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Background

Teslpoint™
By 2020 LANGUAGE MODEL SIZES TO DEC/2022

I g g e r a ta the total amount of data stored is expected to be 50x larger than 2015!
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Luminous GLM-130B

a n d 14 L msenisbig data. L

T “Every day, we create 2.5 quintillion bytes of data”
PaLM
PaLM-Coder

I a r e r m o d e I . Challenge: Difficult to find the most valuable pieces of \
[ E . I ' I information & Takes time to analyse data. Minerva

Big Data/Analytics Opportunity: Access relevantdata from any
source and find answers enabling you to determine root causes of @ rerameters
GAL 120B

failures, Issues and Defects saving you millionsannually! @ ~evigoun

! T ——

time savingyoumillions annually!

(&3]

S

lesia Model 3 Sensors and Computing - analyzed by System Plus Consulting

Tesla Driver Assist

Tesla
Al Triple front camera
Forward looking Autopilot 3.0
Side camera Central driver
rﬂ \

assistance controller

Trunck handle

L

diverse usage Yo B g
and 2 : = ‘ Z . ‘ v _“"LiDAR Scanner
limited resources |

Rearward looking
Vale

Y . (repeater) camera
Continental
Ultrasonic sensot
Far and short

range radar

sTCm:




Network Quantization and Binarization

R—H—’Be {—1,+1}

32-bit 8-bit 1-bit

‘ A Kkaust i itiative



fi}ﬁﬁfﬂf ‘/ﬁ\l KAUST Al Initiative

S

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

{—1,+1}/

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

Bitwise Operations:

+1, ifx>0

—1, otherwise.

Qz (X) = aBy,

z=0(Quw(W) ®Qq(a)) = o(aB(bw ©®ba))
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Network Binarization: 1-bit
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Network Binarization
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Network Binarization

Full-Precision
Neural Networks
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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

atu pooled Pusy-conn i Classification Network
feature maps pooled feature maps  foatyre maps & e !
feature maps e

| o s — R s e
@ é transform :t?: . transform . :?5: pool 1>y (512,256,k)
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£l e I L s
W R A S output scores -

' S i .p_oint features B
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@Y Outputs oot — —*'_I_‘_' _'(_Iﬁ_’ £
— mlp (512,256) mip (128,m) i

. [ = ] [ - ][ — ][ = ] [TM’] T i dPEERY

CNN (ResNet, VGG, ...) e MLP (PointNet, MLP-Mixer, ...)
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Sentence 1 Sentence 2

Transformer (BERT, VIiT,...)

11



o0 e | A kausT Alnitiative
CNN Binarization: information loss and retention

Effects of BNN in the Forward and Backward Propagation

limited representation

Y, Fx>9
B, = sign(x) = i i x 2 .
—1, otherwise.
) ', , -
0 £ .

12
Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. UCV 2022.



Sy e ‘ A Kkaust i itiative
= Science and Technology

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.
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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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Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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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)
15

Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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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

16
Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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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 >

balance sign
/ /\ T o s standardize 2
1.0 1 10 1\— a 0 a J—[(Qx(x)) ~ 0.69
w Qw(W)
Changing the shape of estimator
a Ba 1.5 1.5 1.5
1.0 = 1.0 1.0
DTE: retaining accurate gradient and updating capability jointly 0.5 05 S, 05
________ W ! 0.0 Egm = D) 0.0 E@‘ 0.0
f i < Bagkwa I‘d I -0.5 -0.5 S, -0.5
J/ | =101~ -1.0 -1.0 —1
______ | | , -1.5 -15 -15
-5 0 5 -5 0 5 -5 0 5
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Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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CNN Binarization: information loss and retention

Distribution-sensitive Information Retention (DIR-Net)

RBD: mitigating information error
by the representation alignment

—
external: ” =

binarization-aware ) - -
distillation 5 L 5
Zg, = 2L
FCr L FC
N Qe
full-precision binarized

18
Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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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

19

Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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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

20

Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.
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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

AI KAUST Al Initiative

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

(single thread).
Bit-width .. g _
Method (W/A) Size (Mb) Time (ms)
FP 32/32 46.77 1418.94
NCNN 8/8 - 935.51
DSQ 2/2 - 55122
Ours (without bit-shift scales) 1/1 4.20 252.16
Ours 1/1 4.21 261.98
\L y
11.1x storage saving
5.4x speedup
21

Distribution-sensitive Information Retention for Accurate Binary Neural Network. Haotong Qin, et al. JCV 2022.



S8 | A avsT avnitative

(]

Transformer Binarization: attention crash and recovery

Bottlenecks of Fully Binarized BERT Baseline

Multi-head attention

( )
~»{ Add & Norm }
Feed
Forward
T Concat
e !
N ~ Add & Norm J ScaledAt?:,:{i';;OdUCt .u& h Scaled dot-product attention
Multi-H'ead y- y- p=
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/

22
BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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Transformer Binarization: attention crash and recovery

Bottlenecks of Fully Binarized BERT Baseline Binarize

(directly)

Multi-head attention

4 T\
~>{ Add & Norm |
Feed
Forward
A
Nx | —(Add & Norm )
Multi-Head
Attention
I S,
\_ J
Positional &
Encoding
Input
Embedding
Inputs

Con;at BQ = sign(Q), BK — sign(K)
ScaledAt?:,:{i';;OdUCt .u&h Scaled dot-product attention ]_

L @‘;@@ i A = \/—E (BQ 024 BKT)

v oKk G % = sign(softmax(A))

https.//deepfrench.gitlab.io/deep-learning-project/
23

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



S8 | A avsT avnitative

(]

Transformer Binarization: attention crash and recovery

Bottlenecks of Fully Binarized BERT Baseline Binarize
(directly)

Multi-head attention

4 )
~>{ Add & Norm |
Feed
F d . .
or\:\:ar Concat BQ — Slgn(Q), BK — SlgIl(K)
N p !
Nx ~ Add &-Norm J Scaleit?:;{iﬁfdw _u&h Scaled dot-product attention ]_ T
Multi-Head 1 L || —p A= — BQ ® Bk
Attention N Linear | Linear D' Linearﬂ A/ D
—t
- g VoK % = sign(softmax(A))
Positional & A
Encoding
Input
Embedding

1 Severely dropped!
Inputs o (Avg: 83.9% -> 50.4%)

https.//deepfrench.gitlab.io/deep-learning-project/

24
BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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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

25
BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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Transformer Binarization: attention crash and recovery

QQP

Bottlenecks of Fully Binarized BERT Baseline [Fratnion s oo o mumim— o 02|

FP self output [N 74.86
FP intermediate — 79.79

I 65.81 !
|
P 7407
1

FP output [N 83.12 I 761

FP pooler NN 78.42
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(a) Full-precision (b) Fully binarized BERT baseline

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

Accurate Fully Binarized BERT (BiBERT)

Bi-Attention Embeddings

hidden T

states H II Fully Binarized
| Transformer Layer

! ! } ransennertayer i
query Q key K value V I( |
nom Ny i)
MHA |
By By <—:_‘: ’ |
Il II I | Add & Norm :
é | By | |

- : Iy
¥ attention I I | FFN :
| || scoreA l : 1 !
|
B 1_b001(') BAMM : Add & Norm |
Ba > E N — { ————— )
- l X L

head, -+, heady,, Classifier

27
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)

Bi-Attention Embeddings
hidden II T
states H Fully Binarized
| Transformer Layer
: ! } renseneraEr i
query Q key K value V If |
II II I I I N T T :
! ; . MHA .
/’BQ-~\ 2K I L ‘ !
// II \\II I B : Add & Norm :
Vv
, é‘—‘—l I I | I :
I’ ¥ attentidn ' FFN |
i [ L score'A l : T |
\ bool(: . | Add & Norm |
\ 4 bool() ] BAwM , |
\ [ BA 7 > E - { _____ J
SN U l X L
D TEg h Classifier
ead,, -+, heady,

28
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)

hidden II T
states H Fully Binarized
| Transformer Layer
¢ ! } R e \
query Q key K value V (

i Wi ry | —
! 8 (o MHA
IR 1. ifz>0
/’ v B, bool(z) =< ’ —

!

!

!

!

|,

I .
I @ y : 0, otherwise
I’ ¥ attentidn , FEN
i o [ scorel | T
\
\

|
' |_Add & Norm
|
|

| boole) / . ((Add & Norm Js : Obool(z) _ [1, if|z|<1
I - .
v 0l Bt M S ) Oox 0, otherwise
S A,7 ] | X L
S==7 head,, -+, heady,, Classifier

29
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)

Bi-Attention Embeddings 1. m
|

hidden
states H II Fully Binarized
| Transformer Layer

q”gW Q ket’ K vaI:e Vv |( I k
nomn Ny
TR ] N | 1, ifz>0
R4 i i : ' (CAdd & Norm J+ | bool(z) = { te=t
I Qe B I | 0, otherwise
I' I *I attentidAn<_I_ll == '
l\ 1 bools(?)ore' l : Add &lNorm : 0 bOOl(QZ) - 17 if ‘CIZ| <1
\ I  Bawm . | = .
N B »X “--- ‘l _____ ) ox 0, otherwise
\ X L
See=” head,, -, healdNH Classifier

30
BIBERT: Accurate Fully Binarized BERT. Haotong Qin, et al. ICLR 2022.
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Transformer Binarization: attention crash and recovery

oSl s
Accurate Fully Binarized BERT (BiBERT) N
2 sat \\\\\\\\\\\\ =z sat
Bi-Attention Embeddings ° t:z \\‘\i:f\\*\\f\;\\‘ij\;\\ fhne
hidden ] Fullv Binarized =S\
ully Binarize P = N
states H | Transformer Layer [SEP] % [SEP|
‘ ‘ ‘ (a) Full-precision
query Q key K value V |( I \I
l‘l ||‘ 1 I — | [CLS]
Bq Bk C-v_:l M?A : the
1 il B i ' (Add & Nom J | eat
v
) ’,é-,-. - | 18 | I i sat
/ \ atteﬁt'\on | FFN | on
/4 I l score ‘\ : ! |
I 1 bool() 1 I |_Add & Norm : the
\ ;]  BAMM | |
\ I l By, — DE *———‘l ————— / mat
AN PR | XL SEP]
p Fp— head1,~--,headNH Classifier [
(c) BiBERT (Ours) .

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)

Bi-Attention Embeddings
hidden II T
states H Fully Binarized
| Transformer Layer
¢ ! } Rl et \
query Q key K value V ( | .
B = bool (A) = bool D) (BQ ® Bk )

MHA

oy i
L AL
T

Add & Norm

:
I
I
e s

|
|
é By !
< I s
. \ attention I l I FEN Bi'AttentiOn<BQ, BK7 BV) _ BA < BV
|| j score A l : 1
| bool() AN 1 (Add & Nom
. : .
head, -+, heady,, Classifier
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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

Performance

70 7

(o))
($)]
L

(o))
o
L

Average accuracy [%)]
(8)]
(@)]

% BiBERT (ours)
: 141-1

TernaryBERT
2-2-2
Baseline BinaryBERT
1-1-1 1-1-2

ffffffffff

50 1
AN 17MB TernaryBERT
9 ' 2-2-1
BinaryBERT
1-1-1
40 L] L] L] 1

0 03 06 09 12 15 18

FLOPs [G]

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

Performance
707
% BiBERT (ours)
; 111
65
g TernaryBERT
> 60 7 2-2-2
© Baseline BinaryBERT
o 1-1-1 112
o 55 - A
o ( P
g’ l\ E /‘J
£ 50- - -
S )
< ‘) T BERT
. , 17MB y ernary
45 N 2_2_ 1
BinaryBERT
1-1-1
40 L] L] ] L] L] 1
0 0.3 06 0.9 1.2 1.5 1.8
FLOPs [G]

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

GLUE Avg. (with data aug)
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50 26.9% 1
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0 H B
&
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QKQ’ .Q’é <<<§S
M Full-Precision M BinaryBERT
® BNN BiBERT (ours)
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Network Binarization: benchmark

BiBench: Benchmarking and Analyzing Network Binarization

Evaluation Tracks for Network Binarization
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Network Binarization: benchmark

BiBench: Benchmarking and Analyzing Network Binarization

The 3 Most Effective Techniques
for Generic Binarization:

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

(3) Prebinarization parameter
redistributing
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Network Binarization: survey

Binary Neural
Networks:
A Survey

Haotong Qin, et al.

Pattern Recognition

Volume 105, 2020
(132 citations)
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https://github.com/htqgin/aw

esome-model-quantization/
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Network Binarization: future

Theory

Production

Application
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Thank you!

Q&A

Haotong Qin
ETH Zurich CVL & Beihang University
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