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Automatic art analysis based on adaptive multi-task learning
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4. School of Media and Design, Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: Objective To improve learning efficiency and prediction accuracy, multi-task learning aims to tackle multiple
tasks based on the generic features assumption those are prior to task-related features. Multi-task learning technique has

been applied in a variety of computer vision applications on the aspects of object detection and tracking, object recognition,
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human-based identification and human facial attribute classification. The worldwide digitization of artwork has called to art
research from the aspect of computer vision and further facilitated cultural heritage preservation. Automatic artwork analysis
has been developing the art style, the content of the painting, or the oriented attributes analysis for art research. Our multi-
task learning for automatic art analysis application is based on the historical, social and artistic information. The existing
multi-task joint learning methods learn multiple tasks based on a labor cost and time consuming weighted sum of losses. Our
method illustrates art classification and art retrieval tools for the application of Digital Art Museum, which is convenient for
researchers to deeply understand the connotation of art and further harness traditional cultural heritage research. Method A
multiple objectives learning method is based on Bayesian theory. In terms of Bayesian analyzed results, we use the correla-
tion between each task and introduce task cluster ( clustering) to constrain the model. Then, we formulate a multi-task loss
function via maximizing the Gaussian possibility derived of homoscedastic uncertainty via task-dependent uncertainty in
Bayesian modeling. Result In order to slice into art classification and art retrieval missions, we identify the SemArt dataset,
a recent multi-modal benchmark for understanding the semantic essence of the art, which is designed to retrieve the art pag-
inating cross different modal, and could be readily modified for the classification of art paginating. This dataset contains
21 384 art painting images, which is randomly split into training, validation and test sets based on 19 244, 1 069 and
1 069 samples, respectively. First, we conduct art classification experiments on the SemArt dataset, and then evaluate the
performance through classification accuracy, i.e., the proportion of properly predicted paintings to the total amount of
paintings in test procedure. The art classification results demonstrate that our model is qualified based on proposed adaptive
multi-task learning technique while in the previous multi-task learning model, the weight of each task in fixed. For exam-
ple, in “Timeframe” classification task, the improvement is about 4. 43% with respect to the previous model. In order to
calculate the task-specific weighting, the previous model barriers are limited to twice back forward tracing. The art classifi-
cation results also validate the importance of introducing weighting constraints in our model. Next, we also evaluate our
model on cross-modal art retrieval tasks. Experiments are conducted through Text2Art Challenge Evaluation where painting
samples are sorted out based on their similarity to an oriented text, and vice versa. The calculated ranking results are evalu-
ated by median rank and recall rate at K, with K being 1, 5 and 10 on the test dataset and performances. Median rank
denotes the value separating the higher half of the relevant ranking position amount all samples, whereas recall at rate K
represents the rate of samples for which its relevant image is in the top K positions of the ranking. Compared with the most
recent knowledge-graph-based model in the context of author attribute, the improvement is about 9. 91% in average which is
consistent of classification results. Finally, we compare our model with manual evaluators. Following an artistic text, which
contains comment, title, author, type, school and time schedule, participants are required to pick the most proper painting
image out from a collection of 10 images. There are two distinct levels in this task as mentioned below: the collection of
painting images are easy to random selected from the test set, and the difficulty is where the 10 collected images have the
identical attribute category (i. e. , portraits, landscapes) . All participants are required to conduct the task for 100 artistic
texts in each level. The performance is reported as the proportion of clear feedbacks over all responses. Our demonstrated
results also illustrate that our modeling accuracy is quite closer to human evaluators. Conclusion We harness an adaptive
multi-task learning method to weight multiple loss functions based on Bayesian theory for automatic art analysis tasks. Fur-
thermore , we conduct several experiments on the public available art dataset. The synthesized results on this dataset include
both art classification and art retrieval challenges.

Key words: automatic art analysis; adaptive multi-task learning; Bayesian theory; art classification; cross-modal art
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MRAE(7) BEAE 27 > BB Pl 45 2% B9 FH XS AL TR,

o WHARIN , HAR K STRRE /N s )2 =22, HeAB 2k STk

BRI H, (7)) B m 9 1E W I RE bk 4 o BRI

Ko B BE(5) M (), ALZAE 5T
T HARE LN

o min | 3 [L,00) +toxto [+ X w1+

we, wolt U S

13w - wi I 8)
K, y EHSE.

AR SCAE DU S S SRl R A T — b 3
AT I A AR AL B brE L=t (8) Fis,
P 38 R AT 55 2 S SR B A AR A b ) i E AE
RIRIZ2E TS, PN FE T AT 552 2 B 2 AR 53 bt
1155, NI AR SCAT LA 5 27 > ) Fh 5k A 1
AR AR XS AR, [ sk T DU 00 ) 5 | A i 40 45 P 7 ) e
ZMERR (AR N, A SO I TR e T 55 4L
WA MR, 7 £ 8 PR A RS 425 T R
PRI, AR SO R A KN FH T 7

Cipolla 5% A (2018 ) K M (7) Bty 1
ZAES R B, B2 5 T A SCHT AT Cipolla
2N (2018) J7 i I ot A v A DI dit 2 A8 S L
M2 TR AR & {8 Cipolla 55 A (2018 ) J7
AT INERES PN 2Rt 2k 25 b F I s iR A BLJe kit
—BISI, TR A SOy B AT I SRt N Zhdit 2
S PR B B — IS S, 33X 150 B 3 a2 ok DL
HE S LA IE IR 2 B 2R ER . fEEARE
TR S IR I0 UE T A SO vk A R

11

A

\
10 = = CipollaZ A(2018) 1
ol N

\
gl \
\

SR T BN

i’i§ 6 \\

e IN
5t N - /“\

g ~ LN
4t
3,
2
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jl[Ez
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Fig.2 Training loss comparisons during training procedure

2 HEZASHELE

R IRAIEAS SCHE Y 35 2T 55 2 T A Y 1
B, TE 2R MR B o b AT A sh 2R 7 Hr 92 56,
N Garcia 55 A (2019) BT EE AT AV LUER, BEAT
FKPLRAREER ZAREMG R SRS ZARER
KR m
2.1 ZREGEEE

WA 2 Fh AR R KR P, SR T — S8 AT
FEUNT BB - B0 B R AR /N BRI TE v DI TR 2
)R (Crowley Fl Zisserman,2014) EMFEARIEA
HA&ZF R (Karayev 55 ,2014) i & T AT
#H (Mao 55,2017) . A SC#E B Garcia Ml Vogiatzis
(2018) AAT Y SemArt 25 A FGE 5 2 A by 52 36 %
Ro VB — T ) R SCHRL ) 22 A S E
Pl AT U TS B K R LA K53 KA 55 . SemArt
ZAREMGE R A 21 382 IR ARZ i ER, A
W LBERL 3 Ry I R B | 3ok 4R AN 4 | 43 0 4 4%
19244 1 069 11 069 iP5, 3 22 A 2 i [£]%
FRE AT EAR SCAR TR LA S Z Tl & v (B anfk
# (author)  Fp % (title) . H # (data) . % R (tech-
nique) A (type) .27 (school ) FIHS ] Y | ( TF)
5F) o SemArt ZREIGEARE PAEA IR 3 o,

K3 SemArt ZAR G 2 A

Fig.3 Painting samples in SemArt database

FIEF) SemArt AR EMGEE AN I BT A 2
HFEEAEREA “ HI” (data) F1“FAR” (technique ) J&
PR ARG S PR PEIEATAT R . 1) “4E#” (author)
JEE. SemArt AR EIREHE AL 53 281 {7 AN [A] 1Y
YE# , 24 Garcia 1 Vogiatzis (2018 ) B %, A< S 1
PRI 2 /0 10 I8 2R 1R AR
/DT 10 BREVVEEBCE AR MM, et
350 fiAN[EIYIE 57 52) “ Bl (title JEE) . dliErh
A 14 902 AR AIAR AL, Forf 38. 8% AYZ2 i FL 4
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— A AEME—PEROFRE, TERTA AR D R A R
SRR WAIBRE;3) “2RAY” (type) JE P, AT BR
P AR A R RS TR R PR N L
AR T 10 MORER IR B T 432 54) “ 2
1" (school ) JE& 1k, BlREA 26 BT EARSHE RIS
A R ARSNGB 10 B2
BRI X S R i 44 R R M A, Sl g
25 AR AR, 2 i 7 M A 435 7 KR A [
AL ESE;5) “ WG (TF) J@ bk, AR A i i Y
BV )RS 2 i [R) YO s M. 7E20 JT 801—1900 4F
Z [BJ#% 50 AFE—N RIS RAE 4531 22 ASAS[R] A
[ Rl 28 U, A SC HOak Rl 24 vh 2= /0 0 &
10 T2z A BT ], St IscE 18 2B s [a) i
RIS, o (46— R B A S VS L, ik
5 gD bR A AL R MR T 2R ER 1)
P M R S e T 2R UG B KU AL 2
KIBPERIE T ZAREUG L2 T8 1 5 s 1] 905 ] e 1)
R T EAREGE I g IR SCR T 24T 55
5> 7 D RE 8 A T 2 I R ) N TR TR PR
2.2 ZAREGSERXE
2.2.1  SrZESEERYNTT SN AR

AR LB B G — A A2 3% 42 2 1 ResNet50
(residual neural network) (He %5 ,2016) /E N 1 Fr
IR BRRBE  #% . ResNetS0 i F H AR o 9 1 1]
SRIEUR 73 AT 55 W T R B AT 0D IR Ak, Hoar &%
JEBIACE I BEPLRI AR, A B AR L R g —
R 256 x 256 RE, FFRANLEDT LK Ny 224
BERI/INEL, IR 2 BA I X 223 18 [ R B ALK
FEEE DL IR AR B 5, ResNet50 it o — 4>
2 048 4EFE MY Im) 5, B 5 53 56 A LR AN [6) 28 R Y
1155 a2 AT 55 fif A i 2R ] — > 42 i 422 2 i
TR TE | AL i 8 /N 5 AT 55 v 8 28 5ORE X
N, G RS S S EOR /N —1~2 048 x (0,)
PR AE R (O, B MES 205 ), BARSE
R T O (8) M HA, X b AR A R R 4 )
TP B A5 3] —A> 2 048 4 14T 55 A ¢
A ZAE S22 HA X (8) . Ak £ESh & N
0.9,2% 2% 0. 002 5 FBEALES B F S AE 4k
75 o YIRS HEAL B ( mini-batch ) B R/ R 28 Fe K
IEARIECN 300,

g YRR SO R A PERE , e AN R R LA

1) B ZrAE A (pre-trained model ) , 198 FH T [7]

H ARG 73 24T 55 194 A BT R AL E /Y VGG16
(Visual Geometry Group network 16-layer) ( Simonyan
F Zisserman ,2015)  ResNet50 Lk} ResNet152 57
(He 45,2016 , b5 B SR G — > A2 e 45 )22 (1 i i1y
TN 2 HEAME S KBS, R — 2420
FEEAE AL iR A AR b oA A DR AL

2) TR Y (fine-tuned model ) , ZSPLTII ZhA5
A% VGG16 ,ResNet50 L) M ResNet152 7 Jf:
HBBURE— 2R R, A% 2 P ACE 28
Y FESEAT IO

3) N & BN 2 AT 55 27 ) B ( context-aware
multi-task learning model, MTL) . & T 5% 8 [N %% &
1, Garcia ¢ A\ (2019) 48 ) —Fl ZAE: 55 2% > 5 Al
(multi-task learning, MTL) 3£ [] 2% 2] 24~ 2 R4 55,
R S5 Z 18] AL 58 AH AL .

4) N 25 EE AR A B ( context-aware
knowledge graph model, KGM) , Garcia 55 A (2019)
KRR E RS 722 2] ZR @ P Z e M AR G &R
ek —d 2z 5 H 2R G SR PRI ROk, AR
BURRE B AR TR R, BE S LA 715 4R 3R
AL bt o ) R BN SCNEE

5) BUE A 58 P 24T 55 %% 2 B8 (weight un-
certainty multi-task learning model, WU) , i & % J&
FFAME S5 IACE AN E 1, Cipolla 55 A (2018 ) 1]
TEAEAMT 55 A0 2% R B 2 18] 27 2] 35 3 AL E, A
T4 AR AL 1) S PR RE

6) B BE 0 — 4k 2 4F 55 % > B AU ( gradient nor-
malization multi-task learning model, GradNorm ) ,
Chen 5% A (2018) $i i —Ff s & 19— 4k ( GradNorm )
A T8I AR R R P A B A 2 AR 55
YN, %] LA s e M I F 8> 2155 2 ()
i A

ik 6 AL rh | SR ZRA B A AR O £
GERITRE 7 ~] P 25 R 5 PN 3 S R 224 552 > BT
A 25 TR AR PR A A DAy A AR A T AN 1Y
AT 5525 2R B AN 2 M AT 55 2 2T A AR A
B IH— AL AL 5527 IR R AT SR AE R BT A i
WHRCERMZAT 52 AL, 5% 6 MECRLEAT [
B, W] AT A AN SO PERE
2.2.2 pRER

ASCHE SemArt B8 % AT 2R BIMG I3 2658
5, A O S TR (D IERR 2> S A2 M o 2
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B 1) BR T A AR RR B SRR (KGM) 7 36
B (type) 1155 ERCRIARLISN, A SO EAERZ 5L
OIRAES R AT T AR ERR M, 2) PO R
TIAE AR R IR 22 R N BN RIET A

0.85 T T

REG IS, AR 2R MR 5 RSB A TR i Y
FIGNRETT o T3E o X T e A6 Y PE A7 I, 0 ] LR
IR PERE . 3) A L T HlA AL, MTL 5%
# KGM #5510 38 o 41 S0 2R B b A S 1 o 1 56
L ARA TR I ER
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Fig.4 Classification experiments of SemArt database
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“2ERE” (school ) FT < [BI I [l ™" (TF) 43 2R A4E 55,
MTL B8 ) P BE A T KGM B RS 1] KGM A% B 7F
“RIY” (type) MI“VEZE” (author) 7328 AT 55 R I
£, XN, A ST 3 B e Ok 4 — B H AR
FE o WA ASOEWAL T BETATR A shifi e £

{15 484 2 B J5 % ( Cipolla %%, 2018 Chen 4%,
2018) , {EAFIERMRE, O T IR E AL 55 A,
Chen %8 A (2018) J7 %75 B MU 1 144 | BE B 5 3
Aoy T, LR, ARSI LR T
Cipolla % A (2018) 77k, $rilE T A SCT7 ik B2 Ik
DU BEE IA TE W IR A R A b B R3S
Had KB, A SO R RIS L™ (TF) 70 264155 BIAL
HIG R T (type) 73 24E 55 MIALEE , B W] AR 3C
5V T T I 9 AR SR S A Xk B X A 23 2
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155,
2.3 ZAREGKELE
2.3.1 KRSy

AR SCAE SemArt 2R FGEE e T HEAT 4 T 1Y
S A R 4% RS Y A M BE L 240 Garcia T Vogi-
atzis (2018 ) $2 1 A Text2 Art FOMSHE , BEAT IR 2R
SCAS KSR A OG22 1 LA SR 22 T Ay 28 AH G A AR SR
S, AT H Garcia %A (2019) BEALHEATAF L
B TR S e I N AR A 252 K e R AR
BB B R R D BERES AR R R
TR A R A

)AL g i 2% . B A B2 AR 2 i R 50— 43
R 256 x 256 4R 3 K/, I BEHLEL 59 BN Ky
224 BER/NEL, Bl G K FHAE A ResNet50 i A K
18, 1% ResNet50 i FH # o 1) T 2 A 647 90 1R
b, 5 K/NR 1000 4Ef M a,,, . 55— 7T, %
1] PR ] i A 380 2 1 58 5 1 43 25 8 b (il A
SCHE A AR SRR R MTL #5578 5% % KGM #5
R LIRS S R M S M i a,, , Z MRS A ¢
Agrit e FoR AR 2R ECH L g
TR ZGEE AN MR REEER, M a=a,®
a,o

2) VR FUE Mgt 2% . 2R 2 im B AT A
T TR — 30 SCR A (f-idf) S WG R T gAY PR IR
HFER/NA 9 708, H IR B0 d S v /0 8 & B
10 RIS BE T4 18, Bl S 28BS PE R A G f-idf
Mt b, . FALHE, 5 R/ 9 092 1Y ia]i
2,0 LR A AR L W AR G Ry ) — ) i by, o i
— R — 17 A X (one-hot) [a] 3 b, 4t author
type \school B¢ TF JE 1, H 243X 3 A ] i Pk i
Ki4E b=b, Db, Db,

3) BRI . N T R A B 1 A o)
P, B AR P R B0 D, A D, K a F01 b 55 3
128 dezslayrp ) AESe R BGE T — 2% 2 tanh
WOE REORT 12 0 — bR, — B a F1 b #5258
B ARSCR AT %A AL BE TS AT e HE PP 45 2R

R T YINERAE A FRAT AR A SO AR T 22 i
ARMERUCECNT SR )5 3 T A% i bR 2% si 55, il
SR R E (AR B IBE R AL |
B

x(a,,b) =

k=1
E#1

(9)

K, Csim KRR A2 XA BE LB eR B, 0 2 LB
0. 1 AL I {H,
2.3.2 KmILRATR

ARSCGHE L AE SemArt B8 E AT Text2Art 1T
SR VHAL A PR () P RE , Herh 2 I RS AR 4 5
ER SCARARIE AT HEY , RZ IR, KR4S
A5 A A BCHE 4 (median rank , MR) L1 & K B9
MK (R@ K) K HUE N 1.5 110, MR BUBARER, K
(A Ty, A R A SRR, O T AT AT AR
ROR, SRR JUR 7 3 17 HE 82 1) Garcia Fl Vogi-
atzis ( 2018 ) #2& H A CML ( context-aware multi-task
learning model ) BEAY | JZ AR AU XTI Fl bR 815 8 i
7T 400, AT PSR P 52) CML” . CML”
J& CML SR o SEHLRRAS , OR F AR BT 4 It
3) AMD RS izAsE BUAE I ik B vh R e 1 4 e
A8 FISC 7 W5, SR AR 7 R ) ResNet152 ( He 45,
2016) 4i#h, 4) Garcia % A (2019) Jrik, %TrikRk
JHAS Rl N 2 R G 70 2K 4%, A MTL-author | MTL-
type . MTL-school  MTL-timeframe , KGM-author , KGM-
type, KGM-school Fll KGM-timeframe , H 2% 5% 4 4%
Rk 1 MK 5 fos, /LA 5 HABBAIAR L,
ARSCTT B WA e Ve, B0, SR AR
(author) J& TERY KGM R RIAH b, AR SC 42 F T
9.91% . fHJH*“ 24" (school ) J& P M) MTL F R4
AEE T KGM AR | ifif KGM B AUAE “ 277 (type ) FlI
“YE&” (author) JEME Ty TR LB AE, A SC7 kAR
TRRr—B0T B BFeE , I 3 & T S PR i B RS
K o IRl 5 HATRAT R A e 245501k
A J7¥E ( Cipolla 25,2018 ; Chen 5 ,2018) #E47 1 kb
B AR SOTEAE ZARR AT 55 UG T BRI

MF 1 5 BT LA K 5 46 e Jm
14 42 JEL R 1 527 ( ResNet152 \ MTL , KGM F1Z 3¢ J
V) B AMD AR SRAT BRI MR T, SR AN [F)
JEYEZ R PERE 22 8K, 7E ResNet152 \MTL . KGM
ARSI, 5 2L (type) |\ “F#HL” (school ) il
“IFRIVEE (TF) B PEAH L, “4E# " (author) JEPER
A AEVERE . ASCHEN X RIS il IR T s
PERYZEBIECH A BT,

1 - CSim<Da(ak) ’Db(bi)>
max(0,Csim(D,(a,),D,(b,)) - 0)
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Fz1 SemArt ZAREGEIEE L
Text2Art £ B RALEHE R
Table 1 Median rank results on the Text2Art
challenge of SemArt database

T AL ECHES
FAE Ja
IARKREE  AERR IR
CML HAfH 14 14
CML~ A 10 12
AMD author 17 16
AMD type 17 16
AMD school 19 16
AMD TF 20 17
ResNet152 author 7 8
ResNet152 type 9 11
ResNet152 school 10 12
ResNet152 TF 18 16
MTL author 7 9
MTL type 12 12
MTL school 8 10
MTL TF 9 12
KGM author 6 7
KGM type 10 10
KGM school 12 11
KGM TF 10 12
WU author 7 10
WU type 11 11
wU school 8 11
wuU TF 10 12
GradNorm author 6 7
GradNorm type 9 10
GradNorm school 7 9
GradNorm TF 8 9
AL author 5 6
AL type 8 9
AL school 6 7
A3 TF 7 7

AR H Garcia Ml Vogiatzis (2018 ) (%, ¥
CCA( Garcia F1 Vogiatzis,2018 ) ,CML( Garcia Fl1 Vo-
giatzis ,2018) . KGM ( author) WU (author) ,GradNorm

(author) FIA L J7 1% (author) SE 1A 5 A P52
RIEAT LB X T 45 0E 1 2R H 38 1% 7 R
(comment) AR (title) AE# (author) (2 (type) |
2F 1 (school ) FET[A]YE Rl ( TF) , ok AZSPEAL &
10 18 EUR h #8538 19 MR . AT 55 60 25 7
AR BN Ry SCRIMERE S 2 1) 25 5 91, BV
A T Y T A 2 1 AL S R R 52 ) IRES
RT3 0 ER s 4 b 10 i LR A A ) Y s M2
TGN A AR ORGSR ) o ABERD O PR A N B
100 W& AN ft EAT IR, IF G0 3 55 26 00 B B2
FORMNE 2 s, WRPATLUE Y AR SO R
HoAth J7 v ge T AL, ON ROCR 2 E T N Al Y

AR
3 #

ATy v ME — T B E S BRI y
((8)), K3 FI2%E T y AEIBUEX T ZAR KR53
AR5 K IR, AR, y TEARRIE T,
ARICTTE PR EREA RS, by = 13K
SRS, RSO AR, y ZECRICE E

N T IREAF BB T2 408 AR 5 B A
SCIE I A5 2R SR MR R A B AT R 2P
WH5E . BARTTS , A SCNEARENG 73 AT 55 Pl e
B, 37 H Davies-Bouldin ( DB) $5 %% ( Garcia 5%,
2019) TR § MRS b Z IR n] 43 By, HAR Ry

DB =y X (max(® 2% 0
S N PR R | HUE dispersion) &, FIJH
25 (separation) &, 73l E LN

1 1/p
& = (mz;\\x —CL-H") »oea = I -Gl

(11)
K, CARREEE L, CARERRE WL,
T I 2R AR v i AR 20 R 2 1 R A ) 1) 3
P=2, RIXFHANEE" (author)  “ZEH” (type) .
“EERE” (school ) A B [AIYE [ (TF) J& M PEAl A [\
BAIAPERE . AR, DB FEEME N R 5
P

&l 6 AN [l 1 B W] Ja M 1Y) DB 48 4

B 5 UL, ResNet152 5580 45 B 45 25 i 28 3o ko8 1
ResNet152 A& B4 g 5 MTL 5%, KGM 455 5 (1 14 GE A1
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CML
CML*
suedfenes AMD author
= %= AMD type
=== AMD school
—&— AMD TF
Res152 author
Res152 type
Res152 school
Res152 TF
s=={p=== MTL author
== 4= MTL type
= mmm = MTL school
—&— MTL TF
saenenes KGM author
= %= KGM type
==l = KGM school
—F— KGM TF
==#¢ ==+ GardNorm author
= <= GardNorm type
—>— GardNorm school
—+— GardNorm TF
WU author
WU type
WU school
WU TF
seaE3=es AR5 author
— O— ZF)‘UW%’ type
—h— A J5i% school
—— Ak TF

" R@1 R@5 R@10 O'1}3@1 R@5 R@10
BN x| RSO

K5 SemArt ZAREMREHE L Text2 Art A5 11 [0l 545
Fig.5 Recall results on the Text2Art challenge of SemArt database

R2 Text2Art fES R MER T AR M HELL I
Table 2 Model performance and human evaluation on the Text2Art challenge
BRI PR AE RSB 4R

Mo S MR M HIR Bah KGR SEC O MiE Ml B Bt
CCA 0.708 0.609 0.571 0.714 0.615 0.650 0.600 0.525 0.400 0.300 0.400 0.470
CML 0.917 0.683 0.714 1 0.538 0.750 0.500 0.875 0.600 0.200 0.500 0.620
KGM author 0.875 0.805 0.857 0.857 0.846 0.830 0.600 0.825 0.700 0.400 0.650 0.680
WU author 0.854 0.783 0.814 0.823 0.819 0.801 0.582 0.809 0.667 0.381 0.624 0.645
GradNorm author 0.886 0.809 0.853 0.830 0.84 0.842 0.601 0.831 0.692 0.404 0.651 0.675
ASCJ5 7k author 0.913 0.817 0.878 0.896 0.882 0.868 0.608 0.862 0.711 0.421 0.661 0.697
AT 0.918 0.795 0.864 1 1 0.889 0.579 0.744 0.714 0.72 0.674 0.714

E L PR R R 281 (BR N TAT) B A4S

®3 AEy RENSEERBENZN Mo BRTAEET (author) J& M, X T K 2 50UE P 4

Table 3 Classification accuracy of different values of y e KA (type) .« 5y ('school ) L Kz “ B} [a] L
y TR (TF) J& Pk, KCM B84 (g PEREZL AL T MTL A7, A

10 0. 661 PUFLABRERY , A SCT5 3 T T ZRAT iy AT R

2 0. 675 AR Do PR — B R IR ), Womi 7 B Ay s ok A

1 0. 682 B T e vERE, (HASTE R, “E#&” (author)

0.3 0.672 A Hh T I AR 22 1T AT fi g 14 23 1P, PR

0.1 0. 658 it ) DB 85w .
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Bl 6 ASFFLRAEJE ) Davies-Bouldin $6 4%
Fig.6 Davies-Bouldin index for each different

attribute of different models

4 % it
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AT IR Z — 3] T2 O AR SCHE DU B
WHERLN EF XS [RIZEHUT A5 (a3 AT 55 ) St —
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55, I SR e 1 07 vk A R E RO, AT
FREILAN S8 : 1) A5 il IEZ AT 55 7 ST HE SR
N 3 ) M 55 BOAEE, AT 1 8 2
AROHHALS PERE, 2) FE A T AR ER & F
EAREGI 2L RS ZAR KGR R LRRY], h
TARSOTT 1 B A s B FNRRSE 19 2R A B R g
I, A H AT B4 [ A el mT [ Sl A
HNZAT 55 5 > I LA AT T 347 R 0CR
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Fop B R — RIS AT I E S £
5527 ) PR G T AR T | e e R T A R
ZARS5 2 I Gt — D PR RE
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