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Hierarchical Text Classification for Label Co-occurrence and Long-tail Distribution

ZHI Yuan, LEI Hai-Wei, ZHANG Bin-Long
(School of Computer Science and Technology, North University of China, Taiyuan 030051, China)

Abstract: There are two problems in existing hierarchical text classification model: underutilization of the label
information across hierarchical instances, and lack of handling unbalanced label distribution. To solve tﬁese problems, this
study proposes a hierarchical text classification method for label co-occurrence and long-tail distribution (LC-LTD) to
study the global semantic of text based on shared labels and balanced loss fuﬁction for long-tail distribution. First, a
contrastive learning objective based on shared labels is devised to narrow the semantic distance between text
representations with more shared labels in feature space and to guide the model to generate discriminative semantic
representations. Second, the distribution balanced loss function is introduced to replace binary cross-entropy loss to
alleviate the long-tail distribution problem inherent in hierarchical classification, improving the generalization ability of
the model. LC-LTD is compared with various mainstream models on WOS and BGC public datasets, and the results show
that the proposed method achieves better classification performance and is more suitable for hierarchical text
classification.
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TEES TR RIRAL, X2 T BERT 3K AR
fie ) BEMS SR TR AN B R A A BRI AE ) 057 2] g
# 2 LC-LTD 5HAMER K LLE (%)
WOS BGC
T &

R (s Macro-F1 Micro-F1 Macro-F1 Micro-F1
HiAGM-LA 78.77 84.63 55.71 75.70
HiAGM-TP 79.68 85.67 56.06 76.39

HiMatch 80.06 8598 5895  76.79
HTCInfoMax  78.31 8444 5644  76.10
DLAC (2023)) 81.02* 86.80* 58.80% 76.51*
BERT 80.16 8605 6141  79.06
HGCLR 81.12 8685  63.17  80.19
HiTIN (2023)%7 81.57%  87.19% — —
LC-LTD 81.86 8725  63.81  80.47

Hierarchy-

aware models

Pretrained
language
models

r.m. CON fXRFE BRI T I ZHR X L 2% 3T, rop.
LOSS X% K% DBLoss # #: 47 45 BCELoss.
3 HRSEE (%)

AH LG R ] 8 f) BERT #% LC-LTD £ WOS
BHEEE EH Macro-F1. Micro-F1 {8 5) W42 TF T 0.7%%
1.2%; 7£ BGC B HEFLTH T 2.5%+, 0.61%. XK Ny
LC-LTD | B SR 5304 . Fii Z [ AR OGHE, 78
SrAESCAE UAE B bR B A HRE, 51 BERT i
e e PRI A, o8 HL T P 4 s AT 40 SRAT 55

FHELHEZE B HGCLR, LC-LTD 7 WOS #4a 4E
W) Macro-F1. Micro-F1 {H43 53 F T 0.74% 0.4%,
7E BGC BatE FIRTE T 0.64%. 0.28%. iX &K i Ay
TE 25 ] SUARRFAE s — 25 5 N T A R B T JL = Ax
RN L2 3], AT LS S M 2 ) SCAR I A R i X, SUR
F T A B 43T 1) L ) S s, R o A P O 3 46—
HEHIAE R, BE— 05T TR R 28 (1 70 SR

734, LC-LTD 1EM MR Macro-F1 AHE
MR T 8BRS, Micro-F1 HIDGHEAR XT8N, X —

ME AT LA Macro-F1 Rl Micro-F1 W51 FUR R, ‘

Macro-F1 B85 M R RN 0, A A BEE &4k
PRBRAEANT-17 6] L5 10 Micro-F1 ﬁwfﬁlfﬁ%ﬁfﬁfmﬁﬁﬁ
2%, AT REAN Be AL B B ASE B AR AR AT R AR 25 E R B
i, XTSRRI R E 2 55 2K, Macro-F1 5 R b
R F % RE. LC-LTD X Macro-F1 F52M LLXT Micro-
F1IFEME R, Ui B 6 AE AL FRAREE AP [ 3 (A7 24P
5% I, LC-LTD AJ LA J2= 44 43 2 Il JL ) — P &L
fiE R TR,
3.5 MHREDHR
351 THAEDSEE
bR 15 5 HEAE TR B AR M R AT R, N T
U HbPEAS LC-LTD WA R ZHAR A 50, ACHAE WOS.
BGC ##i 4 FdkAT 7R scde, 45 RE/RIER 3,

180 4 AR H % Software TechniquesAlgorithm

” WOS BGC
e
Macro-F1 Micro-F1 Macro-F1 Micro-F1
r.m. CON 81.60 87.11 63.57 80.40
r.p. LOSS 81.74 87.15 63.35 80.36
LC-LTD 81.86 87.25 63.81 80.47

MF 3 Ha LU EE E], £ WOS. BGC X 4
% b, SRR KB LC-LTD SR PEREA e tE, K siE
BT — M & S B SRR M A T . B
I S AR R 2 31, 2 {5 AR e 2 0 S0
R R AT M 2458 WA SC A B 25 (0 7T k. % DBLoss
B4l BCELoss, Bi1%5 5 3 FIRRZ 41 MR, S5
TRARZRN R 22, W SCA S 6E 7155, 328 5200
TR BRI 73 S PERE.

3.52 SRR

B CAR G FALS H, % B Iz A
R RIRE S AT L, B 2 JOBRIR, FR25 I S5 45 B
b oy E R ROR . DR, A5 Y AR DGV AR O3 SR FE 1)
[, B — E R A MRt Y E . AR KRS
i€ WOS. BGC &N EH E#¥ LC-LTD 5
HGCLR. BERT it 7 HE, 43 Wit & ]2 1) Macro-F1.
Micro-F1 533, BARIEOURRIEE] 5 .

WOS $HR k2555 9 202 1 5@a). (b) 533
J&7% 7 LC-LTD 1£ WOS ¥#ide FHIZEH Macro-F1.
Micro-F1 ¥Efig. B H dBC-LTD 155 1 R IMERL S T
BERY, W& T HGCLR. E%5 2 24, LC-LTD 1y
Mdcro-F1. Micro-F1 YEE4: 3 Eb HGCLR 7 0.79%.
0.83%, Lt BERT 151 1.75%- 1.69%.

BGC B LIRS AN 4 2, W 5(c) (d) 437
J&7~ T LC-LTD 7£ BGC ##a £ L& N ZEH ) Macro-
F1. Micro-F1 7740 /UL H, f£ 1. 2 )24, LC-LTD
5 HGCLR P aeM Z T L, ¥R T BERT. 1£55 3.
4 J=4%, LC-LTD £ 57, H Macro-F1 YERES Al L
HGCLR 7 0.73%+ 0.66%, Micro-F1 684 5l tb
HGCLR 5 0.44%- 2.46%.

SIS Z, LC-LTD fER MR LM 2 A 29 EH#R
I T HEBE R, JCI RN T ZE R IR B Tt
PEREA T H R TE, U LC-LTD A 83k 7 2 441
PREEZIR, B A A3 2 SO R n) i, 51 N4y
A PR SR AE B2 M e 40 A7 I R .
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