIG. 10 is a diagram for explaining advantageous effects of a zero-skipping
operation.  As illustrated in FIG. 9, a convolutional neural network includes: an input
feature map; a kernel (sparse); and an output feature map.

The tri-state neural network circuit 200 (see FIG. 5) is applied to the convolutional
neural network.

The tri-state neural network circuit 200 includes, as described above, the nonzero
convolution operation circuit 21 configured to perform a zero-skipping operation.

[0053]

Introducing a zero-skipping operation makes it possible to skip operations
encircled by dashed lines in FIG. 10. This can drastically reduce an absolute number of
multiply-accumulate operations in a convolution operation, thus allowing a reduction in
an amount of memory and a high-speed calculation time.

[0054]

The ternary neural network circuit 200A (see FIG. 6) may be applied to the
convolutional neural network illustrated in FIG. 9. In this case, the ternary neural network
circuit 200A uses a ternary {-1, 0, +1}, thus allowing a significant reduction in an amount
of memory, compared with the tri-state neural network circuit 200 which is multivalued.
[0055]
<Zero-skipping operation; indirect memory access>

Next is described a zero-skipping operation, that is, an indirect memory access.
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FIG. 11 is a diagram for explaining a zero-skipping operation; an indirect memory
access. Description herein is made assuming an example in which the indirect memory
access illustrated in FIGS. 7A to 7C and FIG. 8A is applied to the convolutional neural
network illustrated in FIG. 9.

As described above, 0s are skipped in an attempt to reduce an amount of
memory and speed up a processing.

In this embodiment, an indirect memory access with two memory accesses using
relative addresses. More specifically, the following is performed as illustrated in FIG. 11.

1. The first memory access reads a relative value as indicated by a solid arrow in
FIG. 11.

2. Calculate an input address having a nonzero weight, based on a base address
and the relative value.

3. The second memory access reads an input value, based on the calculated
address.

4. Perform an addition (a neural network operation) as indicated by a dashed
arrow in FIG. 11.

[0056]
<How an amount of memory can be reduced>

Next is described how an amount of memory can be reduced.

FIG. 12A and FIG. 12B are each a diagram for explaining an example in which an
amount of memory is reduced by reducing a bit accuracy. FIG. 12A is a diagram
illustrating a configuration of the neural network circuit 20 (see FIG. 2). FIG. 12B is a
diagram for explaining how an amount of memory can be reduced.

The nonzero convolution operation circuit 21 in the neural network circuit 20
illustrated in FIG. 12A reduces the number of bits, for example, from a 32-bit accuracy to
a 1-bit accuracy {-1, +1}.

This makes it possible to reduce an amount of memory as illustrated in FIG. 12B.

[0057]
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FIG. 13A and FIG. 13B are each a diagram for explaining an example in which a
zero-skipping operation reduces an amount of memory. FIG. 13A is a diagram
illustrating a configuration of the neural network circuit 20 (see FIG. 2). FIG. 13Bis a
diagram for explaining how an amount of memory can be reduced.

As indicated by “x” in FIG. 13A, the nonzero convolution operation circuit 21 of
the neural network circuit 20 skips over zeros (herein, skips over a multiplication of a
weight w2). That is, zeros are skipped because the zero property of multiplication is
known. This makes it possible to reduce an amount of memory and speed up a
processing.

[0058]

The neural network circuit 20 described above is the tri-state neural network
circuit 200 (see FIG. 5) in which a tri-state (0, £multibit) convolution operation is
performed. The tri-state neural network circuit 200 performs a low bit operation (the
reduction in an amount of memory illustrated in FIG. 12) together with a zero-skipping
operation (another reduction in an amount of memory illustrated in FIG. 13), thus
allowing an amount of memory to be further reduced.

[0059]
[How deep neural network learns according to this embodiment]

Next is described how a deep neural network learns, comparing Comparative
Example with the tri-state neural network circuit 200 according to this embodiment.
<Comparative Example>

FIG. 14 is a diagram for explaining how a deep neural network learns according
to Comparative Example.

As illustrated in an upper section of FIG. 14, the deep neural network according to
Comparative Example propagates training data (images in many cases) forward in a
neural network, using the error back propagation algorithm; and obtains an output from
the neural network such as “a cat: 88%, a dog: 10%, and a car: 5%".

[0060]
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As illustrated in a lower section of FIG. 14, the deep neural network according to
Comparative Example: allows an input of a supervised data such as “the cat: 100%, the
dog: 0%, and the car: 0%; and calculates an error compared with the output in the
forward propagation. An error compared with the supervised data is inputted into an
output layer of the deep neural network and is propagated backward in the neural
network, while the weight Wi is updated.

The forward and backward propagations and the update of the weight Wi are
repeated a number of times, which makes the deep neural network learn.

After the learning, the weight Wi retained as it is without being subjected to
rounding is made to “0”, to thereby create a neural network having sparse weights.
[0061]
<This Embodiment>

FIG. 15 and FIG. 16 are each a diagram for explaining how a tri-state neural
network learns according to the embodiment. For example, the tri-state neural network
circuit 200 illustrated in FIG. 5 is used as the tri-state neural network.

When the tri-state neural network circuit 200 repeats such learning in which: an
error between an output obtained by forward propagation in a neural network and a
training data, is calculated; the calculated error propagate backward therein; and a
weight Wi is thereby updated, then, the weight Wi is not subjected to rounding at least in
an intermediate layer, until the learning is terminated.

As illustrated in an upper section of FIG. 15, training data (images in many cases)
is subjected to a tri-stated forward propagation. The weight Wi is maintained as it is in
the tri-state neural network. An output of “a cat: 88%, a dog: 10%, and a car: 5%” is
obtained from the tri-state neural network.

[0062]

As illustrated in a lower section of FIG. 15, in the tri-state neural network, a

supervised data of “the cat: 100%, the dog: 0%, and the car: 0%” is inputted, and an

error compared with the output after the forward propagation is calculated. An error
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compared with the supervised data is inputted into a node in an output layer of the tri-
state neural network; and is backward propagated in the tri-state neural network; and the
weight Wi is updated. The weight Wi continues to have a multibit value.

The forward and backward propagations and the update of the weight Wi are
repeated a number of times, which makes the deep neural network learn.
[0063]

When the tri-state neural network circuit 200 repeats such learning in which: an
error between an output obtained by forward propagation in the neural network and a
training data is calculated; the calculated error propagate backward therein; and a
weight Wi is thereby updated, then, after the learning, the weight Wi maintained as it is
without being subjected to rounding is made to “0”, to thereby create a neural network
having sparse weights.

As illustrated in an upper section of FIG. 16, after the learning, the weight Wi is
made to be “0” using a threshold.

As indicated by arrows in a lower section of FIG. 16, a deep neural network
having sparse weights is created.
[0064]
[Recognition accuracy in this embodiment]

Next is described how a recognition accuracy can be improved in a tri-state
neural network according to this embodiment.

FIG. 17 is a diagram for explaining how a recognition accuracy is improved in a
tri-state neural network.

Evaluation was made using VGG11. Images used herein conformed to Pascal
VOC2007.

A neural network used herein performed processings illustrated in left columns of
FIG. 17, namely, Integer Conv2D, Binary Conv2D, Max Pooling, Binary Conv2Dx3, Max
Pooling, Binary Conv2Dx3, Average Pooling, and Fully Connect.

[0065]
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When, except for Integer Conv2D, all of Binary Conv2D, Max Pooling, Binary
Conv2Dx3, Max Pooling, Binary Conv2Dx3, Average Pooling, and Fully Connect were
binarized {-1, +1}, a recognition accuracy was 86.9%.

[0066]

When Binary Conv2D, Max Pooling, Binary Conv2Dx3, Max Pooling, and Binary
Conv2Dx3 were binarized {-1, +1} and Average Pooling and Fully Connect were tri-
stated {-w, 0, +w}, a recognition accuracy was 93.47%.

[0067]

When Binary Conv2D, Max Pooling, Binary Conv2Dx3, Max Pooling, and Binary
Conv2Dx2 were binarized {-1, +1} and Binary Conv2D, Average Pooling, and Fully
Connect were tri-stated {-w, 0, +w}, a recognition accuracy was 97.29%.

[0068]
[Verification of object detection]

Next is described a combination of a tri-state neural network circuit and a ternary
neural network circuit according to this embodiment.

FIG. 18 is a diagram for explaining a verification example of an object detection,
using a combination of a tri-state neural network circuit and a ternary neural network
circuit.

In the example, an object detection neural network YOLOV2 is implemented by a
tri-state neural network.

As illustrated in FIG. 18, the ternary neural network circuit 200A at a former stage
is combined via a memory with the tri-state neural network circuit 200 at a latter stage.

The ternary neural network circuit 200A at the former stage was implemented by
TernaryCNN (feature extraction) as a neural network. The tri-state neural network circuit
200 at the latter stage was implemented by Half PrecisionCNN (localization,
classification). The tri-state neural network circuit 200 used 16-bit half precision floating-
point.

[0069]
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When the object detection neural network YOLOv2 was implemented by the tri-
state neural network, the following was obtained.

(1) Even when tri-stated, the recognition accuracy was almost the same.

(2) About 92% of the weights Wi was successfully skipped (made to be “0”).

(3) About 92% of an amount of memory was reduced. As a result, a recognition
speed of 36.50 FPS (Frames Per Second) was achieved.

[0070]
[Comparative Example using other device]

Next is described a comparison between a tri-state neural network circuit
according to this embodiment and the object recognition algorithm YOLOv2.

FIG. 19 is a diagram for explaining a comparison between a tri-state neural
network circuit according to the embodiment of the present invention and the object
recognition algorithm YOLOv2.

The tri-state neural network circuit according to the embodiment was compared
with the object recognition algorithm YOLOv2.

mCPU (ARM Cortex A57) and mGPU (NVidia Pascal GPU): Jetson TX2 board
were used. Zynq Ultrascale+ MPSoC zcu102 board was used as FPGA.

Compared with ARM Cortex-A57, the tri-state neural network circuit of the
present invention was 158.7 times faster, 1.1 times less in power consumption, and
182.80 times more efficient in power performance.

Compared with NVidia Pascal embedded GPU, the tri-state neural network circuit
of the present invention was 24.6 times faster, 2.0 times less in power consumption, and
49.38 times more efficient in power performance.

[0071]
[Example of Implementation]

FIG. 20 is a diagram for explaining an example of implementing a tri-state neural
network circuit according to the embodiment of the present invention.

<STEP1>
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A given dataset (ImageNet which is data for image recognition tasks) is trained on
a computer 201 having a GPU (Graphics Processing Unit), using Chainer (registered
trademark) which is existing framework software for deep neural network. Learning is
conducted in the GPU. The computer 201 includes: a CPU (Central Processing Unit)
such as an ARM processor; a memory; a storage unit (a storage part) such as a hard
disk; and an 1/O port including a network interface. The CPU of the computer 201
executes a program loaded in the memory (an execution program of a binarized neural
network), to thereby make a control part (a control unit) composed of processing units to
be described later operate.
[0072]
<STEP2>

A C++ code equivalent to the tri-state neural network circuit 200 according to this
embodiment is automatically generated by using an auto-generation tool, to thereby
obtain a C++ code 202.
[0073]
<STEP3>

HDL (hardware description language) 203 is created for synthesizing a FPGA
(field-programmable gate array), using a high level synthesis tool by a FPGA vendor
(SDSoC manufactured by Xilinx, Inc.) (registered trademark). For example, in the high
level synthesis tool (SDSoC developed by Xilinx Inc.), a logic circuit desired to be
implemented is described using a hardware description language (Verilog HDL/VHDL),
which is then synthesized into a bitstream using a CAD tool provided. The bitstream is
transmitted to the FPGA, to thereby implement the desired circuit in the FPGA.
[0074]
<STEP4>

The tri-state neural network circuit 200 is then implemented in the FPGA (FPGA
synthesis 204), and image recognition is verified using a conventional FPGA synthesis

tool, Vivado (registered trademark).
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[0075]
<STEP5>

After verification, a board 205 is completed. The tri-state neural network circuit
200 is converted into hardware and is implemented on the board 205.

[0076]

As described above, the tri-state neural network circuit 200 (see FIG. 5)
according to this embodiment includes, in an intermediate layer: an input value Xi to
which convolution is applied; the nonzero convolution operation circuit 21 configured to
receive an input of a weight Wi and to perform a nonzero convolution operation; the sum
circuit 22 (see FIG. 2) configured to sum up each of values obtained by the nonzero
convolution operation and a bias WO0; and the activating function circuit 23 configured to
convert a signal Y generated by taking the sum, using an activating function f(u). The
nonzero convolution operation circuit 21: skips a weight Wi having a zero weight; and
performs a convolution operation based on a nonzero weight and an input value Xi
corresponding to the nonzero weight.

[0077]

The above-described configuration makes it possible to drastically reduce an
absolute number of multiply-accumulate operations in performing a convolution
operation, thus allowing a reduction in an amount of memory and a high-speed
calculation time. A working example results in a 95% reduction (down to one twentieth)
of a computation time in performing a convolution operation.

Only by making use of such a high-speed calculation time and a reduction in a
memory area, a neural network is achieved which can reduce an amount of memory and
can be on-chip packaged.

The tri-state neural network circuit 200 having a multibit weight W (for example, 8
to 16-bit tw and “0”) takes advantage of a high recognition accuracy and a wide range
of usage (application), to thereby drastically reduce an amount of memory and to

achieve an on-chip implementation. An on-chip structure (near-memory) has
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advantageous effects of a high bandwidth (about 100 times faster than off-chip) and a
low power consumption (about 33 times lower than off-chip).
[0078]

When the tri-state neural network circuit 200 learns by repeatedly calculating an
error between an output obtained by forward propagation in a neural network and a
training data, subjecting the calculated error to backward propagation therein, and
updating a weight Wi, then, after the learning, the tri-state neural network circuit 200
makes the weight Wi which has been retained without being subjected to rounding, into
“0” using a threshold, to thereby create a neural network having sparse weights.

[0079]

A CNN in a deep neural network herein is designed to have a circuit configuration
in which: by utilizing a feature that a weighting function for performing a convolution
operation is sparse (has a number of zeros), the weighting function is represented by a
relative address therein; and only a nonzero weight part is subjected to computation.
This can drastically reduce an amount of calculation in a tri-state (0, +multibit) neural
network.

Application of the present invention makes it possible to achieve a general object
recognition, semantic segmentation, self-location estimation, or the like which deal with
a multibit analogue quantity, on a real-time basis.

[0080]

The ternary neural network circuit 200A (see FIG. 6) makes it possible to, owing
to ternarization thereof, achieve an about 95% reduction (a weight made to “0”) and a
speed-up of about 3 to about 4 times, while improving a recognition accuracy by about 1
to about 2%, compared with a binarized neural network.

[0081]

Note that Patent Document 2 discloses a technology in which a coefficient of zero

is removed, while a nonzero coefficient is multibit (typically, 32-bit floating point

precision). In the present invention, meanwhile, as illustrated in FIG. 12, a coefficient is
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made to zero, and, at the same time, a bit size is reduced (to 1 bit), thus allowing an
amount of memory to be significantly reduced. Also, unlike the present invention, Patent
Document 2 fails to have such a technical idea that, when a neural network learns by
repeatedly updating a weight Wi through backward propagation, then, after the learning,
the weight Wi which has been retained without being subjected to rounding is made to
“0” using a threshold, to thereby create a neural network having sparse weights.

[0082]

The present invention is not limited to the above-described embodiment and
includes other variations and modifications as long as those do not depart from the gist
of the present invention described in claims.

[0083]

The above-detailed embodiments are intended to be illustrative of the present
invention in an easily understandable manner and the present invention is not limited to
that includes all of the components explained in the embodiments. Part of a
configuration of an embodiment can be substituted by or added to that of another
embodiment. An exemplary embodiment can be carried out in other various
embodiments, and various omissions, substitutions, and changes are possible within a
scope not departing from the gist of the present invention. Those embodiments and
variations are included in claims or an abstract and are also included in the inventions
described in claims as well as within a range equivalent to those claims.

[0084]

Among each of the processings explained in the embodiment, all or part of the
processing explained as being performed automatically can be performed manually
instead. Or, all or part of the processing explained as being performed manually can be
performed automatically by a known method. Information including a processing
procedure, a control procedure, a specific name, and various types of data and
parameters illustrated in the specification or in the drawings can be optionally changed,

unless otherwise specified.
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The constituent elements of the devices illustrated in the drawings are functionally
conceptual and are not necessarily structured as physically illustrated. That is, a specific
configuration of distribution and integration of the devices is not limited to those as
illustrated, and all or part thereof can be structured by functionally or physically
distributing or integrating in any appropriate unit, depending on various types of load and
status of usage.

[0085]

Part or all of a configuration, a function, a processing part, a processing unit, or
the like described above can be realized by hardware by means of, for example,
designing using an integrated circuit. The aforementioned configuration, function, or the
like can be embodied by software in which a processor interprets and executes a
program which realizes the function. Information such as a program, a table, a file, and
the like for realizing such a function can be stored in a storage device including a
memory, a hard disk, and a SSD (Solid State Drive) or in a storage medium including an
IC (Integrated Circuit) card, a SD (Secure Digital) card, and an optical disc.

In the above-described embodiments, the device is named as a neural network
circuit device. The name is, however, used for purpose of illustration and may be a deep
neural network circuit, a neural network device, a perceptron, or the like. In the above-
described embodiments, the method and the program are named as the neural network
processing method. The name may be instead a neural network computing method, a
neural net program, or the like.

DESCRIPTION OF REFERENCE NUMERALS
[0086]

1 deep neural network

2,20 neural network circuit

11 input layer

12 hidden layer (intermediate layer)

13 output layer
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21, 21A nonzero convolution operation circuit (convolution operation circuit)
22 sum circuit

23, 221, 221A activating function circuit

200 tri-state neural network circuit (neural network circuit device)
200A ternary neural network circuit (neural network circuit device)
211 counter

212,217,219 register

213 weight/address memory (first storage part)

214,222 adder

215 address/data memory (second storage part)

216 integration circuit

216A XNOR gate circuit

222, 222A  sequential MAC unit

Xi input value

Wi weight
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CLAIMS

1. A neural network circuit device including at least an input layer, one or more
intermediate layers, and an output layer, the neural network circuit device comprising, in
the one or more intermediate layers:

an input value Xi to which convolution is applied;

a convolution operation circuit configured to receive a weight Wi and to perform a
convolution operation thereof;

a sum circuit configured to take a sum of operation values each subjected to the
convolution operation and a bias W0; and

an activating function circuit configured to convert a signal Y generated by taking
the sum, using an activating function f(u),

wherein the convolution operation circuit is configured to skip a weight Wi having
a zero weight and to perform a convolution operation based on a nonzero weight and an

input value Xi corresponding thereto.

2. A neural network circuit device including at least an input layer, one or more
intermediate layers, and an output layer, the one or more intermediate layer including a
first intermediate layer and a second intermediate layer, the neural network circuit device
comprising, in each of the first intermediate layer and the second intermediate layer:

a convolution operation circuit configured to receive a weight Wi and perform a
convolution operation thereof;

a sum circuit configured to take a sum of operation values each subjected to the
convolution operation and a bias W0; and

an activating function circuit configured to convert a signal Y generated by taking
the sum, using an activating function f(u),

wherein, in the convolution operation circuit in the first intermediate layer, a tri-

state {-multibit, 0, +multibit} weight Wi skips a zero weight, and a convolution operation
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is performed based on a nonzero weight and an input value Xi corresponding thereto,
and

wherein, in the convolution operation circuit in the second intermediate layer, a
ternary {-1, 0, +1} or a binary {-1, +1} weight Wi skips a zero weight, and a convolution
operation is performed based on a nonzero weight and an input value Xi corresponding

to the nonzero weight.

3. The neural network circuit device according to claim 1,
wherein the convolution operation circuit is configured to perform a convolution

operation of a tri-state {-W (multibit), 0, +W (multibit} weight Wi and an input value Xi.

4, The neural network circuit device according to claim 1,
wherein the weight Wi in the convolution operation circuit is expressed by

Formula as follows:

Whia Whia < p
Wi=< 0 —p=Wg<p ++(3)
W hia 0= Whid

wherein, Whid: multibit weight Wi, and p: threshold.

5. The neural network circuit device according to claim 1,
wherein the convolution operation circuit is configured to perform a convolution

operation of a ternary {-1, 0, +1} weight Wi and an input value Xi.

6. The neural network circuit device according to claim 1,

wherein the convolution operation circuit is configured to perform a convolution
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operation a binary {-1, +1} weight Wi and an input value Xi.

7. The neural network circuit device according to claim 1 or claim 2,
wherein the convolution operation circuit includes: a first storage part that stores
therein a nonzero weight and a relative address of an input value X to which convolution
is applied; and a second storage part that stores therein an address of the input value
Xi, and
wherein the convolution operation circuit is configured to, in performing an
operation in which a zero weight is skipped,
retrieve a nonzero weight and a relative address corresponding thereto,
from the first storage part,
reference the second storage part and retrieve therefrom a subsequent
input value X to which convolution is applied, using the retrieved relative address and a
current address, and
perform a convolution operation based on the input value Xi retrieved from

the second storage part and a nonzero weight corresponding thereto.

8. The neural network circuit device according to claim 1 or claim 2,
wherein the convolution operation circuit includes a third storage part that stores
therein a nonzero weight and an absolute address of an input value X to which
convolution is applied, and
wherein the convolution operation circuit is configured to, in performing an
operation in which a zero weight is skipped,
specify an absolute address of interest in the third storage part and retrieve
a nonzero weight and an input value Xi each corresponding thereto, and
perform a convolution operation based on the retrieved input value Xi and

the nonzero weight corresponding thereto.
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9. The neural network circuit device according to claim 1 or claim 2,

wherein, when learning is repeated in which: an error between an output obtained
by forward propagation in a neural network and a training data is calculated; and the
calculated error is subjected to backward propagation therein, based on which the
weight Wi is updated, then, the weight Wi is not subjected to rounding at least in the

intermediate layer, until the learning is terminated.

10.  The neural network circuit device according to claim 1 or claim 2,

wherein, when learning is repeated in which: an error between an output obtained
by forward propagation in a neural network and a training data is calculated; and the
calculated error is subjected to backward propagation therein, based on which the
weight Wi is updated, then, after the learning is terminated, the weight Wi having been
maintained without being subjected to rounding is made to zero, to thereby create a

neural network having sparse weights.

11. A neural network processing method of a neural network circuit device including
at least an input layer, one or more intermediate layers, and an output layer, the neural
network circuit method comprising, in the one or more intermediate layers:

a convolution operation step of receiving an input value X to which convolution is
applied, and a weight Wi, and performing a convolution operation thereof;

a step of taking a sum of operation values each subjected to the convolution
operation and a bias W0; and

a step of converting a signal Y generated by taking the sum, using an activating
function f(u),

wherein, in the convolution operation step, a weight Wi having a zero weight is
skipped, and a convolution operation is performed based on a nonzero weight and an

input value Xi corresponding thereto.
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12.  The neural network processing method according to claim 11,

wherein, when learning is repeated in which: an error between an output obtained
by forward propagation in a neural network and a training data is calculated; and the
calculated error is subjected to backward propagation therein, based on which the
weight Wi is updated, then, the weight Wi is not subjected to rounding at least in the

intermediate layer, until the learning is terminated.

13.  The neural network processing method according to claim 11,

wherein, when learning is repeated in which: an error between an output obtained
by forward propagating in a neural network and a training data is calculated; and the
calculated error is subjected to backward propagation therein, based on which the
weight Wi is updated, then, after the learning is terminated, the weight Wi having been
maintained without being subjected to rounding is made to zero, to thereby create a

neural network having sparse weights.

14. A neural network execution program causing a computer to serve as a neural
network circuit device, the neural network circuit device including at least an input layer,
one or more intermediate layers, and an output layer, the neural network execution
program realizing functions, in the intermediate layer, of:

a convolution operation circuit part configured to receive an input value X to which
convolution is applied, and a weight Wi, and to perform a convolution operation thereof;

a sum circuit part configured to take a sum of operation values each subjected to
the convolution operation and a bias W0; and

an activating function circuit part configured to convert a signal Y generated by
taking the sum, using an activating function f(u),

wherein the convolution operation circuit part is configured to skip a weight Wi
having a zero weight and to perform a convolution operation based on a nonzero weight

and an input value Xi corresponding thereto.
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