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[ Abstract] This paper proposes a hierarchical attention (mechanism neural network model based on the features of
pronunciation, font and semantics ( PFSHAN ) for humorzecognition, which extracts the features of English humor
linguistics. During the feature extraction stage ,the humor texts are presented phoneme, character and semantic information
that carries ambiguity level information,and then(the features of pronunciation,font and semantics of the PFSHAN model
are extracted by using the Convolutional Neural Network (CNN) , Bi-directional Gated Recurrent Unit( Bi-GRU ) , and the
attention mechanism. During the feature fusion stage,as words contribute differently to the linguistic features of humors,
and the linguistic features of humors afe ‘also, correlated differently to sentences, the hierarchical attention mechanism is
used to adjust the influence of diffefentylinguistic features on performance of the PFSHAN model. Experimental results on
datasets of Puns and Onliner show\ that the F1 scores of the PFSHAN model are 91.03% and 91. 11% respectively,
significantly improving the humorirecognition performance.

[ Key words] humor recognition ; attention mechanism; Convolutional Neural Network ( CNN ) ; Bi-directional Gated
Recurrent Unit( Bi-GRU) ;linguistic feature
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W BRI Ty 12, RE S A AR I R I ) 1) SRR AE

XF T I TR IRGT 45 2R R B 1 5 R AR R B
SCHERRAE BE 8 A4 S BRI 19 PR BE L 2R TN L
F 3 0 A AE R ASE R ELIZ AL R D B 2% o AR T T T
FRIE TR 0 ML 2 2T O 15, i T ol 8 T 0% 110 TR 2 2
2] 5 VR BE 1 3 B B BR 1Y) 4R SCRRAE HL PR B A
U o SR, AT B 1 b 25 I 4% 1 TR B 2 2] O ik i =
Il R TR Y K 2, S50 4 SR HE DL A N AE I A A
FEoASCHE ) PFSHAN #5884 8 5j1] 144 BR 1 1) , PESHAN
AU LT | BRI 1R SR AR, 2 0 A SCAR B
TEFNIE S 3 A2 B 32 WU BRAFAE , OFR 2 R B )
B , folf 754 4D R A5 fi MRS A7 2580 1) R AR AIE

2 ETERXHWEGRR 7%

WA s, A8 SO T8 8 SOy 2 Ot =
JIph 2 L5 AR AT W BRI I E IR O 1)
SCAS A 25 267 R B 1 B R OE 2, SR T 4 AR Rl 28
25 4R IBCTE ) Y T REAE 5 2) B SO ROR BUFE AT B
20, R FH X m) [ #2 46 38 55T ( Bi-directional Gated
Recurrent Unit, Bi-GRU ) 1173 & 7 HL H $2 B SC A 1Y
FICAFAE 53) 51 A B n] By SOV 45 9 A5 8., 3 47 M 42
YL R ) ) 1 SCRRAIE o SR B b [X 43 AN [) A R
AR TE BRSO RE T AR SR R R
T AL R R YT A RO T AR R AR A B O A
PRI



66 D - N R D &

202048 A 15 H

w
H 2JR)
itk
Ed

softmax

humor
i nonhumor

e

L 2 200 P P O

Bl EFERXHBEREENHENEER

Fig.1 Hierarchical attention neural network model based on pronunciation,font and semantics
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Table 1 Experimental results on Puns dataset %

7 S Lt (RS biRTIES o 4R Fl {H
SVM 83.12 88.04 80,26 82.24
HCFwW2V 85.40 83,40 88.80 85.90
CNN 86.10 86.140 86, 40 85.70
CNN + HW 89.40 86460 94.00 90.10
Bi-GRU 87.51 84.21 91.76 87.82
Bi-GRU + Att 87.76 85.42 91.88 88.53
PFSHAN 90.12 89.68 92.43 91.03
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Table 2 Experimental results on Oliner datasets %

7 ¥ SR Lt RS HIRTTES fr 4 Fl &
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Bi-GRU + Att 85.88 88.10 84.97 86.51
PFSHAN 89.68 89.43 92.86 91.11
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Fig.2 Impact of ambiguous level information on

performance of humor recognition
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Table 3 Impact of pronunciation,font and semantics

on performance of humor recognition %
o F1 1§
1 - -
Puns {4 4 Oliner {542
PFSHAN 91.03 91.11
PFSHAN-pro 89.93 90.01
PFSHAN-font 90. 14 90.22
PFSHAN-sem 86.35 86.42
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A SO LG T A [ 3 7 T AL A x4 8RR 00 4 RE Y
0 . PFSHAN-Hyp %71 & U5 B Milifs SCRF Ak
SR FHE RS Ty HL A5 2 78 Ml R B R, AR5
B AN A B AT PF 491 R B Bk, PFSHAN-
Lin-Hyp #78 HUfdi ] Bi-GRU 2 U7 JE Flifs SCHRAIE,
Il CNN R BGEF RRAE , SR 5 B 3 SRR R AT
BRI
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Table 4 Impact of hierarchical attention mechanism
on performance of humor recognition %
Fl {4
A - -
Puns %t ¥ 4E Oliner ¥ #E 42

PFSHAN 91.03 91.11
PFSHAN-Hyp 90.46 90.52
PFSHAN-Lin-Hyp 89.84 90. 14

3.7 SHIREEHISHR

h S G L BE 5 O 4 T PESHAN A5 714 7 1 8K 2 531
155 R PERE X HR R A 04T 73 Hr e DR J2 4>
PFSHAN 5 1R AE TE A U5 B AR 91 -

5] 4 The one who invented the doordknocker got
a no bell prize.

5] 5 A clean hous€/is a_ sure sign of a broken
computer.

151 4 Ffs] 5 35 4y W BRAE 451, fH 2 PESHAN 4573 4]
FEEAT Al W BN B BT, £ 4 L “no bell prize”
14 4 5 F1“ nobel prize ™% ¥ 7320, BT AT Kk 1 A BR
AR . W R ) 1Y R Ak R R i I B B2
“nobel prize” A HILTE JF SC , PFSHAN FBI G v il
PR TE S RAE . BEAD 35 SRR A W% i b 2
Ao B E R R, fEHI 5, “clean house” Fl
“broken computer” JE 1%, 1 15 XL X L, XX FlAS PR
A—BUER AT 7 T R RCR , PR T 4l AR SCA
SRS — B 2 A R R Ui v ) B ST 58]
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