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Decoupled Knowledge Distillation Based on Perception Reconstruction

ZHU Ying-Ce, ZHU Zi-Qi '
(School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China)

Abstract: In the field of knowledge distillation (KD), feature-based methods ca‘!n effectively extract the rich knowledge
embedded in the teacher model. However, Logit-based methods often face issues such as insufficient knowledge transfer
and low efficiency. Decoupled knowledge distillation (DKD) conduéts distillation by dividing the Logits output by the
teacher and student models into target and non-target classes. While this method improves distillation accuracy, its single-
instance-based distillation approach fails to capfﬁre the dynamic relationships among samples within a batch. Especially
when there are significant differences in the output distributions of the teacher and student models, relying solely on
decoupled distillation cannot effectively bridge these differences. To address the issues inherent in DKD, this study
proposes a perception reconstruction method. This method introduces a perception matrix. By utilizing the representa-
tional capabilities of the model, it recalibrates Logits, meticulously analyzes intra-class dynamic relationships, and
reconstructs finer-grained inter-class relationships. Since the objective of the student model is to minimize representa-
tional disparity, this method is extended to decoupled knowledge distillation. The outputs of the teacher and student
models are mapped onto the perception matrix, enabling the student model to learn richer knowledge from the teacher

model. A series of validations on the CIFAR-100 and ImageNet-1K datasets demonstrate that the student model trained

O HEETH: AR (20221SM08)
WA N ] 2024-07-29; A& BT [A]: 2024-08-20; K FH IR [A]: 2024-09-10; csa 7E£8 Hi RIS [A]: 2024-12-19
CNKI [ %% & KI5 []: 2024-12-20

Special Issue T iteZEik 11

© EREERREST  hup/iwww.c-s-a.org.en


mailto:508607035@qq.com
http://www.c-s-a.org.cn/1003-3254/9773.html
http://www.c-s-a.org.cn/1003-3254/9773.html
http://www.c-s-a.org.cn/1003-3254/9773.html
http://www.c-s-a.org.cn/1003-3254/9773.html
http://www.c-s-a.org.cn/1003-3254/9773.html
http://www.c-s-a.org.cn/1003-3254/9773.html
http://www.c-s-a.org.cn/1003-3254/9773.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.009773
https://cstr.cn/32024.14.csa.009773
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20254F #5344 H2 W

with this method achieves a classification accuracy of 74.98% on the CIFAR-100 dataset, which is 0.87 percentage points

higher than that of baseline methods, thereby enhancing the image classification performance of the student model.

Additionally, comparative experiments with various methods further verify the superiority of this method.

Key words: model compression; knowledge distillation (KD); decoupled knowledge distillation (DKD); perception

reconstruction; intra-class relationship matching

IEAESR, VR 2% 2] (deep learning, DL) FiAR 72 M
BN B RE = kB g fh 2 5B
AT, SR, TR S A 28 ) 8% A3 A THI W 6 T K I U B Rl AR
FAAFAE K 77, fift P IX — Ia] 780 bL 4o FH 1 5 V2t 2 R
718,

IR ZEIRAE 9 — P SRR T 4 R, ik g
5 (PO Bt 22 31 (1) R 35 25 5/ B 2 AR A,
AT FEAS S 22 A A BB TR R 2 S KR 932 118 5 5 RN
TR TR, Hobt B AR R R P B 22 2 R 7 92
%B%Nﬁ%’ﬂ%%i&%ﬂﬂﬁi”é‘]ﬁﬁ%, M AE 22 P b A 24
15 rh S B AR R B . % 3 10 % 5L Hinton 28 AP
75 2015 SEFRH, FokZ 00 AR & 38 S /ML UM AR T Fn
S A AR S Y (R Logit) 2 18] it KL 8% R SEH %R
. H Romero 25 N2 J5, KZH B FIEZ S #
B o 7E M I J2 VR 2 R AE AR SR U IR, A
Logit FI 77 LML, HRAE 2808 EAA RS FE A pr i s, (HL
s NBA T A A & & BRI, Gnef
JBIT Logit 3K HUSE 2 (1) F1URZ T BCA A 2 W 9035 BT ¢
T e,

FEGE 1) Logit 2818 7E N HE anis Loyt >0 H

BRI A A A A S B R AR S IR AR AR

1 (decoupled knowledge distillation, DKD)!" 1
Logit 1143 B 72 B4 F A2 4) BSHAT A3, e
et B ARG S AR S5 P VWA, T 0 4R H A%
= B F LAE (X AR [/ 2 3 T 4 . DKD T 7
T 1655 Logit 08 Hh 1 85 R £V 7 B8, ik — 454248 7
Logit JFf%3 H 0TI 54T, BUA 19 DKD 77k 3 B A
Bt B S O ZE A, KR 78 4 % HEHE Y A RE A T R Bl
A9 BT 4h, DKD A 7840 FIF 20T 75 76 2 1y
I E 12 S, TR S4BT X A 2K 5 B 5
EE I, S 2 S HO0 FA 2K 5 T 2 K i
s 22 SR 52 PE. DKD o A O 35 28 1y 22 5 i
5 5110 3 RO EE25 JB o  2 PE R WA R 7 6
U 1 4 T A RS,

12 % +Z5iR Special Issue

9T ARV b L, AR SCHR H — e
Fo B AR A AR 8 07 58, T 6 2 K0 0 P
VR, 07 VBT H 9 Logit s PRI/ K 4
SRAIE AT 28 SR L e (5 BX K Logit i
AT R A AR 3, T R Hh 2L T T I 1 8 6 4
KRR AL R T 4940 Logit 4077, A
O 0 2 O A 0 5 R . ST A T 2 A A
f i 54 e 0 % B R O I b LSS Logit
I g, 2 5 T AT RS 2 08, AT 0 AR 2 2 I 7
2 RUBE— 8 1% A 3 T 2 A AR X 4 1) b
TS0 R EE AR, AT R B T HOTA R [ 2 Py 4 A
25, T HE— AR TE T RRE RIR A I OR. A
TR

(1) % SCHR HH 7l T 8 e g ) A e 1 2
7, Y FRBUA ) DKD J7ik, 88 T 904148 5
HA L, 2 T — P 0T Logit 25107 V2.

(2) A7 R T AN L ogit WK Py 25 il
5 e A SRR O, (R0 R T8 A 0
I FE 7 25— St 2 S0 B 5 2 R

@) MBI He 2 B, W T A IETE CIFAR-
100 1 ImageNet- 1K 4 1 FUA B AF (0.

1 R TAE

TEFNIRZETE R, AU AT LA Logit R AN,
] Z WA A2 et s ) Z R RE T LAE A
6 S AR R 2 ST AR DRI, AR R 28 0 o A% 3
FIAR T R0, 2848 )5 S n] 40 N3E T Logit IZRIH. 3T
REAIE 1) 75 TR AN S M AH R TR I 28 1.
1.1 ET Logit 89712

Logit Z& 182 —FpIL Al AR 2818 7 V5, 8 1558
KR AR T F i L SR RN TR 2 A R AR 42y
S, UM R i LS T w 2R AR X 5 B, %
A AR LI Jo 2 ) I A SR AT N SR XA R B TE
Bt /N 5 A TR R 0 T A R B o T YD P

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F 55344 521

http://www.c-s-a.org.cn

i H AR SN A

27 RSB A A 59037 280 R0 1 4 9 40 3
ST, 5 40220 D 45 49 J22 VR IS 8, 4S80 o 2
3o L 0125 6 L A2, RT3 T Logiit 260807 %
ENEON] LN 2 LTEAE S RRIGE IR S 1Y g
528 % 3T Logit i1 AL 7 9608, ARAB iR
FRIBKS Logit 404 HAREANE B AR HIHAT 2608, M
T e T 16 55 Logit 28 08 1 i 8 2 b ) B, 30— 542
Wi T Logit 2 HIAIL.
12 ETHEREE

R 78 R e 7 50T 2R e ) 2 65 G 11 5
B R R AT A RN ZE BT R th T O
27 A AR P 245 0 T RS T, DR SRR G 2 030 ST B i
3 43 g 1R M A 5 U5 S M G 2 R
FE U LGRS LK 74 Tung % AHR 6 SPIVA
Passalis 25 A4 Hiff) PKTP %, Horv) SP Jy Zili it 15 5
e 24 7 ST\ 2 ST 0 e TR AR oL 6 R,
AT B AR 25 2 248 75 SCAR LB 40 N RS 7 AR 0L
F P R, T B M B 0T 0 45 1) 1.
PKT J7 S is e MM 12 1) (R 58 A5 8, e
A2 A0 i LT 45 1, R PR3 BE v (KDE) efi i
ORI 252 RO G 25 ) o MO 13 OB M
JBE, S5 B /MU A R 53 A 2 ) 1 2 SR S R4
A IR0 2. 75 57 MR A 2180 3 b 3 75 T o 2
AL 1 4L 35485 3 0 T[RRI 28080, 3 LA VIDE
A1 ABIVE. Ahn 4 NPV H A8 405 S8 (VID) HE
P 05 A e R 22 R 2 (A 9 B £
SURHEAT RIS . %0773 A — 54 R ORI AL

TR AR R, BORRERE EOREE T HUMAE R . |

KHLE . Heo 5 NI CA B £ 72 1 e AR A 72
iﬁ?%%ﬂ*ﬁﬂ#%ﬁiﬁ‘]é@%%ﬁﬁiﬂﬁﬁ%%@%%qﬂ@
ok H ZE A, DGR T L 7 (AB) HEZR. %05
Yo 0 P — 7 £ 00T P 45 2 R 0T R 2 o 28 T T
J PR 34 F AT 25, R T O0A 2 A R DA A
BT ) 8 2 5
1.3 BT EMLKEKREE
SRR A UL 3 A FEAR I KR, IS A5
SEEEN PSSV EN P WNEIEY e S st infi
JEBISRGAE IS, AT AL T v 8] JR AR R S SRR AT
#. Park 25 NP2 ) RKD J5 vk v HER R A 2
() K1 5% 2RV BE (APRE A 8] £ 2 8 m TS B FR) £ 152 ) SReA 312
SIS T rh R R AR 2 8] R RE R 50 2R XAl 5 12

O TRERES] A RMUDREARS: SR % . Liu %
PR TRG 7 T 52 9 46 2 1] 1545
S5 2 PRI SR AR L8 D A SR IR, A A RE A RO 1 22
P e g — A1 14, A 8D 4 AR U 5 2 003 i R £
KR IRy R, IRG i T T e
BEAR 2 B 5 28 45 M0, 5T G M S A i 24 2
HERU B ANE AT — 5 R PR PO 3 9 b S0k
FAE MO R AT 20, 10, Hou 28 AP i)
I 4 ] 52 0 FE 244077 1, 4 B SRR 19 93 IR 9 AR )
[0 X 35k, AR 431 06 O e 575 53 2 1
PR 3% . Tao % N 148 o7 B A 1] 1 45 4 41 1 2%
7, SEL T AR AR i 21 0

AL T RIRFB R L R R K, 75 DKD
ST 2 T N ST 16 25 M A TR R, S e
{5 SCIR R RR SV REL B, TR Logit, HE— 5 i3k
ST T A% 336 L1 B0 S 91 I3l 556

2 ARTTik
2.1 [EmERFRENIRZK S

i SCHER, Logit Z8 1R H bR i /MU UM AN 22 4
FEE R L PR M 290 A 2 TA] ) 22 5. DKOD K 28 T &l
G N o AT B &, BRI E AR R AR ZE 18 (target
class knowledge distillation, TCKD) A4 H PRS2
% (non-target class knowledge distiflgtfbn, NCKD). iX &
DRIy b 2R B AR RAE 28 TR h 4 J8 5 A (7 £ A
o, o3 i B B AT WAV I3 22 S5 A BT 2 A B B 4
SR FZER S B 3 TN — A REAX, HFfZ
Rl H AR AR T 43 514

Lrckp = KLGDIYD (M
Lncko = ), KLGsLilli) @)

Horh, yoXt N BLSRRRES, R s 2y 5] 26 o 0 AR AL RN 2 A
TR K B AR AR H bR R0 R Bk AN, 45 21
% DKD i :
Lpkp = a- Lrckp +B+ LNckp (3)
FT Logit ZAM I 32 E RS AE TR Logit [n) &
Zi = f(x) AH EG T 06 R )RR AIE ) B 00 0 SR R, X AH AR
AR HMEFE IR AAE ZUMAR AL i 3= 15 B
DKD 3 47A7E 4 PR (1) 5249 1) #. R4S DKD
L e As H bR R AR H AR g 1 2R TR B2, (B

Special Issue & i4iit 13

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20254F #5344 21

FEAH) Logit sl Z 0 U A A LG R I BRAR, 4 0) 1
U, BERATEL KRG ALK R, 208 T 52
FEAR T ZhAS KR, (2) RN A . an sl 1 TR, il
W RE (] 1(a)) B —ATARFRAE AR T AH B2 501 fr) T
o0 @I FIREAT Y, WP S — A K A
(E 1(b)). 1253 i e — A AITE oA 28 51w (AR BARE
£ ST R — AN\, TR TR X A A B 288 31 £ S
I R 23 — A5 A SR WA ALt H A 1 1 1)
7. b, A 5 FALZE 28 H BORAN R, BRI K
P BUBA, IR, O AL AT LA L A [ B A7 7 Fr 2
S5 < 5 A Hoxt A s il k4T 40 2. SR 1T, DKD £ 2818
IR A B X RIS P 2 5 BT AR AL A 33 45 2 A
B
2.2 ETRANEMMEREIRZAE

LR AN U U5 S 481 o e, R VR ZE U O R
XAkt — A E. KTy RIS SR B K T LA

K)o D(x) + Y Rxivx;) (4)
Jj#i
SO, DR RS A R, R S 03

il 2 [ I AR BN AS R &

N TSI EIR AR W, AR SCHR R T RN A
() f A R ZE A T k. 2 T R I E R SR N A A
A AT R 68 4 1 3 BOMARE B o B IR R IR A R O R
Bl 2 Eon 7R ) d i R R T 45 e I — M
AR B = {x1,x0,+ -+, x}, BT RS FN 22 AL 53 51 A

\

LU B AR A BlAE 2 FY Logit 708, 73038 Az =
{Z§1’Z§2"" ’Zﬁc}*uzf = {Zzslzfz ’ch}. TR jIRAEAL IR
H E‘Ji’SE(U} Uj)*ﬂﬁ%(Vj V;) XEEHE R A Tt
DT o3 BRI bR AE AL, AR R B 23 B R sk (5).

el )
] —
VvV
T 43 %
i W NG *% Fef
b 0.62 0.13 0.04 0.06 0.15
iﬁ?fb 0.003 0.75 0.12 0.07 0.057
ARE 0.01 0.03 0.67 0.16 0.13
R 0.001 0.04 0.15 0.73 0.079
L 0.000 0.12 0.13 0.06 0.69
(a) THIHERE
0214 0.222 0216 0.221
0.127
i e ARG ‘\ wF e
!
(b) KW L F
f ¢ e
OB R

Teacher
2172, 2y Zic) l l 2523, 28y, 25c)
3z 1000 - OOoofs=
Y zO0002Y .59 0000=
4 [0 4 Kk, Ly R A S I I I O
W=y, b, hic) Wl By hic)
B2 RIS

DAL, FEA 200 A J5 1 Logit 7 LAZRIR A:

h'_(zil_Ul zp—-Us ZiC_UC) ©)
T ’ k]
Vi A vVe

14 % +Z5iR Special Issue

Hor, CFRoaR S ZRBIEL ARG DL T, S Logit
ABLRENS R B B SEBI I I A6 45 2., IEREREAEHE IR
FHHRA R L1 Z IR B F SOR AR X E A 7 AR A5

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F 55344 521

http://www.c-s-a.org.cn

i H AR SN A

HOMASE TR A0 2 A A5 TR A A A () P R B0 2 P
BEAT AR, T AE DRf Uy 22 — B0V 1 (R I 5 A b S
I H A ) ) R AR EL S 2R XSO Logit 828 RS
BB T SR KIALAL, A SR AR,

AWML WL 3 s, X T2 2RbEA, 220d
Iy GBI I 4G Logit fiith, < JaE N BIRRHe
Xf Logit #E47 HA45 25K (6) Bt BT 70 Hehy . by
(R fEAN o 2 AR T LU I Softmax BR HORTIE R 1 T 12
AT VRAS.

RN A
hij
S et
a=1,a#t P T

ZJ5, BEN AR 43 ) 2 Fe AR R T ) B FR3S
FIFEE B RIS, PirRon HARRRIIME R, Py R Rk
H AR A :

I_Jij = (3)

h;j)
T Pir = - ©)
“———j&;—- ™ e
pPij = c hia | ‘ X - a=1 T
Zu:leXp T \
. £ ' ZC hﬂ
S, py oA IR T4 ) H BB T4 ) 1y P .
> s LD T — . Py =
KAt (RH 1) I TR, Pr=ip, i Zfepcﬂ (10)
) <p| 2t
Pit-1)y Pi1) - » Pic) € RUERD, Fop RS2 5] i i b=1 T
»
- target
D non-target
| |
Teacher net —Pi : i—b@%ﬂﬁ%—»i : i_y; . . ; > Tar%z;sclass
= P 57k l
m m R P
Student net —bi : i—p@%gjﬁ]_’i : E—h: E E — Non-target |
i L : ! class loss

,,,,,,

,,,,,

K3 ﬁ?*%ﬂi*’]ﬂ’]ﬁﬁ%%ﬂu 7RI

5 TS 73 AR 2O A 224, %B/Aéél,ﬁim AN
] AR IR N ‘ P

(T)
p;

Lp = pf“mgf G)] }Q szHog{ “)] (1n)
p

Dy J=1j#t ij
fR4E =0 (7)-20 (10) 7T LATS- 2 pij = Pij X pin, W Lkp
N ] LAR IR A

(T) (T)

T T
LKD p( )log( (S)}-'—p,([v)log[ (S)]
pzt ptN

C ﬁ(T)
(T) 5
+r ), Py log| 7
j=1,j#t Dij
=KLGD D)+ (1 - pOKLEIPY)  (12)

o, KLGD b)) er 2t B4 RO B0 2 Logit
76 H b2 B A RER AL, B RTKD. KL 5
) 42755 S5 Y Logit 7E 4 H bR L MR 00,
B RNKD. BLI14 % AT ARABAL L, SN MBS
a RIS HINE 9~ U, HUR B — RN
Lxp = a-RTKD +3-RNKD (13)
Forbt, RTKD GBI AR IF G O R A A 2 [
TR BRI R R 0 272 T Rl
i ST HUT LR X 45004 B B8 J. RNKD 7575
AR MR AR ST X 45 A 2K, TR 2 21 B 50
RUTE A FRRK R K500 X 93 B 0. 285 % bR B L AR
B 7 DKD X H IRk F AR (S B i3, il

Special Issue & i4iik 15

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20254F #5344 H2 W

LRGN E R P TR HE R A REAR B A R AR
I B, S iR R AE 22 70 AT 55 P IR B AR TR RE.

3 S EE AT
3.1 HIRENA

CIFAR-100 ¥4 4*" i Krizhevsky 7E 2009 44
i, 2z AT BB RS bR R R 2 —. 25
WEBARNNSHEACQSFEENRINER, £
F T VAl 22 BBt Ao S% A T AL 2 A se 0 AN
YIRLEE 73 RVERE. Rl R AE D REARFS T MR 5,
B RAR I M A B0 A ST VR R 2K TR AR

ImageNet-1K %#5 472 i Russakovsky 25 A £l
) ImageNet 35 H 1 i) — A 14 280 42 I 1y 20 %
EEmHENFE, B 7Y, YRS ALY
UNHES=ET PSS 8757753 ﬁf*?ﬁ‘fi*ﬂﬁ%ﬁ
A5 HL R AP AR R G S T M i ) o e B 4.
AR T LUAR P BOE A ST A B B s i pE
HE 53 AT I A R

AR HHERIZ (Accuracy) F Top-1 Accuracy K
PR A AR PR RE . XS EPRAERS . EDW ML
S RAR T AE AN R B B b ) 2 2R ROR, T 5 HoAh
FEHEATRT EL.

TP+TN
TP+TN+TP+TN

Accuracy = x100%  (14)

32 LESH
ARSI T PyTorch IR FE 2% S HESE, #4037k
NVIDIA GeForce RTX 3090 & 7E Ubuntu 18.04 “F &

TEATSE06. ARIRELES % FE ResNet. VGG ShuffleNets. |

MobileNet £l Wide ResNet fF Ay ki [ 4% 444, A5
RUFNZE AR AR SR B X 28 W 25 (1 AN [R1 4 & 7E CIFAR-100
H¥i 4 I, Batchsize K/NA 256, 1540 52560 1 I 2550 5L
HEA 270, B HF B4 BIVLE N 1.0 F1 8.0. RFIK
AR AR GT . 1) 2 21 2840 06 4B RN 29 R HCE B AN [,
TR B — AR 150 #FF 4655 30 1> Epoch i —
R, R E R 1 Pos.

F 1 CIFAR-100 [R]85 2% 3] R A E

3.3 HRLSCI

R T I IR AR R 6 2% 48 M B Y s, AR S A
ResNet110 fERNZUMM 4, ResNet32 {14 7# L[4, 1E
CIFAR-100 $#54 L4y 7 5f £ 4t KD il DKD #E1T7H
Rl SIRG . E 1K L6 SIS A A S ot ok R B B AR R
R 5% 2 R 43 SR F K AR Ak, DT VA S A
Hfe 78 FE P O . & 270 #6025 )5 15 2 )
SIS AR 2 fon. 7EAE S8 KD Rl i A B s
Buja, SRR 0y R UER A L) 74.20%, =T 1
112 ANE 45 4. FIRE, 76 DKD R TE T 0.87 N E 43 4.
S S 0 s SR W, A5 SR R i A
A1 1 Bogit EAT ok, 3%t 25 3RS0 ) 0 | F
RSB T IR VR BRI R, B S A AR B
T B R X 20 AN [F) 201, S 30 B A4 T 1) R R A 3.

2 VHBSZIG ST (%)

Wik 23 (In)
KDY 73.08
KD+ A E #4 74.20
DKD!'! 74.11
DKD+/E S0 74.98

A I 2% 5 (In) TR AL
ResNet 0.05 0.01
ShuffleNet 0.01 0.1
MobileNet 0.01 0.1
VGG 0.05 0.1
Wide ResNet 0.05 0.1

16 % it +Z5iR Special Issue

3.4 XtEbsEIg

R T B8 UE AR ST B A0 R A e ) AR S
CIFAR-100 1 ImageNet- 1K %4 £ (1) 5> 2841 55 A HoAth
DFERAT HLE, 5 RN 3 Figk 4 FTAs. A SO E
VAR RS U, I\ SR TR, 7 2R BE AR T
%Yﬁﬁ&%‘ﬂﬁfﬁ%ﬂ,z! FKORARIRTH &, LI LR
B, &5 DKD-LL K G0 AR 2648 7 A kL, A% 307 i
PEAF IR 0T 2 2 X 2% 75 0 S5 v R A5 — s R A
3. fE3LT CIFAR-100 #4848 b ses i, ARk
[F) 22 1) 2000M 22 A2 X 2% 41 A R S T 0.22-0.87 N 43
R, IX— S5 R IEM R 280, AR C7 R
B Hb Al 2 A% 38 UM AR B 1 R, A RO T R
RS IR 27 S B AEAS [F) 3 51 2500 272 A X 2 2H A EX
37 0.23-0.74 N E 48 s T, X U B A ST VAR TH
XF AN 22 AR R R 2 b B B35 = R B LR, R
RE S B DR R ZR IR RACR,, 7820 W 17 VAR 2
BERE R )2 08 A AR E 1

KT PR AEAR SO E R AT i Y, AR SR H
7 ResNet34 #il ResNet18 414 7E ImageNet-1K (4
BT XL SEEG, Wik S s, g5 BRI, A5k
FHAR T AR LLATI SR B AR R 30

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20254F #3534 % H2 http://www.c-s-a.org.cn HENRgGNH

K3 F RSN LR EE SRR AR (%)

Teacher Student FitNet'® RKD™! CRD™ OFD"" ReviewKD"" KD™ DKD! Ak A
ResNet56 ResNet20 69.21 69.61 71.16 70.98 71.89 70.66 71.97 72.47 0.50
ResNet110 ResNet32 71.06 71.82 73.48 73.23 73.89 73.08 74.11 74.98 0.87
ResNet32x4  ResNet8x4 73.50 71.90 75.51 74.95 75.63 73.33 76.32 76.90 0.58
WRN-40-2 WRN-16-2 73.58 73.35 75.48 75.24 76.12 74.92 76.24 76.46 0.22
WRN-40-2 WRN-40-1 72.24 72.22 74.14 74.33 75.09 73.54 74.81 75.09 0.28

VGGI3 VGG8 71.02 71.48 73.94 73.95 74.84 72.98 74.68 75.33 0.65

K4 AFERIN BN RO SRS R (%)

Teacher Student FitNet®  RKD®'  CRD®*  OFDP”  ReviewkDP'!  KD®  DKD" A A
ResNet50 MobileNet-V2 63.16 64.43 69.11 69.04 69.89 67.35 7035 70.74 0.39
ResNet32x4  ShuffleNet-V2 73.54 73.21 75.65 76.82 77.78 74.45 7707 © 77.30 0.23
ResNet32x4  ShuffleNet-V1 73.59 72.28 75.11 75.98 77.45 74,07 76.45 76.85 0.40
WRN-40-2 ShuffleNet-V1 73.73 72.21 76.05 75.85 77.14 4§ 74.83 76.70 77.44 0.74
VGG13 MobileNet-V2 64.14 64.52 69.73 69.48 70.37 67.37 69.71 70.09 0.38

% 5 ImageNet-1K B¥E4Ex} H\:%Eﬁ%% (%)

bR AT? OFDF” CRD"”! ReviewKD"" KD DKD" R TT
Top-1 70.69 70.81 71.17 71.61 70.66 71.70 72.32
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