St 2187 = 9
{jake.yoon, steven1971, kekim}@kaist.ac.kr

Can Generative Large Language Models
Perform Dialogue State Tracker for Spoken Dialogues?
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|( Task Information: \|
| You are a useful conversational system. When conversation history and user input are provided, |
: your task is to predict the user's intention. :
| The user's input may include spelling recognition errors, noise, and human disfluencies generated |
: by the ASR (Automatic Speech Recognition) model. :
| Slot Descriptions: !
| Here is a list of intentions and possible values you can predict: 1
| hotel-parking: parking facility at the hotel possible_values: [yes.no,free] ]
| train-destination: destination of the train ]
| train-day: day of the train possible_values: I
: [sunday,monday,tuesday,wednesday,thursday, friday,saturday] :
[ 7 |
| |
| Examples: |
| Let me give you some examples. Please keep in mind that ASR errors may occur at user utterance. |
| Example 1 I
| Input: I
: user: i'd really like to take my client out to a nice restaurant that serves indian food. :
| Output: 1
1 { |
I "restaurant-food": "indian", ]
: "restaurant-pricerange": "expensive™ I
y
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Model Size | #params | WER(%)| | JGA(%)! | SER(%)|
Base T4M 15.45 17.24 40.63
Small 244M 15.29 24.14 40.00
Large 1550M 14.55 31.03 37.50
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Input I'm interested in the hotel called hillten. (NER error)

Output hillten hotel

Target hilton hotel
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