Training Binary Neural Networks




{851t

0 —{Ek
O ER#->{11}
O fSMEZEK
B EREESMESREE
n R -3REEHE
m ~2fEEIR R
O NEZEX+ECEEZEKR
B EfHEES>MIEE (XNOR, bitcount)
mOEL-3R2EEHE
B ~58{ZIBIL IR




BinaryConnect

O BREZEK
" WmEAN,, — { +1 ifw >0,
m fEILAI —1 otherwise.

[ 41 with probability p = o'(w),
b =19 _1 with probability 1 — p.

o(r) = clip(I—; ,0,1) = max(0, min(1, ! —ZI’_ )

0 REfEESHETE
" RBwWERHE
m BRERM, KB AR RE

Wi — Clip('lb‘t—l - Tyg—lf;)




BinaryConnect
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Algorithm 1 SGD training with BinaryConnect. C' is the cost function for minibatch and the func-
tions binarize(w) and clip(w) specify how to binarize and clip weights. L is the number of layers.

Require: a minibatch of (inputs, targets), previous parameters w;_; (weights) and b;_; (biases),
and learning rate n.
Ensure: updated parameters w; and b;.
1. Forward propagation:
wp «— binarize(w;—1)
For k =1 to L, compute aj; knowing ax—1, wp and b;—q
2. Backward propagation:
Initialize output layer’s activations Qradient £C

For & = L to 2, compute 5 ac km}wmg and wy,
3. Parameter update
Cmnpute and db - l(ﬂDWlI]Q and p_1
wp — clip(uwy_y — ng?f )
ac

by — bi—1 _nﬁbi .
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Binarized Neural Networks (BNN)
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{1. Computing the parameters gradients: }
{1.1. Forward propagation: }
for k =1to L do
W} « Binarize(W})
sk —ab_ W}
ap. + BatchNorm(sy, 6z )
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 ay, and a™
fork=Lto1do
if l: < L then
Gag gai o llﬂkl‘_':l
end if
(gs,., 9o, ) + BackBatchNorm(g,, , s, 0%)
gai_l A gs.‘c IVE

T b
Iwp = 95, Qp_

end for
{2. Accumulating the parameters gradients: }
fork =1to L do
%1 « Update(6s, 7,90, )
EO Chp(Upd&tC{sz Ve, gﬁ-’g): _1: 1)
ias)

end for
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Algorithm 5 Running a BNN. L is the number of layers.

Require: a vector of 8-bit inputs ap. the binary weights

Wt and the BatchNorm parameters #.

Ensure: the MLP output a;..

{ 1. First layer: }
ay + 0
forn =1t 8do
ay + a; + 2" x XnorDotProduct(aj, W?)
end for
a$ + Sign(BatchNorm(ay, 6 ))
{2. Remaining hidden layers: }
fork=2toL —1do
aj — KnDrDDtPdeuct{ai_l W E)
a} + Sign(BatchNorm(ay, 6y))
end for
{3. Output layer: }
ar + XnorDotProduct(a ,, W})
ar, + BatchNorm(ar, 1)
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XNOR-Net
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Network Variations Operations Memory | Computation = Accuracy on
used in Saving Saving ImageNet
Convolution | (Inference) | (Inference) (AlexNet)

Real-Value Inputs

Standard Real-Value Weights

Convolution  g.11-0.21.-0.34"" 012 12 7 041 +,—-,X 1x 1x %56.7
-0.250861 ... 0527 ! _
Real-Value Inputs
. Binary Weights
Binary Weight 011021 . -0.34- 13517, +, - ~32x ~2X %56.8
0250861 ... 0.52~ T lel
Binary Inputs _
BinaryWeight - Binary Weights XNOR
Binary Input 1404 [ 13117 . ! ~32X ~58x %44.2
(XNOR-Net) SIS —aa.at V) bitcount



BWN
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BWN
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Algorithm 1. Training an L-layers CNN with binary weights:

Input: A minibatch of inputs and targets (I, Y), cost function C(Y, ‘i’) current weight
W*" and current learning rate n°.
Output: updated weight W1 and updated learning rate n**?.
: Binarizing weight filters:
 forl=1to L do
for k' filter in I'" layer do
Atk = 7 [[Wi||ex
Bir = sign(Wi)
- Wik = AuBu
Y = BinaryForward(L B, .A) // standard forward propagation except that convolutions
are computed using Eq.1 or 11
% = BinaryBackward(%, W) // standard bacdkward propagation except that gra-
dients are computed using W instead of W*
9: Witl — UpdateParameters(Wt, %, M¢) // Any update rules (e.g., SGD or ADAM)
10: nH_l = UpdateLearningrate(nt, t) // Any learning rate scheduling function
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XNOR-Net
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XNOR-Net
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XNOR-Net
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Ternary weight networks
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MNIST CIFAR-10 ImageNet (top-1) ImageNet (top-5)

TWNs 99.35 92.56 61.8/65.3 84.2/ 86.2
BPWNs 99.05 90.18 57.5/61.6 81.2/83.9
FPWNs 99.41 02.88 65.4/67.6 86.76 / 88.0
BinaryConnect 98.82 91.73 - -
Binarized Neural Networks 88.6 89.85 - -
Binary Weight Networks - - 60.8 83.0
XNOR-Net - - 51.2 73.2

! ! ! !
0.96 -7-——-r----=-r=- -~ {e——sFull precizion (LeMat-5) ] ! ! Full precision (VGGT-128)
n.sg ALt .. |e—s—sTemary precision (LeNet-5) | 0.751-- e Temary precision (VGGT-128)
’ ' p—0—n Binary precision (LeMeat-5) ] ' '

Binary precigion (WVGGT—128)
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TTQ

Error Rate

18%
16%
14%
12%
10%
8%
6%
4%

2%
0%

Error | Full precision L caall il
(DoReFa) | (TWN) | (Ours)

Topl 42 .8% 46.1% 45.5% | 42.5%

Top3S 19.7% 23.7% 23.2% | 20.3%

Table 2: Topl and Top3 error rate of AlexNet on ImageNet

< Validation Error 2 Train Error

Full Precision
8%

w/o pruning 10% 20% 30% 40%  50% 60% T0% 80% 90%  100%
Sparsity: percentage of zero weights
Figure 5: Accuracy v.s. Sparsity on ResNet-20



DoReFa-Net
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Forward: r, = ok 1 round((2% — 1)r;)
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DoReFa-Net
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1 h(:l?) _ tanh(;)—l—l
2. h(z) = clip(z,0,1) % (r) = quantize (r).
3. h(x) = min(1, |z|)

tanh(r;)
2 max (| tanh(r;)|)

1
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DoReFa-Net
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fur k=1toL do
W £ (W)
ar + forward(a?_,,W})
ay < h(ag)
if £ < L then
aj, + f5 (ax)
end if

ab = fa(h(ar))
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DoReFa-Net

Algorithm 1 Training a L-layer DoReFa-Net with W -bit weights and A-bit activations using G-bit
gradients. Weights, activations and gradients are quantized according to|Eqn. 9| [Eqn. 11| [Eqn. 12|
respectively.

Require: a minibatch of inputs and targets (ag, a*), previous weights 1, learning rate n
Ensure: updated weights Wt!
{1. Computing the parameter gradients: }
{1.1 Forward propagation: }
I: for k =1to L do
22 WP V(W)
3 aj forward{ai_l,ﬂ‘rﬁ)
4. aj. + hay)
5 if k < L then
6: aj — fi(ax)
7 end if
8:  Optionally apply pooling
9: end for
{1.2 Backward propagation: }
Compute g,, = % knowing a;, and a”.
10: fork=Ltoldo
11:  Back-propagate g,, through activation function h
12 gh, + f5(gar)
13: Ga, , + backward_input(ggk,ﬂ‘rﬁ)
14:  gwp ¢ backwardweight (ggk ah_ )
15:  Back-propagate gradients through pooling layer if there is one
16: end for
{2. Accumulating the parameters gradients: }
17: for k. =1to L do
18 gwi. = 9w aw,
19: Wit «— Update(Wy, gw,, 1)
20: end for




DoReFa-Net

W A G Training Inference Storage AlexNet Accuracy
Complexity Complexity Relative
Size
1 1 6 7 1 1 0.395
1 1 § 9 1 1 0.395
1 1 32 - 1 1 0.279 (BNN)
1 1 32 - 1 1 0.442 (XNOR-Net)
1 1 32 - 1 1 0.401
1 1 32 - 1 1 0.436 (initialized)
1 2 6 8 2 1 0.461
1 2 8 10 2 1 0.463
1 2 32 - 2 1 0.477
1 2 32 - 2 1 0.498 (initialized)
1 3 6 9 3 1 0.471
1 3 32 - 3 1 0.484
1 4 6 - 4 1 0.482
1 4 32 - 4 1 0.503
1 4 32 - 4 1 0.530 (initialized)
&8 8§ 8 - - 8 0.530
32 32 32 - - 32 0.559
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®  Pixel-wise
B  Row-wise
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[7] J. Faraone, N. Fraser, M. Blott, and P. H. Leong. Syq: Learning symmetric quantization for
efficient deep neural networks. In CVPR, 2018.
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w = sign(w)
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Table 3. Comparison to previously published AlexNet results

Model Weights Act. Top-1 Top-5
DoReFa-Net [33] 1 2 49.8 -
QNN 1 2 51.0 73.7
HWGQ [2] 1 2 52.7 76.3
SYQ 1 2 55.4 78.6
DoReFa-Net [33] 1 4 53.0 -
SYQ 1 4 56.2 79.4
BWN [24] 1 32 56.8 79.4
SYQ 1 8 56.6 79.4
SYQ 2 2 55.8 79.2
FGQ [21] 2 8 49.04
TTQ 2 32 57.5 79.7
SYQ 2 8 58.1 80.8




TBN

L1 Ternary-Binary Network

Methods Inputs Weights MACs Binary operations Speedup Operations
|Full—precision R R nXmxq 0 1x +, x
v | TTQ[00] R {—a™,0+a"}nxmxg 0 ~ 2 +.-
£ E| TWN [33] R {—~2,0,—a} nxmxgq 0 ~ 2X +.-
% 7 | BWN [1] R {—a,+a} nxmxg 0 ~ 2% +,-
&% | BCJ R {-1,+1} nxmxgq 0 ~ 2 +.-
= TNN [1] {-1,0,1} {-1,0,1} 0 EXnxmxg 15% AND, bitcount
2 £ | GXNOR [1] {-1,0,1} {-1,0,1} 0 5XnXmXg 15% AND. bitcount
= 2| BNN [7] {-1,+1} {-1,+1} 0 2xnxmxgqg  64x XOR, biteount
_ug': = | XNOR | {-8,+5} {—a,+a} 2xnxm 2xnxmxg 58 XOR, bitcount
E g HORQ []] {-B5,+B} x2 {—a,+a} 4dxnxm 4dxnxmxg 29x XOR, bitcount
= © |DoReFa” [59] {0,1} x 2 {0,1} 0 4xmnxmxqg 30x% AND., bitcount
= TBN {—1,0,+1} {—a, +a} n X m IxXnxmxg 40x  AND, XOR, bitcount

*We adopt DoReFa Network with 1-bit weight, 2-bit activation.



TBN

: 1
O BUEELEIXNOR-Net: B =sign(W), a = ——|| W]y,

AGREEEWIRTWN: +1,L > A

[

> —= Tz — Jternar Iz-ﬂ- — 05 il < A
0 REFLE: e e
35?.‘9“' afternary 1, |T| <1 0
Oor Or Lir<1 0, otherwise (1) ¢ X hip X Wip 1Tl
Proposed TBN ST Accelerate dot product by binary operations

Ternary vector

T i ’ [ L01-1..0-101 | AND,XOR, bitcount : i

! —- @ :

N + Dot product .

; [ B s T e R ] result

‘I~. Blnarg,r vector w1m scajlng factor
2

TBConvolution \

Ternary input

Full-precision input

' im2col |g°y 3 1
th. l,'j — 12 34,56 }
— 1107190 L1021 1.0.4 29ml2im
+ | —] i —
Matrix
Uitiplicatio

5|gn - + im2col _ 17 -2.., {16
=) |-0+0-0. 00 hl131, 15, 27
ii ii TmU' @' |
+a.2.40... 40 The product of
[T Full-precision result convolution layer
(full-precision)

\ Full-precision weights Binary wmgms with scaling factors Bina:y mafrix
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O EFAFEEF C =matten( I),W = ten2mat(W). I = ten2mat(I)

(q = c X h X 'w)a W c R™"*9, T € qum(ﬂ'? = hout X 'wout)

—

W; ~ ab,b = ten2mat(B) € {—1,1}7 t € {—1,0,+1}49
O ={E-—{EE=LTMiE:

Cij = acy — 2 x bitcount((b XOR t') AND t")),
(1 Em

. t;, =1 0, ¢ =0 .
t;:{ ’ ‘ .t;’:{’ ‘ 1=1,....q

—1. otherwise 1. otherwise ’

t; =t xt!. ¢; = bitcount(t") = |||,

® XOR. ANDIJAIBLIEBIEZE
w17 bt B E, 0F1-10 AT R
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B FEFREE C=WI nxmxg
B TBNEBE: nxXm;Z85+ nxmxqgAND, XOR and bitcount
|

— NI TL=64L — B E, &
average time required by MAC

average time required by L-bits binary operation
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g ynmq _ 74 270x
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220x

170x

speedup ratio

120x

70X 50%
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20x
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TBN

Dataset MNIST CIFAR-10 SVHN ImageNet ImageNet ImageNet
Models LeNet-b VGG-T VGG-7T AlexNet ResNet-18 ResNet-34
Full-precision 99.48 92.88 97.68 57.2/80.2 69.3/89.2 73.3/91.4
Q BC [] 08.82 91.73 97.85 35.5/61.0 - -
ie i;fﬁ BWN [12] 99.38 92.58 97.46 56.8/79.4 60.8/83.0 -
E E TWN [37] 99.38 92.56 - 54.5/76.8 65.3/86.2 -
o= TTQ [00)] - - - 57.5/79.7 66.6/87.2 -
iz FEN [53] - - - 55.5/79.0 - -
¢ &| LCNN-fast [3] - - - 44.3/68.7 51.8/76.8 _
S % | LCNN-accurate [3] - - - 55.1/78.1 62.2/84.6 -
= LBCNN [24] 99.51 92.66 94.50  54.9/- - -
TNN [1] 98.33 87.89 97.27 - - -
& GXNOR [] 99.32 92.50 97.37 - - -
é = BNN [ ] 98.60 89.85 97.47 27.9/50.42 - -
~ % | DoReFa-Net* [79] - i 97.6  47.7/- . .
A = BinaryNet [ 1] - - - 46.6/71.1 - -
== HORQ [/ ] 99.38 91.18 97.41 - 55.9/78.9 -
5: ® |XNOR-Network [12] 99.21 90.02 96.96 44.2/69.2 51.2/73.2 55.9/79.1
TBN 99.38 90.85 97.27 49.7/74.2 55.6/79.0 58.2/81.0

*We adopt DoReFa-Net with 1-bit weight, 2-bit activation and 32-bit gradient for fair comparison.
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method full-precision full-precision XNOR-Networks TBIN
base network  VGG-16 ResNet-34 ResNet-34 ResNet-34
Faster R-CNN 73.2 75.6 54.7 59.0

SSD 300 74.3 i 55.1 59.5







