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Introduction

e DNN trés coliteux en temps de calcul et consommation énergétique
® Besoin d’embarquer les DNN sur des appareils grand public

® Diminution des opérations de multiplication : Binary Neural Network
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BinaryConnect

Restreindre les poids a -1 et +1

Déterministe

+1 six>0
Xp = . .
—1 si x sinon

Stochastique

+1 avec une probabilité p = o(x)
Xp = .
—1 avec une probabilité 1 — p

ou o est la fonction "hard sigmoid”

1 1
O'(X) = C/Ip(%, 0’ ]_) = max(o, min(]_’ %))
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BinaryConnect : Algorithme

Entrées : minibatch(inputs,targets), wy_1, by—1 and 7
Calcul de w; et by
1. Forward propagation
wp = binarize(wy1)
For k =1 to L, compute ax knowing ax1, wp and by
2. Backward propagation
Initialize output layer's activations gradient %f,

_ acC : acC
For k = L to 2, compute Doy T knowing P2 and wy
3. Update parameters
Compute g—vfb and % knowing gTCk and ax_1
we = clip(we—1 — 77837(/‘;)
oC
by = b1 — U
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BinaryConnect : Algorithme
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Binary Neural Network : Approches
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Binary Neural Network : Algorithme

Calcul du gradient des parametres : Forward propagation

fork =1to Ldo
W} « Binarize(W)
sp +—ab_ W}
ay + BatchNorm(sg, 0%)
if £ < L then
al <« Binarize(ax)
end if
end for
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Binary Neural Network : Algorithme

Activation Layer Activation Layer

Forward pass —>

q = Sign(r)
Sign(x) Htanh(x)

(OOOO
0000

Straight Through Estimator

— Backward pass

9r = 9qljr|<1-
v
Htanh(z) = Clip(z, —1,1) = max(—1, min(1, z))
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Binary Neural Network : Algorithme

Calcul du gradient des parametres : Backward propagation

{Please note that the gradients are not binary. }
Compute g,, = BTCL knowing az, and a*
for k= Lto1ldo

if £ < L then

Gar. < Gat © Ljay|<1

end if

(gsk ’ ggk) A Ba'CkBa‘tChNorm(gak y Sk ek)

gal,’%l A gSleg

T b

9wt < 95, A1

end for
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Binary Neural Network : Algorithme

Modification des parameétres

{2. Accumulating the parameters gradients:}
fork =1to L do
92"’1 + Update(6x, 7, go,)
Wi « Clip(Update(Wi, yin, gwe),—1,1)
nt+1 — )\,,7
end for
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Binary Neural Network : Batch Normalization

Input: Values of x over a mini-batch: B = {x1._ . }:
Parameters to be learned: v, 3
Output: {y; = BN, g(x;)}

1 m
— E i // mini-batch

b = — 2 x mini-batch mean
1 m

2 2 - -

— E s — 1 -batch

0B iﬂ(% 1B) mini-batch variance

X :Ei;i'ug // normalize
Vogte

Yi < 7Z; + 5 = BN, 5(z;) // scale and shift
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Binary Neural Network : Shift based Batch
Normalization

Require: Values of z over a mini-batch: B = {z1..m};
Parameters to be learned: v, 8

Ensure: {y; = BN(z;,7,8)}
pp L 3" ; {mini-batch mean}
C(z;) + (z; — pp) {centered input}
0% +L 3" (C(z;)<>AP2(C(x;))) {apx variance}
% + C(x;) <> AP2((\/0% +¢€)~') {normalize}
y;  AP2(y) <> &; {scale and shift}
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Exéperiences sur MNIST, CIFAR-10 et SVHN

Data set MNIST SVHN CIFAR-10
Binarized activations+weights, during training and test

BNN (Torch7) 1.40% 253%  10.15%

BNN (Theano) 0.96% 280%  11.40%

Committee Machines’ Array (Baldassi et al., 2015) 1.35% - -
Binarized weights, during training and test

BinaryConnect (Courbariaux et al., 2015) 1.29+ 0.08% 2.30% 9.90%
Binarized activations+weights, during test
EBP (Cheng et al., 2015) 22+ 0.1% - -
Bitwise DNNs (Kim & Smaragdis, 2016) 1.33% - -
Ternary weights, binary activations, during test
(Hwang & SungJ 2014) 1.45% - -
No binarization (standard results)

Maxout Networks (Goodfellow et al.} 0.94% 2.47% 11.68%
Network in Network (Lin et al.) - 2.35% 10.41%
Gated pooling (Lee et al., 2015) - 169%  71.62%
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Gain en énergie

Pour les GPU utilisant la technique SWAR (Single Instruction Multiple Data within a
register), 32 variables binaires peuvent étre concaténées dans des registres de 32 bits pour
accélérer les opérations bit a bit (XNOR).

GPU KERNELS' EXECUTION TIMES
X MULT SUM
= . —

;
x ,
1
v | ., Al. Hl= HEER

MATRIX MULT. (3 MNISTMLP (s)  MLP TEST ERROR (%)

W BASELINEKERNEL W CUBLAS/THEANO m XNOR KERNEL
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