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Post-training Mixed-accuracy Quantization Algorithm Based on Pyramid-pooled Weight
Imprinting
ZHANG Rui-Xuan, ZHAO Yu-Feng, XU Fei, YU Ting-Ting, ZHANG Le-Yi

(School of Computer Science and Engineering, Xi’an Technological University, Xi’an 710021, China)

Abstract: Model quantization is widely used for fast inference and deployment of deep neural network models. Post-
training quantization has attracted much attention from researchers due to its reduced retraining time and low performance
loss. However, most existing post-training quantization methods rély on theoretical assumptions or use fixed bit-width
allocations for network layers during the quantization process, which results in significant performance loss in the
quantized network, especially in low-bit scenaries. To improve the accuracy of post-training quantized network models,
this study proposes a novel pqst-tréining mixed-accuracy quantization method (MSQ). This method estimates the
accuracy of each layes of the network by inserting a task predictor module, which incorporates the pyramid pooling
module and weight imprinting, after each layer of the network model. With the estimations, it assesses the importance of
each layer of the network and determines the quantization bit-width of each layer based on the assessment. Experiments
show that the MSQ algorithm proposed in this study outperforms some existing mixed-accuracy quantization methods on
several popular network architectures, and the quantized network model tested on edge hardware devices shows better
performance and lower latency.

Key words: model quantization; mixed-accuracy quantization; pyramid pooling; weight imprinting; bit-width allocation
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S, Hrh B Ak R T SRR R 45K 1 ST [4,5], &=
T BdE 4 AU 45 ImageNet. CIFAR-10 %5, - S48 1 ik
55410 4% 7 NVIDIA GeForce RTX 3080 Ti GPU. 11 GB
BAFH 256 GB 7.

FEINGR G B A R rp, MR 46 S8 45 10 BT A 25 5
Hh i HUE 2 30 1 UG R A A A A 25, HF IR FF
5 3CHR [1,4,6] FTH 55 AR R G S B EUIZR)E 1)
TR EHS FEAR R, e il S o O A AT B L e
B AIACT B 55 KU 471, AR5 FRIAAT & TSI AL
LR I S B I SOTA Ji kLT L, i
T MSQ MR ATE.
4.1. MSQ 7 CIFAR-10 #3184 Fsois

WS 3.1 FTFTIR, 45 L EasyQuant™ ih 4352 A48
VEAE A2 Ja BeAL 5, 7RI 2505 B R 48 MSQ
HHATIR AR R LU AL 58, 38 1 7R T MSQ 1E
CIFAR-10 $#54E I ffi il ResNet20 M5 5HA f)—1k
AT AR,
# 1 CIFAR-10 I MSQ 5 —SuyR &K B Ak 7 v E g

i Bit-width (W/A) Mixed Top-1 dce (%) JEdite T+ 0P
Acc (%)

PACT 232 — 89.7 16%

LQnet 2/32 — 91.1 16x

TTQ 2/32 N 91.2 16 924

Uhlich 2/32 N 91.4% | 16x

DDQ 2/32 \ 91.6 = = 16x

MSQ 1.97/324 J 918 16.67%

Y ®

G 1, Bit-width (W/A) 7 U2 RIS 1 Ak,
KIS 7 5, Mixed F7mAE 15 IR A4S &4k, FP Top-1
Ace Fon ARG FE BRI . AL E FIRF AL 3] 2 47 LA
N RLE RIS UE MSQ, F] BUE th MSQ A AR T — 1k
[E 7 B 7 VE R kG FE R VETE R 4 L B i I
T RE Hf Pt B .
4.2 MSQ 7f ImageNet #(#E& 5018

* 2 Z1E ImageNet s MSQ J7i%k 5 —LE3)
A1 SOTA BAL 52 ib L 45 5. Hoh, MP RoR iR
A5 AL, MSQ[Ada] Il MSQ[PD]4 il 2 7 i FH 46
3.1 FATid i) AdaRound F1 PD-Quant il 45 J5 &4k 772,
FERAL I FE b A ] MSQ HEAT VR &K i 48 R A T L
REOLTE, DA RIS AE A S AT 4 1 )1 45 5 VR 6K 5 o
W7V A Rk

M 2 Ha] DU H, B 5 S X 48 A5 (1 8% (A0
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BUEREAT 4-bit EALKT, MSQ AH Lk I 2k J5 &4k 7 7E
SIS v AR E IS DU, RS FE R A BT T, R AE
BB R AN AT MobileNet-V2 1, 23 MSQ &
K5 8 % J5 1) PD-Quant ¥ B3R T 0.92%. 7EAUE AN
OIS A 19724 EERE R 290 3-bit 1% ELARA Btk o, MSQ
%} ResNet18 Fl ResNet50 4% 5230 1 10.87 £5F1 10.96
R4, H'S5 AdaRound JRUAEAL T A L, A
RORE FE I3 T L 2% A4, 78 MSQ % PD-Quant &
W TT AT IR A K 1 R 5, ResNet50 1A F] 70.25%
] Top-1 F& B, T2 B4 N 4% MobileNet-V2 . HL

* 2 MSQ HHABETTIELE ImageNet ﬁ(?&%ﬁﬁ%@&ﬁﬁt@&

37 60.04% IR RE LK 11.23 fi5 10 i e 4 L. 78 AR
FLE) 2-bit B4k, MSQ ikt i BiL H L 8 K f 1k e,
EIRIE 46 LU Fris b, BT A B Top-1 K 239 H
B t. v WL, Joil 2 S ARAL 5 B ARAL I R A 7 VA
EE, MSQ 4 HA AN TERERCR.

N TR UE R GRS FE R AL S R ) 2 AR R A
KIHERESE T, fE ] 2 WL T MSQ VR AR B AL A
[l 7€ F% FE FE Ak (Base) 22 5, IR A T MSQ[Ada] Xt
ResNet50 WJ%%@&JEKﬁﬁdﬁi&fﬂ%é*ﬁiﬁﬁé%
fiLH&. .

-

ik Bit-width ResNet18 A b RésNefSO MobileNet-V2
e W-bit  A-bit  Top-ldcc(%)  JEZGiL . Topel Acc (%)  JEALL Top-1Acc (%) 4Lt
Full precision model 32 32 71.08 < 1.0x 77.00 1.0x 72.49 1.0x
ZeroQ 4 4 21.71 8.0x 2.94 8.0x 26.24 8.0x
AdaQuant 4 4 69.60 8.0x 75.22 8.0x 47.16 8.0x
AdaRound 4 478N 69.36 8.0% 74.76 8.0x 64.33 8.0x
BRECQ 4 84 69.60 8.0% 75.06 8.0x 66.57 8.0x
PD-Quant L4 4 69.23 8.0% 75.16 8.0x 68.19 8.0x
MSQ[Ada] Y MP 69.22 8.14x 75.27 8.42x 66.02 8.22x
MSQ[PD] MP MP 69.26 8.14x 75.20 8.42x 69.11 8.22x
AdaQuant 3 64.66 10.67x 66.66 10.67x 15.20 10.67x
AdaRound 3 3 60.09 10.67x 67.46 10.67x 2.23 10.67x
BRECQ 3 3 65.76 10.67x 68.96 10.67x 23.41 10.67x
MSQ[Ada] MP MP 62.31 10.87x 69.10 10.96x — —
MSQ[PD] MP MP 65.81 10.87x 70.25 10.96x 60.04 11.23x
BRECQ 2 45.54 16x 29.01 16x 0.24 16x
PD-Quant 2 2 53.14 16x 57.16 16x 13.76 16x
MSQ[PD] MP MP 55.06 15.6x% 60.02 15.2x ‘2133 15.59x
70.0 755
s 75.0
R 7.5 )
X 650 S
E E 74.0
% 62.5 % 735
< 60.0 < 73.0
57.5 72.5
55.0 ~—— MSQ 720 —— MSQ
| | | | | . ]‘3ase 715 F i i 1 I i [ o ]‘3ase
60 65 70 75 80 85 9.0 9.0 9.5 10.0 105 11.0 11.5 12.0 12.5

MIE 2 shay DU ), TE i R A AR AL BUE AR A &AL
REFE VR RS L B A I 2% A Y 0 A AR AR T [ 2
Fi R AL B T L AT B AN
RN B LU AT G B, AT AR N R4 v 2 3E A A

PR R AERY R TR &

= 1PANS

(a) ResNet50 between 2—3-bit

Model size (MB)

2 ResNet50 7£ ImageNet _b 845 5 F0 [ 4 15 E AL LG

[F PR320 25 8 45 i

43 ABHRE LIFHEER
AR SCHG EAL S 1) ResNet50 [ 45 45 714 3 38 78 11 25
MEPEBE A VPR L BE, Pl I AE 1 ¥ 46 /& NIVIDIA

Model size (MB)
(b) ResNet50 between 3—4-bit
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N T BRI SR 4% Tetson Nano VE N IES236F 4,
BVE R4 L Linux AWAZIT Ubuntu &%t, GPU X H
Maxwell ZEH, ¥ mi it 5L Z N 0.5 TFLOPs, CPU Jy
Cortex-A57 MPCore A3 2%, eMMC5.1-16 GB N #£.
BB ResNet50 [P 2% 45284 75 {5 FH VR G k5 P B4 J5 0
AR A £ 100 % % i RIS S 6] L.

3 PEH T MSQ IR AN LR TTE LK Ada-
Round 1 PD-Quant Y155 &4 77124 ResNet50 4T
EAEE, I T PR B, MSQ ESEELE R = A
FE4a LIS LT, I ZE 15 B ORIRSE T, U4k, BR 2
R P 30 25 A0 A1 1 25 AE FRAT T AR 6 Rk %2, Wi
v 2 A Y A D7 V2, T LB b S AT PR AR
Jr . MSQ 7514 G AT V4% i (1) I, 58 A4 I H v
G5 AU S m 8, 15 5 221 AR, &A1
2XUGF MSQ iﬁ%fiiﬂﬁgﬁgiiﬁ@%ﬁﬂ*ﬁ IHAE
E%}E"J@1¢iﬁ%qﬂiﬂﬂiﬁ§&%. g

%3 MSQ EBGRE ik b YL RE A BT

Jrik: JE 45t Top-1 Acc (%) FEIR (ms)
AdaRound 8x 7476 26.22
MSQ[Ada] 8.42x 75.27 9.31
PD-Quant 8x 75.16 19.67
MSQ[PD] 8.42x 75.20 6.54

5 gk

ASCE I W ELA NS TR AR R R AL T iR
X X %A JR 5 J2 2 (B A AR VR AE 2, AT 3 250
0 2 J= LIRS 98 2 BC A AE 7 BC AN 24 55 ) A, it —
T & B A BUE BTC BOR I 255 TR &R BE AL

B2 (MSQ), LAKS At v BAR S 4F i FE B a5 d— |

JE RIS R a5, AT HE 4 T — AN 1T BA P ) M 25545 7 4f
— 2 & AU B R bR, U\iZﬁYﬁﬁ% W 2% J2 1 Ll
AL 58 FFFEAT 43 BTy T RS TR 5 5 B A AR R (1 B A 4k
fib. JBIT7E CIFAR-10 H ImageNet %47 & &%t A 7] /4
LR T AR AT SEEGIGAE, IEW] T MSQ TR A IR
SR R, B MSQ &4k J5 1 W 48 458 | -]
PLAE AN [R] ) B RS A6 5, 78 38 8 31— e ff 2 B8 00 5% v
W% LI RS EE
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