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B KA ERTF I R A A2 AR S b, R B R EAEAL T Ak th e AR AL 1R L 1F) A, LDLDF R A —#F B4FIE € A
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Label Distribution Learning Based on Deep Forest and Heterogeneous Ensemble

WANG Yi-Fei, ZHU Ji-Hua, LIU Xin-Yuan, ZHOU Yi-Yang
(School of Software Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: As a new learning paradigm to solve the problem of label ambiguity, label distribution learning (LDL) has received much
attention in recent years. To further improve the prediction performance of LDL, this study proposes an LDL based on deep forest and
heterogeneous ensemble (LDLDF), which uses the cascade structure of deep forest to simulate deep learning models with multi-layer
processing structure and combines multiple heterogeneous classifiers in the cascade layer to increase the diversity of ensemble. Compared
with other existing LDL methods, LDLDF can process information layer by layer and learn better feature representations to mine rich
semantic information in data, and it has better representation learning ability and generalization ability. In addition, by considering the
degradation problem of deep models, LDLDF adopts a layer feature reuse mechanism to reduce the training error of the model, which
effectively utilizes the prediction ability of each layer in the deep model. Sufficient experimental results show that LDLDF is superior to
other methods.
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5.

VAR, — 22 AR 4 A 2% X AT RSO T 2 s R, A A iz a0 T LA 22 S 2 A4
A O SR RVE Ay Oy 3 8 B 1 LT 1) U A BV, BT A 2 30 il R e b B b )
FIIEAT SR A, 9140 PT-Bayes™, 1250 VA B B R0 IR Gaussian 43 4ii, S 1L Bayes 23 sUiH AR 210 J5 S0 2 1
SR RERRAC IR . 4 2 S (AR N ST, YR O ST bR AT 20 A 2% S ) 8, 410 LDLogitBoost'”, %
AR T ZB S 401 Hessian 5EBE, 75 s& 0w (0] B R FHARFR T B OUAG I J712:, 456 Boosting A (A, 42 H
TR R T ARG KRB ) LDL B, 58 3 SR T T AR bR C 0 A 2 2] K B, 4 1S-LLDY, %
SRR T B OB B AT IE A Ak, T e T A A o ) .

% FE BRI M4 4% (DNN) 75 24 T HLaS % > 18 AN TR AR EUAS T R4 2808 B, A — it oA 2 > Sk
SKH T DNNs #7140 Gao 25 N U IBFSTIR T IR EARIC /0 A 2% 31 553 (deep label distribution learning, DLDL),
TN T AR A TH AN S B AG TF. IR AN M 4 A 35 BRI R 2% 2D e 0, IRl I AE 7R R 22 Wi, Wit 24
Z . TEREMESY . OIS, IEFEMOP B IOR T 1R 2 AR PR 2 B 45 (1 VR 2 RSB DOHUR (A5 — 210 /2 Zhou 55
NV 0 B ARSI R R AR — P T W A B RO VR SRR, T AR R E o 46 I 4 R — R A T 3Rk >,
BHBSHD. TR RS AOBUR 17 A 78 D0 H A SCHE Y —Fh 6 G VR B AR 5 53 AR B IR A 12 3 A
>J777% (label distribution learning based on deep forest and heterogeneous ensemble, LDLDF). 1% J7 7% FH VR 5 AR AR
IR AE AU BT 2 2 A IR 25 R BE 2 S BB, JEAE R )2 Th LB 2 A 8 B AR 3 AR I 22 k. R &5
RN T B SR K (R 7R 2 2R 7, AR AL ] DUAR IR A e I 28— FF 3R J2 A0 BN BORRAE, 42 38 B0 b = & 1038 X
FR. BEEAEG —EME R ET fe = A E L& 45 R, FATIE LDLDF i\ 5 i 4 s >
(heterogeneous ensemble learning) [ AL, K4 ZER S5 4 T BEJZ K 70 K38 W B A 2 R0 R I - S8R 416, Rl pK
(random forest, RF)!'. #3632 79 (XGBoost, XGB)!'"*), £:4%:[A] )9 (linear regression, LR). k ¥T4% (k-nearest
neighbour algorithm, KNN), T A AN R SV AR Ak SR T AR R fE. [R]IN, %5 & %) LDLDF 1E 4 iR JE AR v] g
DL R R IE AN, i) T, 5% 390 22 I 24 0 45 B e U i R, AN SR — b 24 AE F ML (layer feature reuse),
T RO AE i 2R — 2 A T R, TR AR R NS B 4 S SO %) I s T 4 L.

AR

(1) $& H—FP B A IR BE AR e TR BRI FR A0 5370 2% 2] J7 % (LDLDF). 125 15K F IR E AR AR I SR 25 40, e ik
o JEURREAE (1328 J A SN i 4, 4500 258 vh =5 s 7R SUE R, IR PR RUAF IR 2% 2D e 0. IRl PR = h 4l &
A FE A R INGE R 2 FEPE, ST R I 1032 A0 PR RE AT i (R TR 5.

(2) T — Pl iR A R IR A 1) R8T 1 S22 R i T AL, 2L e b R AR i 2 A0 — 2 R T 1 g,
BB 570 S SR IR I s T 45 S, B B i)l ik 22, B Ak A IR E BB B — 2 IR T e

(3) 7 14 AFRICH A2 2 A2 A8 F I3 48 X LDLDF Sk s 70, St 4 R W, AR vk
TEZ MR S AT PN 4R bR BB OR, W T 20 LA

1 HEXITIE

1.1 ERFTEMREERG A

LR S VO R (LA A% ) Ui, S R R AT IR 554 ST A A B AN SR 2 3, B AR (1 TR
R RERIZ A B g . AR 27 ) B8PS IOAR ), T LICKE B 2 >0 40 D S I Jl o > R0 i) SRS ple 2 3 170, | iy ) o 4
SN B4, AU Bagging 592, Boosting 59%:26 1) 75 Bagging Lkt SRR 5] 244 T 0] Hb ik
I — 358 2 W B AT N 25, e ik 2 B S AL P 2 e 4 (R TN &5 5 R ) 388 2 A IR O &R, 7T LAIRAT
T, BENLARR B VE & Bagging SRR, & A0 A VRS AF 0 5624 5 98, SEREHLIEE — /e ik B vk, P Hhik
PRI ALK 43 JE 1. 77 Boosting HHh, B2 ) 38 2 [HAFAESRAKOC R, 75 2L 8347 42 ). AdaBoost (adaptive Boosting)
5L U2 Boosting ST IARER, © RENE MR AT — N FE M B AR I, 1 B Hb R A B A, 5 T %
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IIREATE )G B2 25 2 BT 2 0GHE . IR 2 AN 2% 2148 )5, AdaBoost SR 73 8 1R 24 B 227 53 38 A
LR — A% > %%, GBDT (gradient boosted decision trees) 5.9% ' Boosting S35 (147 &, ‘&4 vl b VE g 2
H )3, VRGP R BB BTN BR IR 5 1 AR AR BT IR e S, BRI T A U SR TR T S 5 S e AR R
MREME LA 2 PP LS ) BRI, R LG R A4 1 AT SR (v B, H AT O VR 2 7 V0 S0 T2 A A 1202,
SRR R S P ELBAT AR MR 2 Stacking S P, L SLVA Y R 2 G5, 5 1 240 2 b SRR 0 2 e i g
Y RAR, NN GEEAT NG, 56 2 )2 — 028088, DU 1 )2 227 ) 2% 0% A 4 FR A AN 25 S L Rl g A A8
I 5.

T4 A 1 R 2 S FIAE R 2D I3, R B S s 70 7 ok 2 1) 5 i U7, Zhou 5 NI T — AN F
AR V)R B 4R B B — VR BE FR K (gcForest). A8 B AT A5 VR BE AT ZE W 2% v layer-by-layer [V 4544, BB )25
P52 4 BE R LAR PRI A5 0 B A LAR bR U2, 58 A BEL AR 76 52 48 R 2% 7] P BB AT LG BURS HE 434, % 308 Bt L 2%
MORTE— BRI 7725 7] 9 185 258 RBOE I/ 241 . IR B AR MORE 2 5 A LA MR 1) T0 0 J5 s s N AP i
FRIBEEVE N R 2% NSRRI, TR (R 05 28 )22, 4 P B L AR PR S0 11 P2 S48 11 DA R0 ) e 25 i s 5 AR

KEERMEES T AR RN EETIRE A 2% R, AEESEUD . S TR, e
AL AR P B, 4 Pang 258 N "I T — Bl G B LR AR gcForest., M3k A7 B 5 e Kf g A5
(1 5491 T4 A s B RSET0Y S5 I — J2, A AR UEASE TR TUDRG 35 17 [] i BRARABE AR S 2% B, 4R THIS 4TI s Feng 5 A P H
TP BT AR ) A B AE 55 (1 772 eForest, UEW] T ARMK AT USSR BEAR A M 45 —FF 2 145 & Liang 45
NPT MLDF J73%, S0 B 22 )2 PR At H ok 2 ST RR s 2 IR AT b, SR T AR R IR  Z2 b 485 2 5) AU )
TS Guo 25 N P HL f) BCDForest J5 120K I8 AR MRS HI 1 J5E W3 43 JAT 45 Wang 25 N PO T —Fht
AT (K 59 AR R VR B 27 20 U5 LCForest, 45 5 JIDEAR AR 25 M FIAR R 4D 78 45 A 32 TR F 59 AR B 5040 1K e .

12 #REDHFES

A K 2 B S B A ] 0 @ B bR 28, TCVRIE FLAR ie 20 A0 22 ST 55 i T N DhRE AR i 2070 (1) AR 4
1o, ELFR A5 348 B30 0 A 2 R AT s b vl 78 S B dgy s o DL BEAS bRl A B 4. O T ARz ) 8, Xu
25 NPT T e a8 i, R P JRUAE 50 S AR A bR 255455 LR TR BT S8 () AR K B R, M 52 ) 462 (e
WA HATCATVFE 2 800 TARC SRR MBS, 0 bRic o0 A 2 S SRR SO RF. S T UL, bRid 43 A 2
2T N2 N TR e S B 1), ARV A FARTE S AR P B AR IS M B 2 A4 Py
B TR R

1 Jia S N IR T BRI R R SRR bR SR S 2 ST TS £ 0 A 0 i, TR T TR R YA FROR G
Yin 25 A PO T HERA BRI AT AR, BETE T SA-IIS &AM 244 W 2% (conditional probability neural network,
CPNN) PR SE T e NI ARG V1T 55 Gao 55 N VORI BE P N 48 bR ic o A 2 S MG 4, 20 T VR BEbs
A 2% 2] (DLDL) 50925, 1% 772 32 B AR WA V1 R0 S S0 A il v, K s R 5 (R o 8 B 480 g T s 28 23 A
FIH KL 080G BR300 Z 5 EAERAE S 2 A0 53 2828 2% 2] i AT et R F T W 2 IR RO 2k, i e, 77 455284 11 3 4
A5 Qi ZE N O T Bl MRS oA 2% X U VR RIR 2 RN Re-ID 4155, 1% 71k B AEBR AN R 2800 2 T 155 &R,
PRI AN [ 35 2 100 PR3l A B, vt R 25 0 3 ) 6 [ T 2 S ORI L 2 A BT T — b & bac IRl B PO b
73 A% 2] 5032 (LDLCL), 28 i bk ic 2% 18] Hp B g T A4 27 ) bR ic A Q1 s 2% SR BIAN [R] 43 AR FEAN [ TR 48 bR ]
Bt EAT % A MALFA, Wang % A PSR T —FhIE TR ic o0 A 160 5 AR B Aoy ) S0, SR 2 40 R s B 45y, 285 1
JAAE 2 A 500y A AL 2 3, 5 2 JA M0 FH B — 43 2588, Geng %5 N PO H T —Flobi 8 43 A1 S R 1 [ ) 2%
(LDSVR) [ J5v, i 22 % S 3F i SN AR A0 IR 3 G — A Sigmoid B3, X245 7)) 148 F s
IR I TR AR A4 AR FRIFR I 23 A5 2% 1 75 15 Xing 25 A\ "4 111 T LDLogitBoost 1 AOSO-LDLogitBoost 7572, 7F
IR v 3 ) 306 % I A ] VAR R 1] AR A DAy ik 23 28 3% % 18 B 280 LDL kA e7n 2 2 J7 T BAT R MR, 52 v] ik
SEM IR I %, Shen %5 N VO T — ol ity 5113585 SFE WS b 255 93 A1 2 SI AR AR (LDLFs), 38 3ok il & 145 5 0 1000 73 30— g
A BIPRRE S AT, T8 350 A Ak v 1) e B T AR G 280K . SR, LDLFs A5t b2 F R BE 4 P 2% (DNNss)
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BEAT IR 520, [RIIN A A 28 1) i i — 2 B0 D — D R SRR 2 i S 5 28 (R T 23 A , 207 R R Ik (138 )2 b B
T3 T L IR L2 P 25

HH A SCHR Y — NI 5 TR L AR 5 S IR B PRI B 0 A1 27 20 U512 (LDLDF). 1% J5 92K R S AR 10 2K 4
Ha), LRI AGR BE AN 22 A 25— FEI% 2 A BN SR AIE, AH EE TR BERRE I 2%, & BAT S b TR R, A
TS I AR K Ot %, I H., LDLDF U 4115 2 AN 5 B or S, MFE 73 8% 4 1 e v 1) A7 JSE 08 Jn v F88 e Pt
REPN 8 0 22 AL, P29 Bl b A 0 SUE S, B K KR S RE I AZ AL BE ). BEAb, BATTBETt— Rl R AL
FHIHLE (layer feature reuse) fif# ¥ LDLDF ff: g ¥ 2 B vl G HH B KRR AL 1] .

2 BRERERMEREERPRESTEIGE

2.1 SRR
BRSO AT RS BT U, AV X =[x, x0,...,x,] € R RORBINFFAEZS[A], x; KNG
MR Y = {31,y Ve ) B BRFRELE, Ko e RORIFEBEE. D=[D,,Ds,...,D,] € R RRHNZS BN M)
PRt A 2= ). Dy = (&), d2,...,d)" € [0, 1]¢ FRRFEA x; X B 1A Ie o A, Hodh ay € [0, 1T FR A ARZE y; S FEA x; 1)
TORTRRE, I HAZ A B i 2 Zdﬁ: =1.
J

R RS U

G N e
1 X =[x1,x2,..., xn] € R4 S NFFIE S 7]
2 X; 5 i AP
3 Y ={y1,y2,..-,yc} 17 R bR 24
4 c b2
5 D =[Dy,Ds,...,D,] € R™¢ LPNESIEIP S VAL s TR ]
6 Di=(d.d¢,....d)" €[0,11° FEAS x; 08 R PR AR AL 23 A
7 & €[0,1] BRAS y j RIREA x; (R AR
8 layery, LDLDF B8 )28 & J2
9 L&D Sk JATE j AN AR I TIO 45
10 L® 55k JE T oy S TR £
11 ckh L&D 3 o R 4FAE T AR 759 30 1) 3 SR A
12 c® L 5@ 38 AT 2 R B ER 15 31 1 B iR R 1
13 F® 95k R k+ 1 2 BN HAT
14 S [P J AR
15 m T R4

2.2 LDLDF 2 fHF#EZR

TR AR I 4% P (R 37 2% 2] JE BT 5 TR R RFAIE 1A% 2 Ab B A2 05 R, LDLDF J7 32 R FH U S AR bk 1) 0 0k
S, TSGR RMIL b — 2 A B RS R, IR A2 T g St B — )2 1 iR T LDLDF JriE
(FIREARAESE, Horh layer, RaRBIALNEE k 2, LO RoR5E k 2P0 o0 S8 T g5 R, c®© RoR LO @ i 245 1F &
FABLERL 543 2 B AR AE, B C® 5 JRAAKFAE ) & SR ISR 3 B 1 28 k1 E S NFRE FO.

LDLDF ZEAEE R ELZ I SR T 2 Fh 5 i 258 (B 1 A i BENL AR MR FIAR it 6 BE S TH B, BT 40 28 8 Tl
DK 45 R Rle— > S DR A3 A 1) 2, K L8 0 2 R A T BB I [ R A Dl B SRR AIE, 5 TR AR AE 1) 2 R I S
BNB N — B BIAE layer, , BATR A 73 85 D45 R LO = (L@D, LD, LSV N R AR, T
BRAE layer, N layer, XA SEGI IR T 1 BE. X layer, " 000 SEAR IR 249, 247 AE T I BE e 25 T HY e A1 1E layer,
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P ERISR, AE layer, TR SEAR RS0, BEbR 2 Ok B EATHE layer, ISR, 13RI 98KFE CP . C L J5tdh
ANFFEX SBIE AN T JZ I ARHE FO . RN RS AR 200 4, BOUARRRAT 4 A0 Jeds, WA
BB A 4 YRR AT TR, R 28 16 (=4x4) eI SRAFAE. k4, LDLDF S@ it 5 £548 S A= e A
AT FEER TN (R A1 EARORBE, R SEBRE AT R I R B A 4 2K, 1351 4 DRER A, %S0 e 24 1 Tl
DA 4 ST 3 A0 (R~ S48 27 25 B M GOB R I, B ] AR RS B AT RN U I PERE, W BRI 3
J2 P RE B 7931 D50 B (MR BEAR T B AR, A IR R 250k, INITT A Sl e JUBCR B0

XGB XGBoost RF Random forest Feature reuse Feature generation Prediction phase
Lo o Lm cm
] ]
xGB — | ] xGB —# | 1 xGB =] 1
g i D FO —i» Layer D Fm  RF _*D Layer D '§
2 RF > Layer RF D Y/ | 5
g HE\> XGB —H» f?:&?::e ] 0 XGB —*ﬂ» ff:;:f el 0 XGB —p | - ff;t‘l;e H>D al §
g R i | U RE —] | H RE ] 1
‘ Concatenate T B

Kl 1 LDLDF 5y:HES

23 BEHRRERES

% R — i I MR 2 AT R 2 P 2R A LA 45 R U, BRATTAE R IEZ A& 2 A 7 o 2K 8, A
BEOY SO AR VI 1) A FSE 1 iR FE S OB AL PR 1) 2 R . SR A I v AR o R P AN R S I e 34,
T34 305 (R KA g T 5 A 1) o R, BT 55, 0 S 10 28 B R L M 1 4 ) G e [ 38 4,
Frac A G AL T-MEZR 43 A1, ] AR [B1)A o B0 S (R PR 12 50 A1 BRLA S8 T BELAR AR (RF). At
BEEEHE T (XGBoost). ZkPEMIIA (LR) & 4R (KNN) IX 4 Fh oy S22 50140 % LDLDF [f))2 P 5 5t 4 Jl 2 > B
B, X BE R REAR I Mg e R (B U5 ), R SOKE AR X 4 Bhor AR,

BEALARAR (RF) DAY SR b JE AR BTG, 4R 2 MR U SR ) B ARbR . 12 03 m) DA BIOK 2 IR N AR =, 0 204 4R
TN e D) o, BB TP AR ) a8, B LA YRR B AP IZ AR ). AF LDL RN . RIS 2 1R
£ b, RF SHUSILTS 4 R B P RRUSERT, BENLAR KSR H Bagging 1) AR, BEHLANIEE Hh—30 2 4o
L P A PRSI AEAR A ST BB h(x;6,) . 3T ANIRRFEA x , T TR h(x;0) AR (1) FoR.

— 1,
hx0) = 5 > h(x:6,) )
p=1

e BESETHI (XGBoost) i H] T4 1% 2] Boosting 54 ¥ AR, 280 BEE2 T (GBDT) I s 8 S, 74k
P LDL [il 8 L, XGBoost K 55 7 s 41 G st 7» e, WA RN BRI [ At B Y, Bt 3 A s b Bk R A
R 14 SRS, A1 28 A P N PR 55 B R 500k, 3 e 26 OO T 20 A1 RO AS RO AEUR AR5 ¢ AN SR AU B il 7 — 1
AN AR T 25 T 5 FLILE R 2. % L GBDT, XGBoost MBSl 20, 20, etk 5 1 # AT T 4k,
BT K ARBY, 31 ANFEAR I BOAE D; th K MR S 5515 21, S ABERL I I ZRRE AN T = ((x1, Do), (6, D)}, AE
(¥ H o 8 Hion] AR A 5K (2).

n K
L= Zl (D;, D)+ ;Qm) @

TR ot B VIR0, 4 D, 5 i A PEATE S ¢ YRAR IR BT, 7T LUKS L bR 505 OB R 27
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K, AR (3) Fiw.

L9= 310D+ fia) + Q) 3

i=1
S, (D D) VR TR £ — 1A RTINS LA BN X EARERECR £ (o) BT I R WIRTE, AR (@)
iR,
102 Y DB )+ g + 3 haf2 01+ Q) @
i=1
& B L) —A S5, b b £ (0B $% T i, D"
b FLBR R LRI A 2 (5).

) s g Ak H2 CURNH B, i LART LUK 5 22400

- 1
L0~ Y [gifia) + 5 hifR )l +Q(f) 5)
i=1

TEALEE LDL [l 8, 2B PRI (LR) AR JUAR TR iy 2% 5 S, oA B mr T e k. LR Sy L an 2k
YA, w RIS, T MNRREEA x, & I T bR 28 43 A ks 2 2 5K (6) 1521

D(x) =w'x ©)

K A AR T LU T P00 B2 (K B AR 2, FEACHE LDL o] RN, %S in . A S Sz, AEmaE s,

T x , EHITRIERZE 5 A7 2 0 TS AR K ANERE B P33 0 A i sk A3 1, i a =X (7) iR,

_ 1 &
D) = Z D(xp) )
k=1

W 1 BUR. AEWGRIT, B — 2T 43 SR8 382 RN RS EAT R0, TR0 1) Mk 2% 43 A1 T e — AN B 1) 43 At )
T A ) BE LR A RS 15 20 A i, K5 5 SRR RAE ) RIS AR R R AL SRR R
AEZE R SARAE SR ITE 2 JR P BIrA 20 K8 (TN 45 2R, 7870 M S I 20 S 2 (R DL HE, S8 vmi R 20 [ THEINORS /2.
BE L 2N
N layer, WA ANREWEFCD, layer, {125 AR H, = (b, ho,. . hs b, JRIRHINRFAE X, 300 8 10 S I 114

W Z =(2,.2,,....2,) , X WRSHREATD
i layer,. IR NFERE FO, FUMEGE plo.

L WS4 LO =[]

2.for s=1to0 S do

30 ISR s EEFILFIIL B 109 = hy(FO)

4L = L concar(LO) HHEATIES KA B4

5. CO = ERHE (LY, Z,D) /44 L0 i 25 U T P B 43 B 1 0 %/

6. HHi Z K C®

7. FIH CO T HE I YERE ple]

8. F = C.concar(X) YEHIRAFIE CO RIS REARFE X IS layer,,, T AKERE FO %/
9. return F,,p[1],Z

24 BEHHEER
RIS rh R P TR 38 0 S A SRS B B R R P B, 2 0 U P8 (R AR 208 N B8 22 [ 23 mT R SRS K IR 5
i 22 1) LDLDF J5 135K F G0k 45 M BEA4UL 22 J2 A T 5 ) (0 I 18 25 ST IR, Sl ek 22 2 1) S o Pl 4 3 e R R 45 . it
5 TR SRR AR AR S HA K 24 T J2 BT AT LA 1R TN 5 TRAE N B4 SR AE, 5 JRIAHEIE R IS N T — 2. Bt T35 ¢ 2,
RS RRAGREA TBILE layer, MTRIARLAEFAE SR IBC S N B S ¢ + L2, BRS¢+ 1 0TI &5 R 2B 3 A28 ¢
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JRIEE AR T — RN, R 5 2R (T 45 5. SR T, B R 38K, B0 35E2 S52 09)  — J2
LA T I — 2, A58 P 95 0 S5 7 2 2 B 0 6 0352 2, LB ol B8, a8, LDLDF 324 T 245
AETE LA (% 2) AR RE AR TR A i FB1, 22 11 3 T SR AR A0 o R BT 5/ 5291 7 24 7 L — 26
TR, T PRSI0 3084 2 49 SR 1 73 S OO0 25 S, 54 R P R A — R T T s

VM H ) S B T B A3 R T PR %5 HE ) LDL i S [ 472 15 31 5 EOSRR A8 40 A AR (0 TR0 b
ZEAyA, ARSCERLT KL HUE (Kullback-Leibler divergence, W AR AT ) 75 A RFAE T FARME, X & — AN i &y
AR A HVMYE FJEE BT, 1 504 Q RN P (1926 ST LU AE A58 (8) %

Dmm@=mm»ﬂ®=ZHmm@%—ZHmmﬁ%=mem;g ®)

R, H(P)F5R P A IO A0, H(P,Q) F71 Po Q MRS XA, 53 Po O IOAHBLSE B G, KL H0RE [ f)n.
JER R T B T A SR i A 2 (9) R

{ L;, DxL(LilID;) < DxL(ZID:)
output,, = )
Z;,  Dxo(LillD;) > DxL(Z||D;)

Li R 290 2 53 AR 0 529 o, TN () 43 A7, Z; 327 22 00 J2 56 S4B o, B A R Y00 4340, D; 387 x; IR SRS AR 2 43
0. output,, FIRAEA x; L R RHAE T I BLILS I 45 2, outpur,, P AE D 1 D AR AE M A0 P AIE ) B BB IR S AN TR
ik 2 EFHEEH.

I layer, TOHEAY SR IOR HVATE LO = (LV, LD, . LV, ¥/ BB AR AT Z = (20, 2, .. Z} » X (LSS
PRSI D

Byt 3 3o AR T A £ 3 ) B AR E O

1. WS4 ¢ = LO

2.for i=1to n do

3. WERLY . Z ANECShREE A Dy B, A R (9) 5T output,

4. ¥ CO G A output,,

5. return C?”

2.5 EESLH

ASCHEH Y LDLDF J5 35K P B 45 R A0L 22 2 Ab B 48 ) (1) R 55 2% SRR, E R IZ 2l & 24 5 i 2%,
JZ BT 43 SR T £ SR Jo 2 T A b I 15 B B SR AE, K L SRR AT 3R AR R — 2.
FBAIAE el 1) 3 J2 v P e VA 15 380 et B (R S AT B, B {5 130 K, 20 B J2 0 ol AR B e &
ORZHIIR

LDLDF 032 i) Oy A QRS W50 3.

&% 3. LDLDF.

N B KIRPET , YNGR (X, D)}y = {(x1,D1), (x2, D), ..., (X, D)}, EHTBUAE O ;

it BOEES M, KR m.

L WIS H: BB G M = o, B0 KRB AU A RE Z = [, BF)2 I BNPERE pl1 - T1, W2k o iF ik
ﬁ% Phest » *ﬁ@f?iﬁ?ﬁﬁ‘iﬁ%a =0.

2.for r=1to T do

3. FO,pln), Z=JZ2NFFRERY S (FOY, H, X, Z,D) /* ] LDLDF J2 W 5 8 a2y 31 J7 i/




8 R S e it

4. p[f]— prest > 0 then
5. Pbest = P[t]
6. m=t

7. else if p[t]— ppeq <6

8. a+=1
9. if a ==3 then
10. break

11. M = MU layer,

12. return M,m

3 X I
3.1 BEEFTEN IR

KICHE 14 MR 2 2 Bt e BT T SE. S-JAFFEM sk (4 T #5315 $dfs )22 JAFFE, ©A& T 213 K H
ARACVEI I RN B, K B R 60 AN AT 6 ANIEAINS L bR 28 AT VP43, RERI S 28 V345 10T 245 00
F SR 715 5 bR B (K40 A1 . SBU_3DFE™ K [ 1 4 15 % d 42 BU_3DFE, MLt & 2500 sk %, ab#ir X5
SJAFFE ¥ %M [F. Flickr LDL I Twitter LDL & P55 B RSP 45, RF5K 1 R il 8 FIANH 54 (AR 1t
BOHTEL WL R, M. B 3545 biid. SCUT-FBP5500M & —AN 5 1 A6 AH ¢ (B 42, 45 5500 4
FLATANIR) Ja P RUAR [ 25 1) 1 THT TR AL, BT PR T 1 #8EAT T 43 3 A3, Yeast R 10 ANECE sk [ 6 BT
P REAS ] B 171 32 R A KOV I A 2 5236 ), B 2465 ANBERFIE N, REANFEDR 00— AN BE N 24 193t 1)
TR, BRSNS AN [ A S 6 v T 8 RS ) A, AT INF T R PR A A 356 DR 3 T RSP B T e e I R IR IR
(b4 53 4. Movie 245K B Netflix b6 2 IVR oy, Yo 0 5 AR, 1A F RS IR AR 28 3 A bl B4
FoKF 1 1 43 Bk 5245 3. Natural Scene 24542407 2000 5K [ 4R 37 50 %, s 9 i 5 3 46 B 5 A0 D% R bR 2%
(W) K7 = H. @8, Wi . K. K 3847 B G451, Human Gene 0848k A AZBEER 552
V¥ DG ZR AIRIE A, A0t T 68 e, H4 A5 Pl (1 3 DR 18 RSP IH — A0 J5 1 DAy AEL IS A 2 P il SR R P S5 v
) PG B A3 CL TS0 ANV R vh R BB AE 1) . 36 2 Hh UG 13X 13 AN EUR AR 1A W 224 .

e 3 A 2 S SR R RESE b IO bR 10 20 A1 R L SE bric 3 A 2 18] 10 BE 5 B AU 75, A SCE I T Geng
2 N\ PR 6 NPT LDL Sk L fe 9545, Hoh 4 Chebychev BB . Clark HiZ. Canberra g, Kullback-
Leibler f{fEiX 4 A~ B B A ) Cosine 435X AP R %, Intersection A7 SCAHALLBEIX AN ARALLIE B o, IxX 26k g
FebR it AR 3, Joh d; R T 04l D PSR j AN TG E.
32 LWWE

AR SCH T A SE B I8 ok BE AR AR IE L 80% MIREAKHE #4 I 2R, 20% I¥IRE A K 44 Bl i 4E. LDLDF
(1178 2801 & W~ : LDLDF 1 KEE0KE 0 10, 82380 B8N0 0 6, (R4 — 2 TPl Af ] 4 28 BRiE
LUBE S e LAy 4 BB ALARAR (RF) SMi B FE 4R T (XGB) 362 2K 881, 7858 1 2 sP RN AR AR EL 40 KRB,
a2 AT — 2 2 L 20 AR, RO ECRIA ] 100 AR, WE S 12 MARME KRN 3, 5 — 2 i — 2 ok
TREERNN 3. 43R H k JTAT (KNN) 5725 a8 i B AT Bk o 3.
3.3 REREMMNERIERE

T 5E%) LDLDF H BT 3 23 JE AT U IH. DA 1 B e SR A AR (R0 RS J8E , AR SO bR 1 4 A1 ) 0 (¥ 2 J R 6f
R Z R HERME IR, SR T 4 Fhoy 28, 0 BENLARAK (RF) AR R B 32T (XGB). 4tk [ml e
(LR)~ & ITAL (KNN). 33X LR 432 38 S0 ] LA G 22 e 45l [ U 1) . AT VR OE R YD 14 AN B ST T 52560,
% 4. % 5LLS-JAFFE. SBU 3DFE. Yeast-elu iX 3 MR N, 437 7m K H 2 iR 3 Bl a4l & 145 8.



x

R2 LR BARER G B

LE F BOREARE FRERAIT LT F D F ik

T3 ARICAN A X FR PP AR bR

e

HEARA K

FFAEERE ARid Ak

KRS

AR

S-JAFFE
SBU_3DFE
Natural scene
Movie
Human gene
Yeast-alpha
Yeast-cdc
Yeast-elu
Yeast-diau
Yeast-heat
Yeast-spo
Flickr LDL
SCUT_FBP5500
Twitter_ LDL

213
2500
2000
7755
17892
2465
2465
2465
2465
2465
2465
11150
5500
10045

243 6
243 6
294 9
1869 5
36
24
24
24
24 7
24 6
24 4
256 8
512 5
128 8

Kullback-Leibler (KL)|

J=1

C
R d;
Dis\(D,D) = )" djn 2

J

Chebyshev (Cheby)|

Disy(D, D) = max;|d; - d}]

Clark|

Dis3(D,D) =

—~2
- (dj=d))

—2
Jj=1 (dj+dj)

Canberra (Can)|

Dis4(D,D) = Z

=1

\dj-djf?

dj+;1;

Cosine (Cos)?T

Sim (D, D) = /

c c AZ
AN
J=1 Jj=1

< —
djd;
=1

Intersection (Inter)?

Jj=1

C
Sima(D, D) = Z min(d;,d;)

Fa4 Pk Esd A4 S-TAFFE. SBU 3DFE. Yeast-elu |52 45

s

KL div]

Cheby|

Clark|

Canberra

Cosinet

Intersection?

1BAT
18] (s)

S-JAFFE

RF+XGB
RF+KNN
RF+LR
XGB+KNN
XGB+LR
KNN+LR
RF+RF
XGB+XGB
KNN-+KNN

0.0399+0.0048
0.0501+0.0019
0.0456+0.0048
0.0412+0.0135
0.0472+0.0080
0.0683+0.0362
0.0527+0.0022
0.0486+0.0120
0.0622+0.0061

0.0915+0.0042

0.3235+0.0078

0.6615+0.0235

0.0963+0.0030 0.3406=+ 0.0025 0.7086+0.0090

0.0935+0.0059
0.0942+0.0097
0.0941+0.0050
0.0936+0.0084
0.0992+0.0014
0.1065+0.0059
0.1031+0.0063

0.3457+0.0092
0.3379+0.0178
0.3394+0.0081
0.3664+0.0307
0.3410+0.0073
0.3769+0.0171
0.3717+0.0234

0.7044+0.0220
0.6921+0.0429
0.6894+0.0201
0.7449+0.0620
0.7138+0.0185
0.7605+0.0302
0.7654+0.0468

0.9572+0.0050
0.9526+0.0017
0.9571+ 0.0046
0.9546+0.0075
0.9557+0.0032
0.9498+0.0064
0.9503+0.0021
0.9484+0.0052
0.9413+0.0057

0.8864+0.0069
0.8790+0.0017
0.8818+0.0049
0.8822+0.0088
0.8831+0.0034
0.8773+0.0105
0.8773+0.0027
0.8684+0.0061
0.8675+0.0094

6.23
1.97
3.20
5.00
8.01
1.55
3.43
9.88
1.29

SBU_3DFE

RF+XGB
RF+KNN
RF+LR
XGB+KNN
XGB+LR
KNN+LR
RF+RF
XGB+XGB
KNN+KNN

0.0431+0.0042
0.0658+0.0013
0.0519+0.0015
0.0447+0.0009
0.0515+0.0012
0.0566+0.0016
0.0651+0.0029
0.0458+0.0017
0.0851+0.0022

0.0974+0.0036
0.1172+0.0017
0.0996+0.0018
0.1030+0.0008
0.0995+0.0027
0.1061+0.0006
0.1184+0.0025
0.1043+0.0014
0.1315+0.0017

0.3123+0.0079
0.3633+0.0027
0.3249+0.0032
0.3272+0.0009
0.3272+0.0078
0.3537+0.0042
0.3644+0.0063
0.3331+0.0034
0.4148+0.0083

0.6458+0.0124
0.7697+0.0084
0.6732+0.0082
0.6782+0.0046
0.6692+0.0146
0.7335+0.0115
0.7830+0.0161
0.6839+0.0075
0.8616+0.0170

0.9500+0.0038
0.9349+0.0012
0.9480+0.0016
0.9455+0.0011
0.9496+0.0023
0.9439+0.0016
0.9358+0.0027
0.9489+0.0017
0.9168+ 0.0020

0.8833+0.0035
0.8611+0.0015
0.8792+0.0017
0.8772+0.0008
0.8802+0.0031
0.8694+0.0020
0.8595+0.0030
0.8755+0.0017
0.8430+0.0029

73.49
38.71
28.00
77.49
60.23
9.19
43.19
174.31
6.57

Yeast-elu

RF+XGB
RF+KNN
RF+LR
XGB+KNN
XGB+LR
KNN+LR
RF+RF
XGB+XGB
KNN+KNN

0.0058+0.0001
0.0062+0.0002
0.0061+0.0002
0.0060+0.0002
0.0059+0.0004
0.0061+0.0002
0.0060+0.0001
0.0061+0.0001
0.0069+0.0001

0.0158+0.0002
0.0162+0.0003
0.0163+0.0003
0.0161+0.0001
0.0162+0.0005
0.0160+0.0003
0.0161+0.0002
0.0164+0.0001
0.0172+0.0001

0.1949+0.0023
0.2010+0.0041
0.1980+0.0029
0.1989+0.0002
0.1994+0.0066
0.1990+0.0040
0.1986+0.0032
0.2016+0.0015
0.2117+0.0019

0.5723+0.0031
0.5919+0.0101
0.5801+0.0042
0.5847+0.0025
0.5839+0.0166
0.5874+0.0129
0.5844+0.0069
0.5844+0.0069
0.6221+0.0073

0.9943+0.0003
0.9939+0.0001
0.9940+0.0001
0.9940+0.0001
0.9940+0.0003
0.9940+0.0002
0.9940+0.0002
0.9940+0.0002
0.9932+0.0001

0.9594+0.0009
0.9582+0.0006
0.9590+0.0002
0.9587+0.0002
0.9588+0.0010
0.9585+0.0009
0.9585+0.0009
0.9585+0.0009
0.9561+0.0005

49.81
23.93
22.08
45.47
39.35
11.14
34.10
80.69
4.87




10 BRAF AR SR g K B I

#5 3 MORBUELE S-JAFFE. SBU 3DFE. Yeast-elu [ [J546 45 51

- . . . B17
e et KL div] Cheby| Clark| Canberra| Cosine? Intersection HTJ'J%T];S)

RF+XGB+KNN 0.0361+0.0125 0.0837+0.0087 0.3141+0.0195 0.6413+0.0441 0.9635+0.0078 0.8925+0.0083 7.98
S-JAFFE RF+XGB+LR 0.0413+0.0072 0.0890+0.0077 0.3246+0.0175 0.6607+0.0415 0.9588+0.0065 0.8877+0.0078 10.34
XGB+KNN+LR 0.0410+0.0064 0.0877+0.0083 0.3155+0.0256 0.6515+0.0556 0.9610+0.0060 0.8892+0.0093 5.76
RF+KNN+LR  0.0424+0.0091 0.0909+0.0104 0.3293+0.0223 0.6732+0.0480 0.9576+0.0065 0.8853+0.0090 3.24
RF+XGB+KNN 0.0478+0.0032 0.1025+0.0016 0.3233+0.0046 0.6730+0.0117 0.9458+0.0021 0.8781+0.0021 72.00
RF+XGB+LR 0.0464+0.0031 0.0959+0.0022 0.3070+0.0046 0.6308+0.0090 0.9524+0.0019 0.8862+0.0018 81.89
XGB+KNN+LR 0.0467+0.0022 0.0966+0.0020 0.3097+0.0062 0.6347+0.0127 0.9524+0.0021 0.8855+0.0025 87.51
RF+KNN+LR 0.0523+0.0021 0.0991+0.0020 0.3142+0.0052 0.6513+0.0108 0.9477+0.0023 0.8823+0.0022 23.14
RF+XGB+KNN 0.0061+0.0002 0.0162+0.0004 0.2009+0.0035 0.5892+0.0076 0.9938+0.0002 0.9584+0.0005 31.40
Yeast-elu RF+XGB+LR 0.0058+0.0001 0.0159+0.0001 0.1943+0.0010 0.5709+0.0019 0.9943+0.0001 0.9596+0.0010 26.92

XGB+KNN+LR 0.0062+0.0001 0.0163+0.0001 0.2006+0.0018 0.5895+0.0042 0.9938+0.0001 0.9584+0.0002 23.06

RF+KNN+LR 0.0059+0.0003 0.0159+0.0003 0.1962+0.0050 0.5773+0.0142 0.9942+0.0003 0.9592+0.0009 5.00

TRy BT FEB AT R 7 03 28 A R IR S AR AR R it Ty X mT AR FH AR ] 23 2 3 1R AL 38, A L ) 25 00 2 B
BHEBERMMERE. AHE T PR B2 EE AR, 3 P o SRR A B 45 SR AE ik ¥ b5 LRI TR, 7E S-JAFFE %44k I,
K H XGB. RF. KNN IX 3 For 8 (414 RENS IS S0 I HEAf 19 45 ). ¢ SBU_3DFE Al Yeast-elu 3454 I, %
F XGB+ RF. LR IX 3 Fh4r a8 (414 fe s BT 50 v i 45 L.

URAh, 35 4 3£ S XL T AR KRB A S AT ). SEE0 W, I XGB M RF 432528 i) LUAT 25 4 i i
RURS B2, SV AR FE I AT A BEVE 2 9. 6 TSR R AR, I IE & T HAB AR 0 5 3 P o 288 T UL A 2 3
L. % RIS S HIGE—, AR SCLEXTEL LB R A T XGB. RF 2R a3 HI41 4.

34 XHEEGEMSLINER

ASCHHR Y LDLDF 51955 9 Bk T 1 H#: 209002 PT-SVM 5k P AA-KNN 755, CPNN #1751,
SA-IIS 8P SA-BFGS #i%£P). StructRF 3£, LDL-HR #3%"7. LDL-LDM™ k. LDLCLP k.

(1) PT-SVM: iZ 52 AE F A 5 (K B AR 2 B 4L LUIIZR SVM 432588, SVM 43 JE 3l 1ok T 43 A F 25 (1) 1 %
3 EREE 0 A

(2) AA-KNN: 1Z 52084 KNN S T ebnid 2077 ) 742,

(3) CPNN: iZ5ETE T A 3 R 46, LLH ARAR R (IIEEES) AN A AHRF AL 170 (CAunii A 1 05N,
5 R RRAE 1) A 1 AR R (R A R . CPININ 1) DA 27 30 ZLS A8 114D 1) B A 2 b ) A AT P 488

(4) SA-IIS. SA-BFGS: ixX WPk 348 F i IR SRR o iy RS20, A FH KL RS ARk H b e 8K, 434k
1IS 5L BFGS SkAE At 77 =K.

(5) StructRF: 1% 5% — Pl AbFIAR L 7341 2 30 1) {1 45 M AU BB HLAR MRSV, 25 18 T Rl Ok

(6) LDL-HR: iZ5L I I L 7] 2 ] top Ar BRI AR AR B Rk 5 A o 20 SR R, Al websac 70 A 2% 2 vp H AR AR
NS

(7) LDL-LDM: 1ZSHVEHE T ARSE 31 1R i 2 5008 G544 7T LAG bR 46 2 R (R AR DG, LGS Bk 8 1) 7 X L
HRI 4 R RN R B AR A AR DG MRSk b B LDL AN 564 LDL [ .

(8) LDLCL: %57y 18 ik b e 25 [A) (R FR % 3540 2% ST bR AR SR PE, S8 T — Rt FRA I 1R BME RO AR I8 20 A1 2%
SIEVE.

T ARUESEB IR AT, BT 6 LS008 SR FH SR v SO R AR 15 B R 250, I A3 P LT a8 BRI, AR5
XA T AT 10 IKSERG, 15k 10 IRSZE0 P RbRHE 22 T BT AT, 4 6 15k T ANJVELE 6 NVFT
Febm 4l B, S 45 K L P I (bR vE 2 (meansstd. )" IR G HH, b DAL AR E HE AN 8 R (R Ak 45 L. 0 #
26 MISLI 4 R AL LDLDF J7 ik 7E /A VR 45 br L f0 o1 35 Hk 44 48 7T LUK 20 B A, 78 35 K MRS A a4
SBU 3DFE. SCUT-FBP5500. Movie. Natural sene. Human gene. Flickr LDL. Twitter LDL FI%5/INUAR 1) %
Ji4E S-JAFFE L#SREHU AL ITERE. 7 Yeast REVEHRLE LIS I % )5 250 biid o A 5 SE B N 24

SBU_3DFE




ELF F REREAME FRMERAITIH A F T T ik 11
R o XTHEIRSLI LR
KR R7S KL _div} Cheby | Clark] Canberra | Cosinet Intersection?
PT-SVM  0.0060+0.0003  0.0139+0.0004 0.2217+0.0062 0.7251+0.0205 0.9941+0.0003  0.9600+0.0011
AA-KNN  0.0065+0.0002 0.0146+0.0004 0.2305+0.0041 0.7532+0.0140 0.9936+0.0002  0.9584:0.0008
CPNN 0.0056+0.0021  0.0135+0.0014  0.2316+0.0301  0.725240.0409  0.9936+0.0031 0.9596+0.0035
SA-IIS 0.0067+0.0012  0.0148+0.0010 0.2334+0.0121  0.7630+0.0421  0.9934+0.0011 0.9577+0.0021
Yeast-alpha SA-BFGS  0.0062+0.0007 0.0135+0.0009 0.2108+0.0133  0.6848+0.0455 0.9945+0.0007 0.9620+0.0025
StructRF  0.0054+0.0007 0.0133+0.0008 0.2079+0.0134  0.6745+0.0461 0.9947+0.0007 0.9628+0.0025
LDL-HR  0.0156+0.0134 0.0216+0.0052 0.3692+0.0151 1.2341+0.0259 0.9856+0.0020 0.9345+0.0100
LDL-LDM  0.0054+0.0010 0.0136+0.0006 0.2123+0.0021 0.6918+0.0104 0.9944+0.0004 0.9618+0.0012
LDLCL  0.0054+0.0001 0.0134+0.0001 0.2094+0.0001 0.6797+0.0001 0.9946+0.0001 0.9624+0.0001
Ours 0.0052+0.0001  0.0131+0.0002 0.2072+0.0018 0.6740+0.0128 0.9947+0.0001 0.9628+0.0007
PT-SVM  0.0075+0.0064 0.0170+0.0083 0.2252+0.1006 0.6749+0.2806 0.9926+0.0059 0.9555+0.0181
AA-KNN  0.0082+0.0064 0.0175+0.0080 0.2366+0.0978 0.7156+0.2763  0.9920+0.0059 0.9528+0.0178
CPNN 0.0075+0.0014  0.0215+0.0015  0.2495+0.0187  0.6697+0.0575 0.9929+0.0011 0.9567+0.0039
SA-IIS 0.0082+0.0010 0.0178+0.0010  0.2352+0.0120  0.7088+0.0360  0.9921+0.0010  0.9531+0.0020
Yeast-cde SA-BFGS  0.0071£0.0009  0.0163+0.0009 0.2161+0.0138  0.6492+0.0416  0.9931+0.0008  0.9572+0.0027
StructRF  0.0068+0.0009  0.0161+0.0010  0.2139+0.0139  0.6403£0.0427  0.9934+0.0008  0.9579+0.0028
LDL-HR  0.0146+0.0007 0.0233+0.0007 0.3292+0.0089 1.0019+0.0204 0.9863+0.0005 0.9347+0.0011
LDL-LDM  0.0069+0.0002 0.0163+0.0004 0.2162+0.0035 0.6472+0.0103  0.9932+0.0002  0.9574+0.0007
LDLCL  0.0069+0.0001 0.0161£0.0001 0.2153+£0.0001 0.6455+0.0001 0.9933+0.0001 0.9575+0.0001
Ours 0.0066+0.0004  0.0160+0.0003  0.2130+0.0074  0.6379+0.0120  0.9936+0.0004  0.9580-0.0005
PT-SVM  0.0069+0.0003  0.0171+0.0003  0.2115+0.0043  0.6242+0.0134  0.9934+0.0002  0.9559+0.0009
AA-KNN  0.0073+0.0004 0.0176+0.0004 0.0176+0.0004 0.6419+£0.0179  0.9929+0.0004 0.9547+0.0013
CPNN 0.0062+0.0029  0.0163+0.0031  0.22154+0.0291  0.5910+0.2451  0.9939+0.0019  0.9551+0.0076
SA-IIS 0.0073+0.0005  0.0178+0.0010  0.2160+0.0070  0.6392+0.0190  0.9929+0.0005 0.9547+0.0010
Veast-elu SA-BFGS  0.0063+0.0004 0.0164+0.0006 0.1992+0.0058 0.5838+0.0172  0.9939+0.0004 0.9588+0.0012
StructRF ~ 0.0061+0.0004  0.0160+0.0006 0.1961+0.0058  0.5756+0.0171  0.9941+0.0004  0.9593+0.0012
LDL-HR  0.0103£0.0002 0.0213+0.0002 0.2619+0.0030 0.7757+0.0100  0.9899+0.0002  0.9451+0.0007
LDL-LDM 0.0061+0.0001  0.0162+0.0002  0.1992+0.0031 0.5834+0.0076  0.9940+0.0002 0.9588+0.0005
LDLCL  0.0061+0.0001 0.0162+0.0001  0.1985+0.0001 0.5816+0.0001 0.9941+0.0001 0.9589+0.0001
Ours 0.0058+0.0001  0.0158+0.0002  0.1949+0.0023  0.5723+0.0031 0.9943+0.0003  0.9594:0.0009
PT-SVM  0.0138+0.0006 0.0441+0.0011  0.1902+0.0047 0.3798+0.0110 0.9868+0.0006 0.9376+0.0019
AA-KNN  0.0144+0.0010 0.0447+0.0017 0.1939+0.0070 0.3903+£0.0135  0.9863+0.0009  0.9359+0.0022
CPNN 0.0147+0.0011  0.0563+0.0033  0.2235+0.0085 0.3906+0.0008 0.9863+0.0011 0.9376+0.0009
SA-IIS 0.0133+£0.0004  0.0430+0.0010 0.1881+0.0030 0.3772+0.0050  0.9870+0.0004 0.9380+0.0010
Yeast-heat SA-BFGS  0.0127+0.0005 0.0423+0.0009 0.1828+0.0032 0.3647+0.0067 0.9880+0.0005 0.9401+0.0011
StructRF  0.0118+0.0005  0.0406+0.0009  0.1764+0.0032  0.3526+0.0068  0.9887+0.0005 0.9422+0.0011
LDL-HR  0.0131£0.0002 0.0430+0.0005 0.1872+0.0014 0.3737+0.0029 0.9875+0.0002 0.9386+0.0005
LDL-LDM 0.0129£0.0005 0.0427+0.0010 0.1850+0.0035 0.3674+0.0064 0.9877+0.0005 0.9397+0.0010
LDLCL  0.0123+0.0001 0.0417+0.0001 0.1807+0.0001 0.3605+0.0001 0.9882+0.0001 0.9408+0.0001
Ours 0.0117+0.0003  0.0406+0.0006 0.1761+0.0018 0.3522+0.0040 0.9887+0.0003  0.9422+0.0006
PT-SVM  0.0177+£0.0019  0.0443+£0.0034 0.2371+0.0141 0.5096+0.0333  0.9836+0.0018 0.9289+0.0048
AA-KNN  0.0149+0.0009 0.0391+0.0013 0.2110£0.0062 0.4539+£0.0151  0.9863+0.0009  0.9370+0.0022
CPNN 0.0133+£0.0021  0.0375+0.0047 0.2072+0.0275 0.4673+0.0611 0.9876+0.0025 0.9342+0.0094
SA-IIS 0.0140+0.0010  0.0386+0.0010  0.2090+0.0070  0.4490+0.0170  0.9870+0.0010  0.9380+0.0020
Yeast-diau SA-BFGS  0.0131+0.0011 0.0370+0.0015 0.2008+0.0082 0.4309+0.0193  0.9879+0.0011 0.9401+0.0028
StructRF  0.01244+0.0012  0.0358+0.0018  0.1941+0.0085 0.4164+0.0201  0.9884+0.0011 0.9421+0.0029
LDL-HR  0.0147+0.0005 0.0392+0.0008 0.2127+0.0044 0.4570+0.0097 0.9864+0.0005 0.9365+0.0013
LDL-LDM  0.0133+0.0004 0.037540.0007 0.2025+0.0039  0.4339+0.0070  0.9877+0.0003  0.9397+0.0008
LDLCL  0.0128+0.0001 0.0365+0.0001 0.1983+0.0001 0.4257+0.0001 0.9881+0.0001  0.9409+0.0001
Ours 0.0123+0.0001  0.0357+0.0009 0.1939+0.0054 0.4152+0.0046 0.9886+0.0006 0.9422+0.0013




12 R SR R LR R K kA
F6 MLV IIG AR (4h)

G/ Hik KL div| Cheby | Clark] Canberra Cosinet Intersection?

PT-SVM__ 0.029220.0028 0.063320.0032 0.267520.0123 0.5504£0.0253 0.972520.0027 _0.9089+0.0043

AA-KNN  0.029140.0023 0.0629+0.0027 0.26680.0103 0.5490+0.0220 0.9727+0.0022 0.9095+0.0037

CPNN  0.02030.0059 0.0576:0.0030 0.2403£0.0052 0.5228+0.0251 0.9767+0.0041 0.9115-0.0079

SA-IIS  0.0254£0.0030 0.060040.0040 0.2550+0.0170 0.5230+0.0340 0.9760:0.0030 0.9140+0.0050

SA-BEGS  0.0246£0.0031 0.0584+0.0039 0.2504+0.0175 0.5134+0.0355 0.9769+0.0027 0.9154=0.0056

YeastspO g GRF 0.024040.0027 0.0575£0.0036  0.2461£0.0154 0.5044£0.0298 0.9774£0.0023 0.9170£0.0047

LDL-HR  0.0253+0.0011 0.0588+0.0020 0.2508+0.0055 0.5156:0.0175 0.9762£0.0014 0.9149+0.0016

LDL-LDM  0.0247+0.0010 0.0578+0.0013 0.2488-0.0060 0.5137+0.0137 0.9768=0.0010 0.9154::0.0022

LDLCL  0.02440.0001 0.0581+0.0001 0.2489+0.0001 0.5117+0.0001 0.9771+0.0001 0.9157+0.0001

Ours 00238200014 0.0573£0.0006 0.2455:0.0029 0.5039£0.0072 0.9777:0.0037 0.91720.0012

PT-SVM _ 0.079020.0058 0.1224£0.0080 0.447020.0161 0.9335:0.0314 0.92580.0056 0.8410+0.0059

AA-KNN  0.0538+0.0107 0.0988+0.0139 0.3485:0.0306 0.7142+0.0640 0.9484+0.0109 0.8763+0.0133

CPNN  0.1243:0.0156 0.1822:0.0143 0.6159:0.0259 1.08960.0689 0.8749+0.0291 0.8165:0.0098

SATIS  0.0700£0.0120 0.1175£0.0150 0.4190+0.0340 0.8750:0.0860 0.9340+0.0121 0.8511+0.0162

SA-BFGS  0.0861£0.0231 0.118420.0145 0.4657£0.0633 0.9565:0.1269 0.9277:0.0113 0.8426:0.0152

SJAFFE G GRF 00544400117 0.10470.0137 0.370940.0399 0772600920 0.9483£0.0117 0.8690+0.0165

LDL-HR  0.0648:0.0053 0.1095:0.0060 0.4090:0.0104 0.8458:0.0035 0.9390:0.0029 0.8565:0.0085

LDL-LDM  0.0451£0.0084 0.0930£0.0052 0.34430.0102 0.7621:0.0201 0.9428:0.0035 0.8631::0.0120

LDLCL  0.0417£0.0003 0.1061£0.0002 0.3361£0.0002 0.70230.0002 0.9421+0.0013 0.8775:0.0006

Ours  0.0399:0.0048 0.0915:0.0042 0.3235:0.0078 0.6615:0.0235 0.9572::0.0050 0.8864::0.0069

PT-SVM  0.0909+0.0048 0.1415:0.0058 0.4236:0.0151 0.9154+0.0315 0.9128+0.0045 0.8356+0.0058

AA-KNN  0.0818£0.0039 0.1276£0.0035 0.4031£0.0087 0.8315:0.0193 0.9202£0.0035 0.8479£0.0038

CPNN  0.0671:0.0230 0.1265:0.0194 0.3465:0.0291 0.7523£0.0879 0.9319:0.0181 0.86770.0091

SA-IIS  0.0680£0.0045 0.1113£0.0040 0.4161£0.0092 0.934120.0224 0.9355:0.0041 0.8624+0.0053

SA-BFGS  0.06030.0043 0.1089:0.0051 0.3676£0.0121 0.7631:0.0239 0.9413:0.0043 0.8647+0.0046

SBUSDEE o\ ctRF  0.058140.0052 0.1123£0.0056 0.3476:0.0166 0.7451-0.0337 0.9425:0.0052 0.8661-0.0062

LDL-HR  0.0726:0.0043 0.1198£0.0025 0.3752:0.0102 0.8648+0.0085 0.9352:0.0060 0.8558+0.0038

LDL-LDM  0.0537£0.0008 0.1047£0.0015 0.3466:0.0022 0.7256:0.0052 0.9472:0.0009 0.8710::0.0011

LDLCL  0.0611£0.0001 0.11510.0001 0.3602£0.0001 0.76390.0001 0.9394:0.0001 0.8626:0.0001

Ours  0.0431£0.0042 0.0974:0.0036 0.3123+0.0079 0.6458+:0.0124 0.9500+0.0038 0.88330.0035

PT-SVM  1.5258+0.2236 0.4273£0.0328 2.5662+0.0330 7.2686+0.1413 0.4567-0.0610 0.3483+0.0394

AA-KNN  1.115440.0596 0.3142+0.0131 1.9384£0.0377 4.6736:0.1066 0.7041£0.0129 0.5571+0.0125

CPNN  1.4778+0.0140 0.7732:0.0162 2.8829+0.0063 8.5877+0.0211 0.5704+0.0334 0.2268+0.0040

SA-IS  0.8700£0.0260 0.3411+0.0170 2.4610+0.0250 6.7650+0.1040 0.6980:0.0080 0.4870+0.0120

SA-BFGS  0.854040.0620 0.3220+0.0170 2.4110£0.0230 6.6200+0.0970 0.7100+0.0170 0.5480+0.0170

Naturalscene o GRF  0.6142£0.0292 02651400148 2.4080:0.0251 6.502540.1081 0.8026£0.0121 0.6045£0.0131

LDL-HR  1.0712+0.0135 0.3363£0.242 2.2880+0.1253 6.7837+0.1445 0.6123£0.0087 0.40190.0259

LDL-LDM  0.7624£0.0131 0.3116£0.0052 2.375420.0092 6.5499:0.0382 0.7438:0.0045 0.55230.0054

LDLCL  0.8506:0.0104 0.2811£0.0003 2.4458:0.0011 6.621120.0050 0.7789+0.0007 0.6003+0.0008

Ours  0.5865:0.0217 0.2452:0.0162 23621:0.0136 6.4739:0.1023 0.80980.0312 0.6382:0.0265

PT-SVM  0.2938:0.0697 0.2292+0.0191 0.83230.0800 1.6277+0.1939 0.7810=0.0495 0.68700.0440

AA-KNN  0.117740.0051 0.1240£0.0026 0.5488=0.0102 1.0553+0.0210 0.9224+0.0032 0.7976+0.0051

CPNN  0.127240.0214 0.1404+0.0333 0.85420.0139 1.4706+0.0255 0.9104+0.0314 0.7821+0.0435

SAIS  0.1372£0.0131 0.150240.0080 0.5912+0.0283 1.137020.0574 0.9050-:0.0082 0.80040.0100

Movie SA-BFGS  0.1273£0.0109 0.131740.0062 0.5665£0.0246 1.0948£0.0511 0.9183+0.0063 0.8155:0.0083

StructRF  0.0921£0.0066 0.1108£0.0051 0.5042+0.0235 0.9629:0.0452 0.9393+0.0042 0.8421+0.0062

LDL-HR  0.1292:0.102  0.1410£0.0053 0.5832:0.0141 1.1056£0.0367 0.9205:0.0024 0.8202:£0.0068

LDL-LDM  0.0984:0.0012 0.1151+0.0007 0.517120.0024 0.9912£0.0052 0.9350+0.0007 0.8359-:0.0009

LDLCL  0.1114£0.0008 0.1122+0.0001 0.5354£0.0013 1.0085:0.0002 0.9365:0.0002 0.8385:0.0002

Ours  0.0863£0.0016 0.1071:0.0012 0.4900+0.0075 0.9313£0.0140 0.9435:0.0010 0.8481:0.0019




ILF F REKAAME FIE AN IS F 2 75 % 13
K6 WAL R (8
pAETE S ik KL div| Cheby| Clark Canberra Cosinet Intersection?
PT-SVM - — — — — -
AA-KNN  0.2980+£0.3799 0.0644+0.0767 2.3767+1.1127 16.1936+8.8100 0.7697+0.2303 0.7433+0.1384
SA-IIS  0.2380+0.0190 0.0534:0.0040 2.1230+0.0880 14.5410+£0.6530 0.8330+0.0110 0.7830::0.0100
SA-BFGS  0.2365+0.0194 0.0533+0.0038 2.1111£0.0864 14.4532:+0.6455 0.83430.0107 0.7842+0.0097
Human gene ~ StructRF  0.2336+0.0196  0.0532+0.0039  2.1026+0.0912  14.3870+0.6685 0.8359+0.0116 0.7858+0.0103
LDL-HR  0.2825+0.0248 0.0556+0.0073 2.4330+0.1541 15.3091+1.1115 0.7802+0.0503 0.7242+0.0419
LDL-LDM 0.2428+0.0145 0.0542+0.0063 2.1175+0.0235 14.5113+0.1499 0.8324+0.0035 0.7829:+0.0056
LDLCL  0.2353+0.0001 0.0532+£0.0001 2.1065+0.0001 14.4195£0.0001 0.8352+0.0001 0.7849:0.0001
Ours 0.2315+0.0042  0.0531+0.0033  2.1022+0.0094 14.3971£0.0712 0.8362+0.0013  0.7859:£0.0041
PT-SVM — — — — — —
AA-KNN  0.1637+0.0029  0.1560+0.0050 1.0129+0.0032  1.6936+0.0087 0.9375+0.0019 0.8450+0.0014
CPNN  0.1406+0.0042  0.1614+0.0069 1.3033£0.0040 2.2741+0.0102  0.9397+0.0029 0.82130.0020
SA-IIS  0.2262+0.0023 0.2118+0.0037 1.3315+0.0022  2.4097+0.0085  0.9086+0.0022 0.7511:£0.0012
FBP5500  SA-BFGS  0.1459+0.0021 0.1723+0.0019 1.2910£0.0018 2.2511£0.0092  0.9273+0.0031 0.8019:£0.0009
LDL-HR  0.4468+0.0008 0.3214+0.0036 1.4353£0.0039 2.7331+0.0131  0.8114+0.0005 0.6162:0.0013
LDL-LDM  0.1146£0.0008 0.1489+0.0032 1.2836=£0.0005 2.2002+0.0074  0.9513+0.0020 0.8359+0.0015
LDLCL  0.1425+0.0001 0.1394£0.0001 1.3256+0.0001 2.2695£0.0014  0.9548+0.0001 0.8448+0.0001
Ours 0.1058+0.0030  0.1351=0.0004 1.2755+0.0077  2.1686+0.0133  0.9565+0.0009 0.8512::0.0006
PT-SVM — — — — — —
AA-KNN  0.9558+0.2158 0.2558+0.0519 1.8745+0.1904  4.1554+0.5981 0.8190+0.0157 0.6590+0.0029
CPNN  0.7632+0.2011 0.3545+0.0425 1.9590+0.2001 5.1726+0.4214  0.6029+0.0364 0.5733+0.0466
SA-IIS  0.7569+0.0124 0.3411£0.0132 2.2122+0.0095  5.4952+0.0072  0.7338+0.0141 0.55580.0109
Flickr LDL  SA-BFGS  0.5449+0.0235 0.3085+0.0051 1.8974+0.0012 4.3199+0.0021  0.6833+0.0049 0.6528+0.0051
LDL-HR  0.9522+0.0142 0.4301+£0.0053 2.1788+0.0061  5.4485+0.0241 0.6125+0.0014 0.4388::0.0030
LDL-LDM 0.5388+0.0052 0.2932+0.0004 2.1600+£0.0001  5.2994+0.0315  0.8238+0.0004 0.61430.0018
LDLCL  0.5935+0.0001 0.2532+0.0001 2.2063+0.0001  5.4747£0.0001  0.8317+0.0001 0.6582:0.0001
Ours 0.4898+0.0034  0.2500+£0.0012 2.1983+0.0025  5.4744+0.0071  0.8357+0.0018 0.6616:0.0026
PT-SVM - - - — - -
AA-KNN  0.7951£0.2335 0.4375+0.1419 2.4126+0.2402  6.0847+0.2374  0.6892+0.1329 0.5633=0.1249
CPNN  0.5905+0.0018 0.4216+0.0024 2.4779+0.0066  6.45010.0049  0.6995+0.0030 0.5491+0.0012
SA-IIS  0.3721+0.0052 0.3196£0.0044 2.4459+0.0121  6.1998+0.0089  0.7725+0.0045 0.6038::0.0039
Twitter LDL  SA-BFGS  0.3639+0.0031 0.2954+0.0028 2.3967+0.0078  6.1405+0.0057  0.752140.0030 0.5915+0.0027
LDL-HR  1.2344+0.0131 0.5288+0.0093 2.3891+0.0079  6.1680+£0.0109 0.5377+0.0067 0.3573+0.0031
LDL-LDM 0.7501£0.0025 0.3857+0.0028 2.3677£0.0045  6.1319+0.0060 0.7818+0.0054 0.5198+0.0022
LDLCL  0.6801+0.0001 0.3065£0.0001 2.3836+0.0001  6.1903£0.0012  0.6137+0.0001 0.8223=0.0001
Ours 0.3525+0.0002  0.2863+0.0004 2.3377+0.0012  5.9338+0.0027  0.81860.0002 0.6134::0.0004

[ N, 2% R ) LG S8 mh 85 23 7 25 1R S B0 B0 48 e b AR, A0SR 25T Wilcoxon-Holm J53%: Y8211 €D
(critical difference diagram) 34T 77k K B2 MR 4. I 2 JE/R T RMEI LDL 5 ¥E7E 6 FiiE4r (KL_div, Cheby,
Clark, Canberra, Cosine, Intersection) _[¥] CD K], 5 AAFR A CD {H, CD R /IMY RN N J7 V50T, MHLZRIE BN
JPERER NI Rdebs ERRIL AW B ZE . BSR4 R W, A i Y LDLDF Jii: it 2
T HAb]R2& LDL Jy .

3.5 BEIFEERANSIEE

h T R SR AT (AR IR AR A, ) R, AR SCAE F B J v v N TR i 2 AL, 2L e B 45 7 22 22
R FHEIN 53 A1 R T J2 PR e AT 43 A1, ) B AT DR B i 40 AT 2 B) PRV AR AU SRR AT AR AR 3 . AR 4500 2, BASE i A58
14945, SR ¢ SR 10 3 SR ST L, PERESS T2 A0 2 X I e T Z, i, FATIAE 5 ¢ R Z AR R x5
i NS (R FRO 25 SR
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BRPk 4R e A gk K R

0 9 8 6 5 4 3 2 1 10 9 8 6 5 1
[ A P I PR I R B | L 1 ol P T M|
PrsvM—] T Y [ Low
LDL-HR StructRF LDL-HR: StructRF
SA-IIS —— LDL-LDM CPNN——r— ‘————————LDLCL
AA-KNN LDLCL SA-IIS LDL-LDM
CPNN SA-BFGS AA-KNN SA-BFGS
(a) KL div (b) Cheby
w 9 8 7 6 5 4 3 2 1 10 9 8 6 5 2 1
L 1 L1 [P E B I PR TP TR |
CPNN—I_ I i | Ours LDL_HR—I ] | Ours
PT-SVM—M — StructRF SA-I[S————— StructRF
SA-IIS b T DLCT T-SVM L——— I DLCL
LDL-HR LDL-LDM PNN: LDL-LDM
SA-BFGS AA-KNN  AA-KNN SA-BFGS
(c) Clark (d) Canberra
10 9 8 6 5 4 3 2 1 10 9 8 6 5 2 1
[ B A P A P PR B [ R P P P |
prsvM— 1 [f | Louss PT-SVM:,'" Ours
CPNN StructRF LDL-HR StructRF
LDL-HR LDLCL CPNN ——————— L——IDLCL
SA-IIS LDL-LDM SA-IIS LDL-LDM
AA-KNN SA-BFGS AA-KNN SA-BFGS
(e) Cosine (f) Intersection
K2 [ LDL J7¥ETE 6 fidgds L CD

N T BAIEAE LDLDF 8035 N 2 5 i 5 LA R 0 0, JA T2 iU, JeAb 526 2 B B or fp A AR ik
1T TR R AL B T2 A 7 I s SRR, Rk 5k 1 5. 6 DR, B T E 10
T L FF D 357 3 AE 55 S AR AEAS 5 IK, B AN 18 2 A AL (1) LDLDF 53k 3R 7 JE7R T 4E 14 D3
Ptk EISEIR A R, BAR At NS 1 ATACR IR IE T AIALAH, 265 2 1A 3 R R Ak T LA, AL A bac th
TEA LR R SE R d g S5 R M el 0 JERFE FEHIHLEIAE LDLDF J5 3% ke 2 R R AR A, I bl

AT DSk R e R (R P e

RT LTI ZRAE T AL R e R S5 45 R
it ok KL div| Cheby| Clark| Canberra| Cosinet Intersection?
0.0052 0.0131 0.2072 0.6740 0.9947 0.9628
Yeast-alpha
0.0065 0.0134 0.2099 0.6819 0.9945 0.9623
0.0066 0.0160 0.2130 0.6379 0.9936 0.9580
Yeast-cdc
0.0102 0.0161 02148 0.6449 0.9933 0.9575
0.0058 0.0158 0.1949 0.5723 0.9943 0.9594
Yeast-elu
0.0068 0.0160 0.1960 0.5749 0.994 1 0.9594
Yeast-heat 0.0117 0.0406 0.1761 0.3522 0.9887 0.9422
0.0136 0.0412 0.1788 0.3589 0.9883 0.9411
. 0.0123 0.0357 0.1939 0.4152 0.9886 0.9422
Yeast-diau
0.0150 0.0404 0.2171 0.4660 0.9860 0.9351
Yeast-cold 0.0114 0.0496 0.1355 0.2320 0.9895 0.9430
0.0129 0.0512 0.1397 0.2402 0.9883 0.9409
0.0238 0.0573 0.2455 0.5039 09777 0.9168
Yeast-spo
0.0284 0.0590 0.2532 0.5212 0.9761 09143
S-JAFFE 0.0399 0.0915 0.3235 0.6615 0.9572 0.8864
0.0458 0.0946 0.3329 0.6795 0.9550 0.8841
0.0431 0.0974 0.3123 0.6458 0.9500 0.8833
SBU_3DFE
- 0.0452 0.0997 0.3182 0.6635 0.9498 0.8819
0.5865 0.2452 2.3621 6.4739 0.8098 0.6382
Natural scene
0.6315 0.2650 2.3249 6.5387 0.7843 0.6375
Movie 0.0863 0.1071 0.4900 0.9313 0.9435 0.8481
0.0916 0.1107 0.5106 0.9712 0.9398 0.8413




IR FROREAME R ERNAF LS A F ] F ik 15

R RRGHIERRAEPLBIRZ R SR 45 R (50)

Hhide KL div| Cheby | Clark] Canberra| Cosine? Intersection?
Human gene 0.2315 0.0531 2.1022 14.3870 0.8362 0.7859
0.2414 0.0542 2.1185 14.4940 0.8330 0.7836
Flickr LDL 0.4898 0.2500 2.1983 5.4744 0.8367 0.6616
- 0.4935 0.2549 2.1833 5.4983 0.8364 0.6557
0.3525 0.2863 2.3377 5.9338 0.8186 0.6134

Twitter_LDL 0.3564 0.2867 23412 5.9462 0.8099 0.5951

3.6 SEBURMELI

0 TH5T LDLDF JZH 5 2588 50w S FIR T i (H 0 s 38 45 B s, ASCHMT T S 50U scss, S £ (2,
10] EH W BL 2 B KIBE (S=[2, 4, 6, 8, 10]), M RMH 0 [FIAEILESE T 4 A IEHEG = [0.001,0.005,0.01,
0.05,0.1], 7ET A $dli4E 3247 LDLDF J79%. 8 3 1 LL S-JTAFFE (i8R Yeast-cde HdidE A, s i S 5uk
PESIG R4 5, e AR A P AT LA AR R A8 45 1. W LA H, LDLDF 44028884 S ISR 51T (Y 0 1X
ANSHUE RAT BN, SEUE— e TE I A PR AN 25 5 RS T 45 AR 10 8), ST R B 1 7 v 25
ZIWEHEE b 28670 14 MEdESE BINSRE AL, BATRIIES € [4,6]+ 6 = 0.005 IR W] LUBUAS AR @ AT e 1k .

Intersection

¥ 2
S 8
(b) Yeast-cde $fE 4k
B 3 7£ S-JAFFE Al Yeast-cde £ 42 b 1S Higuk vt 4
4 %

AT T AN IR AR S 5 AR IR BRac 50 A7 31 J59 (LDLDF). 2% 53R AR S AR AR 10 B 2 Ry i
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U TR AL BEGH FRIUR P 27 SRR, FEREANGUBR R AL & 22 5 20 IS B I8 B i) 22 AR, T A i K P 3
2R I RMZALRE ). AERR OB I R i, 2% R SRR AT AT RE DL AR R R A e A, FRATT 5 LN R AR AL T ML,
AR A 2 22, A RON TR R R IR I U RE 0. R KR SR UG IE 1 A SCIX — J5iE A k. A2 R 2R
LA, FATEAS GREL LRV RUE W] AT /£ LDLDF J7 ik 51 NARZE )4 JR A S MR Jay B AR SR 1k, JFERIT A 2
H g3 A SR R R T A .
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