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Multi-path Hierarchical Labeling Classification by Fusing Path Lengths

CHENG Yu-sheng'*,SUN Hong-fei’, YU Zhong-ping’
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Abstract; The hierarchical labeling classification method starts from the root node and gradually refines the classification by selecting
different paths. Aiming at the problem that the existing methods ignore the different risks faced when choosing paths of different lengths
during classification,a Multi—path Hierarchical Labeling Classification method by Fusing Path Lengths ( MCPL) is proposed. Firstly,a
top—down recursive approach is employed to obtain the path probabilities to reach different nodes using logistic regression. Secondly, the
path lengths between different nodes are calculated based on the positional information of the nodes, and the path length is used to assign
weights to the paths. The weighted parent node path probabilities and current node path probabilities are then used to update the current
node’s path probability. Finally,at different levels, multiple possible granularity categories are selected based on the sibling relationships
between nodes,and the final selected categories undergo further classification by a classifier. Experiments on the DD, F194, Carl96,
VOC, CLEF, and Bridges datasets show that compared to the best results among six hierarchical classification methods, MCPL s sample
classification accuracy increases by an average of 2. 4% ,the hierarchical classification metric improves by an average of 0.36% ,and the
hierarchical structure—induced error metric decreases by an average of 1.4% . Experimental results demonstrate that MCPL can effectively
improve classification performance.

Key words: hierarchical label ;1abel classification ; path length ; multi—path selection ;top—down classification
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Algorithml ; MCPL method process

Input: ¥;"' = {377,957, --+,97" | select the top k categories at
layer [ — 1. The combined probability of logistic regression and path
length corresponding to them P,' = {p (x)!",p (x)4',.p
(x)'} . The bottom layer is the [ .

Output ; The first k prediction class set ¥} and probability sets P,
of layer/.

1. Possible class sets Y}. and probability sets P,. at level [ — 1;

2. fori = 1tokdo

3. Update the set of all possible child categories of Y, ' by Eq.
(4);

4. Obtain the first kK most probable sets Yi, by P:[ = mAaxPil ;

5. end for

6. P. =U!_ P, ;

7. Y, =UY, ;

8. Selection of set P, from set P,. at level [ by Eq. (8);

9. Selection of category Y, from category Y}. at level [ ;

10. Return P} and Y, ;
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California—Irvine ) #(#& % ( Bridges ) . IR SL 5B FF K
HH A b 0] 0 R 4 AT AR | 0 1 YR 38 LS IR B AL
1 80% FHEAE IR ,20% BYEAE HiiR4E , BE
LR EMARGFEINE 1 PR,

F 1 SAKEEG LKL L

dataset sample feature leaf node node depth
DD 3 625 473 27 32 3
F194 8 525 473 194 202 3
Carl96 7 541 4 096 196 206 3
voC 12283 1000 20 30 5
CLEF 9 307 80 63 88 4
Bridges 108 11 8 11 3
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3.1 AEFERMEBELLR
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Acc | F, FITIE , 5% WL I AR I B
SEIHER = R n MR 9 43 2 43 207 N 38 FH X
VA€ SO v N I S 7S TR B AV O = R X [
K HERERR LS s« | 7 AR FEARME R NG S5 b 0 2
AR R R4 S T Rk R i

Fe2 BH LA RAEAS DR L Ace
MCPL 5 H: i 75 # J5 ¥ 7€ DD, F194 | Car196 , VOC
CLEF #1 Bridges R4 I 5 4 19 25 A0 Eb, 43 50 32

T0.61% .1.53% .0.17% .0.81% .0.95% F110.5% ,
PR UE WIAE A To ] 432 43 28Il Rl G AR B R REAR R
AT LA o R MER 3 . LR TR TE S B &
F, 03 3 f7s, MCPL 5 HAh/SFh 7 2:7E DD \F194 |
Car196 .VOC .CLEF #/l Bridges ¥4l 4 b fi i i 25 S 4
o, 20 3w T 0.21% . 0. 60% 0. 16% 0. 30% .
0.61% F10.25% , HMEKBITE B W T 502 o0 A
il B A2 B B AT 800 HiH R 4326 AR A P )

LR IEAE S EE R B TIE K 4 o, £
S NIEBUER R B B TE i 8 & EHES
Hrh i 5 —AT IR A A A Bs 4 Fi-F 24k
% . YT CSHCIC J51%4E VOC .CLEF Hl Bridges i% =
AR FOR A TS FIME OB FLAE AR DG PEAG T HE
BRETFARAL, AEH AR TR 8 o 2 BT A3 9 HFS -
MIMR J7 i, IR 38 H T A0 G 48 4, 76 HE 24 h R Bl
CSHCIC J5i: 2z Ja , [FFeAL TR ALK . HLBRM J5 ik
7 Bridges Z(i4E %) TIE fF MCPL Jrik, {H27E
H AR I, MCPL J7 i ¥ UG e R 45 % . 25 LT
W 7E A T T 432 5 i) Rl A AR 11 B 15 B R S
FE IR B HEAE /D JE IR G5 HE iR 2

A2 LAPEBET R Ace (1) %
Dataset TDLR HLBRM HNBP-1 HFS-MIMR CSHCIC HCMP-RF MCPL
DD 75.72 67.77 74.62 81.82 76.94 84.14 84.66
F194 48.71 17.92 44.98 59.1 52.9 58.48 59.38
Carl96 68. 66 54.59 68.76 66.44 68.74 68. 66 68. 88
vVoC 38.47 33.33 38.35 37.8 - 40.39 40.72
CLEF 76.29 76.4 76.48 80.42 - 79.71 80.47
Bridges 57.56 50 54.57 65.13 - 60. 63 67.05
A3 ArksFzEA R, (1) %
Dataset TDLR HLBRM HNBP-1 HFS-MIMR CSHCIC HCMP-RF MCPL
DD 89.03 88.65 88. 66 91.67 89.47 93.44 93.64
F194 77.31 75.52 75.72 81.16 78.89 82.39 82.89
Carl96 83.57 77.5 83.61 78.47 83.55 83.57 83.75
voC 65.2 64.92 65.19 64.43 - 65.57 65.77
CLEF 85.71 81.28 85.78 87.35 - 87.72 88.26
Bridges 78.23 78.33 76.08 82.54 - 79.32 82.75
A4 LAPRBET R TIE () %
Dataset TDLR HLBRM HNBP-1 HFS-MIMR CSHCIC HCMP-RF MCPL
DD 238.6 (5) 222 (3) 246.6 (6) 302 (7) 229 (4) 142.8 (2) 138.4 (1)
F194 1160.6 (5) 1034 (3) 1242 (6) 1606.4 (7) 1079.8 (4) 900.8 (2) 875.2 (1)
Carl96 743.2 (3) 991 (6) 741.4 (2) 2104.4 (7) 744.2 (5) 743.2 (4) 735.4 (1)
voC 2919.9 (4) 2803 (3) 2929.1(5) 3567.8(6) —(7) 2768.1 (2) 2751.6 (1)
CLEF 1032.1 (4) 1101 (5) 1026.7 (3) 1644.6 (6) —(7) 872.3 (2) 840.7 (1)
Bridges 12.9 (4) 9 (1) 14.2 (5) 15.7 (6) —(7) 12.1 (3) 9.2 (2)

Ave. Rank 4.1 3.5 4.5

6.5 5.6 2.5 1.1
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%5 hIRR BT 78 bR Y Friedman Z211H{H F,
AR B 0 i {8, 25 SRR AE W K o =
0. 05 I, B HE AR A 45 48 i A 1 B A [R) M e
WA . A T i — 20 HU A [] 25 22 ) ) Pk g
5t i i Bonferroni —Dunn # %" 40 & 2 s, 24

CD=3.676 8 CD=3.676 8
1 2 3 4 5 6 7 1 2 3

4

MCPL 5 B 0y vk 22 J] i g o i 5L, 3% 1 7 e
Tk Z B 22 5 0 3 I S22 5 (Critical Difference,
CD) fHE LA

k(k +1
CD:qa (6N)

Hr, €, FRIEAES
%5 Friedman %3t H AN M 3547 F, F=106 AL

(16)

Metric Fp Critical value
Acc 6.506 8

TIE 9.911 2 2.420 5
Fy 12.142 9

K2 i T R EMEKFEHR0.05, ¢, = 2.948 fIh
LR AR 4 1Y Bonferroni—Dunn 6 545 5 HRIE
R2~4imm,k=7,N=6, JTLLC, =3.676 8,

CD=3.676 8

6 & 7 T2 3 4 5 6 71

: - '

I
HLBRM MCPL
CSHcIC HCMP

MCPL
HFS-MIMR

I_ HLBRM JI L

MCPL
CSHcIc

HCMP
HNBP-1

HFS-MIMF
CSHcIC

HCMP
TDLR

HNBP-1 HFS-MIMR
TDLR

Acc

Fy

HLBRM
TDLR

HNBP-1

TIE

B 2 MCPL 5 H b7 ik 69 b4 (18 i Bonferroni—Dunn #4236 )

TEE 2 1 Ace [ Hh, MCPL J7#:1% 5 HLBRM J5
H1 CSHCIC 7754 35 19 25 S5 PSR B (0 B (A P
AEVEAS A0 £ BE R, MCPL. J7 ik B HE A A 401 5 L 07
FEE 2 W) F, B H, MCPL J ¥ 5 HLBRM J5 %,
CSHCIC J7 ik Z [ 22 5 B 3% . Fe5lih, MCPL J5 1%
) CD £ 5 HNBP-1 J5 i i il & A0 3¢, e b v] )
MCPL J5 75 1 HNBP -1 J7 1 76 45 22 1) 8 35 1 46 560 4
W LREES, BMIL, MCPL J5 i 78 HE 4 H 47
PrJEE AL, 76 2 ) TIE & v, MCPL J5 32 A % F
HFS-MIMR 77 % Hl CSHCIC 75 ¥ 2 9 i) 8 2 1Y 25 5
FEf, JR4E MCPL J7745 HCMP J5ik HLBRM J7ik |
TDLR J57: DL J HNBP-1 J5 k78 58 35 MG 567 T A 4%
B BH G800 25 S AR AR R A R RE DA 5 HE 44 1A
Zok%E ,MCPL F LN 85—,

3.3 SHEHEBESHT

X4 il B AR A B 5 ) 9 S 80 A AT U 43 A

W, BEE ARG K S8 € [0.1,0.5] KN

82.5

F194

0.1, i 3 fizR, ik T MCPL Jrikfe A SR 4E T
JIEXE N B = I 46 AR 45 S, #F DD F194 | Carl96 Al
CLEF ${#li4E I I & 40 k = 3,RF 4 K dnh or 28
BN 30, 78 VOC B I I B A5 k=2,
RF 73R4 4 BB EE 10, 7E Bridges B4 48
bR E AR k= 3,RF 2 as i 2B R RO B N
10, WK 3 fizs, XFF Ace F845,A = 0. 1 BH7E F194 |
Car196 \VOC #l CLEF %45 & I WG e L4 5 A =
0.3 7€ DD £ 4l 48 LS L4585 A = 0.4 B 7E
Bridges $iln e [ HUSRALEE R, X T F, $6855,4 = 0.1
I 7E F194 Carl96 \VOC .CLEF Fil Bridges %044 I H(i5
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