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PAN Jie! CHENG Yu-Hu!

CAO Ge!

WANG Xue-Song?!

Abstract Negative transfer, transfer opportunity and transfer
method are the most key problems affecting the learning perfor-
mance of transfer learning. In order to solve these problems,
a self-adaptive transfer for decision trees based on a similarity
metric (STDT) is proposed. At first, according to whether the
source task datasets to be allowed to access, a prediction prob-
ability based on constituents or paths is adaptively used to cal-
culate the affinity coefficient between decision trees, which can
quantify the similarity degree of related tasks. Secondly, a judg-
ment condition of multi-sources is used to determine whether
the multi-source integrated transfer is adopted. If do, the sim-
ilarity degrees are normalized, which can be viewed as transfer
weights assigned to source decision trees to be transferred. At
last, the source decision trees are transferred to assist the tar-
get task in making decisions. Simulation results on UCI and
text classification datasets illustrate that, compared with multi-
source transfer algorithms, i.e., weighted sum rule (WSR) and
MS-TrAdaBoost, the proposed STDT has a faster transfer speed
with the assurance of high decision accuracy.
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Fig.1 Sketch map of self-adaptive transfer for multi-source

decision trees
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vs KP); ¥igiHy: Wine. i, JBYEBSRE: 3 ~ 36, K5
JE: 2 ~ 8, FEARBE: 120 ~ 12960.
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vhy T B AU A E ) STDT-P 57k 4 811 Ms-
TrAdaBoost Hi%M DLK YW iEH (Transfer in decision
trees, TDT) HIkM3 BEATXTLL, Jh BLs Bk 2 Fios. i
UEAS RV SVRAR LR AT L, 4 FREVEISRA C4.5 Yo AE
RHEEEE A, B Yao TE3CHR [4] T RARIZE SVM A
[, $R1M MS-TrAdaBoost HiEA & T M EFEARE S
55 73 F A BE IR ACTE B, 032 )38 IR TR IR M ZE 3K, R
H C4.5 B¥deth SVM I %0 MS-TrAdaBoost A5
[FIAfHh, Lee SF7ECHA [13]) HRH T ID3 1E N &4% 248, X
R f% A 2B TR 1 1), O C4.5 JEHR T T N E S8 1
I R IR R fie 7, AN 56 W SEAE IR IR o e SRR S R
AN S 2 IE.

HIZ 2 ATLLE H, 4 R0 T 8K T, LA STDT
L5 MS-TrAdaBoost HE 4L, Xl &2 B &, W2
STDT i+ MS-TrAdaBoost, P§AH LT §I 35 1477 B RERT

/N T e, FsE b, MS-TrAdaBoost 5k &2 2B A
AR T PEAT 5 BN N, 38 5 H s RIE AR M 5%,
FEHER) 7 RAR DR IKEE R B BN M {H. Yao %575
[4] HEE MR 1, MS-TrAdaBoost S 5L 3% N
CrhO(MN) + CO(Mny), 2, Cn 5 Cuw 73R I ZRE—
2 B UL T — BE R AL, ns NITH A AFEA S
o, AT LAE MO I O R I R AR S RS B O E )
REMR T 20 (5 FF ZERE BUBCOR 1) MR, BRI LA A8 4
RIILAYIERERE . X TDT 5%, Lee S54E3CHA [13] 45 H
THE R MFRIER O(d2nmax +b2) + O((di — ds)dinmax)
Hrh, de 5 de 5390 R EHE 8RS H AR Bl 4 1 8 YA 4L
Nmax M EAE S I GAE AL H AR AT % I 4R A H0h 1
KA, bs WIZIEATS B PE B KM AR, AR ok,
TDT BN —F ¥R 1 kR IEE B Hk, HE 0
SRNT 252 A MS-TrAdaBoost 5y, PiAHELE R
A LLE H, O(d2nmax + b2) ~ Cn < CLO(MN), X T
O(ns) = O(Nnmax) > O(Nmax), O(M) =~ 0(d?), HfiH
O((d¢ — ds)dinmax) = O(diNmax) € CwO(Mny), i TDT
FEE e B i /N T- MS-TrAdaBoost #.7%, RIAES T
i LRI 2 h T R PR AT AR B E

# 1 UCT Hinskinm
Table 1 UCI dataset

BIEHES JE P BTk FEA%L Hopndk J A ESTIEYS FEAEL
Iris 4 3 150 Hayes-roth 5 3 160
Balance scale 4 3 625 Ecoli 8 8 336
Car evolution 6 4 1728 Acute inflammations 6 2 120
Chess (KR vs KP) 36 2 3196 Haberman’s survival 3 2 306
Mushroom 22 2 8124 MONK!’s problems 7 2 432
Nursery 8 5 12960 Mammographic mass 6 2 961
Statlog (Heart) 13 2 270 SPECT heart 22 2 267
Wine 13 3 178 TAE 5 3 151
# 2 UCK HdlasRor Frfens Ll
Table 2 Performance comparison of different algorithms for UCI dataset
UCT Heiihe STDT-C STDT-P MS-TrAdaBoost TDT
HERE FERT (s) it FEI (s) KR KENT (s) i RE FENT (s)
Iris 0.8558 0.0156 0.8423 0.0161 0.9395 1.5333 0.7873 0.0163
Balance scale 0.8035 0.0079 0.7554 0.0078 0.7955 0.7085 0.6631 0.0083
Car evaluation 0.7787 0.0210 0.7404 0.0211 0.7416 1.9778 0.7005 0.0217
Chess (KR vs KP) 0.9258 0.3450 0.9220 0.3390 0.9261 32.8913 0.6338 0.3435
Mushroom 0.7127 0.2857 0.6959 0.2678 0.7391 27.9687 0.6928 0.2868
Nursery 0.8921 0.1072 0.8922 0.1055 0.8403 10.9889 0.8281 0.1080
Statlog (Heart) 0.7840 0.0906 0.7807 0.0897 0.8580 8.7501 0.7576 0.0917
Wine 0.8136 0.3976 0.7785 0.3947 0.7882 9.6830 0.6536 0.3992
Hayes-roth 0.7083 0.0188 0.7531 0.0183 0.7023 1.7063 0.7634 0.0195
Ecoli 0.9014 0.0626 0.8913 0.0621 0.8524 6.1985 0.6448 0.0534
Acute inflammations 0.7563 0.0144 0.7899 0.0136 0.7995 1.2419 0.4118 0.0147
Haberman’s survival 0.7148 0.0137 0.7311 0.0133 0.6984 1.3438 0.7377 0.0144
MONK/’s problems 0.8455 0.0195 0.7992 0.0194 0.8325 1.7610 0.5041 0.0200
Mammographic mass 0.8010 0.0154 0.8166 0.0151 0.8022 1.4095 0.6128 0.0157
SPECT heart 0.7595 0.0461 0.7962 0.0450 0.7468 4.3024 0.4937 0.0476
TAE 0.9260 0.0203 0.9334 0.0202 0.8933 1.9343 0.6400 0.0214
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O((d?naxnmax + bgmax)N) ~ ChO(N) > O(dgnmax + bgs)v
Ce = Cp = Cu, 1l O(N) = O((d: — ds)d;), # STDT [f]
IR EAR T MS-TrAdaBoost 1145+ TDT. iE# K & 51,
STDT HVEEST ZWHHLH], 55 TDT FHEKEETE &, R 5
T T R IAT S U A I, BRAR T U B R, L5
ANFT MS-TrAdaBoost (AU Fi777%, STDT HIAHLEE
I 5E ML BE AR L Hox 2 AT RS YR 4 BOBUE, ATARIE T 1E

4.3 ROC Hh#&5EMED

N T AN B Bk Ay ke, B 2 SR T
STDT-C. STDT-P. MS-TrAdaBoost 5 TDT %+ %44
Balance scale A~ A/ 2515238 F B/ ERPE (Receiver operat-
ing characteristics, ROC) gk, —fekii, X T n MR8
ROC FMYEECEIES] n® — n, Xn > 2 I8, AR B HL 5 I
T EARFPE. AR RIZAN )8 &5 Balance scale HIRE—2K,
B 1@ ROC gk, Wi 2 (a) ~ (c) B, Hrphiskbs
AR (False positire rate) ARIEIE, B4 A4 E A1 7
RFEARLE AT KPP & ), HARHE TPR (Ture positive
rate) AR IERZEK, RN ISIEMM EIFEARLE AT LA
Lt

X ROC fhekmis, HoEEin /e L, R4 2R MR
U, RIEENE LS AT B8/ B 7 S AR e IR oo 1) 1E 2K 1) 23
. HE 2 LA, 6% Balance scale 5 2 Z5F158 3 2501
AR b, STDT-C 5 MS-TrAdaBoost K& F, L+
STDT-P 5 TDT §53%, mifEs 1 88930 L, WJE STDT-C
T H A =M, AT S, E8YEIE Balance scale [175
FRRR I, 835 STDT-C AEih, Eih53% 2 2 HHE A
FF. W TH: TDT, B 2 nf LRI, Ho T-A [F 250 1R
MR IEATRE, 76 Balance scale 25 1 J85 %5 3 J5191R 51
R, MAESE 2 28 RARZE ) ARIL T BT AL 1 )R R

ROC ik

TPR

“i| - GTDT-C
i | ===STDT-P H
5| m=——MS-TrAdaBoost|

0 ; ; ; ; ; ; : ; ; ;
0 01 02 03 04 05 06 07 08 09 1
FPR

(a) Balance scale # 1 2%

(a) The 1st class of Balance scale

ROC ik
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| == STDTC
: : : : : || ===sTDT-P :
018 i e MS-TrAdaBoOS|
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(b) Balance scale % 2 %
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TPR
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Fig.2 ROC performance comparison of algorithms for

different classes

AT E M GEAN RISy R R, AR AT AUC
fabs T UM E. Pl AUC, {3 ROC 2k FRYmM, X T2
SRR, AR AUC $Rbs A HRE—38 AUC Hnpsn, Bptol:

AUCqota1 = Y p(ki)AUC(k;) (18)

k€K

Hp, K ARES, pks) A ks R LLE, AUC(K;)
KNk FKEROC LR AUC $5¥5. B 3 2 54 5d B Ar il 2k
FEARB UL AT EHCX AT A IE, 4 T ARSI T
AUC Bl AUC btz AR BRI PEREXT LL.
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Kl 3(a) T, BHFIIZGFEAZH nr = {10, 50, 100,
150, 200}, ITBWH I N = 3, B 3(b) T, T I
N = {153757779}7 U”é}?ﬁj&iﬁﬂy nr = 10. Ehlgl 3(&) ﬂ
LG H, B ne IR0, 4 R85 AUC 32 FAHES, &
LAERIE 200 MNGFEARS, 53% STDT-C STDT-P. MS-
TrAdaBoost [P AE#T—8 RE WL, 76 nr € [10,100]
Kr B, STDT-C 5 STDT-P ()& % 1 fig & i A T MS-
TrAdaBoost, k& H, 2 HERINZFEARBIR DI, A3
HA PR T AR AR R 4 B4R BT B LI AL T MS-TrAdaBoost
595 F2RFEABUE T HHLE. 5345, I AUC ArdE 221221k
AR E, FT BIITH M = REEL T AT R TDT
SE, W T ZPT R A B R R AR R E T
Kl 3 (b) EEET AT IEEN 4 FhEE AUC PEREFaFRXT
Lk, ILLEH, S 2 FER H ) MS-TrAdaBoost #EiEH
BHOERI TR N =1 I, RIE TRERMRE, 1 STDT-C
5 STDT-P Sk I ARBLUEE 40 s HLHI AT 3 T R 4 (¥ 9 ik
PRAE T BIVELE T B SRR A I B0 R AR B AR R A NS 1)
SRR TE AUC FrUEZERINT L I, 58T HARFEAR
2 kAR R, 52 BT YR CRUE T S nAS R
A AN, A LA AR s bR 7T A2 R £ H 3R /b
W R, 75 STDT-C 7F fiZk r w38 RI0H 31
REVEN AUC FrfEZE, X RAEIT RIS 2 1328 T %
HIEE, M N > 7 I8, Hk STDT-C Ik AUC itk
EHIAET 0.05 LUF, AEEMN 0 FEREERFE T s e
/ri.

0.9
_ 084" "'
s
< 7 : ; : ’

(b) HTITHIE
(b) Based on transfer sources
3 HHLE AUC ks 5 AUC bafi %5t E (Balance scale)
Fig.3 Comparison of AUC and AUC standard deviation of

different algorithms (Balance scale)

44 XAEAHEHEE

AR A 20 4 Newsgroups % 4 45 HE 47 #1 20 59k
P05 B X b, B3R 45K H AT 20000 AN BT AL SRS, W
Jeo20 AR A S I N 2, W ER 3 o, AT IR )
I 6 A E K TEBE B35 Hl: comp.graphics,

0.9 T comp.os.ms-windows.misc, comp.sys.ibm.pc.hardware,
T 08 s .o__ """""" $ comp.sys.mac.hardware, comp.windows.x; i.3%: rec.autos,
S 07l o : rec.motorcycles, rec.sport.baseball, rec.sport.hockey; F}

. =&+ STDT-C W . . . . . N
E:) ‘‘‘‘‘‘‘ : : —e=STDT-P 2%: sci.crypt, sci.electronics, sci.med, sci.space; 4 ff:

0.0 F oot —8— MS-TrAdaBoost| | i N . . o

: S e misc.forsale; ¥# ¥f: talk.politics.misc, talk.politics.guns,

0'50 26 4‘0 6b 8‘0 ]0'0 ]éo ]4'10 l|60 1é0 200 talk.politics.mideast; %#(: talk.religion.misc, alt.atheism,

ARRFEASL soc.religion.christian.

S — %3 it T RN [ OB S RO P R L. 3
IR BT RS S0k, 4 2 FloR: iy Li 207 48 A0 B A A ik
ZE o1l e ' i (Weighted sum rule, WSR), 3 3 F1HHBL MS-TrAdaBoost

L Ll KM Yao £EJE3CHHALE  SCRF 1R AL (Support vector ma-

1] I i | i i | i | i . 2 WA 1] —\ N =1 AT
0 20 40 60 80 100 120 140 160 180 200 chme‘,,ASVM) \ﬂ“ ﬁ‘%‘/}ﬁ%ﬁ-r E\Mﬂ“ﬁ_%}% 6 AN [\ 455
HATREASY AT % e —, IR YR g A Y AU P 1 3 AT S5 TR RS T
(a) HET HARIIZEA misc.forsale AT A G ME— iR e, IR A T FF2# 40U
b b . . M 4 % Y N
(a) Based on target training samples E,]IZ’S% sci.med XT/E‘:'LH/TTT é{?ﬁ EB% 3 ¢ﬁ%ﬂuﬁm7
# 3 SURGFEMEREA L
Table 3 Performance comparison of different algorithms for text classification
STDT-C WSR MS-TrAdaBoost
HARMESS JSREATT 4

bl 3 FEI (s) bite FEIN (s) bite FEI (s)

comp.graphics 4 0.9155 0.4631 0.8690 1.6243 0.9012 4.1318

rec.motorcycles 3 0.9112 0.3232 0.8622 1.3154 0.8936 3.2381

sci.crypt 3 0.8947 0.2987 0.9114 1.2194 0.9232 3.0854

sci.med 3 0.9245 0.3119 0.9392 1.1875 0.9485 3.2198
talk.politics.misc 2 0.9613 0.2019 0.9637 0.8124 0.9371 1.9882

alt.atheism 2 0.9193 0.2238 0.9207 0.8447 0.9306 2.6213
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CRENF I E B E T A EAR K, MS-
TrAdaBoost 4L T STDT-C, i & 43 25 #E Ik J7 1 W &
WEZ R, STDT-C & 9E 2 HUK M it TG ik AR5V, MS-
TrAdaBoost T HAGIRLEAIAE, M43 HLFEN 5K, it
I AT RETVE. Ak, R WSR BTSN, AR AT
HERAAE I SN T Bk e 8, A4S i) 801 SR figf 3ot i AR

FH50%.
5 #hig

&t PIORABL LA 5 1) R SRS 1 RS U vk, AR T
TR AR 43 A 26 T 40 16 STDT-C Sk 556 T #6421
STDT-P Sk FEZAALUUTE A 1) X EB IR LR
S BT & N, BE AT AREAT 2 08AT 45 A T B, B
AT LA BB 55 PR IR BT B, JFEE G S £ 2 15 ]
LAV 1) SR AN [ (R Rt 5 30000 75 2K 2) ARABLEE S s ML 45T
R T I e 25t T B X Pk, FEAR KRR BB T ST 1 )
REME; 3) A T BCALIT RS s DU Id s o5, T T R YRR
REIEERTER SRR, 325 TR N8R, 520001
Z PRI S MS-TrAdaBoost i LA FEAG IR 1) 55 4 3
4) STDT-C oV U il Y5 AT 55 B4 4, A 00000 A% % o8 o
W, AEABURE TSR O & B IR IR SE 4 1R IT RS RE L ; 5) X T
JEEAR AT g7 [ (45 8, W LLRA STDT-P Hik, HiJ
T AR TR AR A 1)y G S T R S A R
— P A 0 R 6) 55 MS-TrAdaBoost #1 TDT #f
b, TR IR DI, STDT A ks, ik 71T
RS H & K AR k.
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