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Challenges More Data + Bigger Models
 Limited computing resources -
« Short response time
» Millions of parameters ’

 Complicated model architecture e O
___Model | Architecture | Parameters | Top-1ERR | Top-5ERR
AlexNet s ~ 60 million 40.7% 15.3%
VGG eSS0 ~ 144 million 24.4% 7.1%
GooglLeNet 22 Layers ~ 6.8 million - 7.9%
MSRA 22 Layers ~ 200 million 21.29% 5.71%

(19conv + 3fc)

Thus, result in state-of-the-art models hard to be deployed



Binary Neural Networks

Lower Precision

[R et [[ e | {—1,

32-bit 8-bit 1-bit
{-1,+1} {0,1}
MUL XNOR

) ADD, SUB

Bit-Count (popcount)
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Binary Neural Networks (@) st amERAKRYE (G werrmanzusznz

Why binary?

Extremely Low Memory Usage =~ R=——]-—

32x memory savings

Efficient Binary Instructions

58x faster convolutional operations

Low Power Devices




Binary Neural Networks

Formulation

Qw (W) = abW7

+1, if >0

—1, otherwise
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Full-Precision Neural Networks

~
EH S, = v/

Massive Complex High Memory High
Parameters Computation Usage Performance

Binarized Neural Networks
l/ e
P 4 axn

Binarized Speedup Low Memory
Parameters Usage
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How to design accurate binary neural networks?
Optimization Based BNNs

Naive .
BNNs Minimize the Improve Network Reduce the ricks

Quantization Error Loss Function Gradient Error

Binary Neural Networks: A Survey
Pattern Recognition
ArXiv: https://arxiv.org/abs/2004.03333

News: https://mp.weixin.qg.com/s/QGvabfow9tad daZ G2p00



https://arxiv.org/abs/2004.03333
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Binarized Neural Networks GPU KERNELS' EXECUTION TIMES

s
Forward: ;
+1, if >0 i
sign(x) = .
—1, otherwise 1 T
" MATRXMULT.(§  MNISTMLP(§) MLP TEST ERROR (%)
+ l. \\'i' h I)l’()l)nl)ilit.\' I) — (-7(“') W BASELINE KERNEL m CUBLAS/THEANO XNOR KERNEL
wp =
—~1, with probability 1 — p
M LI
Backward (STE): " CIFAR-10

clip(z,~1,1) = max(—1, min(1,x)).

279 | 5042 | 56.6 | 80.2

ol
I LN

H F

l. n BNNJ[ ! 1] AlexNet[ ]
Top-1| Top-5 |[Top-1| Top-5

n k

Binarized Neural Networks: Training Neural Networks with Weights and Activations Constrained to +1 or—1
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Minimize the Quantization Error (CORBEARS Al & Rl

XNOR-Net

J(B,a) = ||W - ch||2

Solving the following optimization: o*, B* = argminJ(B, o)

«a,B
(4) Convolution with XNOR-Bitcount — —
02 -01.7301" ‘ f 03 *ﬂ a 1-1 1 1 B R *——O
14 05 .. 0.2 2+ | & 3.1 33 7 ?zzoi-" -~ 1 1.3 ® { . 11 . 1; OFO o
05 3 ..-1202° 3 $u18 .3
053 ..-12 02" | W | . sign(W) L
I — sign(I) =

a”,B*, 8%, Hx = argmin|| X © W — aH © B
«,B,3.H

o’ =

W'lsign(W) > [W;| 1
7

2 n

W |1

n

XNOR-net: Imagenet classification using binary convolutional neural networks



Minimize the Quantization Error

XNOR-Net
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Speedup by varyving channel size
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)

Speedup by varying filter size

¥ Double Precision 80x 65x
® Binary Precision 60x
60x
475MB 40x
55x
20x 1
100MB
. HLME JRLAME Ox 50x
' ' I ’ 1 32 1024 0x0 10x10 20x20
WIS HRSHEEEER Srieuies number of channels filter size
(a) (b) (c)

Classification Accuracy(%)

Binary-Weight Binary-Input-Binary-Weight||Full-Precision
BWN BC[l!] [ XNOR-Net| BNNJ[!I] AlexNet[!]
Top-1|Top-5|Top-1|Top-5{ Top-1|Top-5|Top-1| Top-5 ||Top-1| Top-5
56.8|79.4 354|610 44.2|69.2|27.9| 5042 | 56.6 | 80.2

Table 1: This table compares the final accuracies (Top1 - TopS5) of the full precision network with
our binary precision networks; Binary-Weight-Networks(BWN) and XNOR-Networks(XNOR-
Net) and the competitor methods; BinaryConnect(BC) and BinaryNet(BNN).
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RAD

HardTanh

1.0
0.5-

[ BinConv ]—-[ BN }—a[ Activation J ;:2

Forward: Sign(x) M=

Backward: HardTanh(x) = min(max(x, —1),1)

v

Pre-activation distribution

2 A 0 1 2 S5—4-32-10123 435 -1 0 1
Degeneration Saturation Gradient mismatch
.8 J
W

Causes difficulty in training

Regularizing activation distribution for training binarized deep networks
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Improve Network Loss Function

RAD

Formulating Adjusting Enabling Degeneration: A(O) Z O or A(l) S 0

hypothesis regularization differentiability
1 e S Saturation: |A|) > 1
Degeneration| .~ “u, o ., . ., " ’
i ~, A . Gradient mismatch:
AIOIO 0 l|(I 0 "= k.*“
Ly =[(Ag - 0), ) Ly = (A, = 0,1 Lp=[(lu] = ko))
+O = A, T +[(0=A_ ),
. .- " Lo .'~ Lo .'~
Saturation -8 : -‘\‘ ’ -.‘.. . -."‘
e . bl Lb die o Lb Ve . Lb 3o
AL, 1AL, ko Lbr Z DL Z
Ly=[(|A] 5 = D) Ly=1(1A],,— D.P Ly =[(ko— 1),
Gradient L o , ... e
Mismatch = & Yoo o “a i -3 ; b
14 . e : e . : L ' Y T
-1} 0 I: i : 0 21 ] : 0 : |. LtOtal LC.EJ + ALDL
Ay Ay Ay Ay T pike u+ ko

Lye = [min(l = Ay Ay + DL Ly =Imin(l = A Ay + DL Ly =101 = [p| = ko), )



Improve Network Loss Function

RAD

Table 4: Comparison with prior art using 1-bit weights and activations, in terms
of accuracy and computation energy on different datasets. The best results are

shown in bold face.

IEFIRE I AKXY

HAN

Dataset Model Pure-logical Energy cost Accuracy
BNN [22] Yes 1 87.13%

XNOR-Net [38] No 4.5% 87.38%

CIEAR-LD LAB [19] No 4.5x% 87.72%
BNN-DL Yes 1x 89.90%

BNN [22] Yes J75% 96.50%

XNOR-Net [38] No 4.5% 96.57%

SVHN LAB [19] No 4.5x% 96.64%
BNN-DL Yes 4 97.23%

BNN [22] No 5% 60.40%

CIFAR-100 DQ-2bit [37] No - 49.32%
BNN-DL No 1 68.17 %

2 -1 0 1 2 54-3-2-10123 45 -1 0 g

Degeneration
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Reduce the Gradient Error

Bi-Real Net

-

Sign(x)
0
, dSign(x)
N dx
} 2 | 0 1 2 2 | 0 1 2

Clip(—1,x.1)

f aClip(-1,x,1)

dx
2 1 0 1 2 22 - 0 1 2
(b)
ApproxSign(x) / \
I dApproxSign(x)
dx
2 1 0 1 2 -2 1 0 1 2

{’;N 2 rs e Jlii . Pap——
() It <. % A7 X S BUEFEAREERERTRE
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—1 x <0
1 otherwise

oo x=0

sign: f(x) = 0 otherwise

f(x) =

—1 x < -1
, 1 x € [—1,1]
STE: f(x)=<x x€[-1,1] f'(x)= _
1 x> 1 0 otherwise
-1 if a, < —1 :
2a, +a2 if—1<a, <0 oF(a,) b lf. LS an = 0
F((I,r): 9% _a2 g1 aT: 2—2(11 lf0<a,~<l
T Pl . 0 otherwise
1 otherwise

Bi-Real Net: Enhancing the performance of 1-bit CNNs with improved representational capability and advanced training algorithm



Reduce the Gradient Error (@) L RRTHIRYE (G srramaassses

DSQ

. JZ_U / Binary DSQ:

v f(x) = tanh(kx)
| F '
f'(x) = k(1 — tanh?(kx))

(a) Piecewise DSQ (b) Binary DSQ

Differentiable Soft Quantization: Bridging Full-Precision and Low-Bit Neural Networks
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. Sign functi Bi-Real N Short- I vating
Structure Transformation iarcin ol " rosaliel Baterng
pa—— ©06]616]616)
— ﬂ,,!.;j"'.;’nfi(“:‘ {3
£ £ E g E _ L [ 1-bit Convolution 7
------- 2z SHEHS-  —|EHEHEEHEB &
S Z a Zl || | € = a x
. ':. : 'f_"E-. [ ‘i . .
A typical block in CNN A block in XNOR-Net e T Cgolutlon J

Optimizer and Hyper-parameter Selection

ADAM optimizer; smaller weight decay; specific batch normalization” s momentum coefficient; etc

Asymptotic Quantization

FUFOPO)
(c)




Challenges of BNNs

High Performance ‘

Strong Versatility

Higher accuracy

&

Higher speedup
Higher compression rate

More type of tasks

&

Fewer specific network structures
Easier hardware deployment
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IR-Ne¢t  (EFRIFRX :

Forward and Backward Information Retention
for Accurate Binary Neural Networks

CVPR 2020

ArXiv: https://arxiv.org/abs/1909.10788

GitHub: https://github.com/htgin/IR-Net

News: https://mp.weixin.qg.com/s/cF14wwgnMcnvkBa8640x10



https://arxiv.org/abs/1909.10788
https://github.com/htqin/IR-Net
https://mp.weixin.qq.com/s/cF14wwgnMcnvkBa864ox1Q
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Why BNN suffer a significant accuracy drop?

Real Binary

orward 32-bit > 1-bit

back d The model’ s diversity sharply decreases, while the
aCkwar diversity is proved to be the key of pursuing high
accuracy of neural networks.
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Why BNN suffer a significant accuracy drop?

32-bit > 1-bit

Forward
b2 s The discrete binarization always leads
o ) ;Z """" to inaccurate gradients and the wrong
backward o o optimization direction. (Saturation
05 ~05 and Gradient mismatch)
1.0{ - 10| e
1.5 . : _15 I

(a) Identity (b) Clip



IR-Net

Forward and backward information retention (IR-Net)

" Libra-PB: reshape distribution to reduce information loss and quantization error

Forward Model ‘. J\ A ‘ _
Backward Binarized e ]

The information loss cause a
significant accuracy drop
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Forward: Libra-PB

Maximize the Information Entropy

) D, ifb=+1
f(o) = {1—1). ifb=—1,

Traditional Binarization

sign

H(Qz(x)) = H(Bx) = —pIn(p) — (1 —p) In(1 —p).

balance
standardize

min J (QJ(X)) = /\H(QJ(X))

?{(-Qx(x)) ~ 0.69

. W . _
Witd = —) W=W—W.
o(W)
g T > T . % 3 . . . . . . .
E[:] — (Q'u.‘(wsld ) ]E[Q,,( a)] — (2 : (Wsld) /vl,]_. Libra-PB: reshape distribution to reduce information loss ar‘ld quantization error
The information entropy of weight J\ AT

and activation is maximized. 10 1 10 1 30 &
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Forward: Libra-PB

Ratio of Information Entropy Reduction

Hm Vanilla
Labra-PB

30%
Tl T ' 20% 1
Maximize the information entropy

10% 1

W=w—W. o | ”
1
45

0%

6 7 8 9101112131415161718
Layer Index

0.4- Il FP
IR-Net

0.3

Stabilize the training process

0.2

‘al’ == ~ ] Vi
std a(w) 0.1

0.0




IR-Net

Backward: EDE

Retain the Information of Gradient

Identity:y ==

1.5

1.0

0.5

0.0

0.5

1.0

1.5

or Clip:y = Hardtanh(x).

1.5

e 1.0

0.5

0.0

-0.5

-1.0

=15

-5 0 5

(a) Identity
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(b) Binary DSQ
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ApproxSign(x)
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Backward: EDE

Minimize the Information Loss of Gradient

10 epoch 200 epoch 400 epoch

L i
W N

10
0.8
0.6
04
0.2

0.0
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UNIVERSITY - Key Laboratory of Software Dex

Results

Table 3: Accuracy comparison with SOTA methods on CIFAR-10.

Table 4: Accuracy comparison with SOTA methods on ImageNet.
Topology  Method Bit-width (W/A) Top-1(%) Top-5(%)

Topology Method  Bit-width (W/A)  Acc.(%) FP 32/32 69.6 89.2
ABC-Net 1/1 42.7 67.6
FP 32/32 93.0 XNOR 1/1 51.2 73.9
ResNet-18 RAD 1/1 90.5 BNN+ 11 53.0 72.6
Ours' 1/1 91.5 DoReFa 172 53.4 -
FP 32/32 91.7 Bi-Real 1/1 56.4 79.5
DoReFa 1/1 79.3 Nk XNOR++ 1/1 57.1 79.9
DSQ 1/1 84.1 Reghet18 Ours’ 1/1 58.1 80.0
Ours' 1/1 85.4 FP 32/32 69.6 89.2
ResNet-20 Ours™ 171 86.5 SQ-BWN 1/32 58.4 81.6
FP 32/32 91.7 BWN 1/32 60.8 83.0
DoReFa 132 90.0 HWGQ 1/32 61.3 83.2
LO-Net 132 90.1 TWN 2/32 61.8 84.2
DSQ 1/32 90.2 SQ-TWN 2/32 63.8 85.7
Ours! 1/32 90.8 BWHN 1/32 64.3 85.9
Ours' 1/32 66.5 86.8
FP 32/32 91.7
LAB 11 87.7 FP 32/32 73.3 91.3
XNOR 1/1 8908 ABC-Net 1/1 52.4 76.5
VGG-Small oo Ul 89.9 ResNet.34 Bi-Real 11 62.2 83.9
RAD 1/1 90.0 QOurs” 1/1 62.9 84.1
Ours 1/1 90.4 FP 32/32 73.3 91.3
Ours' 1/32 70.4 89.5

I'Results of ResNet with normal structure [22].

2Results of ResNet with Bi-Real structure [38]. H |g h Pe rfO rmance a nd St ro ng Ve rsatl I ity
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Results (Hardware Deployment)

Table 5: Comparison of time cost of ResNet-18 with different bits

(single thread).
Bit-width . .
Method (W/A) Size (Mb) Time (ms)
FP 32/32 46.77 1418.94
NCNN 8/8 - 935.51
DSQ 22 - 551:22
Ours (without bit-shift scales) 1/1 4.20 252.16
Ours 1/1 4.21 261.98

Based on daBNN (Open sourced by JD.com)
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Conclusion
« Take away:

« The IR-Net let the diversity of binary neural networks be kept as much as
possible by forward and backward information retention.

« On Hardware, the inference speed of IR-Net is much faster, and the model size
of IR-Net can be greatly reduced.

 Further work:
« Higher-performance and faster BNNSs.
« Apply BNNs to more tasks (detection, segmentation, etc).
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