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Binarized Neural Networks: Training Neural Networks with Weights and
Activations Constrained to +1 or —1

Matthieu Courbariaux*! MATTHIEU.COURBARIAUX @ GMAIL.COM
Itay Hubara*? ITAYHUBARA @ GMAIL.COM |:> MA I LA B
Daniel Soudry? DANIEL.SOUDRY @ GMAIL.COM
Ran El-Yaniv? RANI@ CS.TECHNION.AC.IL
Yoshua Bengio'* YOSHUA.UMONTREAL @ GMAIL.COM

LUniversité de Montréal

2Technion - Israel Institute of Technology

3Columbia University

4CIFAR Senior Fellow

*Indicates equal contribution. Ordering determined by coin flip.

Hubara, Itay, et al. "Binarized neural networks." Advances in neural information processing systems. 2016.
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Chen, Jiasi, and Xukan Ran. "Deep learning with edge computing: A review." Proceedings of the IEEE 107.8 (2019): 1655-1674.
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Neural Network

Neural Network
Quantization

Target Environment
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quantize_wts

& X2} Quantization)

(D 32-bit (Full Precision)
weights,
Layer N1 La;er » quantize_acts — Layer N+1

Example for operations
within Layer N

MATLABO| A 1-bit quantizationOll CHs}o] T§ sl 271
(21X MATLAB 2020a0{| A{ 8-bit quantization 7| 5= 25 X[ &5t ASLICH 2= HIZ ALESHEM Q)

https://nervanasystems.github.io/distiller/quantization.html
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DeepLabV3+ (Baseline: ResNet18)

. . Input | Output
Width | Height Chapnne\ Chanpnel

7 7 3 64
3 3 64 64
3 3 64 64
3 3 64 64
3 3 64 64
1 1 64 48
1 1 64 128
3 3 64 128
3 3 128 128
3 3 128 128
3 3 128 128
3 3 128 256
1 1 128 256
3 3 256 256
3 3 256 256
3 3 256 256
1 1 256 512
3 3 256 512
3 3 512 512
3 3 512 512
3 3 512 512
3 3 512 256
3 3 512 256
3 3 512 256
1 1 512 256
1 1 1024 256
8 8 256 256
3 3 304 256
3 3 256 256
1 1 256 11
8 8 11 11

Total

9408
36864
36864
36864
36864

3072

8192
73728

147456
147456
147456
294912
32768
589824
589824
589824
131072
1179648
2359296
2359296
2359296
1179648
1179648
1179648
131072
262144
4194304
700416
589824
2816
7744

Architecture Weight Count

B2k DeeplLabV3+ & 1-bit Quantization$tCHH?

FP32 vs 1 Bit

Total Weight Count
bit byte
FP32 659111936 [MEPELLECPEM 82.388992MB
1bit | 20597248 2574656 2.574656 MB

Maximum Activation (Input Size: 360 x 480 x 3)
7 bit byte
FP32 105,062,400 [REREFL 13 1308 MB
1bit | 3,283,200 172800 0.1728 MB

chASE ZX| 2k 32-bitQ} 1-bit= VolumeOj| A 328} X}O]!
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Binarized Neural Networks: Training Neural Networks with Weights and
Activations Constrained to +1 or —1

Matthieu Courbariaux®! MATTHIEU.COURBARIAUX @ GMAIL.COM
Itay Hubara*? ITAYHUBARA @ GMAIL.COM
Daniel Soudry® DANIEL.SOUDRY @ GMAIL.COM
Ran El-Yaniv? RANI@CS.TECHNION.AC.IL
Yoshua Bengio'* YOSHUA.UMONTREAL @ GMAIL.COM

'Université de Montréal

>Technion - Israel Institute of Technology

3Columbia University

4CIFAR Senior Fellow

*Indicates equal contribution. Ordering determined by coin flip.

Hubara, Itay, et al. "Binarized neural networks." Advances in neural information processing systems. 2016.

\[LAB EXPO

Check point:
1. Binarization function
2. Backpropagation of BNNs (Algorithm1)
3. Computing gradients and updates

4\ MathWorks
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Binarization

Deterministic Binarization Stochastic Binarization

5 _ +1 ifz>0 | » _ | +1 with probability p = o(z),
2’ = Sign(z) = { 1 otherwise M i . —1  with probability 1 — p, @
where z° is the binarized variable (weight or activation) i where

and i the real-valued variable

o(z) = clip{xi’j,[}, 1) = max(0, min(1, f”gil)). 3)

B 4 A ! — ultra_fast
\ / Bnarizs | ol — hard

112342 | -15| -12 1 1 1| -1

32| 1| -5 15 1| -1 1] 1 g 04

24 | 055/ -54 | 0.24 101 | 1] 1 § 01

0101 |-02] 2 A1 |1 .

Hard sigmoid

Hubara, Itay, et al. "Binarized neural networks." Advances in neural information processing systems. 2016.
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Straight-through estimator?

an estimator g, of the gradient a_c —  straight-through estimator of 2¢
)

sign(x) O(x ' ‘htanh(z) STE(x)

1
1
1o 1 H 1 .
1
1
1
1
1
. C .
1
1
1

Derivatives of Signum function i
(form of dirac delta function] !

gr = gq1|r|£1-
v
Htanh(z) = Clip(z, —1,1) = max(—1,min(1,2)). (5)

Figure from Darabi, Sajad, et al. "BNN+: Improved binary network training." arXiv preprint arXiv:1812.11800 (2018).

ITLAB EXPO

4\ MathWorks
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Algorithm 1*

—

S Z0HA| - BNN ++3

Algorithm 1 Training a BNN. C is the cost function for

minibatch, A - the learning rate decay factor and L the num-

ber of layers. o indicates element-wise multiplication. The
function Binarize() specifies how to (stochastically or de-
terministically) binarize the activations and weights, and

Clip(), how to clip the weights. BatchNorm() specifies how

to batch-normalize the activations, using either batch nor-

malization (loffe & Szegedy, 2015) or its shift-based vari-
ant we describe in Algorithm 3. BackBatchNorm() speci-
fies how to backpropagate through the normalization. Up-
date() specifies how to update the parameters when their
gradients are known, using either ADAM (Kingma & Ba,

2014) or the shift-based AdaMax we describe in Algorithm

4.

Require: a minibatch of inputs and targets (aq,a*), pre-
vious weights W, previous BatchNorm parameters 6,
weights initialization coefficients from (Glorot & Ben-
gio, 2010) ~, and previous learning rate 7.

*Hubara, Itay, et al. "Binarized neural networks." Advances in neural information processing systems. 2016.

[LAB EXPO

Ensure: updated weights W**!, updated BatchNorm pa-
rameters 81 and updated learning rate n' 1,
{1. Computing the parameters gradients: }
{1.1. Forward propagation: }
for k=1to L do

W} « Binarize(W})
s+ al_ W}
ay + BatchNorm(sy, f;,)
if k < L then
a}, + Binarize(ay)
end if
end for
{1.2. Backward propagation:}
{Please note that the gradients are not binary. }
Compute g,, = % knowing a;, and a*
for k= Lto1do
if £ < L then
Gas. + Gab © Liay <1
end if
(Gsr» 96, ) + BackBatchNorm(g,, , sk, k)
gui 1 = s Wf
gwp 9ar @1
end for
{2. Accumulating the parameters gradients: }
for k =1to L do
0.F' « Update(0x, n, go,)
W« Clip(Update(Wy, v, gwp), =1, 1)
fr&+l — A‘?
end for

&\ MathWorks
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Algorithm 1: Training a BNN

Ensure: updated weights W*+!, updated BatchNorm pa-
rameters "1 and updated learning rate 5*+.
___{1. Computing the parameters gradients:} - Binary Weight : When using a weight w”r, quantize it using w*b=Sign(w"r)
{1.1. Forward propagation:}
fork=1to Ldo Constrain each real-valued weight between -1 and 1.
W} « Binarize(W;)
sp +ab_ WP — Clip weights during training
aj, + BatchNorm(sg, fr) ) )
if k < L then The real-valued weights would otherwise grow very

a} + Binarize(ay)
end if large

-------------------------------------------------------- without any impact on the binary weights.

{1.2. Backward propagation: }
b
Q Binarize

{Please note that the gradients are not binary. }
F-prop: Backprop:
y=fi) | sx=dy-
=8(x) didx[fP(x)]

- Binary Activation : Signum Activation Layer (backward: using STE)

Compute g,, = (ﬁf; knowing ay, and a*
fork=Ltoldo

a
if k < L then @Z

Binarize

Yar < Gab ©ljay|<1

end if MatMul or |5 Batch -ainanze o 2 e A k)
(gsy., ga, ) + BackBatchNorm(g,, , sk, 6%) <L ConP | Nom [<7 é’__l_- f
o _ ] ]
gu?__.l — g-‘ikw& —;-‘ “““““
T b -2=1012 -21012

Gwp € Ge, @y

_endfor
{2. Accumulating the parameters gradients: }
fork=1to L do
0! « Update(fy, 1, ga, )
Wt « Clip(Update(Wi, vin, gw;), —1,1)
?‘}"+1 — )\n

end for

Anderson, Alexander G., and Cory P. Berg. "The high-dimensional geometry of binary neural networks." ICLR2018.
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7|& g+E Z83% Model Training

layers = [
imageInputLayer([28 28 1])

convolution2dLayer(3,8, 'Padding', 'same')

Training Progress (26-Oct-2019 12:16:37)

Results
Validation accuracy:

98.00%

Training finished Reached final iteration

batchNormalizationLayer Final R

Training Time
reluLayer Start time: 26-0ct-201912:16:37

Elapsed time 2 min 58 sec
maxPooling2dLayer(2,'Stride',2) Training Cycle

Epoch: 80or8

. 0 q 00 0 9 Iteration; 248 0f 248
convolutlonZdLayer(3,16, Padding', 'same') = lteraions perepach. 31
batchNormalizat 10nLayer g Maximurm iterations 248
Q

reluLayer < Validation

Frequency: 30 iterations
maxPooling2dlLayer(2,'Stride"',2) Fatience nf

Other Information

. f q 0o f Hardware resource: Single CPU
convolut10n2dLayer(3,32, Padding', 'same"') TR G
batchNormalizationLayer Epoch 1 Epoch2 Epoch3 Epoch4 Epoch5 Epoch6 Epoch7 Epoch 8 Learning rate 0.01
0 1 1 1 1 1
re.LULayer 0 50 100 150 200 250
Iteration |
earn more
fullyConnectedLayer(10)
softmaxLayer
classificationLayer]; .
options = trainingOptions('sgdm', 2 Accuracy
'Maprochs' ,8, 21 Training (smoothed)
. . . . . . T
'ValidationData',{XValidation,YValidation}, ... 3 - JT:W
. . - = Validation

'ValidationFrequency',30, ... E
'Verbose', false, 05 toss

'Plots', 'training-progress');

net = trainNetwork(XTrain,YTrain, layers,options);

https://kr.mathworks.com/help/deeplearning/ref/trainingoptions.html

[LAB EXPO

Epoch 1 Epocl]2 Epoch
0

1
0 50 100 150 200
Iteration

250

Training (smoothed)
Training

— -8— = Validation

&\ MathWorks
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W2 FxE oA ML

layers = [
imageInputLayer([imgsize 3], 'Name', 'Input’','AverageImage', img_mean) %% Should have Mean

convolution2dLayer(5,64, 'Padding’',2, 'Stride',1, 'Name', 'Conv1')
batchNormalizationLayer( 'Name', 'bnl')

reluLayer('Name','r1")

maxPooling2dLayer(3, 'Stride',2, 'Padding',1, 'Name', 'Pooll')

convolution2dLayer(5,64, 'Padding',2, 'Stride',1, 'Name', 'Conv2')

batchNormalizationLayer('Name', 'bn2")

reluLayer('Name', 'r2"') © @ /Applications/MATLAB_R2020a.app/toolbox/nnet/cnn/convolution2dLayer.m [Read Only]
maxPooling2dLayer(3, 'Stride',2, 'Padding

EDITOR PUBLISH VIEW
convolution2dLayer(5,128, 'Padding',2,'S 1 =] LgFind Files Insert = G| ¥ o= = = Lo
batchNormalizat)i/onLa)'/er("Name', ‘gné‘s q-lj i H qu e E:'] # /Ed 2.3 [) L?_";}' ngRun Section Q))
reluLayer('Name','r3") New Open Save PEUSIEEGRAS | D iR (s /f " Breakpoints Run  Runand {5 Advance Run and
v v v = Print ¥ ( Find Indent || %3 5 v v Advance Time
% fullyConnectedLayer (3072, ‘Name', ' fcl' FILE NAVIGATE EDIT BREAKPOINTS RUN
% batchNormalizationLayer('Name','fcl-b 1 function layer = convolution2dLayer( varargin )
% reluLayer('Name', 'fcl-r') 2 % convolution2dLayer 2D convolution layer for Convolutional Neural Networks
% dropoutLayer(0.5, 'Name', 'dropl') 3 %
I; 4 % layer = convolution2dLayer(filterSize, numFilters) creates a layer
5 % for 2D convolution. filterSize specifies the height and width of the

https://kr.mathworks.com/help/deeplearning/ref/trainingoptions.html

4\ MathWorks
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Convolution LayersS & H

convolution2dLayer -> ->

Convolution2D < nnet. internal.cnn. layer . Funct ionallLayer ...

1 function laver = convolution2dlaver( wvararain )
5 & nnet . Internal.cnn. layer . CPUFusablelaver
128 - internallaver = nnet.internal.cnn. layerlConvolution2h Mame, ...
129 args.FilterSize, ... H
130 args.NunChannels, ... 115 function this = ConvolutionZDi ...
131 aras.NunFilters, ... 116 name, filterSize, numChannels, nunFilters, stride, dilationFactor, paddinaMode, paddingSize)
1532 args.Stride,
193 5 00 e e e 169 function Z = predict( this, X )
13 args. Padd inghode, 7
195 args. Padd ingSize): m - it(this, usinaFilterGroups())
M2 - Z = this.predictTwoFilterGroupsWithCachingl ¥ );
145 — layer = nnet.cnn. laver.Convolution2Dlaver(internallayer); gi: elsez - this.predictiormal { £ )
146 - laver Weishtslnitializer = aras.WeightsInitializer: 195 - end ' ’
147 - layer Biasinitializer = args.Biasinitializer; 1% - -
148 — layer . Weights = args. Weights: I 545 function this = setHostStratesy(this)
143 - layer.Bias = args.Bias; 178 function [2, memary] = forward( this, X ) 548
150 — ] . 547 — noDilation = isequal(this.DilationFactar, [1 1]);
160 — nemory = [13 548 — if nnet.internal.cnnhost.useMKLDNN && noDilation
181 - {1 (this.usingFi | tarGroups()] 549 — this.ExecutionStratesy = nnet.internal.cnn.layer.util.Convolution2DHostMk|dnnStrateay():
X K 550 — else
2= Z = this. forvardTwoFilterGroups( ¥ ); 861 — this.ExecutionStrateay = nnet.internal.cnn. layer.util.Convolut ion2DHostStridedConvStrategy();
183 - else 2 _ end
184 - Z = this. forwarddornal ( % }; 53 - o
185 — end 554
186 — end 555 function this = setGPUStrateay(this)
187 956 — this.ExecutionStratesy = nnet.internal .cnn. laver.util[Convalut ion2DGPUSE ratesyi);]
188 function vararaout = backward( this, X, ~, d2, ~ ) 557 — end
189 568 end
1590 559
19 - it{this. usingFilterGroups()) 560 nethods(dccess=protected)
192 - [varargout{1:nargout}] = this.backwardTwoFilterGroues(¥, [], , 561 function this = setFunct fonalStrateay(this)
193 — else BhZ — this.ExecutionStrategy = ...
194 — [varargout{i:nargout}] = this.backwardNormal (%, [], dZ, []): , 563 nnet. internal.cnn. layer.util.Convolution2DFunct ionalStrateay();
195 — end 564 - end
195 — and 565 end

\[LAB BXXIPO 4\ MathWorks 20
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Convolution LayersS & H

convolution2dLayer ->

1
2

128 —
129
130
131
132
133
134
135

145 —
146 -
147 -
148 -
149 -
180 —

function laver = convolution2dlaver( wvararain )

Mame, ...
aras.FilterSize,
args.NunChannels,

internallaver = nnet.internal.cnn. layerlConvolution2h

args. NunFilters,
args.Stride,

args.Dilat fonFactor,
args.PaddingMode,
args.PaddingSize);

layer = nnet.cnn. layer.Convolution2Dlayer{internallaver);

laver Weishtslnitializer = aras.Weights/nitializer:
layer.Biaslnitializer = args.Biasinitiglizer;

layer Weights = args.Weights;

layer.Bias = args Bias:
end

classdet ConvolutionZDlayer < nnet.cnn.layer.layer & ..
nnet.internal . con. laver Externalizable

Mo wora —

\[LAB EXPO

Convolution2D £ nnet. internal.cnn. layer . Functionallayer ...
& nnet . Internal.citlaver . CPUFusablelaver

function this = Convolution2D( ..
name, filterSize, nunChannels. nunFilte

function Z = predict( this, X )

it(this, usinaFilterGroups())
Z = this.predictTwoFilterGroupsWithCachingl ¥ );
else
7 = this.predictNarmal ( ¥ )
end
end

function [Z, mewdr ward( this, ¥ )
memory = []:
it(this.usingFilterGroups())

Z = this. foryardTwoFi lterGrours( ¥ );

else
Z = this. forvardiormal ( ¥ J:
end
end
function vararaout = backward( this, X, ~, d2, ~ )

if(this.usingFilterGroups())

[varargout{1:nargout}] = this.backwardTwoFilterGroups(X,
else

[warargout{1:nargout}] = this.backwardormal (%, [], dZ.
end

anrd

1.

1

545
548
547
548

52
553
554
555
58
557
558
58
60
561
562
563
64
565

stride, dilationFactor, paddinaMode, paddingSize)

function thisSsgetHostStrateay(this)

- noDi lation = is.DilationFactor, [1 1]);
KLONN && noDilation

internal.con. layver.util. Convolut ion20HostMk |dnnStrateay():

isequa
= if nnet.internal.cnnhost.

this.ExecutionStratesy =
else

this.ExecutionStrateay = nnet.interna

function this = setGPUStrateay(this)
= this.ExecutionStratesy = nnet.internal.cnn. layer util|[Con¥
- end

DGPUSE rategyi):

end
nethods(dccess=protected)
function this = setFunctionalStrateav(this)
= this.ExecutionStrategy = ...

nnet. internal.cnn. layer.util.Convolution2DFunct ionalStrateay();

end

4\ MathWorks
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Convolution LayersS 4o & H|

1 classdef Convolution2DGPUStrateay < nnet.internal.cnn. laver.util.Execut ionSt
2
8
7 methods|
3 fun|cti0n [Z., memary] = forward(~, ¥, ... M function [dX,dW] = backward{~, ...
q weights, bias, ... i ¥, weights, dZ, ...
10 topPad, leftPad, ... 36 topPad. leftPad, ...
11 hottomPad, rightPad, ... 7 bottonPad, rightPad, ...
12 verticalStride, horizontalStride, ... 38 stridefeisht, strideWidth, ...
13 verticalDilation, horizontalDilation) i vert fenllof ek i, (orfami (o) ek fom)
14 - paddingSize = [topPad bottonPad leftPad rightPadl: jI” - padj‘f?‘;fsz ;FD":“‘ "Dtt”’“":‘d '?”Pad rightPad] ;
15 - i iPaddinalsSynmetricipaddinaGize) - needstelgntaradients = nargout > 1
- 42 — i1 iPaddinalsSymmetric(paddingSize)
)= | Z 5 Mk !nternal .Cnngpu.CDnVDIveFDrwardED(l 43 — [#% = "nnet . internal . cnngpu. convalveBackwardData2D(] . . .
U Ho DBlEmie a ¥, weishts, dzZ, ...
0 Burtreel, [eilraL a5 topPad, leftPad, ...
13 bottonPad. rightPad. ... a5 battonPad, rightPad, ...
20 verticalStride, horizontalStride, ... 47 strideHeight, strideWidth,
21 verticalDilation, horizontalDilation) + bias; 48 verticalDilation, horizontalDilation?:
22 - else 49 - if needsWeightGradients
23 - % = iPadhrray(¥, paddingSizel; B0 — d¥{1} = nnet.internal.cnngpu.convolveBackwardFilter2D( .
24 - Z = nnet.internal .cnnapu. convolveForward2Dl ... 5l H,oweights, dZ, ...
25 X, weights, ... 52 topPad, leftPad, ...
26 0.0, ... B3 bottomPad, rightPad, ...
o7 o, o, ... 54 strideHeight, strideWidth, ...
25 verticalStride, horizontalStride, ... BR verticalDilation, horizantalDilation);
29 verticalDilation, horizontalDilation) + bias: E'Bg - I end
- else
g? _ :Ziory = ; 58 - % = iPaddrray(¥, paddinaSize);
90 _ and B9 - d¥ = nnet. internal.cnngpu.convolveBackwardData2D( ...
B0 %, weights, dZ, ...
i} @ @ oo
B2 o, o ...
63 strideHeight, stride¥idth, ...
G4 verticalDilation, horizontalDilation);
65 — di = iUnpadirray(dX, paddingSize):

TLAB BXIPO &\ MathWorks
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Binarized Convolutional Layers

Ensure: updated weights W, updated BatchNorm pa-
rameters §°*! and updated learning rate n**?.

{1. Computing the parameters gradients:}

C}2 0|02 & & A7)

{1.1. Forward propagation: } 8 function [Z, memory] = forwardi~, X, ...
fork=1to L do g9 weights, bias, ...
W} + Binarize(W}) 0 topPad, leftPad, ...
sk ¢ al_ W \ " bottonPad, rightPad, ...
Bk  BatchNorm(sy, 6x) — 12 vertical5tride, horizontalStride, ...
lfk;:Ltlfen - 13 verticalDilation, horizontalDilation)
enikif{_ Binarize(ax) 14 - paddingSize = [topPad bottomPad leftPad rishtPadl:
eud for :E - weishts= signiweights);
{1.2. Backward propagation:} , , o
{Please note that the gradients are not binary. } 7]~ e
Compute g,, = ;‘E knowing ay, and a*
for k= Lto1ldo
if k < L then i
Ja, = Gat 0 1ja <1 R function [d)(,cll'n\'] = backward(~, ...
end if 3 ¥, weights, dZ, ...
(9., 90, ) + BackBatchNorm(ga, , sk, f) 40 topPad, leftPad, ...
Gab | Gs W 41 bottomPad, rishtPad. ...
gws glab_, \ 42 strideHeight, strideWidth, ...
end for — 43 verticalDilation, horizontalDilation)
_{2_A:_:cumulat_mg_thépa_ranieters_gric_ll_éﬁt;} ____________ 44 — paddingSize = [topPad bottomPad leftPad rightPadl;
fork=1to L do 45 — needsWeightGradients = nargout > 1;
0. « Update(0y, 7, 9s,) 4
Wt « Clip(Update(W, ven, gw), —1.1) 47 - weightsFP=yeights;
gl e A 48 - weights= signiweights);
end for 49 — weights(weights==0)=1;

TLAB EXPO

O| IS} HHEMN Bt

AH Ay
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A
T O o

[ot

) Binarizedconvoluti on2dLayer.m

¥ BinarizedConvolution2D.m

¥ BinarizedConvoluticn2DFuncti onalStrategy.m

|| BinarizedConvolution2DGPUStrategy.asv

¥ BinarizedConvolution2DG PUStrategy.m

¥ BinarizedConvolution2DHostM kldnnStrategy.m

‘_—‘ﬂ BinarizedConvolution2DHostStridedConvStrategy.m

4\ MathWorks 23
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Custom LayerS &8

classdef myLayer < nnet.layer.Layer

properties
% (Optional) Layer properties.

% Layer properties go here.
end

properties (Learnable)
5 (Optional) Layer learnable parameters.

% Layer learnable parameters go here.
end

methods
function layer = myLayer()
s (Optional) Create a mylLayer.
% This function must have the same name as the class.

% Layer constructor function goes here.
end

function [Z1, .., Zm] = predict(layer, X1, .., Xn)
% Forward input data through the layer at prediction time and

% output the result

% Inputs:

layer - Layer to forward propagate through
% X1, ..., Xn - Input data
% Outputs:
% Z1, ..., Zm - Outputs of layer forward function

% Layer forward function for prediction goes here.
end
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classdef Signumbctivation < nnet.lawer.Layer
methods
function layer = Signumictivation({name)
layer Mame = name;
end

function [Z,memory] = fowardi(~, %)
Z=gian(®);
Z(Z==0)=1;
memary=[];

end

function Z = predict{~, %}
Z=sign (i) ;
Z(7==01=1;

end

function dld¥ = backward(~, ¥, ~, dLdZ.
dldi = (dldZ) . +(¥>-1 & ¥<1)
end
end
end

‘_—ﬂ SignumActivation.m
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New Functions for BNN Training

Ensure: updated weights W'**, updated BatchNorm pa-

rameters #'*! and updated learning rate 5*+1.
{1.1. Forward propagation:}
fork=1to Ldo

W,:’ + Binarize(W})

s —all_ W}

ay, + BatchNorm(sy, 0)

if k < L then

a} ¢ Binarize(ay)

end if
{1.2. Backward propagation: }
{Please note that the gradients are not binary. }
Compute g,, = % knowing ay, and a*
for k=Ltoldo

if k < L then

Gay © Gab © Lja,|<1

end if

(95,90, ) + BackBatchNorm(g,, , sk, fx)

Gab_, 9o WY

Jwp 9o 81
end for

{2. Accumulating the parameters gradients:}

for k =1to L do
0! « Update(,7, gg, )
Wit « Clip(Update(Wi, yin, gwp),—1,1)
ﬂr.+l — A'?

end for

TLAB EXPO

1IN

CNNZ2| 1-bit quantization2 2|¢t gt

) Binarizedconvoluti on2dLayer.m

¥ BinarizedConvolution2D.m

¥ BinarizedConvolution2DFuncti onalStrategy.m

|| BinarizedConvelution2DGPUStrategy.asv

¥ BinarizedConvolution2DG PUStrategy.m

¥ BinarizedConvolution2DHostM kldnnStrategy.m

‘_ﬂ BinarizedConvolution2DHostStridedConvStrategy.m
‘_:_]j SignumaActivation.m

k=

layers = [

image|nputlayer([32 32 3], Mame', input’, Mormalization',

Binarizedconvolution2dlayer(3,64, Padding’, same’,

batchMormalizationLayer( Hame', 'BatchMorml )
Signundct ivatlon{ " Sianl ")

‘Stride’,

“none ")

I, 'BiasLearnRateFactor’, 0, Mame',

‘binConvl ")

Binarizedconvo lution2dlayer (3,64, "Padding’, "same’, 'Stride’, 1, BiasLearnRateFactor’, 0, ‘Hame', binConv2')

batchMormalizationLaver( Wame', 'BatchMorn2')
Signundct ivation Sian2" )

maxPoo | ing2dlaver(2, 'Stride’,2, "Mame', "MaxPool1')

Binarizedconvo lution2dlayer(3, 128, 'Padding’, same’,

batchMormal izat ionLayer( Nane ', Batchborn3')
Signumdctivat ion Sign3")

Binarizedconvolution2dlayver(3,1268, 'Padding’, 'same’,

batchNormalizat ionLaver( Hame', BatchHornd )
Signundctivation( Siand )

maxPaoling2dlayer(2, 'Stride’,2, Nane', MaxPool2')

Binarizedconvolution2dlaver(3, 256, 'Padding’, 'same’,

batchNormalizationLaver( Hame ., BatchNorn5')
Signundctivation( Sian5 )

Binarizedconvo lution2dlaver(3, 286, 'Padding’, 'sane’,

batchNormalizationLaver( Hame', BatchNorng )
Signundctivation( SianE" )

maxPooling2dlayer(2, ‘Stride’,2, Nane', MaxPoal3')

averagePool ing2dLayer(d, ‘Hame', avePool1")
Signundctivation Signdve’)

Binarizedconvolution2dlayer(1,10, Padding’, "same’,

batchNormalizationLayer( Wame', BatchMorn? )
softmaxlayer( Name', ‘softmax’)
classificationlayer( Name', classoutput )

Ik

‘Stride’,

‘Stride’,

‘Stride’

‘Stride’,

‘Stride’

.1, 'BiaslearnRateFactor ", 0, "Hame",

.1, 'BiasLearnRateFactor ", 0, "Hame",

1, 'BiasLearnRateFactor”, 0, Mame',

BNN(VGG7 model)

&\ MathWorks

1, ‘BiaslearnRateFactor’,0, "Hame’,

1, 'BiaslearnRateFactor’,0, "Hame',

‘binConv3')

‘binConvd"}

"binConva")

‘binConvG")

‘binConv? )
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CIFAR-10 Training Results

AN

2 E
= O

St

—

Validation Data Confusion Matrix

BIT INPUT.)

COMPARISON OF BINARIZED VGG-11 CNNS (NOTE THAT, THE INTEGER CONVOLUTIONAL LAYER (ICONV1) USES | BIT WEIGHT AND 8

- 865 | 9 | 45 | 23 | 22 | 13 | 2 | 13 | 62
dirplane | g gor | 0.1% | 0.4% | 0.2% | 0.2% | 0.1% | 0.0% | 0.1% | 0.6%
omope | € (931 1 [ 8 [ 2| 2 |1 3 | 15
automoble | g ooy | 9.3% | 0.0% | 0.1% | 0.0% | 0.0% | 0.0% | 0.0% | 0.1%
bird 34 2 750 | M 42 25 kh | 12 9 TABLE II1.
"1 0.3% | 0.0% | 7.5% | 0.4% | 0.4% | 0.3% | 0.3% [ 0.1% | 0.1%
cal 14 1 25 (630 | 25 | 99 | 26 | 14 1 Layes Ouipt 'ln';?(;:'\'dm::niqbiu' Weight | Ouipot
0.1% | 0.0% | 0.3% | 6.3% | 0.3% | 1.0% | 0.3% | 0.1% | 0.0% || Dim #Fms Foaps sl | D
@ geer| 8 | 0 | 44| 56 | 805 30 | 12 | 32 | 4 vl B o o 9§ e
] 0.1% | 0.0% | 0.4% | 0.6% | 8.1% | 0.3% | 0.1% | 0.3% | 0.0% ::::*'"‘: ::‘ :2 l’:: :3: l:_‘;: :: ::‘
G A\h‘\“l\’m‘l '\ 8 IE\ IE.\' ' \( \‘
— d & 0 39 | 122 18 | 750 8 25 0 BConvs 8x 8 128 256 2949K 8x 8
3 %9 0.0% | 0.0% | 0.4% | 1.2% | 0.2% | 7.5% | 0.1% | 0.3% | 0.0% B | Bx® 26 26 9K | 8x3
Max Pool 4% 256 256 X
= 5 1 56 69 49 15 | 909 B 7 [BFCI %1 3096 4096 169M | 3% 32
BFC2 Ix1 4096 4096 16.7M 32 32
o 916,19 | 0.0% | 0.6% | 0.7% | 0.5% | 0.4% | 9.1% | 0.1% | 0.1% BRCY i e M- i
(fc total) (33.6M)
h 8 2 | 27 | 25 | 32 | 35 | 4 [885 | 2 2 866 Cloar 1 TN |
052 1 0.4% | 0.0% | 0.3% | 0.3% | 0.3% | 0.4% | 0.0% | 8.8% | 0.0% | 0.0% |12 4% (Emor Rate | 6% |
hi B 3 5 4 1 884 11 1.8%
ship 0.1% | 0.0% | 0.1% | 0.0% | 0.0% | 8.8% | 0.1% | 8.2%
ek 18| 2 | 6 | 3| 7 | 16 | 908 |ooc
rue 0.2% | 0.0% | 0.1% | 0.0% | 0.1% | 0.2% [ 9.1% |11.4%
w63 .0% %e|88 .55
37.0% 11.5%
" .
$ &P & & &
& & A
¥ W
"b\}

Neuron Pruning

Tnput

)

Output

Fusps

()
64
64
128
128
128
256
256
256
354
3
10

Weight

294 9K
589.83K

14.4M
109K
310
(14.6M)
26.0M |
191% |

Paper Reference*

Target Class

Output

Dim.

% 32
x 32
x 16
x 16
% 16

400 00 %

x 8

8
8
4

Proposed
Toput— Output
# Fmaps Fmaps
3 63
64 64
64 64
64 128
128 128
128 128
128 256
256 256
256 256

(Ave Pool)
256 10

Error Rate = 18.2%

Weight
[bits]
TIK |
36.8K
737K

147.4K

2949K
589.8K

25K
25K) |
T15M |
18.2% |

*Nakahara, Hiroki, Tomoya Fujii, and Shimpei Sato. "A fully connected layer elimination for a binarizec convolutional neural network on an FPGA." 2017 27th International Conference on Field Programmable Logic and Applications (FPL). IEEE, 2017.
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Latent Space Visualization(t-SNE)
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Nakahara, Hiroki, Tomoya Fuijii, and Shimpei Sato. "A fully connected layer elimination for a binarizec convolutional neural network on an FPGA." 2017 27th International Conference on Field Programmable Logic and Applications (FPL). IEEE, 2017.
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BNN Training Results

Conv layers Weight Probability Density
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