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Reasoning and Multi-Dimensional Semantic Features

Tuerxun-Tunike?,Hongfei Lin* 2, Dongyu Zhang®,Liang Yang?®, Changrong Min?
aSchool of Computer Science and Technology,Dalian University of Technology,Dalian,116024
PSchool of Software Technology,Dalian University of Technology,Dalian,116620
(Tunuh,11909060)@mail.dlut.edu.cn, (hflin,zhangdongyu,liang)@dlut.edu.cn

Abstract

With the rapid development of social media,humor recognition has been a popular topic
in the community of NLP.The goal of this task is to discriminate whether a given text
expresses humor. Existing humor recognition methods mainly rely on the support of
humor-centered theory, and use rules or designed neural network architectures to extract
various humor-specific features, such as inconsistency features, emotional features, and
linguistic features, etc. These methods indicate the importance of emotional information
for modeling humor semantics, and also show that the construction of humor semantics
depends on multi-dimensional features. However, these methods do not fully capture
such emotional features within the text, ignoring implicit emotional expressions in
humorous texts, which affects the accuracy of humor recognition. Therefore, we propose
a novel approach named CMSOR, which is based on dynamic commonsense and
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multi-dimensional semantic features for humor recognition. Specifically, it first makes
use of external commonsense to infer latent emotions of speakers from the given text,
and then leverage WordNet lexicon to calculate semantic distances from the word
level, aiming to capture inconsistent features. This lexicon is also used to calculate
the ambiguous features of the text. Eventually, we make use of such three kinds of
humor-specific features to construct humor semantics. We conduct experiments over
three publicly available benchmarks. The experimental results demonstrate that the
proposed CMSOR is superior to the state-of-the-art baselines.

Keywords: Humor detection , Commonsense reasoning , Ambiguity theory ,
Attention mechanism

1 5§

WUERIE O —FMERET 1%, R ARAPRAP AT BB —0 2, RGNS AN Z A58
T RIS, B TR RS TAE o 150 TR S IR T K R i OR i B SRR
B IRTE 5 AL AU B SR B B R BT AT SR BUS T KRR - SURHABGR S B2 H bR
T TR T VAR BR AR S T B HABR F 0k FHEHITZ AR S AR - A ERVR A AN (RES R T3
KA~ PLasE0E LA MBRR RIS HA LSS, IRRES IR T e AR A BN BE 77, RTINS A
WA ERRER o« G, DU rP B e A A AL IR WA B SO SR T B -

NEZFH¥E5L0EZNAE, TEFE=MUSRBREUEKN T2, 23 2. LB
& (Ritchie, 2009) « TR (LeCun et al., 2015) L LU (Suls, 1972) - EAFH, MHILIAH
WUER 2 —Fh R A iR B FANME S AR T2, B iR R B AR B 5 fth A SR AR B 8
B RSV NHECE B TR AN E D MERELE, Tl IRA—EEHE, B
R FUEE A — S ARBRA—EE, EE T EEE ATE R E R E Y BN,
KEIZMNTHIEEFIRTE - BT LAHw, SIRENINE DA ERBOUR T M BE, ([
PN 388 3o 51T AN [T 25 ) O e 222 ) 28 AR A 2 ) W BR VR 2 IRE S, BT I A% SO 2 75 0 B
B b, Chauhan$ A (Chauhan et al., 2022)iI\ HHER S B REFAIFEEZIME R, $&H TH
FA Transformer 1545 B A1#k A\ (SE-Embedding) {2 A1 S5 HEZE R M KAEL - Liu%s A (Liu et al.,
2018) T “fLdut MTEROL" FILE, 6 HRISIENER BTH RIS RER, IE T
A5 B RESE A R BRI 1R KA BRI A A - LigE A (Li et al., 2020) 1 F « 7R WLHABK 58 7 F <R WL
2R S T 1) 7 A I SR AR T B B “FRAR A UE AR B B R A1, SRABI-LSTME A 51 E
N HTTE, B IR R R B SR F R, RN T R EE RS
RIEFF X IR T IR TR A -

W EARTAERAIRD, SURNZ RS RASIEX TIRABAFR A T B, XL TIEEEET
G TA] 48 DL ) 7 SRR SR A BT RAFAE o IR, AN SU& AR MR 0k FARZ R B EIE 2
FRzUERik ), k1R, EAS DB AR IR T B B <R BB S, (HR IR
BHE S BEEFAEENIEIL, MBS FIE ‘get fired” RRIE « XFJTHIRZ NI AIHRE
ik o IAF R ER VR ) 7 1 T2 R F AN B ORI FE SCR NI RVE B - B, XM=
FAROAR M X R AR RERIA, X R T BRALR R SR BRI BE

MWAFIAE, BHEXLEAEERAFTFENMMBELS S L TXER, R0 M AN
He REWEMIIGESER (PLM) G s aiiE R ETXER, HR2HTHZE
RAEDE FHIER EYIZR, BT SURRIX LR E R RIRIUESE - B T X —mE, &
HE H— PR S 248 SRR 3h KA EAR 71 75 1% (Commonsense and Multi-dimensional
Semantics based Humor Detector), &5 HCMSOR - % 7{EEZRFHIMRFE IR, HRIE
AREENER, shSHIEN SCRTRIBEINEZE, HRHEE N SURIBEFIEN—E 0, 25
BARR - BARH, %A E SERE SCR AR T 2R R T ECOMET (Bosselut et al.,
2019)1R¥E £ N E B SRR NEIRRE R, RER TR & SR AR RS B P
Bif, JEI LIS = BUMBERTHE — 516 I ot MBI SCAE X% ofr, T A 5t H R 38
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BRSO BFERER
I used to play piano by ear, but now I use my hands. H
I can’t believe I got fired from the calendar factory. All I did was take a day off! ik
I don’t trust people who do acupuncture. They’re back stabbers. AN

Table 1:  HUBFEA DL AL &5 HIELE(E B

(AR - [RIET, I SMNER IR Word Net T 5018 SCBE BS DL [A] SISk E, 9 BT ORI
—BUMEARRE LSRRI RS IE - S, B LR S MEHERITEE S, B HREIE R, B
B RaeH, SEMBTONLEF - AU ST ST

(1) AT —Fsh S5 RIS B ER IR B T A CMSOR, I FH /MR IR B A HE 3T
AR E BRAE,  [FIA S ] B R 5 AR — B RHE 4 ) 2 B
M, SEERHAER IR o

(2) Z3CAEPun of the Day « SemEval21 2L % ColBERT =M AFF AR L7 T 5558, 2
ek R AR TR H I CMS ORMETAA LTI 7 VA E RN 48 bn - B IR T, WA T
FTERE R -

ARIHEER W T 2B E BN B BOR B A% TAE . FE3E N BRI H
FICMSORMER! . AT FEN AL E LUK R T FBrENEBESEE -

2 MXRIE

HTHBRRIARGE R0, BECRRIFE T EER— B — TN AP LS - BRI
BORATEEEEETRE LR, MRS EE N e, MBS O Bk
THANF B K ERAFAE SR U 3 - X8 A\ THR BB AFIE 63 15 18 F 75 5 AR LA B T [ 1 B ) SR
fiE - 40, MihalceafIStrapparova(Mihalcea and Strapparava, 2005)%E S T 358~ ROGRFIRA
ETE = MR BRFIE, 385 SCEIERA T A 1 #E one-liner B 15 58 FH WA BR IR B H A RUME - Mihalcea®s
A(Mihalcea et al., 2010)Rf KB SCA 53y “BiiE A1 S50 BRER 70, e THR R 3 38 SOM et
FATHIBRR A - Yang®F A (Yang et al., 2015) R AZRIT MUBAVE7ETE SRR, #4538 T PE Foh i A
TES AR BB - BUOURFIE - A—BUEREFEBUFAE - MoralesFZhai(Morales and Zhai,
2017)FHX Yelp it i M SRR 45 6 8 R OUR B AT HABRIR A - CattleFIMa(Cattle and Ma,
2018) 7 FH B 17 RER B8 SCRERFFAE AT EGR A - EIR XL TAERZ ZF RS 8 ILECHY J7
TERSEDOUR P B2 HBRFE, TOIEX TR IR B VB TR ST RN, AT BRI T WA 2R
RRIHITERE -

BEE T B RE ) D DU S AR B R R R K TR 2 ST TR R i T i A DA
BB R SR RE TR - 5 Mg, RE 2 > R BRI 55 P N R B0 - X Lk
TURE M2 M 28 A BRIR B T R E B2 M PR E SR RRIOR, RN FESEH
HIEE R 28 SEIGT T WA BRFFAE FOVR 2 X3 B - Hba0, Bertero®s A (Bertero and Fung, 2016)I\79
KBRS R R 2 — M EE MR S RERIER, BRERE AT DAL A T 155 5 N
B SR IX S A AT UE RO IR A 55, AR LA A KA BAILIZ M4 (LSTM) X4
PR =B P R IR S AT AR, RN SR BON & SURFE A A F LA TR B E A - Buenods
A(Ortega-Bueno et al., 2018)F1%f PHHE A H#E 344 & 18 5 RFAE AN T B 7 #9584 458 ) 2%
FTHAERIR A - Blinov& A (Blinov et al., 2019) 05 K &5 G FBRR T 1EFD & OB EESE . HiM
ESEAH TMERRF] - Justine T. Kao% A (Kao et al., 2016)%E H AR PE FOAHRASE 1 79 145
EfsF 18 S AR 5 U BRIE A] » WellerFlSeppi(Weller and Seppi, 2019){# F TransformerZg 14
A HAEK - Hasan§ A (Hasan et al., 2019)f# FEIF 22 44 51517 Z S HIBRIR T - Diaos
A$&Hi(Diao et al., 2018)—MET A—2ME - BMIE - 15 REREMIE S FHIBETE LE M H)R
IR o Fan%§ A (Fan et al., 2020) & FBi-GRU R 4% @il -4 15 5 FFAEFIEL SCPE4FAE 7517 1 2R AS:
M - AnnamoradnejadF1Zoghi(Annamoradnejad and Zoghi, 2020)4# Bert 52 7E 5 61 2 1 K4
BREURE B ColBERT L 4T 55455, ESE T 42 AR GE 5 S ARG I A 2R - Zhang® A (Zhang et
al., 2021)F| BRI MR 45 S IR R R H 2 E5 % ST RALARHAER - Ren®% A (Ren et
al., 2021)%45 & BUERFI KRB IRANMESS , & H —FETIER M Z LS5 SRR 1T B
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- Ren®¥ A\ (Ren et al., 2022)# tH—MEETIERE IVLHIFIHEMERIGUEL T - AIESIRTER
X T BRI LS5 B 2

5 EATAERML, AXFEHESE [ IHREILEMIRAHWEZIER - AREE, K308
T iR BRSO AR B AR BRA M AR S ORI R, SR B IRAER, MSOAS
i A2 RS SUR RS - HEE S EMIRFE S A —BUFIE, 2 4E 0 T SO e R TE ST %
ER

3 R
3.1 [AEHEAR

BABRR BT S Bk B AR LR N BB RBINEED = {o,u), . &
Ha; = (wi,ws, ..., W) NEIASCEFS, mhHEAEERIFLSE - y € [0, 105 I HAERFR
%, NANGEPHERDE - WEGRBESS I BFRNE 25 B — RS REf - D — y € [0,1],
DL TR B A\ S 7871 72 75k T,

3.2 FRAIEARELE

ST A ER R A 7T ECMSOREF I /R « RIS R EH = N B
FHEREUZ - 18 EHEREUZ - B EREUZ - Er, B ERIVE ZE 2% B2 W2k
FIEFHEERERNIEEREE, FIFAIMRE IR U RREIEREE, TSR
TERUFE; 18 URHERR IUZ 2258 1T B A) F BRI 2 18] A15 SCORBR R 2 5] SCAR IR AOAS
—EUMEAAE ;AR R R BUE 3 B R FH A MER R S SO A AR SCHERANE e fEER
TR R 2 2 ) HORBOIPERSE - RIT, CKFHABR I = MR EHE AT IS, @it 92K, R
) A BR TR 25 3R -

@ it
t
@ ® 0 @ EuEsEr
t

Attention La;er

A | N
____________ e~ ——————1_________
Eo T i P I BAHAE |
| [eeee | XX T | |
! i b i l
| f o i
I Maxpooling H Attention Layer ” Attention Layer :
i A SSSSSS S S S aN t |
v | I
I TR RS AR RARRE RN e |
| va - II ) | Bidirectional LSTM 1l |
! m b ttttrtrtittro Rt
B IR R RN AR AR - ! i
| | | —o—
: Dense | f[funny]'[tough]' ” Glove Word Embeding |
I T H Input Text [mor{_\y];ﬂiumbrous};ﬁ\appv] “ 1 :
. |
: Glove Word Embeding |: COMET ” Sysnets :
[

|

Iy | Process
_____________ L S E G

Input Text: My family tree is a cactus, we're all pricks.

Figure 1: CMSOREH! 4515

3.3 SMERHRIK BN R A AR SR X

WA S IR RVE E AR R . — 2y F iR AR R AR S 88 032 A0 TR KR 1Y
IR, S EEREESE T RIS, NITIARIBARAIROR (B Niet al., 2021) - FRTTHY
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BN FAERIRE UG R A (1518 A S BT 17 S 4 SO TR R IE 2815+ 0 IR o O T R RX — 1]
M, ARSCR A EIREE RS COMET (Bosselut et al., 2019)iR#E_E T 3UFE B ol S HEWT UK
WF)T?E'/\E']T‘*‘DZ%{E COMETYER — i iRt T A, 7_9 ELTRICRIBON, BEBARTE A
[F] R B 50 AR RAETRAR N 455 - COMET S PATransformer A ZAIZEA, FEAEATOMICE) (Sap
et al., 2019) 8BS FIIZGE] - ZEIRE SR M3FEREFR R, AL EZRH [xReact]iX—
KA EHITIRERRIE BT 3N A7 FIERIAN OB, HLISORE R -

Bk, DIHAECSOR RS2 = (w1, we, ..., wn)TERHIA, COMETHRENS R I8 2 H Ui 1
EAREMIAN OIS - fEX B, ASOEFEMER &SRR ATRELE R, H 152 Uih & 2 5k
BEK = {ki, ko, ... kit B EBRBIDEET - NG, RWHE ORI 5 16 25 50 5 5
., B2 B BEE R MBCUR RS-

e = {wi,wa, ..., Wy, [SEP], ki, ka, ... ki} (1)
Her [SEP|NAIFHEIRF - RIE, ASCREABERTA Ta 817 E F 3w - HitBE AT

ve = BERT (x.; Wp) (2)

He v WREBEREINATER, WoNBERTIRA] 23] 54 .

—7J7 T, BERTREERAIIHIE LT UER., Hmiﬂzﬁxﬂlﬂéﬁﬁﬂwz 5154 EEEKH
A1 28 B ke MTE U T B RERED R, M A SUBIESCR NS R-E - 55— 7, BERTH
22 3K E B I HLEIBERS N SR HF AR BRI T R R B E @ﬁﬁ%fﬁ&%lﬁﬂkimiﬁa‘é%%
BEARIALE, RERSIASTEZEBERFER - N%UL?I%HF % W 0] KA A7 4 42
2% (Bi-LSTM) X T L FIGE N FER#THE P, &E@ESEE DL zxﬂl{%ﬁ%@%
fEze, HItEAKXWT:

e = Bi — LSTM (ve; W1) (3)

ze = Attention (u.; Wa) (4)

A u, € RUPHSIHIMER R ZR, p B LSTMARERUZAEE . Wy VB LSTMEY
A 22 3] 28 W o EE R N ALHIRA] 23] 240

3.4 ETEEBENA SRR

— b= Eﬁn(Lefcourt 2001; Paulos, 2008 ) A KB B2 5T 78 T 2R 30 H i A A — S A
MEEMEE - [FIFERT, Raskings }\(Raskln 1979)1@3’5&5@%&5’]1"%&1{1 BT —SEEUEE L
AR AR S HAE EEE R &, S B O BT B TR 2 MR AROR - -

#13.1: I am deeply aware that I am a superficial person.

%13.19 “deeply” v] ABHEEAL YRZN7 . “superficial” 7] LIBIIFE R “BRIE” o 3X 0] F B A SR
& HIRZI A ROR BN B M RIRRIN . B RZ MR B RS L, BEIEERRCR - b
7M§J¥1£Tuwﬁﬁﬂlﬁﬂﬂﬂﬂﬁf ﬁl%ﬁﬂﬁﬁgﬂﬂﬂ?ﬂi%ﬁﬁﬁEﬁ’ﬁ/ﬂt):'()\%x%ﬁf”xﬁo MW
FHRE, WEEEERMRA B L IAC S EEEZ AR E R FR . B, FESIAIME
SR B A A W R A A — ﬁl‘f&tﬁﬁo

B, BE—MRASUEFI e = (wi,ws, ..., wy), ASCEEEDS IGE SR
AT RN AHT M E ORI RIFBEIV = [v,v,. .. v, € R4 Hi | @R IR W
HEE . RE, X TP B8 7w, FIHWordNet(Miller, 1995)3K B H 7 SUFFE, 15
FIH = [h1, ha, ..., hp) € R @ FoRER SURFIELERE - 357 UE EHSEEZE B UE B Vit
TP, BEIV! = ], v),... 0] € RmX @) Sy i BUma s SOR—BkE, B RAm AT
P8 LIRS asw T SURFZORV T R4 - %TJ%%EH%&&?‘W ZLESEIN . BRI RN

V =0(W3V' +by) (5)
V= O'(W4V/ + b3) (6)

TR EV R S RS SUE, H328TT-5E340TT, M

IR, HE,
() 2023 REASE RSB S T RR
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Hef, VEVGRIFREGRERELER, WsS5WRRH M RES T %238, &R
BOERE. KRG, SFVES VT AREHE, KERSEENS = V-V, FLZIE B
A BN FRA—ERERFALE -

3.5  FT A SCIA B PE A RS HX

ReyesTlRosso(Reyes and Rosso, 2012) 1A HABK & — 1~ B30 1 22 4> & SO0 ) F 7 A A R Y
TR, fEBE CFIESE A ORF AR - MillerFlGurevych(Miller and Gurevych, 2015)%§ %
BT KB R R, REEATH WANE SR - BEZ Reyes® A(Reyes et al., 2012)15 Hi4H
W HABRRI BRI HEREE 18 AR PR AT - 20 31

%13.2: Why did the tomato turn red? Because it saw the salad dressing!

%13.3: My trip to the grand canyon cost a hole lot of money and gorged my bank account
butte it was worth it.

1513274 “salad” — 1R BE AT LR AR RE 9 F T ID R A — Mt tha] DLIROR “ZF AR VR,
T 5 BUA) 7 7= A2 1 P 28 IR AN ] AR R SO = AR A AR R o 3.3, T e “hole” FTHI & X
N, ABFE A E WA SRR R ET R E ", iR “butte” fEFH & LR, BAER]
H FAVENRTR, 5 “out” FEIFRL o A) FiB 1T “hole” Fl “butte” BIR & X, (1513 3B% AT #fiR Hy
TRATHER T RERER, HATRRX MG — N ERE—F, &R T RENEE. 456 Lk
17, HABOE T IRNC 2 A& SOR OIS K BAAZ M BRSO - It P O, RSOR I 2 W 2 1 A X
MEEREZ —, RUBURNEEART S - G2 LA, AR MEGRA FITEEE, FIH
SR BE IR Wordnet $H AR A1) HY R S -

fEWordNetBIE FEH , & 1A ~ BhiFA « FEEFABIAE B A6E N R SGASE &R, §—1
5] SIS A PR — 1 Synset B8, & —H B MR LAY EIR « AN[FBISynset 2 [8] A] LLE i 7 S
RAMANESR RS AMERE, X85 R AT DUHT B A TP L8 B0 2 [B] AR BR AR A& 3L o

TSR T 2 = {wy,wa, ..., wn}, Ef‘ﬁﬂﬁﬁWordNetﬁPE‘]Iﬂ)‘éiﬁ]@mé\synsetﬁﬁ
B PwHIFE SRR En - ASOAN N BIFERFE SO EBE , 2580 TEBFERZESL N
MR R SN, B AR SCR R SRS E &R E LR E N RE S I, 5
FATER) T AR ESEFRAE UE R, BRI AT IR BRE 20, I [R] SCR 58 A0 R ST £
T ER P PR S A B TR SGRSERIEGR . & L0 T AR TR A A F R AR L -

0 n=-—1
1 0<n<bH
c=¢ 2 5<n<l15 (7)
3 15<n<30
4 n > 30

BEEMREFINC = {c1,c0,...,cm}, HHOFRREMEE K, 4R SRR K
B, ONTICRF PR, R RS % E N0 RE, KiZFSI0## Tone-hot #oR, 15
%U*%*ﬁ%%giﬁgivc = [Cl, Co,. .. ,Cm] c Rmxd, 3{%—VC_"%)‘[$§EE_{;V — [’Uly Vo, ... 7Um] c R™M*d3F
P SGHEITRLE, R AR E R A 88 G ) B S MR IE O SR RO, RIS 4
HIBi-LSTM X {E = IALHI S . HitE AKX T

Zf = gfuz ([Vc ® V]; W5) (8)
Hrf, 2 NEMIMERFIER R, p WBI-LSTMEIFEEUZE4EE - W5 Al 23] 28 e R R PHE
e
3.6 BUBRPRZETHM DL S35 2K R K

FEARTG Y BRSO B AR IR 2 ~ A —EUERFE 2, = MaxPooling(S) UM MITERF L2 ;22
JG, F=MEEES PR TR S, BRI SRR S B, = 20 © 2, @ zp - WEER
TR — 2 5] Z I Z AN AE SRR, BRI T

Z = Attention(z; We) 9)

FoHZE P BT RIS S A ARIRSUE, 3285534010, WR/KIE,

%, hE, 20234E8H3HAE5H.
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H, WeRRERDIVHZERT S8 IR L, R RS B 2% 52 R A e R
DREG T, RE R BBPRZE T - BRI E AT

§=fn(Z; Wr) (10)

Hrh, Wy RRA[ 2SS EUGERE, R BT 45 R
/5, CMSORYESRH KN (Cross Entropy) 1ENFIREE . HEHKITEWT:

N
£= 0 D Glogyi + (1 - i) log (1~ ) (1)

4 ER5HHT
AT, FEMEUTAER AR AT RS . KRR SIE - S . H

RSEA -

4.1 BUES

B TERTEREROE, AR A A T = ATTREEEE . HOUtHE R B
(LS

e Pun of The Day (Yang et al., 2015): X MR AIMYE R Yang®s A 1o 78 B8k M | 068
HABR ORI SERCY), BFE T A MPRBMHIER, aIRE ~ &K% - HRIESSE - AIRRETE
AIMERRPERI T S, 8 N TAREEFN BT & 3 A0 07 SR ER 61T 7 e s - 12 EUR &R
BRI 2 A T E R A A

e SemEval 2021 Task 7-1a (Meaney et al., 2021): ZES & —TEFRIFN, Task 7F1E5%
— R RPISCASR B MR SOA, 125 R4 T LU SRR, ASSCR H Task 774£55—
FEIEARFr 75 BRSO

e ColBERT (Annamoradnejad and Zoghi, 2020): ZEIEERE — AR PIMEEIESE, ©
5T 2001k B M RZESCHE SR, HA 105 IERE A HReddite U132, 535181077
FEARIRT W E k5%

GRS IEFEAR SRR
Pun of The Day 2403 2403
SemEval 2021 Task 7-1a 5547 3453
ColBERT 100,000 100,000

Table 2: HIREGIHER

4.2 EBRBIESKE

S5 fEpython3. 71 Kreas2. 2 AFF 8 R (T o« xF F 24032 HAICMSORME! | H i i 40
IHE AR R 122 BIBERT-base-cased © 1E A TSR E 5 AL % 15 f AN &0, HoAb ) & 4E 2
FT68, H110MANSEL; 18 SRR R B DL SR P FRTE 3R BUCR FHGloVe, 4EE 100, 18k ATE
YRR A B E, ANFEIRNC R A H B0 5718 {58 A (0.01,0.01)_E P39 s AR BENLI 46 1L ;
15 F WordNet JR B3] [5] SUFA£E A Bi-LSTMAJ#ZETCEE 7128; Dropout70.3; Batch A/
H64; AR Adam Optimzationft (t B E B FR A SE SR T 22 5] B2 A B A= HLH
PABH b fUA G - LANKFIERE (Accuracy) - FEHZE (Precision) « A [H]Z (Recall) FIF1
{E (F1-Score){E N SEE 45 R AT M bn, H BATE SR8 #1T A XIE, BCPHAEERSE
WEER .

Yhttps://huggingface.co/bert-base-cased

FoHZE P BT RIS S A ARIRSUE, 3285534010, WR/KIE,

%, hE, 20234E8H3HAE5H.
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4.3 X
SR AN B R TR H

LSTM (Graves and Graves, 2012):i8 53 42 81 LSTM AL EN e BRAFAE 1T HABR IR 51
Bi-LSTM:A FH AT DL U A A [0 5 SRR R HIBi-LSTMAR S -
Bi-LSTM+ AT T FBi- LSTM AL £ & V& S L & B BR R HE AT A BR IR 71
CNN: K H CNNIR B BRE 7] BT 7R 15 S SSOMIVE R AE AT B BRI ) -

CNN+F+HN (Chen and Soo, 2018):5%H | ff & N TAFEHICNNFhighway 145 {2415
9__1':_1{ o

e BERT (Devlin et al., 2018): 1 FH I 2k BERT R AL 71 M BAE R 5 1760 -

e IEANN (Fan et al., 2020):@ 1t 45 A N ER S HMERE B ST #E ME A @ FER LS, DA
FHHE WA BRSO AN — B AR PERFALE

e ABML (Ren et al., 2021):38# 12 B A By ER RN BRI 1 241 55 2 ST R A AT U R VA A

e ANPLS (Ren et al., 2022):3@3 456 & & « RICHF A EREEAE A0 2 1 0 Ls, $2EAER
FHEFEATHIER IR -

Dataset PUN OF THE DAY
Model ACC P R F1
LSTM 84.97%  84.02% 84.57T%  84.29%

Bi-LSTM 86.11% 85.13%  85.87%  85.50%
Bi-LSTM+ATT 86.94% 87.95% 84.13% 86.00%

CNN 86.42%  83.18%  91.56%  87.17%
CNN+F+HN*  89.40% 86.60%  94.00%  90.10%
BERT 90.50%  88.75%  91.80%  90.46%
IEANN 92.24%  91.14%  92.25%  91.69%
ABML 93.18%  92.45%  92.07%  92.26%
ANPLS 92.94%  93.00%  92.55%  92.79%

CMSOR 94.56% 93.47% 92.61% 93.24%

Table 3: Pun of The Day &E&E FSCUGAER, *FRARGERT | H BX RIS, IR R &SRS
ZER

Dataset SemEval 2021 Task 7-1a

Model Acc P R F1
LSTM 83.30%  83.06%  81.34%  82.44%
Bi-LSTM 84.90%  87.79%  87.64% 87.71%
Bi-LSTM+ATT  84.70%  87.62%  87.48%  87.55%
CNN 86.15%  87.20%  90.32%  89.02%
BERT 91.78%  93.29%  92.62%  92.14%
IEANN 91.03%  91.32%  92.10% 91.71%
ABML 92.20% 91.92% 92.77%  92.34%
ANPLS 92.06%  92.38%  93.07%  92.72%

CMSOR 92.15% 92.67% 93.40% 93.34%

Table 4: SemEval 2021 Task 7-1la#{iE5E FSCIGE R IMH T RS LIELE R -

F TR E TS S AR SR, 5328715534011, ﬂﬁ@ ,
2 A

3 334000, a/RiE, P, 202348 H3HES5H.
(c) 2023 FEPXFEEESTHIETETWRRS
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Dataset Colbert
Model Acc P R F1
LSTM 93.60%  93.82%  94.056%  93.93%

Bi-LSTM 94.07%  94.80%  93.19%  94.08%
Bi-LSTM+ATT 95.48%  96.01%  94.84%  95.42%

CNN 94.40% 93.18%  95.81%  94.45%
BERT 95.55%  95.57%  95.47%  95.52%
IEANN 94.92%  95.33%  93.87%  94.59%
ABML 94.42%  94.39%  94.16%  94.27%
ANPLS 94.39%  94.82%  95.07%  94.94%

CMSOR 96.23% 95.98% 96.40% 96.19%

Table 5: ColBERTEUIESE FS2I84E 5, M E RS R -

SIGEERIFES, 4, 5PN, WERFATLUEEIIRE1L: (1)A IR HFAICMSOR T ETE
SRR LR T RIFMER, EE0IEE EFUEM LT IF R &b R o BlE
T T70.45%~ 0.62%~ 0.67%, WEBHT MAERE « AN— B0k DL RO M = /1 o B 4 o 1 3R 08 X 5F
R TR ER R A 2B R - (QNRF R LIEH, AT E TCNNILERNNA Y 2R 517
1, EFTransformerf) /% (BERTLL M CMSOR) 7 HIFEMIEFR - HH B R X
B TransformerfE %18 i3 4 B E R A HLHIF T LB SCAR A B R XE B - (3)CMSORJT £
REMG I R A M B LER, SN ARSI T, H Sy @EAERAE, #3 HL T A T HE B s 2K
¥E (CNN+F+HN) |, BUS TEHHRAET (FUERES3.14%) - XWIGIE T IFE ¥ S A4
WHE W BRBEIE AR 2 S B WA BR A R AR AE - ()M L FETFRNNAI S, ETONNITEES
MRS EFUERE T B8R A, HHAIZEPun of The Day#{#E4E L, CNN4+F+HNHHH
FBILSTM+ATTENTEF B 5 T 4.46% - X Ui BHRAEL R IA 7] GE S BERIE L fE R (N-gram)
HE—ERIREE . (5)5 %A HERBIA ML SR NG BYE EIEANNAE L, CMSORYEF1H
FEWEERA (1.6%) , XU F H3h &SNS R AE S RS 05 5k TR 00 T8 BT SCR N BRI
J& . (6)ABMLIEAE = IR 4 A HLESIEANNAIANPLS, ACCIHIA S| 5 - ABMLIEZ!
M E I RIE RIS, BT MERAI R TE 2 [ AL F FVEAEE LB R - X EREER GRS
P B AERCCIE RN E & X, R E SR ERFEER Rk, AR IR T Wy B B iR 51 BE
.

4.4 JHETE

N T IUECMSORH RNEH M MBE MM, AXAE=AEIESE LATHEMSEE, Hi&
THRUF AR AL AR K. CMSOR-CH R {5 1B BAFAE ; CMSOR-TER 7R XA 38 SUAS— B4
fiE; CMSOR-AZ 7R M F B M 55 1E ;. CMSOR-CIZ R fill & 15 BURFAE 7178 SO — BRI 45
fit; CMSOR-CAFRIRES & ERUFIEAEMITERAE; CMSOR-TARIREE & 8 AN —EUERFAEF
TECRI M ARFALE

Model ACC P R F1
BILSTM 86.11%  85.13%  85.87%  85.50%
CMSOR-C  86.53% 85.71%  86.09%  85.90%
CMSOR-I 86.32%  86.12%  85.00%  85.56%
CMSOR-A  91.48% 96.27%  86.20%  90.96%
CMSOR-CI  91.81% 92.24% 90.43%  91.33%
CMSOR-CA  92.23% 91.22% 92.61% 91.91%
CMSOR-TA  92.95%  92.06% 93.26% 92.66%
CMSOR  94.56% 93.47% 92.61% 93.24%

Table 6: Pun of The Day£{E&ETHAISESS, IR RRILSIGLE R -

SAEESE EREB SRR AINEE, 7, 8FTR . W= DRFFALIGEIIN L

%,

B R TR S RSB SR, S328T 33401, ﬂaﬁﬁéiﬂ
2%

R [, 20234E8A3HE5H.
(c) 2023 HEAPCEEELTHBT¥E 2
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Model ACC P R F1
BILSTM 84.90% 87.79%  87.64% 87.71%
CMSOR-C  86.60% 88.24% 90.11% 89.17%
CMSOR-I 85.70%  86.99%  90.24%  88.59%
CMSOR-A  86.30% 87.94% 90.08%  89.00%
CMSOR-CI  91.61% 91.11% 91.30%  91.21%
CMSOR-CA  91.92% 90.99% 92.17%  91.58%
CMSOR-TA  87.45%  89.59%  89.95%  89.77%
CMSOR 92.15% 92.67% 93.40% 93.34%

Table 7: SemEval 2021 Task 7-1aZUIEEIHRISEL, I F R B SLI0EE R .

Model ACC P R F1

BILSTM 93.96%  93.82%  94.05%  93.93%
CMSOR-C  94.07%  94.80%  93.19%  94.28%
CMSOR-I 94.45%  96.66%  92.00%  94.08%
CMSOR-A  95.65% 96.30% 94.90%  95.59%
CMSOR-CI  95.72%  94.90% 96.59%  95.74%
CMSOR-CA  95.86% 94.69% 97.13%  95.89%
CMSOR-TIA  96.21% 96.77% 95.61% 96.19%
CMSOR 96.23% 95.98% 96.40% 96.19%

Table 8: ColBERTEUESETHEISLE, M F RN LR

W (A5 BBREEAFIE (CMSOR-IA) - BHIFFE (CMSOR-CI) LKA —EUPEFF
fE (CMSOR-CA) ZJ5, #AIZESemEval 2021 Task 7-1aZIE5E L AU IFE bRt 7E A B %
(FUES B N FE3.57%, 2.13%, 1.76%) , iXVABH =FiE BUHIE7E Y BOR BIAE S5 B 3k -
KT, 7EPun of The Day##E%E £, UBRERFHEE, BALEGEERESE THRA, X6
7&K N BERTE % >) 15 BOGIR I SUR R RES, R AEEE EMAZNIE LR RS F,
BOLFER N RN, XFPEIL HIRECOIBERTE RS b, [RAFE L - (2)24 H AR B4
TERIIHE, BAFEPun of The DayFflColBERTHUHE S L AVR I LT CMSOR N &M &/, X
Tt BB PERFAE 7EA0 1 1 B8 SRR HF A L T B IE DL — B R E N EE 2 - SR, &
FSemEval 2021 Task 7-1a%{IEE, HEGHERNEZE .

5 SR

== Pun of The Day SemEval ColBERT
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Figure 2: ARIEE FIR A RERRANT

K2R T AHEE R IRE B TREMERERIM - WEFH AT IMEE ], 7EPun of The
Day#ColBERTXUHE S L, HAREE W1k, BACOREE - ME REFREE AW
i, BEEFERIZIET, FFEAE = sEBUSHIFRISR - XA R ERE U R AT
TCMSORZERUINTE LA FEEIEN, I HENERE B IN 2 AR TR T 3UA G BT

F TR E TS S AR SR, 5328715534011, ﬂﬁ@ ,
2 A

3 334000, a/RiE, P, 202348 H3HES5H.
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MEATHHIRRUR « X T SemEval 2021 Task 7-1aZUiREM S, LHEBTHAN N EIREANF - B
ERORBEREIN, RECRIMERMERN 25, S &S, I HAE = R BUSRERSS
R, BRAE = sIEEREAM o XATRERFN G FRRE I M B5h,, — SRR U RGR
A REBH COMETH RGHEIE Hi £ -

6 B45EH

EEXET I W ER B IE IR T IR SR N ER R AL, 208 T W SCAR P I RE
TBRGRAX — M, AR H— R B RS 2 4815 SR IR IR 5h 1) 4 B A 7 ¥ ACMSOR -
WITIEE SR AN R R E BN SO 8h S 2 Ul % E R B R IL . RJE ISR A
$WordNet T 553U A B 7] 2 78 SCRE B T 32 A —2dE, RIBS T B SOR BRI PERFAE - B
Ja, MRYE LA = ANRFAELE A S WA BATE 3L, SRR A « AU = A TTRE 8 Bt T8
%, SERRPIAIITRTIECMSORM I T S pIEERTVE I ER T - ARk, AICHZIEHR
RE BN B A - ZEREOR A FESS 2P .
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