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B9 IRAE MK T L (M AR AT ) Pareto SRARAEAT B 69K F &) RLELAS B 2 R AL MIKEF L5 egmRem £ 5],
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Abstract: With the rapid development of deep learning technology, the research on its quality assurance is raising more attention.
Meanwhile, it is no longer difficult to collect test data owing to the mature sensor technology, but it costs alot to label the collected data.
In order to reduce the cost of labeling, the existing work attempts to select a test subset from the original test set. They only ensure that
the overall accuracy (the accuracy of the target deep learning model on all test inputs of the test set) of the test subset is similar to that of
the original test set. However, existing work only focuses on estimating overall accuracy, ignoring other properties of the original test set.
For example, it can not fully cover all kinds of test input in the original test set. This study proposes a method based on multi-objective
optimization called DMOS (deep multi-objective selection). It firstly analyzes the data distribution of the original test set based on
HDBSCAN (hierarchical density-based spatial clustering of applications with noise) clustering method. Then, it designs the optimization
objective based on the characteristics of the clustering results and then carries out multi-objective optimization to find out the appropriate
selection solution. A large number of experiments are carried out on 8 pairs of classic deep learning test sets and models. The results show
that the best test subset selected by DMOS method (corresponding to the Pareto optimal solution with the best performance) can not only
cover more test input categories in the original test set, but also estimate the accuracy of each test input category extremely close to the
original test set. Meanwhile, it can also ensure that the overall accuracy and test adequacy are close to the original test set: The average
error of the overall accuracy estimation is only 1.081%, which is 0.845% less than the PACE (practical accuracy estimation), with the
improvement of 43.87%. The average error of the accuracy estimation of each category of test input is only 5.547%, which is 2.926% less
than PACE, with the improvement of 34.53%. The average estimation error of the five test adequacy measures is only 8.739%, which is
7.328% lower than PACE, with the increase improvement of 45.61%.

Key words: deep learning; software testing; test input selection; multi-objective optimization; genetic evolution

Bifi & ¥R 15 2% ] (deep learing, DL)F: A MM & e, & K 5 203 U 25 4 10 VR i i 48 X 4% (deep  neural
network, DNN)AE R 75 oK sk 22 1) S F AT T (910 1 30 28 3T L AR O 335 BB e 2 s il bl
B RO ot TR O B A R P REC. (L, DNN BT SRAR AL G A RIS REAT (e BBl
NI E A%, B AT/ PRSI #8E TT AE -5 30 DNN RS2 44 H wfis LB A R B R T, X 7R 22 A RO I
U AR s SR E NS R, Bdn, 2018 4, — AT NTE WA Z N 4k — %% Uber H 225 3R R4 o & 1
(https://www.vice.com/en/article/9kga85/uber-is-giving-up-on-sel f-driving-cars-in-california-after-deadly-crash). 1t
Gh, —RAT A AR S BN 4T 2018 AEAE N B A e L LT — S IN A AT R B 2
(https://www.newsweek.com/autonomous-tesl a-crashes-parked-fire-truck-california-freeway-789177). e, fRAE
DNN B[R ot 28 50 2L, AR VE D — Al 0 1R B o DR B v, m0 AT 2006 U L A5 028 498 v 11 1 7 Bk
Ba, DRI, 5% DNN RS 352 F A 200 1A g v A T S A SR Y% 2 ) R A 0 i 3 9 A B PR P 5 A R

AL G AT IRRAT 55— B, 2 )RR 0 B AR R RE 2 PRd HL A8 40 st g 58 AR 00 DNIN RS 7R Py 1) e Bl (H
BT~ DNN BB R Tt R 30y 2CEAT A, LT 1) 5o 2% 45 AL e I 2o FRARASH 1K) 25 Al 22 Jo A DA R
NPTURGE, R, XREL A I F, e AN R A S B R H bR R B A
SRR S e, RN ) Py VAT 38 DR e s AR A3 AN T IR A(E, (ELIX [R) I 1 DK 82 42 v T DNINASEZRL 1 R A
#r. 0, Facebook FINIGIAIZRSE deepface™ @i T k4 22 Jisk A B %A TIR. DeepTest! ™M ff T
254 221 K%, HAETF CNN [0 [ 82 B BERIEAT T A, 4710 ImageNet o 421441 100 000 A~ I3 4]
B(RIFE 1000 /M43 28, BF—280 7 100 KI5, T IK& G 4y JSRE R a1 3K s v BAERAIE DNN
R E S I g M1 B W (B R =l g <10 117 I T o = 19 N = [ G T T 11 v T e AL
R, ME0, F LA EERN L T RIEFC e, 8% T E 2 AN R SRR %, XS8R T
KENTIYIIHHEFE. BLAh, — L35 B b sl (ks (9] ke B B 22 AUk IR s 48 B ), R A % K
HATAR I, FoAR I oAs S KR EERE . BRIk, FRATAHE R TR B IRREOHE A 1 23 TR 9% K bR id A,
R R B 2. RS k& Vb, AR IR, WA 1A d a8 B AT 2Rk R A AT P
DNN B (g gk —. P, 4idr— AN/ HLR & R fe o0 il g, C& ol i 2 > il
T2 TR (1 R A I . % B 2 o DR A\ B D7 V1R I A At A A i TE R A5 1 IR b Bk R A AR M
(B R 88 DR AR 50 4 0 8 B0 ) P i N 5t B G e R g s R T AR EAT b, DA BRI b i B K
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PAT 1 A

HAT, BEd % i) B0 e A B M B, Li % NS JE42 1 T CSS ik (confidence-based stratified
sampling), H:FI A0 DNN AL B % AN W03 A N Fo0I0 () 25845 B 04T DX B) ) 2, e R — s LG 491 T % IXC ) () A
HEATRAE, BENEEIH )38 E AR E0E 1k, AR, CSS Jy ik ANEE T UHER R s AL Bl S, Li 25 A48
W7 TR YRS SRRE 77 CES (cross entropy-based sampling)®®. L 58 % 545 IR 4R HEAT BN RAE, AR5
ANWRAR, LAGR /NI T 4R 5 B R 0K A 2 TA) ) S8 SUR A DAk B A, BEBNA B @ ik iy k. 5 CSS
JiEAHEG, CES 7z AWM BE B O, HiZ i 2 BIRENL I r Rg ), JCASE e 22, DR DAY - 52 B 3 5.
Zhou 25 NP T —Fh I 500 H AR 10 W B #8771 DeepReduce, i 5GHE T2 0 s fihs, T IL o0
SRS 1L H — AN 74, IR ECR I DNN BB i Js — 2 M & oo i A A AN AN RHIER R, RG, U
AN - B 5 D DR B8R 2 T) PR 0 4 SR A B b, DDt 6 W 8 v T et e 3 A o I 1 R
H, B FIA B HE € BIE N 1. Chen & T $1 Hy — oS v 6 2% B 4 7 i PACE (practical accuracy
estimation), ¥ 4¢i# ik HDBSCAN (hierarchical density-based spatial clustering of applications with noise) 2 &
77 180 s A MR A AT B2, ARG 4 IR I L T MMD-critic (0 J5 78 SRR 75 L0V [ 3 v i MLk 8 7 912,
2 A B LR SRR 5 SR, I A A IR A T4, SEIR 45 3R W, PACE REM8 A L3 s ah MR AR 1)
FUAE, JEUMERRAL THAF D DNN AR () 38 Ak iy 2. B PACE H 75 36 B¢ R 4G M 4R P 2904 A5 R S A FEAS, BRI
A B 5 SRR IR AR AR AT K AR AE R AR, P BRSO 1.181%-2.302%. AR 1M, PACE JFANBE R UEIL Hi
WK 7 4 BB 0% 78 5 46 Ik 4 o AN R) 28 0 i N, O ELRE AN 8 00 I R N ) 1 R R A T AR AR RO R
22 0, SRS R BOR, RS AT 100 AN S5 MRS CIFAR100 b, 4 RAEHRBCE A 1.5%N0, PACE ik 1
I 7 R 2 it e i R U AR b 28%01 M AN 280, HLX T A5l DNN 427! ResNet20, PACE i i 11 Ui 1
ERAEB AR AN b, HER Ak T IK P 2R 25 s 43%.

T2 R TRDB I 1 B T R AAY e AV A 2 b 5 R R AR e, A AT e 5 B0 AR AN R R 4
25 B JFUA AR h A R 283 IR N, 328 T 7 IR UG T A E 6 A I DNINASE Y 1) LA R 1. PR A — A
MR TR i, 75 2% S 02 75 Re i A T Hb B 4% B U IS4 22 07 T 190 O T RNARRAIE,, DRI, FRATTAS SR 3 HH 1)
DT B AN A T 70 43 45 7 JU 0 U 4R b ) 5 AN S0 B I N, I EL R R M Ak w15 I 2 i 1 iy A 1)
THEAA 28 (R IE 21 J 4 M0 AR o #600 I HE AR 27K F). O Tk itk B bR, ASCIRI T —F 5T 2 HAR A6 IR iR B
2 STy A\ % % 5 72 DMOS (deep multi-objective selection). E &3, DMOS 752 1 55 4 FH 45 ] DNN H 4
il A6 IR P &SR S SRR, JF R H] HDBSCAN 52K 7 vEMIRE AT 20 2 20 %, LU T REARAIE R AR I
P AR, K B h A AR K T AR TR R S AR I AN AR 2R O A E R AE AR H bR, &G
NSGA-1PUi% — 28 L) 22 H ARG ST AT SRAR. (6 T 7 3808 M F 50T, 0 SR 32 o 1y 00 3k Ay A S i 1)
TR, T S BELARE A B Ib, B AR 28 0 7 4 b JE A AR T v b A1) 5 D I A v
PRI 7 B A () 9 22 e AR OK, BRI T DL X e Ak H bR 2 [RIAE R B R e 5€. 78 DMOS Jrikih, mA &R
[k i g, Horh AR RACER — b B pak 8807 58, HoM i oo 28 AR A2 A 1R Uiy N A e 2 v (R B
FH T DU B R I 55 SR 00 40 I 3 B A @ iR, LAJR e & 07 88 90 BAARIE, 755 44 FR i Bk e 4
TEORUE ARV A6 10 S mlt b, AR A AR 48t ) DI R AN RE A% B 70 23 M 8 o Dt 2 WU 4R e AN [ 25 1 11 00 3K
B, T ERE A 200 DU N (R T 2 A vt R R V.

PATIAE 8 AL 2 BULIKI R S5 27 2 WA AR FI DNIN B Y 2 4 1)t I S 30 % 4 BT 7 SETERIF . 31X 8 A1 S 3 x)
() DNN BRI T3 R4 55, MIEARUERG A0 BE R, X SUAR TR mT 41 43 oAy Vo A B ABE 200 (BT 48 A v ff 23 8 i
0.8) FHAM A o A 24 (R A& AR e i 22 Ak I 0.8); M ZE 2 IR G K RSk, IX S BE I mT 40 43 ) CNN- 52
(convolutional neural network)F1 RNN #5% (recurrent neural network). B4k, S5 %) % b (K B s 4R 3 FE AR S 0
a7, TTor NV A R A, st o5 AR, DMOS J7vEIE R 14, To e B PR HE A Ak T3 A& A
FAS BRI N FHE R R A TR, #1001 ol (R 4% 5 7k PACEN™; 4k, DMOS 3 H it 7 42
FL 4 5 J5UE R A B A AL R 78 20 . FLAAROR U, DM OS J5 4 5 A A R A TF 1 38 1R 22408 1.081%,
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EL B BT 5 10 PACE /N T 0.845%[H11% 22, 42 THIR 5 43.87%; S 45/ 24 53 A A N POV B0 3 Al o ) - 340 5 22
XA 5.547%, HLiHiJ7ik PACE W/ T 2.926%I) w72, $#-THIR AL 34.53%; % 5 Al ial 7a 43 1 5 0 1) P 2 4l
THRZEAN R 8.739%, Lti#i ik PACE W/ T 7.328%) 1% 2, $EAHIR N 45.61%.
ZE L RTIR, ARSCH) FETTER AT B AT
(1) FRATT T TN IR B 2% 20 I N 6 ) LR AR i 2 H PR ARAL 1), 42 4T DMOS Jy v in BAfg v, JLA)
] HDBSCAN 2 J7 vERI 28 i 1) 2 H bR Ak 5530 NSGA-NPIE TSR M. S 45 5 % W], DMOS J7
V5 g 2 30 [ 1R A S IR B VT LA DR OB H TR T 4R BB R VT RE 22 7 5 DR R WU AR b K T A N
M, FEREEAN TR N I HET R AT RS MEAS T, 205 VAT LA AU ET 6T DNINC A5 28 (74 300X
A, FEHE IR AR
(2)  FAIAE 8 L HI¥) DNN BEBIFIER L 2% > WAL AT TR ARIWESL, Bk T DMOS J7 e AN Rl 25
T B AR RIS 11 Ak
(3) FAHET Keras2.3.1 F1 TensorFlowl1.15.0 Z5HEZLSEIL T DMOS J5vk, JE#HAL=22]T Mik https://
github.com/EzioQR/DMOS2021, L J7 i HABWI 5% & IT F& Ja S:F 9.

1 B=HIRA

11 REFZIMREML

DNN KR % 240k, 2 KEME P, 25 )2 2 1810 20 0l af 45 4 B 10 B 34T 3 3, 10
T e AR A A TN R B Al 250 B vh 545 H . DNIN A2 R T Se o 0 (R BCER,, 5 i N Il 5 1) i H
H i, DNN BLA 2= B3 S 245 B 2 19 4% (CNIN) R 31 41 2 1 4% (RNIN). CNIN 5 K B4, TlH T B
W R R A 5 K 1 B (o P 45123, T RNIND R0 3 £ 66 - 3 Bl v 5575t 0 B BEAT A B v 3, DR
AT A ERAS AL I A R, BIE R . AARTE S SRS I BRI SRR A R IE DNN AR 5
— il OTVER 2 LG RS, DNN KR It o A Ik A AR T 5. DNINGRE 7R 30038 g
AN TR B R #2818 . BHGORN SR A5 U 28 1 R P 250 . DNINB RS b A R T S 2 22 A
TARIL TR AR, Mgt 2 Ut, AR AR TR ZA Thrid A A 5z, Wi B Ar i 1) SE br 28 A R0
T EA BTN G AT LU 5 DNIN AR D 2 75 1 A 3 0 77 ik A N

SR, SRHBCAR 201 K B A AN HEAT AR AR R S B . O T 42 R DNN BRI a3, WFsE A
R T PR T 1

o B 1R NEENT

RE T H R EFE—A/DNBIIK 14, DUREO A5 7F B XA B A v i 2. FH P mT DU bR i £ )
AR T2 IR T, A2 A RRC A, BRI ST TR Li 25 NS K CSS Jr Ml CES Jridi: CSS
J7VEIE R FEI DNN- AL 6] J5 e 3R Hh 25 AN I3 N T TR0 845 8 HE 4R 5 &I X TR), AR 4R R 7 I e 4
TN E SRR S I A R T4 CES J7 VA N SE T 4701 DNN AR [ e Ja — AN B Z B H B AN W 4 /s
PR T 00 R A R R 2 ) 1R A R SRk B IR H N . Zhou 2 N TR T Y A B UG E SRRE 1) R T 9
DeepReduce, %777 & 56 R FH A0 28 J0 78 56 %A 48 T ), I3 2000 S A5 L AR 4 Hp ik H — AN K 7
45 ARG IE T FF 0 DNN Y 1 J5 — 2 1 i AN W7 4 /N AR 42 -5 s A2 2 T PR AR G465, T 38008 2148 7 1
P S A 1. Chen 25 NS H Y T —Fh i T SRS 0 S DR JE A )5 7k PACE, %7 VA3 3 £ 1) DNIN 477
A E P AR N REAE AT 5SS, BT 3R 28 58 i I I &5 i AR AN e S5, 2 T R 2T MMD-critic [#JRURLR
Bf 5 R [ 3 N B AL 5 92 POk i e 4 S AT SRR, o % A A R 1 0 N £ I e R 1 R
THE.

o EE 2 U7 IR E AN HET AT

T H RS AR AF I DNN B WA R MR, X T A DR N AT HE . 588 1 K5 VR4 LG,
XTI T B E FAT RS N, T ELH P AT DA R M T A AR AR A AR T AT A R B . Feng
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28 NPT —Fh S A HERS J73 Deepgini, JUIET45 00 DNN R0 B A P00 (1) 245 188 A T 4 1 0
Je 2l B2 3 5 i HE e . Zhang 4 T2V H i S 5 00 A A PR R 7 AR Rk i N AT HE ), AT R B
T8 R A N I A TR R MRS, S RO v 1 AR i N L R RIS N B 5 5 0 DNIN
B Bhah, Ma 2 NP Y T 20 2 T v AR N ORS00 A P AT A, T P e T AT i B 4 20 % 1 )
RN, X5 R ) H AR 2L

AW TAERIE T 5 L2057, WISRIE H— 3 IR 748 LR TR 4 AR 4R, 58 Aont DNIN B (1)
TRAT: 55
12 Btk

% H ¥ AL ) B3 (multi-objective optimization problems, MOP) L BLAE H & 42 3% th (4R 22 5%, 1 iR A 1

R HEBY S A4 B % s K 2 A B R B bR, TR Ak B AR 2 1 A AR ph S,
— A MOP i) {1 1] fig AN A7 AE R e A, T — 213 rh (1) Pareto e ffi ). LB R ke S B3

min/max f (x) = min/max ( f,(x), f,(x),..., f, (X)) D

st.xe ScR

Horpr, x Z24EFAFE P S ik m i, fu()2H m M B r(m=1,..., M), HAUW B Frv] g2 Kk
(max), ATfigft e hMb(ming, M OERAK H BRI RS BRIk Ab, 762 FFRfiAb i irh, — 2ol e REB & X
LU

EX 1(Pareto E). X T PIAAS AR MG xo F1 xo, THARKH x BRI HAR A M T %, HFHE
AR A BT Xo, WIBR X0 ST X, BUFR Xq X %o H 4 Pareto fi 35

EX 2(Pareto BANHRE). M4 )7 Pareto s UARITTEMEE SRR N Pareto i fLfR4E (Pareto optimal
solution set, PS).

TE X 3(Pareto &L BiIE). Pareto ARl AE Y, &F/MEAE H A5 7 i) hoxd 12 1) 8 45 Rk 2 Pareto 5 AL 1T ¥ (Pareto
optimal front, PF).

FT Pareto (1) % H #53EHE 3% (multi-objective evolutionary algorithms, MOEA)J2 K fi# MOP ji] K5 (1) % T &5
5, XSRS R Pareto I #A JR B RS PRI IR A SR AR, AR S T R Al S gk — 2D U,
PRIUF R ARSI B . 7RI 210 20 i, WP 4R T R MOEA Kfi# e MOP i) &, i1 9F S IC HE st
50 NSGA-NPY, @i fiF Pareto HEAL4E 1 SPEA2I®), JET-/1i#(f) MOEA(MOEA/D) kR4 kst
MOEA J7 AT K, K2 MOEA ¥ BARAMY S8 5 408210 Pareto ST vE (BRI Sl Re ) i, T H.24 5
ISRz 50 A (AR

2 DMOSH#%

2.1 MR

7 7 IR IR T AR S R U R AR 2 RTINS 8 ) 1 22 S N, A 7 vl s AN S 6 R K 0 Ak v A
R, X2y g B0 IE B A AR R T RUAR I AR 1 Al R . se B S R BoR, O VI K
AL BAR BEME AEAN IR IE PR 2 T XI5 i AR A () S AR ME A R B AT RS AL U, (BN A T R R b D 4 IR 4 P 3 40
A IR AAE A, FF BONHE 75 3000 8 AN 2800 W N I HE G TH D 22 AR RO il MR e T
7% PACEMMI7E CIFARL00 M i 4 LA [ ResNet20 B 0 iy #t (1 SE i e % IS 4T, 4 R B4 B4R IR 4R 1) 1.5%H)
IR PRUER IR ZE R 3.9%, HULH, % H IR 75t T 5 GRSt 28% i A 250, Ho &4
5 0 I N (IR A 0 - B A R 25 A 43%. DRIUEASHER o NS AV R ok, WA T e 3 S 4 0k
PR T AN BEAT AR SR MRAE . — IR RE RS ACE ) — AN IR AR, ROV A Bl 8 9% Hh 10 4R Y %
B A AR IR A 22 U7 T 0 R P AVREAE, 48 B AHUIRE AR 2 Bt U4k, A 40 B0 X Ak v i 0 HE K
B R A 2 B B R, XSmRS R W, AR I AR KRR B2 TREA M 2R, ik, M
PRAEFE A 22 FE M BB I SR ) A B ke, FRATTIA A 3t DB IR 7 S AN AN N 2L AT B8 22 b 7 6 3 R 46
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AR A AL I IR N0, T LR 2% ER TR AE A — N2 0 1 R B IA 3] 5 T 4 IR AR Bl i) ME R 2.
BT B arH, FRA1AE DMOS ik H (¥ 7 4 A 8 R 1) B 2 i a5 S 4R DU AR rh R N 2800, )
B RE AT A5 AN IR B HERA RS VRS 1. HAAOk i, DMOS J7 71 Je I F 38 R0 R AR R AR 5 A 2%
S U A N T 43 A 1 DA TR s AR S L&A 15 2 1) 8 8 B 1) o A 15 0 22 e A A A H bR, JERIH 2 H
FROEAC VL REAT SR AR, S 243 B T H A (01 U AL 3 5 %
2.2 B
1A 5 30— M W0 A 3 A 1 2R DR AN TR 4 AR AR 5 R 1 1 4 SR B8 ) 22 5%, Zhou %5 A3
t (1 DeepReduce J5 L2 A i 22 AN A H bR 32 H TS 0 5 BT Al 400 . TR BIF 9 1) U A T A
EX AEF S BRI EIRE SN E N E T @I ). 0 T F50 DNN BB M ARRIA AR IR IR
MR T, 12 fi(T M), (T M), f(TMYZE s/ANTEN M FEIASE T E PR RER LI B AR s 2, T2 3t iillak
TFAE, TREE S S N e ) Rl 2 AR B 4R T (I I<<IITID, 962
f1(T,M)=f (T, M), Fo(T.M)=F(T' . M),..., f(T.M)=f(T",M).
# DMOS J5 i AR HAT I FE R, b SR 1) 00 4000 40 A2 AR5 b i 1) C AR 28 25, BATTLAAE I DNN 45
TR St ) 0D o 25 A Ry X 43 W N2 RO M B, 656 DL AR S SR 2R, AU 3k 4 Rk 1 4R 1
Sof I 55 R AN [ A 500 B oy LB i 25 2 FAE A E AR, AT IRARSR AR, LA B AR O 1 AN B P AT IR %R 100 4 A
ZESE, HEWARUE AT S AN SR A B0 B AT — SO A A, 0 AN SR FH SR ST vk T AR A AR N (¥ b 2 2
Pl B bR, Box 45 510 BE A2 204500 DN RSS2 [ HE T 28 52 ) (1ROR JSE A5 28 0] B 2 R 02 v 00 S g A\ A 1 1)
RN SAFACIR KA ZE). M0 FE STk W] LATE A FR B8 A A 0 55 Ji 6 00 1K 8 v 25 A 2 30 (R AR TEAT 400 28 11 Al
P, PRUE SR A R 2077200 B st 2 o8 T AL IEAS[ADRS B DNIN RS RA9 K (R 22, DIAE B 5 2 B An ik i 72 A
5 — S AE R E B JE R L dEAT. DMOS AT 2 H AR DAL (3 75 v] LLE i 24 5 (2T i,
{min Y, = Ratio, (x,cluster,), kel12,..,m @
St X= (X, %, %), X €[0,200], i€12,..,n
oA, ) —A n 4 i (n 2 SR G IR EE R /), ARFREN G JEUA MR — A Ak Bor &, LT —Iu &K
B AR T 0 R A B 1 iy A ARk vh R, JE DR 1-100 2 (R PRAEE se B, AR4E P 45 2 Ik R =
HE 3 B H R 5 K 35 7 A G 2 2B AR 1 4R . cluster A8 3R JEUAA I 48 2R 2 5 S 2R K R
Ratio (x dluster,) = (I, ~/ ] ®

i=1

R RAETERSGT TR T m AR, W)y RRRKIGE 7 % x Gtk th s 74 5 R s MR AR 7R R k 4%
AR & 2= 2 M, B BB R AR @) Fr7s, Lo ARI DNN AR ST 5t a6 5l 4 15000 H (6 7]
BB, | ARFRAE AR MR LA K A | R AR k I ELE, 1 AR DR F AR AE K A |
IIREAS 5 K R L. LAk U, M1 A 90 DNIN A2 of SRty DU A F0UI 1) 8 00 AT 10 B, B 58 il % TR
HIARAE % 1 b 384T 100 ANISRE N, AR DNN BRI TR Y 10 A2 507 Js s MRS 10 % 1 v i 4> 543 il
& 65,5 3,1,51,5,5,5,5, HxWITY K 65%, 5%, 3%, 1%, 5%, 1%, 5%, 5%, 5%, 5%; 1% I Rt 44t
N A IR T AR R R 1A 10 AN IR N, R TIUINK 10 A28 510, AF AR 7 SE AR 1 AN il 0, 0,
1,9,0,0,0,0,0, 0(that &, Nk T 2 AR M0RH ), FEXF R P b7 La 4] 0%, 0%, 1%, 9%, 0%, 0%, 0%,
0%, 0%, 0%; WI#E 1 LAk H AR SR & 545 5k 1.06, BIATJE PN 4E & 78 & A2 B0 o5 Eb B0 2215 B0 46 %
2R, Fmhfg bRk H bR i oh & DU S HE. ZEORAL SR AR 7R v, FReAT 145 B2 2 H AR AL B B e - Ry
TS AR ARAL H bR 2 (M D6 R, A1 B 2R Al 1R 38 7 R BB 1 2 AR A AR A 45 2E s i) IR+ 4R 19
Kot o3 A7 e KR FE L SR AR M AR . DMOS J7 i M 75 B A, a0 I 58 T Jsu ity I X 4 1 50 s o0 A B4 T oA,
SRIGHIH 2 B FR AL 7 AN W 4 /8t Rt 26 5 SR ah IR 18] 1) 40 A0 22 5, 1T DR IR 1 26 B 4% 5 D
IR A AR B 1 .
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23 HiEnRE
0. HEARHELL: fay Nt 2 B SRR TR (AT A
DMOS 7 i A AR £7 0 DNN B D, Jgtsn sl e T, L& oMt , LU $5 2 il
NIEFEHCE n. DMOS J5ik 5 56 A ] D i T ol A fRRAE A 24 S8 R Mt JFARYE D R0 45 SR A4
DR N 2 BR 28, R I 7 4R 15 s X AR 22 ) %A 75 v 25 S 0 B o B 22 A A Ak H b, 3B AR
fiff L Pareto fe L 1505 %8, AR F P R0 a5 sk AR [l — AN AT v i 22 L ) 014 X DMOS Ty i (1 L AR iR
FRWEYE 1 oR, TAERMBEWE 1R,
E3% 1. DMOS Jiikiife.
B\ Fidl DNN BEAY D;
Re e s e T, RS R/ME ol st
RN T i ik AR A A £ .
B IR A B AR S X, RS RN
X
foreach t;in T do
fi—extractFeatures(t;, D) /A I N FOHFAE [F) B R oR
end
{ £}, f),..., T3} < Preprocess(f,, f,,..., fg)  /06FRA N (KIRFAE ) B 04T 5040 245 1
predictLabels«—D.predict(T) /AFF] T 1 B K A\ B Pl i i) #5245
G «{0,,9,,.... 0} < cluster (f/, f;,..., f5) /PP W ARG HARFAE 1] 32 2R 240 1 m AN
total LabelsProportione—@  //174ik BT 45 7 AN SRR AR b7 24w % Ll
foreach gy in G do
singleCluster Proportion«—& /147t AN 1 AR AN A REAS (49 3 7% L A3
foreach | in Set(predictLabels) do
singleCluster Nums«—Where(g,==l).size(-)
singleCluster Proportion.append (singleCluster Nums/|gy|)

© o N 00k wWwDNPRE

L <
A W PO

end

total Label sProportion.append (singleCluster Proportion)

.end

. Iterse=50, NIND«-50, Me—m /[ EBEIEAC R B PR L AL B b 1) /> 5

. Population«<Random.round(NIND,st)  //BE LA 44 A% Ffr Bof 46 o

. NDSet«~NSGA-II (Population,Iters,M,@Fitness) //#447% H ¥Rk, =k Hi ) Pareto fift 417 N NDSet
. X.add (Convert(NDSet,n)) //JH /" ML 75 sk fiff sg a4 U7 5, W ff s ik v R Il AN R DN X

21. Return X

1 B Pa oAb B BLERRAERII . RRAERRAE . RRAEHCE AR AL S HRAE.

DMOS Ji i B SE B BN AR AR IE R R (R 158 24728 44T), B JS AT 47 1iE Bée 44 A i BU(E
FRUEAL(ED Min-Max FriEA0) 45 Miab B ERAE (5074 128 54T7). T T 8RR A A%, A TRl firh X 4
AR N 2 (8] R 2800, DMOS J5vER A D I TN 25 S 45 T vh (bl AR 5 JLRbR 25 (S 138 6 1T).

2. HDBSCAN 282 X Hdli HEAT 43 5 8 I LT RAE.

DMOS J5 %% Hl HDBSCAN S8 b J MR S0 A7 538, LIt JEHe A AT WIE VR A, 2z
Joi RREROfE %, %P HDBSCAN HIJE R AT S 4540 k.

(1) PRI i DA e vl A N TR L2 28001, DAL b B G 6 T A B TR SR SR SR TR E L
11 K-means 5951, 1] HDBSCAN AN 75 B 1l 56 1 a2 40 e A B, A R 75 AR A 5 15 R AT 3R 2K

I I~
© © ©® N O O
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(2) HDBSCAN 5 %t L2 3 5 7 5iER®, [k { H] HDBSCAN HJ LI A A 11 B 2 4 L.
(3) HDBSCAN i % ¥ B 1) 2 $ug /18,

S| B/ NELER LI ST

o BMEEEE
[E .
= [k AETW ‘ .
L o - i e e
il Bon  GWONN R R | T R
. W = AN
Q- st Wi - | | 5489
A= = ParetofBHILER
JRiEEE EiE s Mg
XAREER - Y ISR FEREL

1 DMOS J5 ¥ fe Kl

BT AT TAL B IR A AL 1) &, DMOS J5 VAR HDBSCAN Ji kAT RS, 4 T X4 e m A
RANARFEIFRREIE LI T4T), K5 VGG IR A SR T8 i % b 48 85 14y e oo, b 2 S5 vH B ik
PRV UHES (G005 L28 94T—26 16 17). RAERME N WIIRES G, fHl I —HAE g i, V15 g AR ZE 5
BRI 7 PO B (B 128 104758 14.4T), K4 A7\ totalLabelsProportion 1 (532 1 2% 15 1T).

3. Z HEshAL: 11T S H a0 SR AR 25 S b #E.

JF MR E S HOT H e e 2 G, WA Z HEMRALIEAR S 185 17 4T): EIE R Iters, Ff
BEFURE NIND. 046 H AR A M(FE A 77 it HDBSCAN RS2 B T m A%, G m /MU HAR); 2R
Ja BEHLYI R P Population(B32: 1 55 1847), ¥R B2 2% X Wi N\ ik S h, i Population H4T 2 A4
H—A st i, ARREN N ARG M — P ARG R T R, HR T — 0 R I IUE D 1-100 [f s2 4%, &%
A7 T D AN TP BT i e O B T N, A A ) e ST R HE T, OB B K TR RT n AN
BRI A R IR T4 FRAEFH 2 H AR A AT A (0 28 LAk NSGA-NTH stk b3 il 47 K i
I A% B ARIBAE AL EIR25BL, NSGA-I 1 SGBELA e — & MU RO LR A RE, SR J5 X Al b AN AHEA T 3R
YECHE PG, e A XA X 3 NSRS 1, 452158 LA FARRNEE, ARG NEE 2 AR TF 4R, KRR
FIEE S AT A I, A2 1K AT A R e R AT PO AR SCECHE R, [ AN S R A AR AT A
FEVEEL, MR AR SO OC R LA SR A 357 P58 34 M 2 38 1R AN R AL 0BT 0 SOAR B B B, 3 e T O SE AR R 1 5
TR AR BB R o 5 R kA B LA i 2k SRR, AR RE 45 R TR M) Pareto S AR 4.
DMOS /7 i£3% 3 NSGA-1 FIEL H B 45T (1) fEACFRRIREANA LSl T REJEHens, i QR BER AR I
[ 384 P2 AT RANE, §7 KT SREFEZS 0], fRIE TAMEII R, (2) 81 T PR AR H T, Bk T 8k T
IR (3) I T B E LR T, 94 TR ZEA N He e e = S B b, A1 AR A A 1457 b
WSk, A )M RIE T R 2 RE M. IEATSE UG, K 1F 211 Pareto Jc f AF A7 fiti £ NDSet 1 (592 1568 191T). &
2, TP RIS B ORI R T SR E R I BT . N Pareto S AR Rk O R T AEAEN X(BE
15 15 20 47) R Rl (B 18 21 4T).

B4 2. Fitness(id N J& of #1011 5Y).

N FEOLALFNEE S & Population;

JRAEIRLE T B 25 BEANR A A0y 24 A0 % LL 7] total Label sProportion;
FH P 5 M5 A 0 32 (R A AR AN B
RIS AL s MR AR T v B AN RE AT (125531 predictLabels.
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By AR b A AR B A H AR IE Objvalues, JLTEARA NINDXM.

1. clusterindex<0

2. labelNums«predictLabels.size(-)

3. ObjvaluesJ

4. foreach Individual in Population do

5.  Te«argsort(Individual)[:n] //HEFFid AU S KITAT n A2 B AR AR 08T 22 B ik 48, i
h T

6.  totalProportionErrors—@ /74— R AL H FRAE

7. G{010,....0} < GetNeW{ T",G} /{3 RITHIE M F 4 TRV %, o, t<m

8. foreach i in range(0,|G|) do

9. if G[i] notin G"then /Wi G & A EH % G[i]H A

10. total ProportionErrors.append (sum(total Label sProportion[clusterindex]))

11. clusterindex+=1

12. else

13. s

14. foreach | in Set(predictLabels) do /715 Gli1H &N 5 HIFEA S G'[i] 1 L)
15. singleCluster Nums«—where(G'[i]==l).size(")

16. s.append(singleClusterNums/|G'[i])

17. end //FELIR A TR PN RS RN B IR 2=

18. e«[abs(total Label sProportion[clusterIndex][j]—s[j]) for j in range(0,labeNums)]
19. clusterindex+=1

20. total ProportionErrors.append(sum(e))  //TH5E 24 i % 7R T AN 4 A BT AT 2R 00 1 i 2= 22 Al
21. end

22. end

23.  Objvalues.append (total ProportionErrors)

24. end

25. Return Objvalues

4. GG R BRIV K H AR S R 2 R O R

BT Y BE R 02 2 B AR O SR AR R R b i OB B, B R SRR AN A0 SR B AR IR 7RVR
B2 S A AN R BRI 5t DMOS J7 56 B IR0&E BV BE o B in 50 2 s . e IR Ak ) Bl e S 44
Population. JFUAMRSE T RAEEHGE, BAMED &AL 500 5 B B total LabelsProportion. 7 5 2 ik
PEHE n DURAFI DNN BB D il 1) 28 i An 42 & predictLabels 1E AN S5, B IR [ Bl A4
I B AREUE S A Objvalues. EARSKARFE N i i A BE(EE 2 58 44T), PRI Lo S BUEHE 7, EEU
HIROR BT n AN B I N 2L B8t A+ S0 08 T/(5092: 2 28 547), Horr, T/ e AN B (1 SR 2615
Bith G ={d], 05,0}, t<m &k 2 58 747). W) G PREEAFEGHEIL 2 5 817), Wk Gh AW GlilfFE
A, NKAERE GIIEAL B ARIUE HHAE R BRI AL th % GLiTrh AN 2R00 dy Eb 2 A (B 2 28 94758 11 47);
B, KIS Gl S A FMBEA &7 LL (B2 2 5 14 4738 17 4T), HA Gl & o B AR Ik AE Z= X
JLAEREEN e P (B 2 55 1847, 5 1917), &N e PG TR ZAE N % GLIR B A4 H AR B id 5%
TOR(EVE 25 204T). BEUCKRARSE AR I AL H AR A7\ Objvalues(5ik 2 % 2317), fiiTi MATHE 58
R Rl (5 2 5 25 4T).
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3 RWRISHERNH

31 RBHENE

AR SCHIFSE 1R 52 56 50 A0, 3 R 5 2 ST R DA K A5 0 DNINVBRE RS, JRATT R LA F T 8 4 7 2K AE 45 IR JE 2 )
DR B2 -DNN AR 20 A0 R SIS 5, AR b S0 S VA 20 BT (R e /N . 3R L i i T BT FBE RS S M B 1 v
AER. xRS, Ba 4 505 MR A DNN AR /N | 3R BE 4 5 IR AR BUE (L & 1R A N 0 )
HR IR A R A b 3T 3 380 FF0 8 i A 6 LS AR B 5 R AS ) B SR A NS 0 Bt PR T R B o [ 52 o
FIAE AR H S 2%, DRI FRATIAE AT 7 3o Pl A A A 4 T £ 00 3 B v

o IRBEAE I IRAE

S TSR (6 DNIN RS0 43 51 3 F 5 AN AT Bdia 4 (B MNIST, CIFAR10, CIFAR100, ImageNet 1 Speech-
Commands) Bk 47 Il 25, X S8 50d S 48 O B A3 210 7 ) 3 B A 2730 e SR vt gl R 2R ot 40
Byt DNN B8, HARK3i, MNIST (http://yann.lecun.com/exdb/mnist/) & —AN 3¢ TR T 5 7k 3 7 (B
0-9, 3t 10N> 28) K% 4, CIFARLO (http://www.cs.toronto.edu/~kriz/CIFAR.html) /& — MU T 10 28 B s it
T S X B (CRHL R ZE S S A5 I S 4 CIFARL00 )5 CIFARL0 2R, NIt £ 4% (1 EL 52 %) % Lk CIFAR10
HohEwE, FHAE T 100 B SN ImageNet (http://www.image-net.org) e 1 . WordNet J2 7k 45 ) 21 2 1)
B (L5 1,000 /A A 25 5 (i B £5:); T Speech-Commands™ 2 15 35 TR 5 B 45, & & — 4148 ] A o7
VMBI BEZY S 1s () way S8, AN SO AL F5 — S S i 11 1 B3]

o Il DNN 57!

PR DNN SRR, AR A Z 8 T AR DR BE ) DNN BIEY RISk SR R ICH, f5 455 24
XL, BT B AR LR 22T 80%IM RSB FR Ay kG FE AR A, A5 ), A BRR O IR A . AT T AN 22
S SRS ALY, RIJE T CIFARL00 1) ResNet20 #RF15L T ImageNet 1) VGG19 B, F3 4k, A SCAEHT
FER R R T R T AT 45 10 DNN KBRS, 40, DeepSpeech /& — /> % HR48 4> MM (LTI 45 A & — A
Tl 22 B S bR 2T & — B 22 7 A1), 1T At 23 A 20 2 B b 45 43 S 200 (T &5 SR A e I 200)). s, oK
IS A A Y DNN B b S 4> #4 CNN AR AL, 1145 DeepSpeech (https:/github.com/bjtommychen/Keras
DeepSpeech2_SpeechRecognition) & RNN 7Y,

21 DNN BERUFFH IR 5

1D WALE 4 B [ PR K /MK B) WA N B FEARAEF (%) 50 e
1 LeNetl 113 10 000 94.86 10

2 MNIST LeNetd 947 10 000 96.79 10

3 LeNet5 1093 10 000 98.68 10

4 VGG16 21814 10 000 78.71 10

5 CIFARIO ResNet20 3507 10 000 91.45 10

6 CIFAR100 ResNet20 10 615 10 000 7142 100

7 ImageNet VGG19 562 176 50 000 64.73 1000
8 Speech-Commands DeepSpeech 6734 6471 94.53 30

TE RATHRFCP (0 ImageNet Y (KR i B b 22 % SCRR[AL] 0P (0 35N — 86 Rk TR 5 b 400 FH 10 004k 340 90 0
B CHR[ALME G A . S B AR, 5 T M ImageNet 3K/ [ 52 A /MK 224%224 [ A 4%, Simonyan % AU\ &
4 R AR P B ML B AR, TSR AR IR T Keras % 4 8 (1) 77 25 R 8 RS /N HI AR o MR A7 3 Y
3.2 {ENEFRS ML RN B
321 PREFR
o YERRAL VIR 72 (R A M A 2 R A I 1 B N\ HE R )
A R R RS B A DR AE L 2 S E A R RE AR B S B0 L. 7 2 T 5 2R B 2 >0 Il i N 38 B 19 T
E, WEIUE W S S AR R e B, DOk E IR TR S R R AE AR A ) 2 S AR, A,
BN e A5 B, T Al 4% AN 2R R N O 2. BTG R 4 R A 5 A T A 1 A () Ak
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TR 2 2 22 A 4 %0 A8 LA B 452 500 IS dn N B 6 2 28 IR A0 A, A A 1007 o 79 o DA 2k o 5 0 P b .

o B FANVRE

UEJLAE, BEFTN GRS T V2 DR 7 26 F bR ok P Bt DNIN B (R 03 78 40 1129204 AR rhr, JRAT 136 R
T 5 Pl 2e o B R IR bR AT BIR A E. 55 1 AMRRR St Pel 22 AP Hif) DNC (DeepXplore’'s neuron
coverage, DNC), FL5 AR A7 DNN #5288 b s ol 2 o (FE AT IR AN 5, P8 Je idin B0 K T35k
BERE B, WA %A 28 0 BT ) b7 A s i L. TR A 4 AR FR S i Ma 25 PR i 22 3 2% 301
P 48078 o5 1% &, 4% TKNC (top-K neuron coverage), KMNC (K-multisection neuron coverage), NBC (neuron
boundary coverage) il SNAC (strong neuron activation coverage). H &5, TKNC & —Ff 2o &0 B 75 5 &,
TR AN PAT IR 5 4 B B P A 1 B2 T i k AR T b B TT I Ee ). KMNC & 58 AITZR
Hdl bR AN A TR LY BRI A kAN DB, R AN PR ST A L A GO R 42T n R L AR DX TE) D [a,b])
TEPAT B — AWK JG N T B, U W0 A 78 56 DX TR], DALk, G Th B0 1R 2 T A 4 28 T 282 5 X TR 7 oy B
UL, AT KMNC, NBC 5 JEAEHATIMNAH NG, 128 705 Hh AF 1) S50 DX 455 (B (o0, @) F11 (I, +o0)) 2 75 4 7 75 .
1M SNAC R BAPATIR AN 2 5 B EE w5 T ER MM IR (b, +o0)). AL, FRATTHE 5 M8 R iR i 42
5 A Bl T AR AR IX 5 AR w5 Fe b b 2E (B I A XE, AR Do e AT T v IR TR T (W AR

o EARHEES

PHEOf 29 R 78 T % 32 AN 2% 2 W sl N\ G %37 50 R R PRA PERE. O T X DMOS IR [ () Pareto f# k4T 47
RO, A SR BRI AR R 25 (inverted generational distance, 1GD)SOWE Jy pEMNF bR, & i & B 18 S ALK Pareto
B BT S R VA 2 HAR AL SRAS 1) Pareto Fi v rP T A A 1 1~ 3 BR 2 3 (B Al S A V1Al vk S5 B
WA AR 0 25 05). IGD {Hl/y, 3R IIRFIPAh L SR TG 1Y) Pareto S {0 il AR EE L LIk St A, FF H A 355,
T2 RS SIOPE N 22 B A B 4

DI 7 o L IR P

H T RS AN LB I SR 2 R ARG 2 W e, AR Wilcoxon signed-rank 4656 s
TIOR8 P HEAT AT, X P AE S RO I VA, T R B KR A bRy 2 A AL R A I
A, TATHREAE R B 0.05, BRI THEH W p (/T 0.05 I8, JE48RAR v, BIWIZH S0 45 RAFAE G it 2% i
FHEZES, WAIZMERT 0.05, W2 TARW, X E M P40 S8 45 R 22 5 v LA ZIE ANk, BT Wilcoxon
signed-rank K46 (19455, AL T Win/Tie/Loss #5560 /7 vE XA Rl 88 5 v 1 M REREAT Hodst, XA iR
VP2 ALGEIFTE P 2 B0 Win ks AT 7 1948 95% 11 BAS K T, 8T PACE; Tie I &k #
5 PACE Z A ¥ AT Go it 2 B3 22 5, JUAt I 0494 Loss. b4k, FeAI 18R T Scott-Knott ESD #lji[47, 1L
BTz T A Hr e e v R A AR T3 v, 3 ALn DUAR O 88 5 ik 0 4 R HE . e ORAIE T R 2 v 2 T
BRITERENERZE S, ARATEZ ARG 2 B & MR 2 5. AT Scott-Knott ESD Wil 1) 45
L T AR B (W B 2— B 7 o), JLrh, AEAEGRvh S Bk I e i) i A 2 A R R AT A B, AL T 2
()0 R 7 9 N IR T VE AR G vt 2 W 25 1 22 5

w 1 =2 1
=1 &
= | = I

| |
© - -
& | - [
= o

| I
s I o I
= | - = L

| I
i | o I
& . a8
= 1 : T T — 2 T : f —
a8 a
o G 5 o & o % & &

v Fr o & = 3
ot & & & & o 5
g o 48 = & £=Y i
o e o o & o
= 5 o - o &
& s o = < s
o L el i
ol < LN )
o )

B 2 BEARUERG R AL V1R Z2 1 Scott-Knott ESD A I 45 R 3 NC{li111# Z ) Scott-Knott ESD &% 45
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- [ |
s
[ |
| |
p [ i i
o~
I = |
o) | I
o | —_—
| - 7 | 1 1 1
i — — —
| |
L | Ll |
=] T T T T = T T T T
= g & & “ G & 5 3
Z & & & o &
o > A b - 3
Q ,@‘6‘6 < &t H;;ﬂ" o oF r 0"'"0
] = ' & e L
& & & ° el ¢
o & Rt g

Kl 4 NBC {1 Z [ Scott-Knott ESD ¥r#e 45 5 KI5 SNAC it 1% 25 Scott-Knott ESD k% 45 5

: :

[
2] [ .

I (=]
o™ T 1 ! |
o | — — i

| [ [ -
- 7 | “
© [
g T L T T T : T 1 I

W & 5 o ‘ & & & F
) s-,r@-°b & <,1“-‘°@ N & »{9’&\ .‘@D@.
(3‘5'[.) & {3‘3\0- & ¥

B 6 TKNC il 1) Scott-Knott ESD A3 455 B 7 KMNC fli7l1% 221 Scott-Knott ESD £ % 45 5
322 Xtmk
PACEM S J5 57 412 th A — Pk B 2 SRS N8 705, A8 2 BT BIE 98 b EL 4 5 LA 75 1% (CES 25) i
AT AL R A SO ST, AT PACE 1R 0t L 77 . PACE % A G55 — 45l DNN 5 8Y | £y
Frac A DL R T P 46 5 i i i gt JLS G TR B X T AN AR AR, — S8 A N HL A AT AL
WRRFE Sy, 1Mo 55— L WL H A F MR 68 J, PRIk, 3% H AR 4 B 1% 78 26 i 4 I3 4 140 5 o 28 284 1 3k
AEJ), LAE AT CASE o AR SR SR AR MR AE. PACE o Sl i SRR, 8 A W0 N\ % 3 A R A 1) 2, S5 L 3F
ITTRACHE, ALFGREAE HUE A — (Ll RR A B 4 AR T, B RIS e A4 A3 TALIEH SRR T8 SR, 84,
PACE 8 52 SCI3E R Mff 28 M IE & RO S 5 iR RE I B g, 38 i s SR AE 2, 485, 55 T° MMD-Critic
(10 Ji 28 3 3¢ 7 vV SVRIT [ 365 I8 AL 32 6 5 12 200 00 S0 8 T s A R0 S5 a5 22 1) R AT SRR s 5 At — AL 1
TR, Bl PACE W%, JFR N G AT DUNAR i Z A 500, gl vl A58 O A28 PR ik, A T s 52 5 2 3K
A
H T NZA L5 T DMOS 7Pk fig, BATIEE T T DMOS (19 LR ARt 75 i AT RIF AR
(1) DMOS-Nocluster 77k, &7 ikid 7210 %, B8 DURGG RS 5 % H 0 WK1 84 AN R 2851
RN o b 22 R A S DA B AREEAT SR A%, BLSKH 1) Pareto fiff 45 4528 5l I3 N (97 ME A 284
TET 3835 22 B /NI Ol B Rk 1R 07 28 2Rt oA R0 APl iok d Pk i o . IR 7 o Z FR AR PP A
S Z SR AR A BE 7 R M Pk R, 1 43 T ZR 2R (K 2D R X DMOS J v I BTk
(2) DMOS-Median 7%, %A EHT DMOS J5 kK il H ¥ Pareto fiff 5 H &2 5l A\ B A 22
il 5% 2 1) Ar B Oy e 25 5 AR
(3) DMOS-Best J7¥. %L T DMOS J7 k3K fiff Hi 1) Pareto fif4E b A 2500 I A\ R HE RS 2484
V3812 25 f /AN R E R e A 25 R
(4) RandomSearch J7vk. %77 76 VP bR BRI 5 08 45 SRR Bt AL 98 28 SR s HEAT L SR G = e i
IR TT L LAY, L KB G, B AEPE T E. WIHZ R H =5
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N T NZ BRI AR G 1) BE VS DMOS 7 bEge, Ik ZR A 1GD Febr kil % 775
DMOS J7 VA& A Ak 35 e S A ik, 3017 23 W7 22 H B AR AL 1) 25 386 DM OS 1) BTk
(5) EA-Best Jrik. %751k Bz Ll AR MR AE 55 3 HY (R AR 1 SR 7 25 AN LS 800 i A iR MR A
VR ZEE ML H bR, 2R 2 S50, 8] NSGA-11 47 K fi%. EA-Best J7 i vl IR & 0 T H#R%
K 2 HARDRAK 1 T8 20 38 AN 25 00 R i A B 2 2 (00 A RS 00, T DA O B 4% A 2 50 0 3R
O\ T A8 1 1308 2 B /N R AR Al e 2 5 1. BLAR EA-Best J7 73R HH 1 45 SR AN BES BRe AL 1),
R R IR, NS SHE T REZ T FA K, IR LAk, EA-Best J7 kK HE 45 &
PR FR AR NS B8, T AE A S5 S DMOS J5 kAT L.
33 XWigE
DMOS J5 % (1S LR Python3.7.4 4 e i, I T+ Keras2.3.11*% A1 TensorFlow1. 15013 5z % i
(R 5 2 > DR A SR IURRAE. BEAh, AR st B b, BRATTIE 43 0l SR ) T AR AE M e 50k RIS 2 B
FRAR AL B9, IXEEHE T Python [/ BHE 28 scikit-learn0.23.11%, hdbscan0.8.26!%, geatpy2.6.0%2 4% i, %f T
DMOS Jiik b ki 25, FEaERESH. B4 5. IR S B UKL L Histith 25, I, 67 3
S YL R R RBOR, M5 — 412500 B35 W i KSR IR 1 1Y) Pareto MR, HLAACK G, AT 5
I 45 FE AR5 AT 25 DX 43 HAS TR 200 B AR N, SRR A AR () 2 590 O T4 0 R e ket AR (] 2K 25 [ 512 56 f
%, RESHMEAES LRGN PACE IR BT U TIRFAE S B S B0 de AF BEE -1, RS AY
BOGME 2S5, T2 B S 800 % g Bk AR I B DL SRR e S AR A B, T e T MRS
B, G veE THRZFRPTEE, BRATEXHASEE R E N 50, AL 7 ik sl & S 580uE, &A1)
AT A T A,
N T AT AR AN [RGB B AN () S0 6 G rp 48 AN 2 AR i N 00 U A R 2 ORI e, B T
1 10 s s x4, EPRECRIY I 55 FFh— EHAR K3 205, KA 10 HATIEAR; EF%F 100 4r 2510 sL 50 0 4,
WERE A A 350 FFHUs—H AR 4GB 2 050, K4 100 dEATIEAR; £1%F 1000 4328 (1) S0 % 4, ik #4& J\ 500 FF
H—H 3] 20500 K1k, HAEK 1000 34T, 41X Speech-Commnds i 42, AR 22 T4, —H
) 1590 45, KN 64 HEATIEAR.
FT A S5 7R Intel Xeon E5-2640 i 45 #5147, HAERVER S Ubuntu 18.04.2, N 4£% 128 GB.
34 HHRIEE

BATVAEL FHEFTIR I, FERATAH LI 2 47 S, LS IE DM OS J5 v 1A 20k

e RQ1: DMOS J; VA& R IEIE Hh 130357 8 76 25 A 2 T 0 i N\ P R A8 30 A 5 D 4 UK R 2R 4012

07 39 T2 F3 A IR - SR ASAN 2 A B 22 b 7 5 DR AR R A (20, i LR IR 7 0 1 5 A 2000 IR
NI HERS 26 8 55 SR R IR AR B, 3O0) T AR R 4 DU A 1 R T A i S AT IR VR A R A
Se 2% FE MR T4 5 RGN AR A B AR HER 3R L 25 5%, XM T RE A9 A J7 2 22086 1 0 8 HH 1 DA 1 SE 4
FA IR IR, Bk, AR A R TSP A AR LG, DMOS A RE A A AUORTEIE H
R B A 25 AN S i N P ARG 3 A0 o S A RS T

e RQ2: DMOS J7 3% t i1 AR 1~ S5 7E A2 AR A 8 o 0078 26 b ofe L B 75 L 4% 5 D 2 0k A A 1) 003

A&7

B T A SAIIR N R R A T2 A, R TR ST, AR HE A R DL S IR B AR
W P Rl e 3o R A AR AR A IRk I 2 . BRLh, — ek BB R AT R R R T TR RR T ORIE I
B R AE A BRI ZR A 0 5 B AR MR AR B3 LA, T 38 A vkl 8 L A DR B 5 R A
G TR ZE AN N AZOT K. FEARE ST ), FRAT A 2 A IR VF I 475K 43 41: DMOS Jy vk b5 JoAth 7 ik A T
BT S A A8 R 5 T 4R IR AR B A B 1Y IR e

e RQ3: HAKLLLZ HErAXT DMOS 75 ¥4 (1 51 ik i T 2
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DMOS ik BN B 2 R 2 Hbsfith: AW B 0200 T 2 #E B Ia B oL, 5t
S 4 WA A 1) 5 BN 1 23 A o e EAT W02 Bk U, O 2 05 AL SRR FEAT (54l 1 2 H AR DAL IR H 11
MR T AR SE B R R b, AN W7 b 5 38 1 00X 4 00 00008 43 A 58 el T 4 k4. BRI, A0 b A 5
R, AT AT IX AN S 4 X DMOS i ki &ML fE I TTRR AR B

o RQ4: DMOS J7 V% (P32 AT W [7) FF4 i 4] 2

T D3R P2 2 S0 IR N I8 8 7 V25 R A IS 2 5 T 247 sk G b 48 1 R 2 500 41 LA B AR AT 57 N B ) A Bl AR
FMRRAAT AR, 51X 86 TAE T 75 BN (R RS AR L, IRAT IR B 7 i BAT FE A R oA T 1. B2, 4 7 4T
W51 DMOS J7 T e, TEAHESE R, JATTIE 2 AT W] (8] T4 ) f BE DN BEAT 52358, JF S50 J7 ik
1T EL%L.

35 RO
e RQ1: DMOS J5 % BE 15 PR UL H IR 7 EE 78 &80 Wl 4 A T AE i 28 A o1 55 s ds It A 2482
(1) %t

H T VA B AR S A DIAR 7 4 e R TT fE 2 H L RGN AR 2, HAE AR5 AR DNN
FERLORFF 5 U A W AR A TR R 2, BT ] N EU T AN A 25T DMOS-Best, DMOS-Median, EA-Best Al
PACE J5 VA I SEI6 &5 JEEAT 20 Bt — 5T, ek W 5% R A e B 40 i i3 K, S (R348 7 0] S 30 6 % %A 2507
TURHA N TR VAR AL 1S 2R 22 (AR S, 25 00 A AN U ik B 7 B8 L H P 3 R 2 8 & — AN TE /N AR A
JO L, LA NBRUE 22 10 £ Bk SE 0k B AR e M AT e A, 5 — T, FRATMEFT Wilcoxon signed-rank £ 5 DL A
Win/Tie/lLoss Z3#7 23 PEAt: % FAH R 5256 56 G2 B BT — 2800, SANIERE T AR R PR N e E 3 1%
RO T TN I HE R R A TR R 22, MG S VR I T RE SR I B AE LA

) &%

8 AU X R A 2 IR N AR 2 A TSP 38 R 72 5 I B 1) i AR A I DL LR 2-4 9. R 2-
F O, B LAREREE, B 2558 4 5FE S T A TR, RIEE A FIEREEE N A R
N RHESf 26l TR 22 ) SF I E AR ZE . R PR K 2 M e B R R TE [ — I FE e, st
I MK B YIRE I0 22 ARRZ IR R R ILAL T 58 . IS AN 0 S A N VR A 238 408 358 22 1R S 38 18 A
F, AT 105K ER, WE 3K 4.8 6, B T MEEAE Tl A28 1) %kt il />, DMOS-Best #l DMOS-
Median 77 VL {E R AF 2 JRUAIIRAE 1K) 0.79%M, 3% H IR 748 19 T 39l 111 2 D& iR I sk B 8/ ME L, 1M
PACE B C T ARSI, (E P ¥ BR 22 A5 v /K P 22 0 2 sy T o U7 v, ik 2 F13R 5 7R, DMOS-Median Ji
EAE 35 5 S L EARLL PACE B R M S /iR 220 ], (HBE A R B AR I 8 i, LR AR 1
ANFEBE. 6T 100 4» K525 6 %.(6 T 5L Hh Xt %), W 7, DMOS-Best #1 DMOS-Median J7 724 W 812 i i
IR T AR 4R 28 e % (R e LL PACE SEAR P8R 2 A8 v, FLBE B thoids SICSAE Bl (2 SR A 2 240 8 Jr s s A 1
8%Ih}). DMOS-Median 75 % BUARFEIR S 2 J5 % 2245 V151 5 PACE Ml ZEAK, (HRFE S F] 16%2 5145 0]
LT PACE, HUStz Ja i~ 4 v 22 1 3 [ (6.9%—-12.4%) 1541 T PACE (7.5%—-13%); ifii DMOS-Best J7
FEN GG 2] LR EEXT PACE L, 1R ZE Al vt (e Sk X 1H] (5.9%—10%) i & Ik T~ PACE (7.5%-13%). TM{E 8 5
SEAT % b, WK 8, AR DMOS-Best J7 i1 fEiE it T PACE, {H/& DMOS-Median J7 ik H 1)k 74
B B HCR AR, MEREEIMA AR S T PACE. X2+ DMOS J5 ikt 47 S5 i SR F SR 2 A4 i 2 A 0
DNN B8 fz f5 — = Hdn i, 10 8 5 S 58 6) G rb i SR T IR B2 S 5 — 2 1D B 1 B A7 BRI TN A 2R, {15 75 22
B D e e A B S 2 I T2 50, B e KRR 7 R4 AT R ) B3, A U, 8 5 SR N B s A& 1
TR AN 50 5 TR SR I R I 2 ) S AN A5 L A ST 50 % R IR 2 A IR BRI DG R, XA AG SRR VL H AR AL
PR AN A B, B2l DMOS 7 ks 4 AN AR 7 4E4E 8 55 s i 4 F iR AR .
FEZ IR TR, BRATT R S0 35 A6 T 2 e SRR AR 1 A0 AT, BROUTE SR R P N HRE I SC R, #2 T
DMOS JiEiPERE. Ak, [EfERMZ, & 2-3F 9 ¥, DMOS-Best J7¥EHIfh 1% 2 P ILT 5 EA-
Best 7VAE . X UL DMOS J5 153K fif HH 1) Pareto fif4E P 77 464 5 FR B AR AL B 1 /%, 1 R, DMOS-
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Median J5 ¥k B PEBETE 48 40 S8 4 B (FRTE 3 5 il 5 53X 4 EX PACE WA B LH LI 8 55
Xt % 99T PACE)#R e ds Hrik #2777 PACE, 78 70UEM T DMOS J7 ¥ Re A1 A4 PRl i Hh ) a1 B Xy
AR Ay N B HE T FR A VT A ROR R, 6 TSN IR R U, R LR ASE B I Bl R AT
HEFE, RRERM L, MERASTT AN EA IEEEOR, S T HARE R EIEE L T 10 4R 4.
AT IE £ 77 AR 100 73-28(6 5 SEBR X 4) . 1000 4328 5256 6 (7 5 SEHR A 5 FORE T4 28 i al an A 1) 7
R THEZE B E R T 10 90K MARE RN E 7 FI3E 9 P EATFIHEK G THR 22 ih R b B T3k 2-
£ 6). WAk, BALE BB ZIARZMEIT, SEbr B8 w5 00280 DL = R b 1. A A58 4
BIEFRE, AHAFAAN 7 10 A2 50 IR N (0 MRS 2 A T L ST R AL T i KR 2 Ve [l (3R 7 FisR 9 o, R
ST E AT S ARG DL EA-Best JiETEE A B FIE L N HERED AR IR Z5), BHEREFIZEAR, HE OB
7%, DMOS-Best 1 DMOS-Median 77 475 4K {545 5 % PACE #4059 AL 3, ZEAH [RGB, &A1 iy it
TR ZLLL PACE BEWE I B SR (K % AN A\ S e il 245 v 1 P38 22 B a, AN A
HERR Sl TR ZE I AR UEZE £ B, BEE SRAT SR 3G I, &SRB VR I il vF 3R 22 B8 A0 10 P 2%, Amvf e 8
EZRWRN, B2 DMOS-Best Jiikik & DMOS-Median Jy ik, Hobmvk 22 8 AR U Y [ A i 5h A8 L 1 e
PACE H/[v. 3X 78431 B DMOS J7 k3% H AR T 42 e 1% L PACE & (Wl T AE 5 . T A Thi ) 444
A N AL R EAT RS UMEAL o, ELPERE A A

10 B T AR 23647 Wilcoxon signed-rank 46 45 & Win/Tie/Loss /3 Hrif 4 i, HARskiE, #
10 J 7R {12 DMOS-Nocluster, DMOS-Best, EA-Best & DMOS-Median 75 V:7E 8 2H 5256 %) % _F 4% A2 51 ik i
NINHERI AN TS PACE [ H A 45 (BN E M AT Se et 4 b, 4 AN J7ikRedE 2 D280 LI HER R A5 BT
PACE). I3 2-3 9, & 10 FiR K BRI 45 B R 7 L5005 Lk e R IR ar (M v, SRR IR
i RPEREAL T8 . % 10 H /R, DMOS-Best /7 V5 7E 433 10 43 K SEI0 % G, K&y 50%I1I 285 b 1 v A R A
TR E T PACE; 1l DMOS-Median 77 vAHEMi il v MR8 EAL 2 T PACE, I HBR TEHN % 1 5515
SN %, DMOS-Best I DMOS-Median J7iifE oAl 10 73 85280 0 % b ) HE i 25 AR 6 B 99 T
PACE W15 L. X1~ F FIE & B0 1 8 ‘5 530 % %, DMOS-Median J5 1M PERE R L ZE 59 T PACE: UAE 7 42K
B A PACE, 148 Hifl 10 428 155 PACE. 1 DMOS-Best Jy 2 (1) ¥ B4 4% 44 15 %+ PACE 14 %,
Bt PACE 8 2128 FUERAMN . XFIFEU T2 BT, AT %G & S 48047 58 2 [
I, PRFFEER I ZSR R Y Pareto R4 (1 5. X T 100 4325, 1000 43 28580 X %, IE 0 BATHERI, 2851
BN, S RNMEBE AL 6 5/ 7 SN Mk BERILZE R/, 1 DMOS-Median J5 1) (1) &
SR Pareto fRAR T ATA AEI AL EL, BRI RIE PSR T e RILEL DMOS-Best J7 v H o FaE. Kk,
DMOS- Median J5 ¥k fe 75 55 2 (195 | Lk DMOS-Best J5 ¥ i # T PACE. )&, M EA-Best Jr ik MR,
DMOS- Best Ji ik 5 HERERMAHZEA L. KWL T DMOS J7 i 105 2t

# 2 CIFAR10-ResNet20 S5t G b 2 AN 550 W 4 A I AE A 2R Ak U1 7 38 158 2 8 4L

W DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median
55 (0.058,0.029) (0.191,0.272)  (0.056,0.024) (0.096,0.049)
65 (0.050,0.022) (0.131,0.126)  (0.040,0.025) (0.084,0.036)
75 (0.051,0.028) (0.121,0.116)  (0.049,0.032) (0.083,0.023)
85 (0.047,0.017) (0.110,0.121)  (0.044,0.026) (0.078,0.021)
95 (0.048,0.023) (0.116,0.117)  (0.046,0.034) (0.076,0.022)
105 (0.038,0.027) (0.108,0.068)  (0.045,0.036) (0.078,0.033)
115 (0.039,0.034) (0.120,0.115)  (0.034,0.021) (0.063,0.014)
125 (0.039,0.031) (0.107,0.115)  (0.039,0.022) (0.063,0.017)
135 (0.032,0.026) (0.085,0.066) (0027,0:024) (0.032,0.027) (0.060,0.021)
145 (0.042,0.031) (0.076,0.054)  (0.037,0.032) (0.062,0.014)
155 (0.043,0.036) (0.072,0.057)  (0.037,0.087) (0.061,0.017)
165 (0.036,0.025) (0.065,0.049)  (0.025,0.019) (0.052,0.019)
175 (0.030,0.022) (0.051,0.044)  (0.028,0.033) (0.053,0.015)
185 (0.027,0.030) (0.047,0.046)  (0.027,0.020) (0.045,0.019)
195 (0.037,0.043) (0.047,0.041)  (0.031,0.019) (0.055,0.017)
205 (0.037,0.027) (0.044,0.042)  (0.019,0.022) (0.046,0.010)
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# 3 MNIST-LENET S50 X0 5 B A0 MR 3 A I HERf R Ak o1 38R 28

ERHCE DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median
55 (0.039,0.024) (0.078,0.058)  (0.037,0.018) (0.076,0.033)
65 (0.038,0.029) (0.071,0.054)  (0.038,0.023) (0.057,0.033)
75 (0.041,0.021) (0.076,0.082)  (0.037,0.018) (0.061,0.033)
85 (0.029,0.020) (0.075,0.087)  (0.035,0.017) (0.036,0.018)  (0.064,0.033)
95 (0.036,0.019) (0.073,0.088)  (0.038,0.025) (0.053,0.024)
105 (0.033,0.023) (0.070,0.089)  (0.031,0.017) (0.061,0.033)
115 (0.035,0.027) (0.067,0.090)  (0.030,0.018) (0.050,0.020)
125 (0.034,0.022) (0.074,0.089)  (0.031,0.024) (0.049,0.021)
135 (0.031,0.024) (0.076,0.088)  (0.027,0.021) (0.046,0.020)
145 (0.030,0.024) (0.082,0.105)  (0.028,0.026) (0.041,0.020)
155 (0.028,0.023) (0.079,0.106)  (0.025,0.017) (0.045,0.021)
165 (0.023,0.026) (0.069,0.085)  (0.029,0.025) (0.045,0.022)
175 (0.027,0.022) (0.065,0.076)  (0.024,0.019 (0.039,0.016)
185 (0.021,0.017) (0.064,0.061) 0.014,0.012)  (0.039,0.023)
195 (0.020,0.018) (0.064,0.060)  (0.019,0.012) (0.043,0.015)
205 (0.020,0.023) (0.063,0.072)  (0.025,0.024) (0.041,0.019)

# 4 MNIST-LENET4 SE5 X 5 B & AN S8R N IR HE R 2 il F P X R 22 84k
e DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median
55 (0.032,0.028) (0.052,0.048) (0.026,0.015)  (0.046,0.028)
65 (0.023,0.015) (0.050,0.045) (0.041,0.028)
75 (0.022,0.016) (0.042,0.038) (0.049,0.028)
85 (0.023,0.014) (0.048,0.053) (0.040,0.028)
95 (0.022,0.016) (0.043,0.043) 0.024,0.014)  (0.042,0.023)
105 (0.025,0.014) (0.041,0.042)  (0.024,0.013) - (0.037,0.027)
115 (0.027,0.015) (0.038,0.038)  (0.022,0.016 (0.037,0.015)
125 (0.023,0.018) (0.044,0.034) 0.020,0.00 (0.034,0.016)
135 (0.019,0.008) (0.041,0.031)  (0.022,0.010) i (0.035,0.017)
145 (0.024,0.013) (0.045,0.035)  (0.019,0.010) (0.035,0.015)
155 (0.017,0.009) (0.043,0.032)  (0.020,0.009) (0.018,0.013)  (0.034,0.017)
165 (0.020,0.012) (0.045,0.040)  (0.018,0.009) (0.027,0.015)
175 (0.021,0.011) (0.048,0.051)  (0.020,0.011) (0.032,0.017)
185 (0.021,0.011) (0.045,0.047) (o 016,0.009) (0.027,0.016)
195 (0.018,0.013) (0.045,0.046) 0.014,0.008)  (0.031,0.016)
205 (0.019,0.012) (0.050,0.046) (o 017,0.012) (0.030,0.015)
# 5 MNIST-LENETS SE80 % 5 b & AN 28 M dan A PR 7R ff 2 Ak o ~F- 3518 22 484k
VR DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median

(0.025,0.038) 0.020,0.00

(0.023,0.032) H
(0.023,0.032) (0.016,0.007)
(0.022,0.028) (0.020,0.007)
(0.021,0.025) (0.025,0.007)
(0.021,0.025) (0.018,0.007)
(0.019,0.020) (0.020,0.007)
(0.019,0.018) (0.019,0.007)

(0.018,0.015) 0.020,0.016)  (0.015,0.007)
(0.017,0.014) (0.017,0.007)

155 (0.019,0.016)  (0.013,0.007)  (0.014,0.008)  (0.018,0.007)
165 0.013,0.00 (0.018,0.014)  (0I013]0:006) (0.019,0.007)
175 (0.018,0.013)  (0.013,0.006 (0.022,0.008)
185 (0.016,0.011) (0.017,0.012) (0.019,0.007)
195 (0.013,0.006) (0.016,0.011) (0.015,0.007)
205 (0.012,0.005) (0.016,0.010) (0.012,0.005)  (0.019,0.007)
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# 6 CIFAR10-VGG16 556 % % b5 A It i A (O AEf A vF P 3 iR 2248 4k

R HR DMOS-Naocluster PACE DMOS-Best EA-Best DMOS-Median
55 (0.075,0.081) (0.159,0.105)  (0.079,0.055) (0.151,0.046)
65 (0.070,0.041) (0.160,0.123)  (0.060,0.042) (0.131,0.040)
75 (0.079,0.056) (0.145,0.112)  (0.061,0.062) (0.121,0.025)
85 (0.066,0.064) (0.155,0.101)  (0.066,0.057) (0.123,0.037)
95 (0.061,0.031) (0.140,0.085)  (0.066,0.041) (0.109,0.027)
105 (0.056,0.069) (0.147,0.090)  (0.060,0.055) (0.097,0.027)
115 (0.052,0.039) (0.152,0.109)  (0.053,0.071) (0.100,0.026)
125 (0.059,0.045) (0.130,0.100)  (0.042,0.020) (0.086,0.022)
135 (0.067,0.057) (0.118,0.092)  (0.056,0.047) (0.096,0.036)
145 (0.053,0.044) (0.103,0.090)  (003101012) (0.035,0.025 (0.086,0.018)
155 (0.047,0.045) (0.108,0.097)  (0.045,0.029) (0.085,0.029)
165 (0.047,0.028) (0.091,0.093)  (0.048,0.041) (0.080,0.018)
175 (0.057,0.061) (0.093,0.083)  (0.042,0.044 (0.081,0.021)
185 (0.039,0.035) (0.095,0.069) H (0.041,0.029)  (0.070,0.018)
195 (0.053,0.055) (0.085,0.065)  (0.032,0.021) (0.071,0.020)
205 (0.043,0.033) (0.080,0.050)  (0.029,0.018) (0.072,0.015)

* 7 CIFAR100-ResNet20 5256 % G b 2 AN 550 il A 4 AERf 28 A T~ 34 158 = A8 4L

pug e DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median
350 (0.208,0.163) (0.256,0.202) 0.190,0.162 (0.184,0.145) (0.220,0.063)
450 (0.165,0.137) (0.214,0.158) H 0.157,0.135 (0.185,0.051)
550 (0.143,0.122) (0.182,0.147) (0.131,0.110) (0.164,0.041)
650 (0.127,0.099) (0.160,0.100) (0.117,0.090) (0.146,0.037)
750 (0.121,0.088) (0.140,0.098) (0.106,0.074) (0.129,0.034)
850 (0.114,0.089) (0.130,0.095) (0.099,0.094) (0.124,0.030)
950 (0.095,0.073) (0.111,0.090) (0.097,0.079) (0.111,0.027)
1050 (0.097,0.084) (0.105,0.082) (0.087,0.076) (0.109,0.026)
1150 (0.086,0.070) (0.097,0.081) (0.079,0.067) (0.081,0.063) (0.101,0.023)
1250 (0.090,0.068) (0.091,0.074) (0.083,0.064) (0.094,0.022)
1350 (0.084,0.070) (0.084,0.076) (0.079,0.065) (0.091,0.019)
1450 (0.075,0.063) (0.084,0.068) (0.075,0.059) (0.087,0.021)
1550 (0.073,0.057) (0.081,0.065) (0.072,0.058) (0.083,0.021)
1 650 (0.077,0.062) (0.085,0.063) (0.069,0.066) (0.079,0.016)
1750 (0.070,0.059) (0.083,0.061) (0.062,0.052) (0.079,0.022)
1850 (0.064,0.053) (0.077,0.060) (0.065,0.045) (0.076,0.018)
1950 (0.061,0.052) (0.076,0.060) (0.059,0.048) (0.071,0.014)
2050 (0.058,0.046) (0.075,0.059) (0.059,0.047) (0.058,0.047) (0.069,0.019)
% 8 Speech-Commands-DeepSpeech S5 5 %1 8- A~ 5 R 5 N IR HE A R Al 1T 240158 = AR 4L
PR DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median
22 (0.420,0.448) (0.472,0.454) (0.361,0.433) (0.535,0.403)
86 (0.097,0.175) (0.077,0.084) (0.058,0.041) (0.150,0.035)
150 (0.058,0.043) (0.061,0.048) (0.056,0.028) (0.086,0.031)
214 (0.060,0.032) (0.050,0.031) (0.050,0.031) (0.065,0.026)
278 (0.046,0.029) (0.047,0.030) (0.044,0.026) (0.061,0.027)
342 (0.040,0.028) (0.045,0.030) (0.037,0.027) (0.057,0.025)
406 (0.037,0.029) (0.039,0.025) (0.035,0.032) (0.052,0.022)
470 (0.031,0.028) (0.039,0.024) (0.034,0.026) (0.044,0.021)
534 (0.029,0.023) (0.034,0.021) (0.025,0.021) 0.027,0.020 (0.040,0.013)
598 (0.029,0.022) (0.035,0.028) 0.028,0.022 H (0.037,0.015)
662 (0.024,0.020) (0.032,0.024) (0.023,0.016) (0.035,0.011)
726 (0.027,0.020) (0.031,0.025) (0.024,0.020) (0.034,0.010)
790 (0.023,0.014) (0.032,0.025) (0.022,0.018) (0.031,0.012)
854 (0.027,0.022) (0.030,0.026) (0.023,0.018) (0.031,0.012)
918 (0.022,0.019) (0.029,0.025) (0.019,0.021) (0.028,0.008)
982 (0.022,0.016) (0.028,0.026) (0.022,0.016) (0.027,0.010)
1046 (0.022,0.019) (0.027,0.024) (0.022,0.016) (0.026,0.008)
1110 0.018,0.013 (0.026,0.023) (0.020,0.017) (0.026,0.009)
1174 (0.027,0.027) (0.019,0.018) 0.018,0.012 (0.027,0.009)
1238 (0.019,0.017) (0.027,0.027) (0.018,0.012) - (0.026,0.008)
1302 (0.016,0.013) (0.023,0.023) (0.019,0.014) (0.024,0.008)
1366 (0.017,0.010) (0.023,0.022) (0.018,0.015) (0.017,0.014) (0.022,0.006)
1430 (0.017,0.012) (0.022,0.021) (0.018,0.015) (0.022,0.007)
1494 (0.016,0.015) (0.021,0.019) (0.016,0.010) (0.020,0.006)
1558 (0.016,0.013) (0.020,0.019) (0.018,0.013) (0.021,0.005)
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2516 AR 2022 5% 33K F 7
#£ 9 ImageNet-VGG19 S5 %f % b 45N 2 Sk fan N\ (I AE A 2 o3 iR 2248 1k
WS DMOS-Nocluster PACE DMOS-Best EA-Best DMOS-Median
500 (0.525,0.241) (0.526,0.241) 0.517,0.241 (0.531,0.216)

1050 (0.360,0.237) (0.376,0.248) (0.361,0.235) (0.372,0.177)
2050 (0.272,0.204) (0.283,0.215) 0.267,0.20 (0.278,0.124)
3050 (0.212,0.171) (0.228,0.183) (0.209,0.173) (0.220,0.077)
4050 (0.177,0.148) (0.183,0.156) (0.173,0.141) (0.182,0.063)
5050 (0.150,0.122) (0.159,0.133) (0.151,0.124) (0.157,0.057)
6050 (0.137,0.111) (0.138,0.114) (0.135,0.113) (0.143,0.044)
7050 (0.119,0.096) (0.126,0.109) (0.121,0.099) (0.127,0.037)
8050 (0.112,0.092) (0.118,0.098) (0.111,0.091) (0.116,0.034)
9050 (0.103,0.085) (0.111,0.092) (0.101,0.083) (0.108,0.030)
10500 (0.098,0.079) (0.104,0.086) (0.095,0.080) (0.100,0.030)
11 500 0.092,0.075 (0.097,0.078) (0.090,0.074) (0.094,0.030)
12500 (0.091,0.075) (0.084,0.068) (0.086,0.069) (0.089,0.025)
13500 (0.081,0.066) (0.087,0.070) (0.081,0.066) (0.085,0.022)
14 500 (0.077,0.063) (0.083,0.067) (0.076,0.060) (0.080,0.021)
15500 (0.074,0.060) (0.079,0.064) (0.072,0.058) (0.076,0.021)
16 500 (0.075,0.062) (0.070,0.057) (0.070,0.056) (0.073,0.020)
17 500 (0.072,0.060) (0.066,0.054) (0.069,0.020)
18 500 (0.064,0.052) (0.069,0.058) (0.062,0.052) (0.066,0.019)
19 500 (0.061,0.050) (0.068,0.057) 0.060,0.048 (0.063,0.018)
20 500 (0.059,0.048) (0.065,0.056) (0.060,0.048) (0.061,0.018)
* 10 4FhZ HistiAL vk PACE 78 8 452 i %t % LR AIZR I ) Win/Tie/Loss 43 Ht

1D DMOS-Nocluster VS PACE DMOS-Best VS PACE EA-Best VS PACE DMOS-Median VS PACE

1 6/3/1 4/5/1

2 3/7/0 5/5/0 4/6/0

3 3/7/0

4 3/7/0

5 5/4/1 4/6/0 2/6/2

6 23/65/12 23/64/13 23/67/10

7 195/655/150 208/642/150 199/653/148

8 7/16/7 11/12/7 7/13/10

RALER T S INEEARF VIR B33 22 45 3, S LAT &S50 IR A\ 19 7 S5 HER 2k T
%72k E, DMOS-Nocluster, DMOS-Best, DMOE-Median, PACE J5VE7E 8 20 5236 wf % L] 144 45286 &A%
S0 3 S N 8 1K~ 40 22 43 5] 5.954%, 5.547%, 7.589% 71 8.473%, 5 PACE AHLL, X 3k i B AL T
2.519%, 2.926%, 0.884%(1)i% 7%, P33 (T 5 A 2 4 (PACE-DMOS-X)/PACE) 43 %l 4 29.73%, 34.53%,

10.43%. X [FFER I T DMOS J5 5t T B A4 iy 4 8 v PACE 1 RE A Bk

KA SATHEE T VRN br BRI R 22 45 R

Metric DM OS-Nocluster (%) DMOS Best (%) DMOS -Median (%) PACE (%)
AvVgACe 5.954 5547 7.589 8.473
TotalAcc 1.238 1.081 1.211 1.926
KMNC 10.520 10516 10.517 11.721
NBC 6.412 6.412 6.435 11.527
NC 3.157 3.149 3.143 11.471
SNAC 9.258 9.223 9.285 18.938
TKNC 14.526 14.394 14.438 26.676

/N (1) DMOS J7 iR A i 1) Pareto fi R A7 4R H S i 1O B BLAE e AR I 0, HLAETR . BRI lAR
ERIRBALS, ML BLA J5 1% PACE; (2) DMOS 5 K fif i Y Pareto s L i 4 ry, 1 E — SBCFRI A 47 SR 1 11 4500
R LB AT 7775 PACE, EAETE SIS BRI, (3) BURINREH WS IR E, WikFETs
AT RIS A5 2 T A P 1 2t R PR MR BEBOR, (BRI eI 4E |, DMOS J5 iR i i (1) Pareto
P, PhRE— AR AR RENS DR KRR ELA J7 1% PACE I

e RQ2: DMOS 7y i th IRy a1 A 70 M AR vl ff 3 o X7 o6 b vhE b e 0 4% 55 5L W S AR B 1 3K

e i?

© hRBIEB IR
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(1) Wil

A, HAT¥ DMOS-Best, DMOS-Median, DMOS-Nocluster 1 PACE 7 8 £ 5236 %} % 1 (1 52 56 &5
O 144 HHUE, 75 8 SS2ih N5 b3t 25 ks, 1-5 S S2ib w5 B 16 YL, 6 Sz 4 [ 18 K
SEEG, 7 SR % b 20 IREEE0) N EAARHER K 4 TR ZE. NC. NBC. SNAC. TKNC. KMNC i% 5 M3t
B i IR bR Al 5 22 3L 6 A A FE HEAT Scott-Knott ESD #5643 #71, LA#EFT DMOS J5 72: LA P U #5645 K & A 15
bl LA 3% B 7 722 L 4% 5 e R A S AR B Ay Ik v

(2) 4k

WE 2-E 7 FioR, SR ETVAAE BEARMER R IR A 5 R R RIS TR RN, R, B 5k
PR 4% I 2 e 5 A7 o 7 i I PE M. 45 R 17, DMOS-Best Al DMOS-Median Jj =78 4 FPillik 7 =5 1545 b
B i 22 i 2% T PACE (£ KMNC I, DMOS-Best il DMOS-Median 77 vk BAR A 3 8id PACE, B4
RARFFPL IS, H A AUER R IR 2 th BB PACE. WAL KM &AM EAE, Bk DMOS-
Best, DMOS-Median 771%: 5 PACE 45 HA5 IN#83 PACE, {HMAGZE It i) b fr 2k J2 T Aok &, DMOS 75 V:7E
6 MEbr LRI B AR M A TR 2 B R RS e, SR 11 38 34728 7 47K F, DMOS-Nocluster, DMOS-
Best, DMOE-Median, PACE J7i%:7t 8 20525 0t % JL v 144 4526 b1 1 3 Al 3R 45 22 43 41 1.238%, 1.081%,
1.211%7F1 1.926%, 5 PACE AL, X 3 #7243 I FI4BFK T 0.688%, 0.845%, 0.715%) 1% %, %I PACE [JF
Y4 T 5 43 99k 35.72%, 43.87%, 37.12%; DMOS-Nocluster, DMOS-Best, DMOE-Median, PACE Jj =7t 8 41
SLES R R ILTT 144 A5 B, 5 RPN 55 AR UE RSP 3R 22 53 ) 8.775%, 8.739%, 8.763%F1 16.067%, 5 PACE
A, X 3 My FRRAR T 7.292%, 7.328%, 7.304%(()i%2, %t PACE [K-F-34= T1iE & /> 5 4 45.39%,
45.61%, 45.46%. X [FFE U T DMOS 732k e (1 i

/INGE: (1) DMOS J5 v 3 H 1R 4 e 0% 6 AR PP DU H br I LE PACE 3 Hi I I3 1 45 30 4 82300 IR 4
MR, (2) HARINR TR T8N 3 R A N B HE R 2 (RORS HEASG T, % T ORAE IR 42 1 JC At 5T 5 SR R
AR AEAH A ELAT F 2 = L.

o RQ3: RALLEZ HEstlAS DMOS J5ik i) st sk i {2

(1) ®it

HTRTFERE UK Z HAs X DMOS ik oeik, A1 56K DMOS-Nocluster J7 %5 R EUR K1
DMOS-Best 75 % (K] DMOS-Nocluster 7512 B [#  /2 Pareto fZE4E 1 454 28 SR 3 N TR VR A S84 - 44 3% 22 B
NBIRRAE R B A5 5L, BRI T RSB X DMOS 7 ok, it LAE G RQ 1 H 5 DMOS-Best J7 11347 Lt
EOYNE AR MRS N HERR R . S ARUER 2 DL S AT 05 % 25 LA 7 T VPl e T R e 22 5 AR5, k]
145 DMOS Jj 3K fift (1) Pareto fi## F1 RandomSearch J7 v 3K fift tH (W S 7E 1GD 8 4r LT ELEL, A2 HbnfiAb
£ BE VEAS SR IR A A i Sk R0 22 A

(2) &

5 DMOS-Nocluster f L. FATTEHL T DMOS-Nocluster sk 75 fift 5 H1 75 &-AN 285 530 3038 B A B9 Ve Aff 2241
VY 22 B /N AR AT S AR 3K DMOS-Nocluster 4 [ i 2. 3K 2-3 6 k%, DMOS-Nocluster 77 7% 1)
REMRIFE LG PACE ZE4FIR 2, BEWETE SE /D[R I B 450 1 50 B b ik 31358 22 SEAR A 1K1, {HIE 2 8% 25 T DMOS-
Best 772, M IR AR EA R AR 56 $5 45 K G, DMOS-Nocluster 575 DMOS-Best 5 4 3 % A 2.3 Lk
fie 22 5%, {0 DMOS-Best J7 VAR IR FET ST LY. R 5 ML H 42 : DMOS J7iE A EE T4l DNN
A 2R 5z 4% TR0 (V) AR A U, 1T g ek IO o [ 3 8 A D s TR B AR R R, DU BE 2
DRIk, 7R b, R SR 28 5 R ont D T AR R AT B o0 A () PR S (A [0 28 5t Dl N 1 o B o), A
132 HARA AR R 225 1045 BB 9 HERf. DRI ERATT I, 7R Se b Al I R rpr, 2 B FH 3R 8% Jat 4y Tk 4 %
AN B AT AT A, RS RAE.

L5 RandomSearch [y Lt 8¢, 4l 8 i<, RandomSearch 75 E4E 1GD &b b RIRIAEH A F e, DMOS J5ik
B # 4T RandomSearch. X 5t W74k K AR (M #2 F, RandomSearch J7 32 118 22 J7 1M % S R % ok, HLAgAA
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AEBBA WL T s, XU R BB A& M TT . & RandomSearch FJLLEL S5 RAVL W] DMOS
JIiE 2 H bR A SR R L 2 A RS, SRAT IR AR AT SE LS 10 22 PR, R] IO T R A R 2 21 )
WU AL U, Bt A IS A F bR EEAT KA 0 21, BEAL IR 225 13 A BEHR B 15 3E 1) .

| I

’

—
& &

&

&
&
&

o
.y
&

[ 8 IGD FaAnitAd & ik

IGD

5 10 15 20 2

NG (1) BT R RENS A BUE IE DMOS A #3500 DNIN R B T30 1) 35 B bR 2805 I iR 22, 33 0 o0 b i
TR AR B 0 A, A2 BARRALIT Ur Ak, fR4E DMOS FvERIPERE, (2) Wil &G MMk B AR, *F
KA tHIHEE ) Pareto S UL$5 5 S8 B ORI B, ¢ B 2 2 M N 8 il B, AN — N m) LU i B LA
FR LSRRI AT A 2 1B M B8 11 1) H i)

o RQ4: DMOS J7 i W32 A7 i ) 4% 4] 2

(1) Wil

DMOS J7 ¥ [F I T8 47 14 32 B4R b AE S B IR M AR E R R BRdE . BB Z Btk b & 8 4
LI b, $55E DMOS Fl PACE #BM 4RI AR F Rk A% 1 000 AN Am A Kl 748, V1 i A s ER
PO ) B PR, E RN A0 1k, 5%, TATR DMOS Jy ik (i ] P85 45 R 5 PACE HHAT T L.

(2) &k

SH LRI 12, 55 1A B G ID 53R LR AE BT R, 28 2 31 R dE S A2 1 i #er- AR DMOS
TR AT SRR S R 1 000 AN (R T SR AR 2 (R B ) T, AT R B 2 PACE [ B )
B, DAL TG R R R VEN M R S N, R AT, (AR RS, KPS RN, BT IR N\ B
D7 VETEAT 53 1 WF 1) Bl A 4 (LA RS Sk 8 2 A ) izt /N - N hmvE i AR 1 36 P (R 5 &, DMOS 4
6 AN SEH N % b IR ) TR BN T B B Ik 3 5 vk PACE, R4- U6 T DMOS J7 3 i sk ;A i, DMOS 1Y
765 5 LI % Ll =T PACE, 70 7 5 5530 % b il T-28 il #iat 1d 22 (1000 43 2K) N E T £ H Fefitb b btk
RO A IR, SRR T PACE. # 8 5L % I, PACE i TR i 2 H A2 Hh I
AR RS rh ] R R T2, KRR AN T MMD-critic 5 B KL J7 V2 B IS 18] T4, f  S SUHAE M s2 36 )
% EMYERERBLIZ 5 T DMOS J5i%. DMOS J77%: M1 PACE J5:A4E 8 NS85t % E 4 Wik 1 000 Ak i
N (RYBSF I 4 43 A7 vl DL 3 1.2,

% 12 DMOS 1 PACE J7 2 [ I [6] - 45 23 #r

DMOS VS PACE(¥.17: s)
(85,203)
(86,113)

(86,48)

(93,202)
(106,120)
(146,233)

(4683,3591)
(132,1967)

AN (1) BT VR LA ST i N B 77 A I TR DT B /s T N CRR B AT R, R, Bt T2
R BE 27 31 ke N IE R 5 TE BT BRI SE B =G (2) R 2 HASHEAR ) DMOS J5 i (K3 A7 i [) JF 4 22

ONO U~ WNRQO
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WFE LT H A0 B 1 $E 77 v PACE.
4 7 g

4.1 DMOSKf#RIParetof BRI R B R
I 25 R A S U] T DMOS J7 A SK AR KRR TT 5E, BB AT 80k A S A6 I A MU RE ) 1
W72, (AFRATF AR R, 78R — R BN K AR £ 7 R 2 1 JFURE S 22 AN 55 (A& A 2800 I i A\
FRHER 2T B THRZE KRR ), (AP AL B M R R, H AT DMOS J7 VLK fif th s 800 T B AT i)k £ 77
P TG R — 0 4R T DMOS SRkt I AR i, FRATTRE SR 8G 45 AT 73— #r, 454
TLUUFI e,
(1)  EFRECERRO, S AE R TR B S AL N, AR PR AR A DI, AR PR RE AR AN 22 R
K MR R B I 2, B AMEZ R BE T AR 4 4k, VERE ZE S BE 2 N, T Y e B R 1
I E— @ FERERE, HH T &R I 3 B 7 28 2 TR TP I EE SRR AT AR BN, & AR R e 2
F X IFURZEHAZ /. i, S g RBOR, SRR R4 10 000 MFEAK 10 43 KB /- R 4,
1Al 800 Ze AT N, SRAf 1Y) Pareto f f Al 4 2 IR (K3 0F I R k4 T A
(2 SRR RS R Z, PR RN . SRR TR T A A R 2, X BT A 2R
A T (0 R AR A, 5 A 0 2 e . BRI, A R N IS B S g R A
BARTEA AR BRI T 1 VE RS AF & B RO IR iU, (R ke 2 AR A0 1 X T 25 8 /s
A IR IR AR
(3) DMOS J7ikfe %A AT AT A2 S p IR 4 I, SRR Pareto MRAERIRE T R, K &R EBR
DMOS Jj i} T IR LEIR N T X RFAE JEAT /NP S AT A R B0 1 % o il i A iR R R R AN, Jit
RT3 256 o i N TR A 5 T 4 I A N TR R TR A 22 A0 /0, S 2R TR0 1) &5 SR HTAH 250K, 1X
{5145 2R A BRICVE RS WA 4 (10 B8l 23 A BEAT VERR Al v, ERIsE g T 2 H AR IR PERE.
4.2 B
o B B
DA R D 32 Bk B DMOS J7 vk B S I S bl S8 wh SR A 1A B 0 10 K S T DA R Sk BT A S 45
RBEAT T VEAG (A SE I, Shy T A R g X SE g, 5T DMOS 75, FATTKHET Python i — S8 I 1)
JSAKE B e 1) B B VR AT SE N, 0 T ICAR X Ll v, FRATTSR T 3k ey g 5 ) YR R b e I ROAR
AR T I S 45 0 IR B A S B HEAT 5236, X T 20 VB A 5236 45 SR W P A7 A, T gm LSBT 2 Fh oy
XA I F RN, kg RIGTR. BAh, FESEIL R, BADN T W R AR #3EAT T AF 40 7.
o AN R P
AN A P 2 BRI TR AT A SRR X G, BT R P R E 2 o) AR AR DL AR DNIN B, S {8 A
) DNN #i28 AR 73 7 HAT B8 £ (2 MNIST, CIFAR-10, CIFAR-100, ImageNet F Speech-
Commands) I Zr 1T B A, (- T-O040 H AR IR, FRATE IS T 4 B8y, (HR 0 T 9> J0s Sk (v iy, &
ATTA o JSE AR R RTINS 45520 L CNIN A5 281 RNIN 45 28 (B! DeepSpeech)iX JUANJy T 2% 8 T #7 1l DNN B8 1A
Y. X1 A IR R 2% )R, FRATTANAS R 2 B p ik N, 60368 Bl R B N 98 2 28 2k
N, R LIk AN O . TS AR SCAS B SR DGR AT SR S DR, I
WL — S8 SCA 3 AT 55 A Kt v, LB 288 ) 00 (Gl A A2, B SN A VR S ) s 2> T R 4R K
(TRUARIE A RER T HR), PREAD R SAEE BN IEREBCR. A, fR 5 RN SCRTS AR Y
PG B 1 53 A 55 Bk AHARL: AR DI DNINASE R06T S A B4l 27 ) 21 1y o () J2 it A R REAEEAT R 28, JF4T 1
ZkR%E, DMOS wh o] LAfEIRSERE FiEAT 2 B ARk, R RS LIRS 18 1 450 AN 7% P AN 5] 25 500 DU A N 1)
B o5 LR S v AL B AR IE AR A, BRI FRATTRT I A S X S SR B A DGR Y. AR R I,
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BV Ak S AT 45 B NS e 1 s e ek &, FRHEAT ST M.

o HiRA R

SRR AR B A T SRR b B AT R E S . TEAE U, FEAURRR S RS
B FRAER RS H (PRI DNN AL (R — 2% H A D 2R 2B IWRRAE) . 2 H AR A6 S B0 (PiE RS 2 3t AL,
PEACTED). X T RESHREAES R, AU T Chen 25 NV TR i S50 W THHERA 25,
TAIERT 4 HSH(-1, -2, 0, 1), AN T —AGHER WS RN RESEHEETES 33 Th T T
M. A, WT 2 B S4BT T 48 % 23 0] 156 B LS Ak AR i I . AR L AhAH 5¢ T4
BBy, A28 T 4 4140 4 (20-50, 50-100, 100-200, 200-400), # ik H! T 7 I A s A Al d 22 45 5L |
GE MR BRI I — A A R A R, RN TAEP, Tk 4k 820 701X 28 S 500 5 102 BE 1 5 0.

5 tHXI1E

51 FREFIMK
DN AR e (g ] 435 1 Ji) U0 A F 9 N B3 T 2 HH 45 R R AT s S8 4 ML BEAT IR B AR 3, B 7 i o 1
5 AR 0 w5 ROPE CAAL, 6 A5 I DININ ASE 2R 038 1) 70 40 P 2 B TR B 2 o USRS P ) — AN i, K (9
FEHE T AR T 4 1 BE R AR AR PP A AR T vk, R N R A 3 TR Fe 43 1 R kL
T LRI S 5 RN PR J3E 25 STIAR 78 43Pk 18 B AR b 2 4 20 0 2 ot R b e 22854 g5 1, DeepXplore®® 5|
N T A28 078 2 A I R 0 T U B AR 2 T I R A, DeepGauge® G| A T — R BT
P2 U L IR 7S P RRAE. BT BRI T A S BT, 7 56 51 P RORIEOST U A T A ek 5
(K9 90K A A A B . Gerasimou %5 A PSR MY T Bl L T B M40 S0 A5 (1 DNIN AR R 00 AR 7 3k vE )
(importance-driven coverage, IDC). I £ TR A P H o A O DT Z o0, RIS N 280 #2215
5B, X EE R K Ts. MOCSEI LA UE R, JERE NS I 48 To 30 2 TR IR 4 78 43 1k 3R A7 6 )
LA VTS,
AR AT 3 10 B 1A 46 JRAT DR AR 1 SE A b= A4 57 R 30 dE, DU 8 JFOK G VA B B M i, 2him
IR T . H AT, RS 2] RGN A G050 RE0T LA LU .
o EE Iy vESE DL 35 2O Fir S UEI, JE AR e BEATLRD T, AR AR R BT A R S Y 3G
B, Y IR B A S A R R B, Guo S AR T DLFuzz Jivk Al w4 ot
8 a5 R e R H bR, 15 A AR OE R . e %A R, DLFuzz 7EMRE A 5 A
NIBES, FEOR R ARSI w28 0 7 a5 Y R K ISR A N AR A N — SRR R S B IR N
o U2 BITVENER AR MG R S, P AR BUREAS, B A R e N B AR AE HEAT IO
Bl AR, AEAEHT IR SN AR R AR I A BEAE D AR AR SN AN RE Al & (R . 84, Szegedy
20 N LSO P o 7 A 540 00 R 00953 2 R 0 D L b b R AR S0 HURE AR 1 4 7. Xiao 25 N ISU4E
T L v 4 A R AR B SR M IR T, IR I T A VR AR IO PR A R I, AR H
D, FLSEPE AR T
52 ANTN S, AT LAE 5 7085 7 08— AN e % O s 2 MR 2 P 3T 1 /N B 7 4, A R
N B BRARRRTE A, Li 2 NS oGt 7 CSS Jrvk, R F0 (14 45 3 1) 431X ) Lk A1) SR T ko 2% 1K) )
R, RERIT CES Hik, MFAA R ENR FESRENREZ MK ER, 202 RIERKFE, %
AN ) 1 2 5 T 1A 24 T R 4. Zhou 45 NP Tl i B BE 1 R B 7 7 DeepReduce, 4 SEAR i
200 7 P IE AN NI 74 ARG R S R U AN B AT HL s N T 22 i A, L B
SR 5E IR S, Chen 258 NI Tl s FHORS FE 4l 17 2 PACE BEAT I FERAE, L7 Sl it 5 ens
JE LR IR (K B AT 2 240 12, RS BT IE 5 AR S 3 453 AT MMD-critic (9 SRBE J7 v 09VRT (58 13
Pk 7 L AT R A, & A IR IR AR 745, LA 5 18 AR T SR 78 R AR UE A R | LRIk 3 T i
RS A L KK, BRI B TR D I, AR 40 2 o Sl 4 MU b 4 AN S8 il it g N, L% 3L
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AN R 22 WARR K. ARSCAH A 2 B bR LA SR B R, T RS, o TR s AR 4 1 B o A HEAT
Tl FE BT ARG H AR, AW 4 /N R 4R 5 T MR A 2 ) (9 20 A1 22 e, LR UE IR 7 4R e 8 78 49 7 6 5
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