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[Abstract]

HR-MultiWOZ methodology has recently emerged as an efficient approach for generating
Task-Oriented Dialogue (TOD) data with Large Language Models (LLMs). It introduced the first
synthetic TOD dataset in the Human Resources (HR) domain, highlighting cost-effectiveness through
schema-based design and minimal human input. However, the influence of prompt design on data
quality and its applicability to non-English languages or domains beyond HR remain underexplored.
Accordingly, this study is conducted as a case study to empirically examine the applicability of the
HR-MultiWOZ methodology to Korean and café ordering. Results show that simple prompt adjustments
can effectively control the characteristics of LLM-generated dialogue (LGD), underscoring the
methodology’s scalability and the pivotal role of prompt design in shaping dialogue data quality.
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I. Introduction
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II. Preliminaries

1. TOD System
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Intent: hotel

Dialogue state:
{‘hotel-book stay: ‘5,
‘hotel-book name’: ‘Hilton’,
‘hotel-book people’: ‘None'}

‘
1

i Sure, how many people are l NLG
H planning to check in?

<Request for ‘hotel-book people’>

____________

Fig. 1. Example of Pipeline based TOD System
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2. TOD Data
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Table 1. Characteristic Comparison of TOD Datasets
Dataset— WOZ- FRAM- Multi-
Metric, | 2°TC2 20  Es MM oz SOD
No.of 1 1 3 2 7 16
domains

No. of 1612 600 1369 1,500 8438 16,142
dialogues

Total no. of | )5 35, 4 472 19,986 14,796 113556 329964
turns

Avg. turns | ) o 745 1440 986 13.46 2044
of dialogue

Avg.tokens| o) 1124 1260 824 1313 975
per turn

Total unique | o0, 5142 12,043 1,008 23689 30,352
token

No. of slots 8 4 61 13 24 214
No. of slot| ,15, 99 3871 138 4510 14,139
values
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3. HR-Multiw0z
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Table 2. Characteristic Comparision in MultiWw0Z

2.2, M2M Restaurants and HR-Multiw0zZ

Dial Set Multiw0z M2M HR-
lalogue >e 2.2 Restaurant Multiw0z
# Dialogues 8,437 1,116 550
# Utterances 113,552 6,188 8,910
Avg. Utterances | 45 11.09 16.2
/ Dialogue
# Tokens 1,742,157 1,742,157 181,363
Avg. Tokens / 15.34 8.07 20.35
Utterance
Avg. Tokens / 13.46 5.56 14.35
Response
Unique
Token Ratio 0.0103 0.0092 0.0156
Unique Bigram 0.0634 0.067 0.1177
Ratio
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2. Task Schema and User Profile Generation
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Table 3. Example of Task Schema in Cafe Domain

Key Description

FE B& | "Eote BRI BAAUIRYEAA”
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Table 4. Example of Customer Profile

Key Description
M3 22 | sz oF|otE”
=& 37| | "HE’
o= ol wE 28 SR &8
ol Y | "HMY EQJET

3. Dialogue Data Generation

2 oM Fig. 39 Phase 20A4] o]f0{A]= a2
43It Phase 2 94| A3 A7 WHEY clole] A1
mpojmapelS mEct A HA TAlE AU FEH A
doltt. 71 2 ARl AT 2 e odet AlY
2| 5 Adst7] Sloll, ARGAL mrupd A EQ} BAT A
7|05 LLM9] ¥ o2 5t In-context learning 7|
o7 Ay '|Ess AAdethFig. 4).

Instruction

User: {user}

Template: {template}

You are User.

Fill out all questions in template based on experience.

Generated dictionary should contain key name and generated an-
swer.

All keys from Template are in generated dictionary.

Make the answer extremely short (within 5 words).

Put the generated dictionary in <answer></answer>XML tags.

Fig. 4. Example of Scenario Generation Instruction

Fig. 40 YERd LLM AA|29] e cheat it
LLMZ AREAL m2abd NES] 78 meutdS Afalst
o], ElA3 A7|ato]l Ao Description, & Ato] A&

of tish 3E-2 Aottt 2utAoR 3% 3E9 FEie
Fig. 5o} o], BlA3 A7]|ate] Keyo} o]of 4-3dh=
=o|] shue] oz JAw shto] ElEslo] Hct,

@ Scenario templates M

Generate
Scenario Templates
AaE 570 s
"WIFI AHg 05" 'OfL| 2}

Customer Profiles
Set

Fig. 5. Example of Scenario Generation Process
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Table 5. Example of Cafe domain Dialogue in Al-Hub
Korean Dialogue Dataset

Dialogue (10 Utterances) Dialogue (27 Utterances)
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Table 6. Data samples for Quantitative Evaluation

Dialogue Set HGD LGD | LGD-Limited

# Dialogues 46 46 46

# Utterances 692 654 656
Avg. Utterances / Dialogue 15 14 14
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Table 7. Metrics for Quantitative Evaluation
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IV. Experiment

1. Experiment Overview
2 FollMe dA Al W2
5 aleit Ad e P
0, AMAgE SWeHd-2 Table 81t 2t} 2
st LLMyt 2599 (Extractive Model)2 @5 A58
79| A% $3¢ mton), LLMS 2 A%e] 43 Al
71502 7P A4l WYl Claude BEE AHESIRITH

HI
>
9_[5
=2
>
S~
>
o rR oo [0 ¥

[0

Table 8. Experiment Environment

LLM claude-3-7-sonnet-20250219
SW
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DeBERTa deberta-v3-large-squad23.8.10

2. Quantitative Evaluation Analysis
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Table 9. Utterance Analysis Result

Metric HGD LGD LGD-/imited
# Utterances 692 654 656
# Response Utterances 320 327 328
Avg. Tokens / Utterance 4.29 10.35 6.62
Avg. Tokens / Response 4,56 8.16 5.78

Table 109] EZ BAoJA% A HoJg] JEL &=
A}o]& WA} LGD: & 6,7677)] £E202 7P W
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EZ ¥&2 Bt

Table 10. Token Analysis Result

Metric HGD LGD LGD-/imited
# Tokens 2,966 6,767 4,345
# Unique Tokens 1,304 1,101 777
Unique Token Ratio 0.440 | 0.163 0.179
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Table 11. TOP 5 Tokens in Token Frequency
Rank HGD LGD LGD-/imited
1 : 139 H: 215 Z Al 130
(20.1%) (31.7%) (19.7%)
2 N8R 76 Z Al 209 4: 102
(11.0%) (31.2%) (15.5%)
3 SkLt: 38 J2jxa: 181 71 84
(5.5%) (27.7%) (12.5%)
4 mh5esk: 34 =H|5H: 135 o™: 75
(4.9%) (19.6%) (11.3%)
5 ot 2| 7t: 32 210125 UO AT :69
(4.6%) (18.5%) (10.5%)
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Table 12. Bigram Analysis Result

Qh, LG%&*

Metric HGD LGD LGD-/imited

# Bigrams 2,274 6,113 3,689

# Unique Bigrams 1,963 2,630 1,661
Unique Bigram Ratio 0.662 0.389 0.382

Table 13. TOP 5 Bigrams in Bigram Frequency

Rank HGD LGD LGD-/imited
St FM 2 2 ot 2 ot
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3. Qualitative Evaluation Analysis
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Table 14. Average Score Comparsion by Metrics

Table 16. survey response counts by Metrics

. Avg. Response Score

Metric
LGD HGD
Clear Questions 4.21 3.79
Natural Questions 4.15 3.86
Polite Questions 4.28 2.82

Table 15. One-sample t-test Result

One-sample t-test
Data Metric (3-point scale)
t-stat. p-value
Clear Questions 18.87 < 0.000000001
LGD Natural Questions 12.76 < 0.000000001
Polite Questions 19.55 < 0.000000001
Clear Questions 6.95 < 0.000000001
HGD Natural Questions 8.21 < 0.000000001
Polite Questions -1.95 0.026192

. # # Items # Resp.
Metric

Evaluators | LGD | HGD | LGD | HGD

Clear 3 42 42 | 126 | 126
Questions

Natural 3 42 42 | 126 | 126
Questions

Polite 3 2 | a2 | 126 | 126
Questions
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V. Conclusions
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