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2. Mot m=

Dialogue History > 5 train day m -:]

(a) Generation-based DST w/ Sequential Decoding

Dialogue History | train | day 4“—»[ Monday ]

Dialogue History  train | destination

London Kings Cross |

oo

Dialogue History | hotel = ref -“—»[ none ]

(b) Schema-Based Prompt DST w/ Independent Decoding

Dialogue History | train | day | day of the departure ... Monday ]

Dialogue History | train |[ destination | destination location...

London Kings Cross ]

see

Dialogue History | hotel ref reference number... T5 none ]

(c) Natural Language Augmented Prompt DST w/ Independent Decoding
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[1] Dialogue State Tracking with a Language Model using Schema-Driven Prompting (Lee et al, 2021)
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(1) Gloj& 4t

G|O|E{All - WoS-v1.1 (KLUE-benchmark)
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Dialogues | Single Domain Multi Domain Total

Train set 1,806 6,194 8,000
Dev set 263 737 1,000
Test set 226 774 1,000

Total set 2,295 7,705 10,000
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|, KLUE WoS-v1.1
Baseline Scores'

Model JGA(%) Slot F1(%)
KLUE-BERT-base 46.64 91.61 1
KLUE-RoBERTa-small 46.62 91.44
KLUE-RoBERTa-base 47.49 91.64
KLUE-RoBERTa-large 50.22 92.23
KR-BERT-base 45.33 90.70
koELECTRA-base 41.58 89.60
mBERT-base 35.46 88.63
XLM-R-base 39.82 89.61
XLM-R-large 41.20 89.80 |
KE-T5-SMALL w/o desc 36.68 84.14
KE-T5-SMALL w. desc 38.65 85.81
KE-T5-BASE w/o desc 65.09 95.61
KE-T5-BASE w. desc 66.14 95.67

—> Our result

w. desc | 2{O| MBI} 51 she

w/o desc - AAHO] AF S Eotot| 4L &

! https://github.com/KLUE-benchmark/KLUE

KLUE-RoBERTa-large
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50.22 % JGA, 92.23 % F1 score

KE-T5-SMALL
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. w. desc : 66.14 % JGA, 95.67 % F1 score
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