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b | Dial id 33_00083

| found 1 Ophthalmologist, Dr. Diane C., located in Castro. (i_]

Hi there! | found an Ophthalmologist near for you. Dr. Diane @

Their phone number is 510-538-5252, and their address is 2999 Regent Street é.

ﬂ

Their phone number is 510-538-5252, and the address is 2999 Regent Street @I

Dial id 98_00003

How about the Chemical Brothers concert at Forest Hills é]

Hi there! How about checking out The Chemical Brothers concert at Forest é]

Your checking account has $11,325.85 (i_]

Your checking account balance is $11,325.85 @

Figure 2: # i P45 AR 01 FEX R A it

Dial id 16_00095

e

Please confirm 1 flight ticket from Chicago on American Airlines é}

Your ticket is already booked. é}

Su boleto ya esta reservado. é}

Dial id 125_00100

Departing from Chicago on American Airlines could you confirm

g

The cab has been booked and should arrive shortly. é].

Your carriage has been summoned and shall arrive promptly. @
The fare will be $13.60 for the 17 minute ride. (b

The journey will be approximately 17 minutes, and the cost shall be $13.60 @

aE () ROy madug ().

Dataset Persona Mod. Dialogue Mod. Dialogue Type Subtask Collection #of Dial #of Serv. AvgTurn Avg Tok
MultiWoZ (Budzianowski et al., 2018) Text TOD DST, Pol Human 8,438 7 13.46 13.13
ABCD (Chen et al., 2021) - Text TOD Pol Human 8,034 30 22.08 9.17
SGD (Rastogi et al., 2020) - Text TOD DST, Pol Bot+Human 16,142 16 20.44 9.75
STAR (Mosig et al., 2020) - Text TOD Pol Human 5,820 13 21.71 112
TOAD (Liu et al., 2024) Text Text TOD DST, Pol GPT3.5 8,087 11 9.23 10.6
SIMMC-2.0 (Kottur et al., 2021) - Text, Vision TOD Disamb, Coref., DST Bot+Human 11,244 2 10.4 13.7
DialogCC (Lee et al., 2024a) - Text, Vision Open Image Ret, Response Pred. GPT4, CLIP 83k - 8.20 -
MPChat (Ahn et al., 2023) Text, Vision Text, Vision Open Image Ret. Reddit 15k - 2.85 18.5
STARK (Lee et al., 2024b) Text, Vision Text, Vision Open Image Ret. GPT4, Diffusion 0.5M - 5.30 -
PicPersona-TOD (ours) Text, Vision Text, Vision TOD DST, Pol GPT4,Google Map, Wiki 18,148 18 17.23 12.67
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MultiWoZ PicPersona-TOD PicPersona-TOD (pos)
neutral 74.97 | neutral 61.50 | neutral 44.66
curiosity 9.18 | curiosity 11.79 | approval 16.51
gratitude 6.31 | approval 8.65 | curiosity 11.65
approval 3.56 | gratitude 6.52 | gratitude 7.717
optimism 1.26 | annoyance 2.26 | excitement 4.86
apology 0.92 | optimism 1.88 | admiration 2.43
annoyance 0.69 | excitement 1.88 | PicPersona-TOD (neu/neg)
confusion 0.57 | admiration 1.00 | neutral 66.69
caring 0.57 | amusement 0.63 | curiosity 11.84
disappointed ~ 0.57 | disappointed  0.63 | gratitude 6.10
joy 0.35 | caring 0.51 | approval 5.90
excitement 0.35 | joy 0.38 | caring 2.54
admiration 0.23 | confusion 0.38 | optimism 1.36

(Tab)le 20 RS % A SRR LY. 1Y f DL 4 EG
%) o

All Age Emotion

Senior  Adult Child Pos Neu & Neg
Liu et al. (2024) 2.22 000 1.80 4.17 1.01 3.70
Tie 13.33 9.52 1441 1250 6.06 2222
PicPersona-TOD  84.44 90.48 83.78 83.33 92.93 74.07
Joshietal. (2017) 9.44 1429 9.01 833 4.04 16.05
Tie 2333 3333 2252 20.83 15.15 33.33
PicPersona-TOD ~ 67.22 5238 6847 70.83 80.81 50.62
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DST {155, FElIG ¢ By ARE A A H -
MAGENER, ORI, XPAFRR
jj InputDST’t = [ﬂl, S1,U2,59, ... ,ﬂt] . DST Y
PN N RE(E ST (5110, hotel-name: Green
Hotel ).

KT RIS TS5, Bl A ¢ B AR I
), AEHGI T BN FERAS s Inputpgy , =
[ti1, 31, Uz, 52, ..., U, DSTy] o SEME TN AL AL AL
WG M RS, BlaniE kit aME R
(#5401, Request-restaurant-foodtype ).

www.xueshuxiangzi.com
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FATXFATHY Pictor 7B AL 5 JLASHIA4 1Y
ME-LLM #4177 45 A Ha, f245 Llama3-8b,
LLaVA 7B, InstructBLIP 7B A1 GPT-40-mini. “&
THEATIEAS, FATHIECT 100 X , H1 GPT-4
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4.1 ZAbPEREVEAS

Domain Natural. Fluency Personalize Semantic User Satisfaction

BUS 3.67 3.79 3.51 3.78 3.70
MOVIE 3.72 3.79 3.58 3.82 3.81
HOME 3.90 3.96 3.78 3.93 3.88
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A AT R 2 Pictor [l 4 —R 4, H
ZMABLRENS SR AL, SR P R
T4 BE 5. XIHBF A KRS TOD %4
%gﬁﬁ%ﬁ%ﬁ%mA,EmmﬁTfﬁ%
IR, o

4.2 X Pictor Wii5HEsE

TAVHAT TR, AR AR R AR
{550 Pictor B2E i PERE. F&AT1MHH BLEU 43
B © M1 GPT-4 374G 7 WHiE CHERPE . XURSFILE
B BT VAL (5 ). 8RR T —1
KT ABRAI; BIREIEAE RS T
TS BLEU 2040, (HIMA IR B8 T
AL . FERE RPN, X — @B R,
AL ARG, WAS PR 3.48 3] 3.51.

4.3 DST RIBCREHEM &S
FATHEAT T 5L, A {5 A T5-small A1 T5-base

Kl i, DST FISRREAR AL, PAPEAL PicPersona-

TOD #dladeiyfa SERftE. TR, e

®nltk.translate.bleu_score
TR, GPT4 A4S § 51 22 shipgniiiik et
[i] fE) A =X

Input BLEU Style Semantic Overall
LLaVA 1.5B

Pol +DB 875 271 2.95 2.60
Pol +DB + @ 1428 3.15 3.52 3.1
Pol +DB + @ + Img 16.18  3.47 3.74 3.41
Pol +DB + 4 + Img + Imp ( Pictor) ~ 14.96  3.47 3.76 3.41
LLaVA 7B

Pol +DB 15.46  3.00 3.49 2.99
Pol +DB + 4 2021 3.18 3.63 3.22
Pol +DB + @ + Img 22.01 348 3.82 3.50
Pol +DB + @ + Img + Imp ( Pictor )  20.77  3.51 3.89 3.53

Table 5: X Pictor B UEAT IR I REB T . B4
SCHEAT IR, GERBCTIE.

JEIR T A MuliWOZ £iflide 45 . £ 2?2
B, AT ERELE R8s RIS
MultiWOZ #H24, UL fM/NER. XFp—
BRI EE AR A AL R
R ¥ 2%, {H PicPersona-TOD £ {5 & 7
P AT 5 N TR R R S AR — 2

TE TOD %4 4 5 1 1 b R AT: 55 5 1) %
(TOD) RGKMWLE—EH MM E N,
1 1 BCPE 420 ATIS (Hemphill et al., 1990) .
W0Z2.0 (Wenetal., 2016) A1 DSTC2 (Henderson
etal., 2014) U R T B4, 58, 2R
BEAEY M2M (Shah et al., 2018) . MultiWwOZ
(Budzianowski et al., 2018) . SGD (Rastogi et al.,
2020) 1 ABCD (Chen et al., 2021) 738 5
W, (EAESEZMTHPWERE. sambt
FEH A TR (Sun et al., 2020; Young et al.,
2022; Stricker and Paroubek, 2024) . ¥F &S0
N H RSN ARRE (Kim et al., 2023; Qian et al.,
2021) « FFHEIEH R E BIRE (Abolghasemi
etal., 2024; Feng et al., 2024) 55 7=, 2 & 0m
MR, RERDEIE R E H .
HEATTAERA KPR AR S Ty, nds G
AERS AP B (Joshi et al., 2017) 815 F 4L (Lin
etal, 2024) , BRI EAUFEEECRE (Lin
etal., 2023; Feng et al., 2024) , {HIEA TR LS|
AT —MHAESMAY, SHPREESE
SRR = SN TE e =1 Db =

A8 AR BRSPS R E 298
JIZ W ARG PR SS, (BB IS A
TIARE R A AT A4 T (Zhang
et al., 2018b; Zhong et al., 2020) . % {E % 7 i
(Qian et al., 2017; Zheng et al., 2019) = ] F ¥
WP (Kim et al., 2024) # @ ffta. i, £
B ECENM, g5aH KR AR
FEE M (Ahn et al., 2023; Lee et al., 2024b;
Agrawal et al., 2023) . EiFaxseibRE, FNIN
HT—FB vk, 1 TOD il 4 b i A -
B R VERf e 2R, MImEsER BT
SCE PR A ) MR

W R ARANE SR (LLM) 1 r8dEAE
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S ST A Ko T 5 T O A 1) A, g AN DA %
FEEZANS5HMPR. T X 2 8,
V2 A LLM 8 4E g . ol
35 4 ) A 515 (Ahn et al., 2023; Kim et al.,
2022b) | tEEft2 R E (Kim et al., 2022a)
PA B2 A K 3% (Jang et al., 2023) . oAt A
M LLM A= B E 455 IR XTE (Chae et al.,
2023) . FEAESXHE (Kim et al., 2022b) FI{E45
SmEE%HE (TOD) §%1E (Kulkarni et al., 2024)
LLM 4 5 4E B oA s . 2060, H
38 5 N T4 ) 5 S B A2 0l (Kim et al.,
2022a; Lee et al., 2024b, 2021) . {E AL |, T
I LLM A s PEfe R . i AL B2 A
TR 5

AR, FATNE T PicPersona-TOD, X%
e MNEAES T XHE (TOD) s H AT H
PR € i R G B R T e S . HLk
i, PicPersona-TOD FE [FIf5is . 4ElY. L3
AUE RO TS G 7A@ P
FESLES, FATUEM] T PicPersona-TOD FE£R4¢ )5
TR 1E B R EsE T AMEfk . ok, FRATHRH
M T — AR, SRS B RS
AR (NLG) . XHEIRASERES (DST) 13RI i
WMo FRATGER R, P VELEA L HAD
FAAT S MERERO T DL N EGE Ttk R . 3
ARG IR TAEHES) T B 2B H P
AR S IERFST, AR I AR
GIESVPNE N

5

Bl

Bz HREE R L RGE S, i LLM $2HU
B, A T IFEOE (Kim et al., 2022a)
SR TR B 5 &3k (Lee et al., 2024a) AR
P, GBS SN TR R AR ek
TR, PARETR BT8O e SE Al 3. SR
ERMNOEGIT, BELER. N TAEY
TOD (fE:55 X ih ) £l EAAAE, X 2e8ids
FERELS G P, BRI R TOD %k
P R T T O T B 12 7 B B T 2 RS
FIRI S AR A

X AEREE, FRATTCHE ShRESdE ST
BEEWE . M, ATIES 2?2 35 P oA T34
TR AH S At 2 424 A0 - KR S A A
TBBE Ty, X BRI L 2 RIS SCAR K
£ Pt T TSR, FATE4T T GPT4 i1, DA
AR S LR AR, 45 R R X E AT
(KB PE S I Rk AR 2 e B T 58 5 1 4
UG ANGBE N 51448 TOD Ui B LA,
BAVEEERME T —FE BB, BR
SRR T L 1 AR IR B E S Y E

PE, B0 PicPersona-TOD, W7R T FA15ESE
HIPEH

HoAth LLM i i 0 Jm IRPEE R AT, 3K
XAE A GPT-4o AT EPREE TR K] X P
SR THI SLB A A E-LLM
Kued 5 GPT-4o Jit & AH [F] 1A~ AL i B .
SR, Bt 3 F VR A 3 -LLM B2 1% AN Wy i3
EATT R AR e . A = R A £
A TR B AT A TR .

THTES TR AR R B SR FRAT T B S e A Ak T
REBL T 5K Ty, HHEAHEE ) R BEAERL &
TR AR RGP SC B, Bilan 5 Bk 524
U HLEE N 1A X285 4%, PicPersona-TOD
(3T B A AL DI RE TCYEAS B A 250R
e BRI, F A R A AR B IR T B R S ), 3R
ITRPEFSZEEE A R S5 R A — R TR &R
AR, PAYSSR RGN, . A XM vk
HETHEEmY R, HEZZ580. KKk
HIITSE AT DA &3 T A Sedknd BT B A1
AR R i, AT SE B0 B R AN PR FITRT
FPAPER AR 2400, X e 2R T B T

o
6

1B [ AEREEE SRR, AT T8
MESCHPRSRIE, XATRES5] K T RAAM
[ A X T G i , FRAT 1T T FFHQ
BRAE . MR IR18 3 (Karras et al., 2019) , iX
AN AE 238 5 DU Flickr 3k b i 1) H ) 7t
), HA R TS R . Bk
Kevi, XL F iR 2 CC BY-NC-SA 2.0,
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X 23 b AT B0, FRATT A A Al
K APL K R ITiE. AL P IR B s
A APL {2 gOER AT B 858, %2R i
F T SR G T-5 25 A FF AT F IE ] DA o
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FRATT A B 5 Y R ok w0 A E Y

7

it

A5 32 3wl B R A E R B R
(MSIT) 38 it A5 Bl A5 5 AR TR 5 PPAG B 58 B
(IITP) )% B: RS-2019-11191906 (POSTECH
N TR BEWF I8 A4 B it &I, 50%) F1 RS-2024-
00437866 (ITRC 141 50%) .

www.xueshuxiangzi.com



References

Amin Abolghasemi, Zhaochun Ren, Arian Askari, Mo-
hammad Aliannejadi, Maarten de Rijke, and Suzan
Verberne. 2024. Cause: Counterfactual assessment
of user satisfaction estimation in task-oriented dia-
logue systems. arXiv preprint arXiv:2403.19056.

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, et al. 2023. Gpt-4 technical re-
port. arXiv preprint arXiv:2303.08774.

Harsh Agrawal, Aditya Mishra, Manish Gupta, et al.
2023. Multimodal persona based generation of
comic dialogs. In Proceedings of the 61st Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 14150—
14164.

Jaewoo Ahn, Yeda Song, Sangdoo Yun, and Gun-
hee Kim. 2023. Mpchat: Towards multimodal
persona-grounded conversation.  arXiv preprint
arXiv:2305.17388.

Peter Borkenau, Steffi Brecke, Christine Mottig, and
Marko Paelecke. 2009. Extraversion is accurately
perceived after a 50-ms exposure to a face. Journal
of research in personality, 43(4):703-706.

Pawel Budzianowski, Tsung-Hsien Wen, Bo-Hsiang
Tseng, Ifiigo Casanueva, Ultes Stefan, Ramadan Os-
man, and Milica Gasi¢. 2018. Multiwoz - a large-
scale multi-domain wizard-of-oz dataset for task-
oriented dialogue modelling. In Proceedings of the
2018 Conference on Empirical Methods in Natural
Language Processing (EMNLP).

Hyungjoo Chae, Yongho Song, Kai Ong, Taeyoon
Kwon, Minjin Kim, Youngjae Yu, Dongha Lee,
Dongyeop Kang, and Jinyoung Yeo. 2023. Dialogue
chain-of-thought distillation for commonsense-
aware conversational agents. In Proceedings of the
2023 Conference on Empirical Methods in Natural
Language Processing, pages 5606-5632.

Derek Chen, Howard Chen, Yi Yang, Alex Lin, and
Zhou Yu. 2021. Action-based conversations dataset:
A corpus for building more in-depth task-oriented di-
alogue systems. arXiv preprint arXiv:2104.00783.

Dorottya Demszky, Dana Movshovitz-Attias, Jeong-
woo Ko, Alan Cowen, Gaurav Nemade, and Sujith
Ravi. 2020. Goemotions: A dataset of fine-grained
emotions. arXiv preprint arXiv:2005.00547.

Mihail Eric and Christopher D Manning. 2017. Key-
value retrieval networks for task-oriented dialogue.
arXiv preprint arXiv:1705.05414.

Shutong Feng, Hsien-chin Lin, Christian Geishauser,
Nurul Lubis, Carel van Niekerk, Michael Heck, Ben-
jamin Ruppik, Renato Vukovic, and Milica Gasic.
2024. Infusing emotions into task-oriented dialogue
systems: Understanding, management, and genera-
tion. arXiv preprint arXiv:2408.02417.

Mauajama Firdaus, Hardik Chauhan, Asif Ekbal, and
Pushpak Bhattacharyya. 2020. Meisd: A multi-
modal multi-label emotion, intensity and sentiment
dialogue dataset for emotion recognition and senti-
ment analysis in conversations. In Proceedings of
the 28th international conference on computational
linguistics, pages 4441-4453.

Dylan F Glas, Kanae Wada, Masahiro Shiomi,
Takayuki Kanda, Hiroshi Ishiguro, and Norihiro
Hagita. 2017. Personal greetings: Personalizing
robot utterances based on novelty of observed behav-

ior. International Journal of Social Robotics, 9:181—
198.

Charles T Hemphill, John J Godfrey, and George R
Doddington. 1990. The atis spoken language sys-
tems pilot corpus. In Speech and Natural Language:
Proceedings of a Workshop Held at Hidden Valley,
Pennsylvania, June 24-27, 1990.

Matthew Henderson, Blaise Thomson, and Jason D
Williams. 2014. The second dialog state tracking
challenge. In Proceedings of the 15th annual meet-
ing of the special interest group on discourse and
dialogue (SIGDIAL), pages 263-272.

Ehsan Hosseini-Asl, Bryan McCann, Chien-Sheng Wu,
Semih Yavuz, and Richard Socher. 2020. A sim-
ple language model for task-oriented dialogue. Ad-
vances in Neural Information Processing Systems,
33:20179-20191.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. 2021. Lora: Low-rank adap-
tation of large language models. arXiv preprint
arXiv:2106.09685.

Jihyoung Jang, Minseong Boo, and Hyounghun Kim.
2023. Conversation chronicles: Towards diverse
temporal and relational dynamics in multi-session
conversations. arXiv preprint arXiv:2310.13420.

Chaitanya K Joshi, Fei Mi, and Boi Faltings. 2017. Per-
sonalization in goal-oriented dialog. arXiv preprint
arXiv:1706.07503.

Tero Karras, Samuli Laine, and Timo Aila. 2019. A
style-based generator architecture for generative ad-
versarial networks. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recogni-
tion, pages 4401-4410.

Hyunwoo Kim, Jack Hessel, Liwei Jiang, Peter West,
Ximing Lu, Youngjae Yu, Pei Zhou, Ronan Le
Bras, Malihe Alikhani, Gunhee Kim, et al. 2022a.
Soda: Million-scale dialogue distillation with so-
cial commonsense contextualization. arXiv preprint
arXiv:2212.10465.

Hyunwoo Kim, Youngjae Yu, Liwei Jiang, Ximing
Lu, Daniel Khashabi, Gunhee Kim, Yejin Choi, and
Maarten Sap. 2022b. Prosocialdialog: A prosocial
backbone for conversational agents. In Proceedings
of the 2022 Conference on Empirical Methods in
Natural Language Processing, pages 4005-4029.

www.xueshuxiangzi.com



Minjin Kim, Minju Kim, Hana Kim, Beong-woo
Kwak, Soyeon Chun, Hyunseo Kim, SeongKu
Kang, Youngjae Yu, Jinyoung Yeo, and Dongha Lee.
2024. Pearl: A review-driven persona-knowledge
grounded conversational recommendation dataset.
arXiv preprint arXiv:2403.04460.

Yongil Kim, Yerin Hwang, Joongbo Shin, Hyunkyung
Bae, and Kyomin Jung. 2023. Injecting comparison
skills in task-oriented dialogue systems for database
search results disambiguation. In Findings of the As-
sociation for Computational Linguistics: ACL 2023,
pages 4047-4065.

Diederik P Kingma and Jimmy Ba. 2014. Adam: A
method for stochastic optimization. arXiv preprint
arXiv:1412.6980.

Satwik Kottur, Seungwhan Moon, Alborz Geramifard,
and Babak Damavandi. 2021. Simmc 2.0: A task-
oriented dialog dataset for immersive multimodal
conversations. In Proceedings of the 2021 Confer-
ence on Empirical Methods in Natural Language
Processing, pages 4903-4912.

Atharva Kulkarni, Bo-Hsiang Tseng, Joel Moniz,
Dhivya Piraviperumal, Hong Yu, and Shruti Bhar-
gava. 2024. Synthdst: Synthetic data is all you need
for few-shot dialog state tracking. In Proceedings of
the 18th Conference of the European Chapter of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 1988-2001.

Chia-Hsuan Lee, Hao Cheng, and Mari Ostendorf.
2021. Dialogue state tracking with a language
model using schema-driven prompting.  arXiv
preprint arXiv:2109.07506.

Young-Jun Lee, Byungsoo Ko, Han-Gyu Kim, Jongh-
wan Hyeon, and Ho-Jin Choi. 2024a. Dialogcc: An
automated pipeline for creating high-quality multi-
modal dialogue dataset. In Proceedings of the 2024
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies (Volume 1: Long Papers),
pages 1938-1963.

Young-Jun Lee, Dokyong Lee, Junyoung Youn,
Kyeongjin Oh, Byungsoo Ko, Jonghwan Hyeon,
and Ho-Jin Choi. 2024b. Stark: Social long-term
multi-modal conversation with persona common-
sense knowledge. arXiv preprint arXiv:2407.03958.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Kiittler, Mike Lewis, Wen-tau Yih, Tim
Rocktischel, et al. 2020. Retrieval-augmented gen-
eration for knowledge-intensive nlp tasks. Advances
in Neural Information Processing Systems, 33:9459—
9474.

Lei Li, Yuwei Yin, Shicheng Li, Liang Chen, Peiyi
Wang, Shuhuai Ren, Mukai Li, Yazheng Yang,
Jingjing Xu, Xu Sun, et al. 2023a. M? it: A large-
scale dataset towards multi-modal multilingual in-
struction tuning. arXiv preprint arXiv:2306.04387.

Xin Li, Jicai Pan, Yufei Xiao, Yanan Chang, Feiyi
Zheng, Shangfei Wang, et al. 2023b. Medic: A
multimodal empathy dataset in counseling. arXiv
preprint arXiv:2305.02842.

Hsien-Chin Lin, Shutong Feng, Christian Geishauser,
Nurul Lubis, Carel van Niekerk, Michael Heck, Ben-
jamin Ruppik, Renato Vukovic, and Milica Gasic.
2023. Emous: Simulating user emotions in task-
oriented dialogues. In Proceedings of the 46th Inter-
national ACM SIGIR Conference on Research and
Development in Information Retrieval, pages 2526~
2531.

Zhaojiang Lin, Andrea Madotto, Genta Indra Winata,
and Pascale Fung. 2020. Mintl: Minimalist transfer
learning for task-oriented dialogue systems. arXiv
preprint arXiv:2009.12005.

Yinhong Liu, Yimai Fang, David Vandyke, and Nigel
Collier. 2024. Toad: Task-oriented automatic di-
alogs with diverse response styles. arXiv preprint
arXiv:2402.10137.

Ilya Loshchilov and Frank Hutter. 2017. Decou-
pled weight decay regularization. arXiv preprint
arXiv:1711.05101.

Graeme McLean, Kofi Osei-Frimpong, and Jennifer
Barhorst. 2021. Alexa, do voice assistants influence
consumer brand engagement?—examining the role of
ai powered voice assistants in influencing consumer
brand engagement. Journal of Business Research,
124:312-328.

Johannes EM Mosig, Shikib Mehri, and Thomas Kober.
2020. Star: A schema-guided dialog dataset for
transfer learning. arXiv preprint arXiv:2010.11853.

Atsumoto Ohashi and Ryuichiro Higashinaka. 2023.
Enhancing task-oriented dialogue systems with gen-
erative post-processing networks. In Proceedings of
the 2023 Conference on Empirical Methods in Natu-
ral Language Processing, pages 3815-3828.

Baolin Peng, Chunyuan Li, Jinchao Li, Shahin Shayan-
deh, Lars Liden, and Jianfeng Gao. 2020. Soloist:
Few-shot task-oriented dialog with a single pre-
trained auto-regressive model. arXiv preprint
arXiv:2005.05298, 3.

Soujanya Poria, Devamanyu Hazarika, Navonil Ma-
jumder, Gautam Naik, Erik Cambria, and Rada Mi-
halcea. 2018. Meld: A multimodal multi-party
dataset for emotion recognition in conversations.
arXiv preprint arXiv:1810.02508.

Kun Qian, Ahmad Beirami, Satwik Kottur, Shahin
Shayandeh, Paul Crook, Alborz Geramifard, Zhou
Yu, and Chinnadhurai Sankar. 2021. Database
search results disambiguation for task-oriented dia-
log systems. arXiv preprint arXiv:2112.08351.

www.xueshuxiangzi.com



Qiao Qian, Minlie Huang, Haizhou Zhao, Jingfang
Xu, and Xiaoyan Zhu. 2017.  Assigning per-
sonality/identity to a chatting machine for co-
herent conversation generation. arXiv preprint
arXiv:1706.02861.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J Liu. 2020. Exploring the lim-
its of transfer learning with a unified text-to-text
transformer. Journal of machine learning research,
21(140):1-67.

Abhinav Rastogi, Xiaoxue Zang, Srinivas Sunkara,
Raghav Gupta, and Pranav Khaitan. 2020. Towards
scalable multi-domain conversational agents: The
schema-guided dialogue dataset. In Proceedings of
the AAAI conference on artificial intelligence, vol-
ume 34, pages 8689-8696.

N Reimers. 2019. Sentence-bert: Sentence embed-
dings using siamese bert-networks. arXiv preprint
arXiv:1908.10084.

Nicholas O Rule and Nalini Ambady. 2008. First im-
pressions: Peeking at the neural correlates. In First
impressions: Peeking at the neural correlates. Guil-
ford Press.

Pararth Shah, Dilek Hakkani-Tiir, Gokhan Tiir, Ab-
hinav Rastogi, Ankur Bapna, Neha Nayak, and
Larry Heck. 2018. Building a conversational agent
overnight with dialogue self-play. arXiv preprint
arXiv:1801.04871.

Xiaoteng Shen, Rui Zhang, Xiaoyan Zhao, Jieming
Zhu, and Xi Xiao. 2024. Pmg: Personalized mul-
timodal generation with large language models. In
Proceedings of the ACM on Web Conference 2024,
pages 3833-3843.

Tianyuan Shi, Liangzhi Li, Zijian Lin, Tao Yang, Xi-
aojun Quan, and Qifan Wang. 2023. Dual-feedback
knowledge retrieval for task-oriented dialogue sys-
tems. arXiv preprint arXiv:2310.14528.

Armand Stricker and Patrick Paroubek. 2024.
Chitchat as interference: Adding user backsto-
ries to task-oriented dialogues. arXiv preprint
arXiv:2402.15248.

Yixuan Su, Lei Shu, Elman Mansimov, Arshit Gupta,
Deng Cai, Yi-An Lai, and Yi Zhang. 2021. Multi-
task pre-training for plug-and-play task-oriented di-
alogue system. arXiv preprint arXiv:2109.14739.

Kai Sun, Seungwhan Moon, Paul Crook, Stephen
Roller, Becka Silvert, Bing Liu, Zhiguang Wang,
Honglei Liu, Eunjoon Cho, and Claire Cardie. 2020.
Adding chit-chat to enhance task-oriented dialogues.
arXiv preprint arXiv:2010.12757.

Michel Valstar, Jonathan Gratch, Bjorn Schuller, Fa-
bien Ringeval, Denis Lalanne, Mercedes Torres Tor-
res, Stefan Scherer, Giota Stratou, Roddy Cowie,
and Maja Pantic. 2016. Avec 2016: Depression,

mood, and emotion recognition workshop and chal-
lenge. In Proceedings of the 6th international work-
shop on audio/visual emotion challenge, pages 3—
10.

Tsung-Hsien Wen, David Vandyke, Nikola Mrksic,
Milica Gasic, Lina M Rojas-Barahona, Pei-Hao Su,
Stefan Ultes, and Steve Young. 2016. A network-
based end-to-end trainable task-oriented dialogue
system. arXiv preprint arXiv:1604.04562.

Janine Willis and Alexander Todorov. 2006. First im-
pressions: Making up your mind after a 100-ms ex-
posure to a face. Psychological science, 17(7):592—
598.

Chien-Sheng Wu, Andrea Madotto, Ehsan Hosseini-
Asl, Caiming Xiong, Richard Socher, and Pascale
Fung. 2019. Transferable multi-domain state gen-
erator for task-oriented dialogue systems. arXiv
preprint arXiv:1905.08743.

Yunyi Yang, Yunhao Li, and Xiaojun Quan. 2021.
Ubar: Towards fully end-to-end task-oriented dialog
system with gpt-2. In Proceedings of the AAAI con-
ference on artificial intelligence, volume 35, pages
14230-14238.

Steve Young, Milica Gasi¢, Blaise Thomson, and Ja-
son D Williams. 2013. Pomdp-based statistical spo-
ken dialog systems: A review. Proceedings of the
IEEE, 101(5):1160-1179.

Tom Young, Frank Xing, Vlad Pandelea, Jinjie Ni, and
Erik Cambria. 2022. Fusing task-oriented and open-
domain dialogues in conversational agents. In Pro-
ceedings of the AAAI Conference on Artificial Intel-
ligence, volume 36, pages 11622-11629.

Xiao Yu, Qingyang Wu, Kun Qian, and Zhou Yu. 2022.
Kirls: Improving end-to-end response generation in
task oriented dialog with reinforced keywords learn-
ing. arXiv preprint arXiv:2211.16773.

Xiaoxue Zang, Abhinav Rastogi, Srinivas Sunkara,
Raghav Gupta, Jianguo Zhang, and Jindong Chen.
2020. Multiwoz 2.2: A dialogue dataset with addi-
tional annotation corrections and state tracking base-
lines. In Proceedings of the 2nd Workshop on Nat-
ural Language Processing for Conversational Al
ACL 2020, pages 109-117.

Saizheng Zhang, Emily Dinan, Jack Urbanek, Arthur
Szlam, Douwe Kiela, and Jason Weston. 2018a. Per-
sonalizing dialogue agents: I have a dog, do you
have pets too? arXiv preprint arXiv:1801.07243.

Saizheng Zhang, Emily Dinan, Jack Urbanek, Arthur
Szlam, Douwe Kiela, and Jason Weston. 2018b. Per-
sonalizing dialogue agents: I have a dog, do you
have pets too? arXiv preprint arXiv:1801.07243.

Yinhe Zheng, Guanyi Chen, Minlie Huang, Song
Liu, and Xuan Zhu. 2019. Personalized dialogue
generation with diversified traits. arXiv preprint
arXiv:1901.09672.

www.xueshuxiangzi.com



Peixiang Zhong, Chen Zhang, Hao Wang, Yong Liu,
and Chunyan Miao. 2020. Towards persona-based
empathetic conversational models. arXiv preprint
arXiv:2004.12316.

Baichuan Zhou, Ying Hu, Xi Weng, Junlong lJia,
Jie Luo, Xien Liu, Ji Wu, and Lei Huang. 2024.

Tinyllava: A framework of small-scale large multi-

modal models. arXiv preprint arXiv:2402.14289.

A RBIFSE

Bl 5 R T 2GRN i (§ 2.4
)o XFFRMEANEA (Z2M), REELEEH
P B — BN G P R AR o AR I R PR ) fige i 25
Wl XFFHEREA AL (AN, RGEMIFIR
R 2R A BT AR i S5 5 A il ) B

FAVEE V-LLM SAREH PG 5
W FNE X EEF B, M 2 # PicPersona-
TOD 43 P, Fdhged 35.82
P PLctk, MBMERIHGIRR, ~47.71 %. %
TARRE AT, AR N i R il A
74.24 % . VCBIRGAEAFE R, LA
AR 53 0 S BR AR 1Y 19.66 % F11 6.68 %
IE R ) o IE AR IE (A, HrpaRIE
XYL L8, J 86.54 %, IEF45 13.46 %.
BAFARERE B, BRI R 50.92
%, YNGR 52.44 %, JHARE RS 0.55 %.
X LELE LG T PicPersona-TOD i 48 Pk
Bl A R A B AL N TR L

FAVEE A GPT-4 #4773 ~F-17 19 PP 4G AF:
% o TENMEALT BEIEAGES (§ 22) 1, GPT-4
TR QL 3.79, Q2: 3.99, Q3: 3.66,
Q4: 3.97, Q5: 3.75, PRArZ Al T FErE AR
Krippendorff’s alpha 155 7 0.84, E/sH 5 E
—E:.

B JEIIZRTTS

FATIA] Bsp s A LLaVA 1.5B Fll 7B B844I 25 T
Pictor 1512 . X 1~ 1.5B #5224 , FATR T LoRA,
WET 16 BFk. 64 1) alpha fH. 16 ALK K
INPA S 2e-5 R 2], k5 A, 7E 7B A
FIR oL, LoRA B R 16 [FJFL. 32 [ alpha
i, 16 WIREIR K/NPA I Se-5 (24> % R AEF
17 3 %% WAMRAVEREA T Adam i1k
#% (Kingma and Ba, 2014) , H¥ AT EE
W, R T RI%2ERIREE, B 3 % By
IR, A Pictor BAY H I Z5ERTE NVIDIA
A100 GPU |17,

%t T DST FlE WAL (TS5-small il base
), AVEH T 16 Byt & K/, 1e-3
()2 2] 6, FF 0 AT AL EE 2 8 AdamW
(Loshchilov and Hutter, 2017) {4t 28114 T 10
A~ epoch, X LUHLALEFE NVIDIA A6000 GPU
IR

C  DST sk Wit 45 be

AEVEAL DST MEfER;, FAi 16 A TN EFR: B
A HARERR (JGA) Mg E IGA. H

24— AN FF 5 58 U ) BT IR S AR T R S
JGA AH K2 IERR . SlsssE JGA N2

www.xueshuxiangzi.com



Dial id 36_00018

ﬂ Hey! Can you help me book a hair appointment

young child, showing a happy emotion, wearing a blue helmet /£
°
Nice helmet! Sure thing, what's the name of the salon? .@

Dial id 92_00011
a" Nope, I'm good.
adult female wearing casual beach attire, beachy vibe. |
Ll
)

Enjoy the rest of your day at the beach! F F

Dial id mul2425

Could you recommend a reasonably-priced
gastropub in the city center?

calm and confident expression, dressed in casual attire

R1: OH MY God get the garlic bread! AMAZING!
R2: Exceptional food with a warm, inviting atmosphere
R3: The cozy ambiance, complete with soft lighting

% .
How about The Cow Pizza Kitchen and Bar? It's cozy and
casual, perfect for a relaxing evening. The food gets rave

reviews, especially the garlic bread.

Figure 5 IR (Z2) R Efe () #97RB.
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e Ul & S1. Naturalness: Is the { user/system } ’
ance natural and conversationally appropriate?

s utter-
» U2 & S2. Fluency: Does the { user/system } ’ s utter-
ance flow smoothly without errors or awkwardness?

» U3. Does the user’s utterance style match the user’s
image?

* U4. Is the content well preserved and maintains the
same semantics as in the original user utterance?
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* S3. Is the system’s utterance well-personalized to the
user, compared to the original system utterance?

¢ S4. Does the system’s utterance effectively fulfill the
user’s request, as seen in the original system utterance?

¢ S5. Does the system’ s utterance enhance the overall
user experience, compared to the original system utter-
ance?

* Options: Not at all (1) / A little (2) / Some-what (3) / A
lot (4).
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Dial id: mul1431, MultiWoZ

& | need to leave from broxbourne on Friday .
There are several options, the first one
leaving at 13:32. It is a 60 minute
trip. Can | reserve seats for you?

(] _
Can get the train id?
- "

Sure thing! It is TR7015

. That's awesome, thanks! By the way, I'm
also looking for a place that serves African
food at a moderate price. Can you help me
with that?

| am sorry but | do not have an African
restaurants. Is there a different
type of cuisine | could try?

‘ Would you know of any African
restaurants in the east, regardless of the
price range?

There is a restaurant called Bedouin that
serves African foods. They are

in expensive price range, located in the
centre. Can | book a table for you?

Dial id: pmul2026, MultiWoZ

‘ | am looking for a Chinese restaurant please.
What area of town would you like the
restaurant to be in?

| would like to be in the centre of town .
[
Jinling noodle bar is in the centre area
serving Chinese in the moderate price
range. Would you like to reserve a table?
o | want something expensive.
[

| think you would enjoy ugly duckling.
Want more information?

Dial id: mull431, PicPersona-TOD

Young female who is smiling, wearing a straw
0 hat and giving off a cheerful, summery vibe.

Oh, | need to head out from Broxb
ourne on Friday.

First Impression

The first train option leaves at 13:32 and it's
a 60-minute trip. Would you like me
to reserve a seat for you?

Could you please tell me the train ID?

That's awesome, thanks! By the way, I'm
also looking for a place that serves
African food at a moderate price. Can you
0 help me with that?

Hmm, | don't have a recommendation for
African restaurants at the moment. Are

there other types of cuisine you'd like to
explore?

Would you know of any African
restaurants in the east, regardless of
the price range?

R1:1t was so difficult to pick
one R2: warm, inviting atmosphere
made the experience even better

Bedouin in the center offers delicious
North African cuisine with a cozy vibe and
great reviews.

Dial id: pmul2026, PicPersona-TOD

Could you recommend a spot that
serves Chinese food?

First Impression

Adult male who looks content, with a greenish
beard and hair

Hey there! That's an awesome beard, by the
way. What part of town are you thinking for
your Chinese food adventure?

Let's hit up the city center.

Jinling Noodle Bar is right in the city
center and offers delicious Chinese

food at a moderate price. How does that
sound for a meal?

I'm looking for a more upscale option.

How about trying Ugly Duckling? | think it'd

be a great fit. Want more details?
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Dial id: pmul0483, MultiWoZ

& Hi, I am looking for a nice hotel to stay in. | would
like it to include free parking. Internet access is not
necessary.

| have many. will you please state the price?

oy

& | don't care about the price.

Acorn guest house is a 4 star hotel
located north of cambridge would you
like to reserve?

8-

Do they have internet?

Yes it does. Shall | book it?

B

Yes, please. | need to book 3 nights starting
@ onFriday for 5 people .

Will you be needing a reference number?

B-

Dial id: sng0326, MultiWoZ

[ . :
| need a not later than 09:15 train to cambridge.
[ L
It looks like there's a train for
Cambridge with an arrival time of 07:07. |
Would you like me to book that for you?

[ ) Yes , book me for Sunday departing from
London Kings cross .

How many tickets will you require? || |

[ ]

P9 8, please
Your booking is successful. Train is
leaving at 07:17 and it costs 151.04 GBP. | I
Your reference number is 5Y7XKAJY.
Anything else | can help with?

[ ] No thank you that is | need!
[

Okay thank you for calling. Don't hesitate
to call us again. L |

Dial id: pmul0483, PicPersona-TOD

| am seeking accommodation at a rep
utable hotel. Free parking is a must.
First Impression

Older adult male with a serious expression,
wearing professional attire and headphones

Hello, sir. Thank you for your inquiry. Could
you please specify your price range?

Price isn't an issue for me.

The Acorn Guest House is a 4-star hotel

located to the north of Cambridge. Would
you like to make a reservation?

Does the Acorn Guest House offer internet
access?

Certainly, the Acorn Guest House does
offer internet access. Would you like me to |i
proceed with the booking?

Yes, please do. Book 3 nights
beginning on Friday for a party of 5.

Would you require a reference number for

your booking?

Dial id: sng0326, PicPersona-TOD

Hey, | gotta catch a train to Cambri
dge no later than 09:15.

First Impression

Content expression, wearing glasses and a
casual cap, giving off a relaxed vibe

Nice hat! There's a train to Cambridge
arriving at 07:07. Want me to book that for
you?

Sure, book me for Sunday, leaving
from London King's Cross.

I'll need 8 tickets, thanks.

Your booking is all set! The train leaves at
07:17 and it'll be 151.04 GBP. Your reference
number is 5Y7XKAJY. Need anything else?

Nah, that's all | need, thanks!

Sure thing, thank you for calling. Feel

free to reach out if you need anything
else, Have a great day!

Figure 7: PicPersona-TOD Xi}i& 7~ .
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Prompt for Classifying Emotion in an Image

Classify the image’s sentiment as negative, neutral, or positive. Answer should be one word.

Prompt for User Utterance Style Alignment

prompt = """

**Objective:**

Adjust the tone, age, gender, emotion, and formality of the user's utterance to match the style of
the user depicted in the provided image.

Rephrase the utterance as if the user originally spoke in that style, while preserving the original
meaning.

Answer naturally, and Do not add any greetings, closing remarks, or expressions of thanks unless
they were part of the original utterance.

if previous_system:
prompt += f"""
Ensure the revised utterance flows naturally as a response to the following system message:
Previous system message: {previous_system}

prompt += f"""
Original user utterance: {user}
Rephrased user utterance:

Prompt for First Impression

What is the first impression of the person in the image in terms of age, gender, emotion,
outfit, and overall vibe? Answer in one complete sentence and start with
‘The person in the image appears to be’

Prompt for Personalized System Utterance Generation

prompt = f"""

You are given a dialogue between a user and a system, consisting of the latest user utterance, the current
system utterance, and the next user utterance.

Your task is to modify the tone, formality, and wording of the current system utterance to give a
personalized response to the user. The response should match the provided image and description.

This is user image description : {first_impression}

Below is the information you have:

**| atest User Utterance (userl):**
{user1}

**Current System Utterance (systeml):**
{system1}
if user2 is not None:
prompt += f"""
**And this is the next user answer (user2):**
{user2}
As this is future information, do not use it in your response, just keep it in mind.

if strategy != None:
if strategy['name'] == 'greeting':
prompt += '''As this is the first turn in the conversation, make the greetings reflect the user's
image or highlight something extraordinary about their appearance, like "Nice hat!" or "Congratulations on your
graduation!"'""'
prompt +="""However, if the user doesn't looks like in a good mood, or it is formal setting, you
can just say "Hello" or "Hi" or Hello sir, madam, etc. Dont' say appearance related things."""
if strategy[ 'name’'] == 'goodbye’:
prompt += '''As this is the final turn in the conversation, make the ending statement. If needed,
reflect the user\'s image or "Enjoy your vacation!". You can just say "Goodbye" things if no other information
is available.'"'’
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if strategy['name'] == 'DB':
prompt += '''The user is providing information from internet soruces. \n'''
prompt +=f'This is online {strategy["DB_type"]} information for {strategy["Key"]}. \n'
prompt += ‘\n'.join(strategy['online'])
prompt += '''\nIf this relates to the user's age, emotion, gender, formality and their style, make
a personalized response using that context. \
Mention why you recommend this, connecting it to something specific about their age, emotion,
gender, formality and events. \
For instance, you might say, 'This could perfectly match your cool mood,"' or 'Given your
artistic taste, this seems ideal,' \
or even 'It's a great fit for an academic setting with children-you might really enjoy it.' \
You could also highlight occasions like celebrations, with phrases like 'This spot would be
perfect for celebration.'\
If no connection exists, simply omit this step.\n

prompt += f"""
**Dialogue progress:**
{dialogue_progress}

if dialogue_progress == "Middle of the dialogue":
prompt += "Don't say celebration, thank you, or goodbye. In the middle of the conversation, it is not
natural.”
prompt += "

**Objective:**

Modify the current system utterance (systeml) so that it matches the style described in the user image
description.

Don't use ‘craving' 'kindly' 'certainly', 'sure thing', 'hey there', 'hey and 'vibe' It is not natural.

Keep in the information center staff role.

Your Answer (no description needed):

Prompt for Dialogue Accuracy Quality

prompt = "You are the proficient dialogue quality evaluator. Please evaluate the dialogue quality of the
following dialogue. "

prompt += "You will be given a two dialogue sets. The first one in original dialogue and the second one is
dialogue style transferred version. "

prompt += f"In the restyled version, the user's utterance is modified to reflect how they would say it
based on their first impression: {first_impression}."

prompt += "System utterance is changed to give personalized response to user, in terms of user's first
impression”

prompt += "You will also be given the dialogue actions for both user and system, which is the direction
user and system should follow."

prompt += "In the original dialogue, user and systems followed the action well."

prompt +="This is the original dialogue: \n"

for i in range(len(user)):
prompt += f"Turn {i+1}\n"
prompt += f"User: {user[i]}, UserAction {user_info[i]}\n"
prompt += f"System: {sys[i]}, SystemAction {sys_info[i]}\n"

prompt +="This is the dialogue style transferred version."
for i in range(len(st_user)):
prompt += f"Turn {i+1}\n"
prompt += f"Transferred User: {st_user[i]}, UserAction {user_info[i]}\n"
prompt += f"Transferred System: {st_sys[i]}, SystemAction {sys_info[i]}\n"
prompt +="Please evaluate the dialogue quality in two aspects: "
prompt +="1. User's dialogue quality : Does the transferred user dialogue follow the action well?"
prompt +="2. System's dialogue quality : Does the transferred system dialogue follow the action well?"

prompt += 'Additionally, transferred systems sometimes provide personalized recommendation using the DB
results. Don not consider the DB results in the evaluation.'

prompt += "Additionally, changes the booking time, such as 5:45 PM to 5:30 PM or 6PM should not be
considered as a failure."
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prompt += "If there is any issue in the dialogue, please report it."

prompt += "Format of the report: \n"

prompt += "User's dialogue quality: <pass/fail>, System's dialogue quality: <pass/fail>,Reason:
<reason>"

prompt += "for example, User's dialogue quality: fail, System's dialogue quality: pass, Reason:
User's dialogue is not following the action"

prompt += "or User's dialogue quality: pass, System's dialogue quality: fail, Reason: System's
dialogue is not following the action"

prompt += "or User's dialogue quality: pass, System's dialogue quality: pass, Reason: transferred
dialogue contains all information as in original dialogue"

prompt += "Now, please evaluate the dialogue quality of the transferred dialogue."

Prompt for Dialogue Overall Quality

prompt = "You are the proficient dialogue quality evaluator. Please evaluate the dialogue quality of
the following dialogue. "
prompt += "You will be given a synthesized dialogue sets.”
prompt += f"In this dialogue, the user's utterance is synthesized to reflect how they would say it
based on their first impression: {first_impression}."
prompt += "System utterance is synthesized to give personalized response to user, in terms of user's
first impression \n"

for i in range(len(st_user)):
prompt += f"Turn {i+1}\n"
prompt += f"User: {st_user[i]}\n"
prompt += f"System: {st_sys[i]}\n"

prompt +="Please evaluate the quality of the dialogue's in two criteria\n"

prompt += "1. Flow: Does the dialogue flow as smoothly? Does it sound natural?"

prompt += "2. Logical: Does the dialogue and system response make sense in the context of the
conversation?”

prompt += 'Additionally, greetings and ending words can be some what overly sentimental over
personalized. However do not consider the greetings in the evaluation. It is intended to make the
dialogue more personalized.'

prompt += "Additionally, changes the booking time slightly, such as 5:45 PM to 5:30 PM or 6PM should
not be considered as a failure."

prompt += "If there is any issue in the dialogue, please report it."
prompt += "Format of the report: \n"

prompt += "Flow: <pass/fail>, Logical: <pass/fail> Reason: <reason>"

prompt += "for example, Flow: fail, Logical: pass, Reason: System's dialogue is too rude for the
user, in terms of user's first impression”

prompt += "for example, Flow: fail, Logical: pass, Reason: System's dialogue is too verbose and
gives too much information which makes the dialogue unnatural”

prompt += "for example, Flow: pass, Logical: fail, Reason: System's response is not logical or
coherent, as the answer is not related to the user's query"

prompt += "for example, Flow: pass, Logical: pass, Reason: Transferred dialogue contains all
information as in original dialogue, and flows naturally"

prompt += "Now, please evaluate the dialogue quality of the transferred dialogue."

Prompt for Dialogue Quality Test. (Section 4.1 and Section 6.2)

prompt = £"""
You are the proficient dialogue quality assessment. You are given a two dialogue a user and a system.
First one is the original dialogue and the second one is the paraphrased dialogue, to match the style
described in the user image description.

Please check the dialogue in five perspectives.
1) Dose the paraphrase user utterance is well matched to user description?
2) Dose the user paraphrased user utterance is semantically equivalent to the original user utterance ?
3) Dose the paraphrase system utterance is well personalized (style, tone, formality) to user description?
- 1: Not at all (The sentence paraphrased system utterance is not personalized with specific words, phrases, or
style to user description)
- 2: A little (changes formality or tone for according to user description (Please tell your plan ->
Could I know your plan?, Not specifically for user in description)
- 3: Somewhat (changes style, tone, formality, greeting words, etc. to user description, ex, Nice red
hat! or Your smile is beautifull)
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- 4: A lot (The paraphrase system utterance is well personalized with specific words, phrases, or style
to user description)

4) Dose the system paraphrased system utterance is semantically equivalent to the original system
utterance?

5) Does the system’s utterance enhance the overall user experience, compared to system_reference?

assess the dataset in four scales.
1) 1: Not at all

2) 2: A little

3) 3: Somewhat

4) 4: A lot

**Original Dialogue**
{dial1}

**User Image Description:**
{user_impression}

**Changed Dialogue:**
{dial2}

Your answer must be in the following format/. Below is just an example, not the actual answer.:
Score : (Q1:3, Q2:4, Q3:2, Q4:4, Q5:3)

Score : (Q1:3, Q2:3, Q3:4, Q4:2, Q5:4)

Score : (Ql:2, Q2:4, Q3:3, Q4:2, Q5:2)

Now your turn to make your own answer with brief reason.

Prompt for Dialogue Personalization and Paraphrase Evaluation. (Section 6.1)

prompt = f"""
You are the proficient dialogue system quality assessment. You are given a two dialogue system.
Please evaluate the following two systems based on the personalization to the user image and image
description, in terms of personalized greetings, personalization to age, personalized recommendation,
emotion and formal context.

**User Image Description:**
{user_impression}
**dialogue**
{dial}

Your answer must be in the following format:
(Reason : [reason for selection], Winner :[Systeml, Tie, System2]

Figure 8: $# /R4
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