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NLP Researcher @ Hanyang University NLP Lab.
@ Seoul, Republic of Korea
@ stillwithyou@hanyang.ac.kr

CS PhD Candidate @ Hanyang University
HYU NLP Lab. Advisor : Prof. Taeuk Kim (2022.09 -, in progress)

NLP Researcher @ Al2XL Labs, KT (2023.07 - 2023.08)
NLP Researcher @ Al Labs, Saltlux (2020.03 - 2022.08)

Publications

* TACT: Beyond Task-Oriented and Chitchat Dialogues: Proactive and Transition-Aware
Conversational Agents (EMNLP2025, accepted)

* BlendX: Complex Multi-intent Detection with Blended Patterns (LREC-COLING2024)

Patents
* Method And Apparatus for Generating Multi-Intent Utterance Datasets (2024, Patent Applied)
* Multi-Persona Classification Device Independent of Threshold Settings (2023, Patent Applied)

660 ®@®

~\
Talks

* Talks titled “Practical Research on Overcoming the Limitations of LLM Dialogue Capacity” (SKT
* Talkstitled “Complex MID with Blended Patterns” at GITW2023 (Waseda University in Tokyo)
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- KoLegal-BERT: ‘& |2 HIA E 0}0|'J S ¢let HE AU 4 2E

- Authors: BFAHA1* Q0| 21*, O|A-&, ZA-E (*: equal contribution)
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KolLegal-BERT: &€ TOQ! B1AE [OI0IdS FI&t HE

y o
A0, BOIXY, OITHE, 2T

)IEERA, Al Labs
{smpark, yjyoon, jylee, jekim}@saltlux.com

KolLegal-BERT: Legal Language Representation Model

for Legal Domain Text Mining

Sangmin Park®, Yejin Yoon'®, Jaeyun Lee, Jaieun Kim'
Al Labs, Saltlux Inc

e o

BERT(Bidirectional Encoder Representations from Transformers) SY€2 s EMHAZH I|gt
S50 USY USXE SSAIH AESSE HIZHO0I0 COLst UAHN Mel BHAINAM =

SAS SHEIRUCH SN AINESSS A AIRE 22XEs S3IOICI0H w42 S0 22 73

20 JSHQ KFL SWO| M0l=E SHANAME SAE S52 JIU6H HEU. S8l 22
A2 2IBXS0l 888 cl2HA(Legal Tech)2 SRAE0| UHFHD AY2LE AHA SHAIZON
ANEHez HoIHD UL 2 =20AHes 012 20 clZHIAUWA AIIHE HE =0 Ao
HFE MNEdtD HE ZTHLS & OIHE £ Us H€E 00 S3tE KolLegal-BERT €S
TS MO DHE BE 2K EF HIIE S8 2P BERT D2 HIlw HIIE 86l 2

SEHCH

LA & ol % wiA wWeke SherEl Uk BERT 2dlo] WE @
PAR=3

7t AATE AlFI= E7F ALASHES(Adantive

StOFLjTt Il Natural Language Proce;sing Lab.,
HANYANG UNIVERSITY H a nya ng U nive rS|ty.
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Multi-Persona Classification of Senior Care Conversation for Long-term Memory

* Multi-label Classification w/ weighted loss

- Multi-task learning: (2 Persona number detection + (3) Multi-persona classification
- Backbone: KT Mi:dm (kt-ulm-base), using only encoder-side

@et PN =3, » Select @

top — 3 persona

backbone PLM: KT Mi:dm

* Mi:dm-ed : encoder-decoder

* Mi:dm-e / Mi:dm-e-baseline : encoder-side only
max_sequence_length: 512

personal i
persona 2 persona4  persona6 *input: [utterance;_,] +

persona3 i persona5 i

al + pL
pnp + B a0 + [utterance;_1] + [ ] + [utterance;]

[]
* output: [utterance,] Ofl CHSt 73-length binary tensor
epoch: 70
T

Persona Number Detection| Multi-Persona Classification

Metric
Accuracy Accuracy F1-Score

kV1i: dm (use only encoder — side) Model Accuracy  Fl-Score | ance) (samples) (samples)

@ Persona number detection
* Input: multi-utterance Mi:dm-ed - - 85.19
! f f f (® Multi-persona classification Mi:dm-e a—058-1 91.28 91.27 8434 9956  84.32

* Input: multi-utterance .
. Output: 1 or more label(s) Mi:dm-e a=078=1 90.62 90.61 83.84 99.54 83.82

Multi — utterance

SHOFL| O}l Natural Language Processing Lab., .
hnvgm umv_E;snv Hanyang UniVerSity.




1. Accepted by LREC-COLING2024 main conference

- “BlendX: Complex Multi-intent Detection with Blended Patterns”
- Publishing the Constructed Dataset, “BlendX” and “MixX”

2. Patent Application (Status: Pending)

CHol o) = WS I O|IE Wal2 BA517| oI5t 7 $8
AT A OIBAS DU S TSI Us RS

An utterance merging method for extending single-intent utterances to multi-intent utterance

3. Attended GITW2023

HYU 22 @ HyunoaAi

Natural Language Processing Lab.,
Hanyang University.

EI Y' [ oo
HANYANG UNIVERSITY

LREC-COLING#£2024

BlendX: Complex Multi-Intent Detection with Blended Patterns

Anonymous submission

Abstract
Task-Oriented Dialogue (TOD) systems typically suppose that a user utterance corresponds to a single intent. This
assumption may be misaligned with real-world scenarios where users often express multiple intents simultaneously.
While there is an emerging Interest in Multi-Intent Detection (MID), existing in-domain datasets such as MIXATIS
and MixSNIPS have limitations In their formulation. To address these issues, we present BlendX, a sulte of refined
datasets featuring more diverse patterns than thelr predecessors, elevating both its complexity and difficulty. For
dataset construction, we utilize both rule-based heuristics as well as a generative tool-OpenAl's ChatGPT—which is
augmented with a similarity-driven strategy for utterance selection. To ensure the quality of the proposed datasets,
we also introduce three novel metrics that assess statistical properties of an utterance related to word count,
conjunction use, and pronoun usage. Extensive experiments on BlendX reveal that state-of-the-art MID models strug-
gle with the challenges posed by the new datasets, highlighting the need to reexamine the current state of the MID field.

Keywords: Multi-Intent Detection, Task-Oriented Dialogue

1. Introduction 1 Selection

Singisdntent Datasets

The successful implementation of Task-Oriented
Dialogue (TOD) systems begins with the precise
recognition of user intents. By accurately discern-
ing the queries embedded in user inputs and rout-
ing them to the relevant components, the systems
can adeptly respond, thereby effectively fulfilling
user requests. In general, such systems are con-
structed on the assumption that each user utter-
ance correlates exclusively with a single intent,
which often diverges from practical scenarios.
Contrary to the conventional setting, the task
of Multi-Intent Detection (MID) presents a more
nuanced and comprehensive challenge for TOD
systems, permitting users to express multiple
intentions simultaneously. The problems posed TR P —
by MID are not only more demanding but also iy o @ .
more realistic—for reference, Gangadharaiah and cn o Y getery |£ &
Narayanaswamy (2019) reported that over half of Tcustammerric | baseline evaluation
the total instances (52%) from Amazon's in-house
TOD dataset contain multiple intents, underscoring Figure 1: The framework of BlendX (comparison
the practical significance of the task. _ with MixX). First, select single-intent utterances.
Despite sustained interest in MID, the availabil-  gecond. combine them by applying mixed methods.

ity of resources supporting the research direc-  fpg right example in #2 shows a case of non-trivial
tioniis, to our surprise, notably limited. Most stud-  marqina in RlendX  Ieadina to an omission Finally

ti-ins 5

27



EHELO_] OIEL AJI §|

MAFDFA 215

e ™1

« BlendX: Complex Multi-Intent Detection with Blended Patterns (COLING2024)

Single-intent
Utterance Datasets

| Banklng77 “ ATIS

\

AY

SNIPS |

| cLNc150 ||

give me the fares

for round trip flights
from Cleveland

to Miami ..

give me the fares

for round trip flights
from Cleveland

to miami .

Preprocessing

* Lowercase
* Remove punctuation

BlendCLINC150

Randomly select 2~3 utterances

BlendSNIPS
™~/

Rule-based concatenation technique

_____________________________ Concatenation --------------------oo- BlendX
1 1
' @ For ManualApproach ! -
i = I Multi-intent
' | Utterance Selection ! | Manual Concatenation ! Utt—erance Dataset
| L o e ST |
1 1 1
:>' I | VariousConjunctions | Approach employed by MixX §BlendBanking77| BlendATIS
: | Inherent Ambiguities | Manual Approach
|
L

Gerund Phrases |

1
. [
1 1
1 1
1 1
: 1 >
[}
' @ For GenerativeApproach :
E Utterance Selection ' . Generative Concatenation : Results Filtering : thet
! give me the fares
| . | 1
\ | ANDvariants | @ chateer | Improve |-._-> and round trip flights
: : | Various Conjunctions | : : generative | ! from Cleveland
E | InherentAmbiguities | (i\epn;r?glc‘f,e i g tc:utlf)l_lts i to Miami ..
! I GerundPhrases || Concatenate | {2 e '
! I utterances ! custom ;
! Selocta-3 Similarutt : | Omissions | b)l/ using generzétl\l/e : Expert metrics and :
elect 2~3 similar utterances anguage mode Review i
E based on cosine similarity ! | Coreferences | : expertreviews i
L 1 - -
. MixX BlendX intentl @intentl#intent2 © intent2
Comparative Wt 0 1 i, 2a3:°
i Cutt) 0 0 : o
Evaluat|01_1 (utt) ChatepT b e
BlendX vs. MixX P(utt) 0 0 X Slondx

H s; l l SrE ot ul
HANYANG UNIVERSITY

3 Custom Metrics Baseline Evaluation Visualization

Natural Language Processing Lab.,
Hanyang University.
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« GITW2023 @ Tokyo, Japan

ory oL

HANYANG UNIVERSITY

e

© WASEDA UNIVERSITY

>/ | TOKYO MIDTOWN

Natural Language Processing Lab.,
Hanyang University.

© TOKYO, JAPAN
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BlendX:

\ - =516 st
Complex Multi-Intent iol, . 2 :

i

© LINGOTTO

I Ij?l I ?_f%"—’m NaturalLanguageProcessing Lab.,

Hanyang University.
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« Invited Talk; 2024 SKT Market Top Al 2} Z4

SKT Market Top Al Course

LLM2] Dialogue Capacity 517|2 2
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Hanyang University NLP Lab.

Yejin Yoon

Natural Language Processing Lab.,

S K tEIe Com Hanyang University.
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Hanyang University.
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> “Beyond Task-Oriented and Chitchat Dialogues: Proactive and Transition-Aware Conversational Agents” (EMNLP2025)

V/ — P — 3
¢ =) H (o) ==y El (=ZQ = Dataset E3 TACT
o < 7|8k Met 01| Chist DAY AL (53 UAS)
€ S} O G: o) al Oo|7F &35 = El (Z2 o= i
" 248 Q1|8 TS LIO|ELM A U AI-OIZH B3 AZ AIAR (9 28E) Seed __ Muwoz22_SLURP
# Intents 11 50%*
# Dialog 7,199 9,936
I will be traveling to Cambridge next month, _'. # Avg. Tum 15.04 16.42
Start and | need tofind a train running from Bishop's Stortford heading to Cambridge,  (jser ﬁ i"g- iWItCh (l)gg f86
hel do this please? vg. Recov. } .07
ToD There are 70 trains doing thattrip, } can youhelpme dothis piease g
Agent do you have a date and time you would like to go? Yes, that would be Monday after 16:30. !‘ # Uni q. Flow 11 12
_____________ s . S By the way, | really enjoy train journeys.  yser
(transition to chitchat by user) @ There's something so relaxing about watching the scenery go by. Flow Types [ICICTCAICTCIEE:
i ?
Switch @ That's a lovely perspective! el T P L L
to Agent Train'joumeys can be quite scenic, especially in the countryside. Win
Chat | don't have personal favorites, Sensibl 714 286 )
but many people enjoy routes through the Lake District or along the coast. That sounds amazing! | love nature views. -’. ensibleness : ' Tie
" | hope the train ride to Cambridge has some nice sightstoo. ~ User Lose
_____________ A
(transition to task by agent) é'__l , Specificity 5 Sl
. I can check the route for you! Now, back to your train details. /
Agent Trainedr,cr  TheTR1499 leaves at 17:29 and arrives at 18:07. Would you like to book a ticket?
. 5 S L . Interestingness 71.4 28.6
Trainedg seqchg:  I'Msure itwill. The train will take you through some lovely countryside. x
Recover Trained o forechat ~ TRO152 leaves at 17:29. Would you like me to book it for you x Transition
ToD gpt-40-mini  Thatsounds great! The train ride to Cambridge has lovely views. Any specific places you're excited to see? X Naturalness 81.9 182
Gold Response ! |can checkif the route from Bishop's Stortford to Cambridge offers any scenic views. Now, back toyourtrainrequest. %+, [
! The earliest departure after 16:30 on Monday is TR8925, which will be departing Bishop's Stortford i / Overall 70.1 156 143
' going to Cambridge at 17:29. Would you like to book a ticket? /,'
2
SHOFL Ot Natural Language Processing Lab.,
HANTANG ONIERSITY Hanyang University.
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