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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 suite of refined
datasets featuring more diverse patterns than their 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

Single-tntent Datasets | give me the round trip flights from ~ wednesday
EIEEA > give me the fares for round trip flights
from ~ wednesday

EETER B

Naive

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,

#2 Concatenation

Naive

various conj.
gerunds
omission

coreference

giveme

and
and then
and also

Manual

Generative

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

the round trip flights
from ~ wednesday
and give me
the fares for round trip flights
from ~ wednesday

give me
the fares and round trip flights
from ~ wednesday
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PRE-REQUISITE
ot o

# Multi-intent Detection
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Multi-intent Detection (MID)
CO0000)

* Input: 1 utterance

intent 0 * Qutput: 1 or more label(s)

‘ PlayMusic
() AddToPlaylist

‘ intent 1
‘ intent 2

Pretrained Language Model (PLM)
(e.g. BERT, RoBERTa, ELECTRA, ...)

Sigmoid

Sinceitis i i f i
conversational speech,
omissions, contractions,
and ungrammatical
structures may occur. t

play harry styles falling and add it to favorite playlist

|dentify and respond to multiple intentions or requests within a single user utterance

Natural Language Processing Lab.,
Hanyang University.
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Introduction

# Problem States
# Background
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Benchmark Datasets Analy5i5 (1/2) EMNLP2022 Findings / AGIF/ Qin et al.

Single-intent utterances '

v give me the round trip flights atis flight
from cleveland to miami next wednesday -9

1 Multi-intent utterance :&

give me the fares for round trip flights

from cleveland to miami next wednesday -

\Z

give me the round trip flights
Libo Qin, Xiao Xu et al. from cleveland to miami next wednesday
L and give me the fares for round trip flights

EMNLP 2020, Findings. from cleveland to miami next wednesday

The dataset relies on only a few specific connectors ("and", "and then", "and also")
when concatenating 2 or more single-intent utterances.

—> Real-world conversations often involve more varied and complex ways of combining intents

Natural Language Processing Lab.,
Hanyang University.



https://aclanthology.org/2020.findings-emnlp.163/
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Benchmark Datasets Analy5i5 (2/2) EMNLP2022 Findings / AGIF/ Qin et al.

Single-intent utterances '

v give me the round trip flights atis flight
from cleveland to miami next wednesday -9

1 Multi-intent utterance :&

give me the fares for round trip flights

from cleveland to miami next wednesday -

2

give me the round trip flights (
Libo Qin, Xiao Xu et al. from 7
and give me the fares and round trip flights
EMNLP 2020, Findings. fro from cleveland to miami next wednesday

We are focused on constructing our own set that better mirrors natural language usage
to provide more challenging and realistic resources

for training and testing multi-intent detection models.

Natural Language Processing Lab.,
Hanyang University.
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Discussion 1

# Concatenation: Single- to Multi- intent utterance

# Utterance Selection

Natural Language Processing Lab.,
Hanyang University.




Categories of Concatenation complexity-side

« Complexity side

- Explicit Concatenation: use connectors during concatenation

—> AND variants / Various Conjunctions

- Implicit Concatenation: do NOT use connectors during concatenation
- Inherent Ambiguity / Gerund Phrase / Omission / Coreference

Complexity side

*Only use connectors to

concatenate utterances
- and,and then,and also

AND variants

- before, additionally,

Implicit Concatenation

e Concatenate utterances
without connectors

- Various Conjunctions

Inkierent Ambiguity

erund Phrase

- Inherent ambiguity
- Omissions

- Coreferences

- Gerund phrase

EI Y' [ oo
HANYANG UNIVERSITY

ALl

Coreference

Natural Language Processing Lab.,
Hanyang University.

and, and then, and also

,(comma), ;(semicolon), or, before, after, additionally, finally

just joined two sentences directly without using a
connector

provide additional meaning by adding context or details
to the action described by the gerund

to avoid redundancy, intentionally leave out repeated
words for conciseness

use different words or phrases to refer back to the same
entities, ensuring coherence in the text

10



(Intuitive) ChatGPT in Concatenation (1/2)

« Prompt Engineering for ChatGPT Concatenation

You are a native English speaker.
[Task Definition] Combine 2 or 3 sentences as one single sentence.
[Goal] The focus is on creating a single sentence that captures the essence of both ideas without unnecessary redundancy.
[Instructions] - Avoid adding just punctuation.
Don’t paraphrase. Returning results that don't follow
Don't compromise the meaning of each sentence. the explicit constraints
Don't capitalize all characters. we gave ChatGPT
Don't replace numbers with radix.
Maintain the intent of each sentence.
Don't forget that if a sentence starts with a verb, it's a statement.
Do NOT use conjunctions like 'and’
Don’t print ‘[Good Answer]’
Don’t print intent directly.

[Example 1]
My dog is playful (dog's feature) + My dog loves chasing balls (dog's feature)
[Good Answer] My playful dog loves chasing balls
[Bad Answer] My dog is playful, and my dog loves chasing balls Few-shot setting
[Bad Answer] My dog is playful, and also loves chasing balls.
[Example 2]
They finished the project(project done) + They had time(taking time)
[Good Answer] With time on their hands, they finished the project
[Bad Answer] They finished the project, and they had time
[Bad Answer] They finished the project and had time
[Example 3]
She answered the phone (answering)) + She was making dinner (cooking)
[Good Answer] While answering the phone, she was making dinner
[Bad Answer] She answered the phone, and She was making dinner
Combine the following sentences naturally. Inside the parentheses is the intent of each sentence.
{uttl} (intent: {intents[@]}) + {utt2} (intent: {intents[1]})

SHOFL| O}l Natural Language Processing Lab.,
HANTANG ONIERSITY Hanyang University.




(Intuitive) ChatGPT in Concatenation (2/2)

« Failure of Using ChatGPT

- Over 90% of the 100 randomly sampled instances were connected by 'and’

- Failed to maintain intent in at least 15 instances
- Intent removed / changed
- Fail to merge the utterances

Utterance 1 Utterance 2 Concatenation Implication

3 out of 6 for the last album frankfort's weather gets a 3 out of 6 rating for the

weather for frankfort (GetWeather) (RateBook) last album

Intent removed

what day of the week do flights from
nashville to tacoma fly on
(atis_day_name)

flights from nashville to tacoma fly on what day of
the week and what is the flight number from Intent changed
houston to dallas

flight number from houston to
dallas (atis_flight_no)

failed i \(?taitsls Qlcllareviation) listla (atis_city) combine the sentences: "what is mci?" and "list [a". Failed to merge
f
play the playlist funtime activity add adele onto funtime activity play the playlist, adding adele to the funtime activity Gerund phrase
(rddToPlaylist) playlist (P1ayMusic) playlist P

succeeded <

how do i freeze my bank account do you know why my bank account how do i freeze my bank account, and do you know
\_ (account_blocked) is frozen (freeze_account) why it is frozen

Coreference

Table 1: Failed (Top) and succeeded (Bottom) results of the Generative Approach and their implications.

Only few cherry-picked examples were, brilliantly, implicitly concatenated, which is what we intended.

SHOFL Ol Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerS|ty.




Overview of 2 Methods to Utterance Concatenation

Single-Intent Datasets

Banking77 ATIS
CLINC150 SNIPS

Preprocessing

* Lowercase
* Remove punctuation

2]
=N

=

For Manual Approach

Utterance Selection
° Y O

I

1

. I
I

. I

® x |
7 I
I

Randomly select 2~3 utterances .

e For Generative Approach )

Manual Concatenation

|  ANDvariants |

| Various Conjunctions |

[ InherentAmbiguity |

|  GerundPhrase |

Naive Approach

 Approach employed by MixX

Manual Approach
* Rule-based concatenation technique

Utterance Selection

Generative Concatenation

Y : [ ANDvariants |
o : [Various Conjunctions | G
| | |nherentAmbiguity | ChatGPT Bard Llama

Generative Approach

: | Gerund Phrase |§ « Concatenate utterances

by using generative

z I

Omission

| o—| language model, ChatGPT

Select 2~3 similar utterances |

based on cosine similarity | |

Coreference

'

Filtering Concatenated Utterances

Enhance the quality of outcomes from generative LLMs by
implementing defined criteria and incorporating reviews
from human experts to filter the results.

v Develop metrics to evaluate integration
diversity and complexity
v collect results above a set threshold.

v Collect only the incorrect
predictions made by the best
model in multi-intent detection.

v" Human-expert review of the generated
output filtered by the above two steps.

n BlendX

BlendBanking77
BlendCLINC150 BlendSNIPS

Construct multi-intent
utterance dataset

* To complete the final dataset,
we have multi-intent
utterances

* concatenated by manual
approach

* and those generated via a
generative approach, refined
with human filtering.

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

@ Manual Approach: Concatenate utterances without using connectors, or if necessary, employ a various

oroyTjory
HANYANG UNIVERSITY

ran

ge of options.
Generative Approach: Explore methods to extend ChatGPT's capabilities for producing more coherent

multi-intent utterances by concatenating 2 or more single-intent utterances.

Natural Language Processing Lab.,

Hanyang University.




Overview of 2 Methods to Utterance Concatenation

Single-Intent Datasets IZ>
Banking77| ATIS
CLINC150 SNIPS

Preprocessing |:>

* Lowercase
* Remove punctuation

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

@ Manual Approach: Concatenate utterances without using connectors, or if necessary, employ a various
range of options.
Generative Approach: Explore methods to extend ChatGPT's capabilities for producing more coherent
multi-intent utterances by concatenating 2 or more single-intent utterances.

Natural Language Processing Lab.,
Hanyang University.




Overview of 2 Methods to Utterance Concatenation

: For Manual Approach }
5 I

l Utterance Selection Manual Approach ’

| ' |
1

| . Y © I | AND variants | |
!

| ° [ | Various Conjunctions | * Approach employed by MixX |

| : x! M I
| P anual Approach

| Z 1 | Inherent Ambiguity | * Rule-based concatenation |

[ . Estr;il:r?giselect 2~3 : | Gerund Phrase | technique |

| : I

I l

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

© Manual Approach: Concatenate utterances without using connectors, or if necessary, employ a various
range of options.

Natural Language Processing Lab.,
Hanyang University.




Overview of 2 Methods to Utterance Concatenation

give me the round trip flights
from cleveland to miami next wednesday

For Manual Approach \:_/_\jj_\/ﬁ

: give me the fares for round trip flights
Utterance Selection Manual Approach from cleveland to miami next wednesday

2 AND variants . —|
| Various Conjunctions | %

t | Inherent Ambiguity | N

Z . . .
~ Use“in  GeundPhrase | give me the round trip flights
tterances from cleveland to miami next wednesday

give me the fares for round trip flights
from cleveland to miami next wednesday

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

© Manual Approach: Concatenate utterances without using connectors, or if necessary, employ a various
range of options.

Natural Language Processing Lab.,
Hanyang University.




Overview of 2 Methods to Utterance Concatenation

e For Generative Approach)

Utterance Selection : Generative Approach

Filtering Concatenated Utterances

I
|| ANDvariants |

v P— C
| |Various Conjunctions| ® G XN
ChatGPT Bard Llama

Upcoming slide (24) Upcoming slide (22)

» Concatenate

: | Gerund Phrase | utterances by using
I | generative language
| | Omission | model, ChatGPT

: Coreference |

T
|
|
|
I
|
|

| |
I | Inherent Ambiguity | Generative Approach X
| |
|
|
I
|
|
|
1

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

Generative Approach: Explore methods to extend ChatGPT's capabilities for producing more coherent
multi-intent utterances by concatenating 2 or more single-intent utterances.

Natural Language Processing Lab.,
Hanyang University.




Overview of 2 Methods to Utterance Concatenation

give me the round trip flights
from cleveland to miami next wednesday

eFor Generative Approach) l:_/_\j:_\/_ﬁ

=== | Utterance Selection , Generative Approach give me the fares for round trip flights
| ANDvariants | from cleveland to miami next wednesday
I | B ]
" ) For Manual Approach : Various Conjunctions @ V
l : | Inhe.rentAmbiguity | Ch-PT Bard v

I|I I‘GeruLn,c\IPII;.ras't:eh' | @ fe Ar

Omission I ChatG PT a8 b‘

|

I o

| Aricciom gelerative 19
| Coreference || WIEEEEERH
: Coreference

give me the fares and round trip flights
from cleveland to miami next wednesday

|'
\
m |
P
I

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

Generative Approach: Explore methods to extend ChatGPT's capabilities for producing more coherent
multi-intent utterances by concatenating 2 or more single-intent utterances.

Natural Language Processing Lab.,
Hanyang University.




Utterance Selection for ® Generative Approach @rorconeveppronch)

Utterance Selection

‘ 1
| N !
IR
e Process | k\\ 5
| i
| .
| |
l 1

« Select 2~3 similar
utterances based on

1. Generate embeddings for each single-intent utterance using SentenceBERT.

cosine similarity

2. Select utterances for concatenation based on high similarity between embeddings. —————=—— e =
* Chosen utterances will have different intents.

« Selection approach

- L2 Distance-based: Select utterances with close proximity in embedding space.
- Next sentence prediction: Binary classification of whether a given pair of utterances are sequential.
@ - Cosine similarity-based: Choose utterances with high cosine similarity between embeddings.

L2 Distance-based Next sentence prediction @ Cosine similarity-based

Select
Sentence uttl

BERT &
utt2

Is Isnot X
Next  Next




Overview of 2 Methods to Utterance Concatenation

e For Generative Approach)

Utterance Selection

Generative Approach Filtering Concatenated Utterances

1. Develop metrics to evaluate
integration diversity and

complexity and collect results
above a set threshold.
2. Collect only the

T
I I
I I
I I
I I
I I
I I
I I
I I
Upcoming slide (24) | Previous slide (20-21) | incorrect predictions *
I | made by the best model
I I
I I
I I
I I
I I
1 1

in multi-intent detection.
3. Human-expert review of the

generated output filtered by the above
two steps.

Without generating new multi-intent utterances and ensuring they fit within the existing intent space,
we propose 2 approaches:

Generative Approach: Explore methods to extend ChatGPT's capabilities for producing more coherent
multi-intent utterances by concatenating 2 or more single-intent utterances.

Natural Language Processing Lab.,
Hanyang University.




Overview of 2 Methods to Utterance Concatenation

BlendX

BlendBanking77
For Manual Approach =

I

I

I

I

| Construct multi-intent
| utterance dataset
I

I

I

I

I

have multi-intent utterances

* concatenated by manual approach
e For Generative Approach ) E> * and those generated viaa
generative approach, refined with
human filtering.

I
I
I
I
I
I
* To complete the final dataset, we ||
I
I
I
I

Dataset #ofintents Training Dev Test Total Source Dataset : SNIPS, ATIS, Banking77, CLINC150

BlendSNIPS 7 50,625 2613 2,615 55853 . .

BlendATIS 18 20250 1,125 1125 22,500 Random selection for Manual Concatenation Approach
BlendBanking77 77 36,390 2009 2,021 40,420 . R : :
BlendCLINC150 147 54899 2889 2,977 60,765 Cosine Similarity-based selection for Generative

S (total) = 179,538 Concatenation Approach

BHOFI O Natural Language P'roce§sing Lab.,
HANYANG UNIVERSITY Hanyang UanerSlty.
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Discussion 2

# 3 Metrics

# Experiment and Analysis

BHOFI O Natural Language P.roce§sing Lab.,
HANYANG UNIVERSITY Hanyang Un|VerS|ty.




Evaluation - 3 Metrics (1/3)

« 3 Metrics

- utt: concatenated utterance with 2 or more intents
- n: Number of single-intent utterances used for concatenation

W(utt,n)

n
W(utt,n) & 15_y (|utt|wo,.d =) lutt; |wm.d) .

i=1

Check if the word count difference
before and after
an utterance concatenation is
zero or negative

(to ascertain a decrease in word count )

C(utt,n)

n
C(utt, n) = 1Z—N(|Utt|conj - Z |Utti|00nj)’
=1

Verify if the number of conjunctions
before and after
an utterance changes to zero or less

(to determine the elimination
or reduction of conjunctions)

* conjunctions such as:
and, or, before, after,

¢ L4

additionally, finally, ,’, *;

P(utt,n)

n
P(utt,n) = lN(|utt|pmn -> |utti|pmn).
i=1

Assess if the difference in pronoun
count before and after
an utterance is one or more

(to identify the usage of pronouns)

* pronoun such as:
it, them, their, theirs, this, that,
those, these

An implicitly concatenated utterance is likely to receive 1 in the metrics evaluation.




Evaluation - 3 Metrics (2/3)

- Example of applicating 3 metrics

Concatenation uttl utt2 Difference Metric
Words 10 5 10-(5+8)=-3 W(e,2)=1
Conjunctions 0 0 0-(0+0)=0 C(e,2)=1
Pronouns 1 0 1-(0+0)=1 P(¢,2)=1
Words 11 5 11-(5+5)=1 W(+,2)=0
Conjunctions 1 0 1-(0+0)=1 C(+,2)=0
Pronouns 1 0 1-(0+0)=1 P(¢,2)=1
Utterance 1 play my 88 keys playlist (P1layMusic)
Utterance 2 add another song to my 88 keys playlist (AddToPlaylist)
Strategies Concatenation Results W(utt,2) C(utt,2) P(utt,?2)
Explicit Concatenation  play my 88 keys playlist and also add another song to my 88 keys playlist 0 0 0
Implicit Concatenation
Inherent Ambiguity play my 88 keys playlist add another song to my 88 keys playlist 1 1 0
Omissions play my 88 keys playlist and add another song 1 0 0
Coreferences play my 88 keys playlist and add another song to it 1 0 1

Gerund Phrase

add another song to my 88 keys playlist playing it

—

Table 3: Various concatenation classes, accompanied by their examples and respective metric values.

EI Y' [ oo
HANYANG UNIVERSITY

Natural Language Processing Lab.,
Hanyang University.
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Evaluation - 3 Metrics (3/3)

 Results using 3 metrics for each approach

Metric SNIPS ATIS Banking77 CLINC150

‘ Naive ] Manual Generative | Naive | Manual Generative | Naive i Manual Generative | Naive | Manual Generative
W (utt, 2)(1) 0% 37% 29% 0% 36% 18% 0% 46% 37% 0% 48% 28%
C(utt, 2)(1) 0% 56% 10% 0% 52% 15% 0% 50% 27% 0% 56% 32%
P(utt,2)(1) | 0% % | 7% | | o% % | 8% | | 0% 0% 13% 0% 0% 6%

Table 4: Comparative analysis of the three concatenation approaches: Naive, Manual, and Generative.
Notably, the Manual method demonstrates pronounced efficiency in reducing utterance length.

Our approach, incorporating both manual and generative methods, achieves
a more diverse range of explicit and implicit concatenation compared to existing techniques.

Notably, MixX did not involve implicit concatenation. []
“Naive” refers to the original construction method of MixX, meaning concatenation using only and, and then, and and also.

Particularly, manual concatenation often resulted in shorter utterance lengths.
Conversely, generative concatenation uniquely led to the use of pronouns. ]

Natural Language Processing Lab.,
Hanyang University.




Evaluation - SOTA Models with BlendX

- Evaluate Baseline —
F- Accuracy in Multi-label Classification

Model Option Datas e : We only considered it correct in cases of a exact match.

Training Test SNIPS ATIS Banking77 CLINC150
MixX MixX  95.96*. 76.80* 76.11 85.60 Label @ OO OO @
abe
TFMN " "MixX  BlendX  51.01© 50.40 36.96 4615 |
BlendX BlendX 92.96 76.00 62.69 78.06
MixX MixX  95.88*. 91.48* 0.06 86.85 Prediction 1 @OOOO@ < wrong
SLIM | MixX  BlendX 9296 64.09 0.06 74477 |
: : : : Prediction 2 @OOOO@ < wron
BlendX BlendX 9572  77.33 0.10 84.44 5
gpt-3.5-turbo ) Ibox b 3900 28:02 4599 L Prediction 3 @OOOO@ < wrong J

BlendX 73.23 29.96 22.76 40.98

For (un)supervised SOTA models, we consistently observe a performance drop ) on our BlendX datasets
with explicit as well as implicit concatenations.

* 3-Baseline: implemented without slot-filling part
v TFMN: predict # of intents k, and then top-k intents over the probability distribution
v' SLIM : threshold-based classification model using sigmoid function
ChatGPT : OpenAl’s generative model (gpt—3.5—turbo—0613)

Natural Language Processing Lab.,
Hanyang University.
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Conclusion

# Contribution

BHOFI O Natural Language Processing Lab.,
HANYANG UNIVERSITY Hanyang UniVerSity.




Main Findings

#1 Selection

- ldentified limitations in existing multi-intent datasets Single-Intent Datasets | give me the round trip flights _
— from ~ wednesday atis_flight
ixX: Reli licit t tion th hth -— > give me the fares for round tripflights
- MixX: Reliance on explicit concatenation through the CLINC150 from — wednesday atis_airfare
'and' connector.

#2 Concatenation

 BlendX: Constructing a more complex and realistic HIBIAVEES SEendAL
multi-intent dataset — LI various conj. Naive
' and then ogririggigi Manual
Proposed 3 novel concatenation approaches and also corelerence |
. . . enerative
: Nalve, Manual, Generative WV V.
Beyond random sentence selection, give me
: Ca the round trip flights give me
applled a S|m|lar|ty—based strategy from ~ wednesday the fares and
in the generative concatenation approach. and give me round trip flights
. .o . ) the fares for round trip flights from ~ wednesday
Designed 3 statistical metrics for comparing and from ~ wednesday
validating BlendX against the existing MixX: W, C, P Multi-Intent Datasets
Upcoming dataset release #3 Evaluation M'XBLdX
. . . ix en 1X en
- Extensions of MixX (CLINC150/Banking77) and e o @ :ﬁ« g
new publication of the BlendX dataset. e o I ChatGp .

custom metric baseline evaluation visualization

BHOFI O Natural Language P.roce§smg ab. -
HANYANG UNIVERSITY Hanyang UanerSlty.
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