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Abstract

Knowledge distillation is a compression technique used to transfer knowledge from a teacher
network to a student network. However, the current knowledge distillation methods suffer from
an issue of inconsistent semantic information between the teacher and student networks. This in-
consistency arises due to variations in forward reasoning distance between the teacher-student
model, resulting in a loss of distillation performance. To address this problem, this study introduces
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a novel approach called “stage reset knowledge distillation.” This method incorporates stage-based
knowledge distillation, where the output is shared within the same stage of the teacher-student
network, which reduced the influence of feature semantic mismatch caused by the large difference
in reasoning path length between students and teachers, thus enhancing the performance of the
student network. Experimental evaluations on a public dataset are conducted to validate the pro-
posed method’s efficacy. Comparative analysis against state-of-the-art techniques demonstrates
the superior advantages offered by the proposed method.
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Figure 1. (a)~(c) Previous knowledge distillation frameworks.
They feed instances from the input side, transferring knowledge at
the same stage. (d) Our proposed staged distillation gives the same
input to the student and teacher at the same stage
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Figure 2. Framework of stage reset knowledge distillation
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Figure 3. Adaptation layer
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Figure 4. The loss curve and accuracy curve of the students network training stage
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Figure 5. The accuracy curve of the students network training stage
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Figure 6. Visualization of attention
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N T IGAEASCHRE O VRO, AR 2 A H BRI 1R S A S i T T 4 . fE CIFAR-100
BB b, BATAFITA BT T 2808, FFidsk 754 S B 73 25 (%) TOP-1 #EffiR . 453 1 fr
7N, SRKD JETERAHREEE FA BEERS, T HAEDE. EEERNE, SRKD 1P
HILZL M 2% 2.43%, L KD =it 0.6%, LU FitNet &iih 2.17%, b AT &t 1.34%, b SP =i 1.33%, Lk
CC =it 2.06%, Lt RKD it 1.92%, Lt PKT & 0.90%, Lt NST it 1.81%. iX4%iE | SRKD Jii41)
%M. £ WRN-40-2 1 WRN16-2 fJfiZEx o, SRKD [H#ERfZRIAE] 75.83%, iXJ&FiA 5 ik HiE—i
o HOTMES ) 5. A, 7E ResNet56 F1 ResNet110 f) 2 4% % ResNet20 (274 28 SR 848, g
FH FitNet. AT. CC. RKD. PKT I NST [ J5iER}, K5 B8 i I B0 2800 SR AN Wk 5 B (14 20 P 26
BORT AEAH ] SRKD J772:3H 1T 7518 , ResNet110 X ResNet20 ZE1H 2 Lt ResNet56 5 47 . iX & # SRKD
A RRD A 22 B K R E0E A —BUR ) R, FRE— D e 1 AR s R 1

Table 1. Comparison results between mainstream methods and SRKD onCIFAR-100 dataset
= 1. ¥R 5555 SRKD 7 CIFAR-100 #IB&E FHXTEE 4R

Network Architecture

Method WRN-40-2 WRN-40-2 ResNet56 ResNet110 ResNet110 VGG13
WRN-16-2 WRN-40-1 ResNet20 ResNet20 ResNet32 VGG8

Teacher 75.61 75.61 72.32 7431 74.31 74.64
Vanilla 73.26 71.98 69.06 69.06 71.14 70.36
KD [7] 74.92 73.54 70.66 70.67 73.08 72.98
FitNet [8] 73.58 72.24 69.21 68.99 71.06 71.02
AT [9] 74.08 7277 70.55 70.22 72.32 71.43
SP 73.93 72.43 69.67 70.04 72.69 72.68
CC [16] 73.56 72.21 69.63 69.48 71.48 70.71
RKD [17] 73.55 72.22 69.61 69.25 71.82 71.48
PKT [18] 74.54 73.45 70.34 70.25 72.61 72.88
FSP 72.91 NA 69.95 70.11 71.89 70.20
NST [10] 73.68 72.24 69.6 69.53 71.96 71.53
SRKD 75.83 73.94 71.84 72.08 72.37 73.36

Table 2. Comparison results between mainstream methods and SRKD on Tiny-ImageNet data set

2. ERFES SRKD £ Tiny-ImageNet iR FHIXTEL AR

Method Vanilla KD FitNet AT M-FitNet SRKD Teacher
Top-1 44.89 46.05 45,97 46.33 4591 46.54 48.98
Top-5 71.33 72.55 72.38 72.64 72.41 72.78 75.36

BATBETE TinylmageNet £HE 83T 7525, {H ResNet110 1 ResNet20 {EAZUMAIZE AT, &5
R 2 fow, SEER LSRR IVPLTEAR 2 TOP-1 #ERfiZF1 TOP-5 HEffiZ . 45K H, SRKD LT H'E i
J5%, f035 KD, FitNet Al AT. H1 T AR ) SRKD 77k R T 2 B 5k, T AFE, &
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1A T & 2(c) Bz i) M-FitNet 22 [ X 7518 77 75 . SR 1T, M-FitNet )25 SIS T BAAN By B 2518 1) FitNet.
{H SRKD 7Z&1# 34 8Lt M-FitNet F1 FitNet 4T, IXUFsE T HATAIMRE, SRKD BEu8 T i - 1A UM B IE R
BT, B ROE > E A BN S IS, PR T AR AR R

Table 3. Comparison between the main method and SRKD combined with the main method on CIFAR-10 dataset
3. 7£ CIFAR-10 HiiE&E £, TRMFAES SRKD FEMG AL

KD+ AT+ SP+

Method Vanilla KD SRKD AT SRKD SP SRKD Teacher

T: Resnet20 Top-1 78.25 86.52 86.81 86.77 87 86.5 86.74 85.81
S: Resnet8 Top-5 98.69 99.25 99.4 99.31 99.42 99.14 99.38 99.22
T: Resnet32 Top-1 85.81 88.67 88.97 88.83 89.06 89.05 89.09 86.97
S: Resnet20 Top-5 99.22 99.41 99.49 99.48 9951 99.52 99.53 99.37

72.1
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Figure 7. The influence of the parameters 1

7. B SEREPE

Table 4. Ablation experiments for the number of stage distillations
4. REARIBRHABR SIS

Number Stage3 Stage2 Stagel Acc
0 71.21
1 v 71.44
2 v v 71.71
3 v v (4 71.83

teAh, A RZ TAESEPERTRHMER AR ZRIOHE T b, 1 SRKD 7772 0] LA 1% B J FREAE 1) 0
WA AL G . IAVERIREE CIFAR-10 FidF475550, ¥ SRKD 5 KD. AT Fl SP IR ZE 8 T7 %
FHLE A . SEIG AR AR R 2% 43 7] ResNet20. ResNet8 11 ResNet32. ResNet20. SZigsh e 3 fin. Lt
KH Top-1 1l Top-5 ¥ PEAl. XT3 Ak ik, SRKD A akdts 17 KDL AT fil SP fitEAE, TOP-1
HEFR B T 0.29%. 0.23%41 0.14%. KUk, SRKD J5ikn LA G A& has &, $Emspd M
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(RS B o

TV TS E A ST SRKD KIS . SEIGE CIFAR-10 $iE4E 4T, i ResNet56. ResNet20
JifiZ 41 A1 ResNet110. ResNet20 JifizE4H, 7£ 0.001. 0.01. 0.05. 0.1. 1. 2 ZEA[AIRE FHEATIK . MIE
7 AR AT UL EER], A 48 0.05~0.1 G RS A, A KT 1 I SRKD MIZRTRACR A8 2. KL, &
T IR P FTA S H Legp TURAER T 2 BN 0.1,

IAHE CIFAR-100 Hd 8 it AT 1 W ah S0 (5 4). S2B6R ] ResNet56 {F #fifN4%, ResNet20 ff
N Y . M-FitNet /E 2892560 (Number = 0), FRATTE S0k SRKD 7325845 5] AN [ Bkt
FROR . R AT VE LS — AN BORHE R A Z8 T B bR, BRATE 264 SRKD 51 A B 5 — AN B
(Number = 1), FFWERBILIGLE RN 71.44%. Hd, TAVZAIGINEE —F1EE —Br BU B B #H B (Number =
2. 3), ZEUBKSEE BRI E] 71.71%H1 71.83%. FEERAMIGINEE =B Be B BEE B 7818, SRKD 774/
PEREAL TIL2E . B D1 INEE B BRI B B 2R AR AR S rm RS FE bR, BB SN R =B BB B A
T, SEE SRS S . (R, G B E B R, RN AR e IR . S BLE B A
TSR ERAL 2T I 8RR E 25 50 s AR T2, RE AR T 2= AR N PR RE . XS RIER I, SRKD J7i%
AT CAZRAAE SUAULEC A ) R, AE AR 281 i 2 AR PR

4, g5ig

ARSI — R BrE BARRZR R BRI, AR 2E LAY BOA B X 5 20T 0 2% (R R AL,
[ — B Be T A R EFFAR IR RO RN, 7] — B B B0 i A D9 2 2R 22 50 FLAR, (R4 N 1 A HE PR B
BSZERE, DA R ph U A R 2 B 22 57 3 BN 2K AR A R AN 1 T L. BRAT T I OSe B8 iR 1 SRKD
FRURTT T 0 2 AR AE I ZRB BURH R AR L AR AR, R 2 MRS B R RIS M 2% 24T 1
J Iz O B SR AT RS, BRAIE T BRATIR I TERI A R . SRT, SRKD JrikAFAE — € IBkIG,
FEAAEM RN ZRR BL, BOM I 2% 75 2L F PR, X B2 80 1 A E 2 BN 2RI 1] (5 5 %0 iR 28408
FINZRI AR B, FRATTSE VR 2 AR 2 HOHERR I (B FIAS 2. 25 BRIk, SRKD #2417 —MA i f Bt
77  IFRE SERERFIRINEMS S, ARRT AR ERE .

E&UH

5] B Z ARV H (JCKY2019413D001) b ifg i T K248 TA8 X I H (10-21-302-413) . [H K H R34
T H (6217023627) .
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