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Abstract Due to the complexity and uncertainty of deep neural network (DNN) models, generating test inputs to
comprehensively test general and corner case behaviors of DNN models is of great significance for ensuring model
quality. Current research primarily focuses on designing coverage criteria and utilizing fuzzing testing technique to
generate test inputs, thereby improving test adequacy. However, few studies have taken into consideration the
diversity and individual fault-revealing ability of test inputs. Surprise adequacy quantifies the neuron activation
differences between a test input and the training set. It is an important metric to measure test adequacy, which has not
been leveraged for test input generation. Therefore, we propose a surprise adequacy-guided test input generation
approach. Firstly, the approach selects important neurons that contribute more to decision-making. Activation values
of these neurons are used as features to improve the surprise adequacy metric. Then, seed test inputs are selected with
error-revealing capability based on the improved surprise adequacy measurements. Finally, the approach utilizes the
idea of coverage-guided fuzzing testing to jointly optimize the surprise adequacy value of test inputs and the
prediction probability differences among classes. The gradient ascent algorithm is adopted to calculate the
perturbation and iteratively generate test inputs. Empirical studies on 5 DNN models covering 4 different image
datasets demonstrate that the improved surprise adequacy metric effectively captures surprising test inputs and reduces
the time cost of the calculation. Concerning test input generation, compared with DeepGini and RobOT, the follow-up
test set generated by using the proposed seed input selection strategy exhibits the highest surprise coverage
improvement of 5.9% and 15.9%, respectively. Compared with DLFuzz and DeepXplore, the proposed approach
achieves the highest surprise coverage improvement of 26.5% and 33.7%, respectively.
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Bk 2. BAN TR MRS B AR AR A LA
A I DNN B EY D, Ff 115 AR B seeds
list, YR 4E train_data, % ) R Ir
gyt X HUE DA FEA adv_samples.
@ adv_samples = @;
@ for seed in seeds_list do
s_list = [seed] ;
while len(s_list) > 0 do
x =s_list.pop();
c_orig, p, p_topk = D.predict(x);
sa_orig = SA_var(x, train_data);
/% BERREAR B AN FE T+
obj = sum(p_topk) — p +AXsa_orig ;
M R H AR+
grads =N obj / Vx; [* T B */

® QO0eee

©

() for iter = 0 to iters do

@ X' = x + gradsxIrx (random()+0.5) ;
/¥ L R R REAS */

) c_fup = D.predict(x") ;

® sa_fup = SA_var(x', train_data) ;

dis = dis_constraint(x,x') 5 /* 11 B AEA 1]
3 iR g/

® if sa_fup > sa_orig and dis <& then

s_list.append(x') ;

(D) endif

if ¢_fup # c_orig then

adv_samples.append(x’) ;

@ endif

@ endfor

@  endwhile

@ endfor

B 2 K 9 DNN &AL D 7 IS A AR &
seeds _list, Y Zx5E train_data VA S TG 1% B 1Y 27 ) TR
B M RO B O AR LR R PR R ady_
samples. FEFAT T s_list £7-0if B A Fh 1 7= Az 1 v [R] AR
A, X T s_tise Y RS REAS, SR B S AR B R 1
W) 2 AR c_orig. B KRB 2 p LK AR T p
BYRT KA T AL R p topk(F7® )5 oWk A1) FH oR
SA_var() J& B FEA B B A 7 M sa_orig, B FRE
obj UL Je H A5 X I U6 FE A (0 86 B grads(1T@D~@). 4R
J& M s B R A T b ] AR AR (7 @), H b R AR
random() T 7= A= BENUAE, B 122k A A0 o 72 rp ™
A HH R 9 BN P B K B AR oby X T UR FE AR B9 B R
grads & L) 2 >) R I, T VL BENLE (random()+0.5),
FE s in B 5 FEAS B B BN g, B Az e ) A
A XL 2 A AR HURE A T I0 6 2 rh [R) A A Y 25 )
c fup. BAHNFE M sa fup UL N5 R UG FEA B R B
dis(17 @~@) . AR B2 Hb 58 70 PEAE /2 75 RE A 4 T DL K%
TR A [) 1 B 5 240 o ke phe s A R b T A AR O A
PR, T T — 5 A4 AR A (17 ©~@).
PREBX dis_constraint() Fi T 1T AEAR 0] 75 BUE 5, dis
FErR RS [R] 1Y BE B A E R AR AR 5 AR REAS 1Y $
D2 53], A5 A — SO 32 e Ta) B A B Ay %o 0 1 0
A, UINE] adv_samples H (17 B~Q) . 3 Z 52 1%14%,
A L 22 6 O AR A el T AR Y TR AR A
H T 2 B i LR A R 43 M, DeepSA Ty vk Ui 1 HE
2R TT, REE I8 /D v TR AE A 5 A 58 53 P JEE A 1 B[]
FEES, DASRE T R A A A 8%

S A DA AR ) B8R num=100, %48
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B iters=5, % ) W3R =01, 155 B {H £=0.5; % & H
i bR BORUE A=1, A B R 3 WY 530 Wi ) - 2 B g
i 42 T+ B A0 FE A PR R REAS . Sy O (B AR B 2 A R[]
AP, M s R AP I AR 5 seeds_list A
B FREAKE B AR A S 3% s_lise HPOAREAS (80

num

B 2 B 2 2R R R O (Z S_,-Xiters)
=1
3 mwigit

3.1 HRE&

1) 5] 8 1: DeepSA J5 12 J& 75 BE % A7 &4 Hh A= 5l
RS,

()28 1 53 50 DA B ) %of A A i A B
T 2 407 1 PE AL DeepSA I it AE A% A % ¥ 1
A RLHE. BT DeepSA %54 DNN & iy H i) Il 1 A
A S ML 3 2 S R ik Y R Ah SR o PR H AR A
bR B, AR SCHR H A I AR A AR i Ty A aE T 0
FAETY . BE R R 1, AR SCAAE 73 2B | T e S 56
Sy Hi.

S5 DeepSA 43 5l 5 DeepXplore!” 1 DLFuzz™
Xt B, 4387 76 A IR A9 3% AR 452 1k 4514 T, DeepSA J& &
RE 0% A= BUTE 22 19 X8 BT P D 3R AR, O 42 T U s 4R
B = 4 55 K. DeepXplore &5 DLFuzz ¥4 % FH 3 T 46
J& 4 748 53 7 3. DeepXplore 5 78 4= i g % i KL A
] DNN #5% 4 it 45 5 2 18] (19 22 S A 28 o0 B o %
(1) X6 B I 5 A% . DLFuzz $ £ K Ak 28 0 7 56
e R A ASE B T i % B0 R R AE S IS H B ek A AR
JT 4 4 5 FE AR . DeepXplore il DLFuzz Fifi #1  Hit
FEAAE g b 7 HEA, B 7 RE R BE AL 8 5 SR g R sk
random.

1 i — 2 534 DeepSA $2 it (1) F - I K R A
TR W 00 A AR, TR) R 1 RS R A R
A B R, 08 SBOAH [) 0t () b1 I RE AR, 0 FE
B R RD AR SIS AE DA A2 i B ACR . DeepSA
$& 0 0 BRI SR I 43 51 32 75 A DFuzz Fl LFuzz, B 43 5]
FIHI DSA, Fl LSA, fabrie it H AR5 2% R . %) Le 52 56
3T DFuzz Fl LFuzz B4 5 %, 43 51 % JH DeepGini''
i 1 8 S5 T A AR T I ARE 2% 1) 2 4% R s ) . RobOT!”!
P& A 5L T A A B K (H Y BE-ST(bi-end strategy ) ¥
FEARME, 5L I 12K 4R v O 8 - I A AR e A
(R 1 3k — 25 0 Bt AN (] ol 5 Ao A 5 S 0 e A A
JIC RS W, Fof 0 X A B 23331 B 50 A1 1000,

2) R 2: ok ik 1Y) A0 38 0 VE A 2 75 BE 8 41l 2

SEH AR AR

TR GE LA SR 2 oo RN RE AR BGHE ) R
HPFE ST PEFE AR R A BE 08 SIS Y M A 42 2 S Y D
BUREAR, R 2 MR 4 LSA, (5 DSA, (8K I A A B
7 HEF, 155 DNN AT B A [R) A A 00 1 3
FAE I HERT 13 )7 1% 2% (mean squared error, MSE) .
[B) R 2 7643 SR N el YA A | I Jre S 3 A . 1 %t
A3 AY, AR AR 4 R A B B RE AR B 4 i
100, 300, 500, 1000, 2 000, 4 000, 6000, 8 000.43 2 #5i
ARUTE I 3 82 b 0 M A 30 AR, DU 3 A T LAl 42 3
20 S AR B AT T O A
oy MR A A S AN IR A T4, B R
A K43 5102100, 1000, 2 000, 4000, 5 000. %
MSE P¥Al gl itk 1) 25 40 78 43 VA8 AR 78 [l B8 - 1 %
S5 [m] )= A58 A AE IO 4 b Y MSE B B 57, 3R W]
FHZAe bR 2 e AR B Z . SC T, m
1 B LR 10~100, 25 K15 B8 10; m=100 KR ik
HH R 2 By A3 25, B R 46 72 40 78 20 PE 48 bR 0
FRAE BE BT 2.

3) [a)d 3 Bl Y A 3 0 M B 48 bn i GBI
[ 485 .

DeepSA 7 J& FFEA (1) 35 71 78 P I 790506 i %
WEMLIT, N T IRSE DL E B T A o FRAE
RSP T B A e o M T B A M AR, [l 3 X H
BT AN E] m WA 03 5 240 58 40 Pk 358 A B i) T
A5, MRICH B8 )2 1 220 B9 T iR T, B D
R IT A HEARR EIN A L f 58 5, N3 & DNN
TR A% D K A L IR A 00 3 B BBUAE ) 3
55 [m) 2 i) — B
3.2 EI XK AITN ISR
3.2.1 SEERX4

ASCH ) MNIST™Y, CIFAR10%", Fashion-MNIST"”,
Udacity Self-driving Car Challenge™ K {2 84 4, 7& 4
A3 EAETUAN 1A LR AY - F R J7 5 i A 80T
i, 22 150 1 fo A 760 R e 4 0 R 4 A5 B SR
A 5 4 4 Bl )32 0 7E DNIN AR 2800 58 %) F 5% o
MNIST J& T 5 85 0~9 1Y 8% B 4 4 5 CIFAR10 %
P AL 10 P2 By H ALt A b X 4, 26
TKHLAE Y K14 ; Fashion-MNIST 4 540 10 Fh2 51
B, W 7 L T A4S 19 18 5 Udacity Self-driving Car
Challenge %45 £ 60 & AT B 09 75 25 14 U3 - 4l 3¢
R K R, B2 T A sh 2 3 R G0y 1)
B AN e 1 R A 3 BIFNGE 4 BB H T 4y JEAE A
TE WAL B3k 200 oA 3 LA K [n] 05 4852 0 7 I 0K 4
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Table 1 DNN Models and Data Sets
%1 DNNREEIRE
Ktk DNN #7) TEM AR TR/ % MSE HArZ BRI EZPI ey

LeNetd 98.56 - X 128
MNIST LeNess 0879 LIBERBEMEEREZ 2a8
CIFARI10 ConvNet 82.78 activation5 il activation6 256
Fashion-MNIST LeNet5 88.80 fel Al fe2 204
Udacity Self-driving Car Challenge Dave_orig 0.096 4 block_conv5, fcl, fc2, fc3 224

) MSE B 7% & 31| — 26 52 i 2 oo B
D, A IBCH Y A 28 T R 1) R T RS HE X 2R AR
] 2% 5, Deep-SA 7E & U H #5 2 I, H A% & T 24
BMIEHAE —EHEM LT ERZE . BG2se
HAEE.
322 PHhER

1) X5 70 A 0 A A 5 . A A ) 9 ol D0 A
AR EARREL . 2= ) AR R R (R A O
T, % A3 BT A [ 5 i A G R e 1 D R A B

2) B AME 55 R 2 KGR X 4E 5 DeepSA £
P I A A B I o A AR R AR, AR SR i s i
T2 AR R AT AR I A AE A R LI 22 (H R i i
DeepSA A= il B I AHE A JE B RE S H R b o 46 2
IR T AR SCAE BE A D A T34 Y AN 56 R DSC,
HLSC, 43 511 % FH 240 58 43 vk b S LB i 4

Table 2 Parameter Configurations of Surprise Coverage

R2 BINEEXNSHUERE

DSC, LSC,

DNN A -
5 B KR i B
LeNet4
4 1000 3000 500
LeNet5
ConvNet 2 1 000 500 500
Fashion-LeNet5 3 1000 3000 500

4 SLWHERSH

4.1 MK EEARERB AR

23 IR TR FH A [ 1) 455099 SR e R B A B
P TR W A 0 X B RE AR B | R LR AR 1 A
5 2 DL KT A I R A R Y A T R 2. PP
FEA R 15 100.

A B SURE A 7R, DeepSA TE LeNet4,
LeNet5, Fashion-LeNet5 #5 #1 _[- A& j i B¢ 22 X Pt B¢ A
B 43 90K : 885, 1607, 2 03975 Flt T FE A< B i Fn 148,
UOBCHI A Y 2514 R, B ST-Dper Fft 7R A 1 8 5 s

H1 DFuzz B 5 0, Az B0 X ke A Bt i 2. il an,
7 H TR] B4 R8I0 48 5 s DFuzz T, M1 HE T RobOT 42
H 1 BE-ST FfF ik £ 5 0%, F| H ST-Dper 5 W% A5 111
Xof B0 A B h B T 3 ) 3k B 82.1%, 89.7%, 7.5%,
68.9%. It &b, | JH] ST-Dper #1 ST-Lper /£ K Ff 1~ ] 32
T A 3 5 5K W A ) R TR AR A i 2 TR ST-
Dall K ST-Lall 5 W& A= Ji ) .

BT A 1 I R AR A= 1 7 1 DeepXplore Fl
DLFuzz, 7 AH [A] i Fp FREA B L 2208, U
14T, DeepSA 7EXPUFEA A sl 8 i b R INAE N
. HARTF, XF 4 o358, DeepSA #H L Deep-
Xplore fEf% £ HE 1%, 809, 1529, 293, 1 975 X HiAEA;
j DLFuzz Lk, DeepSA RS20 662,1368,34,1597
ARTPUFEA.

AN 5 R A, 55T DeepSA #2111
TSR R W AR~ R S 28 436 SR W A I P A A TR A
REME AT AR TH B A0 35 5% o, 76 4 1~ DNN R |
DeepSA 1] DSC, $& T+ e KA 53 318 25.6%, 7.7%, 5.1%,
34.2%. LSC, $& T+ (1 $5: KAE 53 5124 40.0%, 35.0%, 6.5%,
14.6%. 7E K Z 8016 L T, >k H ST-Dper F1 ST-Lper
R AR R R R, AT AR I A AR T Y R A
ST & 4N, 7F Fashion-LeNet5 #2584 [, R LFuzz+
ST-Lper % W& A= 1 A9 X Bt A A< £ & /> T LFuzz+ST-
Lall 5 W& Az 8 1, (LR & X Ry 1 AN 35 R 2 (0 = T
Jii & . 1€ ConvNet # #I |, 3£ ST-Dper - 1 £ 5%
W A= 18 1 X B0 A £ 3 W 2 T ] DeepGini 5 B A=
B X HAE AR, H A 5 S8R T I K 4.1%. FE
LeNet4 #5%1 |, 5% J1] ST-Dper Fh & £ 5 W& BUAS 1) 25
A 5 R 225 (25.6%) 175 T DeepGini 3 % (19.7%) 1
RobOT W& (13.1%) . | iR 4% F K B, 15 0 1 Fb 7~ 1
TRREAC B, 8 35 I 4 0 3 4 0 T A7 25 1 1 6% A i R
INZREALREAS, DT 38 T A 35 5%, DLl — 2D 45
% DNN B (1 4y A 25 ]

5 DeepXplore fll DLFuzz #H t , DeepSA 4= i Y
A AR R A AR 1Y B AN T R R T W L AR 4 e 2R
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Table 3 The Number of Generated Adversarial Examples and Corresponding Surprise Coverage Differences

R3 ERBUREAEERNNEINESEEE

" FERAI FFREA N SRR A 1Y BAMEER
DNN 8 L B ol £
e ol s AR AR % P 9%
ST-Dper ( A3X) 885 33.7 +25.6
ST-Dall (A3() 852 337 +22.4
DFuzz (A3C)
DeepGini 869 33.7 +19.7
RobOT 486 33.7 +13.1
) ST-Lper ( A<3() 658 7.4 +38.8
LeNetd LFuzz (A3C) .
ST-Lall (430) 487 7.4 +40.0
DLFuzz ( DSC,) random 223 33.7 +15.8
DLFuzz ( LSC,) random 223 7.4 +29.4
DeepXplore ( DSC, ) random 76 337 +22
DeepXplore ( LSC,) random 76 7.4 +4.8
ST-Dper ( 43¢ ) 1607 31.3 +7.7
ST-Dall (43() 921 31.3 +5.8
DFuzz ( A 3)
DeepGini 1586 31.3 +6.6
RobOT 847 313 +33
ST-Lper (453¢) 460 15.0 +35.0
LeNets LFuzz (A3C)
ST-Lall (43) 404 15.0 +272
DLFuzz ( DSC,) random 239 31.3 +1.2
DLFuzz ( LSC,) random 239 15.0 +25.8
DeepXplore ( DSC, ) random 78 31.3 +0.2
DeepXplore ( LSC,) random 78 15.0 +3.9
ST-Dper ( A3C) 472 74.6 +5.1
ST-Dall (A3() 447 74.6 +4.6
DFuzz (A3C)
DeepGini 664 74.6 +4.9
RobOT 439 74.6 +5.1
‘ ST-Lper (A3 ) 301 44.0 +32
ConvNet LFuzz (A3C) X
ST-Lall ( A&3C) 278 44.0 +3.0
DLFuzz ( DSC,) random 438 74.6 +3.5
DLFuzz ( LSC,) random 438 44.0 +6.5
DeepXplore ( DSC, ) random 179 74.6 +1.2
DeepXplore ( LSC,) random 179 44.0 +1.9
ST-Dper ( 43¢ ) 2039 54.0 +34.2
ST-Dall (43() 1917 54.0 +32.3
DFuzz ( A 3)
DeepGini 2013 54.0 +32.8
RobOT 1207 54.0 +183
ST-Lper (433¢) 1826 16.8 +14.6
Fashion-LeNet5 LFuzz (A3C)
ST-Lall (43) 2013 16.8 +12.8
DLFuzz ( DSC, ) random 442 54.0 +7.7
DLFuzz ( LSC,) random 442 16.8 +3.8
DeepXplore ( DSC, ) random 64 54.0 +0.5
DeepXplore ( LSC,) random 64 16.8 +12

T AT SR RO fE.
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A |, AH L T DeepXplore, DeepSA A= il 11 A7 A
FEA AL B 2 A 355 DSC, B E R T, A R TE T
23.4%, 7.5%, 3.9%, 33.7%; LSC, & 4N 2% R 2E A0 7 5
BT T 352%, 31.1%, 1.3%, 13.4%. 5 DLFuzz # It ,
DeepSA A B H 41T A= AR A 4R 19 DSC, B A0 75 %
ZAES SR T T 9.8%, 6.5%, 1.6%, 26.5%; 1% ConvNet
RS, LSC, 3 A0 18 35 2 228 0 Sl 4 T+ 1 10.6%,
9.2%, 10.8%.

A 3C T DFuzz 500 3 % 1 ST-Dper Ff £ 4
TEBE AW, T — 25 43 BT AN [R) o —F A0 A 250 e 3 3
BEAR A WA R 0. 3% 4 B T Fh - RE A B S R
100 F1 50 B, DeepSA A= j /4 Xof 4704 A £ it S A7 26 T
IR AN 35 R L. S5 R R, Bl Rl FREAR S
It N, Az 0 X B A B R A R 25
BERT. WAk, g5A 3% 3 A LI E], 5 DeepXplore
#H L, DeepSA fifi 14X 50 4~ B F¢ A B AT A& Bl %5 it
W RAMNE R AT AR MR AR L FE LeNetd,
LeNet5, Fashion-LeNet5 # |-, DeepSA 3£ F 50 4 F
TR AR A B 6T AR BB B AT A DR AR 4R Ak
R AT DLFuzz.

Table 4 Results of Test Samples Generated by DeepSA
with Different Numbers of Seeds
F 4 AETFHARHET DeepSA £ MMINERLER

XHUREA KR BN R 1%
DNN ##!
1 11 1 1T
LeNet4 885 345 +25.6 +16.4
LeNet5 1607 1000 +9.7 +5.9
Fashion-LeNet5 2039 815 +34.2 +18.2
ConvNet 472 217 +5.1 + 1.8

e TR TREARCH 100, 11 FERMTREASCH 50.

25 I, DeepSA fig W43 5k s Az KB M 3 R AR
Az B WU A A e % 4 T AN A R TR R UM
FEAS B2 o Dy I G A b B B A I A DR AR 2 ),
A DUAT 200 4 T A A A 1 2 R
42 HHHEIMESEHNERME

& 2~5 73 Bl 7R 1 4 4> R 0 43 288 B Y A B T
LSA,AE F1 DSA, {H HE J5 19 I 328 #F A 7 48 1) o 1 %
DeepSA i i X} B-A5 48 485 e J1 09 Fh 7 AE A i 17 48 57
R IEACAE BB B IR A, B R AR B R R 100,
PH] I 1) BT 2 5 A5 56 7 DNN AR 7E LS4, {8 il DSA, &
T =5 P T 100 AN W3R AR 14 i 2R 18] 2~5 43 1]
T m=100 LI J Ho 47 9 B m BUE B9 e PRl 3 A Hd B Y
HEBR R 5. 1] 2~5 v i) 52 48 R AR L A 3 F LS4,

IFEPR S KR 2024, 61(4
90 F
st =
80 F
S 75 B
S_ 70 - ::m=70
= 65F —o— LSA,:m=80
& 60 /// —4—LSA,:m=100
ssh DSA :m=40
sol / - DSA,:m=80
450 DSA,:m=90
wlt . . —4—DSA,:m=100
100 300 500 1000

A S
Fig.2 Accuracy of LeNet4 model on selected test subsets

based on LS4, values and DSA4, values
€2 LeNetd BB 7EIE T LSA, {H A1 DSA, {7 & i 0

KA T4 E R

95

90 -

85t
S S0t LSA:m=60
w75 —o—LSA,:m=80
£ 70t —4—LSA:m=100
= 65t y DSA:m=70

60l 7 ~--DSA,;m=80

sy DSA,:m=90

“ —4—DSA:m=100

100 300 500 1000

DA A
Fig.3 Accuracy of LeNet5 model on selected test subsets
based on LS4, values and DSA4, values
3 LeNets i BITEHEL T LS4, fE AN DSA, {i ¥ 1% ]

AT LINHETR
90
85 |-
80 |-
75 F
C0F
& P LSA,:m=60
65 7
& gL 9l —®— LSA,:m=80
& ~—4— LSA,:m=100
55 b 4
DSA,:m=20
S0 4y - DSA:m=40
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07 —4— DSA:m=100
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Fig.4 Accuracy of Fashion-LeNet5 model on selected test
subsets based on LSA, values and DSA, values
4  Fashion-LeNet5 B RIE I T LS4, fE AN DSA, fEFH
PRI BUREAC T4 _E RS
(A HE P B R A S B Y el A Al 2R R A%
B A JE T DSA, AEHE R 89 IR A 4 b A o 1 5
2.
A B2 5 I R A G A R, MOt Y R AN e
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85
80 |
75 -
0k o = LSAm=30
= A LSA;m=
\q_ 7 ,:m=60
& 0Or i —o— LSA,:m=80
€ ol r,/;:/*’ —4— LS4,:m=100
S DSA,:m=20
55F Jo¥ -+ DSA,:m=40
V.
sol #¢ DSA,:m=60
—4— DSA,:m=100
45 111 1 1 1 1 1
OO @ [=1 (=3 (=3 [=1
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Fig. 5 Accuracy of ConvNet model on selected test subsets
based on LS4, values and DSA, values
15 ConvNet BRIZESETF LSA, {H AN DSA, {E i i)
AT ERYHER 2

£ BE i 8% LSA, M DSA, Re 8 A s 32 T+ R a4 45 1
RO AT 2~5 v LAY HE R SR A T LU
LeNet4, LeNet5, Fashion-LeNetS, ConvNet 45 %I 7£ LS4,
1B $5 25 B AT 100 A~ DK REAS | 1Y) 5 AU HE 4 26 43 ) A
m BUAE 2R 70, 80, 80, 80 i} 153 | . 5 LSA 5 #r A L,
LSA, T8 bR UG 9 HEB 253 I BEAR T S AN H 40 e, 2 4
HAW, 4 ME2, 1A 4. #]40, LeNetd #5 #
P LSA 1B fi = W AT 100 A0 X FE AR 119 d5e w8 o 1 oK
N 67%, 1% LSA, {8 35 /55 (4 5 100 A4~ KRR A 1 1) fie
I HE B KR 62%, HEBf AR T 5 A 43 i BT
DSA, 45 5 , LeNet4 Fl Fashion-LeNet5 15 % 7£ DSA,
T 85 P 100 AW A T 1) 55 K 7 B % 43 I 7E m
HUE A 90 F1 40 B 45 2. 45 41, Fashion-LeNetS A& %4 7¢
m=100 B} {1 e 5y N 45% (B B DSA, {8 B 7= # R
100 M REAS B (19 5 HEBR 232, T HE m=40 B 9 1 5
R AR B 38.0%, THE Al 3 5 1K 14 i@ B2 35 3] 15.6 > 1A 43
1. £ LeNet5 #l1 ConvNet # 5 [-, DSA 8 1Y 1 1 2R
Oy 9K 58 AN 43 L F 54%, i 7E fe fE m LB T,
DSA, 48 b5 BUIF 1) W1 8 N 55% 1 51%, AH Eb DSA $5
FRITREAR T 3 AN E o AT v A %6

Bif 5 I RE AR B ) 1 22, LSA, Il DSA, TR 5
JEL 46 T A0 T840 P R AR i 25 SR T . X A A
A 4000, 6000, 8 000 i, B ik Y 22 41 7 40 1k 36 A
H1 s BA 48 FRTE LeNet4 Fl LeNets #5841 |- B A% 1T — &
25 0. BB A0 st A PR SR P R AR R 1 &2,
Y B 1 R A BT AR T (A T B A S, LSA, TR AR TE 4
A3 A RY b T ) T B K m U (m>60). 4
m>70 i}, DSA, ¥5 #r 7F LeNet4, LeNetS, ConvNet 5 %
ROR BT G S HE— SRR m BUE W A 31k

i ik

5 R T R [F 5B A Dave orig 78 3 F LS4,
EHEF 1 2 A MR FE AL i) MSEME. T LLE
m=100 [}, Dave_orig & %I 7F LSA {H 5 &5 14T 100 />
RS F 1Y MSE {8 0.363; m=80 B}, LSA, 45§ Fr Bt 15
() MSE {H 4 0.370, J& i A m B B~ 0 5 e (8. 03K
FEA KA 43 514 1000, 2 000, 4000, 5000 i, LS4, 5
LSA 18R HUS 1Y) MSE 45 S5 A — %

TableS MSE of Dave orig Model on Selected Test
Samples Based on LSA, Values

% 5 Dave_orig IREITER T LSA, EiEFEHMIXHEA R

FHiRE
MSE

m

100 1000 2000 4000 5000
70 0.302 0.186 0.139 0.107 0.100
80 0.370 0.189 0.139 0.108 0.100
90 0.368 0.188 0.138 0.107 0.100
100 0.363 0.189 0.139 0.107 0.100

Ve MHTECHEZE A FE A B 100 i Dave_orig B8 7o ) e
MSE {#i.

IR G R R WY, AR A2 T Ry e AR
FEAE G802 RS M 220 I R A (0] (9 22 5, DAL AR 2 55 0
(A 3R A )RR TR EE i 48 I 45 T i R 4 Ak LRP
7 3 HE 8 X T TR 5 45 S 5 i 5 K I R A S T R
Z] T AR TR ) R SR B A, A 22 SRR I REAR
PR 38 B R TR), ) o 20 e e (T o IR Y 25 5
o5 . MR EEAS (Y LS4, [ A1 DSA, {8 # , FE Y
SR A A b S0, A TR ] R R SRR AR ZE
TR 8 LS 28 AR 2 R MR I 0, R LS4, Al
DSA, F8 A5 AT A WU AT RE R B B 1R 4 2R 1Y
SRR
4.3 MRS D RIS TR E A5
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