- PA
i
¥ ; 6 [N ] ]
N T Zu IC
£ “ ‘
& 1952 oy
1‘10 LN\VQ*

Network Binarization
toward Hardware-friendly Deep Learning

Haotong Qin
Beihang University & ETH Zurich



Haotong Qin

EDUCATION

Ph.D. SCSE, Beihang University.
Joint Ph.D. CVL, ETH Zurich.

B.S. SCSE, Beihang University.

RESEARCH INTERESTS

Network binarization and quantization
Efficient neural architecture design

Hardware implementation of compact network

INTERNSHIPS

2021-23 Bytedance Al Lab Beijing, China
2020 Tencent WXG Shenzhen, China
2018-19 Microsoft Research Asia  Beijing, China
MAIN AWARDS

2023 KAUST Rising Stars in Al (18 people worldwide)
2022 ByteDance Scholarship (10 people nationwide)
2022 Beihang Top-10 PhD Students Award

202182020 China National Scholarship

2019—Present
2022—Present
2015-2019

Research Intern
Research Intern
Research Intern




Background

Q Vision
* Classification
e Detection
 Localization
« Segmentation

a Language
 Information retrieval
 Relation extraction
« Machine translation

0 Speech
« Language understanding
« Speech recognition

=z, © T

| G .2
g~ Virtual Personal Assistants
Viingoh (2 Companiss) .

sherpa

<
® =
uu‘\'im\v

e aivo

kogu ejenta ﬂ

7~ Speech to Speech Trans. =\
(15 Companies)

Raytheon
BBN Technologies

lexifone '

e

7~ Machine Learning-Gen 7~ Machine Learning-App
(123 Companies) (260 Companies)
. C‘ bg@ ®sift scmnco @
o GRIDSPACE
Active . ™ m“ g
tryo ¥ Precictry @ IPONWES

on

o~ Computer Vision-Gen

( 106 Compa nies)

(= cortica

5 e °8!.“"‘"’

‘D-uvm

,';..m .ﬂ

\-

GMOTIGNT

LoorWonrks ¥
gestigon e ;

B cuvers l'.NlBIN[

Computer Vision-App =~ ¢~ SmartRobots —
(83 Companies) (65 Companies)

f) by aeato robotics
Al T o
percipill =

7~ NLP-General =
(154 Companies)

’/ b Sl omcdna
swrvwy
diital trowel EEEESETIY @
SNAPSEY Narratvescence #
CLEARFOREST

inbenta COGNITION
L DELWVER" B 4 ° )
Video Content Recog. \

(14 Companies)

D

WESEE

audible

e

o verenica

“» e ogrese
7 [TAGE
< O VisionSman

F4snap m
®nzs

connovate VISi@®N™
Zahdoo PloyFresco [ +tiitoo m TIPS exénsa |« 9ig Coggitive
S S J
Inception-v4
Diagonal 80 -
Inception-v3 ResNet-152
ResNet-50 VGG-16 VGG-19
7 ResNet-101
° ResNet-34
3
=70 ResNet-18
z | 0P
® GooglLeNet
3 ENet
2 65
-
3 © sN-NIN
" 60 5M 35M  65M  95M  125M  155M
BN-AlexNet
55 AlexNet
50
0 5 10 15 20 25 30 35 40

Operations [G-Ops]




Background
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Network Quantization and Binarization

R—H—’Be {—1,+1}

32-bit 8-bit 1-bit



Network Quantization: 2-8 bit
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Network Binarization: 1-bit

+1, ifx>0

—1, otherwise.

1-Bit Parameters: B, = sign(x) = { Q:(x) = aBy,

R—B

32 bit 1 bit

{—1,+1}/

Bitwise Operations: z=0(Qu(W) ® Qu(a)) = o(aB(bw © ba))



Network Binarization: 1-bit
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Network Binarization
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Network Binarization
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Network Binarization: challenges

Goal: accurate extreme-low bit quantization (binarization)

1. the accuracy of the binary network has dropped seriously

60 ResNet-18 / ImageNet (DoReFa-Net, 2016)
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Network Binarization: challenges

Goal: accurate extreme-low bit quantization (binarization)

2. binarization methods are not generic across different architecture

Classification Network
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CNN Binarization: information loss and retention

Effects of BNN in the Forward and Backward Propagation

limited representation

A“l . 3fx >0
otherwise.
B
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Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. UCV 2022.



CNN Binarization: information loss and retention

Effects of BNN in the Forward and Backward Propagation
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Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.




CNN Binarization: information loss and retention

Distribution-sensitive Information Retention (DIR-Net)

IMB: reducing both the information loss and quantization error
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CNN Binarization: information loss and retention

Distribution-sensitive Information Retention (DIR-Net)

Maximizing the information entropy

IMB: reducing both the information loss and quantization error
[ Forward >
/L = O (min)
/ A \
1.0 1 -1 0 1 -a 0 «
w Qu(w)
Binarize = 0.5
a Ba
DTE: retaining accurate gradlejt and updating capability jointly Ori gm al _
4
H = 0.69 (max)
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Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.




CNN Binarization: information loss and retention

Distribution-sensitive Information Retention (DIR-Net)
Maximizing the information entropy

I T
- —

IMB: reducing both the information loss and quantization error

[ Forward > ' .

balance
/ /\ , standardize 3
4 0 1 d0 1 a 0 « H(Qx(x)) ~ 0.69
w Qu(w)
a Ba
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CNN Binarization: information loss and retention

Distribution-sensitive Information Retention (DIR-Net)

Maximizing the information entropy

IMB: reducing both the information loss and quantization error
[ Forward >
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CNN Binarization: information loss and retention

Distribution-sensitive Information Retention (DIR-Net)

RBD: mitigating information error
by the representation alignment
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CNN Binarization: information loss and retention

Performance
Full-Precision 32/32 73.3 91.3
ABC-Net 1/1 52.4 76.5
Bi-Real 1/1 62.2 83.9
IR-Net 1/1 62.9 84.1
Si-BNN 1/1 63.3 84.4
ReActNet 1/1 67.3 87.9
DIR-Net! (ours 1/1 64.1 85.3
ResNet-34 DIR-Net? Eours; 1/1 67.940.09 88.2
Full-Precision 32/32 73.3 91.3
ABC-Net 1/32 68.8 86.1
Bi-Real 1/32 69.7 88.9
Si-BNN 1/32 70.1 89.7
IR-Net 1/32 70.4 89.5
DIR-Net (ours) 1/32 71.140.03 90.4
Full-Precision 32/32 73.3 91.3
BNN 1/1 52.2 76.6
Bi-Real 1/1 61.5 83.8
DARTS IR-Net 1/1 62.1 84.2
ReActNet 1/1 65.1 86.4
DIR-Net! (ours) 1/1 63.3 85.1
DIR-Net? (ours) 1/1 65.640.12 87.2

—

The accuracy reached 90%
of the full precision ResNet

20
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CNN Binarization: information loss and retention

Performance
Full-Precision 32/32 73.3 91.3
ABC-Net 1/1 52.4 76.5
Bi-Real 1/1 62.2 83.9
IR-Net 1/1 62.9 84.1
Si-BNN 1/1 63.3 84.4
ReActNet 1/1 67.3 87.9
DIR-Net! (ours 1/1 64.1 85.3
ResNet-34 DIR-Net? Eoursg 1/1 67.940.09 88.2
Full-Precision 32/32 73.3 91.3
ABC-Net 1/32 68.8 86.1
Bi-Real 1/32 69.7 88.9
Si-BNN 1/32 70.1 89.7
IR-Net 1/32 70.4 89.5
DIR-Net (ours) 1/32 71.140.03 90.4
Full-Precision 32/32 73.3 91.3
BNN 1/1 52.2 76.6
Bi-Real 1/1 61.5 83.8
DARTS IR-Net 1/1 62.1 84.2
ReActNet 1/1 65.1 86.4
DIR-Net! (ours) 1/1 63.3 85.1
DIR-Net? (ours) 1/1 65.640.12 87.2

—

—)

The accuracy reached 90%
of the full precision ResNet

Accurate binarization on
lightweight architectures

21
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CNN Binarization: information loss and retention

Performance
Full-Precision 32/32 73.3 91.3
ABC-Net 1/1 52.4 76.5
Bi-Real 1/1 62.2 83.9
IR-Net 1/1 62.9 84.1
Si-BNN 1/1 63.3 84.4
ReActNet 1/1 67.3 87.9
DIR-Net! (ours 1/1 64.1 85.3
ResNet-34  H1R Net? Eours; 1/1 67.940.09 88.2
Full-Precision 32/32 73.3 91.3
ABC-Net 1/32 68.8 86.1
Bi-Real 1/32 69.7 88.9
Si-BNN 1/32 70.1 89.7
IR-Net 1/32 70.4 89.5
DIR-Net (ours) 1/32 71.140.03 90.4
Full-Precision 32/32 73.3 91.3
BNN 1/1 52.2 76.6
Bi-Real 1/1 61.5 83.8
DARTS IR-Net 1/1 62.1 84.2
ReActNet 1/1 65.1 86.4
DIR-Net! (ours) 1/1 63.3 85.1
DIR-Net? (ours) 1/1 65.640.12 87.2

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

(single thread).

Bit-width .. o _
Method (W/A) Size (Mb) Time (ms)
FP 32/32 46.77 1418.94
NCNN 8/8 - 935.51
DSQ 2/2 - 551.22
Ours (without bit-shift scales) 1/1 4.20 252.16

LOurs 1/1 4.21 261.98 )
11.1x storage saving
5.4x speedup
22
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Transformer Binarization: attention crash and recovery —

Bottlenecks of Fully Binarized BERT Baseline

Multi-head attention

( )
~»{ Add & Norm }
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e !
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Attention N Linear | Linear D' Linearﬂ
—t
Qo J
N v K Q
Positional &
Encoding
Input
Embedding
Inputs

https.//deepfrench.gitlab.io/deep-learning-project/
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Transformer Binarization: attention crash and recovery —

Bottlenecks of Fully Binarized BERT Baseline Binarize
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Transformer Binarization: attention crash and recovery ~

Bottlenecks of Fully Binarized BERT Baseline Binarize
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Severely dropped!
(Avg: 83.9% -> 50.4%)
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Transformer Binarization: attention crash and recovery —

Bottlenecks of Fully Binarized BERT Baseline

Which part caused the biggest drop?

~ SST-2 QQP
FP self attention _ 89.09— 84.02 |
FP self output [ 74.86 I 6581
FP intermediate — 79.79 _ 74.07
FP output I 83.12 I 761
FP pooler _ 78.42 _ 72.53
70 776080 90 60 707230 80
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Transformer Binarization: attention crash and recovery ~

QQP
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Transformer Binarization: attention crash and recovery —

Accurate Fully Binarized BERT (BiBERT)

Bi-Attention Embeddings
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Transformer Binarization: attention crash and recovery ~

Accurate Fully Binarized BERT (BiBERT)
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BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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Transformer Binarization: attention crash and recovery ~

Accurate Fully Binarized BERT (BiBERT)
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Transformer Binarization: attention crash and recovery ~

Accurate Fully Binarized BERT (BiBERT)

Bi-Attention Embeddings
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BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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Accurate Fully Binarized BERT (BiBERT)
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Transformer Binarization: attention crash and recovery ~

Accurate Fully Binarized BERT (BiBERT)
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BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.

Ba = bool (A) = bool (

(BQ ® BKT))

S~

Bi—Attention(BQ, BK, Bv) = BA X BV
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Transformer Binarization: attention crash and recovery —

Performance
70 7
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Transformer Binarization: attention crash and recovery ~

Performance
707
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BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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Network Binarization: benchmark

Challenges in Existing Binarization Research

1. Confusing contributions (operators? structures?)
2. Limited comparisons (methods? architectures?)

3. Neglected practicality (hardware deployment?)

36



Network Binarization: benchmark

; Citation Operator  Open |Specified Structure /

Algorithm Year  Conference (2023/01/25) Techniques Source | Training-pipeline
Challenq BitviseNN (Kim & Smaragdis, 2016) 2016  ICMLW 274 Yes No No
= DoReFa (Zhou et al., 2016) 2016 ArXiv 1831 Yes Yes No
XNOR-Net (Rastegari et al., 2016) 2016 ECCV 4474 Yes Yes No
. BNN (Courbariaux et al., 2016a) 2016  NeurIPS 2804 Yes Yes No
1. Confusi LscnN (Juefei-Xu et al., 2017) 2017 CVPR 257 Yes Yes Yes
LAB (Hou et al., 2017) 2017 ICLR 204 Yes Yes Yes
ABC-Net (Lin et al., 2017) 2017  NeurIPS 599 Yes Yes Yes
2. Lim |ted DBF (Tseng et al., 2018) 2018 IJCAI 10 Yes No Yes
MCNs (Wang et al., 2018b) 2018 CVPR 30 Yes No Yes
SBDs (Hu et al., 2018) 2018 ECCV 93 Yes No No
3 N e | ect Bi-Real Net (Liu et al., 2018a) 2018 ECCV 412 Yes Yes Opt
. g PCNN (Gu et al., 2019) 2019 AAAI 68 Yes No Yes
CI-BCNN (Wang et al., 2019) 2019 CVPR 90 Yes Yes Yes
XNOR-Net++ (Bulat et al., 2019) 2019 BMVC 131 Yes Yes No
ProxyBNN (He et al., 2020) 2020 ECCV 16 Yes No Yes
Si-BNN (Wang et al., 2020a) 2020 AAAI 28 Yes No No
EBNN (Bulat et al., 2020) 2020 ICLR 38 Yes Yes Yes
RBNN (Lin et al., 2020) 2020  NeurIPS 79 Yes Yes No
ReActNet (Liu et al., 2020) 2020 ECCV 182 Yes Yes Opt
SA-BNN (Liu et al., 2021) 2021 AAAI 7 Yes No No
S2-BNN (Shen et al., 2021) 2021 CVPR 11 Yes Yes Yes
MPT (Diffenderfer & Kailkhura, 2021) 2021 ICLR 43 Yes Yes Yes
FDA (Xu et al., 2021a) 2021  NeurIPS 18 Yes Yes No
ReCU (Xu et al., 2021b) 2021 ICCV 2 Yes Yes No
LCR-BNN (Shang et al., 2022a) 2022 ECCV 1 Yes Yes Yes
PokeBNN (Zhang et al., 2022b) 2022 CVPR 6 Yes Yes Yes
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Network Binarization: benchmark

Challenges in Existing Binarization Research

1. Confusing contributions (operators? structures?)
2. Limited comparisons (methods? architectures?)

3. Neglected practicality (hardware deployment?)

BNN, DoReFa, Bi-Real,

CIFAR & ImageNet (Image) ResNet, VGG, MobileNet, ...

ReActNet, ...
COCO (Image) Faster-RCNN, SSD, SwinTransformer, ... (Few)
GLUE (Text), BERT-Base, BERT-Large, ... (Fewer)

(Almost None)
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Challenges in Existing Binarization Research

1. Confusing contributions (operators? structures?)
2. Limited comparisons (methods? architectures?)

3. Neglected practicality (hardware deployment?)

39



Network Binarization: benchmark

BiBench: Benchmarking and Analyzing Network Binarization

Evaluation Tracks for Network Binarization

e

Accuracy

| Image classification

Point clouds segmentation
Language understanding
| Speech recognition ...
 CNN-based

Transformer-based
| MLP-based

Learning Task

=Neural Architecture

;FA Robustness Corruption

@ Theoretical Complexity— Storage usage
N\

4
d 4
Efficiency

| Computation
Training Consumption ___
Hyperparameter sensitivity

| Training time



Network Binarization: benchmark

BiBench: Benchmarking and Analyzing Network Binarization

Evaluation Tracks for Network Binarization

Learning Task —

‘/”' :
:}- Neural Architecture

Accuracy
Fﬁ Robustness Corruption

| Image classification

Point clouds segmentation
Language understanding
| Speech recognition ...

- CNN-based
Transformer-based

L MLP-based

E Theoretical Complexity—| Storage usage
N

4
‘v @ Training Consumption _
Efficiency ...

| Computation

Hyperparameter sensitivity

EEEHardware Inference

| Training time

2016

BNN Cited by 2804 Bi-Real Cited by 412

XNOR cCited by 4474 DBF cCited by 10
DoReFa CcCited by 1831 MCNs Cited by 30
BitwiseNN Cited by 274 SBDs Cited by 93

ABC-Net Cited by 599
LBCNN Cited by 257
LAB Cited by 204

2017

ReActNet Cited by 182

ProxyBNN Cited by 16
Si-BNN Cited by 28

EBNN Cited by 38
RBNN Cited by 79

XNOR++ Cited by 131

CI-BCNN Cited by 90
PCNN Cited by 68

PokeBNN Cited by 6
LCR-BNN Cited by 1

ReCU CcCited by 27
FDA Cited by 18
SA-BNN Cited by 7
S2-BNN Cited by 11
MPT Cited by 43

41




Network Binarization: benchmark

BiBench: Benchmarking and Analyzing Network Binarization

Evaluation Tracks for Network Binarization

Learning Task
Gl

:}- Neural Architecture
Accuracy

;FA Robustness Corruption

| Image classification

—1 Point clouds segmentation

Language understanding

| Speech recognition ... BNN
T CNN-based

Transformer-based

L MLP-based

E Theoretical Complexity— Storage usage
N

| Computation

4
‘v @ Training Consumption __ XNOR++

Efficiency ...
E Hardware Inference

Hyperparameter sensitivity

| Training time

XNOR

ReActNet

DoReFa

ReCU

Bi-Real

FDA
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BiBench: Benchmarking and Analyzing Network Binarization

Evaluation Tracks for Network Binarization

| Image classification
Learning Task —1 Point clouds segmentation
M Language understanding
:}- i Speech recognition BNN
»1+=Neural Architecture 2P g
Accuracy T CNN-based

;FA Robustness Corruption

E Theoretical Complexity —
N\

4
‘y @ Training Consumption __

Efficiency ...
§E§Hardware Inference

Transformer-based
L MLP-based

| Storage usage

Computation
= XNOR++
Hyperparameter sensitivity

Training time

6 Evaluation Tracks on Accuracy and Efficiency

XNOR DoReFa

ReActNet ReCU

8 Binarization Algorithm

9 Deep Learning Datasets

13 Neural Architectures
2 Deployment Libraries
14 Hardware Chips

Bi-Real

FDA
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BiBench: Benchmarking and Analyzing Network Binarization

The 3 Most Effective Techniques
for Generic Binarization:
(1) Soft gradient approximation

(2) Channel-wise scaling factors

(3) Pre-binarization parameter
redistributing
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BiBench: Benchmarking and Analyzing Network Binarization

The 3 Most Effective Techniques
for Generic Binarization:

(1) Soft gradient approximation
(2) Channel-wise scaling factors

(3) Pre-binarization parameter
redistributing
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Interesting Finding for Binarization:
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Network Binarization: future

Theory

Production

Application

@ . A\ 74 . . . B\ 742 . )\
Representation Optimization Connection
] e o
o © e
= o o o o
\_ Y S Y 8 J
A 4 A 4 A 4
Data-driven Data-driven Data-free Data-free

Binarization-
aware Training

Post-training
Binarization

Binarization-
aware Training

Post-training
Binarization

Framework & Benchmark for Binarization

v

v

v

~

1D (text/speech/...)

—

-

~

" )

BD (point clouds/CAD/...)

- J

)

)

'~

Paradigm of
binarization

Data-free
Training-free

Vision
Language
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