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Abstract: The identification of heterographic puns, as an important branch of humor research,
has gradually developed into a new research area. This paper presents a heterographic pun
identification mechanism based on feature sets in four dimensions, namely, semantic transparency,
semantic relevance, phonetic expansibility and syntax feature sets. Semantic transparency feature
sets consist of lexical item statistics and character length; syntax feature sets include names,
capitalization, tense, part of speech and location. Nine features of the above four dimensions
are added to the Binary Decision Tree, with the help of K-Means Cluster, to generate the threshold
and complete the identification of a pun. By utilizing the corpus of SemEval2017 Task 7, this
paper achieves satisfactory results and its F1 value outscores the top one of all the participating
teams, and the experiment proves that the taxonomic approach of the Binary Decision Tree based
on four dimensions are effective in identifying heterographic puns. Phonetic expansibility and
syntax feature sets, among all, are particularly effective, which is consistent with our
presumption that the phonetic feature plays a bigger role in the identification of heterographic
puns.
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T AE, R E P B X B o AR BRI, RGIE — M i SR
(Homographic Pun) A% X% (Heterographic Pun) . EAITEHF L AHAA B EK
WA, W EER A S BOE R AT A& s BR, 17 HL2> 51 & U AR AR A%
R E AR U I E BRI, T T SO E B

W XA W RAE ) — AN EER, BB T EAEAEIE S LS H AR [H
AR, A B ARG A A TH A X, #Bli: “Diets are for people who are
thick and tired of it all” , FH “thick” N, B HRIEN “sick” . F£F)
XUIERNT N 1 H b, A RE R A HBBRARE A )3 X, AR 1B A I daER %, mT XL
KIEMHEMEREEZHENEE. B4, MNTHSME, XOSE 0B & —

RS TE AR ) A A B2 g R R B AR 1K) — NI 92 90 3, FE AWLAS HL. I R 55 )7 TH A B2
IR o KT eaER AR, A BT m N SHLEAZ BRSNS HLEs < 18] 176 18 2815 580
Bin N5 N2 B8 . 2017 S EFRE P (Semantic Evaluation) KA AHTIAES
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1R 22 WORAEHRA AN [FIFE FE ) W BRUZS, W BR A — Ml 52 X, BRI A& XU B IE A
MR, R R A MR AR IE, &2 ATER. Tk, BRE S A HER
% R T ERAR ) 7 T B 9T A

ESL W ER T7 T B T AR B HARE S 22, 2009 4EAT 2010 4F Julia M. 558 NSCEE R SC
A, GE AR IR, SE A HTHAER TE A B0 Y. 2012 4, Antonio 25 A FRR I
175 R M RIS IR0 S SR A R0 tweet SCASHOBAERTE™ . 2012 4, Yishay Raz 25 AFE tweet
SCA R SRR AR ARV 5 SRR AE LB e BRSO A ™ . 2012 4F 1 2016 4F Pascale Fung
LNFRE T CERRBREE) M CORTIEAR) THRIEE, 70 mlfiiH] CNNL CRF A1 LSTM 43275744
VBT MO AR R R R 5 R . 2014 4F, Renxian Zhang 25 AF|F] GBRT %Y
W BRI tweet SCA™ o DL F 23S0 ke BRI TAE, HABAE &5 G — Lo i BRAFF 7500 T4,
HEALHE: 2007 4EA 2009 4F Paolo Rosso 28 A ] Ngram 58 i & KRG e BRBF 72" 2016
4, Santiago Castro 55 ANA#H KNN A1 SYM iR B FEE A SCHIHAER . B 1 LA W RV 5 5 T 1)
TAE, 0F—tex T BRAE I 7. 2012 4, Igor Labutov £8 AJET SSTH #1444 ERiE
AJHE R TE, RPN AT 230 1 75 PRI A BB A A2 R 02013 4F, Alessandro Valitutti
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2015 4, Tristan Miller fE4% %t LESK Uik BB Al A F0 0UOGE 1) SOV B, 4 tH g4
b Yo R R (A P A VAR Y B, K WordNet R SCIREI Uy
%o WANTTEA R 7 LESK S0 AR Z () M@, 2016 4F Tristan Miller 3R
FH — i b S50 A TR A 0 X O o K 8 5 UB% B (the isolation of the intended
meanings) , FEEEK WSD-inspired &G IFEAhE YW =iE,
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W BORAE R ) 4R 3 Ji ) A i 3] (10 [R]85 1] B A AR AL IA], N A, 1R A)
A Sy A —FP R S 3EAR )5 o BT DA S 5 RS, B @B SRR B A IS 1 H bRid
B£E, REH BAREZEA BN R A g AT i SCULED,  DUHACBE R 3 m R R RURiE . i,
RIS THIT “Diets are for people who are thick and tired of it all”, XUI<id
“thick” MIAHBIEEATTREA S “sick”, “bick” M “fick” &, HERA “sick”
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ASCIE SCEBFE . WY e 5 SCH O EEATA) SRR AR YA B e, B i R = XA
SE BRI X
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Kentucky Freud Chicken” #1 “Hotel owners usually have suite dreams” WAJH “Freud
Chicken” Al “suite dreams” FIFAECANRER, BHARRIFEEZ “fried chicken” fll “sweet



dreams”s A Tk BRI, ASCAEHTE A Unigram (EAE AR (senLength) PIAMER
TESRRAETE A (1915 SCF B B
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FEANR FIARABURE , SR J5 e 338 B R A ARV BURE A 2 1] (1038 SUAH SR B o (% C MBS RIS,
C={cy, co, camereal s NUBEIE AT () THE ¢ (I SCRH 1 -

Relate(c;) = MAX}_, (Sim(c;, wy)) (1)

Horp woR R A RS k AN A BEANER] s TR SUHREETHE A sk (2) For:

Relate(s;) = MAX{':'l(Relate(ci)), ¢, EC (2)

H C RIS RBJEIMEE R FIZR, WAEAEST R, WA E AR,
— ANEA)IE SO S FEROR, i B4R B 1R T B2 H AR, R4 1% A O (1) v] Be PRl
HK.

3. L3 WEEY R

CMU & & 78 (CMU Pronouncing Dictionary) s&PNEME FTK, NIEDS SRS
™. BT R AT AL 134,000 ISk, BN RE&IR S R LS £4
Arpabet, %% RHEH 23 NICH M 31 M ALK F1U0 517 “Hello” & 3% N “HH AHO L OW1”,
Hhfr s,

R A — AN 0] DA 2 AN AR, A SCEMOE S5 R — /MR SR BT A K S
A — AR B VCACERAE A Z A B S i B S R 40 N 2 R AH R AR & AH AL
RE AR & BAEE CMUdict B Z SF AT — R B AR F IR, 1540 ¥ AR LA 1]
I, FEEG WRAE T R 5 B AR 2 A 5 S B o, RATRA Aaron Jaech 2 N™
BHTCE S LU S < RIS R . 2 S =B s, SRR S Rk 2
R, WERERFREY .
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1. A% BIEANL T, HWHEA TR A HEZERNAL, FIBEXCEFIRZAENL,
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3. AN AWM —MEAEGTAS T ENES. —MTRE A0, WA —
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S B ) Ja 235 1R B 4 G R e FRAN R

BT AN KRR, B T IRNE, G NE ST R B 4 f 25 IR 45
e TLANRREHR 2 MK BB A R, B A PAAE TR L — S 1iE,
B Fh ) SRR AE #R 1T BE 5 BRI 8 & WS
3.2 IRBIE.

AR IR DUERFAE, SR = XA e SRR 5 XeiE, ] SemEval2017 145
T HIERL, ZES B EBONSTE R IR A . fEERb R IR AR, Bea G, BEEN
B W EITVEAE T o BT ATRATR T — SR e 0 50 R I A 2 75 e T o 5 W
PR e T 55 AR & — AN, RIEXS R — R o BN 25 S RS A, RN
ARICRRRIE ) Z 538, BT LA F-45 5 00 AR “XA)” Al “HEXRA) 7. A iR g4
YRR, BAYEREX N — AN RS A, IR R 1

T RRFIEAE

unigram{E > BI{E
A ) BRI (B2

ERIRSR > RS

A5 R URHE

FEX KA
B 1 ZXHERIRARKIERE X

FUERANRR)T S, HERAEIER) S & i THERFAEAERE Moy, 1 MBS,
PREE LR VAN Z T T A R, R SRR R R M SN B = e M b, AR 14
R AN [ B BRI AR A B 4 1A R T XA, MR, BRER. WA, 4k 3)
G, RIS WERPTA RN 2, WA B8 O XUORE AR AT RFAE
2PN E AR ] I T LT LUE Y, 15 F)38 W BERNTE SO G FE 75 AR B R TR A W
KA, BUNRRE 2 FECA RIEREGS, SRR T AR RG] 9 7 DCE & 2T 30
TSR, A3 7K Unigram (6, BRI BENITE SCH SR =AMRFAEAERE, Y K-Means J5ik
K. K-Means L RAL MR AR L IENIFEAF 73 FAEAR 573 BB AR, D (centroid) &
AN AL B, 5RO AR R R B I 4ER B REANRFAEAERE, FRATTRIOTW
RIFGMAERSAE PR, [RIEAPN L. Gk fh BUO/EBIE, BUAZE LR IERR
TER Gy, A B R SRTR I ALy, TXRE T AT 28 1 A (R, AR T AR 7>
NIE], B0 SR FERIGAE 250 B BT CAE BB . BIAE —ANRRAER IR 73 D9 48], 5 THIE A R



AERT ABF IE 73 R R o AR = RRHIEAT & —4E 1), BRI O 2 — NMUE, nTULEREEN
5] {EL o
Uni gramfFAEME ST 451
BAHE
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Unigram{g

. I | U1 IR N
4 6 8

0 2

2 Unigram ERVIERIZE

Kl 2 DA Unigram H A1, it 7RHAEES R — R FEREBERCR . B AITE
AT RENY Unigram HUE, AR AEREE . = MFEREFEATT K-Means K5, EBFEXE
BB E ZRFE BB, Kt Unigram HFFAE 35 A) K BERIE SCHH G BE IR BRIAE 20 3 N : 6. 54
100 F1 0. 3,
AREERESIER
4.1 HIFEE

A SL I E B SR [ SemEval2017 FAL4 7 I % W52 1E (Heterographic pun)™,
FALS T BEWRER, 15 L KAE (Homographic puns) Fli & XX & 1E (Heterographic
pun) o PRI RIE R G E T AN TAESS, RS — R RAIE A R TR ARGE, T
158 — R VL RIE A RN 1R D XA, TS = AR A 1] 6 B ) H AR A K . 3R
T SE G B 5 WOGE BRSBTS —, RHRANEA]Z S NBGIE. ZiEk R
HIMLE, BANGSE, FimAERHA R E TN SR RA XML %5,
BRI — text TWERER, NITEMES ZAES =, &P HEIEH word TR
For. LRER)ILZ R, #HA—DE—MiRiR. X0
<{text id="het 5”>

<word id="het 5 1”>Are</word>

<word id="het 5 2”>evil</word>

<word id="het 5 3”>wildebeests</word>

<word id="het 5 4”>bad</word>

<word id="het 5 5”>gnus</word>

<word id="het 5 6”>?</word>
{/text>

WERRIER T, 3 1780 MifA), HAWRTE 1270 4, JEXRA) 510 %,
4.2 N iEFR

AR AER R . BRI R R FLAE DY IS BOE B R 0 RO . 4 1E 1)
T A T8 AN BOe A TP, S F0l 4 45 ) AN Eoie A E FP, A5 i R 6745 A Fid AR



EN,  S45 00 > £ 48 i AN Boe /E TN A

YERf %= (TP +TN ) = (TP+FP+TN+EN)

ZE %= TP+ (TP+FN)

¥ 7f§ Z=TP+ (TP+FP)

F1H=(2 XFkEHHE X AREZH) + KR +H %)
4.3 1B RE

THEE SGE W B 3 Ll i A ) Unid gram {E A€, N I A5 Uni gram A 31
HEE B (Language Model). 85 AAE HAME 5 AE P4 Z RIS AET, HAErE
FERH n JCiEEAE T (Ngram Model) o X FETY T 5L, AHOCIPSFIE HOR B bR et
SRR EERME—DNTAE s RS p(s), RE—ANFRFH s LA . X s
FH RG] wi, wo, wareewa A, 31X P (s) BIA =t (3D,

P(wy, Wy, Wy, o Wp) = l_[ plwilwy w;_;) <3>
i=1

ER AN PR A 7R, WHRSRGE 0, iT2H0d%, mMARELEMIIZ. Frilse
BRI 2 R n eIk, n=1 I, Bl—Ju30ik (Unigram), ANERMAHERZILAEAER] .
n=2 I, AN 1 ANE w S T —MRARDS, O e (Bigram), MRIRSEHE.
MR IesGE s, P(s) R R, A (4.

P(wy Wy, v, o wy) = [ [ pCwilwicy) (4)

HE 2R AR SCHE K KenlM Toolkit™ T BAL, %5 ngram 3 F 1A . Frhijl Zrifkl ok A
B B4R 1R 397 [ E B (Newswire Sections Of the Brown Corpus) ™ , BRI S 66,
5 LInER

AR B/ SemEva2017 4£55 7 MEHREE . (555 7 —MMXOGERIEN, 75 AR,
T SCOBORANE B0, [ BE RS A=A RS, BRATERE RTS8 & XUORIE
TAES—, BIEGNEA) RS AXGTE . 85 BRI 1780 2%#s, H P Xkis 1270 %, 4
WK 510 ko ASFLEFEVYANYERER) 9 MRFIE, SRIREERNE 1 Pror.

R FHEEMBINKRIFIRAN R

RHE HwHE | BEE | BHFE | FLHE
ER)E 46.57% | 28.80% | 88.83% | 43.49%
TE )35 U B+ SO SR 48.88% | 33.02% | 89.85% | 47.22%

EA)E B R E XA OEE+ | 62.87% | 57.12% | 86.22% | 68.72%

BEEY R

YEA) % I B+ AR SSfE+ | 78.48% | 82.93% | 86.39% | 84.62%
EEY B+aRISMEE

SemEval % —4 78.37% | 81.90% | 87.04% | 84.39%

M1 Al LA DY R R R B DN ISR R Ge A 1Y, FRATRE A 5 2% R B OR MR
HEgwE, HA PR IAE ARG, AR FLESE S T 3% 4. BIAES
VNS, FUERIRE R T 21%, XA BDYAIRAE 552 RIE 5 0O, A P2 S AAE
VB AT [ B ABL PR 37 Ji 1 A2 DO TR AR 0 — AN AR, W R BTE S B RIRAIE H %
], ABAIXAE) Tl W] RE AW & R . iRJa A 2RI ARHIE G, AERER B0 T R
HI4& T, FLAE XS 15. 5%, XUt & MORTEAETEEANE ) B — 2 Re A a0 >3 54



£ WA RIS, 70380 F1EIA S 84. 62%, L SemBval PFIlAARES
RS SAT 0. 3% BEBH DAL PUANE FE IR IELE WS 3 SO R o B AP I RER,
TREEDHRRFIERER], BA1 AR MR A R e 2 38, ah Rk 2.

® 2 IR &Y EFHERIR AR

RHE HERZR AEE | BHE | FIE
T SRR B 32.02% 4. 88% 98.41% | 9.30%
TH R IR R 46. 57% 28.80% | 88.83% | 43.49%
HEY R 52. 58% 39.89% | 86.37% | 54.57%
)AL 69.61% 63.49% | 91.29% | 74.90%

M 2 AT LA, DUANERE (RS IR AR LB, 2R I 0N, 1 UMK
M E R AR, (FREF R IR T 98. 41%, A [FIFEHRZ Ry KA #8500 HE BA 15
SCRIRME, A5 T U B XN LR IERIE ), BRI XUOGE . A (315 a2 1)
HAFIELE, 13 63. 49%, 2TE SRR 13 . Z4ER P EE 2 ML, B IEA oIk
TR AR ERE Y EEANE SR B A2 10% 4, FERRIEA —5. NSLIRgs
RATCLE DU AR LR AL, AS B RS LL B, WR R ARSI, — SCHERN
TS ARE R S NORA], WABIEMINL 2. TR ISR AL, DRAIERRR RIS KHR 43 2 1E if
(7o FRANKRHIE A A Bl R A LA, eSS & = AW AT, 2 MRS &, B0
SCEE ARSI 2 H IR, ZAMRHEEIN, R A R H Bl R IE 2 & HKP.

M 2 AT LR, A SURRAE S ARG 7 3R A (o] SR AR LR A v, v i Ak ) RS AR 2 o
BARFE AR, BAT R A AT A) sURFE SR b 1 = AMRF AR R B WG, 45 R ANER 3 s
B P g A ORI AR th = NRFAEZE S T TR RO TE I RICR , Horhid 5 i 2454 A el
HRARE R A m, PrUL FLAEScE, AN BRAERA S SR i, I AL
XU RAF R ) — A B R

*® 3 =M ARAFEAIR AR

RHE BHIE | BAEE | FEHE | FLHE
N2 FFE 42.75% | 20.61% | 96.32% | 33.96%
KEHIAAE | 30.56% | 3.93% 76.92% | 7.49%
it ASEE | 67.08% | 58.22% | 93.08% | 71.64%

6 LR T—HIIE

ASCHRH— P S PO RS, UANRFIE B = SCHE R R, IR 3 0T . DOAYERE
AR R T BRI B B I RCR, il B3 R AN A SRR O i i, KR E 3R
R A B, R T 2 B ROGE, XA S RATEE XOGE P E S E R
MR A . — XCHE W BLIERE 2 MR &, R MA T, Rah 1 AN RRAE A B 5 AR
R, S5 s O R L, A2 TRRHEEOE K-Means RERITTE, IEIIER
ERM B NBME, AR AL MR 180 A IR, (BARIE TR R AT
104 [ 5] A T 2 RF AR R & IR T IR 5R 4o

EEY R BAREXOGE R B A B R R, ERBUVY A RS, fehs
HENE Y RGO EE R A ¥, TP TS E RS StiE F RN, fHE
ZHERRENE YR . b, D IRIIE FIRRHIEIE A2 B H Al R R A
IR . Ba, RS2 Semfval 2017 {E55 7 R ILMh AT, AR WL
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