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Abstract Knowledge distillation (KD) maximizes the similarity of output distributions between teacher-network and
student-network to achieve network compression and the large-scale network proximal-end deployment and
application. However, the privacy protection and transmission problems result in that the training data are difficultly
collected. In the scenario of training data shortage that is called data-free, improving the performance of KD is a
meaningful task. Data-free learning (DAFL) builds up teacher-generator to obtain pseudo data that are similar as real
samples, and then pseudo data are utilized to train student-network by distilling. Nevertheless, the training process of
teacher-generator will produce both problems: 1) Absolutely trusting the discrimination outputs of teacher-network
maybe include incorrectly information from unlabeled pseudo data, moreover, teacher-network and student-network
have different learning targets. Therefore, it is difficult to obtain the accuracy and coincident information for training
student-network. 2) Over-dependences loss values originated from teacher-network, which induces pseudo data with
un-diversity damaging the generalization of student-network. Aim to resolve above problems, we propose a double
generators network framework DG-DAFL for data-free by building up double generators. In DG-DAFL, student-
network and teacher-network obtain the same learning tasks by optimizing double generators at the same time, which
enhances the performance of student-network. Moreover, we construct the distribution loss between student-generator
and teacher-generator to enrich sample diversity and further improve the generalization of student-network. According
to the results of experiments, our method achieves the more efficient and robust performances in three popular
datasets. The code and model of DG-DAFL are published in https://github.com/LNNU-computer-research-526/DG-
DAFL.git.

Key words deep neural network; knowledge distillation; data-free knowledge distillation; generative adversarial

network; generator

W E iR A (knowledge distillation, KD) i it 5x K AL ULl B 5 A4 “HIF ML 738 F“FEML L
NG, R A KIUAER R M 3wt 4 B F R AT EH R, R, AR FIRH IR 5 A% 4 5] 2 e
Fol A W) 25| 25 B A XA SR B, 4T £ Data-Free #9 B W1 3850 T, ARIEJE 45 W 24/ 5 & R A £ %69 #F 50 % 6. Data-
Free % 4 M %4 % 3] (data-free learning of student networks, DAFL) B A, & & “#F 7 3% £ % 8 K F 5 ) %4
W &5 A LM FAE R, B iR AN G FARNK” R, ZER T A REMERRANGFE2AN

Wo#E H #: 2022-01-04; £ E H #: 2022-08-08

EETH: HRARP I H (61902165, 61976109) ; 3% T A 01 B 3 4 551 H (2018712GX047) 5 77 #8A SO 2 Bl 22 A 58 ML 5 6 01 H
(21Y7C880104)
This work was supported by the National Natural Science Foundation of China (61902165, 61976109), the Dalian Science and Technology
Innovation Fund ( 2018J12GX047), and the Social Science Foundation of Ministry of Education of China(21YJC880104).

EEEE: LK (ryg@lnnu.edu.cn)


mailto:zhangjing_0412@lnnu.edu.cn
https://github.com/LNNU-computer-research-526/DG-DAFL.git
https://github.com/LNNU-computer-research-526/DG-DAFL.git
mailto:ryg@lnnu.edu.cn

1616 HENTR SR E 2023, 60(7)
FIAE: 1) i BEAEAE “HIT MR T8k AR EHHERGIN AL R, BB, “BIFMA"L “5 4 WL HAL

AARRE, 2 “FAMBEARFER, —BAGHRAIZTE; D) IURB T “HITFRE N AR K, FRHEEH
AE % Af Bk, AR S A AT IZ A, AT AFEE 2 NP, 37 3R A R 35 M 4422 #) DG-DAFL(double generators-
DAFL), 5 A1 & 5 “HIF" 5 “ A7 5% & R 5B I B B4R AL, EILM B4 5 54040 B AR — 5, #2270 “ A WL )
FUMERE. Bk — 3, B WA R B AR E FBUK, AR I BT BN R AT B A R SR, PRIE S
A P RR R SRR R At 3 R AU, % ik Data-Free 35 W KR T B A K ML G4
JniR AR . DG-DAFL 75 i AK AL B AL A & FF iR . https://github.com/LNNU-computer-research-526/DG-DAFL.git.

ES 40|
HmEESES TPIS3

TR 2 2] SEAR O REA 5 Gl R AE A AR 42 1 e 1k &
A EITE HSINEE S O L% (53 T =12 | I <
MU SE N T e B AE Tl AR B9 0 FH . 1989 4F LeCun
2 NI TR 5 R 4% LeNet B, 75 T 5 (R 1844
TR 400 3 A T g M O, R VR 2 2D Y K 4
BT R B AN IE AR A — 25 B TR A 4 o 26 A X
WU B UG A PR 32, 4 ) HoAE ol i 2, B
A 2 5 AN WA Al e it I 445 65 g i 5 A5 00 2 %
ARG, B S HOR B O e R, R XA L T
SR AR TR A SRS T K, S BOR R R N 46 A R 4
[] B0, 5] 411 ResnetS50, VGG16 45 K78 bft 22 ) 4%, 45
FE RG0SR B sl RE, (A LTI R S8
SR R AR M N AETEFRE. R, 20K 5G H
AL B sh 2o B P K R, G R R T IZ S,
i 099 2 o7 FH 75 SR A5 34 . FHL L R H A R sl
G55 15 485 X0 ity 18 4 A LE T 81 52 1 4% A7 7E 4T 5
MTT5 | A7 S BE D 25, R RRUASE I 45 30 i i B 5
BT R R U] B T 0 R B A AR L U R 42
fil 7, S B R R IR B 2 T 0 4% 1 30 s 308 S BN A
5O TAE. BT, BuciluaZs A B Y b 28 0 2%
PR 208 J7 %, B A A A D R R 4R 5 A i )
FEYN L ity /N BRI AL, 7 AS BTG ASE ARORS B[] i, R R
A 28 ) 2 A5 R0 e 55 ) K R S MU A — s T g
B, (0 1 45 25 0 3 0ok S 000 A e R, R A ) 4%
PERE U KR S0ob, e & A ER AR AW
P28 o0 5 8. IR ZE IR (knowledge distillation, KD)
W 150 T BB A R 000 28 17 Sy 280U 1) 286 i 5 /N RS 22 2
W 261, S B TEORS M 5 00 4% 45 ) i 4, Ry A R T
A s B KR R 4% 30T i B %) L k.

SR, B2 AT BRORA R4 R TR i i DA R ke
18 iy S5 ) LA o R, B T AR A A S5 1 TR T 4% )1
BAEFEAEMELLFRER, {87 Data-Free PR3 T Y #1 25 ) 25 45
YR 46, B 3 S ) e R 5B itk 28 %) () B £ 31 — 4>
5 05 R B0 45 1F T TR 46 5 7 B AR (LAY B, Bl N

LAY 2 W Y s Jo iR G RAYE IR Fo iR A 5 3P40 A R M 285 A2 R B

— A~ HLAT BB SR SCAYAFSE T Chen 45 NP 2 1
Data-Free ¥ 3% 1 1R 2% 18 HE 22 DAFL (data-free learning
of student networks, DAFL), # 37 v A= il a%, A2 it
FEAYINZRAR, 52 LR ZE IR IT 345 5 2000 R 25 14 g
LR /INFRASE 2 A I 285 SR, 1205 AR B 2 B 4R o
BTG 2 A I 2 AR I i 32, 2 2L DR 3 A4S J T :

1)1 53] 9 28 A1 Ak 5 Fr AN [m] . A5 59 rb 22000 99 45 00
A s 7 A DR, 52 A 2R 2 R IR ZE IR, i 2y
HE ) 28 XPE DL A 5 2500 9 4% — B0 L A (s B N
LAY

2) iR A5 BAR A A B . S0 o A A 4 AL i
JE A5 A 28000 1) 265 XoF PR B0 1 0 0 25 L, R R R 25 05
BT A 5T 3 22 W O IR A, R 2 8 ok 72
2 HE T 46 X LA AT S80I FH 28000 0 28 TS A e 96 0 A1 A7 S

3) A W 2% v A PR A5 AR v A i R AN AR
T W 28 Y 248 2%, T B0 LB R AR 2 R 1
I, BRARG 2 A TR 285 )

WEL 1 PR, MNIST #0408 45 h 2 510 2 1A 7 1
EIMGFRE A B R 22 5, i K] 1 4l o DAFL 5 v 1) 2%
A= 4515 B0 2 ZB0HE e T H R AR BT A S IR,
AR GRAs 3 00 /N R ASE 27 Az 0 468 B % 4 fE AH 0L 1]
G XE DL AR A5 B 1 F I 25 51 R $E T DAFL Bl rp
27 T T 2% ME A 56 Kz AR B DR A8 OB B2 1)
2% 2145 DG-DAFL(double generators-DAFL, DG-DAFL),
& 145 0 H DG-DAFL HE 22 Il 25 15 31 2 2E 1) 2% H
FESFRIE ST By XS B, B 1 2R 7 RARIE ST
RA — 200, R e e SR T AR

h i TR Data-Free PR35 TR 78 18 . R 1E R 25 12 5]
K 5z AP, A SCBR ) BUAE BRI 4% 24 DG-
DAFL, 4= wifi 4 B s 78 2800 i 26 B 09 %6 B R 5843
I FH 2000 1) 284 0 TE S 0 R, 7 AR TS S S A 2
IR ORI ZRREAS, I ] AR 1t o BE A 53 A 22 57, ik
Y DAFL 27 Az [0 2 5% B — 80T 1) 6% g A= o 2 A A AR
1, DRAIEZE RS FEAS Z2FE Pk, 2 T 2% A I 2% 1) 1l 455 1R


https://github.com/LNNU-computer-research-526/DG-DAFL.git

g A . LT AR BRI 4% 1) Data-Free 1R %1%

1617

DAFL2%E W 26

DG-DAFL %L M %

/

40 1 [ DAFL-1
35 b mmm DAFL-7

Ik

—0.70 —0.65 —0.60 —0.55 —0.50 —0.45 —0.40 —0.35 —0.30
RN

[ DG-DAFL-1
= DG-DAFL-7

L n 1 i 0 1 1 1
—0.70 —0.65 —0.60 —0.55 —0.50 —0.45 —0.40 —0.35 —0.30
ki)
Feature Map FfiE H— b5t it

Fig. 1 Comparison of normalized statistical results for approximate sample characteristics
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Il Atx Gr5 Gt 1 FEAILA) 46 R A [ st 22 Bl 8 A 2
X5 X®, Horpr, XO5a i Neit 509 30 (4) M g 41 2k
Bt 2k A A Grr, AE BGHT R 00 S Oy R AR 4R X0
Fovk, XO[R] 28 Ne 5 NstH 50, S 58 70 il By 200 19 4%
S 56 Rl o A A R BE A O A 22 5, AT () A4 Ns:

Lons = % 2 Heos (V1 (XT300), Ns (X367)). - (5)

IR, R R 28 I 2545 21 09 NsZS & 24 11 28 i th
FEAREXO 5 2 (4), 4 8 B 545 2K pR AL L, = Lons+
@Loys+BLics, Pt i1 2% A W 28 26 il 4 Gs. IZ AR B 7]
PRAUE I ) 2% 5 27 A W 28 A7 A TR AT 55, 3 22
D 28 2 ) fig 7. [R1 B, 38 o X 2 A= X 28 400 Ak it B Xof ke
I LS AR 28 H 0 25 R 0 3 A AR AT, BRI AR iR A 4
ROR. BT, G a1 22 A i P HE AR L X0,y fifi
Gs R1F T ZHEAR SRS B R UEA FE A 5 B REAR
A3 AT— Bk, R, PREA: N RE A Z2 R, P A
A W 28 BB Al M, AR SR T KL B 375 2 Stk
1B P AE AR X O 5 X OBl 43 A 25 57, an=(6) R
Gs(x'Y)
Gr(x' (")’

AR SCAY B 2 A I 2% A B AR G T A5 I R AR 4
X'OFE 5 A 15 Se S RE AR 43 A B8 Ry 230 IR, Al
2 P2 A s LA 2k R Gk, = (7) B, 23
I A A AR i # 2

Lo, = Ls, T yLaix, D
Hrb, y B PR T
2.3 FHERKEHG W &S

A SCH FHAR AR A5 B 09 27 46 o 24 B AR Gs, B8 )
FEALE X ONE Ry I 285 0 Bl 2 A I 2% g 22

O ) 28 Ny 5 27 A= ) 2% Ns[a] B 422 32 2 2 i A=
B A ARG B OE AL R FEARSE XS, TR 22 7, 2%
S5 R FE G 52 2% 1) B0 IO 4% B 1 45 SR 000 T I 4% 45 4 A
Xof ] B ) 27 A R 2 Sy B TR R T 4 A5CR A5 Bl kR
ZEMREIAR, ¥ — 7 softmax 2 | i th 45 R 17 48 U
BRI, 7 A T 8% ) i o B ST L 0 R 4%
gty R T A R 4% NoB R E L 1R 28 1 3 4k bR

N
Loxt = ZGs(x’f.S))lb (6)
i=1
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Xof AR Y T ol S 6 2 SR BRI, 1 IR AU AE AR 45 4 1%
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HHEAL N
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¥ 5 BE (Specificity) 48 B S2AH by FH A (%) TE 8 LE o
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K (9)~(12) o, TP Sy A5 Y 1E g 70 0 Sy 1F i) A AR &,
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Fig. 5 Sample visualization of MNIST dataset
5 MNIST i dehHA T 4L

AF AR L SR, B LeNet-5 1 S #8500 ) 45 52
A% B B ALY 2. A 24 2E X 28 LeNet-5-
half, JH: [ 2% 25 14 55 2000 99 26 AH ], 5 2% 38 18 50AH [
O 2 /D — 2 THB AR AH L B0 I 25 20 50%, AT
S A AR, R 1 TR T IR XS G T BT 4R AR A
MNIST #4845 1) Accuracy 18.

F2 XS 10 LB G TR BE AT UL, R 52
B VI 2545 2 000 285 1 Accuracy=0.989 4. (i M 75
B B AL A O AR AAE I 2 4E , A5 B0 ) 45 45 5
T, F) AR 2818 ] 45 3 Accuracy=0.867 8 1t 5 1
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Table 1 Classification Results on MNIST Dataset
1 MNIST HiEE FMHEER

Bk Accuracy
FT 4 0.989 4
KDY 0.867 8
DAFL" 0.968 7+0.001
DFAD® 0.959 6+0.002 1
RDSKD™! 0.975 5+0.002 4
DG-DAFL 0.980 9::0.000 9

T IR RARAS R 75 B RUE D 2 T bR 22,

26, 2 RS TR AUR) 200 1) £ i U1 2545 20 0 A 5
TR A BIREA S A A5 L, ME L3R B I 0 28 R AL
S DAFL J7 5 v, 2o 00 1) 265 5 750 ) 1) 445 S [l %
R, DLl AE B AS W 45, As 5 B0 SEREAS 43 A1 3 Dk 2
TN RE A B, DI 22 A 4% B3R Accuracy 7]
K] 0.968 7. A< CHE 1 9 DG-DAFL J7 ¥ #H tb DAFL
T, G T B — A R T 4% X U ) 4 A TG bR A
PAREASE 10 ) &35 ek B A5 AT o 7= A 1) JE s e S e
A 2k W ) FE ) P, 2 A ) 4% S A ok 8 78 2800 i A4
a5 Il B R T AR TS A 2 AR v AR AR 1 DI R AR AR
PRIEA REA I 21, SR Uz AL . [RIES, RDSKD
5 TR 3 S 0 O D)k T AR TR AR 2 R AR ]
FEREARRAE N AT LY MNIST B 42 HUfS T H DAFL
Y DFAD 8 T 4119 73 25 P fiE. DG-DAFL A, 2
HE 4% Accuracy 1 32 T+ 2 0.980 9, o W 25 4 5E + 43
P2 3T A0 M 4, (6] B, ARAE 10 IR SE R B AT 45 R 3
{5577 2% Al 4 DG-DAFL #E R 3R A5 T 58 4 1) 65 M

2) AR A Ji a4

AR UG A3 & 100 2 (9 M B4 45 il KR
RF2h 120%165 19 2 600 5K 18] 5 2H A%, oA 50 25k
BYREA, J5 50 KL EREA, B2 E 26 1R AR
B, A5 A [l 0 TR 2 0 . BB Sk L RIS O, 2
H A 55 )1z A AR v BOHE 4R . 7E S50, AR SO
Y 20 5K I R A R U 2R, T4 11 6 5K AE R T
AR, 38 3 i 7 SO0 2% PR REE AT A . AR B 4 T
AL R 6 frw.

ARKYEEE B v, FIFH ResNet34 15 Sy 2L Ui X 4,
ResNet18 1F & 2= 4= ) 4% . ResNet34 5 ResNetl8 >
AR 5 J2 L4544, ResNet34 76 B )2 B FLEE # o iY
JE R Z, FC T I FE 09 1 55 AR T 5 5 ResNet34 (1)
Flops 144 f 4 3.6 x 10°, ResNet18 /1% Flops i1 & & W
1.8 10°, 3 2/ e i1 I X} Eb 17 r 48 U7 1A 7E AR B4 4
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Fig. 6 Sample visualization results of AR dataset
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Table 2 Classification Results on AR Dataset
F2 ARHEELMOEER

(=87H Accuracy
HOm 45 0.865
DAFLY 0.676 7+0.001 3
DFAD™ 0.52+0.003 2
RDSKD" 0.52+0.002 6
DG-DAFL 0.718 3::0.001

T DR R 75 BEUE D 2 R AR 22

SEYRGETT AN RANR 2 s . 000 2% 2 1 LS
W& B g VI 2R )5 Accuracy=0.865. Data-Free 3135 T,
DAFL #5% #Y vhr 28 J1 IR Z8 18 )5 2 A2 W 48 19 Accuracy=
0.676 7. AR K Hi 4 A Lt MNIST £ di 45, P15 255 i 4k
T, BRI A B B 40755 14, AN [) 28 031 1) A A o
fIEJ A1 5 Ry 3 ABL, XfE DL S5 DAFL AR v Az il % 10
et R 5 4 AR 20T I 0% ) 45 SR, B0 UK B
FH T I 22 A o0 288 1 g i R A e 2 24 (90 2% 34 J51) e
T 2% 58 B T . DFAD A5 75 22 6 250Ul 1) 28 Xof B A
Az T AR BE RSB AR R MELLRAS 5 RN R AEAS
A5 58 Ry 3 AR B AR R AR, A RS Wi 2 A TR 2% U] v
i 3¢ RDSKD #5% 5 1517 Xof 14 52 2% iy 1IE A A 4[] 1 11
A FE 53 R H BRI LR 000 9 26 4 A e A5 5L, S B
HIE B R T M, S I Accuracy XN 0.52. 7R
SCH o A8 £ XA B A 8 DG-DAFL, 1 78 43 1 1 2L
i 1) 265 §14 95 70 A 5 6 S PR [R] I, ) 3 A= A O
LI, MR IR ZEREAMG Bl AR UEARH S
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Fig. 7 Sample visualization results of USPS dataset
7 USPS Bl ry T B AL AR

U 00 26 5 1% 55 MINIST 5405 4 T AH ] B9 190 45 45
F4 LeNet-5, “# 4= M 25 4514 2 LeNet-5-half. 2 3 481t
FXFEE T PR B 7 e USPS B R 45 89 Accuracy
S5
Table 3 Classification Results on USPS Dataset
R 3 USPS HURE LHINELER

JEE AR 6 0T A e D) 28 A AR 7= A 1) 32 Al 3 A1 45 )
R [RVERE, 27 A D 2% A R BT A s ) B HE R IE 43 A
UE L&A T P REAR R, i — 2 4R T4 2R 4% 0
SZ A i LR b, 24 A W4 AE USPS S 4E R 3545
TR U A R R R
32 ELWHH

1) DG-DAFL 7 it 73 #r

g 1 — 118 A i DG-DAFL 5 5 mh 2 Az v 1
A G Al I FE 19 A 28 B0 2 oR B85 58 43 1 b 22
PE, A5 7E MNIST £04 £ | 52 BLIH fil 55 56 9T 43 Bt 55
a5 3R 4 Geit I XT b TR [A] 95 2% pREIGER 43 X Data-
Free PREE T A5 Y Y A 5% (1) 52 W)

Table 4 Ablation Experiment Results on MNIST Dataset
&4 MNIST HiR&E LiHRNIER

ERPR Accuracy
B U 0.96
DAFLY 0.926 7+0.002 1
DFAD"™! 0.889 9+0.002 4
RDSKD"! 0.907 3£0.001 7
DG-DAFL 0.930 2+0.001 2

VE: MDA DRGSR = 5 R 2K LR 2.

12 3 AT, 00 R 25 53 28 Accuracy=0.96, TE It
FEAly 1 S DAFL ALY, 22 4 [ 24 1) Accuracy=0.926 7.
DFAD # B 75 USPS %48 % | 1Y Accuracy=0.8899, Hi
T 00 I 2 38 BE A A A URE AR A rh B B I R AR A
A, 5 W) HR 2 1R AUCR SR R 6 M k. RDSKD 5 4
[Fi) 7 220 W A R AR Jo i 46 [ T, A1 2 A T 5%
#EHH %5, DG-DAFL 3 i 5 A 2% 4 b 2B A% 09 U 1%
AT TR A RS X 2% 25 b v A AR 2 ik

bRl (REVBBIR R DhREAS KL UK Accuracy

3 0.868 7
02336

3 0.1140

\ 0.2167

3 0.8711

0.9758
0.980 0

T NFRIZIEAE.

TE IH Rl S 50 v, R T L SISO I 2 Y 800 R 2%
932 Accuracy=0.983 9; 2% H: viii A= B 7% GsTE 1 A AT ]
i 2% pR B AR B B, R T BE AL A RE AR 545 &
FT ™ 25 F1 R 28, Accuracy iK% 0.868 7. Z A FI FH
Xof Wi AL BR A A ) 53] 45 SR o A i ) AR — K pR B, £
FEONPR 2B K 5 B RIS R, I A2 A
25 AR G, BME LLAS 21006 B 0 0 0 45 R, R
PR 7 27 A I 2% ) 3l oK 280 L SRR AR U AN A
EREAE B, XELLTE T AR AR I R A ORI AL
B i KL HIORE VR MR A5 2, 2000 o 2B i A G2 2
Uil P 268 P Ak B B 38 A LSRR A S B AR L, AT X GAE
IR A 77 A — 5 B S g W R R, B AR 2R GstE
BRI A 4 R A A, E KL HIORE R s fe Ak R, 2
A P BEA /N IR FE SR T 24 3 AR 2k R B A A
PR GGG, 4 ARG T ZFEA SR A5 B, PRIE
A BUREAS 5 LSRR A 43 A — BohE, IR IR E AR LAl
FEAR I ZRE M, B TF25 A I 45 15580 1) 1 A %6

2) DG-DAFL iz fb ¥ 53 Bt

k3 SIE B 42 A DG-DAFL 5 51 B A 5 4 172
fb 1, AR SCHET MNIST %54 45, A4 2 52 56 $0 95 4k
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MNIST-F (Y[ 254 Tra 153X 4 Te). b 0~9 g 2551
G, T REARZE S5 1 A7, 0 F 8, 6 AT 94 HL
A PRV EFAE BB AR L, FF R V8 2 JERETY, Sy R0 i
S MEJE . AR SCHR /N 5y R IR ZE N SRR A RLRE, B AR
JEU R R 4 P B U ZR AR 03 4 45 1, 6, 8 I FEA
O R IR AN, TR AR R e 5 T
7, 2 5 1 nTra 5 nTe 73 51 o 5 46 U G5 4R 5 D 2k 0
4.
Table 5 Description of Generalizability Test Dataset
£S5 zENREEERIR

ESHIETRS nTra nTe Tra Te
0 5923 5923 980 980
1 3371 6742 1135 1135
2 5958 5958 1032 1032
3 6131 6131 1010 1010
4 5842 5842 982 982
5 5421 5421 892 892
6 2959 5918 958 968
7 6265 6265 1028 1028
8 2925 5851 974 974
9 5949 5949 1009 1009

B4 5 MNIST-F SE58 v, 200 X 25 45 44 A LeNet-
5, 2% M 2% 45 ¥4 h LeNet-5-half. A< 348 51 45 11 K *t
T DAFL i 8 5 fiF 32 Y DG-DAFL A% &Y 1 43 2%
Accuracy, 25 R U 6 Frs.

Table 6 Classification Results on MNIST-F Dataset
F 6 MNIST-F HIE&E FHHSEER

Ak Accuracy
B S 0.9897
DAFLY 0.9425
DG-DAFL 0.969 5

2 6 T 7 1Y 2 AN [F) 53075 78 MNIST-F £ 46 T 1Y)
ZACPEN XS5 2R . DAFL 5851 Accuracy=0.942 5, DG-
DAFL % ¥ 1Y Accuracy=0.969 5, # [t £ MNIST % 42
T RYIMNAZE R, DAFL BYERY Accuracy fH T 0.026 2,
DG-DAFL {5 % Accuracy {H T B 0.0114, 2476 5 1%
BRI R A5 00T, A ST 4 i ) DG-DAFL
B A AR L DAFL 58 8 LA 58 4 19 02 b Ve 6 4
DG-DAFL 5 5 v (14 2% A ) 28 N YIl 25 8088 R 58 4
W T 200 v 2E B 2% Gr, 38 S 7E DAFL B AN i T
PRI one_hot 16 7 ) DA A AR 2541 R (1 R B MR 75, i
P2 Az ) 245 N0 1 1) ) JL. kg 1 0L %5¢ 5 43 B, A%

G IF XS b T DAFL 5 DG-DAFL #5 %4 7 MNIST-
FB0R4E 1 0 A PP PR oS5 2R, dnk 6 M3k 7 IR,
% 75 % 80, Z 4L PE W X T DG-DAFL
B SA I L DAFL BERVIERG B % . 4 [l | e 5
febr EXA TR TR 2690 1, 6, 8 il RkEA B K
— 2P LR, AR SO Y B DG-DAFL 73X 3
& L IARAS T AT A M RE. IR FE T DG-DAFL 57
T, IR B0 U R AR R, L EL 2R, e
TR AR AR T B R A PR AR Y [ A

Table 7 Statistical Results of DAFL Model for Different

Categories
%7 DAFL RN REEHNFITER
ESHIETRS Accuracy Recall Specificity

0 0.993 0.957 0.999
1 0.988 0.989 0.998
2 0.928 0.987 0.991
3 0.910 0.988 0.989
4 0.986 0.987 0.998
5 0.908 0.952 0.991
6 0.995 0.956 0.999
7 0.972 0.979 0.997
8 0.989 0.860 0.999
9 0.973 0.966 0.997

T IR R,

Table 8 Statistical Results of DG-DAFL Model for
Different Categories
% 8 DG-DAFL A REXFIFITER

pSilE T Re Accuracy Recall Specificity
0 0.989 0.989 0.999
1 0.982 0.996 0.998
2 0.954 0.995 0.994
3 0.937 0.994 0.993
4 0.989 0.983 0.999
5 0.968 0.964 0.997
6 0.996 0.973 1.000
7 0.982 0.982 0.998
8 0.997 0.878 1.000
9 0.958 0.983 0.995

T RS R

] 8~10 i 5F MNIST-F %45 5 T 4% 28 501 i) 43 2%
G5 i B a5 oy HERE AR B TR VB A I, W] T OV
Bb 4 R %% 31 DG-DAFL A5 A ) 250 5% 5 Jon 12 305 40 Vi 9
%, ORI FE SRR 0,5, 6,8, 9 Y4
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Fig. 8 Confusion matrix for teacher network generalization test
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Fig. 9 Confusion matrix for DAFL generalization test
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Fig. 10 Confusion matrix for DG-DAFL generalization test
10 DG-DAFL FERIZ (MM 1R 76 R R
J i, DAFL ## . DG-DAFL #8488 2 48 458 43
J&, HIEH g DAFL HE 8 i I SR BC08 AR g T 200 ™)

2%, U0 I 2 Az 0 Oh B 25 Sk R dak W 7 5 I A= A
AERE, PR 2% PERE . DG-DAFL # A 2 A= K]
2 1) YN 25 5040 TR T 2850 U ity A= G g R 27 A iy A AR
2 77 THT 9 52 T, 3 G 3 AR RS 280 U ) 445 i A= L 11
i, 13 7F DG-DAFL A5 8 (4 I 2 i B o, A )1 25
B T S SR, L ARE A R Y 2 B
] i, AT W8 2% 1) DAFL B8 7E 5 TR 18 A9 28 00 ok 128
FEARBE R 2R T RBEAR, 0, 6, 8 FEFEA H THIRLZ
PR B AR T B B ARIRYVE, P A AR I 2

4 #

A SCEE X Data-Free P15 358 H1 W) 45 F& 45 K IR 7818
[ 5, A By DAFL A58 38 5o 4 2 e 2R A D Il A
A 24 2] 77 5, HEH DG-DAFL W 4% HE 22 % HE 42 15
TIBUA: J A P 28 25 0, DR AIE 200 R0 25 55 2 2 ) 2% 5¢
B — B 2T AR 55, I 92 BUAE AR A A 5 200 R 2% o3
5, ik DAFL A5 AL o AR s 56 42 A5 AT 200 ) 45 40 31
AL, A R AL AR R R R E, 7R 2 AR 4% R A
W Zhad B vy, A4 38 XA B i DA REAS 0 A 41 2%, 72 78
3 R 0T ) 28 PR AR AR AS 23 A S 6 A5 R B9 T I s B
b BE AR, A T R 2R B DR REAS B AR SCHE 3 4
TAT R S BRI TR B A R, O A i s
et — 2o 1 Bz A PE S B R SR T, Data-
Free PR35 v A= il 049 Dh Il R A A 1) Jo 65 52 1 = A= [
ZRVERE, $ T R A SC AR K Bl 58 58 00 42 4 20000 19 2%
TR 25 A AR 235 ) A 0 25 S0 30 J AR, g 8 B i o Y
1 0 245 Il 25 B AR 55 . DG-DAFL J7 35 % Je A 7l 2
¥ P& . https://github.com/LNNU-computer-research-526/
DG-DAFL git.
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