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 Accelerating convolutional operations
- Convolution H4H0| & A| deviceOf| A SZgt T

- NVIDIAQ| cuBlas EE= Intel 2] mklOf| A AFE S}

—
o

= O
12|52 5

-+ I A S
- Matrix 2| 8% Winograd 52| ¥ of 0<% ik =
9 ibl
Input Image [4x4x3] Si::;:::!; w?ndm
Result: [12x9] positions

Kernel Width:2
Kernel Height:2
Stride:1.
Padding:0

W_out=(W_in - kW + 2°P)/S + 1
H_out=(H_in - kH + 2*P)y/S + 1

W_out=(4-2)/1+1=3
H_out=(4-2)/1+1=3

2x2%3 column vector |

[2x2] R, [2x2) G, [2x2] B
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We can multiply this result matrix [12x9]
with a kernel [1x12].

result = kernel x matrix

The result would be a row vector [1x9].

We need another operation that will convert
this row vector into a image [3x3].

D00 | - o | - ¢
Result: [1x3)

Conv out: [3x3]

Consider col2im as a row major
reshape.
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* Basic quantization techniques [1]

- Neural network 2| weight 5! activation2 lower bit-width2| integer AtEZ 2 2 Hzl
- Floating point2| matrix & 2 4t0]| H| 5 W2 &4t 2 F %2 bandwidthE 7+
- SFX| 2 52 precisionOf| 2| St information loss7t ' 7| O| & quantization error2t 1 2

- Information loss& X|22t2 = St= CHY B quantization HH=0| A& UF

= Uniform vs non-uniform quantization

o
o°=*

- Uniform quantlzatlon_| 3% round A linear operation= 283519 quantlzatlon
= Bell 22| & X| weight distribution= X|CH £ HHESHA] gt
- Non-uniform2| &% codebook &= &5t LY distributiond| CH3H 2 10FE © 2 mapping=

S} X| 2 hardware -2 A| B2t DFH 0| A overhead 7} 7 70l 2| F0| ot
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Weight distribution Weight distribution
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 Basic quantization techniques [1]

- Range mapping (Affine / Scale)

- QuantizationA| weight 3! activation2| dynamic rangeS 278

- Affine quantization
1
Ty = quantize(z, b, 5, z) = clip(round(s - r 4 z). — b=l gh—1 _ 1) T = dequantize(r,, s, z) = — z)

' Parameter z € RE &l weight2| zero-pointE Y 2|2 YK =2 Heter = UZ

- Scale quantization

. . 1
T, = quantize(r, b, s) = clip(round(s - r), ) LR R [ L 1) T = dequantize(x,, s) = —x,
5

= Real-value 2! scale factor s € R B2 283510 X2t QI quantizations T

ff=-3 o 1 =4 - o1 x=4

= ar = %
=128 Z 17 127 =127 0 az2 127
< Affine quantization > < Scale quantization >
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 Basic quantization techniques [1]

- Tensor quantization granularity

- TensorOl| CH®F quantizationA| parameter s,z )2 357 o w2t £ 2 &
- per-element, per-channel, per-tensor s 22 H78g = AU Z
MENSIO] AFR

s M8 layer = S
vEESt granularitys AFE Y Al AN S & I SFHAZE = US
é J
i i
Y =XW = dot( ) )
P p
Wi = Z Tik - Whj = Z dequantize(zrg ik, 8q.ik) - dequantize(wy ki, Sw. ki)
k=1 k=1
| 1
= Iq_]l s —Tflq_kj
k=1 Sp.ik San ki

If activation (x) has per-row granularity &
weight (w) has per-column granularity

1
qu-i’l‘ " Wq.kj | Integer arithmetic
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 Basic quantization techniques [1]

- Computational cost of affine quantization

823 Al computational overhead 24

- Affine quantization= Al

o ()R A Q| B2 scale quantizationOf| A{ 2] integer arithmetict & 2 StH 15 AL TS
| 7ts &

s (2)H Ao AR B A0 H2| =l parameterZ offlineOf| A O| 2| A[AFO

AlO| A2 quantized inputOi| ©|8H (2)# 1} Z-2 offline 40| E7H5 !

s (3)H
vO| 2 OISl CtZ layer2 E O 7t7|7FX] Q| computational bottleneck &4
st 22 B3

- 0] 2{2} O| 3 Z neural network 2| weightOi| Ci{ {1 scale quantization= AF-& S}

P 1
Yij =~ E : ?—(Eq ik — Zz) 5 (wq,kj — 2w,j)
p—p % Sur, g
1 p p P
= T < (2 :ﬂfq:ik“’qﬁj - E :('ﬂf’mkar + Zezw,j )| — E :Iq,ik‘zmi)
k=1 k=1 k=1
(1) (2) (3)
Extra computation

Integer arithmetic Offline computation
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 Basic quantization techniques [1]

- Calibrating quantization parameters (Post training quantization, PTQ)
- 8+50| 2t & &l neural networkOfl random®t input= '€ O =0 activation®| statisticsE =&
- Max calibration
:= ActivationOf| A 7t& 2 24H71HX]

- Percentile calibration

r

& A8 5 quantizationStH outlierd| 3 2Fgt

ol X O

H -
OT 1 -

—_

;= Tensor2| histogramOi| Al & AESH= HAO|H =2 99.99% = AL

- Entropy calibration

-« KL divergenceS 2250 information loss7t Al ¥ M2 X| & 77}X| 2 AR

. f | Models | fp32 | Max Entropy 99.9% 99.99%  99.999%

: : MobileNet v1 71.88 | 69.51  70.19 7039  70.29 69.97
10% ‘99 99% wntropy max .

: | MobileNet v2 | 71.88 | 69.41 7028  70.68 71.14 70.72
108 ; , ResNet50 v1.5 | 76.16 | 75.82  76.05  75.68  75.98 75.97
Lo | : ResNet152v1.5 | 78.32 | 77.93 7821 77.62  78.17 78.17
: : Inception v3 7734 | 7253 7754 7621 7752 77.43
107 : ' Inception v4 7971 | 0.12 7960 78.16  79.63 79.12
Lot : ResNeXt50 7761 | 7731 7746  77.04 7739 77.45
. ResNeXt101 79.30 | 78.74 79.09 7877  79.15 79.17
10° I EfficientNet b0 | 76.85 | 223  72.06 70.87  68.33 51.88
0.0 05 10 15 20 S EfficientNetb3 | 81.61 | 5427 7696  77.80  80.28 80.06
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 Basic quantization techniques [1]

= Quantization aware training (QAT)

S R=A
1S

2 &t50| 2t 2 &l FP320i| A 9| weight

_ '6L§J‘_I|-?g Ol M pseudo quantization%

;« Post training quantization E'.J% M E5tAZ M narrow convexOf| Al 50| 245| 44T
HHE QATE AFSSHS T FP320 A1 2] A450| 243} X| Bt quantization Al 4350] LS
- Straight-Through Estimator (STE)
;' Neural network LS 01| = 7}=l quantization operation2| 4% derivative’} = & =t
'« Backward passO| &1 quantization operationO| STE operation 2 £ L | =
L L ,
0.9 o LEZF 0.9 | o LES . .
0.8 I. ; :ﬂ 0.8{ ; :¢ forward __ ) - . o 3
' . pass _,_I_I i
0.7 'I ~ [ o7y |I ~ | E E
E 0.6 | tﬁl i ME‘ 0.6 'I 'p . .
Tos|® ' ' T0s] 9 \ / :
oaf | 0.4 ¥
0.3 m s 0.3 w -— % . D. . %—
0.2 v 0.2 |
-1 ' i ' 1 ' F -1 ' 0 ' 1 ' 2 P .

< Post training quantization > < After quantization aware fine-tuning >
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[1] "Post-training piecewise linear quantization for deep neural networks." (ECCV 2020)

Quantization research

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]

- Proposed a piecewise linear quantization (PWLQ) scheme for efficient deployment of pre-
trained DNNs without retraining or access to the full training dataset

- Presented a solution to find the optimal breakpoints and demonstrate that the proposed method
achieves a lower quantization error than the uniform scheme

- Provide a comprehensive evaluation on image classification, semantic segmentation, and
object detection benchmarks and show that the proposed method achieves state-of-the-art results

Lnifarm quantization Fiecewise linear quantization (PWLQ) MSE of uniform quantization and FWLD

105 107

104

10°

1073

- d-bit uniform
-==- &-bit uniform
-==--_ B-bit uniform
—— d-bit PWLD
—— &-bit PWLD
—— B-bit PWLD

Count

104

10t

Mean squared guantization error

0
il L0
4.8 -0 02 00 02 . . 0.8 08 06 04
Weight value

1l 1077 _ _ _ _ _
o6 0.8 [T 0.4 o6 08 1.0
Ratio of breakpoint over maximum: pim

2 00 02
Weight value
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[1] "Post-training piecewise linear quantization for deep neural networks." (ECCV 2020)

Quantization research

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]

- Motivation
- Hardware 7+ Off A }3} uniform quantization method= lower bit0|A] &0 A EO{ &
s+ H & O transformation O| Lt look-up tableO| = 2 BF non-linear quantization method+= hardware
7210 o 20| =
- O| = uniform quantizationO| bell-shaped weight2| £ & ZASHA| 25}17| I{Z
.+ YA Ol neural network2| weight= = GaussianO| Lt Laplacian2} 2= bell-shaped = £ & 7} &

- Quantization errorE = O| B A| hardware friendly®t linear quantization2| @ E{f £ 7 X|St-= PWLQ A| ¢t
:'+ Quantization errorg Z|Cif ot ZO|H XAt AAFH A d& ot =2t4 A0 7| M=

1
Float-32
Weights concentrated
around zero

20000
1034

15000

Frequency
=
o
2
H
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[
1
|
I
|
I
1
1
1
I
I
I
|
1
p

| Spread in 104
‘ long tail
5000 ‘
| -
o ; . "-m -06 -04-P-02 00 02P 04 06 m
0.02 0.04 Weight
< Bell-shaped weight distribution > <pahoil 2t 22| El region >
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[1] "Post-training piecewise linear quantization for deep neural networks." (ECCV 2020)

Quantization research

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]
= Deciding Optimal Breakpoint

- Quantization error (r = full-precision real number)

Epw = PW(rib,m,p) —r

- Expected Quantization Error for Uniform Quantization
2

E(2 b r) = & = C(0)A?
(u’m. s Ly T ) 12 ()

- Expected Quantization Error for PWLQ
E(e3,bom.p) = C0 = ){m =) [F(=p) + 1 = F(p)] + p*[F (p) — F(p))

=C'(b— 1){(m —p)2+m2p—m)[2F(p) — 1}}
- Optimal breakpoint p*
p* = argminge o m) E(c>,:b.m.p)

:'+ Optimal point p= [0, g] AFO|Of| €| XISHO S optimization &A= convex &

ﬂ S TUdkD VDS
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Quantization research

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]
- Hardware impact of PWLQ
- Convolution output for uniform quantization
(X, W) = (5, Xy + 201, 5,W,) = Co(Xy, W) +C4
- Convolution output for PWLQ
Py = (5. X+ 22, s, Wy, )r, = Co(Xy. Wy )R, + C3

P2 = <S$Xq{ -+ ZII, Swgl"i-’rqg +pI)Rg = C4<Xq-_ IJ{EQ‘Q)RQ -+ C5<Xq5 I>R2 + 06

' Py, P, : separate computational paths

-PWLQZ QIot A4t overhead
:': Three accumulators: Py, P, product sum and one more for P, activation layer
vBreakpointZ| S 7t2t=% activation layerS ¢/} accumulator S 7}
:': One extra region indicator bit
vWeight2| B2 HA|SH7| [0l He

=
L d3tS =%| ore
= @S T E3

v Computationo'"

ﬂ B TUBED
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[1] "Post-training piecewise linear quantization for deep neural networks." (ECCV 2020)

Quantization research

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]

- Robustness of optimal breakpoint

The robustness of the optimal breakpoint

- Optimal breakpointO]| perturbation= &S5+ robustness = Q! oo N
;= P% O|LH O Al M K| layerOf| random®F perturbation =& 5] R _
- 10%2] perturbation| A = H=0| A SIS @t = d 1 L
S 74 &
o M| tet A © = 5 optimal point2| REE SH o
2 73
- Multiple Breakpoints e TR S

Perturbation level

- Breakpoint 7l 5= 2} hardware overhead AtO| 2] trade-off
:': Breakpoint/F HOMA|H H2t e = S2t7hX| B 103 SHEQ O] ¢4t 20l 501

- Hardware overheadE 11243}l breakpoint= StLIZ A& A2 HE

Number of Hardware Inception-v3 (77.49) ResNet-50 (76.13) MobileNet-v2 (71.88)
Breakpoints | Accumulators | 5-bit  4-bit  3-bit | 5-bit  4-bit  3-bit | 5-bit  4-bit  3-bit

One Three T7.28 T75.72 61.76 | 75.62 74.28 67.30 | 69.05 54.34 16.77
Two Five 7731 76.73 T71.40 | 75.94 75.24 73.27 | 70.01 65.74 36.44
Three Seven 77.46 T77.00 74.07 | 76.06 T75.77 73.84|70.43 67.71 55.17

R AT NS ‘ VDS I
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Quantization research

[1] "Post-training piecewise linear quantization for deep neural networks." (ECCV 2020)

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]

- Experiment on ImageNet classification task
- Inception-v3, ResNet50, MobileNetV2 O CHSH 8bit, 4bit quantizationOf| M 7t =2 52 7|5

Network | W/A [PWLQ (Ours)| qwp ACIQ LBQ SSBD QRD UNIQ DFQ
| 32/32 77.49 78.00 77.20 76.23 77.90 77.97 i i
Inception-v3 | g0 | 1 0.04 (77.53)| 0.00 (78.00) i ; ~0.03 (77.87) -0.00 (77.88) i i
.
(Top1%) | 48 | -1.04 (76.45) | -7.00 (71.00) -0.00 (68.20) -1.44 (74.79) ] i i i
a/4 | -2.58 (74.91) ) _10.80 (66.40) -4.62 (71.61) i i i i
32/32 76.13 75.20 76.10 76.01 75.20 i 76.02 i
ResNet-50 1 g5 1 _0.03 (76.10) | -0.10 (75.10) i ; -0.25 (74.95) i i i
(Top1%) | 48 | -0.51 (75.62) | -21.20 (54.00) -0.80 (75.30) -1.03 (74.98) ] _ 256 (73.37) i
4/4 | -1.28 (74.85) ; 22.30 (73.80) -3.41 (72.60) i i i i
| 32/32 71.88 71.90 ; ; 71.80 71.23 ; 71.72
MobileNet-v2 i
(Top1%) | 8/8 | -0.15 (71.73) | -2.10 (69.80) ; - _0.61 (71.19) -1.68 (60.55) _ 053 (71.19)
a8 | -2.68 (69.22) | -71.80 (0.10) ; ; ; . ; :

U szumga
S
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[1] "Post-training piecewise linear quantization for deep neural networks." (ECCV 2020)

Quantization research

» Post-Training Piecewise Linear Quantization for Deep Neural Networks [1]

- Experiment on Semantic Segmentation task

- DeepLabV3+2| MobileNetV2 backboneOf| L2t quantization 2124

Network W/A 32/32 8/8 6/8 4/8
Uniform 70.81  -0.65 (70.16) -1.54 (69.27) -20.76 (50.05)
DeeplLab-v3+ ,
(mloU%) PWLQ (Ours) 70.81 -0.12 (70.69) -0.42 (70.39) -3.15 (67.66)
m .
’ DFQ [42] 7294  -0.61 (72.33) - -

- Experiment on Object Detection task
- SSD-Lite2| MobileNetV2 backboneOl| Ei 2t quantization 2124

Network W/A 32/32 8/8 6/8 4/8
Sl Uniform 68.70  -0.20 (68.50)  -0.43 (68.37)  -3.91 (64.79)
[N 4N = l'e
mapy) | PWLQ (Ours) 68.70 -0.19 (68.51) -0.28 (68.42) -0.38 (68.32)
m: /0 )

( DFQ [42] 68.47  -0.56 (67.91) . .

g AT NS . ‘ VDS I
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Quantization research

[1] "Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized Straight-Through Estimation." (CVPR 2022)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized
Straight-Through Estimation [1]

= Proposed Nonuniform-to-Uniform Quantizer (N2UQ) for improving the quantization precision
via learning input thresholds, while maintaining hardware-friendliness in implementation

- Proposed Generalized Straight-Through Estimator (GSTE) to tackle intractable gradient
computation w.r.t. input threshold parameters in N2UQ. G-STE calculates the expectation of the
stochastic quantization as the backward approximation to the forward deterministic quantization

- Proposed a novel weight regularization considering the overall weight distribution for further
preserving information in weight quantization

= 0.7 0% 53 14 07 51 7.1 My al
Output x? R&aj-?aium nput 14 1407 08 14 1202 “E 48 78 2007 5 Output x° Real-valued input B 5 I o B
14 08 53 53 07 % 37 0802 —e 4050 00 w00 - » * @1 2 5] il i COEE | |
- 1407 07 0% 037 04 37 2 49 EA 571593 313 30 % 3 .1 — BEH:EE
E 14 14 08 _|.4 03 _ 0.4 [28] a2 i 15 : o ollo 1 ] 1 o o 7 [HIE
= — Non-uniformly guantized output = r 2021 7l : 32
g 53 53 53 :.": =  Uniformly quantized ontput
7 07 08 14 53 42080237 g T ag - G-STE Backward
} encode }encode tdecode Forward o 0l W1 00 00 10 11 000D 0001 ... 111l
Nonuniform [npot ¢ (00 848 T Te8 010 TEE G0 GO0 o Nonuniform  Input x°

A B ‘ VDS |
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Quantization research

[1] "Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized Straight-Through Estimation."

(CVPR 2022)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized

Straight-Through Estimation [1]

« Motivation

- Non-uniform quantization= %= quantization errore 7} X|L} hardware implementationO| O] 2{ =
'+ Uniform quantization®| H|Sl| weight distributionOi| Ciot £ 2 HAEHZ 7|-I'
=)

=
CF2F 7| uniform quantizationt CFE &2 real-valued input®| CH

=
- Hardware friendlySt 2 Al non-uniform quantizationd H| =8t EAE 2 7tX
N =
v X rangeOi| CHSH 2™ — 17H2] learnable thresholdE T+ &6t at5 1PH 0| A O| & ot&
;= O] threshold= intractable®t 'H=0|H quantization function= L =2 X0 A derivativeZ} 0

'§I

- O|Z s{&A%H7| IS ME22 G-STEE M5t 2D QAT YA =2

Real-valued mput 3 3 3 =

Jutput x4 1 2 2 F 2

11 I ! 1 1 i

I I I D-J 0 ] 0 H :
Elr 1 | s s+al ¢ 3 0, 2 3 0 1 43 3
NN I (b1) (b2) (b3)
[P=ry
= 11 | .
=l 11 | =l o Backward Pass
s111 | §0 §2 —— Forward Pass
Zloar oo E <)

11 i ’ .

— : . -1 0 1 0 1 2 3

Nonuniform  [nput x Input Input

(a) Binarization  (b) Quantization

ﬂ B TUBED
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Quantization research

[1] "Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized Straight-Through Estimation." (CVPR 2020)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized
Straight-Through Estimation [1]
- Forward pass: threshold learning quantization
- 7| linear quantization?} & & St scale quantizationOf| 7|H5H0] A AF 4=3H

'+ ActivationO0f = N2UQZE & 85t weightOf| = & 2™ @l scale quantization X &

0 " < T M-1K-1
24 — 1 Th<x" <Ts a? -w? = Z Z 2t popent[and(a:, w )],
. i=0 j=0

9n 1 " = Ton_y a; w;e{0,1}vie{0,1,. ... M—-1},5{0,1,.... K—-1}.

- Backward pass: generalized straight-through estimator (G-STE)
- Stochastic binarization function2| expectationg 225} 0] threshold2| gradientE =%
:': Real-valued activation x™ 2| ¢/ X|0] 2 == 0f Cl{ot H==

vForward passOl Al = hard thresholding2 Sl AHE

0 with probability p=c:1ip|[i+‘”—‘r"'f 0,1)
a1} —
1 with probability p= 011;1{‘ —=.0,1) \

0.1} — {ﬂ Pza=0} > 0.5 _ {U r<s+ 5

1 pize=0} < 0.5 1 z"zs+ &

R AT NS ‘ VDS |
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Quantization research

[1] "Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized Straight-Through Estimation." (CVPR 2020)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized
Straight-Through Estimation [1]

- Backward pass: generalized straight-through estimator (G-STE)

- Stochastic binarization function®2| derivatione Ct=1F Z4 =

4{0.1} d —s
B2 O gguon] = 51 (0 X prrimgy + 1 X prreny) = 2P0
dxr dx” dx BIT
- 7+t & segment (stochastic binarization function)= &2 ™ L1t 2=
L
T rihr‘m + rihr‘r-'z + ot ‘Tthn U IP C’:du i c_*il.
3 3 3 _ : a; r @it1
, , 5 27— 1 di—1 + 5 T ‘:dz—F_
) ) ) ie{l,....2n -2}
D_] 0 :'-" 0 H H 2”‘ - J. dgﬂ_z + '2"' z
s s+al 2 3 0a2 2 3 0 1 53 3
(bl) (b2) (b3)
dxd Ot d 9 giza
» 1 o 3 Backward Pass {'}II‘ [(‘}II bo ol [I ]
=l === Forward Pass . r .
, (£t 42 1) diy <7 <d
01 O — ie{l,....2n -1}
- 0
-1 Ingut 1 0 Ir11pu;i 3 0 otherwise

< Generalized Straight-Trough Estimator >
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Quantization research

[1] "Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized Straight-Through Estimation." (CVPR 2020)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized
Straight-Through Estimation [1]

- Backward pass: generalized straight-through estimator (G-STE)
- QuantizationOf| A| forward % backward| A1 2| HLHO| form= Sl E = segment0| CHSH O] F O &

-z torch.where LS S| tensorl| 2| 29| element x” O] &Kot +7tES &S

:: O| 2 QI5l Lt 9l lmear quantizationdt & ot HEE X|L| Rl LXK T =THE Ol matrix

multlpllcatlon % .J X memory access’/f HROIX| ¢

oro
LS O

v Hardware friendly!

- Entropy preserving weight regularization

IJ1>|

s+ 7| & scale quantizationOf| ] &F long- ta11°| WelghtE O| LIEILEX| Bi= E271dEd
otgfet &2 A2 Sl weight? [-1, 1] B2l LH 2 rescale=|H training 0| £ BNO| S &

: i
Rescale i i W'
1 1
4 2 2 4
IIT?",’ o(n—1) W™ r 303 Y 3 3
- [/ [’ w. (b) 2-bit quantization
27 —1 |||W™]]11 ’ Db
AT ,
1/Absolute mean value Rescale | S W
B 6 4 2. 24 68
-0.0005 0.0005 LR

ﬂ B TUBED
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(a) Real-valued weights (c) 3-bit quantization



Quantization research

[1] "Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized Straight-Through Estimation." (CVPR 2020)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized
Straight-Through Estimation [1]

- Comparison with State-of-the-Art Methods
- ImageNet datasetO]| CH?F d-S H| I

Bit-width Accuracy(%) Bit-width Accuracy(%) Bit-width Accuracy(%)

Network Method . p -
(W/A) Top-1 Top-5 (W/A) Top-1 Top-5 (W/A) Top-1 Top-5
- Uniform methods 2Lt =2 M5 7| & TR T
_ DoReFa-MNet [5 . F . 3
IfSkAR HEA LONets [L ] 22 649 B59 33 682 879 44 693 888
05071 1 207 652 - 33 680 - 44 696 8a9]
_ Ct: 2 FAQ [37] - - - - - - 44 HUR EO.
Fulll_pr601s1on_| network =2 I- = ResNet-18  QIL 23] A 857 - i 68z - a4 701 -
Ns 7% (FP:71.8)  DAQ[29] w669 - 33 696 - 44 05 -
DNAS [14] - - - - - - ~died TOE -
g 7| | networkoﬂ redundancyoF Mn'r[_'_] 22 673 87.5 313 69.9 §9.2 414 707 89.6
IC507 ] 202 616 816 3 702 894 44 7Ll oo0)
=0| AU X tot B O LCQ [40] 22 689 - 33 706 - &4 715 -
O| E_I o] WS E=AP N E_l LH O_I SEA m 694 884 33 710005 474 729 00.9]
- 0E 8 = —1d LQ-Neis | 1] 22 698 8O1 33 TI9 902 - - -
DSO [14] 22 00 - 3/3 715 44 728 _ |
FAQ [33] - - - - - - 44 733 913
OIL 23] U2 706 - kT T & B 44 737 -
:{I_E:,N;:;T APoT [21] 32 709 897 33 734 911 44 738 916
S DAQ [25] . To - i 73 - a4 737 -
DNAS [14] _ _ — - _ —  edfed 40 -

LO- Nem[ ] 272 715 903 33 742 916 44 751 924

FAQ [ —_ _ _ _ _ —_ 44 763 930

ResNet-S0 P;‘LCT[-] 22 723 905 33 753 926 44 765 937
FP:77.0)  AESLL20] 22 734 914 33 758 927 44 766 931
S | Y 272 737 915 a3 754 927 44 767 930
Anxi [57) 22 Tig 914 33 754 924 - - -

LCQ [46] 7 751 - I3 763 - 44 Te6 -
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Quantization research
1 Nonunl!orm-to-Um!orm ! guantlzatlon: Towaras Accurate Quantization via Generalized Straight-Through Estimation." (CVPR 2020)

[2] “Dorefa-net: Training low bitwidth convolutional neural networks with low bitwidth gradients” (arXiv 2016)

* Nonuniform-to-Uniform Quantization: Towards Accurate Quantization via Generalized
Straight-Through Estimation [1]

- Ablation study
- Baseline [2]2} H| 1 5}0] | Qtot 2O 2 8dS SH (Table 3)
A

5
-TLAQE= M &%t & El 2 C}E regularization &'EH =1t &= H|wdto] Ktot 2ol 257

o =
=353
(Table 4)
Table 3. Effects of different components of N2UQ on the final Table 4. Comparison among different weight regularization
performance of a 2-bit quantized ResNet-18 network. schemes for a 2-bit quantized ResNet-18 on ImageNet, based on
the proposed threshold learning quantizer with G-STE.
Method Top-1 Acc
Baseline [50] (our implementation) 65.9 Method Top-1 Acc
+ Threshold Learning Activation Quantizer with G-STE ~ 68.9 No Regularization 68.9
+ Entropy Preserving Weight Regularization 67.8 Weight Norm [ %] 67.4
+ Both (N2UQ) 69.7 Learnable Scaling Factor 68.6
Corresponding real-valued network 718 Entropy Preserving Weight Regularization ~ 69.7
- Visualization _ |
Real-valued weight initialization Bascline 2-bit Ours Baseline 3-bit Qurs
=04 -0z 0.0 0.2 =050 —0,25 0,00 025 050 -0.03 0,00 0,05 =04 =02 00 [ =0,050-0,025 0,000 0,025 0,05
(a) Weight
2-bit Baseline 2-bit Ours
Real-valued Activation Quantization Function Quantized Activation Real-valued Activation Quantization Function Quantized Activation

e Maore weights

Less weights
| —

T3 7 3 i 3 ] T3 T3

R 5{ C“ 6_!"_‘1 (b) Activation VDS
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