HRAEEAMESLIER
MR SIZiES N AR

B XU HE
Fhi: ALSBESEIRRISSER
Bil: HIERE GTENRZES5ER)
Eiif: BREL %
Z#tEHE: 20253 B3 H




i N

HRE=R

e C BT R ARIE S T )

LR SHEN TS

A @) ( xmtmmmiesmRmsxEsiE )

O  mrmesamEn

ERXERETE )

©  wemessmsmEEewsE )

O  zesme

)

2



RRBE=

o BAARSIERA EATEREITUNTRIEEDSZ
»  SEAASEREFEITEANTEEETH XFER, BEA
1B S/t 2nT LU IEREFIRIA USSR, 79l EE.
EMEE FIA T ERER TR F.

1970’ 1990’ 2010’ 2022
Y — —>
r%ﬂ gll] |5 e 6 |
"—I LR N Wabr

MMMM

NS MaskLu
E 3 E 3
:

A
g}

[
Q 3
3 i
Q Q
(]

XA Gt Il EsF 2 0% eGRE R 7% AESRE



RRBE=

o AEEAMESE (Trustworthy NLP)
» BAESOERZN—EERESM
» B BERE. SEEE 1 eIERNE
o 520214, ACLEBEFHSEDTEN aAlEBAESLIE IFATHTS
o FERFR k&L £ (LETIVESCEER) PEERERT
» F HIRIREN A0 R RiE, &E 2. 15, BIEE AR
o FEXEFEME (WUE Al EATMNBEH#HEARY (2023) )
5 SR NERESCER AN A EARAREEEZER N

TSALER
FIRIFER

2023

Association for
Computational
Linguistics




RRBE=

o WE AEEAESLIETE HEXIAR
n IR ERAIEIRIEE TS ik
» FEIGME, EREERE. HMIYENEYE, FERNSENEE
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o HSERIEENRHT
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BFERLOIRIENEIRNTEE
RS IHEN S &

o AR SHENER SRR HEFRIKRBERIRELS

m §1: Support Vector Machine, Machine Learning

n FIREEE BEHRNAFETMELANAICAEMY, BEART—R

HURRIEE AR SR, BIEEEERGEAY SR

TN L

/ Title:
Support vector machine for remote
sensing image ...

Abstract:

...Among these machine learning
algorithms, Random Forest (RF) and
Support Vector Machines (SVM) have
drawn attention to image...

SN

1. QO Support Vector Machine

——>'2. O Machine Learning

1 3. O Random Forest
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BFERLOIRIENEIRNTEE
RS IHEN S &

o WBRIRTRELSHEEE
s $SMETFESZE: Autophrase (TKDE' 2018)
v SINTEREWNENS, (EEIEEEIERH TS R)15
s F)ll&7Gi%E: JMLGC (EMNLP' 2021)
v {ERAT)IEMREL (BERT) |, ZHENAFHIREEXIFLE
o HRPE
s RENNESERELDHERE (Title, Abstract)

- %Diﬂﬁiﬁﬁéﬁi t ?EH&X&E t -M- Concept Num J
/ Body Conten}\ Difficulty )

BB T ENAFHNRELRENE R
IBMKER, JTTEAERNAH

“Computing”

“Transmission”

Cloud computing
Parallel computing
Multi-processor computi

ng

[A Document of “Computer Network”w 15
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BFERIRHIE N EENT R
FIRBRSIHEAN SR

o HF—1ERAEE, BEfE ZERIFREIRMEES. B

{TImEE AIIAE

n SIENHIREE - EEAT AR SERIR R
»  SRAEMNFIREETSEIR - AFEENRTSHNES

" Input Document

E ' A for providing
H through both wireless and wired !
subnetworks to support :
- The architecture utilizes a

' configuration which provides for transparent
bridging between wired subnets and the wireless

____________________________

I - Self Length
: « Influence Sphere

............................

i+ Explicit Topic
i« Implicit Topic

____________________________

____________________________

i - Semantic Relation

____________________________

‘Ml I o wireless communication

‘I & data communication

‘ll | & spanning tree

i - Semantic Independence ' :

BN
yIINTRLET A S

ML

ZIEXATIREE 2

~

network

« dynamic routing

ZHER
*I] 1:\%@\14:3;5*7]_‘ 17



BFERLOIRIENEIRNTEE
RS IHEN S &

o H—1PERREE, EfE ZERIFREERTES. BH{TmiE T
» ZIRMGNRMEHIFERE - E5 1B AR E L, NFEMZRE
MR R TN IHERE

Rw)=(1—=d) - I(vp)+d-I(v)-((1—7y)- RW)iocar + ¥ - R(Wigi10bar)

Algorithm 1 Z1E SCRIREE & HE 7 HIE

Input: ZiE LHRBEE G =W, S, E,W); TWRINEA—G9 I(v); FHERE T d;
MR-y

Output: /7 /5HRIHIESY%E Py,

. MIIRHSIER Ry, NS A0

while K6 do
HEENTE s, € S WHERME R(Gsy), 2K (3.12).
WIRHRIL TR Ry ZHAR (3.13-3.15).

end while

: HRYE Ry X ATAREIEREMESHATH Y, A HEF JE AR SR Py,

return P,

B s B e
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BFERIRHIE N EENT R
FIRBRSIHEAN SR

LIS ENIRER
o EEEHAEIRE (USPTO) AHIEEYE
o Mechanical Engineering (#lifL5&)
o HURIFE. RREA. IN#R. HER. IBBIREEER BXRIIERINE
o Electricity (B=)
B NEFHERHINE

Mot R4 | Title 314 | Abstract 214 | Content Y14
e | ATEE | ATEE G4
Mechanical Engineering | 11,186 1.00 3.85 13.58
Electricity 84,069 1.00 3.89 16.58

19



B FERRIEN IR TS
RS IHEN S &

SCIRZEER

o fRHAY TechPat {RBIERTBIEIR L N FELEIRE

o DBpedia 7t Precision EXRIIHE, (ERT=EEKHIMEIEIREEER
BeiREX RV ERIFIEEEE, 1£ Recall 1 F1-score k£ BUFRIMIRE

Method Mechanical Engineering Electricity
Precision | Recall | Fl-score | Precision | Recall | Fl-score
ECON 26.70 10.43 14.01 23.76 8.19 11.35
. DBpedia [ 4313 | 1149 ] 1680 1 3508 [ 1029 | 1499 i

Autophrase 28.18 26.83 25.47 27.49 31.83 21.27
NE-rank 20.01 31.05 22.81 21:93 3325 24.11
Rake 16.17 26.89 18.78 14.03 24.53 16.53
Spacy 32.42 48.83 36.41 32.37 49.27 36.20
MultipartiteRank 37.80 51.21 40.66 36.37 49.15 38.84
JMLGC 34.86 48.58 37.92 37.67 50.05 39.92
TechPat 39.83 55.32 43.10 38.98 55.10 41.89




BFERLOIRIENEIRNTEE
RS IHEN S &

SCOREER

o o E ARESR LAYFRIM: Title, Abstract. Content

o £ KXFER (Content) LHMSTIEE, BEnRET EXFER
(Title) , BEUERR T PR T AR SR BIESS ERI5EKEE

Method Title Abstract Content :
P R F1 P R F1 P R F1

ECON 15.00 | 9.00 | 10.90 | 18.58 | 7.52 | 949 | 18.54 | 7.88 | 10.42
DBpedia 14.50 | 9.67 | 11.17 | 34.19 | 12.95 | 17.09 | 33.42 | 10.46 | 14.80
Autophrase 8.00 | 450 | 550 |24.34 | 13.85 | 15.98 | 23.76 | 28.69 | 23.68
NE-rank 34.00 | 38.17 | 35.17 | 22.53 | 36.76 | 25.05 | 14.08 | 19.73 | 14.73
Rake 59.00 | 59.00 | 57.47 | 21.89 | 35.72 | 25.26 | 5.10 | 7.01 | 5.08
Spacy 61.50 | 58.50 | 58.43 | 37.29 | 53.29 | 40.28 | 22.82 | 28.75 | 22.33
MultipartiteRank | 58.50 | 53.67 | 54.83 | 39.06 | 51.93 | 41.36 | 33.63 | 44.16 | 33.58
JMLGC 63.50 | 59.17 | 59.50 | 41.27 | 55.08 | 43.48 | 28.48 | 36.19 | 27.72
TechPat 61.00 | 64.67 | 60.90 | 43.01 | 61.71 | 46.10 | 34.28 | 45.32 | 34.14




B FERRIEN IR TS
RS IHEN S &

FEE
o SRR S ESH1 T T o BEUE ST

o BT BEFERLRINENEENT SRS HENG i
o 5|7 SERHEGEIL, Bk T EELAZHBURE[1-5]

[1] Zhou P, Jiang X, Zhao S. Unsupervised technical phrase extraction by incorporating structure and position information[J].
Expert Systems with Applications, 2024.

[2] Miao R, Chen X, Hu L, et al. PatSTEG: Modeling Formation Dynamics of Patent Citation Networks via The Semantic-
Topological Evolutionary Graph[C]//2023 IEEE International Conference on Data Mining (ICDM). IEEE, 2023: 1229-1234.
[3] Mao R, He K, Zhang X, et al. A survey on semantic processing techniques[J]. Information Fusion, 2024, 101: 101988.

[4] Marques T D, Gongalves A L. UMA REVISAO INTEGRATIVA PARA SISTEMAS DE BUSCA POR PATENTES
SIMILARES UTILIZANDO IA: AVANCOS, DESAFIOS E APLICACOES[C]//Anais do Congresso Internacional de
Conhecimento ¢ Inovacao—ciki. 2023.

[5] Gao W, Wang H, Liu Q, et al. Leveraging transferable knowledge concept graph embedding for cold-start cognitive
diagnosis[C]//Proceedings of the 46th international ACM SIGIR conference on research and development in information retrieval.
2023: 983-992.
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R HIVEEAIMEP RIS XERGD &

o FHEBEESCEL
s ETENAPHEEEIRY FHEEEEXT (cq,c2), ?Jfﬁ,uﬁﬁ/\%ﬂw‘ﬁ%u
ZIERY KBRXR: r € R, HAP R e X IFHIKERE

n flF:
Support Vector
- —\ Machine
...Support vector machines
(SVMs) are supervised learning [belong_to]
models in machine learning, B
\which is usually adopted to......

A 4
‘ Machine
Learning

25



R BIVE R MES RS XER G X

o fHXIAE
s (EFRIEESXEAEE: KnowPrompt (WWW' 2022)
v NFRIREBTSREXESS "E8EH" | ERREA KRR A8

s EFKESEERAGIZE: Unleash (ACL' 2023 Workshop)
v HEXERN KRR, BXT 15EES NIEFFIEEEE AR

BSAREE S R AR EY ETARIESRERANAE S KB EEY
/1. Special Design for RE Task: K /1. Rich Prior Knowledge: R

)

— NEWS %
= A = = . . .

Vocabulary
: made
Typed Marker -

)
' , !
I ' ]
1 : :
1 1 ]
Vo v !
1 ___ 1 .
. ' ' 2. Cannot Understand RE Task Well: -
2. Lack Prior Knowledge: AL : !
1 L 1

btk \ X ' ' t @ What's the relation between "National Action E
1+ Few-ShotData | 00 fewer data to obtati™, ! ! Network" and "Rev" in the context "Speaking..."
. 1 Q00000 , enough knowledge ... ' 1 X

1 - 1 .
v T S ' ' @ Sorry, I don't understand your question. !
1 \ I
' |_> = K ' Do you mean ... ? !

N S e e e e e e o e e oo .7 N S e e e o o e o e e L. ’ 26



Q) ZER SRS RS LS

o fHXI(E
s (EFRIEESXEAEE: KnowPrompt (WWW' 2022)
v NANRELESREES "EFES" | BRI FIEEHHR AR
s EFKESEERAGIZE: Unleash (ACL' 2023 Workshop)
v ABEXER FHEHMIR, EXT 5EES NIERNEEREIAE

ERMIABRSXKIAMREINE T XESREN G ZNNS S

HEX, WEEGRERERERX?




o R TP ERFIRBEXEAGE 1 KiFSEE Sor0h R

n CERIESRERY FKINANR FENEFANR S RERTREY

A

TN =

Document:

Speaking to a meeting of
the National Action Network , a
civil rights organization founded by
the Rev.

Subject Concept:
National Action Network
Subject Concept Type:
Organization

Object Concept:
Rev

Object Concept Type:
Person

r
1() KIESREERERIIAR S KERRE

|

Typed entity marker
(punct).
\ 4
PLM
\
{ Classification Layer ]

'

© One sample consists of a relation, a
context, a pair of head and tail
entities ... Generate more samples
like above for the relation:

@ Relation: org: found by
Context: Steve Jobs is the co-
founder of Apple Inc.

|

()

(La) BT RESRENHEESE  (1b) FRMMRARSKERER

| Q) EHERIR AT SR

A @© Given a context, a pair of head and
s @ (V) tail entities in the context, decide
:n % 5\e the relationship between ... The

relation between xxx and xxx is

u]
\ 4

Relation: org: found

(2.2) RIEMELEE 2.b) EFRFFHAIESERIHIE

AR AT S BRI Y IATSSHOIEAR (58 B = Ry

| ) smmmn

R BIVE R MES RS XER G X
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R BIVE R MES RS XER G X

o (1) XKiESEEIEEIEFRAIRERSKEAMEE
n CERIESRERY FKINANR FENEFANR S RERTREY
n (la) ETKNESREEAISIESRE
< BISKIESHRENEESHT (hEIRMEEREAES

Relation: RELATION.

Text S
One sample in relation extraction datasets consists of a relation, a context, a pair of head and tail entities in the context and their entity @ Completion ﬁzzze‘)l(':/'p;?%t‘\[) TYPE.
types. The head entity has the relation with the tail entity and entities are pre-categorized as the following types: [ENTITY TYPE List]. Head Entity:
Here are some samples for relation ‘RELATION’: LLM Tail Type: TAIL TYPE.
Relation: RELATION. Context: TEXT. Head Type: HEAD TYPE. Head Entity: ) ITY. Tail Type: TAIL TYPE. Tail Entity: . XN Demonstrations Tail Entity:

Generate more samples like above for the relation ‘RELATION’.

n (1.b) EHEIMRAFSKIKERE > P,

[Support Vector Machines] are supervised learning models in [Machine Learning|.

v

: [ Classification Layer ]

| ¥ 29

| o §
(@ Support Vector Machines @ are supervised learing models in # Machine Learning # . |
| o |
b Pre-trained Language Model ]
;[IZ/DDDDDDDDDDDDDD%]DDDDD]E




R HIVEEAIMEP RIS XERGD &

o (2) EHRERIRRHCESIEE
n CRHESANRELS KRBT LESSAVIERE (GiEs KBS RE

u (2 a) E-_LVB{I:IIU\DIEI

A4

E A A\ /\ =
v K k REPBEER GEFRREEMERER
) n N\

53 =] =

= [5) D|:|

s o oo

= = o .

Il g S > o @

) =B o\oB

: o

8 | o >

— — G J
TERAPRIKIESIRESNE
] (2a) E ZJEVB NN = E I > Pum
P (ytest | inference W N & xtest)
Text

Given a context, a pair of head and tail entities in the context, decide the relationship between the head and tail entities from @ Completion
candidate relations: [RELATION List].
Context: The relation between (HEAD TYPE) ’and (TAIL TYPE) "in the context is RELATION. X N LLM
Context: I. The relation between (HEAD TYPE) ‘ ’and (TAIL TYPE)

"in the context is Demonstrations




o (3) SERFRNIEIR
u ﬁﬁ%ﬁiﬂ”%%*ﬁﬁ Pre = Py
v BEEREFTZER

Pre/Pllm

s ANTNERAE: Pre ! = Pum
v AEHRREFKESREFETE
v MIIGBIRBESHFEE 2m MER
v BRITRERITTNZER > Py

P (ytest | Pinference & N & xtest)

Text
Given a context, a pair of head and tail entities in the context, decide the relationship between the head and tail entities from @ Completion RELATION
candidate relations: [RELATION List].
Context: TEXT. The relation between (HEAD TYPE) * " and (TAIL TYPE) ‘ "in the context is RELATION. x 2m LLM
Context: TEXT. The relation between (HEAD TYPE) * "and (TAIL TYPE) ‘ "in the context is Demonstrations
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) BRI AR SRS %

SEIRETEER

o TACKBP4 HtfkZR -- EIRERESCEAEREE
s TACRED: AXHMEGFRANRELSRTELEIEE

s TACREV: {ZIET]Ri5 TACRED UH &S
s Re-TACRED: E#T TACRED ®Yi)||l&4EE. FF&RE

SR FRYEIR
SATUER

n MEFISTE: SHRERENME K 1L (K-shot) FFIIZRH0

SEUERTER, SRR

E%_:;"Gﬁﬁ

Dataset #Train #Dev #Test #Rel
TACRED 8/16/32 8/16/32 15,509 42
TACREV 8/16/32 8/16/32 15,509 42

Re-TACRED 8/16/32 8/16/32 13,418 40

32



R BIVE R MES RS XER G X

SCISER

o @AY DSARE REIEFETEIR. REL BN FELISE

o DSARE 7 EEEUE (TACRED. TACREV) ERISEIRE, BEEEMN
T (RIZEEE (Re-TACREV)

TACRED TACREV Re-TACRED
=8 | K=16 | K=32 =8 | K=16 | K=32 | K=8 | K=16 | K=32
® TYP Marker | 29.02 | 31.35 | 31.86 | 26.28 | 29.24 | 31.55 | 51.32 | 55.60 | 57.82

Methods

@ PTR 28.34 | 29.39 | 30.45 | 28.63 | 29.75 | 30.79 | 47.80 | 53.83 | 60.99
® KnowPrompt | 30.30 | 33.53 | 34.42 | 30.47 | 33.54 | 33.86 | 56.74 | 61.90 | 65.92
® GenPT 35.45 | 35.58 | 35.61 | 33.81 | 33.93 | 36.72 | 57.03 | 57.66 | 65.25
® GPT-3.5 29.72 29.98 39.06
® LLama-2 22.68 21.96 34.31
® Zephyr 37.10 38.83 35.81
® Unleash 32.24 | 33.81 | 34.76 | 32.70 | 34.53 | 35.28 | 58.29 | 64.37 | 66.03

DSARE (ours) | 43.84 | 45.40 | 45.94 | 44.69 | 46.61 | 46.94 | 60.04 | 66.83 | 67.13 | .




R BIVE R MES RS XER G X

SLOS¢E R
o 12HAY DSARE {28EFrEIER. &L BITFEEIEE
o DSARE 1= SIE&E (TACRED, TACREV) LERISHTIEE, EEEMN

F (KIREHE (Re-TACREV) Noisy Data Clean Data
TACRED TACREV Re-TACRED
Methods
=8 | K=16 | K=32 | K=8 | K=16 | K=32 | K=8 | K=16 | K=32
@ TYP Marker | 29.02 | 31.35 | 31.86 | 26.28 | 29.24 | 31.55 | 51.32 | 55.60 | 57.82
@ PTR 28.34 | 29.39 | 30.45 | 28.63 | 29.75 | 30.79 | 47.80 | 53.83 | 60.99
® KnowPrompt | 30.30 | 33.53 | 34.42 | 30.47 | 33.54 | 33.86 | 56.74 | 61.90 | 65.92
® GenPT 35.45 | 35.58 | 35.61 | 33.81 | 33.93 | 36.72 | 57.03 | 57.66 | 65.25
® GPT-3.5 29.72 29.98 39.06
® LLama-2 22.68 21.96 34.31
@ Zephyr 37.10 38.83 35.81
® Unleash 32.24 | 33.81 | 34.76 | 32.70 | 34.53 | 35.28 | 58.29 | 64.37 | 66.03
DSARE (ours) | 43.84 | 45.40 | 45.94 | 44.69 | 46.61 | 46.94 | 60.04 | 66.83 | 67.13 | \




R HIVEEAIMEP RIS XERGD &

EHUHh
o (a) B, FNHRES A T IERATFRL
o (b) ¥ (c) 7, fEBNEERLTONER, DSARE HEIBASH T IEMAITRN,

BAXH: BASHY: BAXH:

The Huntington Library, founded in 1919 by Piedra testified he struggled to get his "Our dad passed away when Emily was

Henry Huntington, is one of the world 's greatest, | career going after graduating in 1998 from 17 and I was 18, " says Sarah Kunstler, 33, who

cultural, research and educational centers. Tufts University School of Dental Medicine. is also an attorney.

 EAENRAEE: ERAIRRE: : EFRRERE: BRI AR ERAIRERE:

i Huntington Library Henry Huntingtoni He His . E Sarah Kunstler Emily

E ES X SicH EELZRE: | ERERERE: EMESEE: ) EAEERE: B S RE:

' Organization Person ' Person Person 1 Person Person

r : H :
| ERXARE v ERRXAKE: L1 ERRKR

E org : founded_by : per : identity E i per : siblings

L e T e :
E LLM-augmented RE: E i LLM-augmented RE: E E LLM-augmented RE:

E org : founded_by E : per : identity E i per : children

E RE-augmented LLM: i+ RE-augmented LLM: E E RE-augmented LLM

E org : founded_by ' per : schools_attended E E per : siblings

| DSAREASE!: || DSARE{SE!: || DSAREME!:

\  org: founded_by ' E per : identity o per : siblings

(@ (b) (c) 35



R HIVEEAIMEP RIS XERGD &

FEIE
o BXRED fiE ERANRMEXEIAGE 1 KiESRE 5
o RET ZEIUEEAIVESIIRREXIAG &

R Z KEXRE ETARIESRENARE SRR EER

E 2. Cannot Understand RE Task Well:

1 1 1
Rt . ! ! © What's the relation between "National Action E
v Few-Shot Data ! ! Network" and "Rev" in the context "Speaking...":

1000000 !

Sorry, I don't understand your question.
Do youmean ... ?

% TS —FBSHARET CCF B %21
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o BRNADZE (Hierarchical Text Classification, HTC) , E—f4F5k
KA SHRENERERAE, EX—EFSF, XESHIRESZ1 L5,
MXEeSEREFELL # 8 FTIRE RIAZT KRk

o Example:

It is as vast as the USA and so arid that
most bacteria cannot survive there. >

The author came to the Sahara to see it
as its inhabitants do, riding its public
transport, from Algiers to Dakar

Taxonomic Hierarchy
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o FBXTAE
» BEERXPRELIE[1,2]
v RBNEEXE (A0 BNEEETER) 112
» RRERIERESIE[3,4,5]
v REERBE— A 2588
O R
s (MM ANX AT RSP HITRTAES), &8 RETRHIR
n HEXLZROREE NIRRT, RERINERE

KR

[1] Siddhartha Banerjee. Hierarchical transfer learning for multi-label text classification. ACL-2019.

[2] Kazuya Shimura. Hft-cnn: Learning hierarchical category structure for multi-label short text
categorization. EMNLP-2018.

[3] Jie Zhou. Hierarchy-aware global model for hierarchical text classification. ACL-2020.

[4] Haibin Chen. Hierarchy-aware label semantics matching network for hierarchical text classification. ACL-
2021.

[5] Zihan Wang. Incorporating hierarchy into text encoder: a contrastive learning approach for hierarchical

text classification. ACL2022. 40
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m - Travel, Travel: Africa

Travel .
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== -”Fa;o;;mlc Hierarchy Knowledge Graph
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In this paper, we

propose anovel !

framework that :
1

............

N ARIEIRIR

RN XARIE. ERIEEFS LI (R8I0

2) %I]L\*F&Uim ?IEE’]
B&EZE DG

[cLs]  F-

[ Label Attentionl ]—

Label Attention 2 ]—

AetEFE A SMERENR BV B AR KT E

_______________________________________________________________________
N -~ -~

(1) pINPRY e L

(3) AR 1E5E0
XL S SRl

Vo Classification !
1 1 . 1
. [ Layer }—> Lice :

FC P

Knowledge- I '
driven CL ¢

E E .| Hierarchy- Ly E
o driven CL I
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o MIREESIEE X A Ri0Es
AR SNBEESHIMANANRILEFIZH
n JBYGRIE + SHMEETRRIE
{wi,...,wn} = BERT({x1,....,xN})
{ui,...;un} =U({c1,...,cN})

{mq,...mn}={w +u),...,wy +uy}

- N

o [Q ] 01 L QJ ________ % RS
(B'CB' ____________ P4
+ + .
2$ XA [ ] [ {—} JTransE *ﬂtﬂ*ﬂ%@
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B OLLLL 000b0 m
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0 IFEFRIFES

n FTRBHRREE MR > BETEREEHITIERMLKL

= odE ALk
UL acoRea WAL LR - FE84 = E

AR SR AR ERNL P D RTE

HIERS RERIE
W, H
: A ~ ~ EBNNE  WERE
é i o é et D E==D | 0] D [Wae| D | M
S | : S I . . xemm ﬁ
R! =mean(KTE(L;)),i =1,..., K, Ry = KTE(D),
14
R, = [R},R?,...,RX], O = tanh(W, - Ry),
HO) — (D3 AD- s HOW®), Way = softmaz(H - 0),
My = mean(Wat - Ry), 46
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o 15 FHREEMLGE CIFTIEERMA XFFRILE. ERIEEFS LK 25119
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» WET—EEEFDAR SMEREIR B BRX AR ERTE
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) MREREEN | o NRESMEN | O MRESEEN
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O %I]b\l‘ﬂiuimﬂiﬂgi‘j AL
n ERIREART, HEIREES FISGERIRIEEER
0 éf:.té”ﬂ]b S, BEERRIINE, HEMAMSE (IBEFHE
N, HEEMREEES FNERRIEE SR
s > inHTAYIEESKZR Progressive Distance Relationship

Th ibili f usi 1 -poi
AN 3@% E% | BGCHUE&E | WOS itk

of spatial landmarks a key feature of ima,
Distance( Dy, D5) L-1 4.29 5.82

Deep learning methods have been making L-2 493 8.00
Dz great successes by outperforming the stati:_u_t_‘ A
ns

the-art performances in various applicatio L-3 5 96 -
Distance( Dy, D3) L-4 5.94 -
D 'We analyzed whether concurrent bmi or
3 [waist .c:lrc1.1mference and/or c.:hang.es in wg 2~ T Otal 3 ) 1 2 4 87
or waist circumference predicted incident...

HEiRERG HEHRE SO
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o FHREEESIEERIRTEL S SRS
s - AMHIAYIEESXE Progressive Distance Relationship
n IR / B IXEIRIRTEEES
s KN b BSHORF, BN Loss:

—_ . . The possibility of using a sigma-point
d (Zl ’Z.] )/T D 1 |kalman filter for estimating the moveme

! 1
= —0D:: 10 of spatial landmarks, a key feature of image... |
'B’J g —d(z;,zp )T’

z k Eg (l ) € Deep learning methods have been making i ?

' Distance( Dy, D5)

D2 great successes by outperforming the statie-
the-art performances in various apphcatlons

." Distance( Dy, D3)

lj
Cl ] = | Cl n C .] I ° ﬂ l .] — ° 'We analyzed whether concurrent bmi or

D3 |waist circumference and/or changes in wg

Z k Eg(l ) Cl k or waist circumference predicted incident...
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o FHREEESIEERIRTEL S SRS
s - AMHIAYIEESXE Progressive Distance Relationship
n IR / B IXEIRIRTEEES
s KN b BSHORF, BN Loss:

—_ . . The possibility of using a sigma-point
d (zl ’Z.] )/T D 1 |kalman filter for estimating the moveme

Ll,] _— ﬂ . 10 g of spatial landmarks, a key feature of image... |
c 1] ’

—d(z;,z)lt
z k Eg (l ) € : Deep learning methods have been making i ?

' Distance( Dy, D5)

D2 great successes by outperforming the statie-
the-art performances in various apphcatlons

." Distance( Dy, D3)

ICZ ] = | Cl n C .] | ° Iﬂ l .] — ° 'We analyzed whether concurrent bmi or

D3 |waist circumference and/or changes in wg

Z k Eg(l ) Cl k or waist circumference predicted incident...
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SENGEMRER

o BlurbGenreCollection-EN (BGQC)
» TEESPERI SHEA

o Web-of-Science (WOS)

s 2538 Web of Science IEAEEIEX

it fetn BGC WOS
Kp B = 146 141
ERE = 4 2
SELJRED AR PR S B E 3.01 2.0
Y EE 58,715 30,070
ISR 14,785 7,518
M EE 18,394 9,397
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Tl 1 74
SCIGZEER
o AHAFIRER K-HTC Ti& HEAESDiain LIS TAEE%SA
Methods | BGC | WOsS
| Pre  Rec Ma-Fl MiFl| Pre Rec MaFl MiFl
Hierarchy-Aware Methods
HIAGM 57.41 5345 5471 7449 |82.77 78.12 80.05 85.95
HTCInfoMax 61.58 5238 55.18 73.52 | 80.90 77.27 78.64 84.65
HiMatch 59.50 52.88 55.08 7498 |83.26 77.94 80.09 86.04
Pre-trained Language Methods
HiAGM+BERT 65.61 61.79 6298 78.62 | 81.81 78.86 80.09 85.83
HTCInfoMax+BERT | 6547 62.15 62.87 78.47 |79.95 79.59 79.33 85.18
HiMatch+BERT 64.67 62.05 62.62 79.23 | 82.29 80.00 80.92 86.46
KW-BERT 66.39 62.68 63.72 79.24 | 82.88 78.75 80.30 86.19
HGCLR 67.65 6128 63.64 79.36 | 83.67 79.30 81.02 87.01
HPT 70.27 62.70 65.33 80.72 | 83.71 79.74 81.10 86.82
I K-HTC (ours) 71.26 63.31 65.99 80.52 | 84.15 80.01 81.69 87.29 I

53




?WMWMWAEEMEQY$Q§H%

ARER LRFRRS
o BEREEINR, A ERtaE I T BRA T
0 K-HTC SEEHRIEAZ RREIERE BREREMIBITGT X

80

K-HTC
-w/o KTE
-w/o KCL
-w/o KHLA

I

L4

7S -

i

Macro-F1
a
O

=N
=
]

W
W

Un
=)

L-1 L-2
54



) SRS NS BB R A 3K

ZH5th

o BENFIREESMEFRIRIR, K-HTC SEsSIEME H IERRRUHERT
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" AR
: Multilevel Spin Toque Transfer RAM (STT-RAM) is a

suitable storage device for energy-efficient neural network
. accelerators (nnas), which relies on large-capacity on-chip

E memory to support brain-inspired large-scale learning models
i from conventional artificial neural networks to current popular '

i deep convolutional neural networks...

'E@MﬂlmuEﬁﬂ

l (Convolutional Neural Network, related to, Neural Network) I

I (Neural Network, is_a, Machine Learning)
(Neural Network, related to, Computer)
I (Artificial Neural Network, related to, Machine Learning)

-_--—--—--—_1

E*hu

1. Computer Science
2. Machine Learning

_________________________________________________________

L FMAREE

1. Computer Science @
2. Machine Learning
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o EREFHEEN, SEXDERHFESESLHIE

o FEEERMIRERE, ER. ESHESELRAEE L 2%
&, eE (REUERIRIZSE T, S5 ERIREERFFEEEZ R
KRS HRERREMEMN

___________________________________

Australia becomes first country to begin

1
microchipping its citizens...... Australiais @'_
+ getting its citizens microchipped, Shanti K- ! LLM > AN
. orporaal, has found herself at the center of @
+ headlines of the new venture after having
implants surgically implanted in both ......

----------------------------------

Q) ARSI SHEERRN
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HMiAEEEs| SR EEFIEENGZE

o WEEERHENITE
n % 5%: FakeFlow (EACL 2021)
v RE XEmESE #HToRgk, MEPIEE TRINE
s KIESEER L TFXEIGIE: ARG (AAAIY 2024)
v KA LRI RES, BEEARKESRESEENENES Y
(1) TR I'_"-Jj’ o) EEwR @

O kig%*%ﬂﬁ;ﬁﬁgﬂl}ﬁ Sorry,Id.on’t ulzfiefstand. Ihaveq't seen rele\{ant in.—
i the meaning of “microchi- :<:| LLM +formation about microchi- !
o IERFIRRATE | poioe” Dosstmean .7 e
v BRI RRIERFRER, UAEHEEZOARABTHEX
» (EEERIE
v FENERES DS fRESE AUTR, MAIESERERY)I4aER
FER Ei B, XSHEARNEREPRE RFHIEXER.
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HMiAEEEs| SR EEFIEENGZE

o £ MRMESMENEIS T, A A, IMEIMRA HITER:

o (1) MR,

(1) HARLR

(2) HERR;

() HERIR

(3) FIBTEEIR

(3) FlURFHERLR;

(4) IRERIER

(4) RRIRIR

t1[1E5%S

[Label: Fake] Why Did
Jennifer Aniston and Justin
Theroux Break Up? ...... When

Extraction

Jennifer Aniston and Justin
Theroux are done. They
announced plans to divorce after
being married for more than 2
years. The former couple......

B w#fiEl

Jennifer Aniston and Justin
Theroux announced their
breakup......
Extraction
Jennifer
[ Aniston ] ﬁareakup]- .. [ ......
[ Jenpifer ] [divorce]‘ .. [ ......
Aniston

PLM: M

F

|'&

1 need your help determi-
ning the reliability of so-
me passages, and I have
provided some relevant
concepts ......

{reason: explanation,

1 need your assistance in
evaluating the authentici-
ty of a news article.
Please focus on whether

the content ......

(4.2) AERRER

‘)[ Prediction Pi] {Reason R; ]

~

[
1
1
1
1
1
1
1
1
1
1 20 8 .
i1 g 3 ; @ [This is fake news] There are two different
Representation KNN Search 1 : e ndeg iy raad : ,,,,,, & views on this news article.
: 1 Some people believe that
1
s 1! ke 1! p D T(D._wTT! e |
(2.a) W'EBIHE 1! (3.2) WEB#:UH‘E : P, Ri = F(PpWII'¥S) Please judge their opinion
N
" : ......
1! ]
1
e N e () [This is fake news]
i ! Qo .. I will provide you the | | —
1! : & news article and additional
G I : : 1 information  about  this P = F(PrpWSW P WR;
s Q > fo} g e Y — ! news. .Please analyze the
' : : I > : following news and...... WP, R,)
1
! 1 4 F 4 F
‘ :: 1 [ () [This is real news]
Query Search Engine ] L Prediction Po] [ Reason R, ]
L J ! : : N\ J/
a—ry o ! Sery i pke 11 =
Q2.b) SMEBiAE ! (3.b) SMERFIHR 11 Po,Ry=F(Pop S OL') (4.b) FMERIRER
1



HMiAEEEs| SR EEFIEENGZE

o 1ERIR
s IRBENESASR MRS, EINEER KBNS ES

(1) 1 MARLR

__________________

t1[1E5%S

1
. [Label: Fake] Why Did \1
1| Jennifer Aniston and Justin : { C C C } — g ( S )
1 9 —
Theroux Break Up? ...... When |||s 1 9 ‘ ! 9 ccoo m

1| Jennifer Aniston and Justin |||
Theroux announced their (|[s
1| breakup......

)
1

: being marrie df r more than 2
1 \ years. The former uple......

B in#hiE

__________________

[ J;;T How relevant these knowledge concepts
are to the given news?
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IM:

(1) HARLR

\7|<|:|l 9

() HERIR

______________________________________

t1[1E5%S

: [Label: Fake] Why Did
1| Jennifer Aniston and Justin
: Theroux Break Up? ...... When
1| Jennifer Aniston and Justin

: Theroux  announced their

1| breakup......

I =~

[

I Extraction

[

1

1 Jennifer

: [ Aniston ] ﬁareakup]- ot [

o mmmmmmm e mmmmmmm——— -
[ Jenpifer ] [divorce]‘ e [ ......

Aniston

Extraction

being married for more than 2
years. The former couple......

: B w#fiEl

1

: Jennifer Aniston and Justin)
i | Theroux are done. They

1 | announced plans to divorce after |, !

7

PLM: M

L

Representation KNN Search
(2.a) REFAE
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o FIEREIR

» POEB: FURTHERME; hER: EEIANRIRESM

(1) HARLR

() HERIR (3) FIBTEEIR

______________________________________

t1[1E5%S

[Label: Fake] Why Did

1| Jennifer Aniston and Justin

1| Jennifer Aniston and Justin :
Theroux announced their

'| Theroux Break Up? ...... When |1 :

_________________

1 need your help determi- I
O ning the reliability of so-
me passages, and I have
provided some relevant

{reason: explanation, p ositive

1

_ 1
Jennifer ] ﬁsreakup]- . [

Aniston

_ [
Jenplfer ] [divorce]‘ L [ ...... !
Aniston 11

|

__________________

]
Extraction

1

: Jennifer Aniston and Justin)
i | Theroux are done. They

1 | announced plans to divorce after |, !

being married for more than 2
years. The former couple......

B w#fiEl

. index: index 1, index 2}
Representation

negative

(2.2) AEBAE (3.2) NEBFIER

> (Gojygle

Search Engine

(2.b) SMERIAE (3.b) FMEBFIRR

_____________________________________

HMiAEEEs| SR EEFIEENGZE

45 F T SCIE

RERRAE . FEERMY

= F(PIJ & Uposmve & C,)
— 7:‘(PIJ & Unegatwe © C,)

GRS AR MRS
 f(h,r,)=Re(e, - r-)

Sc(Ty) = f(h, 7. 1)



HMiAEEEs| SR EEFIEENGZE

o RERIRIR
REBRTE -- IMEBREE -- ZERE

m ﬁlz*m% E:.F p\] -u-|31|:| Iu\%ﬂjIJ\J

MERiRA . BETHMEBRERERTU
P, R,=F(Popp W S & OT")

FaMfA: SaEEA. JNEmI A

(4) RRIRIR

o) 1 need your assistance in

M evaluating the authentici-
ty of a news article.
Please focus on whether
the content ......

@ [This is fake news]

(4.2) AERRER

‘)[ Prediction Pi] {Reason R; ]

~

(&

P, R; Z.F(PID (TJII’H‘JS)

Qo .. 1 will provide you the
& news article and additional
information  about  this
news. Please analyze the

following news and......

@ [This is real news]

There are two different
views on this news article.
Some people believe that

PfZ.F(PFDLﬂSH'JPiU:JRi

WP, W R,)

> A

J

Prediction Po] [ Reason R, ]
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SEOOEIREE
o FakeNewsNet EfZE

m PolitiFact: BURFFEHCNEGEE
s Gossipcop: IRRFESESLIZEEUESE
s FEHLEIRE K € (8, 32, 100) RIIE A FHEIEARIES9I)|2REE

HMiAEEEs| SR EEFIEENGZE

Dataset PolitiFact Gossipcop
# True news 8/32/100 8/32/100
Train # Fake news 8/32/100 8/32/100
# Total news 16/64/200 16/64/200
# True news 120 3,200
Test # Fake news 80 1,060
# Total news 200 4,260
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HMiAEEEs| SR EEFIEENGZE

EIRGEHR
o NARIREHAY DAFND SRR ES ISR LIS T raXdtiaix
o JUEE ISGEESER (K £/0\) B, @5kiE SRS

Dataset Methods ACE kol score
K=8 | K=32 | K=100 | K=8 | K=32 | K=100
@® PROPANEWS | 40.00 | 43.50 | 40.00 | 57.14 | 58.30 | 57.14
@ FakeFlow 61.00 | 62.50 | 63.50 | 44.29 | 47.55 48.95
® MDFEND 65.50 | 64.00 | 71.50 | 62.30 | 64.36 69.84
@ PSM 70.00 | 72.50 | 79.00 | 49.15 | 52.38 65.70
® KPL 58.33 | 73.44 82.29 | 60.40 | 73.58 81.11
PolitiFact | © Auto-CoT 49.50 | 58.00 | 64.00 | 53.88 | 58.00 | 55.00
@ Zephyr 60.00 | 63.50 | 66.50 | 48.72 | 53.50 | 54.42
ChatGLM-3 68.50 | 68.50 | 72.50 | 58.28 | 58.82 64.05
® LLama-3 69.50 | 70.50 | 69.00 | 63.91 | 65.09 64.00
GPT-3.5 71.00 | 69.50 | 73.00 | 60.27 | 60.65 64.47
a ARG 74.00 | 78.50 82.50 | 67.16 | 68.61 80.61

| | DAFND (ours) | 87.00 | 88.00 | 89.00 | 82.43 | 83.78 | 8533 |




HMiAEEEs| SR EEFIEENGZE

=[S M b iy
o M A, IMENRA HA, BEILLT 3 #iBRIEA:
s DAFND - Inside: E{tAZR A
s DAFND - Outside: {Ei{¢F RN
s DAFND - Both: MASMER MR
n Zephyr: REELIRA

Methods ACC F-1 score
| DAFND 89.00 85.33
DAFND - Inside 86.50 81.38
DAFND - Outside 86.00 81.58
DAFND - Both 85.00 79.45
@ Zephyr 66.50 54.42
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W FRER
EFRFALCXEZ 15% (CCFA%X 6%, BXI9R)

1 7/EI833X CICAI 21X “Finalist of Best Paper Award” Ifl (R{FEECNZEE)
F—1FEIEX 4% (CCFA%X1®%, BX3R)
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Ye Liu, Kai Zhang*, Zhenya Huang, Kehang Wang, Yanghai Zhang, Qi Liu, Enhong
Chen*. Enhancing Hierarchical Text Classification through Knowledge Graph
Integration. Findings of the 61st annual meeting of the Association for
Computational Linguistics (ACL), 2023. (CCF A)

Ye Liu, Han Wu, Zhenya Huang, Hao Wang, Jianhui Ma, Qi Liu, Enhong Chen*, et
al. Technical Phrase Extraction for Patent Mining: A Multi-level Approach. The
2020 IEEE International Conference on Data Mining (ICDM), 2020. (CCF B)

Ye Liu, Han Wu, Zhenya Huang, Hao Wang, Yuting Ning, Jianhui Ma, Qi Liu,
Enhong Chen*. TechPat: Technical Phrase Extraction for Patent Mining. ACM
Transactions on Knowledge Discovery from Data (ACM TKDD), 2023. (CCF B)

Ye Liu, Kai Zhang*, Aoran Gan, Linan Yue, Feng Hu, Qi Liu, Enhong Chen.
Empowering Few-Shot Relation Extraction with The Integration of Traditional RE
Methods and Large Language Models. The 29th International Conference on
Database Systems for Advanced Applications (DASFAA), 2024. (CCF B)

Ye Liu, et al. Detect, Investigate, Judge and Determine: A Knowledge-guided
Framework for Few-shot Fake News Detection. Submitted to ACL2025. (CCF A)
Haoyu TangT, Ye Liut, et al. Learn while Unlearn: An Iterative Unlearning
Framework for Generative Language Models. Submitted to KDD2025. (CCF A)
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