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Sensitivity—guided Post—training Quantization Method

WANG Zhao-yuan, WANG Tie—jun,SHI Meng-ru
(School of Computer Science,Chengdu University of Information Technology ,Chengdu 610225, China)

Abstract; With the extensive adoption of large language models ( LLMs) in natural language processing tasks, including question
answering , translation, and code generation, the escalating demands on computational resources and storage capacity have significantly
constrained their deployment in edge devices and resource—constrained environments. To address this challenge, we propose a novel post
—training quantization approach, termed Sensitivity — Guided Post - Training Quantization ( SGPTQ ), designed to substantially reduce
memory and computational costs while preserving model accuracy. SGPTQ enhances quantization efficacy through two primary
mechanisms ; Firstly , it introduces an adaptive smoothing strategy driven by module - specific sensitivity , dynamically adjusting weight
smoothing coefficients based on the quantization error sensitivity of individual model layers and their activation characteristics, thereby ef-
fectively mitigating accuracy degradation induced by quantization. Secondly, it employs a nonlinear pseudo — quantization guidance
mechanism that initially derives weight sensitivity via high —bit pseudo — quantization, subsequently informing low — bit quantization
decisions to prevent abrupt accuracy declines commonly observed in conventional low—bit quantization. By adopting a progressive two—
stage quantization framework , SGPTQ achieves a more stable and accurate compression process. Inference experiments conducted across
multiple benchmark models and datasets demonstrate that SGPTQ outperforms existing quantization techniques, particularly in 3 - bit
weight compression scenarios, offering a robust and practical solution for efficient LLM deployment on edge devices.
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TE PTB 5 4E k4T 4 -bit 1k, SGPTQ i T
OPTQ FI RTN ; 245 LK B [ 2 3 —bit B}, X L8 53 A9
PfE 2= IE g —H K, SGPTQ 7 BLOOM-7. 1B E iy

R K 23. 35,58 &L F OPTQ #l1 RTN,
AR ZE R FE A IE T SGPTQ 7 i: 7E A R 4L
P AR ORTE S8R A R AR R i AR e
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PEROLBE , R0 2 7R A 3 5% T R R B T OPT BEBIAE b IAME 55 v B HERR 3%

=i, R W], SGPTQ 1E K £ R A 5 4% 55 L T
3.3 Hfthxme OPTQ, JuH:AE 3-bit H AL FETH B2 U, 4 Arc_
3.3.1 Zero—shot %3 easy 1T % ', OPT - 13B #i & T~ SGPTQ #E i K

HIEAE SGPTQ £ Zero —shot 1T % P BRLH, 76 59.73% %5 OPTQ 27} 2. 91 H 43 /4, BT &k 1 &
OPT fl BLOOM #i7 |47 T PIQA 5 Arc_easy Ml P, T RTN #930.60% . iX5iE T SGPTQ 7EA AL
K% LG AR BE B (Full) 5 2 F0 & k735 (RTN, KSR PR REOR S g
OPTQ .SGPTQ) 7F 4-bit 5 3-bit FHYFEI, %5 BN

%5 OPT A% £ PIQA #= Arc_easy b9t #4 %

Method Dataset Bits  125M/% 350M/% 1.3B/% 2.7B/% 6.7B/% 13B/ %
Full 16 62.02 64.74 72.36 74.81 76.39 76.88
RTN 4 61.43 63.44 67.63 73.72 76.44 76.01

OPTQ 4 61.26 63.71 70.73 73.99 76.28 76.61

SGPTQ PIQA 4 61.53 64.00 70.78 73.61 76.27 76.44
RTN 3 56.09 60.61 52.77 51.90 50.49 52.99

OPTQ 3 59.25 61.32 68.34 71.38 73.29 75.24

SGPTQ 3 59.14 62.51 68.49 71.59 74.59 75.95
Full 16 39.69 40.36 50.93 54.34 60. 14 61.83
RTN 4 36.32 38.55 49.20 52.90 57.68 61.31

OPTQ 4 39.02 37.92 59.97 53.11 59.72 61.32

SGPTQ Arc_easy 4 38.17 38.72 49.70 54.29 59.88 61.70
RTN 3 30.43 36.07 27.97 26.05 25.04 30.60

OPTQ 3 36.15 36.91 56.17 48.19 53.41 56.82

SGPTQ 3 35.39 36.86 46.33 49.83 56.18 59.73

% 6 BLOOM #: % f£ PIQA #= Arc_easy _E 9 /f # %

Method Dataset Bits 560M/ % 1.1B/% 1.7B/% 3B/ % 7.1B/%

Full 16 65.07 67.14 69.97 70.51 73.72
RTN 4 53.11 65.29 67.74 69. 86 72.69
OPTQ 4 64.31 66.05 68.77 69.42 72.96
SGPTQ PIQA 4 63.98 66.70 69.09 69.85 72.85
RTN 3 58.60 60. 80 60. 88 66.28 69.70
OPTQ 3 61.62 62.62 65.18 68.34 70.95
SGPTQ 3 61.75 63.16 65.34 68.11 71.10
Full 16 41.71 45.41 48.11 53.24 57.37
RTN 4 39.40 42.51 44.70 51.35 56. 14
OPTQ 4 40.24 44.49 44.49 52.82 56.14
SGPTQ Arc_easy 4 41.10 46.00 45.80 52.92 56.30
RTN 3 45.44 46.87 37.58 45.08 48.61
OPTQ 3 39.14 41.79 42.85 46.63 51.56
SGPTQ 3 40.50 41.20 43.50 46. 80 52.90
% 6 /8 T BLOOM BRI MERGR, RAERTHE Ui SGPTQ HA5 s Ik LA ks B R BH R T .
FEFAXT /1N, SGPTQ £ 45 FURE T AR IR R fa e L 8, ¥y W], SGPTQ 7E Zero —shot 1F 45 1, Ji H#E

X BLOOM -7. 1B A f,3 -bit N SGPTQ #E#i XA  3-bitBiL T, M OPTQ M H K E S5 H iz
52.90% , & F OPTQ 14 51.56% 5 RTN 4 48. 61% . e
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3.3.2 3k F stk

9 ¥F A SGPTQ Y B 4% R, & % OPTQ 1Y
benchmark g B2, X AS [F] K ABE 455 #6076 [&] 5 B A K B
(128 tokens) T #47% token #E FHMR , 10 5% 45 45 Bij 1]
FEHT (ms/token ) , 3 B 057 B8 245 5 DAk /N 7S 14
SZUS KL T BASK NVIDIA RTX 3090, i Ji| PyTorch 523K,

7 Won SGPTQ R4k Bk i T OPTQ, it #
BEASE 760 R ASE 18 i B N B &, N AE 6. 7B B AU I
SGPTQ-4bit ff B} [A] Jy 23. 48 ms/token , {X T OPTQ
i 24.00 ms/token, fE 3-bit B 1L T, SGPTQ [l FE7E
AR | B SRR

A7 ARFZAT ET 6 OPT BEAL 42 0 A

Method Bits 125M 350M 1.3B 2.7B 6.7B

Full 16 7.27 14.57 14.96 20.26 24.03
OPTQ 4 7.44 13.90 15.10 24.46 24.00
SGPTQ 4 7.46 13.98 14.60 23.80 23.48
OPTQ 3 7.55 15.05 15.67 21.89 24.47
SGPTQ 3 7.67 15.80 15.05 21.85 23.83

MG LUE  FEfR AT ik i 5 T, SGPTQ 1£ HARAIIATACR
eI [ R IR AR TARMERY OPTQ, JLHAERL 3.4 HREESEE

RUFRABEZ W 15 K 0% 0 R S B, AN, #E 6. 7B
MY | SGPTQ-4bit (1) 4 Hf i} [7] & 23. 48 ms/token,
A HTF OPTQ Ay 24. 00 ms/token A fF FF&, XFF 3-
bit 1LY 5, SGPTQ [RFEFEZ MR R ESesl 1

R EIE SGPTQ AY IR ZH 14 AYAG &0 , 76 R FIAR
A9 BLOOM #R%I | 5231 1 @l % HeSE 56, 45 SR an 3 8
v

% 8 BLOOM #£#! £ PTB #9 PPL £ %

Method 560M 1.1B 1.7B 3B 7.1B
OPTQ 70.35 87.04 46.11 34.02 26.14
Smooth+OPTQ 66.74 69.72 42.86 29.97 23.89
Senstivity +OPTQ 62.34 78.28 41.33 30.11 24.72
SGPTQ 62.02 67.68 40. 68 29.51 23.35

OPTQ SR FH &k 1 f A 38 axk Do A 48 22 P Ak B i 1XC
], R 7E 4 -bit T F B 0], (HAE 3 -bit BHRS B T %
BE,

Smooth+OPTQ 7F OPTQ Al I 5| AR E V-1, A
BOAACAL TR 434, S 25 3R LR 2 . £ BLOOM-3B
F17.1B A | PPL 430l F R 29 4.05 F12.25,

Sensitivity+ OPTQ 75| A J2 HUk B 48 F L, i —
HPETIRG B A AR 1 BRI 2 B0 UE T Rk
FEFR AR

T ZEA T L, SGPTQ filt A i o B5URR B f Ak 5 1%
PPl AL 5] TR W, 76 4 BLOOM A7 | 41 H A i
RI, R T HE iz ALRE ) SE ek,

4 LERIE

ZSCER M T — A TR R R I S A
%——SGPTQ, i i [ 3% W A - 5 AR e M fh ik
TR PSS, ARG 1R e R AT R RS BE 2R
7£ OPT 5 BLOOM #i# |f R 45 5250 % W, SGPTQ 7£
ZHEAY R BT B Ok, JU A 3 -bit IR
JERCE T, R W R OL A B T A R

FE4a 5 R0 a5 B E

JRAE SGPTQ 7R A 5 T4 He Z IR UR T R
U~V ABATS A A — 5 Sy BR A < i Al FRAE R AR |
FTH BT SR A e, BB SRR EE 22 S 1) Ak AR R 004 55
A EATE N, ELAEAS E LB AL (40 OPT-350M)
A A e 2R BE

SMATTE , SGPTQ i 5 B A BG4 1k 42
HETE RO RR G, R R 02 AL RE ) RS B N
P T o AR TAETT B S48 T AL RO AT 5536
T e AT |t — 2D S8 A %05 1
SE Lk
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