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Abstract: In daily communication, people often unconsciously reveal their personality information during conversations. The personalized dia-
logue system simulates this process by introducing personalized information into the model to generate personalized responses. Personalized di-
alogue involves three core actions: personality expression, personality perception, and personality understanding. Personality expression re-
fers to expressing one’s own personality information in dialogue ; Personality perception refers to inferring the personality information contained
in the other person’s words; Personality understanding refers to the classification and summary of personality information. Dialogue models
equipped with these abilities can engage in more attractive conversations with humans. However, existing research only focuses on the ability
to express personality in models, while neglecting the study of personality perception and understanding. To this end, a personalized dialogue
dataset PPU (Persona Perception and Understanding) is proposed, which includes annotated information on individual perception and under-
standing. Simultaneously design a personalized dialogue model PUT (Perception and Understanding Transformer) that can utilize deep person-
ality information, including modules related to personality perception, understanding, and expression. In the experiments on the PersonaChat
dataset, PUT reduced the perplexity index by an average of 5.39 compared to the baseline model, and improved the F'1 index by an average of
1.86. Meanwhile, in the manually evaluated indicators of fluency and personality consistency, PUT showed an average improvement of
15.55% and 6.27% compared to the baseline model, respectively. The experimental results indicate that personality perception and under-
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standing can effectively enhance the personalized dialogue performance of the model.

Key Words: personalized dialogue; personality expression; personality perception; personality understanding
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\;you like eating apple?

He doesn't like
eating apple.
g
— o
0 of°

No, not so much Q

Query: Do you like eating apple?
Response: No, not so much.
Persona: | dislike eating apple.

(a) QRP

bst finished my homework.
Great! Are you still a studeQ

Query: I just finished my homework.
Response: Great! Are you still a student?
Persona: None

{o)e

(b) QRN

Fig.1 Two types of QR pairs
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Agent Persona

User Persona

r — — 1 | like to remodel homes.

— — | like to go hunting.

I like to shoot a bow.

My favorite holiday is halloween.

I like canning and whittling. [T 777 |
To stay in shape, | chase cheetahs at the zoo. ==
In high school, I came in 6th in the 100 meter dash. _ _
| eat exclusively meat.

Hi , how are you doing ? I'm getting
ready to do some cheetah chasing to

- —_

You must be very fast . Hunting is
R S one of my favorite hobbies.

|

|

|

|

|

|

Y |
stay in shape. |
|

|

|

|

|

|

|

|

| 0

I -

| m Iam ! For my hobby I like to do
| canning or some whittling.

|

|

|

—————————————— I also remodel homes when I am not
out bow hunting.

m That's neat . When I wasinhigh |
school I placed 6thin 100m dash!

That's awesome. Do you have a
favorite season or time of year?

Fig. 2 Example of persona perception annotation
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My name is Lucas.

I like playing batball.

I have a girlfriend named Sally.
I like watching romance movies.

HLES A
My name is Vincent.
1 like waiching comedy movies.

‘ Hi, what is your name? | am Vincent. ‘

Hey Vincent, just call me Lucas.

‘ Do you have any hobbies?

Yes, of course. | play batball everyday. 4

9
Great! | really enjoy watching comedy =
‘ movies. m
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Information)
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My name is Vincent. (Personal
Information)! like watching comedy
movies. (Interests and Preferences)

I love reading science fiction novels.

1 love reading science fiction novels.
Ive just gone through a breakup with
my girlfriend.

| often watch romance movies with my
girlfriend, Sally.

(Interests and Preferences)!'ve just
gone through a breakup with my
girlfriend. (Interpersonal

Fig. 4 Overall structure of the PUT model
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Fig.7 Verification loss curves of four models during the train-

ing process
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Table 1 Performance of 4 models on the test set after fine—tuning

x1 WEF4NMERENRE EHRTA

it S PPL | BLEU 1 Rouge-L T
Flan-T5-small 8OM 2.290 0.26 0.538 1
Flan-T5-base 250M 1.990 0.24 0.546 5
Flan-T5-large 780M 2.020 0.26 0.5512
LLaMA-2—chat 7B 1.749 0.21 0.661 1
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Fig. 8 Verification loss curve of each model during the training
process
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Table 2 Experimental results of various BERT models after fine—tuning

*2 FBEBERTHEEFYFHFHILHRER

R SR Accuracy/% 1
DistilBERT-base 60 90.60
BERT-base 110 90.75
BERT-large 340 89.55
RoBERTa-base 125 89.25
RoBERTa-large 355 91.19
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Table 3 Machine evaluation index results of personalized dialogue
generation experimental

£3 MEUIHEE RSB IITEEIRER

" Original-PPL  Original-F1 ~ Revised—PPL  Revised-F1
R
! 1 ! 1
Lost in Conver-
. - 17.79 - 16.83
sation
TransferTransfo 17.51 19.09 - -
P2BOT 15.12 19.77 18.89 19.08
LMEDR 10.99 21.99 13.42 19.54
6.95 21.83 7.55 20.96
PUT-Flan-T5
(-36.76%) (-0.73%) (-43.74%)  (+7.27%)
PUT-LLaMA- 5.79 19.39 6.94 19.02
2—chat (-47.32%) (-11.82%) (-48.29%) (-2.66%)
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oo NTAPAGFEAREE R ILE 4, T LU, PUT BRI AE A
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10.37%) , {5 15 3 4% 1 75 11 % 8L 1 K 42 T (9.129% F0
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Table 4 Results of manual evaluation indicators for personalized dia-
logue generation experiment
R4 MEUIHEERZE A TTFGIERER
Persona Consis-

el fluency T Avg 1
tency T

LMEDR 3.73 4.05 3.89
PUT-Flan-T5 4.07(+9.12%)  4.14(+2.17%)  4.105(+5.53%)
PUT-LLaMA-2-chat 4.55(+21.98%) 4.47(+10.37%) 4.47(+16.18%)
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R B G BIRL PPL IS N T 2.45% F1 5.7%, F1 98/ T
5.91% F10.88% . HLAh KBRS H B ) PPL FIF1 45
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Table 5 Ablation study data (PUT-Flan-T5)
*5 HRXKEE(PUT-Flan-T5)
[l PPL | F11
PUT-Flan-T5 6.95 21.83
PUT-Flan-T5 w/o PP 7.24(+4.17%) 20.68(-5.27%)
PUT-Flan-T5 w/o PU 7.12(+2.45%) 20.54(-5.91%)
PUT-Flan-T5 w/o PP and PU 7.32(+5.32%) 20.29(~7.05%)

Table 6 Ablation study data (PUT-LLaMA-2—chat)
F 6 HRALIEE
A PPL | F11
PUT-LLaMA-2~-chat 5.79 19.39
PUT-LLaMA-2-chat w/o PP 5.89(+1.73%) 18.40(-5.11%)
PUT-LLaMA-2-chat w/o PU 6.12(+5.70%) 19.22(-0.88%)
PUT-LLaMA-2-chat w/o PP and PU 6.22(+7.43%) 18.32(-5.52%)
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