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Interaction-representation-based Deep Forest Method in Multi-label Learning
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Abstract: In multi-label learning, each sample is associated with multiple labels. The key task is how to use the correlation between labels
when building the model. Multi-label deep forest (MLDF) algorithm attempts to mine the correlation between labels by using layer-by-
layer representation learning under the framework of deep ensemble learning and use the obtained label probability representation to
improve prediction accuracy. However, on the one hand, the label probability representation is highly correlated with the label information,
which will lead to its low diversity. As the depth of the deep forest increases, the performance will decline. On the other hand, the
calculation of label probability requires the storage of forest structures with all layers and the application of these structures one by one in
the test stage, which will cause unbearable computational and storage overhead. To solve these problems, this study proposes interaction-
representation-based MLDF (iMLDF). iMLDF mines the structural information in the feature space from the decision path of the forest

model, extracts the feature interaction in the decision tree path by using the random interaction trees, and obtains two interaction
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representations of feature confidence score and label probability distribution, respectively. On the one hand, iMLDF makes full use of the
feature structural information in the forest model to enrich the relevant information between labels. On the other hand, it calculates all the
representations through interaction expressions so that the algorithm does not need to store all the forest structures, which greatly improves
computational efficiency. The experimental results show that iMLDF algorithm achieves better prediction performance, and the
computational efficiency is improved by an order of magnitude compared with MLDF for datasets with massive samples.

Key words: deep forest; multi-label learning; feature interaction; label correlation; representation learning
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1 5]

TE2 AR 5 AL, — NIRRT VA 2 AR, T 4% SIAT 55 )2 2% STAR TR A 45560 A WLast (1l A
AR TR T LR BT A BbRic M, 2 hRic 2% TS AL Tp N AR )32, BN SCARG AR5 P BT 2R AT
5 P10 2Ry FAT 45 WA Uk sz SOR L, AT X = RO d ERFFIES ), Y = (v, y,....y,) (REE T ¢
ZEbRC B FRE ). IR LS € — AN 2R A MIIZE O, Hhx, e X 2 —Nd 4ERRHIE M i x, =
(X5 Xizs - > Xig) Ho Y€ Y A2 x, RPN )5 HAHSC PRI AR & Z2hRid 2 SN T2 — MR h . X — 2,
AEAFFATI AT LA LT L b P 0 A DA A B R AR 1L AR

TEZ bRl 2 SRS b, R A bR Z R AR DGR UG 42— AN 52 B DG k%O 5 5. SCHR [S] a1k 2 b
W2 2 ) LA g A FRAC BARAT Z J0 oy 2R R . AR TS TE A o A ik BE AR SR SRR L 43 258, 1R S bRl
(B BRI, 2 S8R = v A, R — AR B AE BT BEA Bh 2% 2 HARAH SGARic i 555, WIS bR id 2
V¥ AR S X6 13 v 2 b 2 2T (R P e 28 0 T 3 (0 DRIk, K 22 BUA 5 0 3 i AR R A 1) A P 1 K
FFIARAE AR RN 252 bric n il . B A5 3840 TAR SR AR 245 ) P 5500 45 Mok 3 8 2 bt 2 AL R DG4 S,
DA ORAR TSI 1 T B U SR [8] 223 A FH A 4 R AL TR K 20 B B A B 22 B i AT 45 R A b AR S A R T S
TR 9] D388 Je v At 22 ) % R A 3 s 1 - 1) D 2R IR RN T8, AT 27 2T i ) PR A S

ANETALGEI 2 i 2 ) S0k, IRBEAE 2T 5IN T R 2% I IAE SR, SCHR [10] 75257 S8 IR AR A5 10 5, 76 k9 2%
5 — 2 P AR 22 BRc 2 AR (R R e 48 I At ARG i 1 (R T SRAR R, FLILAE Dby bt AT A ) ik
[ 2% FR G0 T N3G G A BRHOE S ) R, B G B o SR I B 23 2 ) AT e IR BIR B 4 S AR R AE T
B2 AR FE | B AL B R 8 AL S b, Sk [11] &1 b N B VR A A AR T IR AR MR R I
il geForest SRSz ILUIGE. FLAT SR IDE 45 M VR I3 ARARBE IR R UG8 ol 22 0 44 AR — RE AT 2o 30 12, 5308
P22 R 2 A B, IR FE ARG SO S 4, BRI TR B T . Sk [13] 3R BRI R B T 2 A5 2 S AT 5
b, BRR T ARG ARG R IR 2 2 0 2 AR IR BE AR 7 V. AR 0 2 R ic iR BE AR AR — N0 e, SOk [14] Jaid A
PRGN T EEAR YL T §9hR10 2% 2] i)l 7EAE— 2, A A SCIGHIE 75 S IRt S ibn id SR EA T #h 72, R
SETIbRIC R 1, WLE I 25250 4 vh S e bR .

R X LR Fhio (s BRR IR R MIE LI RIS AR BoR T BER R ), HBAT TR T hac T
REAER AR — AN CBEERBE. 158, IR SCHR [11] Prdk, B i A id 238 A5 R AR A IR, B T YR R 5 1
BENLARBR O 2 AH B8 120 2538, X R EUHER R TIAR ALk 2 PEE, X Rt 2 5 8058 1Y Stacking
ETCVE H M R BRI B DN 22— SCiRk [11] $& B)1X T Stacking 8287 NS TR W )2 < G 18 %2 ™ &
(R A0 RS . K, T 3 P00 1) 2 TS 0 v SIS OB T 25 22 AR MRS B P A i, 7 288 R 18 A ik 2 T RIS ] 9
FE. TR, Wl X 2 bR 10 22 SIAT 45 R IR BE AR MAR B R V5 B K T /NIRRT A — N SR Y )

FEARICH, BAHRH T 3T HRIR M Z bR id iRk AR M 75 (interaction-representation-based multi-label deep
forest, IMLDF). ‘& A ARMAE I 1) e 55 16 A28 v 428 B 0 2 [A) o (1) G5 46045 U2, R0 BEATLAS EC PRl B e S0 8% 4 o 1)
TEAS L, 43 AR B T REAE 55 FEAF 4 FUARIC R 4 Al W b 28 B 7R. AR5 8 23 R A I S8 56 TP IEAS B IR 3R 7R 55 3
SRR AT 200 T U 5 A A 3 SRR AR AR, ST 2 I 7R 2 20, ANWTAZ AR AT 2 [ Hh B S R R 45 4.

ARSI B TR LU RANT 1L

(1) B IRBEH T 815 2 hRic R R BEALAS HLAREUR 53k, 7620 R 7 AR B e (R 485 1iE 45 R4 Bk R B Al
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R AAR AR R PRI A8 T IR ST T 2P, B T il XU
(2) MMIAS AL AT ST AT 3R, IS ST 5 A7 AR ARG ), BT TR E AR IR S8,
ARSCE SR ET I8 SO R AR, FR, AR SCONE ISR AN, 5 =, I L F ST se s 45 1. e, X
AICHAT G

2 HEXIE

2.1 BIRIERERM

ZFRICIR AR T77% (multi-label deep forest, MLDF) & —Fi 38 T AR OB B4 el i £ X 22 b0 2% ST IR S
FEE IR U312 5 0% R 2 IR AR PR 45 A S I R T 2 A, B 5 (45— )2 AR PR LI R R 41 22 b i e S0 AR PR ALK,
AL FE T 28 20 B WL AR AR (random forest of predictive clustering trees, RF-PCT) F1 T8 2 S0 1 B2 it L AR Ak
(extremely random forest of predictive clustering trees, ERF-PCT). i 34N AL AR AR 4 1 L1521 i 5 N AE AR AR T
AR, AR T BRI M 1) B (1 R AR AIE. IX SRR R IR A o 38 R A R A R AR DA, R T
JERRMRBR IR, O T BB 52 24 5 8 B 3G N HARAT 5%, 19— 2GR I G5 45 TR 23 a0 A8 SCIG I - 2 A
RIRLE R I RE, WA B L4, WIS 2L YNSRI RE. BRI Z b, 7EF AR 12 2 A B FE 7, T A 2R 2 AT
A F BTl B b 1) B A B EAT VEAL . SEE ARG, W Ak B 24T )2 1 TR 3 43 A1 ek BT — )2 1 TR = 43
A BA S 1B G B, A SRS AT, SCHK [14] 75 2 10 V8 5 AR (0 R Gl A7 G M 7B 50 St 345 B 42 i e i 2 [ oo
() AR (55 JEL, AT A A5 FE AR AR TR R 459 T A ) P M . SR [15] DT S8 B AR AR IR G625 ) b I N S e 1
BN, nam T AR G AR e T I R ), AR T T TR AR, DM v )y O ARG g A P g
J 0 108 A AR RE A HEN T — 2, SCR [16,17] 385 555 BE 0 1 (R LR SR AR A 005 XURS: . 4 72 52 B . H S
HR [18,19] 44 2 b iR BEAR AR VE R 7R T (R FUBThRid: [l E, JFES T REFINPERE. SCHR [20] 244 2 FRid s B
AR T AR AT 5%, HBUG T A TPERE. SCHR [21] 4 2 510 IR BERMRIT S — Rl DA R 7m % 2]
)2 bRid BR B 2% 2] T V.
22 FHEEBXZERFER

PAVIFERAEAS B SCA PSRN o (1) S B, P EAS B TR B XA

IF: At WK &...& 461 93 THEN: 28 H R IR0,

XAPRFAEAS HAS B s W T IR AN e 2 R DI A 2k R 2R 55 6 ORIV 22 HAR 43— 2o i e s o
PR AL L () 7 IR Bh FE IR i U SR [22] WS UE I T W B A LAR AR 1 B v SRR T LA R A 1) (1)
A H AT R, FLBRE s B R A8 M A AR A SR e SCRR 23] I i N AR AIE PO AR 8 o A8 LR AR i 2 BRI TR s
TNRHE, JEAE LA b R SRR (M G S5 AR AR T SE A IR P B, () I o BRI T o R T 4. | T 2
SES I 253 I, 105 1 A8 TR 7R v 3 U T AT Y. () ME— bl T AR SCTESCR [23] VR IR AE )
AEHAT B G H WO RHE DX 30) PRl b MR AE 22 8] FH b 2 8] P S A [ 6 4 8 e vk T8 (0 3 7R AiE, Horh Jy 3l
S P AU ATt S R T i Sl TR S0P AN TR TR E PSS e e Do i AR T IS 05 4 W o 2PN 2 T Rk
RS %0 JT .
3 ETXRERRMSIRCRERK

A FATR N T 3T H AR IR ) 2 bR LR BERR MK 710 (IMLDF), ‘& 38 1 RpAE 2 0] F0 45 R 42 A2 AR RN T
IR R IE R R .
3.1 REUHIERERT

M IRAE I ZREA AT B — A B 58 N ZR BN LR DY, B il K a2 FEPE I PSR A H R A L35 (1)
THOIE e, SR T FRAT AT A1 I e AR S AR EY A D58 P A 45 b T4 BB DL AR PR 1) B 40 SR A8 DS 32 31 2
FhBEHLIE RSN, PR BEAL AR AR 0 SEAR P SR I DR SR B AR AN T 5. (R AR LE T tbrac (5 2 32 3 I B ER e Sk
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(T RS s A2, LIS AL AR AR T K v STEART () 602 B o] A9 39 1 A AL 75 F S e (T AR A R A HE IR — 3 4 v
SRR, 1KLLy S M A AR BE N LV AU SEIA F R R A. FRATT T AR HH BT A SR 6 42 R R P et e 1 — 5B Ay
EAZ HL, T I LERFAE AT B At T HE 25 ) v (K 5 A A5 R BRATT AT LA JE ok RpA0E A8 F 30T (1 i 4 ) X sl A 38 W 4
ANAEAE : REE B A AT o A b D AE R 40 Al

FZIB— N Z R TS, BATE n DVNGEEAR, AN p ERVREAE & R BATT LG —A 2 hrid
EMNGEES, = (X0, 1)), ..., (%, V) ST Vie(1,...,n), x; €S J&—A p 4EMRFE AR x, = (v, X X5p)
By ey & x, 5N HIS AR bR IC RIS A A FH I8 28 1| 2R 0 I 4045 3 2 AR ] B AR AR 27 5, JRAT 1T UK
LR R SR 5 42 R A 38 O R ) R SRR ). XS A R AR AR R B AT B AN ). X ANE SRR AE x,
B LURICL R Lol x, <6 BCE xp > 0, MOTLIER x, Z g 0T ZRRIBUREAE, BATUE BT one-
hot % 5 48 743 H Y SRR b ok 75 X — B B e L— SR R BRI R, = {(Ar, t)IV (xity) € 5 N IRIR IR AZ)
AR A € {—k,+k) TR x, FEEEEGIR AR R HILO g i 77 11 2 (+ 183 >, & <), n £nll
X 2 PR SRERILIUN A B L. AT T AR A e SR B A2 £ 5 DA WA 98 20 S ELA UG 7 TR R A S e AR g (L 5, Tdweshold
1(a) HP I T3t 2 B LAR MBI 255 15 BP0 20 R ¢ Bt R B AN RSN R, = (x> 1) N (x2 < 5)N
(x32 1) FIRy = (xp <) N (xq 2 £)N (x5 > ;) . TEHAEIRIR A I L HAF B )G, TR AT IR) =
{(1,=2,3), (11,12, 15)} FIL(R, ) = {(=2,4,3), (8. 1,.13)} -

ik 1. ZFr0HALAC B (multi-label random interaction trees, ML-RIT).

N PRI S R = (Ry[R, = {Iindex, Tihreshold )

&l
B 7 WOE DA B AR A AR IR A1
1. for B £ 7E (1,2,...,L} ' do
2. A CEIREEA DI, & TR AT I RAL, FE AT R T AR, AR A R AR L AR UK.
RN = 1,0, B RL jISCE RN pa()), 2 i R j I DN UIZREE 4 S R 21
3. /7\‘\ Tindex — E‘,‘dex , T:hreshuld — ]I:_lllreshold
4. for j7E(2,...,J} ' do
5. T}ndex = mjldex N Tpa(j)
6. le_hreshold — ()
7. for FL TR i ££ T 1 do
8. if A;>0 then
9. T;hreshold — lelhreshold + {maX(t,', t;)lti € I[;;H'CShOId’ t; c T[L)};r(ejs)hold}
10. else
11. T}hreshold — Tjt_hreshold + {min(t,-,tlf)lt,- c I[}',““h‘“d,tlf € T;I;r(e;hold}
12. end if
13. end for
14.  end for

15, gines {T}i.“de‘ 1 depth(j) = D}

16. reshold {le_hreshold s depth(j) = D}

17, T e {Tjmien 7 freshold)

18 BFILH T = UL, T

19. end for

20. 31t bootstrap SFEXAE H BT VA A

21 V5 T WA DRI AR 151 B 2 A i A3 A
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IR)={(1,72,3),(t,,1251)} IR )={(=2,4,3),(1210:19)}

/N - /N

IR )={(24.3), (100000} IR)={(1,72,3),(11:12:1)}

/N /N

Re: r Z=)N0<6)Nx=6) Re: (np<t)Nx,=)N(x=1) '

TR )={(1,-2,3),(t1,12,13)} IR)={(—2,4.3),(15L,10)} 7={...,{(=2,3),(t=max(5,,t5), £=min(t;,1),...}
() 38 3o B ML AR PR 2 1 K e S5 U P 4 (b) BEHLAS ELR S48 A 1) R 28 LA A2
X ® 5 0 [FEA _ X3 ® FI 0 MIREA S _
— & K1 R x,<<t; + & 1 IR X<t
o4 KA 0 1R || =0 o4 O 0 F 1 AR | =0
: .|.__-- feat * * =
| e 1 =YY T G)
5 i
0 t5 X, 0 t X
(o) FEAE SR TR (d) ZARic R oA
1 ZhcBENLAS B S SR IR AR RS B (R = A
FH T3 2 e SR 1256 420 L5 HOGT I R &6 i B 230 o B A S 0%, FRAT I Bt id e v 22 A e L AS T AV

S FH BT 97 328 L v 0 22 bl A BB N 2 R R SRR, AT DASRAR B T A2 AR T AR A L. BATIFE SR 1
PR EE T ZARCHIALAZ B 5L (multi-label random interaction trees, ML-RIT). ML-RIT 5 L A48 M. (25—
BRAEEA €, T ARG AT iy, ..., 0) WEER TP SR FEAR 2, S AT T NI PSR AR B (T, ... L, AR ARG, B
R YRR AR T hE RIS R ERAE L, N .. 0L, ROREA A AR BIF 2 BRM: AERH L. J 5 DR B R I BF—AUREEAS L.
1(b) FE7R T ML-RIT S0 T PR SR ) v 2 LA R W i e 484, S BB AR AT HAR 1y 2Ok SR & B A BT
FEAEAS L, AR AN Wbt X 28 F IR AREAE T A SR B A5 B A SR A3 21 g A HAE B B () Mz
A RO 2R A 45 A (=2, 3), (max (s, 1), min(ts, 1))} -

R 1 BRI AACH T, € T #4068 B — AN G H SR ) 720 (8] X 3. MIL-RIT J732: U3 ek 3 46 ]
DRI SAS B PR R IR B, 23 A AR A B A 20

cature _ _|xi'_t'|, Vi:X;NTk

FIFRICHER /3 i
D Yo D Yoo VX~ T
0, FHopth ’
T, x ~ T 7R x, RACRHIEAS H. T3 F 28 XS . 18] L(e) R THFIE B E AR 18 X, B ANREA S
AL ELG NG X 3 AV T B s DX A S 6y R T 1(d) R T AR MR A 1 B S, RIS ANAS B Y
TG DI P 0] T AR ARG LR bR i AR A
3.2 RERFFIRGEH

W 2 fiow, FERT A R RN N2 BRIt i B AR Mk 7 (iIMLDF) Hh, 005645 il i 4 2 4540 (R A0 [8) 22 TR 7w
R SEI. A 2 I FR AR B 25 P 21 22 b W SRR AR AR AL, LS TR 2R A% BE AL AR AR (RF-PCT) TR ZR A4 1
FEBEHLER AR (ERF-PCT). 15— 2 AR MROBIH 2238 i 22 b ic B L AS T S350 v 1 LS ) R A A8 B 3R I
15 FEAT 4 AN DX IAR e NEZE 3 A, T 37 (AR AR 3 7 2 T Ik G 4V A0 SRR R A — 2 A 0 F — 2 N, fnittik
RAEIR B il & A5 1R 45 F

ﬁabel (Xi) — {
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AH | HRHIE EH O |m | BTRHME TE
T a
[ RE-PCT [ | ﬁ*ﬂ%@ [ RE-PCT || & Lk\i [ RE-PCT |
o Bootstra o =
gpBootsuap[ re-peT | i [ RE-PCT [ # RE-PCT =
e ) BB
S
& ERF-PCT al ﬁ ERF-PCT|— | f: ERF-PCT(— | B
| P % ERFPCT
i [ERF-PCT|— | f@ = [ERF-PCT|— | ﬁ%ﬁ ERF-PCT|—> |
A . M
| W1 ! H2R 11 £
|
I RFIERGL (concatenate) ! ] |

2 BTG RIRINZ LR AR T TR GO S K R i 1B
AR, BATL h= (ki by, ke s £ =i for o S s Ty AR k2 IO BRMRABEHT N (e 5L, f, AR
Bk J2 KR PEARMAZ AT B R AE A L7, HARIE T LA £ F A PRR 23 T 2 bR c BE AT A 577
ot I () bR SR AT T 67, 1% R BUVE T BR MR B B by b, 0 AE T ol . 15 K MR 12 11 £ A ful 2 INF (RO B .y bR
ATATLARE S T A8 H AR [0 2 BRac IR B AR MR T VEAE 5 & J2 1RIBAR N

T o h(x), k=1
Sil(x) = )
T o (X, fii (D, k> 1

Forb, [a, b) ACRAFAL )3 @ MVRFAE [R5 b R,
HZIE AT AR 210 =504 (h, ) BCR T AT RSN ZARic LR g : X - Y
8(x) = hx([X, fx-1(X)D).
TR AR MR i — 2 AR R A )88 A U0 P TR AL =R ELAT BB DR E T 0 T PR x Bt AT SR A B
WS Y

4 SIOERSY

AR SCHE 348 B RN 1 22 bR R BE AR AR 108 — Bl nl LB S5 40 R AE 23 ) 45 4 oK 2 & W B A e s
S ZARIE 2 2 Sk AT BATHE IMLDF 55— 2828 L[ 22 bt 2 > SELIE T4 EE, 47 RF-PCTP, DBPNNPO)
RAKELPY, MLKNN™", MLARAMPHISEFFric 81 1R E AR 77k MLDF! . 341110 H b A 56:30F iIMLDF ]
AR AN [ (1 b Sz B B Ak i, TR MILDF [R50 b4 BEBAIE T A8 .67 5 | N IRHRFAE 23 ) 5 A3 A
FRAC I B AR, FABEIGAE T iMLDF A H T MLDF KHE45 0 7 0050 BE o S T84 FAsf T4
4.1 LWRBEBSHIRE

BABEFET 7 AR BASIF R F AR [ R 1) 22 bic 70 I UE S 45, 36 1 F1H T IX S i SR (R 3 A 4e it
Hodl. Pra YR B 20 R AR . BRI NE AR A 207 4SE] 6000 A7, A 49 ASF] 1079
AL, A5 BN 174 MRAL. EAHEZ RIS EHES . 3T R L4709 SEH, 76 A3 1S 00 T BENLImEL
70% IAREA A N ZR4E, T4y 30% HIREAR -0 2 A 4E.

R R EIECR . RIEBCRE AR O R G o 2.

Kt 4R A, AR LER RS ESTRE A

VirusPse-AAC Biology 207 440 6

CALS500 Music 502 68 174
CHD 49 Medicine 555 49 6
Emotions Music 593 72 6
Image Image 2000 294 5
Slashdot Text 3782 1079 22

Reuters-K500 Text 6000 500 103
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%2 HIH T ASCRA 6 Fife Zhsic 2 3] BIrp iz 48 F i 3F4l /57 hamming loss, one-error, coverage, ranking
loss, average precision Fl macro-AUC, “ | "R WK B BRI, « 1 7B T Sk sy, g coverage &t
Fric A AT IH— 100, BRI BT A VP4l B A AR LE [0, 1] 2 [MAR k.

%2 6 MEhrid PR R ME X

R A
1 m 1
Hamming loss | o ZH[hfj #yz,‘]
izl j=1
l m
One-error | —~ Z]I[arg max f (x;) ¢ Yt.“f]
i
l m
Coverage | p Z I [max jev rank s (Xi j) = 1]
i=1

l i |S£ank .
mi ]

i=1

Ranking loss |

ij
.. 18 1 .
Average precision 1 L precision
m ; |Yx+| }g; ranky (X;, j)
1y [Shacro
Macro-AUC 1 ,Z
L &y ly-
a1

4.2 TEEEIERTHIMEEE

A TK IMLDF 5 LA R 6 AN LS VEEAT Hh s RE-PCTP*). DBPNNP®?I RAKELP', MLKNN™,
MLARAMP? 71 MLDF!"™. H:r1, DBPNN (deep back propagation neural network) J&: DNN 7575 H T £ #5312 ] fB 4
R RAKEL (random K-label pruned sets) A1 RF-PCT (random forest of predictive clustering trees) #& % fric 5 &
)RR RAKEL MARICEA L M AN k T4, IEH A TR TR 3 R, R 45150
o HER P IFRICBEEE, 138 —Mric . RF-PCT & T PCT HI4EAL, PCT M2 40 e s ol idt, & fair
TER T 2 AN prad, 02 3CRT DL 5 A A i ac AR SR R SR A& 250 RF-PCT il ik [ Bhids skt LR REAE
TR IN5E PCT FITIINGE 7. MLKNN (multi-label K-nearest neighbours) #J#4i | K-nearest neighbors k¥ .5
DUARAE A B B0 B VN GRE AR, R ) UL ol 30 8 7 6 0 J 28 90 BC (19 A 7. MLARAM (multi-label fuzzy adaptive
resonance associative map) 1] B Fx &l i 3 ip— #1481 ART (adaptive resonance theory) JZ= K4 2% 3] 2 [ JsU 1 2
KRMR B ZR I, M8 i 3 28 BE . LR IX MG B0 T, BT D B R80T DA — /N 2 (R 00 BT HA, DT e
Fk b 43 S ]

THAH T LN SER E. XF RE-PCT, ¥# BN 500, 732456 br k2 e Fia 50, A PR HIB 1 3%
JE, FFAEF AR A Ve, 4T DBPNN, IEREFAN /N5 100 F1 50 BGZ, s e B0k 2 4 it o 41, i
5 4 Adam. %t T RAKEL, 100 FH 2k JE Fa 5k 7 ZPRHE 1) RS AE k27 2 28, REAMFRIC 70 X IR/ R 4. 60T
MLKNN, # BIE48 KN 10, Jeit 500 1.0 4T MLARAM, # & ART M4 124504 0.9. %} T- MLDF, % & i
KIZH0 10, 521 4 A RF-PCT, A~ RF-PCT M FIAECH 100, SRR AR 5L B 8 507E 0 43 34 584x, JF B
ANBREI (R BE . 6T IMLDF, 5K T4 — 2t RF-PCT I B 5 MLDF fR5F— 2, SR8 10, 51 H b
WUAZ S S H R, IR F BRFE BB 10; BRI A S R £ /2 20, ¥REER 5.

AP FEHEAT T 10 S5 D3 10 N RS2 56 1) 135 BE S AE bR i 22, DLHEAT LU 9. 6 3
R T SRR TEAN LI 45 R, | (D) Rl (BOR), YEREBLY, HUAAR R i b O PN §E. iMLDF {EGESVF
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£ 9.52% HIMNR P HEA 55 2. £8 EPNA, iMLDF 78 R PP Fabn i) 2 R gk B T 5 Al se 45 A LE
IRAEPERE, IXURIE T iIMLDF [ 2500k

23T AEAEE b LT T e

S Hik  VirusPse-AAC  CAL500 CHD 49  Emotions Image Slashdot ~ Reuters-K500
RE-PCT  0.168£0.005 0.136£0.000 0.288+0.002 0.184+0.003 0.165£0.001 0.039£0.000 0.011=0.000

DBPNN  0.199£0.008 0.134+0.000 0.333+0.013 0.217+0.004 0.175£0.002 0.048£0.001 0.011=0.000

, RAKEL  0247£0.016 0.201+0.002 0.357+0.020 0.280£0.010 0.251£0.007 0.051+0.001 0.0160.000
H?:s‘:“lng MLKNN  0.186£0.000 0.146+0.000 0.430£0.000 0.307+£0.000 0.247+0.000 0.05440.000 0.014%0.000
MLARAM  0.239+0.000  0.171£0.000 0.329£0.000 0.407£0.000 0.308£0.025 0.100+0.000 0.0950.001

MLDF  0.17240.002  0.135+0.000 0.288+0.005 0.1720.005 0.15040.002 0.039+0.001 0.011:£0.000

iMLDF  0.17140.004  0.135£0.000 0.284+0.003 0.177£0.005 0.149£0.002 0.038+0.000 0.010::0.000

RE-PCT  0.432£0.022  0.098£0.002 0.236+0.004 0.260+0.010 0.289+0.006 0.411:£0.002 0.384=0.003

DBPNN  0.589+£0.027 0.09040.004 0.309+0.013 0.314+0.011 0.30940.003 0.457£0.002 0.404=0.006

RAKEL  0.684+0.060 0.523+0.027 0.407+0.033 0.49240.040 0.499:£0.007 0.556£0.010 0.631%0.005

One-error | MLKNN  0.55240.000  0.137£0.000 0.273+0.000 0.505+0.000 0.563+0.000 0.707+0.000 0.772+0.000
MLARAM  0.631£0.000 0.360+0.000 0.415£0.000 0.641£0.000 0.346+0.001 0.511£0.000 0.794+0.001

MLDF  0.426£0.002  0.096+0.002 0.234£0.008 0.262+0.010 0.269+£0.004 0.409+0.004 0.374:0.001

iMLDF  0.400+0.013  0.095+0.007 0.238£0.011 0.249:£0.005 0.263+0.006 0.414+0.001 0.374+0.001

RE-PCT  0.171£0.007  0.743+0.003 0.450+0.001 0.265:0.002 0.17440.002 0.105£0.001 0.055+0.001

DBPNN  0.204£0.005 0.740£0.003 0.488+£0.007 0.304+0.006 0.190£0.002 0.146£0.002 0.058+0.001

RAKEL  0.279£0.009 0.967+0.002 0.574+0.014 0.43120.016 0.307£0.007 0.278+£0.003 0.333+0.002

Coverage |  MLKNN  0.208£0.000 0.753£0.000 0.497+0.000 0.412+0.000 0.279+0.000 0.191£0.000 0.119:0.000
MLARAM  0.296:0.000  0.917+0.000 0.568+0.000 0.48320.000 0.209+£0.000 0.248+0.000 0.197:0.000

MLDF  0.178£0.004 0.739+0.000 0.451+0.006 0.266+0.002 0.166:£0.002 0.105+0.002 0.052::0.000

iMLDF  0.161£0.004  0.736+0.003 0.442+0.004 0.265:0.006 0.164-:0.002 0.103:0.000 0.052::0.000

RE-PCT _ 0.181£0.008 0.1820.001 0.206£0.001 0.134+0.003 0.148£0.003 0.092+0.001 0.042=0.001

DBPNN  0.224+0.006 0.18120.001 0.258£0.009 0.183+0.006 0.166£0.003 0.126=0.002 0.038=0.000

) RAKEL  0.640£0.035 0.694+£0.007 0.574+0.022 0.532+0.015 0.53320.006 0.524+0.007 0.528+0.003
Rlz‘;ls‘“l‘g MLKNN  0.224+0.000 0.219+0.000 0.268+£0.000 0.302:0.000 0.290+0.000 0.176+0.000 0.088+0.000
MLARAM  0.643£0.000 0.436+0.000 0.505+0.000 0.585£0.000 0.241+£0.001 0.415+0.000 0.264:0.000

MLDF  0.187£0.004 0.179+0.000 0.208+0.004 0.137£0.002 0.138+£0.002 0.090+0.002  0.035::0.000

iMLDF  0.170£0.002  0.178+0.001 0.202+0.005 0.13320.004 0.136:0.003 0.088+0.001 0.035::0.000

RE-PCT 073120013 0.498=0.001 0.796:0.001 0.819+0.005 0.811£0.003 0.692%0.001 0.696=0.001

DBPNN  0.647+0.010  0.495:0.002 0.764+0.006 0.782+0.006 0.796£0.002 0.650£0.002 0.672=0.002

RAKEL  0.565£0.014 0.266+0.004 0.718+0.011 0.676£0.011 0.662+£0.005 0.540+0.007 0.4130.004

pr’:i:zieT MLKNN  0.655+0.000 0.440£0.000 0.747+0.000 0.65040.000 0.650+0.000 0.462+0.000 0.372+0.000
MLARAM  0.562+0.000 0.359+0.000 0.743+0.000 0.570£0.000 0.770+£0.001 0.574+0.000 0.370:0.000

MLDF  0.728£0.008  0.500+0.000 0.794+0.006 0.819+0.004 0.823+0.002 0.693+0.001 0.7030.001

iMLDF  0.751£0.005 0.502+0.002 0.800+0.005 0.824=0.002 0.827+:0.004 0.693+0.001 0.7030.001

RE-PCT  0.769+0.017 0.556£0.007 0.575£0.008 0.871+0.002 0.862+0.001 0.861=0.004 0.896=0.004

DBPNN  0.741£0.011  0.550£0.005 0.575£0.012 0.811+0.006 0.845£0.004 0.820+£0.004 0.910+0.005

RAKEL  0.573£0.018 0.508£0.003 0.532+0.016 0.672+0.015 0.669£0.009 0.661£0.010 0.632+0.005

Macro-AUC 1 MLKNN  0.654+0.000 0.521+0.000 0.498+0.000 0.674+0.000 0.723£0.000 0.664+0.000 0.715+0.000
MLARAM  0.49140.000  0.511£0.000 0.542+0.000 0.586:£0.000 0.812+£0.001 0.67540.000 0.661::0.000

MLDF  0.777£0.004  0.559+0.002 0.589+0.020 0.873£0.001 0.870+£0.000 0.865+0.005 0.9110.001

iMLDF  0.779+£0.006  0.560+0.006 0.573+0.006 0.875+0.006 0.871+0.001 0.8700.001 0.929:0.006

4.3 HESEMETHE
iMLDF 76 B4 801 0 TR B R, 75050 F88_ AR T MLDF 47 B35 1003 h T RoR S T a5 I 45
B, FA6 L iMLDF Al MLDF 78 2 A58 L 22 9. B 148 B (8844 4 : 16%3.70 GHz CPU LK 128 GB A7
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iMLDF #I MLDF #84 20 )z, 532 RF-PCT MBS E 50T hFF—3 £ 4 B8R T mA R4 R, 7T LLE
iMLDF 72U (A RIA7 i TF8S L@ 47 MLDF, ZEAGA 2] 10 5 CL L 3. 784850 s K dis 4E |-, iMLDF
AT LUK S AR AR 52 R I T) A S A5 AR AN 2 B AR PR BEVE AT B 1 IR P AR B0 T X T A Ak
AT AR % SR R FFAE W AR B, BRI RIS i) 23 18 K T4 JUREN LR MR 5. (R 58 B 2R Th )
DU AT A oS AR IS ) TR, — R TA A IR I T B SR B e PRI 4R 2 T AT 1.

KA 3ABARERI VIR TE] ST TRLA P A7 A 4 1 B 45 2R

B ES Sk VIZRIN ) (s) WA 7] (5) 17l (MB)
iMLDF 714.06 2.25 122
Emotions MLDF 479.79 47.36 1971
RF-PCT 6.77 0.45 52
iMLDF 2975.45 4.67 1916
Slashdot MLDF 4457.01 354.49 27435
RF-PCT 28.85 2.02 1015
iMLDF 1779529 17.69 10699
Reuters-K500 MLDF 37185.08 1286.20 112585
RF-PCT 74.62 10.02 6140

iMLDF TH 8205w i) B R N2 1T MLDF 2B 4R 78 & 25 T RF-PCT Tl ¥, [Rlitt, MLDF 4250 f
FINZEIK BT J2 RE-PCT SR A IR 5L AE BRI R, X 2B 1 iR (A7 T 5007 4 ARAE BT (¥ e sk R, DR 7
BR K N AE AR, B2 Ah, MLDF 5 4% 2K B I i) o I Sz ) 864 T 38 JE V. 11 76 55— J5 T, iMLDF A
THET O R RFAE R R, B, B 2 R T SR A D (B HAY) RREAT AL, U SEA) AT DUR 25 2 ke T IX e se o,
A R,

5 B %

FEATSCH, FATVEERS 22 bR AC IR FE AR T IR AR AN 4= 5 HVH SN A T 1L R (0 ), 38t 73 A2
BRI 2 BRC IR BEARMR L. A2 TR 1 IR A I AZ B A0 DI R ALE A AR I W4 20 A B O Pl 7
AL, AT N3 7 27 20 1) 20 FEE, HLASAS 7 o AL (KD AR BT BAJE o A0 T AT RO AR AR S5 4 . IRL I, AR SO i AR SR T3
DNPERE M RN KB T VSR TTA. S5, SR VG B SRR 4R IS T RAFIPERE. AEAKR 1
WFFTH, FATTIE W] OO BEALAS SR AT B 73 Hr, 45 4 A AR AR AR G A (K A i — D BB ORAIE. 1X B
SO FATAR B B A8 AR B AR IE AR 3 8 X
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