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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

representations of feature confidence score and label probability distribution, respectively. On the one hand, iMLDF makes full use of the
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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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PSS R, 145 B BSRAEIIRECY 10; BROAMZZER I ECR 2 20, WA 5.
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g HAR AR oeen B e

R T BRI VR SR 45 R, | (1) R (E (BOK), PR REBT, MR R i b RO TRIIE RE. iIMLDF 7E KRN VF
flifia bR 77 T SE R AP R 44 AR 7 AN SEUHESR AR D, 7ET A PRl FE 45, iMLDF 1E 88.10% M HF42 55—,
1 9.52% (MR 4L 58 . 25 BT, IMLDF 7 PP R FR 0T 2 Bt 48 EHS T 5 M se 4+ AH L 1)
I fEPERE, XEAE T IMLDF FA R
K37 NHRE LT T v g
iRy RS VirusPse-AAC ~ CAL500 CHD_49 Emotions Image Slashdot  Reuters-K500
RF-PCT  0.1684+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  0.19940.008  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 0.247+0.016  0.201+0.002 0.357+0.020 0.280+0.010 0.251+0.007 0.051+0.001 0.016+0.000
MLKNN  0.186+0.000  0.146+0.000 0.430+0.000 0.307+0.000 0.247+0.000 0.054+0.000 0.014+0.000
MLARAM  0.239+0.000  0.17140.000 0.329+0.000 0.407+0.000 0.308+0.025 0.100+£0.000 0.095+0.001
MLDF 0.172+0.002  0.135+0.000 0.288+0.005 0.172+0.005 0.150+0.002 0.039+0.001 0.011+0.000
iMLDF 0.171+0.004  0.135+0.000 0.284+0.003 0.177+0.005 0.149+0.002 0.038+0.000 0.010+0.000
RF-PCT  0.43240.022 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  0.58940.027  0.090+0.004 0.309+0.013 0.314+0.011 0.309+0.003 0.457+0.002 0.404+0.006
RAKEL 0.684+0.060  0.523+0.027 0.407+0.033 0.492+0.040 0.499+0.007 0.556+0.010 0.631+0.005
One-error | MLKNN  0.552+0.000 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
RF-PCT  0.171+0.007  0.743£0.003 0.450+0.001 0.265+0.002 0.174+0.002 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 0.431+0.016 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 0.483+0.000 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
RF-PCT  0.181+0.008  0.182+0.001 0.206+0.001 0.134+0.003 0.148+0.003 0.092+0.001 0.042+0.001
DBPNN  0.2244+0.006  0.181+0.001 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 0.533+0.006 0.524+0.007 0.528+0.003

Hamming
loss |

ﬁi‘;ﬁ”ﬁg 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 0.41540.000 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 0.133+0.004 0.136=0.003 0.088=0.001 0.035=0.000
RE-PCT _ 0.73120.013  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
Average 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 0.413%0.004

MLKNN  0.655+0.000  0.440+0.000 0.747+0.000 0.650+0.000 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 0.703+0.001
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 0.703+0.001
RF-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 T 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  0.491£0.000  0.511£0.000 0.542+0.000 0.586+0.000 0.812+0.001 0.675+0.000 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 0.911+0.001
iMLDF 0.779+0.006  0.560+0.006 0.573+0.006 0.875+0.006 0.871+0.001 0.870+0.001 0.929+0.006

precision T
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R, FA AL IMLDF #l MLDF 762 i 48 BRI, AT 18 A A4 : 16%3.70 GHz CPU AKX 128 GB M £
iMLDF I MLDF #24 20 %, 572 () RF-PCT FIH SR E 5 2 i fRFF—3 & 4 JeR TRANE R v LGS
iMLDF eI (8] FAA 6% 44 LI ie i+ MLDF, 3648 ) 10 500 R T, 650 ok 4 4€ 1+, iMLDF
AT DA IR 5 AR AR 7 Y 1 U T ) R A7 i T4 280 R0 0 B RE AT LAR PR SR80 o TR P PR S92 75 S0 i A
ITR AR 7R VBN AE I AR B, RN R ) 3 38 K T2 LB LR AR 7 v R 5 I8 B — SRR M T ST
DU I FEAT A T E BRI ) R4, — MR T R SRR o A RN SR 4 B RE 48 T2 AT 1.

R4 3ADEAREERIIZRIN AL DRI TR R Py A7 A8 4 0 LA g 2R

H sk ik YIZKIS ] (s) WIS TH] (s) 17f# (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 17795.29 17.69 10699
Reuters-K500 MLDF 37185.08 1286.20 112585
RF-PCT 74.62 10.02 6140

iMLDF H 8 30% m 1 SRR 2 1T MLDF 2B 4 ER /8 & 25T RF-PCT T Y. BRlitt, MLDF 220 f4
NI JZ RE-PCT oK AR ) 248 SR fiE o, X s br IR TR A7 T 807 4 AR 18 BY I g S, 81k 75
FUR K AR, BRIt 4k, MLDF 75 AL 9l K & I o) Sk s B E 47 28 J2 0. 1046 55 — 5 i, iMLDF A8
THET RN FAE R R, I, g R RS R DR BT FREAS HL, MRS i) DUR 25 2 s oBE T iX e xe o
AR IR .

5 B %

FEATSCH, FATVER 22 bR AL IR AR AR AL AN 3= 5 HVH SENUE AT IR (0 ), 4t 7 2 A2
BRI Z AL IR B AR SE. A2 A 1 R A AT L 10 DI R R AL A5 AR I W 5 01 I 7
Ak, AT AR 7R 27 5T B 2 AR, ELARAS R 7R R Ak AR BRI AT LAJE o A i BT AT (KD AR AR G 4. DAL, AR SO AR ST T
DUPERE R AN KB AR T v SR T 8. SIS0 A R [ R i B IS T LA AP R, AE SR
WFFCH, A TR AT LG BEATLAS B A MOS0 AT BRI, 25 A A2 AR AR AR AR G K (A7 fi N B ORAIE. JX
SN BA TR B B A AR B IS U AT 4R R
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