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Abstract: Due to the complex features of multi-view data, multi-view outlier detection has become a very challenging research topic in
outlier detection. There are three types of outliers in multi-view data, namely class outliers, attribute outliers, and class-attribute outliers.
Most of the early multi-view outlier detection methods are based on the assumption of clustering, which makes it difficult to detect
outliers when there is no clustering structure in the data. In recent years, many multi-view outlier detection methods use the multi-view
consistent nearest neighbor assumption instead of the clustering assumption, but they still suffer from the problem of inefficient detection
of new data. In addition, most existing multi-view outlier detection methods are unsupervised, which are affected by outliers during model

learning and do not work well when dealing with datasets with high outlier rates. To address these issues, this study proposes an intra-
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view reconstruction and cross-view generation network for effective multi-view outlier detection to detect the three types of outliers, which
consists of two modules: intra-view reconstruction and cross-view generation. By training with normal data, the proposed method can fully
capture the features of each view in the normal data and reconstruct and generate the corresponding views better. In addition, a new
outlier calculation method is proposed to calculate the corresponding outlier scores for each sample to efficiently detect new data.
Extensive experimental results show that the proposed method significantly outperforms existing methods. It is known that this is the first
work to apply a deep model based on generative adversarial networks to multi-view outlier detection.

Key words: outlier detection; multi-view data; semi-supervised; intra-view reconstruction; cross-view generation
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R, — BV TR/ A5 W P A R 22 . R P AR A R i AR AR 10 2R B R A A7 3 18] 2 ) B I RFAE R
7, AR —ANET A B RHE T 5073, W RO RN S B X, THE AN ERHERS . R E T S TR

S outlier (Xt) =S. (Xt)+S“(X‘) (11)
o,
s, (X)— EG X</> (1/ G“’)(X“))) |2 (12)
i=1 j=1,j#i
5,003 " [ (x0)- £ (6 (x|, 03
i=1 j=1,j#i

73 T 9 ML P 2L BA 7 AN AL I P9 B R AG O3 XA B AR T S5 VA AT BT IR R 3 Fh A B B R A

o NPT IR ROREAS: o T 155 RE A 000 PR P 98 2 1) SR AR AT I R 50 2 AR AU, B AR 2. i T IEWREAA
()4 B R AT — Btk B AT DURSE s — DML AR 1 5 — LI BB, IR REAR AL IR N B A5 2 S, MBS L
B RRAF 23 S AR/, DB BB 20 S ouier B/

o X TR E B AL BT R R B AR L AT R 2 B IR REACARALL, A A e 22 X 2% B S
)%‘fé%ﬁ%‘?,ﬁ EI’J%%?E %ﬁl%@%{%IE, EK#@ETEEF?E’WDIE V\]E@ﬁrﬁj\s lﬁh%ﬁ{ﬁfa’\somnﬂ i)d(

EE%~/M)L, %ﬁzﬁxm E@E%‘?E@iﬁm%ﬁ S.. ﬁt?ﬁﬁﬁ%ﬁ S outtier ﬁj:.

o 0 TSR PR B RE AR E TSR B T BN 2 e B AR B AR, S B EI  EE#E 5 S,
MEEALE L AT S - #B . BIE B RHET 3 S quiier BOK.

IRCGN S 1 B AR Fad AR an s 1.

BiR 1. HTE e B B SRS g A B P S R O P A R 4 B

Input: multi-view training dataset X, , multi-view test dataset X, , number of generator training iterations k;

Output: X,.,’s outlier-score.

1. Initialize (G( DGV () DE (), DY (- ))

2. repeat
3. forn=1tokdo

tljlj#x
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4. for i=1to V' do
5. for j=1to V' do
6. if i==j then
7. continue
8. end if
. NN
9. Update (G(cl'l)(');GS)’('))I.ZLFIJ ,; using Equation (10);
10. end for
11. end for
12.  end for
13.  fori=1to V' do
14. for j/=1to V' do
15. if i==j then
16. continue
17. end if
18. Update (Di-i'i)(');Dﬁf)"('))[v:l’j:h#i using Equation (14);
19. end for
20. end for
21. until convergence
22. for i=1to V' do
23.  forj=1to Vdo
24, if i==j then
25. continue
26. end if
27. Calculate X..’s outlier-score using Equation (11);
28. end for
29. end for

30. return X, s outlier-score.

24 MRHEE

ARSCHR UG TRCGN KM T BTS00 1. 262 B 20 2 WL B 250 R P ) i
G, {5 IR T ) B RO AL B (Adam) HARALASCHY L ARER AL 9 T 35U Z6 MR B, 45—
SEUILE TP S I & VB 2 R PRI 1 YRR, W\ 25 R, 4 R BB K U N B A 5
8155 1 BSR40 D A T A B AR L0882 AR

R (G O5GO) | SRR E R, AR F AR EC AR (10).

=)

SRR R (D D O) | s R, B R B L, A
L=L+ L (14)
23 max(Ean o 0D (1) Zes e o1 -2 (622 (<)) 09
i1 jore O
=3 S (B o e () B [0 (-2 ())) e

=L i
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3 £ 1§

3.1 XWWE
3.1 HEEHEE

AFBAREEH IR 20 B BB S0 o R, DU R 22 40 B 8 AURI AT 0 AL 1) AR AR 2 DL— 2 1
BUATI AR LA 3 bl TR B o5 1 22 A0 R B . AR SCHS 22 BT T4 (LDSR™. NCMOD! ) mh iy J7 i it ol A
ATACEE, IR T AT VA B s 4 RO 42 MNIST. TTC, BAITHIZERE 45K 784 A1 7 507. 4 T BEIAR
B AL ) 2 A SR A, B SR TR R R AR, G AR AR 3 A i VMR AR, Feh A AR
BL—AE. ZJG AR 3 PR B B R i, 75 2 BB P RS 2 A8 3 MRIE N IER 287, 8 T1EW
IR AR H SRAE S AR BR 45, )T A28 X L B 2, 15280 H I, A SOk R EaRER h
NIRRT AL, F R I ZREE) 2 I H AR, X St R o 5 T3 B U & R brid B 42, X B 3 Fhas Y
B SR A MR P AR R X TR A, LR IR R BN AN IR R S 50 R BE AL B SRR AR, 1E [v/2) PLE
HHAZ B AT R IR ) &, 7E AR DA B R R RS, ST R M RS A5, 5 LDSR A B0 FH B LB AT B e AN ],
AR NCMOD (177 8, A <R #2887 o B A L4k B PR A SR 5 3 a8 1 9 A s BT A R R AR ) B X RAY
BEALAE 5 R A REAE 1 X AR, 5 BRI B A 25 20 A I o . 56— 2 J8 M B A o, R REAE < IE % 28 I AN AN R
728 1) R BTG B A X B, T8 Lv/2) 90 B HR 22 3 e AT B R AIE 1) 2, 6 380 % P W0 P A P < B 2 o B AT LRE A P 71
AR ERHAE 7] B AT B 4.

S TN R AR, IR SCHR [16], HREMIEN 6 AN T4E: (i) 2% B BB, 5% MR HE S, 8% M2E-B 1k

BB RN RS 1 7 SRR R IR BAR AR R I - 4E, 140, FH M-i KRR MNIST R EMEE 1 148,
F T-ii KRR TTC BHREME 2 ANT4, HF DL HE. il 8% 3 Fhss i 5 09 L, mT DA Loy 47 7 v 8 75 (R e
R E) 3 Fh 2 WL B L TSRS H I, 0 TR RIAE ARSI AR 2, 46 MNIST A1 TTC Al 78R MR AR E 7 0] i
B>~ 1000 1 100.

3.1.2  XEOTES I FR bR

¥ IRCGN 7515 8 MEEM T (HOADY, AP'™, MLRAM™. LDSR™. MODDIS!", NCMOD"", IFP,
GANomaly™) 4T Fe#%. Hoir IF. GANomaly #542 - S 40 B B B AR (K0 1R M 2%, K e AT PR SR 6 B B 08 P
JiEAE Z W BB Rk R, S T R OR SR T R ORI g R A, 4 2 AN R0 PR PR B BRI A — R
EIE NN HOAD. AP. MLRA /&S 20 Ik, Toik by 2 3 sk 3 ANLL R E. Bk, AR SO — %
P B E AT B BEE AT 2, SRS G BT R B 1 S AT A A AR R B M B B A 4 (AR R 2
MLRA JoiZ: b EEAS R AR B 4 A — B L. X S8 782 7E — & 2.4 GHz 128 GB WAZII RS 2% HI21T 1, 1817
82N Python 3.7.

TP FE AR, ASCR A Z R 1 AUC, B ROC 128 R T AR R 17 5 22 40 Pl B0 i K 00 SRy e 1k R, o
AUC 88 i 22 BRI S8R . Dy T 3 SR 500 A4) R 1430 31 LA SRSl Fg B AL, %o TR] — S04 4 8 55 AR B S0 IR i,
TR JEAEIX 50 MRS AUC WP SE RIFRE 22,

3.2 STEESCIRLER
3.2.1  KEREXT L

£ 3R 4 R T AR IRCGN 5 H Akt b 75 VA 7R 4t 2 IR SR 4 F IR v RS (AUC {8, “FH{E+

WiE ), AR M4 MR, o, A TTC B 45 00 W W0 IR AE B4y 531 0 3753 T 3754, MLRA 1EA—
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Tl T vk A B AR 4 P AN R AL B 4 S A — BURAR I 5 v, KRS RS —kREB. R 3, R4BELRHER,
IRCGN TEFTA FIBHRE AR B B HAd BT A 1 572, IXUER T IRCGN 1E = 48 2 W0 B B s Al b1
M. AR AN BRI BRI M BB AT A7 E 22 37, VT RE I R AR TTC Bm AR M4 FE i &, GE AR D, IR &
RO T, AT S B0 A R B 2 A SR e 2, AR Tk B AR b, X6 F Al — 2R AR A 6 RAS [R] LL A I 14, A SCAITiR
HiH) IRCGN BIAT I BE#FR A2 . 3% 2 (T IRCGN AT LA RcH HE w48 B50Hs 5 1 IE W 30 IS AE, A A —8uk:
HER 3 il 22 10 B B e S AR 25 2 R i ok, S B (AR i .

R 3 AL EI 2 AL B SR A A e
Dataset IF GANomaly HOAD AP MLRA LDSR MODDIS NCMOD IRCGN
M-i 0.628+0.017  0.812+0.020  0.514+0.086  0.935+0.010  0.897+0.010  0.902+0.011  0.806+0.024  0.926+0.014  0.973+0.005
M-ii 0.607+0.021  0.824+0.017  0.495+0.060  0.942+0.009  0.902+£0.011  0.898+0.011  0.798+0.022  0.913£0.017  0.978+0.004
M-iii 0.633£0.018  0.822+0.018  0.499+£0.098  0.901+0.013  0.864+0.018  0.883+£0.012  0.790+0.025  0.912£0.014  0.965+0.005
M-iv 0.613+0.023  0.845+0.014  0.494+0.057 0.916+0.012  0.865+0.013  0.886+0.011  0.781£0.022  0.890+0.019  0.975+0.004
M-v 0.631£0.024  0.846+0.020  0.516+0.092  0.858+0.017  0.830+£0.019  0.856+0.015  0.758+0.027  0.873£0.020  0.962+0.004
M-vi 0.625+0.021  0.854+0.015  0.524+0.085 0.866+0.016  0.827+0.019  0.857+0.015  0.726£0.023  0.865+0.018  0.968+0.004

T-i 0.548+0.081  0.508+0.076  0.513+0.105  0.649+0.072 - 0.558+0.074  0.562+0.082  0.603+0.078  0.728+0.075
T-ii 0.549+0.065  0.511£0.085  0.520£0.089  0.654+0.070 - 0.550£0.072  0.568+0.068  0.611+0.058  0.698+0.067
T-iii 0.568+0.079  0.514+0.082  0.480£0.117  0.665+0.070 - 0.528+0.083  0.597+0.062  0.619+0.077  0.760+0.070
T-iv 0.570£0.067  0.491+0.072  0.511+0.087  0.657+0.085 - 0.513+0.093  0.597+0.070  0.627+0.074  0.714%0.091
T-v 0.577£0.073  0.489+0.066  0.505+0.084  0.640+0.074 - 0.490£0.080  0.617+0.074  0.646+0.062  0.7210.076
T-vi 0.597+0.080  0.528+0.081  0.500£0.107  0.650+0.086 - 0.502£0.080  0.627+0.084  0.640+0.084  0.752+0.070

R4 =R 00 2 UL B EUE SRAS D 1 e
Dataset IF GANomaly HOAD AP LDSR MODDIS NCMOD IRCGN
M-i 0.650£0.020 0.806+0.019 0.513+0.105 0.915+0.008 0.868+0.013 0.774+0.025 0.888+0.026  0.981+0.004
M-ii 0.616+0.022 0.786+0.018 0.5200.089 0.917+0.008 0.859+0.014 0.776+0.024 0.868+0.027  0.979+0.003
M-iii 0.653+0.022 0.841£0.018 0.493+0.069 0.881+0.012 0.870+0.014 0.765+0.023 0.899+0.019  0.980+0.003
M-iv 0.612+0.023 0.797+0.017 0.501£0.049 0.893+0.009 0.852+0.012 0.739+0.026 0.870£0.021  0.976+0.004
M-v 0.643+0.021 0.852+0.018 0.506+0.078 0.847+0.014 0.851+0.016 0.745+0.026 0.878+0.027  0.976+0.004
M-vi 0.627+0.022 0.832+0.018 0.503+0.057 0.853+0.015 0.848+0.015 0.726+0.022 0.867+0.024  0.974+0.004
T-i 0.555+0.087 0.508+0.073 0.497+0.086 0.627+0.087 0.586+0.076 0.580+0.079 0.612£0.079  0.714+0.066
T-ii 0.560+0.066 0.509+0.092 0.458+0.069 0.650+0.076 0.562+0.073 0.586+0.065 0.637£0.055  0.695+0.063
T-iii 0.579+0.074 0.520+0.084 0.492+0.088 0.654+0.077 0.584+0.075 0.617+0.069 0.644£0.062  0.748+0.060
T-iv 0.578+0.067 0.503+0.070 0.478+0.072 0.648+0.083 0.553+0.086 0.606+0.069 0.640£0.065  0.725+0.077
T-v 0.591=0.073 0.497+0.068 0.473£0.072 0.636+0.081 0.548+0.078 0.632+0.066 0.649+0.062  0.731+0.068
T-vi 0.605+0.081 0.525+0.084 0.481+0.094 0.649+0.100 0.567+0.082 0.634+0.087 0.650+0.062  0.757+0.071

B T T SRR gy R R 1) 22 A0 PR R R AR I U VA S B AT R B v 4 R 4, S5 SR 177 AP LDSR.
NCMOD WA AR 4 i v e B SR U, B T B [ A SR W 7 v VR 4 2 0 B B0 2 T A — B, &
0 IF A1 GANomaly 3X 5 /> B A0 1 10 B RN 7 V27 2 40 BB A PR R 22, LM Re BE AR B 5 8 1k o i o 110
EL B AR T AR AL, o T 22 W0 I B A ARSI D ¥R, AP 7 0 28 B B i LB B AR T B 115 4y, (B e @ M e
LI R R B2, JRFTE T AP R RS 28 S A, oyt fE v S /5. MLRA 2 —Fi g B M2 ME S
T s R 7 92, TR SR B0 RIS HIAN T Ji AR A T4 4 4% LDSR FIFH 2 W B 7 25 [ TR 3-8 T BUF 4 R,
(R 5 EAT R BE T B 2R U7 vk, FE N VA SRR A M I £ 2R I R A . 5 HOAD. AP, MLRA. LDSR ix%¢
T8I AN — B B A0 PR SRS A BRASI B BE A  E AN ], 2 S 5% (MODDIS. NCMOD) K21 F 2 41 ¥l — 5
141418 SRR 15 ok Ab B 3L A TR S 4t M IR B 5. MODDIS S22 58 1 AN IR 5 4 22 X 45 o7 P 21) 22 400 P s p A 1100 7 92,
B 2 A B A G 3 — AT AE I S R A ), (R B B H AR AR AT S SR I, SRR I R 22 . ARSI
(1 IRCGN ¥4 7 BRI A0, BRItk o] DUE B2 AbFE B TG I BR 42, NCMOD & it BARE MM E T &
I 28 1) 22 A0 B R g 2, LA P 1 0 e R 0 5 i AT B 4, 380 2 S — AN B IR AT 3 R 2% ] Sk s Y vy
Y HCHR 1) B L (R LB R T B, A5 5 o I R R 25 5 S B B R A RSN, TR AR R S I 1) . 7E IRCGN
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Hh R T O AT R R VI 2R, RS T DS G O O 1) 4 A, G 2 B RS A R, RIE T H R
L FROAR I 2 .
322 mEAEREEHEIEX

9T VAT IRCGN S 25 3% 2R H00408 1B W 1, AN SCTE o8 1 S P 2R O BB 4R 1 A7 526, 3 P s 3 w5 BT o5 1 L 451
A L], B ES R A BB N 5% ) 25% BN, 2PN 5%. Wi 3 BR, IRCGN 15 FTA B mi L 26 SR I
T AT V5. ELE A 5 ik AR I R 0 B A 2 A S 0 1 0 T BRI (1 95 R, IRCGN R $F- 40 FaE . IXUERA T
JITHR 7 V258 K AR B R %o e s A R B0 B R . R ST HE ) IRCGIN S22 e B 7 v, A F LSttt 5 p 5
TERAF 0 IE R AR AR AT VIR, 7T LABE S B9 B s Y5 e, B8 A7l 308 1E 5 0% (R R AE.

1.0

(S .

06— _ B

- [F
0.4 -+ HOAD
—a AP
MLRA
| -= LDSR
0.2 MODDIS
~4- NCMOD
—— IRCGN

0.15 0.30 0.45 0.60 0.75
Anomaly rates

K3 ARG

AUC

3.2.3  HTI R A IR T B

9T A AR RSN BT I B R R, AR SORE A I AR R 3 D S 50 B AR AN FT G BE 4, SEI e LR ok
IO HOAR A I R AN RIS TR ) T S50 18 s A EX R U0 P 1] (50 ANt 2 AR U0 P 10 ) SIS & (AUC 1H, “F I 5
HEZE). 7E MNIST $d 4 -, B 50 56 B 42 AU 3 Sdim £ i el kil 4024 9:1, 8 TTC Bi 46 I, 4 S 38 J s S Ao
BEARAE I LL IR 11 (LRI RN T ORI 2% 2 BIHAREA, @RS R e E). RS h, |1
A3 BRFAG IR 5 S BRI LL ], 100% AR FAEAT I S0 36 Kt 4 1 JE Atk AT B B 48, R 3] 100% 3%
R B 4. a3k 5 BoR, ZRTHITIE R Z 55 F 2 E — S R 2R E0a AR i, 728 iR SR £ I oL~
LA P 51K, ABFE A F S B 25 b SR N, SO R 7 AN A B E A, 5 BRI R A1 A ST HE ) TIRCGN |
DA B B2 56 ST 3 B AT ARG N, 0 ARG S A [ A e TR B AR . e 4h, BRAR IRCGN 75 3 — 5 O [R] 3R 4T
BUbEUIER, 1B o T E Y SR i, IRCGN AT 28 A 1145, H B I SR B 2k 19, v LAIE ik B9 2% I 45 Bl 3 £ A%
B 240388 G A 00 ZE YIS A]; e Ja b 6] 400 BB 22 W0 LB, 7 18T F A 7 25 48 L 238 S R A 250 A 00 -
$ERF, IRCGN R B 25—k, Al 440 5. 76 I b 18] L, A SOBE AL i — 40 B MINIST s 45 /)l 4R 18] R
2943.972 s, M TTC ZHEERIVIGRET ]y 1224.846 5.

RS AL E T B AR I R R X E
MLRA LDSR MODDIS NCMOD IRCGN

AUC Time (s) AUC Time (s) AUC Time (s) AUC Time (s) AUC  Time (s)
M-i (100%) 0.897+0.010 1133.821 0.902+0.011 1392.096 0.813+0.022 2586.228 0.929+0.014 94608.144 0.973+0.005 47.567
M-i (10%) 0.820+0.048 141.918 0.789+0.059 68.655 0.716+0.078 2525.970 0.559+0.109 9867.783  0.974+0.021 38.693
M-iv (100%) 0.865+0.013 1030.633 0.886+0.011 1379.657 0.782+0.024 2583.166 0.891+0.018 93502.872 0.976+0.004 45.308
M-iv (10%) 0.773£0.057 143.901 0.778+0.069 69.239 0.695+0.084 2525.532 0.545+0.104 9880.363 0.978+0.012 38.278
T-iii (100%) - 0.528+0.083 360.332 0.594+0.064 3981.012 0.619+0.077 2291.995 0.760+0.070 54.140
T-iii (50%) - 0.529+0.012 92915 0.565+0.121 3965.244 0.560+0.128 1195.180 0.740+0.108 48.213
T-vi (100%) - 0.502+0.079 359.703 0.619+0.083 4000.608 0.640+0.084 2287.717 0.752+0.070 53.912
T-vi (50%) - 0.505+0.010 192.901 0.618+0.111 3967.437 0.608+0.117 1198.816 0.754+0.102 48.637

Dataset
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33 BSHBURMEST
3.3.1 WY

AT — R S (A (AR BE m NSRS s, ZEATL S A SR A, T B A AR B v ) R
TE B PE AR RSB, 75 S AR A o — AL P A 3 1) A e R O I, BT DA AR )98 2 RV R 1 o S L. TP AS
[ 4 Pl e, 7 S S R AR R v s TR . AR 4 BT, S SR A R /N, DU TS v A B R A S S e R
AT BB B AT 4E R & FEUSE R PERE T R, 25T o, B8 2 I 1 4EE m W BN EIR 4R R 4
1) 5%—10% 2 [A1ECH A .

0.98 | —=—M-i ——————3% 0.76 | -
= M-ii '
0.96 } —= M-iii

= 074} .

M-iv
004 | M 072t
o) 0 070}
D 0.92 S
< 0.68}
0.90 /
0.66 | =
0.88 :
: 0.641-< / —= Ty
] — . . . 0.62 '/ . T . .
16 32 64 128 256 128 256 512 1024 2048
m m
(a) MNIST (b) TTC

4 TEAEYE S b

332 S wen M k W3 HT

$ZH Y IRCGN HFHASHL, 7 BN E S weon FAERBIERKE K . KA E S 0o, 720 T Pl A 3
H A 2R H0H — SO R T, AR AR AR kN T I IIZRTE InFeE. ¥ 5 BIR T wee 7£{0.001, 0.01, 0.1, 1,
10, 100} F1 k 7E{1, 5, 10, 15, 20, 25, 30} FARFRIBELA A F K AUC. B 5 A%, EARIREL & AR, IRCGN Al
TEREREH weon HIBEINA T FEAEE N E S weon ANERS, IRCGN IR RERE S k B AIIE KH LT, IRCGN
(RSN 1 BEAE R UL A N EVRARSE, FE B weon =0.01 AT k=25 I, XIS F AL 1B, R XA S B E I E
N AR TTC HE 4 S B E. (IS, IRCON &1 AR R BG4, H S50 mT DA I 23 A 4 i %
PR AUC 155343 A0 Sk PR V8 2.

3.4 HEMSCIE
3.4.1 AP P EE RN B P A
AT I FUAT P PN S RN B O AR R A AR R, AR SO IRCGN #E4T TRl 7T, CG AR R A 5L



14 BB AR R B B )

Pl A AR BR AR R TR AR 38 A 4L I P 2 A (g TR AR SO AN ) B A BB R B 4 AT TS, T
AUC fH (W55 6 fiizn). SEEe R, IR AR 2, CG MIERIRZ, 1R H (1 IRCGN R 4F. X 2&FH )y IR RAek
TS 7 1 BT A, OV P B2 B B ORI [ A — B0, BT DUE I P R 2R AR B 36 T P 9 7 et T A3 g 3
M. SR, CG 7E AT A HE 2 B 3 B A0 AN — B0k ) TRI R, 3 L 4% — 30 o0 R U0 1k B e I BE 0, RN R
PR SNSRI — S ST N, BARE M B S AN R B 2 R B — B, (B A e 2 2%
S DL 25 0 oA L3 ) Ja 12 0 5 o L S SRR AU S A A L At A R, 5 B30 M s o O S BB AR A B, 48R
5 s @A L, (OB ARG CG HLAR BRI & M B B L, (HRE U R J0 AN SR, BT DAYERR B0 4 1 XA 14 BE R
W& T IRCGN. fJa, fEFT A BE M E - IRCGN —HEAE T CG Al IR. Rk, 3% 5 M HEUH F R 4R e A 20t
PR ATHR H (R BB 7E 22 400 R 3 ORI 5 THD P 1 B, IRCGN R A th i 773X P AN F ST 8.

2 6 WU Py B R AL 1R Al V Rl S

Dataset IR CG IRCGN
M-i 0.750+0.019 0.959+0.006 0.973+0.005
M-iii 0.838+0.015 0.930+0.009 0.965+0.005
M-v 0.854+0.013 0.913+0.009 0.962+0.004
T-ii 0.571+0.062 0.639+0.069 0.698+0.067
T-iv 0.594+0.071 0.657+0.078 0.714+0.091
T-vi 0.621+0.087 0.697+0.076 0.752+0.070

342 XHUrEIgR

A SRV TP ZRAA 2. 187 B R 7 A — ANV ) S 2R AR A 22 (only generator, OG).
WK 7 Fi7R, IRCGN TEFTA BSR4 H S T I E 1 AUC B, XFF A2 g8 ok i, SRS BuiE il gk, HI5) 8877 LA
it 5 A RS B AR O S 2 A0 BRSO OR T AT 2 A B E R SR BT S 2, XTI GR T LR
IRCGN 7E 2 A0 B BB Ukl b i) 14 .

T XFPUEIZRFH R SLLe

Dataset oG IRCGN
M-ii 0.972+0.005 0.978+0.004
M-iv 0.970+0.005 0.976+0.004
M-vi 0.962:+0.005 0.968+0.004

T-i 0.614+0.090 0.728+0.070
T-iii 0.646:0.054 0.760+0.076
T-v 0.651+0.068 0.752+0.070

+
4 IE'\ éﬂ

AR b3 0 P v 20 2 L P R A D0 R P PAY S AT AL 1T A F X 4%, FR O IRCGN. %7 A8 I
W BSCHEEAT R UM I ZRoR SE 4 M A 4R I BH R AL, 8 e B RO TS . B AR A 1 NE 2 A B B A
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