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are you tired ?

iam a little tired.

cool , i am eating donuts . what do you do ?

i am retired, i am a gym teacher. i used to teach gym.

how about the korean restaurant next to it ?

i heard it’s very good.

i used to cook paella for a kitchen in spain .

i love paella. that sounds great.
ibet it is a hard job to cook it right?

the tv news is reporting a bank robbery .

i heard it on the radio. what a shock.

what do you like to do in your spare time ?

i volunteer at a local soup kitchen,
helping people in need.

hi, i like to keep fit and work out 5 times a week

i like to eat cheeseburgers
and watch war documentaries

stop producing cigarettes .

i like the idea, but how can we do that?

Fa IBELEBBITHWEALY F
IV FX

i am a retired gym teacher.

i volunteer at a soup kitchen.
i was poor growing up.
cheeseburgers are my favorite food.

i like watching war documentaries.

B, ML ZRWEED NFFHHD A %21T - 7z,

3% 2 7 &, Persona Eval Dataset % i\ 7= A\ 3T
fififii SR TIX, $RXRTDIHBEICHBWT GPT-J-6B %
Prompt-Tuning % U 72 € 7L D23 & W 2 & 2397
b, X, ETIY A AWK ZWVIEEHATFEE
TETMCERALA#HNZ . T EEL LT
XODEHRRBRIEEPITAT2DEZ N5, il
X, AR, BN O W T Human R 3 72T
WEZH$ 2 2 2R T W 3, General Eval Dataset
ZHOWIANFIHMETIE, 22 TREREDEEN
B oTz, ZHUE. General Eval Dataset 123 415
HEFIIZBER ORI THEWD OBZ WD,
IE DRV HR IR 2T DTHDEHEZID
ns,

GPU X &V H 4 Xz [EE L7 LT, ZEARER
& AKY A XD E 7 /)VIA L T Fine-Tuning & Prompt-
Tuning % L8 S % & Prompt-Tuning DF5 %5 & D M
WTHRBRILNEEZITI LD TELMNES AT L%

WERARETH D L E X %,
ROANFHMGDOEET A a7 BED > 2K ETH
%. GPT-J-6B % Prompt-Tuning IZ X » TH¥ L7/=%E
FUH S DA %2 3 1T, LB, ERBNEE
4ITRTRVLYFDTF—&REy hEHWTESE R
TolzETADLDERTH 5, FERT D/
HEF Ry FEHWEFEHICED, 30X
BRERT—EHLLEEZFEOINEZITA 2 ZLH D
VARRAIS

5 H&HDHIC

KL TIE 1 EEO LY F % HITHEDIT
b WEET — & 2Ry F TR0 ES
T—RZD2OMWT, HEIFEFASHEET VE
Prompt-Tuning 3 % FiE % 2% L 7z, Fine-Tuning &
LT, FH I 2 RE TR ERELZINZ /-
LT, XD BRTRLY FI2R S B AT RE 7R 0 5
AT LDREREN T E =2 &k BENEEHG & A\ F 3
W&o THERR L 7o AREERTIIBEE D XEER 7 22
LR BN T =&Yy bW, Kh¥A
ADRKERETNET =Xy P2HWS I TH
RAMEERMESRAFNZEEZOND, £l R
FREXNFES AT 2 i Z2R7-E2 2 LIRS
3. 1 EEORIE 2 HICHEI I TON NG T — &
ZHVWSZ T, ZORELFROMNGES R T L% H
FFZFTHICHDFRET D 5,

182 — This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



;Jﬂ

¥

ARWFFEIX LINE MR &t © o H[E O B % 5%
I o7,

BE Xk

(1]

(2]

(3]

(4]

(31

(6]

(7]

(8]

[91

Jiwei Li, Michel Galley, Chris Brockett, Georgios Spithourakis,
Jianfeng Gao, and Bill Dolan. A persona-based neural conversa-
tion model. In Proceedings of the 54th Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long
Papers), pp. 994-1003, Berlin, Germany, August 2016. Associa-
tion for Computational Linguistics.

Saizheng Zhang, Emily Dinan, Jack Urbanek, Arthur Szlam,
Douwe Kiela, and Jason Weston. Personalizing dialogue agents: I
have a dog, do you have pets too? In Proceedings of the 56th An-
nual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers), pp. 2204-2213, Melbourne, Australia,
July 2018. Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina
Toutanova. BERT: Pre-training of deep bidirectional transformers
for language understanding. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers), pp. 4171-4186, Minneapolis,
Minnesota, June 2019. Association for Computational Linguistics.
Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah,
Jared D Kaplan, Prafulla Dhariwal, Arvind Neelakantan, Pranav
Shyam, Girish Sastry, Amanda Askell, Sandhini Agarwal, Ariel
Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens Winter, Chris
Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray, Ben-
jamin Chess, Jack Clark, Christopher Berner, Sam McCandlish,
Alec Radford, Ilya Sutskever, and Dario Amodei. Language mod-
els are few-shot learners. In H. Larochelle, M. Ranzato, R. Hadsell,
M. F. Balcan, and H. Lin, editors, Advances in Neural Informa-
tion Processing Systems, Vol. 33, pp. 1877-1901. Curran Asso-
ciates, Inc., 2020.

Laria Reynolds and Kyle McDonell. Prompt programming for large
language models: Beyond the few-shot paradigm. In Extended
Abstracts of the 2021 CHI Conference on Human Factors in
Computing Systems, pp. 1-7, 2021.

Zihao Zhao, Eric Wallace, Shi Feng, Dan Klein, and Sameer Singh.
Calibrate before use: Improving few-shot performance of language
models. In Marina Meila and Tong Zhang, editors, Proceedings
of the 38th International Conference on Machine Learning, Vol.
139 of Proceedings of Machine Learning Research, pp. 12697—
12706. PMLR, 18-24 Jul 2021.

Taylor Shin, Yasaman Razeghi, Robert L. Logan IV, Eric Wallace,
and Sameer Singh. AutoPrompt: Eliciting Knowledge from Lan-
guage Models with Automatically Generated Prompts. In Proceed-
ings of the 2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pp. 4222-4235, Online, Novem-
ber 2020. Association for Computational Linguistics.

Guanghui Qin and Jason Eisner. Learning how to ask: Query-
ing LMs with mixtures of soft prompts. In Proceedings of the
2021 Conference of the North American Chapter of the Associ-
ation for Computational Linguistics: Human Language Tech-
nologies, pp. 5203-5212, Online, June 2021. Association for
Computational Linguistics.

Xiang Lisa Li and Percy Liang. Prefix-tuning: Optimizing contin-
uous prompts for generation. In Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and
the 11th International Joint Conference on Natural Language
Processing (Volume 1: Long Papers), pp. 4582-4597, Online,

(10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

(21]

— 183 —

August 2021. Association for Computational Linguistics.

Brian Lester, Rami Al-Rfou, and Noah Constant. The power of
scale for parameter-efficient prompt tuning. In Proceedings of the
2021 Conference on Empirical Methods in Natural Language
Processing, pp. 3045-3059, Online and Punta Cana, Dominican
Republic, November 2021. Association for Computational Lin-
guistics.

Xiao Liu, Yanan Zheng, Zhengxiao Du, Ming Ding, Yujie Qian,
Zhilin Yang, and Jie Tang. GPT understands, too. CoRR, Vol.
abs/2103.10385, , 2021.

Tu Vu, Brian Lester, Noah Constant, Rami Al-Rfou, and Daniel
Cer. Spot: Better frozen model adaptation through soft prompt
transfer. CoRR, Vol. abs/2110.07904, , 2021.

Maria Tsimpoukelli, Jacob Menick, Serkan Cabi, SM Eslami, Oriol
Vinyals, and Felix Hill. Multimodal few-shot learning with frozen
language models. Advances in Neural Information Processing
Systems, Vol. 34, , 2021.

Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki
Hayashi, and Graham Neubig. Pre-train, prompt, and predict:
A systematic survey of prompting methods in natural language
processing. CoRR, Vol. abs/2107.13586, , 2021.

Stephen Roller, Emily Dinan, Naman Goyal, Da Ju, Mary
Williamson, Yinhan Liu, Jing Xu, Myle Ott, Eric Michael Smith,
Y-Lan Boureau, and Jason Weston. Recipes for building an open-
domain chatbot. In Proceedings of the 16th Conference of the
European Chapter of the Association for Computational Lin-
guistics: Main Volume, pp. 300-325, Online, April 2021. Asso-
ciation for Computational Linguistics.

Hiroaki Sugiyama, Masahiro Mizukami, Tsunehiro Arimoto, Hi-
romi Narimatsu, Yuya Chiba, Hideharu Nakajima, and Toyomi
Meguro. Empirical analysis of training strategies of transformer-
based japanese chit-chat systems, 2021.

Pierre-Emmanuel Mazaré, Samuel Humeau, Martin Raison, and
Antoine Bordes. Training millions of personalized dialogue agents.
In Proceedings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pp. 2775-2779, Brussels, Bel-
gium, October-November 2018. Association for Computational
Linguistics.

Yinhe Zheng, Guanyi Chen, Minlie Huang, Song Liu, and Xuan
Zhu. Personalized dialogue generation with diversified traits.
CoRR, Vol. abs/1901.09672, , 2019.

Haoyu Song, Yan Wang, Kaiyan Zhang, Wei-Nan Zhang, and Ting
Liu. BoB: BERT over BERT for training persona-based dialogue
models from limited personalized data. In Proceedings of the
59th Annual Meeting of the Association for Computational Lin-
guistics and the 11th International Joint Conference on Natural
Language Processing (Volume 1: Long Papers), pp. 167-177,
Online, August 2021. Association for Computational Linguistics.

Yanran Li, Hui Su, Xiaoyu Shen, Wenjie Li, Zigiang Cao, and
Shuzi Niu. DailyDialog: A manually labelled multi-turn dia-
logue dataset. In Proceedings of the Eighth International Joint
Conference on Natural Language Processing (Volume 1: Long
Papers), pp. 986-995, Taipei, Taiwan, November 2017. Asian Fed-
eration of Natural Language Processing.

Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao, and Bill
Dolan. A diversity-promoting objective function for neural con-
versation models. In Proceedings of the 2016 Conference of the
North American Chapter of the Association for Computational
Linguistics: Human Language Technologies, pp. 110-119, San
Diego, California, June 2016. Association for Computational Lin-
guistics.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



A BRAGEHERAT—2ty FOLEICEITSFHEER
AT — &2y FOHERN 1:0, 1:1, 1:5 DL = DFHiiFERE2&HE 2,
A1 EIEHSTE

# 512 Distinct {2 X 2 HEIFHEA R 2R3, KF12[F Ratio ND R EE T, FRF1Z Ratio 2 £ 722k
E{ET® %, DailyDialog 2> 5HUF L 720G R 7 DLERPEWVIEEFZEHT -2ty PP REL R D720,
Distinct D227 b E L RAMEAICH 5, oy AV A XDFEEHT—RIIBWTEEFEET VBT
% ¥, GPT-J-6B % Prompt-Tuning L7z ETADERD ZRREDH 2L EITH ZEDAIEETH 2 Z e300 %,

5 Distinct I2 & 2 HEIFH. R TOEEHT -2ty P DIROMEZHE 5,

FETIE | E7V | 7%+t PO | Distinct-1 | Distinct-2
Fine-Tuning (+*/L Y F XX HITE) 0.125 0.319
Fine-Tuning (+JV Y FCATNE) | GPT2-XL 0.105 0.266

1:0

Prompt-Tuning 0.153 0.377
GPT-J-6B 0.183 0.546

Fine-Tuning (/LY FX{HINH) 0.199 0.526
Fine-Tuning (<1 F XA N#) | GPT2-XL 1 0.210 0.568
Prompt-Tuning 0.177 0.494
GPT-J-6B 0.213 0.595

Fine-Tuning (+)L Y FXXfHINA) 0.220 0.502
Fine-Tuning (+/V Y F X{TI1#E) | GPT2-XL " 0.241 0.643
Prompt-Tuning 0.183 0.463
GPT-J-6B 0.240 0.678

A2 AFHH
ANFiMlifSE R 23K 6 IR T,

# 6 Persona Eval Dataset D AF5Hfi. 2 TO¥EHHT— &ty r OHEOEEE#HE S,
AT =2y b [ FEFE [ EF7V [ T—Xty POHE [ BB ‘%ﬁﬁ? | BEERE [ RVY FER

Fine-Tuning 3.35 3.80 3.52 3.78
PromptTunin GPT2-XL 1:0 3.49 3.54 3.85 3.75
PLAunINg mEpT T 6B 364 | 376 | 364 3.70
Fine-Tuning 3.52 3.70 3.30 3.54
Persona Eval PromotTunin GPT2-XL 1:1 3.82 3.74 3.62 3.32
PLIUNNg ~GPT I 6B 390 | 398 | 3.82 3.76
Fine-Tuning 3.44 3.62 3.68 3.82
PromtTunin GPT2-XL 1:5 3.89 3.78 3.77 3.81
P € "GPT-J-6B 389 | 370 | 368 3.69
Fine-Tuning 3.33 3.22 3.19 3.60
PromotTunin GPT2-XL 1:0 3.49 3.64 3.65 3.78
PUiunIng mEpT T 6B 377 | 367 | 401 3.61
Fine-Tuning 3.93 3.82 3.77 3.57
General Eval Prompt-Tunin GPT2-XL 1:1 4.04 3.81 3.96 3.81
P € "GPT-J-6B 398 | 380 | 3.89 3.81
Fine-Tuning 3.52 3.80 3.84 3.83
PromptTunin GPT2-XL 1:5 4.10 3.60 3.66 3.62
omptiining - T 6B 411 | 371 3.81 377
Human 4.31 4.25 4.36 -
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