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Binary Network and XNOR Network

Reference:

XNOR-Net: ImageNet Classification Using Binary Convolutional Neural Networks

Innovation:use binary weight filter(only 1and -1) to
replace the traditional weight filter.



Binary Network

I, :input for thel" layer  size:[c,w, ,h, ]

W, :the k" weight filter in the " layer

K' :the number of weight filter in the [" layer

W’ ~ W

W : binary weight filter

W . real —value weight filter

convolutional filters do not have bias terms



Binary Network and XNOR Network

for each signal weight: W ~aoaB

a :a scaling factor € R B :binary filter € {+1,—1}>""

J(B,a)=|W —aB|
a’,B" =argminJ(B, o)

We~A4,B, A,=a B,=B ]*Wz([@B)a

@ indicates a convolution without any multiplication (XNOR)



Binary Network and XNOR Network

J(B,0) =|W —aB|f

Example:
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Binary Network and XNOR Network

b b
J(B,a>:||W—aBH2=||{W“ W”}—o{ § ”}nz

Wr Wy b D>

— (\J(w,, -ab,))* +(w,, -ab,,)* +(w,, - ab,,)’ +(w,, - ab,,)* )’

=W}, -2aw, b, +a’h; )+ +(wi, —2aw,,b, +a’b;)

=(w;, +w;, +w;, +wi,)2a(w, b, *w,b,, +w, b, +w,b,)+a’ (b, +b;, +b;, +b3,)
=\ W |’ —2aW'B+a* || B|

=a’B"'B-2aW'B+W'W

J(B,Ol) = azBTB_zaWTB_I_WTW B c {_i_l’_l}nxn

=a’n-2aW 'B+c B B=(£1)} + ()L ++ D)2 =nxn

Weight :[3, 3] n=9 /




Binary Network and XNOR Network

B" =argmax{W'B} s.t. B {+1,-1}"

\\/ariational inference:
if B is a function with parameter A4

B = sign(W) = { & we can use this to find function B
-1 W <0 to replace complexity function W!
Just in this demo,the B is simple +1,-
s Bayesian neural networks
Y ong-WTB=0 o WB_WisienW) _2W 1,
oa n n n n

a binary weight filter can be simply achieved
by taking the sign of weight values. The
optimal scaling factor is the average of
absolute weight values.
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Binary Network block

1 x>1
- > hard tanh(x) =max(—1, min(l, x))={ x —-1<x<1

-1 x<-—1



Binary Network and XNOR Network

x>0 1 x>0

X
RelLu(x) = Relu derivative(x) =
) {O x<0 N ®) {O x<0

RelLu RelLu_derivative

10 15

1.0}

0.5+

RelLu(x)
B
ReLu_derivative(x)

0.0

L L L 705 L L L
-10 -5 0 5 10 -10 -5 0 5 10



Binary Network and XNOR Network

1

sigmoid(X) = —— sigmoid_derivatiyii PR
l+e l+e™ l1+e™”

sigmoid(x)
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Sign(x)
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Binary Network and XNOR Network

1 x>1
x+1 x+1
: . _ : _ ™ 0.5 -1<x<1
hard _sigmoid (x) = max(0, min(l, 5 ) ={ > I1<x<1 hard " sigmoid T X
. 1 0 others
X<-—

hard_sigmoid hard_sigmoid_derivative
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Binary Network and XNOR Network

1 x>1
IR 1 —-1<x<1
hard _tanh(x) = max(~1, min(l, x)) = { x —1<x<I hard _tanh _derivative(x) = {
= 0 others
-1 x<-1
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Binary Network and XNOR Network

/i t =image* W
1 oC
C=—|t-y|f J——Sh=
8 8 ! y\ =y
f ~z’j softmax SlngId
e
Softmax(x,) = —
$e
i=l
LE sk OGS 0C
oW oW oW




Binary Network and XNOR Network

M
Cross entropy function: log(C ) Ela - logly

e’
A =
C ==Yy, In(t) L
e’ e” e’ e’

C = ~{y () + yyln(—) +-o+ ¥, I oot y, ()

Seo S Se Se
=~y [In(e") ~In(Y e )]+, lne”) ~InCY )]+
——{yla,~In(X e+ -y, la, ~In( €]+

= ylin(Y ") =g T4y, (Y e) =g, ]+



Binary Network and XNOR Network

(log, x) =—
xIna
oC 0 1 n
= ln eai —a. |+ ln eai —a.l+---
e~ 5 e —aley Qe =a ]+
Oln(e® +---e% +... Oln(e® +++-e% +---
e L e
J J
= 1 e’ + 1 e i [ 1 ea’—l]+--- 1 e’
M1 > e V2 S e Y Se Vn S e

i i i :

1N,
~ Zeai & (y1+y2+”'yn)_yj

= Softmax(a; )y, +y, +--y,) =y,
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Binary Network and XNOR Network

oC _9C oW, _oC © Z|
oW, oW, oW, awaW n |

aZwm

[ L Sign([/[/i)+ Z| i | aSlgn(VVZ)
8W oW, y o

_0C 1 0(c+|W, )
8W. n 51/4

1

oC 1 w>0
== +aW .
aW {n {—1* lw<0 i IW,-I—I}

_G_C[l GSIgn(Wi)]
oW, "n oW,

sign(W,) + aW1|W |<1]

' . ' =rl, g=l,4=
! l
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I 17 |<1

0, otherwise
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ac_acawl]_ac 5 =) i |

=1 j=1
S1ZN( W..
_ GC [ 1 aﬁsign(wy)
aﬂflj m*n awl]
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Binary Network and XNOR Network

Batch_Normalization(BN):

Reference: Batch Normalization: Accelerating Deep Network Training by Reducing
Internal Covariate Shift

BN is norm the output, for each channel:

if the output size:[weight, height, channel]
For each[weight, height] we use once BN.
Number of BN == number of output channel
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Binary Network and XNOR Network

BN-BP: cost function: [
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A typical block in cnn

A block in XNOR-Net
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Sign

Binary Network and XNOR Network

Why XNOR-Net has different block?

Sign(x)

=15
-10

1] 1717
e fcton a2k
- Information loss!
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Information loss!
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A block in XNOR-Net
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