54y = F oo Vol. 53 No.4
2025 4F4 H ACTA ELECTRONICA SINICA Apr. 2025

S FIRAR B 8 N A H i BN 2R T

ZeqEeR ! AR R INE A RiE Y
(1. RERGVRTE R BEHLEBE TR 51063152, 1HA: o TR BR A W AFSE B2, Wi 310053 ;
3. AL EUREE B A S 220, AL 10260034, BWEUREA B F L - 201203)

WOE: ARSI RS TR R A R 1) 4% dk G A AR RS R LA TR RE Y 2 2T 9K X 0m
TR A3 A SR REPEAS R | DA BAe) 2 A AR AR (148 2R 23 0] 5 BOR R e IR T AR (4 TRl B, AR S T — R TR B
3 IV R A 45 B 1 2519 (Low-rank Adaptation based Flexibility-Aware distillation, LAFA) 7772 . LAFA J7 i i i) A IR RL AR
0 HE F P 2 TR 3 551 A2 4 30 2 A AR R O R RN S I BR 28 , LAt s 23 A R A L (RIS, LAFA 51 AT SRS )
%, B S AR BRI i, DT SE N2 Mk g 5 4t Z () A I . E— 20 AR SCHE H 303 Sl RIS sth SR e ke A Ak D o
Asig . A Bl SR M SE T 2 R A T S N A A, A DR e i T SR SR A st SR DU A 2R AR S RS
A0, LU/ R IR AR S I 3 B PEREEE T . 7E CIFAR-100 B 4 |-, LAFA B 1T 13 Fh 284807 vk B g vefg i 7k 1
0.28 A 435 . RIS, VA Rl S8 R 5347 52596 HE— 2P 90 UE 1 LAFA J7 ik 1A 3501

SRR . AR HIRZER ; ShAS M 4 AL Ak ; TR 2 )

EE&WHE: EEARPAHESE (No.62172166)

FESES: TP391 XERFRIREG: A XEHES: 0372-2112(2025)04-1337-10
8 F 23 URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20240894

Low-Rank Adaptation Based Flexibility-Aware Distillation Method

LI Jia-ming', BAO Zhi-qiang’, HUANG Zhen-hua", SUN Sheng-li’, CHEN Yun-wen'
(1. School of Computer Science, South China Normal University, Guangzhou, Guangdong 510631, China;
2. Research Institute of Hundsun Technologies Co., Ltd., Hangzhou, Zhejiang 310053, China;
3. School of Software & Microelectronics, Peking University, Betjing 102600, China;
4. DataGrand Co., Ltd., Shanghai 201203, China)

Abstract: Knowledge distillation is a learning paradigm that transfers knowledge from a complex and deep teacher
model to a lightweight student model to enhance performance. To address the issues of insufficient diversity in the teacher
model’s knowledge distribution and the significant resource consumption caused by the search space for constructing the
student model’s architecture, we propose a low-rank adaptation based flexibility-aware distillation (LAFA) method. The LA-
FA method constructs low-rank transformation matrices to map teacher knowledge to both student model knowledge and
class labels, thereby enhancing the diversity of distributed knowledge. Meanwhile, LAFA introduces a decision support
module that dynamically adjusts the student model’s capacity, achieving a balance between distillation performance and
model capacity. Furthermore, we propose the warm-up and relaxation strategies to optimize decision variables. The warm-
up strategy constrains the gradual increase in model capacity to alleviate convergence difficulties caused by capacity scal-
ing, while the relaxation strategy removes the constraints in the later stages of distillation, achieving significant performance
improvements with minimal resource consumption. On the CIFAR-100 dataset, LAFA integrated into 13 distillation meth-
ods achieved an average performance improvement of 0.28 percentage points. Moreover, through ablation experiments and
analytical experiments, the effectiveness of the LAFA method is further validated.
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ResNet10 | 84.48 | 84.52 86.09 85.59 | 86.43

o G Net10-D | 8449 | 84.41 85.74 85.54 | 86.44
4.4 HELKIE

A T8 1 1 B S A B IE LAFA 7 i b AR B
Ve ARSCHIEE T W 4R R 2 (DL AR AR
PR AR AR 5 (2) L, , AL A i 4 A e 5 (3) L,
T 28 4 BN AT S U B S 5 (4) L, Be a8 4 B
PR T ot 5

F 5 JEIR T X 4 P AR (AR SE ARS8 KD Jr vk b bk
BESRTIXTEL . fr e 5 Rl on, e AR Rl O ik e R R AR I
PET T AR MERE . RE b A AR B R R S SR
W& AE Top-1 4845 L A~ BB R T B 24T, ResNet-
20 1 ResNet-32 3 B4 TH T 29 0.7 4 H 43 2581 0.6 T~ H
Oy R X 2 A AR 1o 7 0 1IN 2% e A T AR IR 2
214 BT H AR B, AT A 25 sh A A 4 1o 72
H I RME S, B AR T 2R IR RE .
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RS5 LAFATEREANTMARMEREITLL A 1 %
SRR PERERE bt KD'" L, L, L, L,
HeaNet20 Top-1 70.66 71.04(+0.38) 71.02(+0.36) 71.36(+0.70) 70.81(+0.15)
estet Top-5 92.18 92.23(+0.05) 92.25(+0.07) 92.37(+0.19) 92.47(+0.29)
Top-1 73.08 73.31(+0.23) 72.94(-0.14) 73.76(+0.68) 73.33(+0.25)
ResNet32
Top-5 93.16 93.27(+0.11) 92.96(—0.20) 93.46(+0.30) 93.51(+0.35)
4.5 HHELE Fof, 2 AR AR 1 B s B {1, JHOABE T8 2% 3 P 50 s

4.5.1 {RBAIRTHiE
“hy 55 UEAVR AR A2 A He v 1) A5 46 R I T A M A
PR RO AR SCE XA [a] B S AT 1 R REX HE
F6 BN T LELEIR  Baseline .S, .S, 1S +S, 775 F 7~
27 AR SR RS [A) W B SR . Baseline S (X UM i 3 7%
.8, AN, i th L 208, 8, OS2k
[FZE10 .8 +8, W =FH G 72810 . 4R R 2B HE
P T T 2RI PR RE . X R W] (1) BV i S E0
FOMRERY, Z R E REAT A $2 T3 8], HL i 28 4 e e
i SEX — 2T 5 (2) 51 T UMY 305 ] 272 2] 2 A A A
RENS A B A5 22 AR BT A . AR e R 78 R T ik
ZA T A AR 2 ] 1 25 S, RN I 26 22 S o 1) TR
FhAEIR 2 2O - A, 24 B (R AR TR AR
SRR X AR BOR B HER R AR T T 0.7 4 20 0, TS,
AR AR R4 T T L2 E 4r . X — 2 3 3R 7
WIGRHI], 2 AR BUPE RE A2 | S| ARG 2B LR RN 8
HERG , S ECHERR P T 22 R . DR L, 76 2 08 iy 0 Nkt ik
JEE AR 2 A A TR i S R S T R T A 2 A R
REFR TS PR TR 2
F6 AETHRERBETHEEERBERE 1. %

g == Sii] Baseline S, S, S+S,
Top-1 72.50 73.20 73.52 73.21
Top-5 93.10 93.24 93.21 93.08

4.5.2 {H4ERENELR

ARSCAT T 3 SE 505 B A e o AR i 3R B Al
i it SR s 1) A 80

(1)@ Ak e B R B0 R SR AR . % R Bk
SE T A B 2 [B) (4 75 22 HE . R M i R BN 2R 0
22 ) BRI, BEE T AN TR o (B 1T 3% X I 2% 18
AE. S5 SRWE 2 /iR, —J7 T, /N 2R A B R 25 i
SO A 25 a5 22 PR A T, DT ol 2 24 s A AT 4% 18 TR
(41 ResNet20 7 =0.1 B}, HERH RALH 56.97%). 55 —T7
T, - AE 2 AR R 25 B M BB G, 3 2R A A T
T T 1R PR R S ik B (A SR 5 A T R AIG . X & A
R A A TR A T A 7 B AR U0, 2o B R L 4
Him IR 5 RBGIRA IR R L T IR 2518 0
PMERE AR ), ok fE ke . B Jn ¢ 4235 0.85

i
T R AR R o 1 o A AR R A i R R A 1 R ik
IR

—e— ResNet20-D A hgeA
-a- ResNet32D . s S
--a- ResNetdd-D .

Top-1HEHZ /%

0.2 0.4 0.6 0.8
t

K2 3FhA R AN ] L) B R

(2) A Hr U Bh SR e A R I E T AN 2
B I IEEXF R ) 2 AR R BE . SR 25 R AN E 3 (a)
FTs B wE S K, 2 AR AR 0 1 e 1 Sk 3 I (4%
J& TR BRI kAT B 2 el A X I 5
B 0 BE AL, PR 0 28 2 2] 31 08 HL vz Ak i REAE
Foon . WERE VI RAIPEAT | B BRAT 3 17 A , A Tt 7
FOABE Y 25 5 11 W) B AR R PR BE . SR, w B K, T RE &
PR ARG RN 2 B IR 18, (L
2 3] ZRAB LT ASE A ) 52 24 R, 5 3 A AR T fE R
5 s A, w B /N AT R 5 B0 A A AR o LR
AT A ) N R EG BLA 5 2 w=5 B, 2R A A
RN 7 72 1 1 BB R 25 2 22 R] 38 3 P47, - A b ik 31 i
ke .

(3) A SRR 5t 3% W A 850 I B T R TRl P ot X
(] I X082 %) W B 27 AR AR R fE L B 3(h) BT R L A
170~240 %8 UK St b 5t 5 W, 22 AR SR ME B IK 21 e AR
7 Top-1 1 ARTH T 0.8 1 43 sy PERESR T . a0 SR i B
SIC it A ot SR W, 2 A AR 2% B b ) 0 A Y 2 i
KFEIRE 2] AR A B . 5 — Ty T, L i
Sl N i SR W, A B AR (e = A0 1 IR ) 44 in AR AR 2%
i, T EUE A it X TR PR BE AR TEAS AL M DL GA B B
R I . 28 LT, A B 1 i ot 556 s Ay S it Fisf
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PLA TR T PERE 22 G FE B

5 ZHiERE

AR SCHR T — R IR BR S R 4 R 26 1k
LAFA. JHo 3 35 A8 2 v S0 A A A2 40 0 B o B0 A
F14) i+ 43 A 43 ) 75 5 1) 2 A AR A o o A N 2S5 B
B DA A A R R L TR, T e S G B e
Xof 2 A AR A HEAT Bh A R I AR R 224 i U A AR
Z VR B AT 22 B AP i AR 25 . R ) M, AR SRR
I B FR 5t SR W R fE Al ot SR AR o, B 1 4 A A AR
e LSS ), 3 e > RS R T RSB T e
REPETt . 75 2GS A AT T L S50 3
Rl ST AN BT 525, S 45 BB LAFA T A A
B

A SO ) TAE T 240 HE - (1) £F X LAFA Jy ik h
BB RR A J 0 4 5 B A 3 T O e R i A8 4 T L (A
] 25 I 245 1 T Ty AR B ) o R IR S R A T A H
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