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Figure 1 (Color online) The framework of hierarchical learning researches. The green node is the ground truth of a

sample, the red node is the wrong prediction, the yellow node represents that hierarchical feature selection and classifier
learning are done on this node, and the blue node is the right result produced by stopping strategy to avoid misclassification

(3) fidtE: ¥ d; < d; H dj < dp, WX Vd;, dj, d, € D, H d; < dy.

— R, AR IREE R, A USSR T AL R IR AR T R

(1) AT p R,

(2) HETWAH C; FoR, |0 R HEZT A R,

(3) HARS T SRR Z T I ATA WB T A, B An(d) R, |An(d;)| AT s 40

(4) R 745 SO Le(ds) o, |Le(d;)| 27 HoT W5 s 250 . BN S 0 G5 48] 1R 1 A
M L FR, |L| FRBEAE RGBT R AL

WA ) T3 B 2 IR G R AT IR (R, XA T, 3 — AN REEM gt i B
NS R (R RIS s AT AR AR AR B ) e A [ JCH B o, 15 ] DA 2N S0 5.

3 DESRIERETMN

TEEI% AR F 45 SURENS R 20 K TR IR KR, (B TEA 4
Pk HUR R MR 0 TORERE. ) 2 AN AT, S0 O T 3 SERE AR 0 2L
%, UTESH =0 BRI SR B bR, R AR B B ShR A R N, 22K
B HBN AL, 5—Fl B 9K, AR BRI, 6415 KT fi s
HOTETE PR 1, DR 75 B A T2 R I 43 J2 45 S .

REFTECAT 2 HOVP U H bR B L T 2 0 R I, SO IR S RN B SR R 2 TR A I
X B I LT SO, ] Y R X TGRS, I Y AR X OB, JUSohess
i IS RTS8 T4 5

Yaug = Y UAn(y:) UAn(yz) U+~ U An(yy), (1)

489



IS KA ST 55 10 5 B2 51 O ik

b (gr, . uw) SRR X 6T EUSTARAE I N AL ).
Yang = Y UAR(71) UAn(f) U--- U An(gar), (2)

H, (1, yn) RFEAR X R RHARZEIN M AN SR,

PR S R P R AR TN 2B ) 55 TSR M AR 2 ) b BE RS (21 e T AT R B B S
e P ORI R, T AR RENS SRR A AE R S5 4 L RO RS, B I ARH 2. B
AN RUT:

Dre(Y,Y) =Y (V,Y), (3)
E

Horb) S n(a, b) RAREER G o F1 b 5 S SLEL B, DTS SHURAE N B bR HovE i
AL BT 03 AT SR A 1221,

I3 SRR PRZEE IR SR A% 48 2 i 7 S 1) o 1) B B A i e T o, ad e v SRR R A A ATBZ BA
ALY NG AR AN B R AT B H i 22 e 23 RS HR i

12(Yaug: Yaug) = |(Yaug\Yaug) U (Vaug\Yaug) . (4)

I — M AL GERE BARFR AR 70 IR VRN AR AR 20 R VR AR AN [R] 3. eeA% SR HERA R AN 4 [ 3
PIREN T 73250 AL S5 b B3 3 R UHER R R N T A 5 e R e rh L R A 20 B s T 4
JEER B AR, ATy I AOS5) IR FR B L, 23 )= A R O NG 4R 5 1Ly e S 3K H
RIZRANAS Hed PR I LU AL, SRAEI 2 300N o 1E i) Fh A 22 Dl ok AR A

_ [Yaug N Yaug| Ry = [Yaug N Yaug| _
Youg| [Yaug|

I3 SR HERR AR AR (8] 302 B IR T2 (0 — R PP Fabs, DD EL e 08 S e R IR S5 44 h S i) A
KA, M EER AR AEMRERL. 0, B2 A4 RAHR B LGN R A AR ™ 5. (H2, 750
BRIERGR HR IR G, BT 73 2 HERR AR 4 0] 20 2o AR YT GRS ) B A 9 A58 Rk, R bR
W S R RN R RS IR I B ZE 5. 5386, XA T B A AR AL BRI 2 KRR
RS SN SR, Tk R R XA RAE S IR RE. KL, 2015 4F Gaussier 45 (23] §i2
T N A SR I VEU FE AR, 12 05E R OGTE DLTIUIN Y sl AN S i 1 fie /N A SR S RS i 7
GERE, DRGSR IR A SR TR TR JE T RUERR R I RE T B 5, RE R I Ak LR AT R JE A B R R A5 .
B2, EAEZIC T BAES Lo BN AT ma R, HE— DT S TR 279 fiiR A ot |5

Py (5)

4 BRREHIRIE

FEoY 2025, VF2 225 AT ontology HITRBEAT 733827 2], W57 281 WordNet 5 S & #4 [24.2°)
AN BT 7300 73 S i pdy 126:27) S (IR BERE TR0 P R SR S5 44 55 5080 A RFIE 23 18] 7T RE A7 AE AN — 5K
Pk, PR 7 IAT 55 IRCR. i 3 Fios, NSt E 2 I S i e AN, DR A L5
N gt 22 A g AL, AE AR B A5 S8 i, i R g i AR DL P R AR B iy, e AT THE 73 SR 55 b o)
B — KR TEIEH, UL LR ARS8 2 I ZRER thas 1R R 4590, B 2 R D2 EdE
AL R IR G, o0t 5 20 T8l B S S BRI, AR 7 R 55, X 2Rz IR

490



FEBEERE B A8 B 5

ofoXeYoN

2 (MEMEE) 2EEHENES. RIREEER
RAEHANELEF, A=A IRKRANTE
RATIUNSE SR, SR ZE TN H9 & 2EEE TN A 2RI R 1R
BrE

Figure 2 (Color online) Misclassification on the hierar-
chy. Assume green rectangle represents the ground truth of
a certain sample, and red triangle represents the predictions

of the two classifiers. It is more severe for misclassifying a
car to a fish than a bus
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Figure 3 (Color online) The semantic gap. Sharks and
whales belong to the category Fish and Mammal, but it is
more reasonable to classify them into the same superclass.

This is the inconsistence between the semantic space and
the feature space
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Table 1 Comparison between different kinds of feature selection methods
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Review on hierarchical learning methods for large-scale classifi-
cation task

Qinghua HU', Yu WANG!, Yucan ZHOU!, Hong ZHAO', Yuhua QIAN? & Jiye LIANG?

1. School of Computer Science and Technology, Tianjin University, Tianjin 300350, China;
2. School of Computer and Information Technology, Shanzi University, Taiyuan 030006, China
* Corresponding author. E-mail: huginghua@tju.edu.cn

Abstract Hierarchical classification is a task that uses hierarchy of categories in data. It can handle large-scale
data. In recent years, significant research has emerged in this field, which is receiving increasingly more attention.
In this paper, we first introduce the definition of hierarchical classification and thereafter review the important
studies on several basic issues in large-scale hierarchical classification tasks based on different problem-solving
strategies. First, we define the hierarchy formally and introduce some hierarchical evaluation metrics. Second, we
explain how to construct the hierarchy, how to learn classifiers and perform feature selection using the information
in the hierarchy, and how to design stopping strategies and introduce some representative studies on each issue.
Finally, we summarize the features of large-scale hierarchical classification task and discuss the possible future
work in this field.

Keywords hierarchical classification, hierarchy construction, hierarchical classifier learning, hierarchical stop-
ping strategy, hierarchical feature selection, classification
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