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Cost-sensitive active learning through farthest distance sum sampling
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Abstract: Active learning aims to reduce expert labeling through man-machine interaction, while cost-sensitive active
learning focuses on balancing labeling and misclassification costs. Based omn.Three-Way Decision (3WD) methodology and
Label Uniform Distribution (LUD) model, a Cost-sensitive Activg lgarning through the Farthest distance sum Sampling
(CAFS) algorithm was proposed. Firstly, the farthest total distande sampling strategy was designed to query the labels of
representative samples. Secondly, LUD model and cost§function were used to calculate the expected sampling number.
Finally, k-Means algorithm was employed to split bloGks obtained different labels. In CAFS, 3WD methodology was adopted in
the iterative process of label query, instance prédiction, and block splitting, until all instances were processed. The learning

process was controlled by the cost minimization objective. Results on 9 public datasets show that CAFS has lower average cost

compared with 11 mainstream algorithms.
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EX 1
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7) end if
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9) endif
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Tab. 2 Time complexity of CAFS
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Tab. 3 Dataset information

B, X3S W BB RAE [RFE R SR E AR 2E ST, I 1(d) Hi's #FR SAEC SERE p 33
(e)o HITAWIEAT L BIR AN B A FE N B, I AFER 1 Allmal 72 7129 Y
TR B AR s FRTHR T B RRE AR AR S 2 Arcene 200 1000 ﬁﬁ%
1R CATS FRH0 TS , I 1(F) SATRIA 3L HIHET I, Do T o Zi?ﬁ
BRZE WA U AR o 5 Heart 270 13 Ea:
e ” 6 Tonosphere 351 34 7Bt
7 Madelon 2600 500 A&
8 Sonar 208 60 HfE
w - 9 Spambase 4207 57 AL
R o 5.2 RBRAZE
I N m EREALROIEIE, m(+, ) = 4 FFAFEHIF
s " .ff BR BN R4, m( —, +) =2 RSB ALIE B £
: "-‘“" Bk 2. BANEE ¢ = 1 BISE I — LB HIIRMN R 1.5
(d) Bk (e) IRHP I (0 T I P RN T B A
RFEHHARL REEFEA2

Bl B gE

Fig. 1 Running example

5 EBEHERMM

SEIGIBTTE 64 7 16 GB RAM f) Windows10)-1~ A H B
b, o kb 325 4 17-7700HQ 2. 80 GHz, 75| F Java 7£ Eclipse
5,
5.1 LWHEE

EEBHRAESRIE T UCI HLAs% > & B0 IDA BEvfE G,
RKINUTHRBENEARFE, XEHIEE T SRAEE
BE, KH KBTS, BETEYE . SM%E ITE
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LI HEEU MG B IEHEAT T 5T Lk, FF R B CAFSH

AerageCost = (Mim(+, =) + Mym(—-, +) +tT)/n  (7)
FOF: M, SEEG 25 B Aok 1 (TR0 RSB 8, M, i 2 fB1)
T BLAE B B T R 1) & R LB
5.3 ERMGEEIERHITILIE

AT ¥ CAFS B3k 5 A SUKGE 58 15 )10 B ¥ (Cost
Sensitive Logistic Regression algorithm, CSLR) 5] R iR
EEW B 3 ( Cost Sensitive Decision Tree algorithm, CSDT)
A R B PL 2% PR B B ( Cost Sensitive Random Forest
algorithm, CSRF) /76 9 DA TFEUIRSE b #EAT T3 b, 31U
TR RIER(7) HE) WS, 4R INE 4 Fix,
Hipr“—" RN CSLR £ Arcene $UiEE FBfT# S h WA
PR R WS B TE A BUE 4 LRI H 2 MYy
{Ho M4 HE W, CAFS f9-F- UM 48X T CSLR,CSDT,
CSRF 23K T 56% 27% 32% ,
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Tab. 4 Comparison of average cost of CAFS algorithm and other cost-sensitive learning algorithms on different datasets

=873 Allmal Arcene Banana Credit6000 Heart Tonosphere Madelon Sonar Spambase  F-#HEH
CSLR 1.1944 — 1.8377 1.6359 1.2407 0.8843 1.7523 1.3644 1.6463 3.8889
CSDT 1.1389 1.0350 0.7163 0.5927 0.9593 0.6074 1.3077 1.064 4 0.4838 2.6667
CSRF 1.4167 1.0150 1.5559 0.5100 0.8896 0.5436 1.1992 1.0375 0.3426 2.2222
CAFS 0.7500 0.7050 0.4226 0.4808 0.6259 0.5128 0.8485 0.6827 0.6881 1.2222

5.4 SHEHMKMSREISIEIE RN

AL T 5 MU BUR T 3l S BT AR
H 1. ALCE( Active Learning Embed Cost algorithm ) "7 S48 /1
mA X FJEE, CWMM ( Cost Weight Minimum Margin
algorithm ) UM AL E B /Nl 4B 1 , MEC( Maximum Expected
Cost algorithm ) iy £ & H#f 32 /R 4y 5 ¥, TALK ( Tri-partition
Active Learning through K-nearest neighbors algorithm) #3&F k

AP = 3 P 3R F 3l 2% S B ik, CADU ( Cost-sensitive Active
learning algorithm with a label Uniform Distribution model ) 2 3
TEERENAMHREEIEE,

X ALCE,CWMM #1 MEC #47 T 5 WE R L4, DIRIE
SERES SR E HERR 1L 5 T HL i T80 IR F AR 2 TALK, CADU
I CATS FyZ5FR, I LI w45 RASE , B WL #EAT 1 IS8T,
Hrp CAFS 1 CADU AR ECEAMC IR IR IS4 T H R
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FEEUH 2 CWMM Fl MEC 551, 8 T SRIFE I 45 R I 7H 30
P K RSB B R CAFS.TALK CADU Wyit%&{H, AL T 30% 37% 35% 27% 10% , 76 V-84 -
RS ERE MUERE I, CAFS ERMAEIEE LRI WEUR T RIS
£5 CAFS HiSHMRNBEENSIEZETAREE LY THRNIL

Tab. 5 Comparison of average cost of CAFS algorithm and other cost-sensitive active learning algorithms on different datasets

5, P40 4E% T ALCE, CWMM , MEC, TALK , CADU

=873 Allmal Arcene Banana Credit6000 Heart Tonosphere Madelon Sonar Spambase  F-#HEH
AILCE 0.6944 0.9250 0.4546 0.6486 0.5533 1.4073 1.4634 1.1221 0.9877 3.2222
CWMM 1.9111 0.9250 0.6314 0.6649 0.6659 0.5094 1.4634 1.2990 1.0880 4.4444

MEC 1.5111 0.9250 0.6735 0.6558 0.5695 0.6541 1.4634 1.2702 1.0897 4.2222

TALK 0.6944 1.1200 0.8966 0.3207 0.8889 1.2821 1.0000 0.9327 0.7982 3.8889

CADU 0.8333 0.6850 0.3306 0.4154 0.6630 0.7749 0.9777 0.9087 0.7666 2.4444

CAFS 0.7500 0.7050 0.4226 0.4808 0.6259 0.5128 0.8485 0.6827 0.6881 2.0000

5.5 HEKABREIEEOIELE {9 32511 FL ( Support Vector Machine, SVM) ™/ B 3t &

BIG,CNT e, CAFS 5 3 AN ER MRS
Hg—E W R BB 1 (Vote Entropy Sampling algorithm,
VES)., — B i >k # & % ( Consensus Entropy Sampling
algorithm, CES) Fl & K 43 ki % £ B ¥ ( Max Disagreement
Sampling algorithm, MDS) #47%ftb, =FVEEERBT AE K
KT R, IEBA 3 DAL, 2 PR IR b
BLERAR ) F04 4% A1 5 p6 % ( Radial Basis Function, RBF) Pi%

BRERAREEPRAEROME, TUHRTT 5 K&K,
LREERUWR 6 Fran, B TIUH BURSE S HEAZ IR
HR, BT LRI L A RIS — M, TP R AR
FEIG RN B EHETRNITE, BR6 TLAH,
CAFS BiEfE 4 MAR P FIHA &ty 1 P MR R T
VES.CES MDS B BT 13.8% ,14.34% ,19.67% .,

®6 CASHZEHMERNMHRZIERETARES LM FHRMEIN L

Tab. 6 Comparison of average cost of CAFS algorithm and other cost-insensitive agtive learning algorithms on different datasets

Bk Allmal Arcene Banana Credit6000 Heart Iéntsphere Madelon Sonar Spambase  SFiHES
VES 1.0333 1.0970 0.3999 0.5900 0.6896 0.4148 1.0782 0.8952 0.3947 2.0000
CES 0.7444 0.9990 0.5838 0.6182 047198 0.5140 1.1255 0.9452 0.4253 2.8889
MDS 1.1500 1.0370 0.4478 0.6016 (0n784 4 0.5470 1.1702 0.9183 0.4606 4.0000
CAFS 0.7500  0.7050  0.4226 0.4808 0.6259 0.5128 0.8485  0.6827 0.6881 1.6667

5.6 SEWERDI

SGAEULERER, FWTEL:

1) CAFS B 5 3 W AR 0 §Usk 2% > CSLR., CSDT #1
CSRF #HL,, PN RS AR

2) CAFS 5FEZEM M U 3% J B g CWMM MEC,
TALK 7 CADU #f Lt , SRES 45 R R ALY o

SLIGHE R R CAFS B L RES A SRS

6 %#iE

AN TCHR B T AR S B B R AR B IR B L
T LUD MEEL, 48 7 Borm B BE 2 SR A A SR W, I 3WD
BRI SR TR . A EAITES E )
e LA AR B ST 0 AR O ARAF T, T ARG B R RAF B
BRI S BE B R AL IR 55 578 IR T 5 B R AR A SRR 1,
FEREENFAERARE, T SN EBELFEEGIWNT
T H— 2 LUD R8I B B 2R BN 5, H R
BN & R AR AL SRS, HE— P B NE R A, 3R
TR
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