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Abstract

In this study paper, we examine pre-trained language models used in Multi-Goal Conversational
Recommender Systems (MG-CRS), comparing and analyzing their performances of various pre-trained
language models. Specifically, we investigates the impact of the sizes of language models on the
performance of MG-CRS. The study targets three types of language models - of BERT, GPT2, and
BART, and measures and compares their accuracy in two tasks of ‘type prediction’ and 'topic
prediction’ on the MG-CRS dataset, DuRecDial 2.0. Experimental results show that all models
demonstrated excellent performance in the type prediction task, but there were notable provide
significant performance differences in performance depending on among the models or based on their
sizes in the topic prediction task. Based on these findings, the study provides directions for improving
the performance of MG-CRS.
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( Conversation ) ( Goal ) ( Topic ) ( Item )
1. User: Hi~ Good evening. vess /
2. System: Good evening. What can Ihelp you? Grecting WA
3. User: Do you know who starred i <Bruce Lee: | B Ted
Warrio QA 5
ey N/A
4. System: It’s Jackie Chan. ‘Wartior
5. User: Tlike lum very much. HeSreally great.” Chitchat
System: You have a good taste. He has won the aboit Siar
est actor twice in the Golden Horse Award., B
7. User: He's \e1y Eood “at aclu.\u Jackie Chan
8. System: Do you want to see her movie <Jackie EE RS Jackie Chan:
Chan: My Stunis™>? Tt can be regarded as the most ’ My Stunts
classic mov: ie of Jackie Chau.
Jackie Chan:
A N/A
Q My Stunts
: 0.
7 > Movi x 3
12 S‘vsteul Nicholas Tse s <The Witness> is also Movie Nicholas Tse | | The Witness
rery good and worth seeing. The director is good Rec.
t portraying emotions.
13. User: Twill watch it!
14. System: Sure. you will like it! 5 ; ; o)
15. User: Thank yml‘ See you next tine! 1 Goodbye WA NiA
16. System: Great! Bye!
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2.2.  BERT (Bidirectional = Encoder

Representations from Transformers) [3]
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Sentence Prediction (NSP)o]t}, ©]E &3] BERT
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BERT-base-uncased (110million parameters),

Transformer

BERT-large-uncased (340 million parameters),
GPT2 (117 million parameters), GPT2-large
(774 million parameters), facebook/bart-base

(140 million parameters), facebook/bart-large
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(400 million parameters) =2< ALg3Ht} shE
(learning rate) le-6%-H le-4 B¢l oA =
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2 98] BERT, GPT2, 18]z BART9] base}
F 1.2 oojmEol Afofof mE Efel @ £ Maz &N A
B E9 o
Model | 29 SN 33} 29t A9 a0 98 9o
ZA E 3l
o A D = R I I )
BERT
b 1 1 09743 0.9621 09771 0.9310 05573 05250 05356 0.584
—pbase
BERT
1 1 0.9910 09743 0.9879 09471 05617 0.5022 0.5401 0.5804
—large
GPT2
b 1 1 0.9383 0.9309 0.9521 09310 06479 0.5242 0.3120 05235
—base
GPT2
| 1 1 0.9699 09513 09717 0.9563 0.6938 05771 0.5068 0.6188
-large
BART
b 1 1 0.9816 0.9567 0.9783 0.9586 0.7070 05969 05320 06372
—pbase
BART
1 1 0.9875 0.9459 09771 0.940 0.7379 0.594 0.5500 0.6461
-large
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