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Multi-generator Active Learning Algorithm Based on Reverse Label Propagation and Its
Application in Outlier Detection

XING Kaiyan and CHEN Wen

School of Cyber Science and Engineering, Sichuan University,Chengdu 610065, China

Abstract The current problem of unbalanced distribution of positive and negative training samples has greatly limited the per-
formance of outlier detection models. The outlier detection algorithm based on active learning can automatically synthesize outliers
to balance the training data through active learning of sample distribution. However, the traditional detection method based on ac-
tive learning lacks the quality assessment and filtering of synthetic outliers, which leads to the fact that the noise in the synthetic
training samples degrades the performance of classification models. Aiming at the above problems,a multi-generator adversarial
learning algorithm based on reverse label propagation(MG-RLP) is proposed.which consists of multiple neural network genera-
tors and a discriminator for outlier boundary detection. MG-RLP uses multiple sub-generators to generate sample data with multi-
distribution features to prevent the mode collapse problem caused by the excessive aggregation of training samples synthesized by
a single generator. At the same time. the proposed method utilizes the reverse label propagation to evaluate the quality of the sam-
ple points generated to screen out credible synthetic samples. The filtered samples are retained in the training samples to iterative-
ly train the discriminator to improve the detection performance of outliers. The MG-RLP is compared with six typical outlier de-
tection algorithms on five public datasets. The results show that the proposed algorithm improves AUC and detection precision by
15% and 22% respectively, which verifies its effectiveness.

Keywords Outlier detection, Active learning, Generative adversarial networks, LLabel propagation

S BERE RGN B YR A R BB 20 A R I ) A A
Or A 22 5 M REAS I MO R BUBTE 9 S (R B . T B R
ERHASKZHEFRRAESAES LFEE-Z0 KBNS 2N T E7 Bt 5w gl mms | B

1 3l

il

B3 B 97:2023-05-06 3R & H 19].2023-09-11

B4 H K E S0 (020 YFB1805405,2019QY0800) 5 [ 5% [ #AF} 2 5 4 (U19A2068,61872255)

This work was supported by the National Key Research and Development Program of China(020YFB1805405,2019QY0800) and National Natu-
ral Science Foundation of China(U19A2068,61872255).

BAEMEE  BF X (wenchen@scu. edu. cn)



360

Computer Science THEHEIZ  Vol. 51.No. 4, Apr. 2024

R | S Rl BCHE A3 BT R A B A B AR R SE PR
W A B R U0 K 2 B R B A DR O A A i A5 7Y
YR, 0 300 AT A 57 SR A2 B0 35 22 19 T 5 A% AR 3% il 17
i ] IE S REAS, BRAR T AN A 5 . b Ab B B R UIE A AR
Pk AR AN R T S R s PR O R R Y0 AT 8K T I
pNGOE: S

AR (8 FH A AR T B AS TR w] DI B R A D 3% 4%
AL N S~ S i v A WU = A7 RN - S o 1 = O
T BT R S R I B R DLRH T  2 A A
PR LT GE T R T B kT B T x4 B B
I A3 AT 7E ST PR L TR B X S A AR AR R R Y
F 3T 408 B R I B v A0 R L T IR B A R I N T A
DRS00 O 2 0 1 B R SR, LM DA 3 g A A . 3
T IR e ) v B BRI X G ] A3 S AN TR B G e e AR
i G 5 7 22 11 4 56 R R 0 5 5 B 5, i DBSCANE'Y , DEN-
CLUY™ ,STINGU™ 4§, B TR KWk 5 T 90, HE
el B IR AR 5 S B BE R R I T AR S ALK
U A 8 & B 1 010 N TR) 52 % B 5 g M LR ) T RE AR BB AR R
B NEFH o T 0 288 A4 ARG 0 B0 vk ek - R R 5 3 Bk X3 IE
R B, MEILE S E S A Sy )2 B A pi 28 M
ZRUS ) LR B | P SR ) A A3 SRR Bl )i N
FAE SR, SR T AR B R SR N Y S R g R P A A I E
FURE 7R 53 A S YA 1 IR0 R0, 5% 0037 G0 A TR A IR AR

PGP Y S R R B RN T as e R N e )
i oAl SR S S NI e £ TN v ol /Y = S N N ey
G A ASE A N S5 1) 2 ) 7= A Desir 0 2 HY T 3L T REML
RRMR I B R AULE R 1, 7 AR A T v 0 T AT A D D) X A
TEHCRE LA BN G BB 30047 T R AR LA AR S s 72 26 BF 45 . Fan 2609
& 10 A R B DX B 2 A U 2 00 08 A S AR L B R I DX B
BE 5 BT 27 20 B 8 5 X35 5 H At DX 3 A9 R 3 3 . Hempstalk
SEU Sy HARBOR ST S L AL A U R

2 HE BT ) 48 (GAND A5 JBURE AR 19 22 F2 )i & - Dai 55 Fl
FH A i e B 50 R AIE 2 [h) A A0 285 B2 DX 0k, B0 7 AR A1E 5 ) o 2
5 B ISHIR B AN B9 o3 A, 4 0 2 ST IR B DX I 43 250
PRS0 OREDS , Liu SR B TR T GAN K
L2 AR AL R (MO-GAAL) B A i 97 e o 24>
A LA S B LR B A A BN R A it R R R e B
S 45 ) 3T,

SR, ER TR 3T GAN, MO-GAAL %5 # 25 W 4%
A AR A A B SRR AR W1 X A R AR 1 O A 3T
Al FIT 5 10 P S AR 5T B AR S T L S A RE A 43 A L P T RE A
TE— BB R YN AR A, TR T 3 2R s I 4k, S 2o K 7
KA AR 1] . PR T X B R S HE AT PP AN A 2
DLARIE A5 BR85S i

B X6 L R IR) A, AR SCHRE T T R ) A AT B 1 22 A R
% F 327 2] Bk (Multi-Generator Active Learning Algorithm
Based on Reverse Label Propagation, MG-RLP) , Jf- % H: 1
T B W SR L A SO STk A LU AN T

DT —FEET E 305 B8R AR IR, R £
AT A R o3 A 3 M 2 2] S HUHR AE R () R AR A5 8] XY

SR G TR AR A B Y T AT 0 A I T AR R T S BORE
TR SR ORAE T R 0 A B 2 R TR 4R R TS AR Y 0 2
KiEE

DM ELRBEE S 2 TAENSME S . EEdhE
T v O A 4 2 47 B X A ) R R R 2 R A
SLHEAT R bR AL 1 o 38 A bR A S 1) £ A B ST AN 45 R O 1
WAE B AR B RE A S SR SR SR 00 T BRI E R T T
AR 0 A A BE

2 HXIIE

2.1 HEHXHEMNE

TE B RUR I rh , B AR A0 B REAS RN TR A AR 2
A T L AAE R AR S8 B 17 B0 r i T I AR AR AN 24 A, B
EHEREAZ BB R REAR DR, [ O 5 R BF TN
T GAN 4% 51 B HE SR I AE 45 e R 2% 20 ok
FVECHE 53 A7, SR F A BURT 0 B A B0 9 B8 0 L 18 s A
GRFEARBORE AR TR A I R PR RE

GAN G i A A (GO S 568 (D) 3 23 4R 3l
b AN B2 28 AR EL X B SR BEAT A ) . BEALMR S = VRN AR
BLAS BV L G % 2] FUICBOE 09 FRAE 43 A, S AT B A LS LS
A 2 ABIHEAR G (0, B8 D LIRS 2 308 4 W
FEAS G GOt A T i A B0 = 15 O B SE AR A, 4 HH
ABUHE A FUSEREAS (A R A D) o IRt 12 P R A 5 %
I A 3% AR e ok B P AN T O AL T R BT S8 R A B
B3 B 0 400 A X A0 B0 s ) 25 T8 vk 4 T o A BB 1) B
FePEmS ISR GAN FIZ5 AR I B AR 66 Zon LD B .

H}in max V(D,G)=E,-,, «)LlogD(x) ]+

E. p.o[log(1—D(G())) ] (D

Hr,z BEIA G 251 85 5Ol GG o A R . Do 2R
BTN ER I WT e 2 A SR FL SRR A (1 4 A paa () R ELSLHK
i1 73 A, P (2) MRS z B 5858 501
2.2 WREEEEE

Zhu S A bR 25 A5 3% 51 (Label Propagation Algo-
rithm) J& —Fp 2 Wi 2% > Oy ik . LPA B TR ] 1 BE 25 4 21
JE 3 AR BE B T R AR 2 I E AR T AR AL 3 B R AR T
A MR LPA S, I AR AS, 35 5015 37 f 22 ] 3%
PERE AR D) HEAT AL 3, 15— D1 miAR BB 2 22 AR 4B 9 1
P 25 BR0 5 W) K48 5 5 2T B0 B R, 3T R R
WA (L8 HIAT 15 A 07 25 L 51 A0 . 5 — B (5 B 26
WG K& YA T ARIC W S MR R FF T AR IE Y SRS A
AT R fE R . R EH . B AR A [ S a4
58 WUbR S A R T R

AFBEEWN T {aes e ) AR ELEMN, (2,
Ty sx p HEBRICEHE  HXT R AR 5 R (s ya s ooy
vy E{ersers e b FIR B R B R E L, HEAR
WCEIE AR B E T AR E L. {2 ame xR
FRAC R X RIFRZE {10 v oe sy PRI L X =
{a1,ay 502, ) ERVEBUT (<u, HEAME-DHTH
EB T AR AR E Y A 5 A Z R AR A
Fwy - M2 R



TRIT BT, 45 38 T B 1 A 26 1 16 1 22 2 )8 32 302 ~) Bk T A B T S I vl ) 17 JTDATT 52

361

( d%,j ( ﬁufx;!ﬂj
w; =exp| —— | =exp| —471
o

W g TR A BT oy A WA oy K50
AREEHSEL

3 S R I A K S R B A 2 A Y A T A AL
HHR AR RUBA B i . SCIR(27 T LT — A U+ X
U BBER AL R R T, X (3 PR

(2)

0,2

Wij
du

Ho Ty 0 B0 80 BB MEER ., IR LT (L) X
C WIFREESERE YRR « TR Ey, & SRS

LPA Bk G B BINT .

DFREHE Y i3 MESRAEBE T 347 3058 . Y<TY;

D RFFE AR IC R B MESR S A K Y BT L AT E BN R
FAREEAH 5

T, =P(j—>i)=;

(3)

.
LPA R 1] i %

|

|
___________________ ! (o)e)®;
I 1 | O
o samenl| gog| || T2
TFERBG Gi(2) :OO% oY o

EEit

|
|
|
|
— :
|
—
|
|
EAWAY |
FAREG, EAREEL .
t 60| oo
R
B 1
Fig. 1
3.1.1 24 mE

75 MG-RLP  BEHLME S = 4R R 454> T 2R 08RG, # ki A
AT A B 1002 T s e T A L A S [R]85 i T
Gi (=50, Ho 2l Sy 39 5 75 A vp BB SR K A5 B A 16 R R
L0, 00 AR AR Y 240 M 0 s T AR IE 2 L S e B R 4y T
B E G A A A R R R R 2 D e AT AR
FLARIE TR o 25 1) 05 X SR A A i R R e (R /)
FETFeHES  IF R 20 ke 25003, AR 4 B VR A B0 25 [ I fE
B UL B AR (0, 1/ keee s (R — 1)/l ) 0 B3 W BEAE (g1 »
@2 oo g T AR A B RR A o AUREE 7 A 7 XK 7
ARy FAR(E . RS 7 A2 Al 5 AR RS F AR T 4R B IR
RLAY A 1 B R L 27 T B AR 74 B A9 A L]

TEYN ZR B 46 B BE . 7 A B0 A2 I & A8 8 A A A AR
T A AR R B L M, S S s FURE 8 8 — S HLRE B30 FOk
KAPIEW S SERN . SRR, TENREH¥S T H
5 HOHE A VR TE A A A R R A R B R R TE B AR T4
A 1 J] B DA B SR RH 0 PR . e 2 I R A
AT LA 22— A B A9 30 SR X IR S AR U . TR
e A A B R bR T A B AR T B S R T I O
s PR T o XE R A A R I RE T SEEL T R T Bl AR

DEEIE DAB IR 2), 5 b5 B I SEE SR,
LPA Bk AT LU 3 /0 B 59 BRI HE A R AR 1 b A HEAT
T R ZREA AR S, BB E R, AR . &1
22 LUK G BT R I 245 Ak DX 0 AR TR AR B T M

3 MG-RLP &%

3.1 BEENE

S T PRAE B A AR 04 A AME L AR SCHE £ HBR X B
| AL BEHLE BRI T MG-RLP 8%, MG-RLP &k %
e AR Sub_G=1{G, Gy »++ Gy b b AN AL % X 38 0
— KRR D 3 WA WE 1 TR, MG-RLP 55k i 3%
AR BT S £ AR RA T b AR A T
B S5 AR LPA J0 6 A i 0 45 40 & B8 B 40 00 14T R 1)
%, Ui 35 2% 20 1 0= B i U L ORI AU R R 4 . TE
BRI A2 b, S 0088 D A 8 B 38 1 UI 24 Bl s 4 2
S TEH RO S R S R Ay B

B A

E# A

R
FIRATEE BB AR A

e

oo oe
0e0 |~ i ©
e ® ‘/f& Wk R
| it mA A ) e

|

MG-RLP HE4 &
Framework of MG-RLP

AL T A R A S R xBTS, A AR T BT
B b 2 B 19 R 2 3R L S5 A% 24 30 3T o R E R
AR,

LB AR BB R R B = (D) R

min Vg, — —nix[q, log(D(G, (7)) + (1—g) log(1—
0, Ji=1

D(G; (z7”)))] (4
Horoq, 9 7 4 RARG 19 H AR A n, 7 A4 ARG A Ry
R AU
S A 2% PR AN 2K (5) PR -

maxVD:L[ilog(D(I(”))Jri ilog(lf
0, 7’l+a =1 i=1j=1

D(G, (7)) ] (5)

ot a ook T (20 o R RO =y o e
o, ST WG, Y AR RS B P RO £
A5
3.1.2 RetEdE

FEBE I GAN [0 2 b R BEAT R G /A AR 0 KA 2 75
24 R0 B 5 T 7 £ A RE G MR 75 B XE 5 9 0 9
7 T WA T 0 2 503 00 4

PRI ¢ Sk 51 A 0 G A0 73 2 1 54 . LA



362

Computer Science IFHLEIZE  Vol. 51,No. 4, Apr. 2024

BE T A SR 2 A 5 e L DA 0 W 7 G G AR 1 0 AR A
Bl 2 fioR .

TR AR X
1-p [e)Ne]
o0
0.0
% Jﬁ%%%
000 R |
FEHAEY P : - !
|
VSR ety |
gAY
0 mEk ! .
0 E%A | %og !
® SREHA e !
O HBAFES tHdE & :jeﬁi%a%mz)l
BB

K2 bR AL 1
Fig. 2 Back label propagation

HE R AR B AL 1% P L B b i SO 4 A 7 A B L — 4y
N AR A A RS B G (20 bR IE o s
— 43 S BN A 2 B Hh B AL 3 BOBCRE &7 A p R B
MX L MACARICBESE . BRASE SN 1—p WO
TCBE K B AR 25 Ja A O 3 B0 46 X, B R 30 A7 b 25 15 15
R R LPA B4R 2 G () U X & 85 81 X 453 2 375000 b
2 ARRESE WU VTR A T IX 0 bR AL B R (a s
arssapy s Ha, =n /m  Hn, B ASFRETRAX,
B AR AS B I B AL RE R B om0 A F IX0POR A X BB
A . a BN A RUES B S0 T 9 48 AR, BT BT AR
WCREAREG, (27O AT B m 3P Al . xF BE A A B A AR R
n 2B S E A B AT b I 1) A% B R I g SR R
Xtk A X WG AR ST S B BB AL DT A A R
REMABET KT A0 r HEREHE(G, .G, G
AGEEE. S5 FEml g, Hbf r<a.{(G, .G, ..
G, )€ SG.
3.2 EikimiE

ASCHR A MG-RLP S i 1 R,
Bk 1 MGRLPHE
A IR X AR T 74 a8 AN 30 ks S /NIEIR b AR 2846 1% L

B ps B RERKE b
i s AR 73 S 25 2R R
L WG AT A AR (G s Go s ooe s Gud FIZEHIEE D

2. repeat

3. for m<=1 to b do

4 RS AR £ AR BB YRR 2
5 A2 ) 53 A v BRI SR A 34 IR 7 2
6 for i=-1 to k do

7. G A B 1 G (20)

8 end for

9 X;=P*X

10. X;=(1—P)*X

11. for i=-1 to k do

12. & R LPA

13. Ipa(G;(z{?) +X1,—~>X3)

14. 0 SREAE o

15.  end for

16.  Hiit{ar,ap, a5 B{H A
17. A={a, say s sa, ) 8AXEA | x>A).{Gy Gy »oer
VR ¢S
18, T4 R (5) 0 % 5148 D #E47 9 %
19. D AT D(xm) s B {qisqos= v qu)
20, FETFHR RE O FLE AR Gt AT I 4
21.  end for
22. until AP R ER KA h
23. S I E R4 T iy /r 245 1 R
MG-RLP i e R AL FAE AR (G Go oo, G R
YHNEE DOE 1AT) sk A F A2 A% A2 B[R] 09 6 B35 1 s (56
A—T7F7) AR 3.1 2 /AT I LPA S 1] 4% 15 X 44 X
A I B B R SR AT A BTN A AR R OR T I A
M AYNZRAE (55 11— 16 47) 5 A4 2 (5) X % 551 2% #E 47 Il 5
G5 18 A7) s A4l =X (O X A L A7 U 25 (56 20 47) 536 5]
AR BUG A 1L 25 (5 23 17) s Hn il a4 Ty 43 28 45 L
(56 24 17,

Gy, PIEA

4 IE

4.1 BiEESXREE

N T ¥ UE MG-RLP 585 B A7 20t . A SC DAMI B 77
i FAE 0 e i SRR A AT 92 R R B T K
T B A T T A A S K B TR DA L A R
55 BT R B0 4R O e 40 o8 15 T B T AT AN A B 4
Bz O T A 2 A SR U A A R B IE S i P
DRI 0t o AR SC A 5 BT 7 KO 2 A A 2 R A AT R o
P B39 22 5 09 5 A B R R D0 Bl 4R R AT SR A . 5 A
BAn L R fE Bk 1 s,

*1 HEENH

Table 1 Dataset introduction
HE REE WA AR R
Pima 768 500 268 8
Stamps 340 309 31 9
Waveform 3443 3343 100 21
WDBC 367 357 10 30
Tonosphere 351 225 126 32
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Table 2 AUC experiment comparison results
A& KNN LOF DeepSVDD  OC-SVM  MO-GAAL Lunar MG-RLP
Pima 0.7220 0.6639 0.5235 0.5342 0.7580 0.7147 0.7757
Stamps 0.9011 0.7453 0.5907 0.5813 0.7319 0.6561 0.9623
lonosphere 0.9273 0.8866 0.5752 0.9289 0.8697 0.9272 0.9395
WDBC 0.9249 0.9039 0.6560 0.8960 0.9817 0.9059 0.9859
Waveform 0.7495 0.7224 0.5908 0.5894 0.8474 0.7214 0.9062
2 3 Precision SE5 X} b 4%
Table 3 Precision experiment comparison results
A& KNN LOF DeepSVDD  OC-SVM  MO-GAAL Lunar MG-RLP
Pima 0.5597 0.5112 0.3769 0.3808 0.5576 0.5560 0.5818
Stamps 0.2581 0.1290 0.0645 0.1935 0.4062 0.2581 0.7142
Tonosphere 0.8492 0.7540 0.3333 0.8571 0.7716 0.8571 0.9230
WDBC 0. 6000 0. 6000 0.1000 0.4000 0.6363 0.5000 0.6666
Waveform 0.2000 0.1400 0.0800 0.1000 0.1584 0.1600 0.2857
4 AP LRI LLES
Table 4 AP experiment comparison results
A& KNN LOF DeepSVDD  OC-SVM  MO-GAAL Lunar MG-RLP
Pima 0.5235 0.4637 0.3706 0.3779 0.5731 0.5237 0.6179
Stamps 0.3355 0.2187 0.0997 0.1391 0.3531 0.2414 0.6273
Tonosphere 0.9299 0.8232 0.4335 0.9257 0.8342 0.9225 0.9853
WDBC 0.5953 0.6437 0.1137 0.3700 0.5887 0.4536 0.9999
Waveform 0.1257  0.0784 0.0528 0.0479 0.1113 0.1173 0.3632
# 5 Recall L X} 45
Table 5 Recall experiment comparison results
A& KNN LOF DeepSVDD  OC-SVM  MO-GAAL Lunar MG-RLP
Pima 0.1455 0.1343 0.3731 0.1492 0.6380 0.1716 0.6481
Stamps 0.2903 0.1612 0.1290 0.3870 0.3225 0.2580 0.8333
Tonosphere 0.2777 0.2619 0.4365 0.2777 0.6984 0.2778 0.9200
WDBC 0.8000  0.8000 0.1000 0.8000 0.8000 0.7000  0.5000
Waveform 0.3600 0.3100 0.0700 0.1500 0.1400 0.3700 0.1500
6 FlSEgX) s
Table 6 F1 experiment comparison results

AR & KNN LOF DeepSVDD  OC-SVM  MO-GAAL Lunar MG-RLP
Pima 0.2260 0.2086 0.3731 0.2318 0.6368 0.2666 0.6422
Stamps 0.2769 0.1538 0.1290 0.3692 0.3174 0.2461 0.7692
Tonosphere 0.4347  0.4099 0.4365 0.4347 0.6956 0.4348  0.9019
WDBC 0.3404 0.3404 0.1000 0.3404 0.7619 0.2979 0.4000
Waveform 0.1618 0.1393 0.0700 0.0674 0.1393 0.1663 0.1463

F2— 2% 6 BT 6 i BT A R SR I A N AR S 3R
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Fig. 3 Performance comparison of each algorithm on different

datasets
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