3-Q-10

HEEHDIAA R 2 W RIEE F 22 © O 7R E R T RG] *

Yo (MK, MRRE (Z28HK), S5, BHEH (M X), APSHT (ZZEEK)

1 IFL®Ic KEEYOUCTIYING Y0 |
H B & A 83k (automatic speech recognition; in th esslélbetgﬁ d font

ASR) 12 X 2 HENFHEIZ, XFL WO HEERTH -

ENEOEIEMINT 5 C L 2T E BRI LTH . —

ffanTing, 4T, ANHiFasa=yr—ay usin \'/:vc())rr](tjse?:‘g;r:jdin S

BT ETIHOINC b B R A A ’ ° database

HLTED, FTHHFEEORELHEOFTREDLS
HE SN RIGHERPEEREEEZ R LTWEZ
EHIENTWS (1], HIZIZHEARBESCZRERY
DHIFFCEZENEHE L, FCABTDOBFTDH
EREDEIRBIFEBTCHFEL TV EILICL-oTHZ
FOZITIHRIIELESIDDERD D3, Lizho
T, FaENEOIRZ MBI 2 FRAMITIE, ASRIZ
X 2 SREMERIC N Z TE A EAERREK (speech emotion
recognition; SER) 1T & o T1§ 6N 2 &G EHZ 7
WRMT 2 ZEDEMTHLEEZBND,

IEERE TR ORET2FRO—DE LT, XF
D7+ IBET N5, HlZIX, 71 ER YouTube
RYOHEE I Y T VY T, ZDGORMPHEHE D
BEIRRA R 7 4+ v bRBEDOTFR (Fuvy ) L
TLIRLIEERB NS, 72, ASR EHERDKE
B E W27 4 ¥ VFERERS AT L2 LT, T
BERHTES 25725 (NHK 727 /1Y —X, DNP
) 4] BB B, PR AT ATIE, FEHEORIGEMH
BRI X > TRIE 2 5 AICHHEL, BIEZ 9 AT,
KHOEPUDERLE7 4+ MW TToy 724
3 %

L2 L, ANEE—DDHEEE T b & EE DG % Al
HI2Ze2H5 (2,3 Zehs, BIEHROMMEL
LW B B IR O RIE KM L TR R AR
TELZZPEFLWV. 2T, & DEATHSE [5)
T, FEEORNE (BGOSR cHOE, HEGE
BETAEHOCTEBOBRE 7 + ¥ ME O Z1T
S THMRBEERM L7 > b 2ERT S
FHEERE L, UL, 74> FZ2E{GE LTHIM
T5FETIE, HMREEERIT 2 Z 2 IZRET
HBZEDHSPITR -T2,

Z ZCAWIZETIE, 74> F O - RS A b o
LRED7 Y e ZFREINTZZ2T7DTF—&
ZINEE L, HFEEDIAARBE LY AW THED SEH
e BEBERCE > TFRO 7 + ¥ MEJET 2 FE
ZIRET 5,

~.

Emotional words

&
“kidding me” I
Key phrase

“angry”

“sad”

ChatGPT

i

gry: 80%

“Are you kidding \ | sad: 20%
me?”

Text Emotion

ASR SER

| Emotional speech |

Fig. 1: Procedure for subtitle generation from emo-
tional speech

2 HEBEDHAAZTRAWVERBEEEHNSDF
BERFE
2.1 FEOBME
HBET 27+ Y VFRHOERTEOHNE Fig. 1
RS, £9, ASR ¥ SER QKXo THIEZA DS
HAENBEDT X R I BLUORBOWEZITS, KIZ,
ChatGPT [15] ZHWTT ¥ X M HHEEICHBWTH
BeEZONDIHEEREIIL -T2, £
LT, EEVL - X EIHEEOHEHDALT W
THE7+Y PeOFENEZR a7 ZFEL, HLERa
TOBRBENT 4+ ¥ FTASRERD T F 2+ 2 7HE
{t3 %, ChatGPT IC X BEE 7 L — IfliHIcOWT
X 2.2 fiT, HEEEDIAAZHWE T 4 ¥ N DRERIC
DWW 2.3 BiTEhENFMZ RN D,

2.2 ChatGPT ZHWHEXDEE 7 L —
2.3 Hi TR 2 HFEH 0 IA ARBL O S DO FiLE »
LT, ASRIZ&->THELNETF R D5 ChatGPT
FHOWCEE7L-—XEMHT222T, ¥R+

b DRI E R IHFROBREZRIT 5,

ChatGPT & OpenAI #1i2 & % Al F ¥y FKR» b
T, ETFVOEAMEIIAHIREEE T L GPT-3 [16]
D##ETH 5 GPT-3.5 RIITH 2, NED7 4 —F
Ny 7% FWEERILEE [17) 10 &k o TEF VR EH

*Subtitle generation from emotional speech using word embeddings. by Fumiya Nakamura (Kobe Uni-
versity), Ryo Aihara (Mitsubishi Electric Corporation), Ryoichi Takashima, Tetsuya Takiguchi (Kobe
University), Yusuke Itani (Mitsubishi Electric Corporation)
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Table 1: Prompt entered into chatGPT. [xxx] is the input sentence that is the target of keyphrase extraction.

Prompt

You will be provided with a line from the conversation, and you are asked to extract one key word

or key phrase that is important to the conversation. The following are examples.

input: Since fish was cheap today, I decided to make a fish dish.

output: fish dish

input: Do you think I don’t know such a simple thing ...? You should stop making fun of me.

output: stop making fun of me

input: Thank you for coming this far.
output: thank you

input: [xxx]

Lt 28 ARNERHALTED, 2—FD AL TR
V7 MG U T EERR AR, #E, a—74
VIREDEABRR AT ICFRICHIETE S Z e
HohTwb,

Z @ ChatGPT OE\VHEASEIUMARE ) 2 1EH T
LR, KBHFFETIE Table 1 12”3 few-shot FED
TRy T MBI THGTIANPOEE T L —X
O E To72, 7u > 7 b DIEKTIE, OpenAliZ
X23F—v—rHi T 7ol 1 2BE I Lk,

2.3 HEEEOIAAICLZFE I+ FORER
Kulahcioglu & [6] 1%, &IHiEL 7 + >~ ~ OEMEIE
D HEFEM DA ARBIOFEREE W THEE» S 7 + ¥
FEMRTLHIRATLAERE L, INEEX R T,
AR TIREEBICMZ CHRFBENEOERE 7L — XD
HWT 7 x> b ERERT 2 FEEMETT 5,

23.1 7xYb-RITT—2DNE
ARZETIE, EEI7 L —XEIEENLS 7+~ b
DRREITD 1280, TFT 5> b DKM - RS A b
TH 3 1001 Fonts?H & 10,000 D 7 + > + B IR
2—HFIREoTENLDT + ¥ MG X=X T D
FRENE L, EELET—2D5 5, LIRDE
I TIEERDDEFRET + ¥ N OMREWIT 5
CEZOLNBZTDFRIL, FMRe LT9,221 HD 7 #
YR 1983 DX I THRENE 7+ h - &
T =X %187,

o FRICTHEYITHZ EZBNS XY (“hard to
read”, “dingbat” 72 &) Off5-&/z7 + > b

o “serif”, “caps only” 72 ¥, 7 # ¥ b DFRIGHIC
et 874

o HIEHDAAEFLOFECETNENKY

o (FHDUHEZIT-/-IREET) M5 EN=& 7
DEED 3 ERFED 7 + > b

Thttps://platform.openai.com/examples/default-
keywords
2https://www.1001fonts.com/

S i SR

2.3.2 HFRIRHIAH

ML4E, word2vec [7] %° GloVe [8], FastText [9] %2
¥, HEEZHOABR Y PULT 2 S F I FRFHE
PREINTER, LoL, ThHDFHER NHEE
DERIEFHDHFETIEMR S NS &3 2 ik
WKESWTWB 720, PXRTHEHRAINZ D
ZVHKRR MEE 2 X T 2 2 e N TET, HE
AL ORI OELENE 22 L WOk Z
HZTW5, ZOFEICH LT, retrofitting [10] %
counterfitting [11] 72 ¥, FHFREECNFREE DX T HLEE
N7 h)L% fine-tuning T3 FENENTHZ Z &H
RENTWD, AIFETE, T2 & TRLA) &
¥, BN %2 3 BEER L T OMMEEHE 21T S
®», Khosla & [12] HFEQKIGIHRT — & [13] & H
W counterfitting %17 - 7z word2vec?® (Aff2vec) %
MAL 7z,

2.3.3 HEBOHAAICELZ 7+ ORATHE

BIEZE w, B L ChatGPT THIH L - HGFOEE
TL—Xw, 05, 2.3.1HTIEL =& 7ERE H
WTE 74> bORa7 I %115, 74 ¥ MIfHE
INFFNEFRDORT 12, we BELY w, DHEEH
DIAAZRWT, T IET2EEERaT s, 23 (1)
TE&ELT=,

Sy = Z p(we)sim(v(we ), v(7)) x sim(v(ws),v(T))

weEE
(1)
22T, sim(z,y) FRT7 Mz &y a4 VHEM
g, (2 TrEhsd,

el )
X 51T, plwe) X SERICK > THEE XN S, KIGE
we WHIRT 2EIEOMERTH D, EIIKIEEDOES,
v(a) \& a DHFEHDIABR T PV TH S, 72720, a
PEOBELZETHE, 8FN32 T XRTOHIED
HWHOIAARBLOE % v(a) &5 5, £z, w, HHFE
HOIAARETIICE o TRHAIDHEETH 25571,
v(wy) PR BARNE A,

se= Y plwe)sim(v(we), v(7)) 3)

weEE

sim(z,y) =
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Table 2: Evaluation results of font search by emo-
tional words (top 5 fonts)

Emotion | Accuracy [%] ocace [%]

happy 75.6 24.1

angry 75.6 29.8

sad 33.3 36.0

neutral 55.6 304

total 60.0 33.1
#1 ABODE [ __happy, cheerful, joyful | | 44.4% (419) |
#2 abcde | happy, cheerful, love | | 100.0% (9/9) |
Fig. 2: Top 2 fonts in search results for “happy”

¢ LCEHET %,

RIZ, &7+ ¥ MFEBED % 7950 T
Wa7zh, TREADZ IR LTR (1) B2 W0idk
(3) TRAFFEITV, 74 b flIftE5EEIhzX
TDRAATZENS DD ONEI sr, 80y, 8m,... &F
5, TNHEHAWT, 742 b fOFEMERaT S,
X (4) TEFRL 7

3
-y = (4)
k=1

ZLT, IRTO7 x> M LTINS DFHEERTT
W, BRHFELEZ A TOEWT 4 Y b EFERT + Vb
¢ LTEIRT %,

3 FHMilsEER

3.1 RBUBEEICLZ 742 MRE

¥3, HEEHDIAAEH W T + ¥ MEROMHRE
MEET 2720, RIGEOATHLER 27 OFHEZIT
W, 2a7 D7+ > b OEBEFHMEEERET o 72,
%?ﬁ’ﬂi EEREL LTE U (happy), &Y (angry),
L A (sad), F#f (neutral) D 4 DZENRITT + &~
FOMBRZITY, ZNZNENER a7 B 5, &
H20 742 DOTAT 7Ry FCFEREER L 72,
FHliE I ZZN D 7 + v MEGRZE R T, 4 EDS 5
EDORBEITEVHIR 22T 207 HET 5, BERIC
HH L RIEER EMR T ~L e LT, EBIEHiG R
DRENEFE Z & DIEfER (Accuracy) BX I 7+ b T
& DIFREDIEHERZE (0400) BRD Iz,

HAGERRERES 9 $4 DFHTiE 1< & 2 FEERFER % Ta-
ble 2 WRT, BIFGEZ L OEMRE2R2 L, B

M&D | OEEFIE DI L, TEEL A &
Eﬁ@+ﬁ>fﬁ’] 33.3% L BHS IRV, Ak, IEEL
7T = RIZEEN L IEEOMEBIRO D EZ &
BEERTHZEZOLNS, £9221HD 7 + > k

NEVER SEE HIM AGAIN L_frightening. spooky, warped |

(a) emotional word:
again”

Top five |

“sad,” key phrase: “never see him

happy, merry, new year |

(b) emotional word: “happy,” key phrase: “top five”

PROBLEM |

(c) emotional word:

trouble, danger, protest |

“angry,” key phrase: “problem”

Fig. 3: Samples of selected fonts (with tags) from
emotional words and key phrases.

DEIBEREBOXR BN GEEINT7 + ¥ M 2E S
N7=H, “sad” DMK TIX, “bad”=® “hateful” 72 ¥ D
RGN T Y "B ENTHoT2e TDZ
Eo, TE0) ® TRD ) gt T, LA 2R
B2 TEE7 52 b3 WADTH B A[HEHED
RBEXND, 72, 74 2L DIEMBRDEHERE
FED24.1%~36.0% L REWZ L SHEHITE S L5
2, FAURERBOMBRERTDH ERBICRERED
Rohiz, TEC) OoMBHELM 2 74> oz
Fig. 21”5, KI&D, £56D7 % b “happy”
CIMWERD Z 78 3 Off 53 TED, HEEDIA
AOFLEIC X 2MBRIFELLSEEL TWE & X
bMd, LaLl, ERITRT 1D 7 + > b Tl
FIZE B IEMARIZ 4M4A%THD, TASDRIIT *
VI EREBOHRELT LD —H LW & 2avf
AL 7,

3.2 RBBrEEIL—-XEZ 742 MER

Kz, BIGELEE 7L —X2HWE7 4 OB
fm%?%zﬁ%ﬁ%%%ﬁotme%smwak

% ARk D OB WA T 5720, HEEOXEGEA
DIEHEFR 7 — Xt v + [EMOCAP [14] 25, 1Efi#
BIE SNV XFRZ LD ZE Z2h SER #55E,
ASR R UTHIE L7z, BIERE L ChatGPT T
HUZEEZ L —XE2HWTE 7 + > b OFELUE X
a7 DFEETV, bR THENT 4+ ¥ MERE
ER, 2a783 T M 00%CEENDZ T+ 6T
VEMMGERLZET7 x> v RAFE Uiz, 31T
Nz 4 ODEIEE L WRIC, FHREN 20 FiEn DIE
{5 » EFIEREER Lz, EFIEROH% Fig. 3
WRT . FERICBWT, FHiE IR EE 7 L —
ZOMH 6, IERIERE BHIERD 5585 503 %
DFFOFRICHEL TWE 05 HEIRT 5,

9 DMl I X 2 IEFIEIRDZFEIRF 2 iR
TR, ﬂmm3®ﬁ%#ﬁ%mﬁ@31€®#%t
FRRIC, TRD ) OIERERE DL, [FEL A
DIEMRRIZ 50% AR e KL, 7YX MTERLEA

D55, “happy” DX ZE 13 TG EINTVZD  flosh SRIREHATWS, £/, FHIiFERD R
WZXTL, “angry”=e “sad”, “neutral” lXZ L Z 41 3 f@, BEPREELLEE 7L — X0HEDIAARKOHELE
1@, 0ETH o7, “angry” DMK TIE, “furious”
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Table 3: Evaluation results of font search by emo-
tional words and key phrases

Emotion label | Accuracy [%]
happy 61.1
angry 86.7
sad 40.0
neutral 65.0
total 63.2

Table 4: Accuracy changes with similarity of emo-
tional words and key phrases

Similarity | Accuracy [%]
low 58.3
moderate 60.0
high 61.1
very high 73.3

12 & o TEW (low), %38 (moderate), i\ (high),
JEEIZE (very high) D 4 DIZZV—F3F L, 27
N—TZ e DIEREZEM L AER % Table 4 1R
T, BEE L EE 7 L — XOHEMED K [
MEWV D 3 70— 7 TIXIEMRIFH 60% TR Z Az
RSNV, DEFEIZE W) 21— 7T 710%%
ﬁié%%t&otobtﬁof,ﬁﬁiﬁu%%@

B RAENAN T 2581 L7+ > b
ERRTIEENEELTWED, 1B TR FAR
FHo X5 RIEEFFEOBEICE, HENEDOHELE
PHEDEBLAEVESIICTEREDLRNPMBET
hrrEZLNS,

;|_‘\

4 BBHOIC

AWFFE T, FEENBEDO TR L LHEEOKIEZ
FKTHEED ‘5 HEEHDIAARBZ AW THED S7E
TR & & I*‘*%E%}iﬂ%bt 74 Y N CTEREENT
DFERRE L, BEER T —&ty bOXF#RD
LT:\”X b ERIE 2 L' DT Rl SRR 2 1T

, BERFEZ TR ) OKIEEHEDOGERHE DK
rﬁ %:2%@“%;. CHENEOHELE ISV I

B EWIEREZ RS, (Rl A 2RBT L7+

FOMBICHEDG DD Z e #HOPIT LIz, 5D
L LTI, ASRICESABMERD VEE 7L —X
DL HFEH DAL DEGICE A 2B 2 ER T
LB D B KR, RBEFIRIC L o THEBDKIFEEZE
BTEDIDNESDLARBILTH 2 AR EBE T oM 5,

BE 3

[1] R. Cowie et al,
human-computer interaction,”

“Emotion recognition in
IEEE Signal
processing magazine, 18 (1), 32-80, 2001.

[2] A, IS D B - Bz
m%amgauﬁﬁﬁéﬁwﬁgixw 66 (8),
393-398, 2010.

AR SO

- 1336 -

[3] R. Plutchik, “The nature of emotions: Human
emotions have deep evolutionary roots, a fact
that may explain their complexity and provide
tools for clinical practice,” American scientist,

89 (4), 344-350, 2001.
https://www.dnp.co.jp/news/detail/
10158470_1587.html

R S, “FEERE A ORIEZ I L 727 1y TG
O HEAERFIEOME,” Hillan () , 887-890,

2023.

T. Kulahcioglu and G. D. Melo, “Fontlex: A
typographical lexicon based on affective asso-
ciations.” Proceedings of the Eleventh Interna-
tional Conference on Language Resources and

Evaluation (LREC 2018), 2018.
T. Mikolov et al., “Efficient estimation of word

representations in vector space,”

arXiv:1301.3781, 2013.
J. Pennington et al., “Glove: Global vectors for

arXiv preprint

word representation,” Proceedings of the 2014
conference on empirical methods in natural lan-

guage processing (EMNLP), 1532-1543, 2014.
P. Bojanowski et al., “Enriching word vectors

with subword information,” Transactions of the
association for computational linguistics 5, 135-

146, 2017.

M. Faruqui et al., “Retrofitting word vec-
tors to semantic lexicons,”

arXiv:1411.4166, 2014.
N. Mrksi¢ et al., “Counter-fitting word vec-

tors to linguistic constraints,”

NAACL-HLT, 2016.
S. Khosla et al., “Aff2Vec: Affect—FEnriched

Distributional Word Representations,”

preprint arXiv:1805.07966, 2018.
A. B. Warriner et al., “Norms of valence,

arousal, and dominance for 13,915 English lem-
45, 1191-

arXiv preprint

Proceedings of

arXiv

b2

mas,” Behavior research methods,

1207, 2013.

C. Busso et al., “IEMOCAP: Interactive emo-
tional dyadic motion capture database,” Jour-
nal of Language Resources and Evaluation, 42

(4), 335-359, 2008.
https://chat.openai.com/
T. Brown et al., “Language models are few-shot

learners,” Advances in neural information pro-

cessing systems, 33, 1877-1901, 2020.
L. Ouyang et al., “Training language models to

follow instructions with human feedback,” Ad-
vances in Neural Information Processing Sys-
tems, 35, 27730-27744, 2022.

202349 H



