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(57) ABSTRACT

A convolutional neural network comprises a plurality of

artificial neurons arranged in one or more convolution

layers, each convolution layer comprising one or more

output matrices, each output matrix comprising a set of

output neurons, each output matrix being connected to an

input matrix, comprising a set of input neurons, by artificial

synapses associated with a convolution matrix. The convo-

lution matrix comprises the weight coefficients associated

with the output neurons of the output matrix, the output

value of each output neuron being determined from the input

neurons of the input matrix to which the output neuron is

connected and the weight coefficients of the convolution

matrix associated with the output matrix. Each synapse

consists of a set of memristive devices comprising at least

one memristive device, each set of memristive devices

storing a weight coefficient of the convolution matrix. In

response to a change of the output value of an input neuron

of an input matrix, the neural network is capable of dynami-

cally associating each set of memristive devices storing a

coefficient of the convolution matrix with an output neuron

connected to the input neuron. The neural network further

comprises an accumulator for each output neuron, the accu-

mulator being configured to accumulate the values of the

weight coefficients stored in the sets of memristive devices

dynamically associated with the output neuron, the output

value of the output neuron being determined from the value

accumulated in the accumulator.
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CONVOLUTIONAL NEURAL NETWORK

TECHNICAL FIELD

[0001] The invention relates generally to artificial neural

networks and in particular to the implementation of convo-

lutional neural networks in the form of electronic circuits

from memristive devices.

PRIOR ART

[0002] Artificial neural networks are schematically

inspired by the biological neural networks whose operation

they mimic. The artificial neural networks are composed

essentially of neurons interconnected together by synapses,

which are conventionally implemented by digital memories,

but which can also be implemented by resistive components

whose conductance varies as a function of the voltage

applied to their terminals. The artificial neural networks are

used in various signal processing fields (visual, sound, or the

like) such as, for example, in the field of image classification

or recognition.

[0003] The convolutional neural networks correspond to a

particular mode of artificial neural network. The convolu-

tional neural networks were described for the first time in the

article by K. Fukushima, “Neocognitron: A self-organizing

neural network model for a mechanism of pattern recogni-

tion unaffected by shift in position. Biological Cybernetics,

36(4):193-202, 1980. ISSN 0340-1200. doi: 10.1007/

BF00344251”.

[0004] Many developments relating to the neural networks

have been proposed, such as, for example, in the articles:

[0005] Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner,

“Gradient-based learning applied to document recogni-

tion. Proceedings of the IEEE, 86(11):2278-2324, 1998.

ISSN 0018-9219. doi: 10.1109/5.726791.”, and

[0006] P. Simard, D. Steinkraus, and J. C. Platt, “Best

practices for convolutional neural networks applied to

visual document analysis. Document Analysis and Rec-

ognition, 2003. Proceedings. Seventh International Con-

ference on, pages 958-963, 2003. doi: 10.1109/AICDAR.

2003. 1227801”.

[0007] The convolutional neural networks (or “deep (con-

volutional) neural networks”, or even “ConvNets”) are feed

forward neural networks, inspired by biological visual sys-

tems. When applied to image recognition, these networks

allow for a learning of the intermediate representations of

objects in the images which are smaller and which can be

generalized for similar objects, which facilitates the recog-

nition thereof. Such a network can be made up of several

convolution layers, including or not including pooling layers

and which are generally followed by a multilayer percep-

tron-type classifier, the output of one layer being connected

to the input of the next.

[0008] In aconvolution layer, each neuron is connected to

a sub-matrix of the input matrix. The sub-matrices have the

same size. They are offset from one another regularly and

can overlap. The input matrix can be of any dimension.

However, the input matrix is generally of 2D dimension

when the data to be processed are visual data, the two

dimensions then corresponding to the spatial dimensions X

and Y of an image.

[0009] The neurons are connected to their input sub-

matrix/by synapses whose weight can be set. The matrix K

of the synaptic weights applied to input sub-matrices of the
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neurons is the same for all the neurons of one and the same

output map (or “feature map”). Such a matrix K is also

called “convolution kernel”. The fact that the convolution

kernel is shared for all the neurons of one and the same

output map O, and therefore applied to all of the input

matrix, reduces the memory needed for the storage of the

coefficients, which optimizes the performance levels. For

example, for image recognition, that makes it possible to

minimize the number of filters or of intermediate represen-

tations which best code the features of the image and which

can be reused over all the image. The coefficients of a

convolution kernel K (that is to say the synaptic weights) can

correspond to conventional signal processing filters (Gauss-

ien, Gabor, Laplace, etc.), or be determined by learning,

supervised or unsupervised, for example by using the gra-

dient backpropagation algorithm used in the neural networks

of multilayer perceptron type. The coefficients of the con-

volution kernels can be positive or negative, and are gen-

erally normalized between -1 and 1, just like the input and

output values of the neurons.

[0010] A neuron initially produces the weighted sum h of

the coefficients of its input sub-matrix by the convolution

kernel (in other words, the scalar product between the input

sub-matrix I and the matrix K), by applying the aggregation

function g=<I,W>. The output of the neuron corresponds to

the value of the activation function g of the neuron applied

to this sum: g(h). Conventionally, g can take the form of a

sigmoid function, typically the hyperbolic tangent function.

[0011] A convolution layer can contain one or more con-

volution kernels, which each have an input matrix, which

can be the same, but which have different coefficients

corresponding to different filters.

[0012] Each convolution kernel in a layer produces a

different output map such that the output neurons are dif-

ferent for each kernel. The convolutional networks can also

include local or global “pooling” layers which combine the

neuron group outputs of one or more output maps. The

combination of the outputs can consist, for example, in

taking the maximum or average value of the outputs of the

group of neurons, for the corresponding output, on the

output map of the “pooling” layer. The “pooling” layers

make it possible to reduce the size of the output maps from

one layer to the other in the network, while improving the

performance levels thereof by making it more tolerant to

small deformations or translations in the input data.

[0013] The convolutional networks can also include fully

connected layers of perceptron type.

[0014] FIG. 1 represents an example of a simple convo-

lutional network, with an input layer “env” corresponding to

the input matrix, two convolution layers, “convl” and

“conv2”, and two fully connected layers “fel” and “fe2”. In

this example, the size of the convolution kernels is 5x5

pixels and they are offset from one another by 2 pixels (i.e.

an offset or “stride” of 2):

[0015] “conv1” has one input matrix “env” and 6 different

convolution kernels producing 6 output maps;

[0016] “conv2” has 12 different convolution kernels and

therefore 12 output maps, and each output map takes as

input the set of the 6 output maps of the preceding layer.

[0017] There are solutions consisting in implementing the

neural networks on graphics processor GPU to significantly

improve the performance levels thereof, like the solution

described in the article by D. C. Ciresan, U. Meier, J. Masci,

L. M. Gambardella, and J. Schmidhuber, “Flexible, high
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performance convolutional neural networks for image clas-

sification. Proceedings of the Twenty-Second International

Joint Conference on Artificial Intelligence—Volume

Two>>, IJCAT' 11, pages 1237-1242, 2011. ISBN 978-1-

57735-514-4. doi: 10.5591/978-1-57735-516-8/IJCAI11-

210.

[0018] An important feature of the neural networks is their

scaling. In effect, the neural networks remain effective

regardless of the size of the image base to be learned, as

described in:

[0019] Q. V. Le, R. Monga, M. Devin, K. Chen, G. S.

Corrado, J. Dean, and A. Y. Ng. Building high-level

features using large scale unsupervised learning, In Inter-

national Conference on Machine Learning, 2012;

[0020] A. Krizhevsky, I. Sutskever, and G. E. Hinton.

Imagenet classification with deep convolutional neural

networks. In Advances in Neural Information Processing

Systems 25, pages 1097-1105. Curran Associates, Inc.,

2012.

[0021] In their conventional version, the elements that

make up the input matrix and the output maps are numbers,

integers or decimals, with fixed or floating point. Thus, the

operation of convolution between an input sub-matrix and

an output neuron corresponds to the scalar product between

the input sub-matrix I and the matrix K. In a so-called

“spike” version, the input and output values are coded with

spikes. A value can thus be coded by the number of spikes

during a fixed time window (frequency coding), or by the

instant of emission of a spike according to a rank order

coding technique.

[0022] Inthe case ofa frequency coding, the calculation of

the weighted sum h is done by accumulation of the coeffi-

cient of the convolution kernel on each arrival of a spike on

the corresponding input. The activation function of the

neuron g can in this case be replaced by a threshold. When

the absolute value of h exceeds the threshold following the

arrival of a spike on the input sub-matrix, the output neuron

emits a spike of the sign of h and re-emits h with the value

0. The neuron then enters into a so-called “refractory” period

during which it can no longer emit a spike for a set period.

The spikes can consequently be positive or negative,

depending on the sign of h at the time of the threshold

overshoot. A negative spike at the input reverses the sign of

the coefficient of the corresponding kernel for the accumu-

lation. An equivalence between conventional version and

spike version is shown in J. Perez-Carrasco, B. Zhao, C.

Serrano, B. Acha, T. Serrano-Gotarredona, S. Chen, and B.

Linares-Barranco. Mapping from frame-driven to frame-

free event-driven vision systems by low-rate rate coding and

coincidence processing—application to feedforward conv-

nets. Pattern Analysis and Machine Intelligence, IEEE

Transactions on, 35(11):2706-2719, 2013. ISSN 0162-8828.

doi: 10.1109/TPAMI.2013.71.

[0023] A physical implementation of spike convolutional

network was in particular proposed in L. Camunas-Mesa, C.

Zamarreno-Ramos, A. Linares-Barranco, A. Acosta-Jime-

nez, T. Serrano-Gotarredona, and B. Linares-Barranco. An

event-driven multi-kernel convolution processor module for

event-driven vision sensors. Solid-State Circuits, [EEE

Journal of, 47(2):504-517, 2012. ISSN 0018-9200. doi:

10.1109/ISSC.2011.2167409. Such a convolution imple-

mentation uses a separate digital memory to store the

coefficients of the convolution kernels and entails copying
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these coefficients from the kernel of the memory to the

computation unit (ALU) on each spike arrival.

[0024] Thus, the existing solutions all require a computa-

tion unit for the convolution computation. Moreover, such

solutions are limited by the size of the data bus of the digital

memories and initially require a recovery of the value stored

in the memory before being able to perform an operation

thereon. Thus, for example, if the size of the memory bus is

64 bits and the coefficients are stored on 8 bits, it is possible

to recover, on each clock spike, only 8 coefficients. Millions

of clock cycles may therefore be necessary depending on the

number of coefficients in the network. The result thereof is

a significant processing time, and a significant consumption

of energy to calculate all the outputs of the network for an

input datum. Such a situation constitutes a bottleneck fun-

damental to this type of architecture (also called Von Neu-

mann bottleneck). Such a bottleneck can at most be limited

(but not eliminated) by the use of instructions of SIMD

(Single Instruction on Multiple Data) type to process several

data in one processor instruction and by the use of distrib-

uted memory with several computation units as in the

graphic processors GPU.

GENERAL DESCRIPTION OF THE INVENTION

[0025] The invention improves the situation. To this end,

it proposes a convolutional neural network comprising a

plurality of artificial neurons arranged in one or more

convolution layers. Each convolution layer comprising one

or more output matrices, each output matrix comprising a set

of output neurons. Each output matrix is connected to an

input matrix, which comprises a set of input neurons, by

artificial synapses associated with a convolution matrix

comprising the synaptic weight coefficients associated with

the output neurons of the output matrix. The output value of

each output neuron is determined from the input neurons of

the input matrix to which the output neuron is connected and

the synaptic weight coefficients of the convolution matrix

associated with the output matrix. Each synapse consists of

a set of memristive devices comprising at least one mem-

ristive device, each set of memristive devices storing a

coefficient of said convolution matrix. In response to a

change of state of an input neuron of an input matrix, the

neural network is capable of:

[0026] dynamically interconnecting each set of memris-

tive devices storing the coefficients of the weight matrix to

the output neurons connected to the input neuron, and

[0027] for each output neuron, accumulating the values of

the weight coefficients stored in the sets of memristive

devices dynamically interconnected with the output neuron

in an output accumulator, which supplies the output value of

the output neuron.

[0028] According to one embodiment, the neurons can use

a time coding, the dynamic mapping being implemented in

response to the triggering of an input neuron of the input

matrix.

[0029] In response to the dynamic mapping, the accumu-

lation of the values of the weight coefficients can then be

implemented by propagation of at least one spike coding the

value of each weight coefficient, according to the time

coding, the values accumulated in the output accumulators

constituting the output values of the output matrix.

[0030] The neural network can comprise a set of switches

and a logic circuit mapping the synaptic weight coefficients

with the output neurons connected to the input neuron
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having undergone a change of state, from the address of the

input neuron in the input matrix, to produce the dynamic

mapping.

[0031] Each spike can comprise a bitstream coding the

destination address (X, Y) of the spike according to two

right-angled axes X and Y, the reference point (X, Y)

corresponding to the reference point of the input matrix;

when said spike arrives on the input matrix, the coded

address (X, Y) represents the location of the input neuron to

be activated.

[0032] According to one embodiment, the dynamic map-

ping can be produced in parallel and in a single cycle, by

simultaneously connecting the set of the weight coefficients

stored in the memristive devices to the output neurons

connected to the input neuron having undergone a change of

state.

[0033] According to another embodiment, the dynamic

mapping can be produced semi-sequentially, by connecting

the coefficients of the weight matrix stored in the memristive

devices, one row of the matrix after the other, to the output

neurons connected to the input neuron having undergone a

change of state.

[0034] As a variant, the dynamic mapping can be pro-

duced semi-sequentially, by connecting the coefficients of

the weight matrix stored in the memristive devices, one

column of the matrix after the other, to the output neurons

connected to the input neuron having undergone a change of

state.

[0035] In yet another variant, the dynamic mapping can be

produced sequentially, by connecting the coefficients of the

convolution matrix, stored in said memristive devices, one

after the other, to the output neurons connected to the input

neuron having undergone a change of state.

[0036] According to one feature, the neural network can

comprise an accumulator arranged at the output of each

synapse, the accumulator producing the accumulation of the

value of the weight coefficient stored in the memristive

devices of the synapse with the value stored in the accumu-

lator of the corresponding output neuron, the value stored in

the auxiliary accumulator then being propagated by the

spikes in the accumulator of the output matrix.

[0037] According to another feature, the neural network

can comprise an accumulator arranged at each output neu-

ron, the output of each memristive device of the synapse

being propagated at the output neuron, the value thus

propagated being accumulated with the value stored in the

accumulator.

[0038] The outputs of neurons can be grouped together,

while the accumulated values corresponding to grouped

outputs are stored in a common accumulator.

[0039] According to yet another feature, the neural net-

work can comprise online learning of STDP type from the

dynamic mapping.

[0040] The embodiments proposed thus make it possible

to do the convolution computation directly in the memory

and in parallel, which improves the speed and energy

efficiency of the operation.

BRIEF DESCRIPTION OF THE DRAWINGS

[0041] Other features and advantages of the invention will

become apparent from the following description and the

figures of the attached drawings in which:

[0042] FIG. 1 represents an example of a simple three-

layer convolutional network, and the output layer;
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[0043] FIG. 2 represents an example of a complex con-

volutional network, including “pooling” layers;

[0044] FIG. 3 is a diagram showing a convolution layer

made up of several output maps/matrices;

[0045] FIG. 4 illustrates the principle of operation of a

convolutional layer in such a network;

[0046] FIG. 5 is a diagram illustrating the spike coding

and the propagation in the neural network of the spikes;

[0047] FIG. 6 represents a hardware device implementing

a spike convolutional neural network, according to certain

embodiments;

[0048] FIG. 7 is a flow diagram representing the convo-

lution method, according to certain embodiments;

[0049] FIG. 8 is a schematic representation of another

example of physical implementation of the convolution

operations in a neural network with grouping together of the

outputs (output downsampling);

[0050] FIG. 9 is a schematic representation of another

example of physical implementation of the convolution

operations in a neural network with STDP learning;

[0051] FIG. 10 is a flow diagram illustrating the step of

dynamic mapping, according to a parallel embodiment (in

one cycle);

[0052] FIG. 11 represents an example of physical imple-

mentation of the neural network corresponding to a parallel

embodiment (just 1 cycle) conforming to the embodiment of

FIG. 10;

[0053] FIG. 12 is a flow diagram illustrating the step of

dynamic mapping, according to a semi-sequential embodi-

ment (in n cycles);

[0054] FIG. 13 represents an example of physical imple-

mentation of the neural network according to a semi-

sequential mode on Y;

[0055] FIG. 14 is a flow diagram illustrating the step of

dynamic mapping, according to a fully sequential embodi-

ment;

[0056] FIG. 15 represents an example of physical imple-

mentation of the neural network corresponding to a fully

sequential embodiment;

[0057] FIG. 16 is a flow diagram illustrating the step of

dynamic mapping, according to a semi-sequential embodi-

ment;

[0058] FIG. 17 represents an example of physical imple-

mentation of the neural network according to a semi-

sequential mode on X;

[0059] FIG. 18 is a flow diagram representing the accu-

mulation step, according to a kernel-side embodiment;

[0060] FIG. 19 represents an example of physical imple-

mentation of the accumulator in the kernel-side embodiment

in write-add mode;

[0061] FIG. 20 represents the example of physical imple-

mentation of the accumulation part of FIG. 19 in write-back

mode;

[0062] FIG. 21 is a flow diagram representing the accu-

mulation step according to an embodiment of the output-side

accumulation; and

[0063] FIG. 22 represents an example of physical imple-

mentation of the accumulator in the embodiment of the

output-side accumulation.

DETAILED DESCRIPTION

[0064] FIG. 2 represents an example of a convolutional

network including pooling layers for the classification of

images. The images at the bottom of FIG. 2 represent an
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extract of the convolution kernels of the first layer, after a

learning of gradient backpropagation type, on an image base

such as ImageNet.

[0065] An artificial neural network (also called “formal”

neural network or simply called “neural network” herein-

below) consists of one or more layers of neurons, intercon-

nected with one another. Each layer is made up of a set of

neurons, which are connected to one or more preceding

layers. Each neuron of one layer can be connected to one or

more neurons of one or more preceding layers. The last layer

of the network is called “output layer”.

[0066] The neurons are connected together by synapses, or

synaptic weights, which weight the efficiency of the con-

nection between the neurons, constitute the adjustable

parameters of a network and which store the information

contained in the network. The synaptic weights can be

positive or negative.

[0067] The so-called “convolutional” (or even “deep con-

volutional” or “convnets”) neural networks are also com-

posed of layers of particular types such as the convolution

layers, the pooling layers and the fully connected layers. By

definition, a convolutional neural network comprises at least

one convolution or pooling layer.

[0068] As illustrated in FIG. 3, a convolution or pooling

layer can be made up of one or more output matrices 14 (also

called “output maps” or “output feature maps”), each output

map being able to be connected to one or more input

matrices 11 (also called “input maps”).

[0069] As illustrated in FIG. 4, an output matrix denoted

O comprises coefficients O,,, and has a size denoted (O,,

O,,). This matrix corresponds to a matrix of neurons and the

coefficients O,, correspond to the output values of these

neurons, calculated from the inputs and the synaptic

weights.

[0070] The state of a neuron corresponds to its output

value. A change of state of a neuron thus corresponds to a

change of its output value. It should be noted that, in a spike

embodiment, a change of state of a neuron (input or output

neuron) corresponds to the trigger or activation thereof by

emission of an output spike which occurs when its integra-

tion (or accumulation) exceeds a threshold.

[0071] An input matrix or map 11 can correspond to an

output map of a preceding layer, or to an input matrix of the

network which receives the stimuli or a part of the stimuli to

be processed. A network can be made up of one or more

input matrices. They can be, for example, RGB, HSV, YUV

components or any other conventional component of an

image, with a matrix for each component. An input matrix

denoted I comprises coefficients I, ,, and has a size denoted

Chel):

[0072] An output map O is connected to an input matrix I

by a convolution operation, via a convolution kernel 12

denoted K (the convolution kernel is also called filter, or

convolution matrix), of size (n, m) and comprising coefli-

cients K,;. Each neuron of the output map 14 is connected

to a part of the input matrix 11, this part being also called

“input sub-matrix” or “neuron receptor field” and being of

the same size as the convolution matrix K. The convolution

matrix K comprising the synaptic weights is common for all

the neurons of the output map O (the weights of the matrix

K are then called “shared weights”). Each output coefficient

of the output matrix O, ; then satisfies the following formula:
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[0073] In the above formula g( ) designates the neuron

activation function, whereas s, and s, designate the respec-

tively vertical and horizontal stride parameters. Such a stride

parameter corresponds to the stride between each applica-

tion of the convolution kernel to the input matrix. For

example, if the stride is greater than or equal to the size of

the kernel, then there is no overlap between each application

of the kernel.

[0074] An output map O is connected to an input matrix I

by a “pooling” operation which produces a downsampling of

the input matrix, which supplies a downsample matrix. The

downsampling can be of two types:

[0075] a downsampling type called “MAX pooling”

(maximum grouping) according to the following equation:

O,,= (max, Oi Pmax, Merlo T a),

Sy4l

[0076] a sampling type called “AVERAGE pooling” (av-

erage grouping) according to the following equation:

sptkej.

min(n=L ly_—i.s;) mintm—L hy Js j)

Ouse Dy »
k=0 0

Ti sy+k, jsj+t

[0077] The synaptic weights associated with the connec-

tions in the case of a “pooling” layer are generally unitary

and do not therefore appear in the above formulae.

[0078] A fully connected layer comprises a set of neurons,

each neuron being connected to all the inputs of the layer.

Fach neuron O, has its own synaptic weights W, , with the

corresponding inputs I, and performs the weighted sum of

the input coefficients with the weights which is then passed

to the activation function of the neuron to obtain the output

of the neuron.

0; = 9M}

[0079] The activation function of the neurons g( ) is

generally a sigmoid function, such as, for example, the

function tan h( ). For the “pooling” layers, the activation

function can, for example, be the identity function.

[0080] The synaptic weights are determined by learning.

The learning of a neural network consists in finding the

optimum values of the synaptic weights from an optimiza-

tion method and a learning base. There are a multitude of

learning methods such as the gradient backpropagation

method, the basic principle consisting, from a stimulus at the

input of the network, in computing the output of the net-

work, comparing it to the expected output (in the case of a

so-called supervised learning) and backpropagating an error

signal in the network, which modifies the synaptic weights

by a gradient descent method.

[0081] The neural networks can be transposed into spike

coding as illustrated in FIG. 5. In this case, the signals

propagated at the input and at the output of the layers of the
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network are no longer numeric values, but electrical spikes

(that can be likened to Dirac spikes). The information which

was coded in the value of the signals (normalized between

-1 and 1) is then time-coded with the order of arrival of the

spikes (rank order coding) or with the frequency of the

spikes.

[0082] In the case of rank order coding, the instant of

arrival of the spike is inversely proportional to the absolute

value of the signal to be coded. The sign of the spike then

determines the sign of the value of the signal to be coded.

[0083] In a frequency coding case, the frequency of the

spikes, lying between f,,,, and f,,,,, is proportional to the

absolute value of the signal to be coded. The sign of the

spike determines the sign of the value of the signal to be

coded. For example, considering an input matrix of the

network corresponding to the luminance component of an

image, normalized between O and 1, a white pixel (or

coefficient of the matrix), coded by a value 1, will emit

spikes at a frequency f,,,., a black pixel, coded by a value

0, will emit spikes at a frequency f,,,,,, while a grey pixel,

coded by a value x, will emit spikes at a frequency f=f,,,,,+

X(fax-tmin)- The coding can also be pseudo-frequency

coding, for example a Poisson coding: in this case, f,,,. and

f,,,i. represent only average frequencies. The initial phase of

the spikes can be random.

[0084] The spikes can also originate directly from a sen-

sor, such as a retina or an artificial cochlea, mimicking the

operation of their biological equivalent.

[0085] In the case of a spike neuron, the weighted sum of

the synaptic weights with the input signals is replaced by the

integration of the spikes originating from the same inputs

weighted by the synaptic weights. All the spikes are iden-

tical, except for their sign, so that their integral can be

considered to be unitary or normalized.

[0086] Moreover, in the spike approach, the activation

function of the neuron is replaced by a thresholding which

is unitary in the case of synaptic weights normalized

between -1 and 1. When the absolute value of the integra-

tion of the neuron exceeds the threshold defined by the

thresholding, the neuron emits an output spike, which is

propagated to all the neurons of the following layers con-

nected to this neuron. The sign of this spike corresponds to

the sign of the integration of the neuron. When the neuron

emits a spike, its integration is reset to 0 and the neuron

enters into a so-called “refractory” period.

[0087] When a neuron is in “refractory” period, it cannot

emit any new output spike, until the end of the refractory

period, which can be equal to the minimum period of the

spikes being propagated in the network.

[0088] The artificial synapses of a neural network can be

produced from memristive devices. A memristive device is

an electronic component with two terminals which behaves

like a resistor or a conductor, the value of which can be

changed with the application of a current or a voltage to its

terminals. A device of this type can be characterized by the

following equations:

i=Gy

dG

FZ = fu®
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[0089] In the above equations, G denotes the conductance

of the device which links its input current i to the voltage at

its terminals v.

[0090] A memristive device can be binary and/or stochas-

tic. A family of memristive devices particularly suited to the

production of artificial synapses in a neural network is such

that the characteristic f(v,G) is nonlinear, such as, for

example, the devices of MIM (Metal-Insulator-Metal) type

which constitute the basic cell of several nonvolatile

memory technologies such as RRAM “Resistive Random

Access Memory”, CBRAM “Conductive-Bridging RAM”

and OxRAM “Oxide-based Resistive Random Access

Memory”. Thus, a synapse can be composed of one or more

memristive devices.

[0091] Many other technologies can also be considered as

memristive, like the phase change memory (PCRAM or

PCM), the floating gate transistors, the memristors, the

organic memristors, the NOMFET transistor (Nano-particle

Organic Memory Field Effect Transistor).

[0092] Furthermore, a memristive device can be emulated

by a conventional digital memory cell, of RAM “Random

Access Memory”, ROM “Read-Only Memory”, PROM

“Programmable ROM” or register type for example. A

synapse can thus be implemented by such an N-bit memory,

thus emulating a memristive device of 2" analog levels.

[0093] An artificial neural network can be produced by

using such memristive devices as artificial synapses and by

incorporating them in a structure of “crossbar” type.

[0094] FIG. 6 represents a hardware device 100 imple-

menting an output map of a convolutional layer of a spike

convolutional neural network, according to certain embodi-

ments.

[0095] According to one aspect of the invention, the

device 100 is made up of synapses 10, each synapse being

implemented from one or more memristive devices, to

perform the convolution operations of a convolutional neu-

ral network 11 without it being necessary to use computation

units for such operations and convolution kernel copy opera-

tions. Hereinafter in the description, reference will be made

primarily to a single “memristive device” as constituent

element of a synapse by way of illustration. However, the

invention applies also to a synapse made up of several

memristive devices in parallel, the equivalent conductance

of which corresponds to the sum of the conductances of the

individual memristive devices.

[0096] The matrix (“crossbar”) in which the memristive

devices 10 are incorporated is denoted by the reference 5. In

FIG. 6, the coefficients of the kernel 12 are numbered from

1 to 9 and spread vertically.

[0097] Although not limited to such applications, the

device 100 can be used to produce a physical implementa-

tion of convolutional neural networks for image classifica-

tion and recognition. The rest of the description will be made

essentially with reference to input maps comprising neurons

of pixel type, by way of illustration.

[0098] The convolution operations implemented by the

device 100 make it possible to determine each coeflicient

O,, of the output matrix 14 for a convolution layer given

from the input matrix 11 (also denoted I) of the convolution

layer and of the convolution kernel 12 (also denoted K). The

convolution operation from which each output coefficient

O,, 1s defined is given by the equation 1 below:
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[0099] In this equation, the coefficients represent the coef-

ficients of the input matrix I of the convolution layer

concerned, and the coeflicients K, , represent the coefficients

of the convolution kernel 12 (weights of the interneural

connections).

[0100] More particularly, the neural network device 100

uses a plurality of memristive devices 10 to store the

convolution kernel or kernels 12 associated with an output

matrix of the convolution layer. Each memristive device 10

has an electrically-switchable resistance value and can be of

any type (like a transistor for example). In one embodiment,

the device 100 can use one or more memristive devices,

constituting a synapse 10 for each coefficient of the convo-

lution kernel K,,;.

[0101] The spikes passing between the layers of the neural

network can be coded in the AER (Address-Event Repre-

sentation) format. In this format, the spike is digital and

made up of a bitstream coding the destination address (X, Y)

of the spike according to two right-angled axes X and Y, the

reference point (X, Y) corresponding to the reference point

of the input matrix, as well as the sign of the spike. When

the spike arrives on the input matrix, the coded address (X,

Y) represents the location of the input neuron to be acti-

vated. Thus, when a spike arrives on the input matrix, its

address (X, Y) gives the location to be activated I, ,, with:

Xj and Yi.

[0102] According to another feature, the device 100 can

additionally apply an information time-coding operation to

produce each convolution between the input matrix 1 of a

given convolution layer and the convolution kernel 12, the

operation of weighting of the input coefficients of the input

matrix 1 of a given convolution layer with the coefficients

K,,; of the convolution kernel then being time-multiplexed.

According to one aspect of the invention, the weighting

operation is performed directly in the memristive devices 10

storing the coefficients corresponding to the weights of the

convolution kernel, by Ohm’s law:

Z=G(conductance)*U,

[0103] in which G denotes the conductance of one or more

memristive devices forming a synapse, and U denotes the

voltage of a spike which is set, the value of the input

coefficient I,, being time-coded (for example by frequency

coding or rank coding). The parameter | is the value to be

accumulated in the corresponding output neuron.

[0104] An input neuron 1 belongs to the receptor field of

one or more output neurons 140.

[0105] In FIG. 6, a neuron of the input matrix is activated

(pixel in the example considered) and is surrounded by a

black frame. In the representation of the state of activation

of the matrix 11, the pixel 28 of the input matrix is activated.

[0106] Assuming that the convolution kernel has a size of

3x3 and that the stride is 1, the input pixel considered

belongs to the receptor field of 9 output neurons (upper part

of FIG. 6):

[0107] the activated pixel is connected to the receptor

field of the output neuron No. 8, with the coefficient

No. 9 of the convolution kernel (lower part of FIG. 6);
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[0108] the activated pixel is connected to the receptor

field of the output neuron No. 9, with the coefficient

No. 8 of the convolution kernel;

[0109] the activated pixel is connected to the receptor

field of the output neuron No. 10, with the coefficient

No. 7 of the convolution kernel;

[0110] etc.

[0111] According to another aspect of the invention, the

coefficients I,, of the input matrix I can be implemented

materially by a predefined frequency of the spikes while the

coefficients K,, are stored in the form of an electrical

conductance of a memristive device 10. Thus, each mem-

ristive device 10 is configured to receive a pre-synaptic

spike emitted by a neuron of the input matrix 1 to which it

is connected upstream. As used here, the expression “pre-

synaptic spike” denotes a spike emitted by a neuron toward

a synapse to which it is connected downstream. A pre-

synaptic spike thus emitted from an input neuron 11 is

propagated to the synapse, materialized by the memristive

device 10, to which the input neuron is connected. An input

spike is propagated from the input neuron to the output

neurons which have the input neuron in their receptor field,

according to the example of FIG. 6. The spike arriving on

each output neuron is weighted by the synaptic weight

corresponding to the coefficient of the associated convolu-

tion kernel for this input. This weighting can be done

electrically by modulation of the voltage of the spike with

the equivalent conductance of the synapse, made up of one

or more memristive devices, using Ohm’s law. A spike

modulated in this way arriving on an output neuron is then

integrated in the neuron (analogically or digitally), which

emits an output spike if this integration exceeds a threshold

value.

[0112] According to a feature of the invention, the device

100 comprises a mapping matrix 13 configured to dynami-

cally associate (operation called dynamic mapping) each

output 121 of the convolution kernel corresponding to a

coefficient of the convolution kernel, with a position 140 of

the accumulation matrix 14, upon the activation of an input

neuron. The dynamic mapping operation maps the coeffi-

cients of the kernel, with all the output neurons involving the

input activated for the computation of the convolution, as

described by the preceding equations. For example, as

represented in FIG. 6, when the input neuron 1 is triggered,

the horizontal line intersecting the vertical line linked to the

element 9 in the matrix 12 representing the convolution

kernel 12 is connected dynamically, at its end 121, to the

position 8 of the accumulator 14.

[0113] Thus, for an input I, of the input matrix activated

(activated for example with an AER spike originating from

a preceding layer or from a retina or artificial cochlea-type

sensor with the address (X, Y)), the coefficients K,, of the

convolution kernel are connected to the outputs
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as follows:

For

[0114] k=i mod s,; k<min(a, i+1); k=k+s,

I=j mod s,; 1<min(m,j+1);I=l+s,

[0115] The dynamic mapping operation (dynamic map-

ping) thus makes it possible to invert the convolution

equation:

min(n— 1 ly,—i-s;) min(n-L, hy J. j)

O;=8f >) »
k=0 0

Fi skis jt Kea

[0116] The convolution operation is done by accumulation

of the coefficients of the convolution kernel connected

dynamically to the respective accumulators 140 on each

arrival of a spike on the outputs 121. The spike is propagated

on the vertical line 50.

[0117] The dynamic mapping between the convolution

kernel 12 and the outputs 140 is made possible by virtue of

the spike coding of the inputs, applied to the memristive

devices.

[0118] When the propagation of the spikes is triggered as

a function of the predefined spike frequency, the spikes are

propagated to the respective accumulators 140 to which they

are connected by the mapping matrix through the memris-

tive devices.

[0119] FIG. 7 is a flow diagram representing the convo-

lution method, according to certain embodiments.

[0120] In the step 100, a neuron of the input matrix I,

belonging to a given convolution layer, is triggered by an

event. An input neuron belongs to the receptor field of one

or more output neurons (i.e. the input neuron is connected to

these output neurons). The input neuron can be of any type

such as a pixel in the case of a spike-coded input image. The

trigger event can for example be derived from the preceding

convolution layer or from an event-driven sensor, such as a

retina, a cochlea, or even a frequency coding of static data,

such as images or a time-frequency spectrum.

[0121] In response to the triggering of the input neuron, in

the step 102, a dynamic mapping is implemented to map the

coefficients of the convolution kernel with the outputs for

which the input pixel has a contribution.

[0122] In the step 101, in response to the triggering of the

input neuron, the memristive devices 10 storing the coefli-

cients of the convolution kernel are dynamically connected

to the corresponding output neurons. The step 101 of

dynamic mapping between the memristive devices 10 and

the output neurons can be implemented according to differ-

ent types of dynamic routing methods such as:

[0123] a parallel routing;

[0124] a semi-sequential routing on y;

[0125] a sequential routing; or

[0126] a semi-sequential routing on x.

[0127] The step 101 is reiterated for each new input

neuron triggered if this input neuron is different from the

neuron triggered previously.
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[0128] The dynamic routing methods can be analog or

digital.

[0129] Each type of routing method offers a different

compromise in terms of number of cycles and number of

switches. The parallel routing, for example, makes it pos-

sible to propagate the input spike to all the output neurons

for which it has a contribution one time, simultaneously, but

requires a higher number of switches for the dynamic

routing.

[0130] An accumulation step 103 can then be imple-

mented from the propagation of the spikes. In one embodi-

ment, the accumulation step 103 is implemented on the

convolution kernel side, in two substeps (read-add then

write back). In a variant, it can be implemented on the side

of the outputs 121 in a single add-write step.

[0131] In the embodiment in which the accumulation is

implemented on the convolution kernel side in two sub-

steps, for each output neuron 141 connected to a memristive

device 10, the value of the accumulation is propagated

initially from each output neuron to an intermediate accu-

mulator (accumulator 22 in FIGS. 8 and 9) present in the

output nodes 121 of the matrix 12 containing the coefficients

of the convolution kernel stored by the memristive devices

10. Depending on the type of routing, the spikes can be

propagated simultaneously or not. For example, in the case

of a parallel routing, they can be propagated simultaneously.

At one and the same time, the input spike is propagated to

each synapse and is weighted by the value of the synapse.

For each synapse, the spike, once weighted, is added in the

intermediate accumulator present in the output nodes 121

with the value of the accumulation previously stored in the

accumulator 140 of the corresponding output neuron 141

(read-add step). This read-add step can be performed in

parallel, according to the type of routing chosen for the

dynamic mapping. Secondly, when the accumulation has

been performed for all the output neurons 141 identified in

the receptor field of the input neuron 110 which was acti-

vated in the step 100, the values accumulated in the inter-

mediate accumulators can be propagated to the correspond-

ing output neurons 141 and stored in the corresponding

accumulators 140, in the step 103 (write back step). The step

103 can be performed in parallel, according to the type of

routing chosen for the dynamic mapping.

[0132] In the embodiment in which the accumulation is

implemented on the side of the output neurons 141 in a

single add-write step, the accumulation can be performed

directly in the output neurons 141 and be carried out in

parallel, according to the type of routing chosen for the

dynamic mapping.

[0133] In another embodiment in which the dynamic map-

ping operation is not implemented in parallel, the read-add

step can be performed for a first group of synapses, then the

write-back step can be carried out for this same first group,

before going on to the next group and changing the dynamic

mapping. Such an embodiment dispenses with the need to

perform the same mapping twice each time, a first time for

the read-add and a second time for the read-write. Further-

more, it makes it possible to reduce the number of interme-

diate accumulators, since from one synapse group to

another, the same accumulators can be reused.

[0134] The neural network can be produced by incorpo-

rating the memristive devices 10 ina structure of “crossbar”

type, with or without selection device (transistor, diode or

other device with non-linearity).
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[0135] FIG. 8 is a schematic representation of another

example of physical implementation of the convolution

operations in a neural network with a pooling of the outputs

by downsampling.

[0136] The operation of pooling of the outputs by down-

sampling consists in assembling the neighboring outputs to

form a new, smaller output matrix 14.

[0137] Inthe embodiment of FIG. 8, the output pooling is

performed directly at the accumulation level, by pooling the

accumulators 140 corresponding to the same output in

groups 142, in the scaled matrix 14.

[0138] The number of accumulators and the size of the

mapping matrix are thus reduced.

[0139] According to a feature of the invention, the maxi-

mum size of the matrix of the memristive devices 10 can

advantageously be equal to the size of the convolution

kernel 12, of size 35x35, 11x11 or 5x5 for example. The size

can notably be limited by the leakage currents. In the

embodiments using a mapping matrix 13, the mapping

matrix 13 (analog) can be of small size and can be produced

in CMOS. In a variant, it can be produced materially with

memristive devices.

[0140] The neural network device 100 can also operate

with a learning method, such as, for example, an in-situ, or

online, STDP (Spike Timing Dependent Plasticity) rule-

based learning method.

[0141] The mapping matrix performs the address decod-

ing making it possible to map the synaptic weights with the

output neurons for a given activated input.

[0142] Inthe example of FIG. 9, each synapse is made up

of three devices (each line implementing a coefficient of the

convolution kernel). In this case, a spike can be propagated

simultaneously to all the columns to obtain, at the end of

each line, a current spike weighted by the equivalent con-

ductance of the synapse corresponding to the sum of the

conductances of the constituent devices of the synapse. The

spikes are propagated on the vertical lines 5 of the “cross-

bar” matrix 5.

[0143] In such an embodiment (synapse is made up of

several memristive devices), the accumulation step 103 of

FIG. 7 can be implemented sequentially, by activating one

memristive device after another, with an adder (1+x) per

line, or synapse, the value “1” being added to the value “x”

accumulated by the corresponding output neuron 140. That

is equivalent to having several columns of devices, as in

FIG. 9.

[0144] In a variant, the accumulation step can be imple-

mented in a single step, by using several thresholds (as many

as there are devices per synapse) and one adder per line. The

thresholds can be increasing multiples of the basic threshold,

so as to produce a digitizing of the equivalent synaptic

weight stored in the set of the devices forming a line. This

embodiment is particularly suited to the case of binary

devices, able to store only an “ON” (active) or “OFF”

(inactive) state. The basic threshold is set to be triggered in

the case where at least one of the devices is in the “ON”

state. For example, if the equivalent synapse is made up of

four devices, of which two are in the “ON” state, the first two

thresholds will be triggered on all four, thus coding the value

of the synapse as 74. Such an embodiment can be imple-

mented by using digital accumulators 140 or, in a variant,

analog accumulators, with the use of an analog-digital

converter (ADC) for each line.
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[0145] FIG. 11 is a schematic representation of another

example of physical implementation of the convolution

operations in a neural network with STDP (Spike-Timing-

Dependent Plasticity) learning.

[0146] The STDP learning can be done in a step with

interaction of pre- and post-synaptic spikes.

[0147] In the context of a learning rule of STDP type

implemented by the neural network, pre-synaptic and post-

synaptic spikes can for example be sent by the input and

output neurons toward a synapse (made up of one or more

memristive devices) to act on the variation of its conduc-

tance, for example as described in FR2977351 B1.

[0148] Inthe embodiment of FIG. 11, a write circuit 15 is

used. Following the activation of an output neuron, the

coefficients of the associated convolution kernel are mapped

with the inputs forming the receptor field of the output

neuron (dynamic mapping). The coefficients of the kernel

are then modified as follows:

[0149] If the time of last activation of the input t,,.

(pre-synaptic time) immediately precedes the time of acti-

vation of the neuron t,,,, (post-synaptic time) and lies in the

potentiation time window of the neuron (LTP window), then

the weight of the synapse (coeflicient of the kernel) is

increased (LTP);

[0150] If the time of last activation of the input does not

lie in the LTP window, then the weight of the synapse is

reduced (LTD).

[0151] In FIG. 11, t,,. represents the time of the last event

on a node, that is to say the pre-synaptic time (storage in

memory). The term LTP (Long Term Potentiation) denotes

the phases or states corresponding to an increase in the

conductance of a synapse.

[0152] The STDP (Spike Timing Dependent Plasticity)

learning rule consists in making the weight of a synapse

evolve as a function of the time distance between the pre-

and post-synaptic spikes. The LIP state corresponds to the

state of potentiation of the synapse and the LTP phase has a

given duration corresponding to the duration during which

the conductance of the synapse increases. In the case of a

conventional STDP learning rule, the variation of the con-

ductance of the synapse can depend on the relative instants

of arrival of the two spikes.

[0153] In a variant, the learning can also be stochastic.

[0154] The dynamic mapping operation makes it possible

to effectively implement this learning rule in the case of a

spike convolutional network.

[0155] FIGS. 12 to 17 represent embodiments of the step

of dynamic mapping of the memristive devices 10 and of the

output neurons located in the receptor field of an activated

neuron (step 102 of FIG. 7).

[0156] FIG. 12 is a flow diagram illustrating the dynamic

mapping step, according to a parallel embodiment (in one

cycle).

[0157] Inthe step 110, an input neuron is triggered (a pixel

for example).

[0158] The steps 112 and 114 correspond to the dynamic

mapping between the outputs 121 of the matrix 12 and the

nodes 141 corresponding to the output neurons which are in

the receptor field of the triggered neuron.

[0159] In the step 112, a decoding of the address on X of

the input neuron is performed. The corresponding lines of

the matrix 12 are then activated (each line corresponds to a

different synapse or coefficient of the kernel).
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[0160] In the step 114, a decoding of the address on Y of

the input neuron is performed. The corresponding lines of

the matrix 12 are then activated.

[0161] In the step 116, an accumulation of the values is

performed in the output matrix 14 by propagation of the

spikes as described previously.

[0162] FIG. 13 represents an example of physical imple-

mentation of the neural network corresponding to a parallel

embodiment (one single cycle) according to the embodiment

of FIG. 12.

[0163] The accumulators 140 (right-hand part) are con-

nected to the coefficients of the corresponding kernel after

decoding on X and on Y.

[0164] The number of switches N,,, used in the physical

implementation of the neural network is then given by the

following equation:

Nygamn-0,4+M-0,,-0,

[0165] This embodiment makes it possible to perform a

convolution computation in a single cycle, but also neces-

sitates a larger number of switches. This embodiment is

particularly suited when the processing speed of the system

is important.

[0166] FIG. 12 is a flow diagram illustrating the dynamic

mapping step, according to a semi-sequential embodiment

(in n cycles).

[0167] Inthe step 130, an input neuron is triggered (a pixel

for example).

[0168] The dynamic mapping between the outputs 121 of

the matrix 12 and the nodes 141 corresponding to the output

neurons which are in the receptor field of the triggered

neuron comprises the steps 132 to 135.

[0169] More specifically, in the step 132, a decoding of the

address on X of the input neuron is performed. The corre-

sponding columns of the matrix 12 are then activated.

[0170] In the step 134, a decoding of the address on Y of

the input neuron is performed. The number of lines to be

activated sequentially is defined by the parameter n, which

corresponds to the number of lines in the convolution matrix

K (12).

[0171] Inthe step 135, a line is activated (current line). If

a line has been previously activated, this preceding line is

deactivated first.

[0172] In the step 136, an accumulation of the values is

performed in the output matrix 14 by spike propagation on

the current activated line.

[0173] The next line is then activated in the step 138 if the

number of lines already activated is less than n (i.e. the

number of iterations of the steps 135/136 is less than n).

[0174] FIG. 13 represents an example of physical imple-

mentation of the neural network corresponding to a semi-

sequential embodiment on Y, according to the embodiment

of FIG. 12.

[0175] The accumulators 140 (right-hand part) are con-

nected to the coefficients of the corresponding kernel after

decoding on X and on Y.

[0176] The matrix 12 (left-hand part) is physically imple-

mented by a set of memristive devices 10. The accumulation

in the accumulators 140 is performed for each line activated

sequentially by a sequencer.

[0177] The number of switches N,, used in the physical

implementation of the neural network is then given by the

following equation:

Nrg=mns+m-0,,O;,

Jul. 13, 2017

[0178] This embodiment offers a trade-off between the

entirely parallel mode and the entirely sequential mode.

[0179] FIG. 14 is a flow diagram illustrating the dynamic

mapping step, according to a fully sequential embodiment

(in m.n cycles).

[0180] Inthe step 150, an input neuron is triggered (a pixel

for example).

[0181] The dynamic mapping between the outputs 121 of

the matrix 12 and the nodes 141 corresponding to the output

neurons which are in the receptor field of the triggered

neuron comprises the steps 152 to 156.

[0182] More specifically, in the step 152, a decoding of the

address on Y of the input neuron is performed. The number

of lines to be activated sequentially is defined by the

parameter n.

[0183] In the step 153, a line is activated (current line). If

a line has been previously activated, this preceding line is

deactivated first.

[0184] In the step 154, a decoding of the address on X of

the input neuron is performed. The number of columns to be

activated sequentially is defined by the parameter m, which

corresponds to the number of columns in the convolution

matrix K (12).

[0185] In the step 155, a column is activated (current

column). If a column has been previously activated, this

preceding column is deactivated first.

[0186] In the step 156, an accumulation of the values is

performed in the output matrix 14 by propagation of spikes

on the current lines and columns activated.

[0187] The next column is then activated in the step 157

if the number of lines already activated is less than m (i.e.

number of iterations of the steps 153/156 is less than n).

[0188] The next line is then activated in the step 158 if the

number of lines already activated is less than n (i.e. the

number of iterations of the steps 153/156 is less than n).

[0189] It should be noted that the order of the symmetrical

steps relating to the processing of the lines and the columns

(152-153 and 154-155; 157 and 158) can be reversed.

[0190] FIG. 15 represents an example of physical imple-

mentation of the neural network corresponding to a full

sequential embodiment, according to the embodiment of

FIG. 14.

[0191] Each accumulator 140 (right-hand part) is con-

nected sequentially to the corresponding coefficient of the

kernel after decoding on X and on Y.

[0192] The matrix 12 (left-hand part) is physically imple-

mented by a set of memristive devices 10. The accumulation

in the accumulators 140 is performed for each line and

column activated sequentially by a sequencer.

[0193] The number of switches N,,, used in the physical

implementation of the neural network is then given by the

following equation:

Nygamnt0o,",O;

[0194] This embodiment minimizes the number of

switches and therefore the complexity of the mapping

matrix, but allows only one operation to be performed per

cycle and consequently is of a priori limited interest com-

pared to a conventional digital implementation of such a

network in which the memory accesses are sequential.

[0195] FIG. 16 is a flow diagram illustrating the dynamic

mapping step, according to a semi-sequential embodiment

(in m cycles).
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[0196] Inthe step 160, an input neuron is triggered (a pixel

for example).

[0197] The dynamic mapping between the outputs 121 of

the matrix 12 and the nodes 141 corresponding to the output

neurons which are in the receptor field of the triggered

neuron comprises the steps 162 to 165.

[0198] More specifically, in the step 162, a decoding of the

address on Y of the input neuron is performed. The corre-

sponding lines of the matrix 12 are then activated.

[0199] In the step 164, a decoding of the address on X of

the input neuron is performed. The number of columns to be

activated sequentially is defined by the parameter m.

[0200] Inthe step 165, a column is activated (current line).

If a column has been previously activated, this preceding

column is deactivated first.

[0201] In the step 166, an accumulation of the values is

performed in the output matrix 14 by propagation of spikes

on the current activated column.

[0202] The next column is then activated if the number of

lines already activated is less than m (i.e. the number of

iterations of the steps 165/166 is less than m).

[0203] FIG. 17 represents an example of physical imple-

mentation of the neural network corresponding to a semi-

sequential embodiment on Y, according to the embodiment

of FIG. 16.

[0204] The accumulators 140 (right-hand part) are con-

nected to the coefficients of the corresponding kernel after

decoding on X and on Y. The matrix 12 (left-hand part) is

physically implemented by a set of memristive devices 10.

The accumulation in the accumulators 140 is performed for

each column activated sequentially by a sequencer.

[0205] The number of switches N,,, used in the physical

implementation of the neural network is then given by the

following equation:

Nygamntn0,4+0,,0;

[0206] As represented in FIGS. 13, 15, 17, the connections

produced by the dynamic mapping operation between the

synapses and the accumulators of the output neurons convey

the spikes weighted by the value of the synapses. Depending

on the coding of these weighted spikes, the connections can

be produced in different ways:

[0207] by analog connections (one single wire), conveying

analog spikes whose amplitude or duration codes the

weighting;

[0208] by digital connections (one single wire, 1 bit),

conveying in series (bit-by-bit) the value of the weighting,

coded by a fixed or variable number of bits. A digital coding

is then used, and it can be binary or unary;

[0209] by digital connections (N wires, N bits), conveying

in parallel the value of the weighting, coded on N bits. A

digital coding is then used, and it can be binary or unary.

[0210] FIGS. 18 to 22 represent embodiments of the

accumulation step 103 of FIG. 7.

[0211] More specifically, FIG. 18 is a flow diagram rep-

resenting the accumulation step, according to a kernel-side

embodiment.

[0212] In the step 180, an input neuron is triggered (pixel

for example).

[0213] In the step 182, the dynamic mapping step is

performed, for example according to one of the embodi-

ments of FIGS. 12 to 17.

[0214] Inthe step 183, the value stored in the accumulator

of each output neuron 140, located in the receptor field of the
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triggered neuron, is added with the corresponding synaptic

weight to the input neuron (stored in at least one memristive

device). The value thus obtained is stored in an accumulator

121 at the output of the synapse connecting the input neuron

and the output neuron.

[0215] In the step 184, the accumulated output values of

the synapses are written into the accumulators 140 of the

output neurons.

[0216] FIG. 19 represents an example of physical imple-

mentation of the accumulator 14 in the kernel-side embodi-

ment in write-add mode.

[0217] Each output 20 of a coefficient of the convolution

kernel can be physically implemented by a memristive

device 10, an adder 21, a storage memory 22 and a switch

23.

[0218] The switch 23 is configured to switch between the

read-add and write-back modes.

[0219] In read-add mode, each output 20 corresponding to

a coefficient of the convolution kernel can be physically

implemented by one or more memristive devices 10 storing

the synaptic weight, the adder 21 then adding the value

stored in the accumulator of each output neuron 140 with the

weight stored in the memristive device(s). The output stor-

age memory 22 of the synapse then stores the value thus

obtained. The storage memory can be implemented analogi-

cally or digitally.

[0220] FIG. 20 represents the example of physical imple-

mentation of the accumulation part of FIG. 19 in write-back

mode. Once the accumulation is performed for the group of

the output neurons connected by the dynamic mapping, in

the receptor field of the input neuron which was activated

(i.e. triggered), the values accumulated in the accumulators

22 are propagated to the corresponding output neurons in the

accumulators 140.

[0221] The matrix output 14 comprises a storage memory

24 for storing the propagated value deriving from the

accumulators 22.

[0222] FIG. 21 is a flow diagram representing the accu-

mulation step (step 103 of FIG. 7), according to an embodi-

ment of the output-side accumulation.

[0223] In the step 210, an input neuron is triggered (pixel

for example).

[0224] In the step 212, the dynamic mapping step is

performed, for example according to one of the embodi-

ments of FIGS. 12 to 17.

[0225] Inthe step 214, the value stored in the accumulator

of each output neuron 140, located in the receptor field of the

triggered neuron, is added with the corresponding synaptic

weight to the input neuron (stored in at least one memristive

device and previously propagated to the output matrix 14),

on the side of the output matrix. The value thus obtained is

directly stored in the output matrix 14.

[0226] FIG. 22 represents an example of physical imple-

mentation of the accumulator 14 in the output-side embodi-

ment.

[0227] Each output 20 of a coefficient of the convolution

kernel is connected directly to the memristive device(s) 10

storing the value of the coefficient.

[0228] Each output of the matrix 14 can comprise an adder

25 and a storage memory 23.

[0229] Each output 20 of a coefficient of the convolution

kernel can be physically implemented by the memristive

device 10 storing the synaptic weight and propagated to the

matrix 14. The adder 23 then directly adds the value stored
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in the accumulator of each output neuron 140 with the

received weight. The storage memory 26 on the side of the

output matrix stores the value thus obtained.

[0230] A person skilled in the art will understand that the

convolution method according to the different embodiments

can be implemented in different ways by hardware, soft-

ware, or a combination of hardware and software elements.

[0231] The invention is not limited to the embodiments

described above by way of nonlimiting example. It encom-

passes all the variant embodiments which will be able to be

envisaged by those skilled in the art.

[0232] In particular, the dynamic mapping also applies to

pooling layers for mapping the inputs with the output

neurons involved in a pooling computation.

[0233] Moreover, the invention is not limited to a particu-

lar type of memristive device. For example, the memristive

devices can be of CBRAM (Conductive bridging RAM),

OXRAM (Oxide Based Resistive Memory), PCRAM (Phase

change RAM) or PCM (Phase-Change Memory) type.

[0234] Furthermore, the invention is not limited to the

applications described above and applies in particular to any

type of audio, image, video or biological data classification

application.

1. A convolutional neural network comprising a plurality

of artificial neurons arranged in one or more convolution

layers, each convolution layer comprising one or more

output matrices, each output matrix comprising a set of

output neurons, each output matrix being connected to an

input matrix, comprising a set of input neurons, by artificial

synapses associated with a convolution matrix comprising

the weight coefficients associated with the output neurons of

said output matrix, the output value of each output neuron

being determined from the input neurons of said input

matrix to which the output neuron is connected and the

weight coefficients of the convolution matrix associated with

said output matrix, wherein each synapse consists of a set of

memristive devices comprising at least one memristive

device, each set of memristive devices storing a weight

coefficient of said convolution matrix, and in that wherein,

in response to a change of the output value of an input

neuron of an input matrix, the neural network is capable of

dynamically associating each set of memristive devices

storing a coefficient of the convolution matrix with an output

neuron connected to said input neuron,

the neural network further comprising an accumulator for

each output neuron, said accumulator being configured

to accumulate the values of the weight coefficients

stored in the sets of memristive devices dynamically

associated with said output neuron, the output value of

said output neuron being determined from the value

accumulated in said accumulator.

2. The neural network as claimed in claim 1, wherein the

neurons use a time coding, the output value of the input

neurons and of the output neurons is coded with spikes.

3. The neural network as claimed in claim 2, wherein the

propagation of a value in the network is produced by

propagation of at least one spike coding said value, accord-

ing to said time coding.

4. The neural network as claimed in claim 1, comprising

a set of switches and a logic circuit mapping the weight

coefficients with the output neurons connected to the input

neuron having undergone a change of output value, from the

address of said input neuron in the input matrix, to produce

said dynamic association.
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5. The neural network as claimed in claim 3, wherein each

spike comprises a bitstream coding the destination address

of the spike according to two right-angled axes X and Y, the

reference point corresponding to the reference point of the

input matrix and wherein, in response to the arrival of said

spike on the input matrix, said address is coded to represent

the location of the input neuron to be activated.

6. The neural network as claimed in claim 1, wherein the

dynamic association is produced in parallel and in a single

cycle, by simultaneously connecting the weight coefficients

of the convolution matrix stored in said sets of memristive

devices to the output neurons connected to the input neuron

having undergone a change of output value.

7. The neural network as claimed in claim 1, wherein the

dynamic association is produced semi-sequentially, by con-

necting the weight coeflicients of the convolution matrix

stored in said memristive devices, one row of the matrix

after the other, to the output neurons connected to the input

neuron and having undergone a change of output value.

8. The neural network as claimed in claim 1, wherein the

dynamic association is produced semi-sequentially, by con-

necting the weight coeflicients of the convolution matrix

stored in said memristive devices, one column of the matrix

after the other, to the output neurons connected to the input

neuron having undergone a change of output value.

9. The neural network as claimed in claim 1, wherein the

dynamic association is produced sequentially, by connecting

the coefficients of the convolution matrix, stored in said

memristive devices, one after the other, to the output neu-

rons connected to the input neuron having undergone a

change of output value.

10. The neural network as claimed in claim 1, wherein the

network comprises an accumulator arranged at each output

neuron to store the value accumulated in said output neuron,

and an auxiliary accumulator arranged at the output of each

synapse and wherein, in response to the dynamic association

of a set of memristive devices constituting a synapse with an

output neuron, the auxiliary accumulator arranged at the

output of said synapse produces the accumulation of the

value of the weight coefficient stored in said set of mem-

ristive devices with the value stored in the accumulator

arranged at said output neuron, the value stored in said

auxiliary accumulator being then propagated in the accu-

mulator arranged at said output neuron.

11. The neural network as claimed in claim 1, wherein the

network comprises an accumulator arranged at each output

neuron to store the value accumulated in said output neuron

and wherein, in response to the dynamic association of a set

of memristive devices with said output neuron, the weight

coefficient of said set of memristive devices is propagated in

the accumulator arranged at said output neuron, the value

thus propagated then being accumulated with the value

stored in said accumulator.

12. The neural network as claimed in claim 1, wherein the

outputs of output neurons are grouped together, and wherein

the accumulated values corresponding to output neurons

whose outputs are grouped together are stored in a common

accumulator.

13. The neural network as claimed in claim 1, comprising

online learning of STDP type from the dynamic mapping.

14. The neural network as claimed in claim 1, wherein the

memristive devices are emulated by digital memory cells.

* * * * *
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