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Decoupled Knowledge Distillation Based on Diffusion Model

WANG Peng-Yu, ZHU Zi-Qi
(School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China)

Abstract: Knowledge distillation (KD) is a technique that transfers knowledge from a complex model (teacher model) to
a simpler model (student model). While many popular distillation methods currently focus on intermediate feature layers,
response-based knowledge distillation (RKD) has regained its position among the SOTA models after decoupled
knowledge distillation (DKD) was introduced. RKD leverages strong consistency constraints to split classic knowledge
distillation into two parts, addressing the issue of high coupling.‘ However, this approach overlooks the significant
representation gap caused by the disparity in teacher-student network architectures, leading to the problem where smaller
student models cannot effectively learn knowledge from teacher models. To solve this problem, this study proposes a
diffusion model to narrow: the \'repre"seritation gap between teacher and student models. This model transfers teacher
features to train a lightweiéht diffusion model, which is then used to denoise the student model, thus reducing the
representation gap between teacher and student models. Extensive experiments demonstrate that the proposed model
achieves significant improvements over baseline models on CIFAR-100 and ImageNet datasets, maintaining good
performance even when there is a large gap in teacher-student network architectures.

Key words: knowledge distillation (KD); decoupled knowledge distillation; diffusion model; representation gap; teacher-
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T BEAE VR FE AR 28 208 T NIRIARTE, ok
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RT3 iR JEE A 28 D) 88 A 2R S0of 16 % B L SR e %1,
HERE MR EM N AR, i iX — 1) B E BT %
NI 7 A RN R 2548 (knowledge distillation, KD)!'.
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1B R R R A
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oo, d S B K, 3 3 2% R K T A A Y e D
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2.4 BERKEH

DDKD H #4445 2k bR F B SR AR S5 P ok Ak
BB B9 B 2k . 5 ) B SRt 8 11 B A 2k DL ROR
FTRFAEAN 23 M2 A A JEAT 725 111 KD 45 2R 20 A, RI:

Lirain = Luask + A1 Lait + A2 Lae + A3 LDDKD (10)
b, g, A0, A3 2 RV 450 2R I 453 SR BUAH. 72 BT AT 5K
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3 SEERHARE AT

N T SRAUEAR SCOT VR A 3k, BATTAE TmageNet!”!
H CIFAR-100%% 34T 5258, 1 e S A A ST S2 5
T RIAR DR B, 16 S50 5000 2 A AR BATT 0 b s
56, KRR AT A S
3.1 BRENDR

ImageNet 454, & H A 5 K 1) UG R &dls 12,
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14197 122 5k EM&, 354 21841 N5, BMGE % T4
EHREZHR N5, BF THEZ 5 BB IR S
AARAK, AT DA Gy A R ) e

FEA S A BRATAE F 5 TmageNet (7 ¥dE 4, H
HAHFEISCER, IIZ4EHR 128167 K EE, B 1000 4>
), AR E L 1300 5K B F, WAFER 50000
Tk Mg, A ZEAE S 50 Tk MG, MRS 100000 7K
K%, 25 100 5K B,

CIFAR-100 =& — 8 H B G HE %, HTERA&
AR F A EHAGET 7. BB N FE 2, s
T &M HE YRS, BT DL U RS 56 SR R A
fiE 77, ZEE AR B 60000 KB IR, gy
A5 50000 TR A, MRS 10000 KA. Bk
FHE I RSE 9 32%32 48 3, 4328 100 AS2R51. 4> 380
8 500 TR IIZREG AT 100 7Rl E 4.

3.2 SEIGYETS y *

AT W E ARSIy I AT 17 4, 44 7E ResNet!'),
ShuffleNet™!, MobileNet*”, Wide ResNet (WRN)ZAl
VGG 4 #4746 L.

Xf - ImageNet Bl £, A SCHIIIZR K84 Epoch
WA 100, Batchsize N 256, 2% 3] % (LR) #IUGHE KN

TN 4RI/ 0.1
3.3 HRLSCI

N T SR AN [F) 7 v S 56 A R s, A SOk AT
TR, fE 2k B I, ] T ResNet-18 I Mobile-
Net V1 FE R AERRL BUMBLA 53 5] 4 ResNet-34
ResNet-50 [ 4%, 3% 1 A7E ImageNet £ 4 5 L 1) S256
gES AT LUK B vanilla-KD 5050 T8 18 A2 15 [F) A4 9 2%
SR LR, #E TOP-1 F11 TOP-5 b kR R 2
B AIGH, 266 DKD J7 ki, el 2 0 24Tt
7E MobileNet V1 il ResNet-50 i i ¥ & F 5 49 1 i,
SR TR B THE GRALE A o 1 H bR 5 4k bR
F RS 2 IR, LA G69A11R 2518 TOP-1 1 i 33
T 1.37%. AL BT E A e 47 (DKD)
7t ResNet-18 Fll ResNet-34 X Fi [N 25 % & T~ TOP-1 ]
HET R ILTH T 0.64%, fE MobileNet V1 fil ResNet-50
WE T TOP-1 MHEMI IR T 1.82%, X & FNTEA
TR SO B ) 2 AR MR AT T M AR, AT
THFEX 5. XA RRIR D T 24 5 AR (¥ 2= .

# 1 ImageNet RV 45 E (%)
SRR (TR TOP-n Teacher Student KD DKD™ DDKD

ResNet-18 TOP-1 7331 69.76 70.66 7170 7234
0.1, 5 30 /™ Epoch F N 4T 0.1, fLAb#s (opti- (ResNet-34)  TOP-5 9142 89.08 89.88 90.41 90.82
mizer) {4 F 0 R BEHUBERE F 55 (SGD), 5 ¥ & MobileNet VI TOP-1 76.16 70.13 70.68 72.05 73.87

(ResNet-50)  TOP-5 92.86 91.75

IR (weight decay) 4 0.0001.

X} CIFAR-100 H4l 4, A SCHIIIZRSEB& K Epoch
W 240, Batchsize BN 64, % 3] % (LR) ¥I4AE BN
0.05, LAk g B BEA LR B2 T PR AR, A IR 79 0.0005,
2 5] B AE G 150 4> Epoch 2 J&, £ 30 4~ Epoch %

89.49 \90.30 91.05
‘{‘ %

3.4 xtEbseig y

AT BARASC IS KA 2, A SOk 5 HoAt 77 1%
HEATH LE, TR 20 3 PR, 43 I IR A 10 4 5 44
IO 248 T 2R %o Ly 5 SR

# 2  A{E CIFAR-100 Z¥u4E b [F]A4 0 2% r T A= SEBG 45 B (%)

L Teach Student FitNet®™ vIDF?  RkDU'” PpKRT® crRD®™ kD" DIST' DKD!"'! DDKD

BOTR AR N Ol
WRN-40-2  WRN-16-2  75.61 73.26 73.58 7349 7335 74.65 7548 7492 7524 76.24 76.38
WRN-40-2  WRN#40-1 75.61 71.98 72.24 7330 7222 73.45 7414 7354 7473 74.81 74.75
ResNet-56 ResNet-20 72.34 69.06 69.21 70.38 69.61 70.34 71.16 7066  71.75 71.97 72.24

ResNet-32x4  ResNet-8x4  79.42 72.50 73.50 73.09  71.90 73.64 7551 7333 7631 76.32 76.93
VGGI13 VGG8 74.64 70.36 71.02 72.15 71.48 71.62 7394 7298  73.57 74.68 74.73
# 3 fF CIFAR-100 ¥ 4E [ A 4% T AR SEI6 45 R (%)

P ﬁ%ﬁ% R Teacher Student FitNet®™ vID®?  RKDM'™ pKT®™ CrRD®™ KDM DIST' DKD"" pDKD
WRN-40-2  ShuffleNetVl  75.61 70.50 73.73 7428 7221 75.03 76.05 7483  75.11 76.70  76.78
ResNet-50  MobileNetV2  79.34 64.60 63.16 6757  64.43 66.52  69.11 6735  68.66 68.82 69.18

ResNet-32x4  ShuffleNetVl  79.42 70.50 7359 7338 7228 7410 7511 7407 7634 75.93 76.62
ResNet-32x4  ShuffleNetV2  79.42 71.82 73.54 7340 7321 7469  75.65 7445 7135 77.29 77.71
VGGI13 MobileNetV2  74.64 64.6 64.14 6398 6452 6735 69.73 6737  70.08 69.71 70.79
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