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A New Implementation of Multi-task Naive Bayes Learning

SUN Lijian, ZHOU Yun, ZHANG Weiming

(Science and Technology on Information Systems Engineering Laboratory, National University of Defense
Technology, Changsha 410072, China)

Abstract: The multi-task learning models often exist the problems of low efficiency and insufficient use of shared
data information, this paper proposed a new implementation of multi-task naive Bayes learning method. Based on the
naive Bayesian principle, this method introduces the classical single-task naive Bayesian learning model into multi-
task learning problem. Through two new updating strategies, the prior information of the overall data is better utilized
to improve the classification performance and generalization ability of the model. Compared with the current multi-
task learning model, the method has significantly improved the operating efficiency of the current model. The
experimental results show that this method is superior to the single-task naive Bayes learning method and is superior
to current state-of-the-art multi-task learning methods in some datasets.
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3.1

3.2 NB-MTLE%

BAAT 55 Fb 2R DL 2 I BB AR S 8005 ST B VA 2 EEAT 55 2 (R IAE OGP, ROAR STt — o
(1) 22 AT 55 A1 28 DI 37 2% 51 O 2R 4 m A B 1 2 AR Az ALt e . BRI RAE N, NB-
MTL 531 563 F NB-STL 5324 &% MESS LIS BT vtk 1L, %2?%':@% m = 0% ACH )
53 P’ (C, ) AR B (u, | C, )« HIEEIIE, Xt BT 1T 55 R AL A 5 AR S U R AR B i i
ITBHE R, ERSL, 0 3.2.1~3.2.3 TR, BRI, iBACH O EEME S 0 fe 2R bR 2 Se B
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3.2.1 NB-MTL(Overall Iteration)
7E NB-MTL M ik vkt BUH a3 FHA X Ay, II4A5 m =0 i — ML

% % PO(C,) A% P(u, |C) o & A B ok WA N X, i K A% Y, . 4
=f(X, B(C).B(u,1C,)) mf(X,P(C,),P(u,|C,)) Fm5F Hbr 20 % %
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P(C,) Ffth P(u, |C,) BIINECHRAE X HOSARSE § - B TR, A IETAES 7 AR N
(X9 )= (X Xy X, L 973905595 0) ?iﬁz?&%( )RS 7
5656 PP (C,) o ERFFATAES KRR 50 . 5 AMESS S m B ARIG 5630 P (C, ) Bhar 2 S 5
It SRS 7 ks B, WP (C)=a-Pr(C)+(1-a)-P"(C,), H+HP"(C,)%x
85 m USRI 8 e MES B8 K A FURAEI0SE R . RS m AR S T P (C, )
P (u, | C) o 3 Rt oy E([97, 95 90 |) KT E([97.950 097 )+ Wbt 26 5

P (Cp) At s 364 8093 E([97. 95008 |) B B (C) M E([37.95-..97 ])
SERURHEN T SR 2E ISR R, 402 RV & TR L 11 (T
P BRI | TR, R g (X, y) 2R TR e X RIARA y o B HIK
bR %% P(C,) .

)it
B (C
()

* 1 BMIEAEEE
Table 1 Overall Iteration algorithm
MN: X,y (E%c=12,.,7 Mil%E
& WSBIMA
a: FIE
b P(C,): WKL R

. JEF NB-STL #J4atk, #F Xy, H#F m=0 %% B’ (C,) Ml
B(”d |Ck)’ B [BO (Ck)sB(”d |Ck):|:g(Xt5yt)

2. P*(Ck)<—R°(Ck)

t

3.9 =/(X.B(C). R (4,1C))

4. repeat

5. y'=f(X,.B"(C,).B(u,1C,)). t=12,...7
6. (X9 )= (XX s X, L 37590590 )
7. PA(C)=g(X,.57)

8. P (C,)=a P (C)+(1-a)-P"(C,)
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9. v = f(XL BN (G ) B (u,1C)) s =127
. it ([ L8 ]) > €30858 )
1. P (C)=P"'(C,)

12. endif

13. m=m+l

14. Azii

15. until A<eg

3.2.2 NB-MTL(Optimal Iteration)

MMHLW%%ﬁﬁ%%¢W%ﬁﬁ&%Ew%ETﬁM%ﬁEﬂ%E%m$¢%W$
PR X BRI RIAE S, TR M SRR R I AT 55 h 3R BUOE =45 B - NB-MTL ik U5
EHE SRS SIS E M — ﬁ%ﬁ&ﬁﬂ%ﬁ%&itﬁAE%m%ﬁﬁﬁﬁﬁﬁ%4

LS R Ao E(§7) - BEW, NB-MTL BARISARSLEAS &(§) ) BRIES ¢ fE ML
7' MBEEEA BRSNS, BEILMZAES PR RAES 7. A4E% 7 tsim e n
(X35 )= (X 90 ) 2T (X, 97 ) HEBARATS 7 005e% PE(C, ) o TR I HI
B REEG B P (C,) . RRIEREEDSE 2 FiR.
F2 BAREAEE
Table 2 Optimal Iteration algorithm
N X, y,: AT%t=12,..,7 M%E
£ W
a: FAK
S P(C,): BRI
1~4: [FZR 11 1-4 17

5. 9/ =f(X.B"(C).B(u,1C)) t=12,....7
6 r=agmax(£(37)) (Xr95)=(X,57)
7. PR(C)=g(X,.97)

8~15: [AF£ 1 /) 8-15 1T

AR EAREE S SRIERER X ) EEAAER 1 F1E 2 15 6 1T,
3.2.3 skl e
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M NB-MTL 5075 (T B 00 P T LU th, 450780 2 500 7 S ARt AT 6 2k
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-P" (¢

t=1 k=1

A< e BEIRIRSE, PUERAERI P (C,), MR ERISL, HREIFER 1R 14 R 1S 4T,

e Ja, BT RERR P (C) IR P (u, | C, ), B4R 3.1 F1 3.2 BT HH 5075 8 R 4
R Y AR
3.3 BigoH

3.2 TR NB-MTL HiE#EAT TR, BARUH 7 NB-MTL 5L SEHLA T o AT K B 18
I3 M I FE 3B NB-MTL B4 T 481 NB-STL H.iZ:.

M NB-MTL LR S22 &, NB-MTL 555 485 T NB-STL Sk 7 WIt41k,
M 3KAS 5 NB-STL SikAH— AT 45 S I FLLAR, AT SRAIEFE NB-MTL SyE7E B HHH
NB-MTL %32: A1 NB-STL #% E. 7 HH [A] ) 14: g

FHUATEHT 5 NB-MTL 535K SRR A B4 S8R S5 i BT 25 A R R AT ) e 3
5, MWIMESSAMTESS RS T eIk 7815 2 - NB-MTL SR i 45 AL 43 2R R0 J W% 45 B 1
AR I NI =S B A B A ) o RS, 2GR, R4, @it
EIRHUE], AT DUMRIE NB-MTL ST i S 22 EE R, E40E R, B EEREr
AW R0, NB-MTL H%AT LUZ S 7E NB-STL Sk 2 ail_EFE B K 70 820 R, AT ARIE T
NB-MTL 532 (AR ek

4 SLWHERSSH

41 XWIKE

U E NB-MTL VA &, AR F1ABX & A EIER 0 B AT VP4l B A
SPREERW S EH FLERR. NB-MTL HiEM S e BN 10°, a "B N 0.3, SLEEL
HELE N Inter Core i5-4200M, 21T NAEN 6GB 1 64 i Hilixi 1247 NB-MTL [P Rk %
NB-MTL(Overall Iteration), NB-MTL(Optimal Iteration)) 5 Fid =77 LT X} H

(1) NB-STL

GEE S B AR TR AT S AN E DI s S . O Tk SR R A G B AU
. RN TS NB-MTL — 2, KA EA T, BIAR 3.3,

(2) VSTG-MTL

VSTG-MTL 455 81 v (- A F 56 B 2 il 1 PR SRR RE B R e AR, 3K S8 2 [A] N 1E AT A 55 2
() ) 748 B 3 3 R 2 S AT 55 [R) P B S AL A 4, T 8 s A Y )2 A 1k R o ALY R I S 405 5 SOk
[14] HiFITicE.

3) spMTFL
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42 ERBIEERER

ARSI 5 A UCT ATFE RS Lk T, BAEE D WM colic(368), credit-a(690),
ionosphere(351), kr-vs-kp(3196), mushroom(8124), sick(3772), spambase(4601), HH 55 A H)
BAE NN BIRENEIEE RN B9, T Weka X FREida 347 WAL BE, b3 B R AH I
XTHCE AT B AN el . AEFRSE RS, 0BT S5 R AR AT AN R BE MR A o B X R
HARBENL 2 BR 50%HHFEAE B LLE 2 AL 55 %1 %558 VSTG-MTL 1 spMTFL L I2 AL
il DR B RHIE R, AR ECHE SR A 2R 2O (35 (317 B 4t ;. NB-STL A1 NB-MTL H T4k
EHCECE DRI B G B xS SRR AIE A

SE AR AL 5, SR S 728 XIS AEIERT AN [FIBE B 3EAT M o A R 55 &2k
SERME FLAE, SRS R 3 .

3 A[EIBBIIE A R S SR 4

Table 3 Experimental Results of Different Models on Synthetic Datasets

NB-MTL NB-MTL
F1{H VSTG-MTL spMTFL NB-STL (Optimal) (Average)
colic 0.8156 0.80902 0.7905 0.8201 0.8274
credit 0.6943 0.72532 0.7245 0.7560 0.7295

ionosphere 0.9023 0.89992 0.9003 0.9068 0.9008

kr-vs-kp 0.7538 0.77700 0.7053 0.7441 0.7409

mushroom 0.8971 0.96982 0.9173 0.9178 09175
sick 0.9830 0.97452 0.9702 0.9703 0.9705

spambase 0.7943 0.8658 0.8274 0.8300 0.8280
Ave. 0.8343 0.8602 0.8336 0.8493 0.8449

R4 ANFBRAE G RS BRI AT (A
Table 4 Running Time of Different Models on Synthetic Datasets

Time(s) VSTG-MTL spMTFL NB-STL E)itll\fnz; gf:ﬁ;;
colic 13.4880 45.2250 0.2190 13.7350 12.0850
credit 7.5310 41.5830 0.2650 12.4760 11.4630

ionosphere 23.2760 61.1700 0.1250 11.9380 12.0930
kr-vs-kp 17.8560 41.1670 0.2340 16.1520 16.4460
mushroom 100.6760 99.9720 0.3130 22.9940 21.5480
sick 18.0980 37.4340 0.2190 17.3880 17.5100
spambase 53.0560 83.5450 0.4220 17.5870 17.3910
Ave. 33.4259 58.5851 0.2567 16.0386 15.5051

MR 3 A LLE H, NB-MTL # R 7R /N & 4E colic. credit. ionosphere A5 | f A4 A A Y
ROR, AR T 250 U B, DU S A0 o] DUSE A Rt sR # M A5 B AN 2, T AR
SEUFI) 3 R CR . TR, NB-MTL(Optimal)#& 2 7£ colic. credit. ionosphere. mushroom. spambase
AR FHT VSTG-MTL £, {iF B NB-MTL(Optimal )/ 7 & B 5 37 ) J T 7 5 Z o 1
ZALSG AL RA BRIFMTERE. B colic M sick ZiE4E 4L, NB-MTL(Optimal)# %4 T NB-
MTL(Overall)#7 , M IME H A LLE H, NB-MTL fAE Lt VSTG-MTL #7% f1 NB-STL ## 7%
B T4 1A E D s, B TR AN VSTG-MTL AL ) 1/2. [A i, NB-MTL # %4 £ ionosphere
Al sick FuEdE LHUS 75 spMTFL BB AFH U &R, (HIZ4THF ] b spMTFL #4550 1

http://tunedit.org/repo/UCI
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21 1/3. H—5H, HigoPrAIsLitst B EH NB-MTL #5845 18 T NB-STL 4}
A, MIMAERZ NB-MTL #& 7 LA E 47z (etEfE. Mk 4 aRLE— S F N, ERALET
i) [, NB-MTL BRI 1k g B Z0 T VSTG-MTL BRI AT spMTFL A8 . 25 FAf L4538, NB-
MTL #E R E T 5 RCR AN o0 FECR AR T 24 a0 I AT 55 2% SR
43 EXLHEERER

RN T B RAE FT R AR T AT, AR SCR A 24T 554 31 4 i School exam 4 4 A )
SRR AT LIS . School exam HUHE 42 HHAG BEEE MR N ERA R HA R4, BaE
1985-1987 4E =AW A 3L 139 A 221 15362 &AM H RS ZEIEES 139 MES A
15362 MEAE, BAMTSS FIEZAE N B — N A — A A 5 R 8GR ERME 3 A
B 23 AN B E RN, DN ER A RS . AN School exam 4
LERAT IR, FHXREARRFREIATRI o M2EAE MG T 20 BN IEREA, f 6984 %, (Lt
45.46%; HMMBUNTET 20 FEONTAEEAR, 5 8378 4%, itk 54.54%, IEFFEARZELZIAN 1:1.

A28 %} R 45 School exam E¥EHEHAT TR 5, KR 5 758 XIS AIE VX A [R5 AL 1E 470
WIFTHEAFMES L& R RME FLE, LR RIE S Frr.

S5 ANFIBLAAE BSE A 4R L S G 45 R ANIE 4T B 1R

Table 5 Experimental Results and Running Time of Different Models on Real Dataset

School NB-MTL NB-MTL
Dataset VSTG-MTL sPMTFL NB-STL (Optimal) (Average)
F1{& 0.6743 0.6701 0.6611 0.6781 0.6611

Time(s) 308.1290 173.0650 0.7500 56.5740 54.9000

MFE 5 7L H, NB-MTL(Optimal) B AUA 2 [ AR R 73 R0, T Hesa. ik,
NB-MTL(Optimal) %4 B 4R F1 {105 T VSTG-MTL #:i%4 0.0038 A1 spMTFL #7% 0.0080, {H
TESLE I FE R, NB-MTL(Optimal)85 8 [ v+ 500 (8] {8 VSTG-MTL #2241 1/5 F1 spMTFL #
R 1/3, BT RNE F R, SEIRgE R, NB-MTL A T2 5300 10 2 JE8U R FB A 1) 2
A RE S AT AT I 6

5 ZERIB

KRICHE NI ZAT 55 2 IR AR L, XX A R T — P 1) 2 AT 55 5 o) i Y
NB-MTL. 7E55 3 7, AKX NB-MTL B8 AT AN A, Ti8H 7 NB-MTL A58 i Fh 11 58 87
HEWS o Fe e, AN A NERE 3 B ARG BB (1) A BE VR UE T NB-MTL A2 565 ) F AT 55 2 [A]
FIAH S S m A AL e e, RIS B AT Az A M BE o A SC H TSR A GRS 38 DL - A 72 4 4 i
SIS, fESRS: TAES, WD B 5, S NRFIE TR AE DG, X 158 2 1 e 10k 47 1F
— PR E

SE Mk
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