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Task Definition



Multi-Intent Detection

« Multi-Intent Detection
- M4EA9I machine learning 2A|H| A A 2|6t classificationl| 5t 25
- Ztinstanced]| 2|=7F 421 7l{(multiple intent) 2HE 4= Q= classification task

. Intent 1
. Intent 2
. Intent 3
‘ Intent 4
@ intents
. Intent 6

000000

« Input: 1 utterance
* Output: 1 or more label(s)

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

Sigmoid

Tokenizer

oo AL ez XX 2785F. (Raw Utterance)

Natural Language Processing Lab.,
Hanyang University.




Datasets



Progress Update :: #01 Read papers on MID for survey

- List of papers w/ categories
- MID, Jointly-learning (w/ Slot Filling), MLC (Multi-Label Classification), Dataset

Acronyms Authors Released DETERNS Categories
CIBA  Multi-Point Semantic Representation for Intent Classification Jinghan Zhang, etal.  AAAI2020 EE(L)RCAW%E[\E MID 4/27
AGIE O ot MLltiple ntent betecson and SotFling ibognetal g ®  poups  dntvleamng 4
MCT&ALR Few-shot Learning for Multi-label Intent Detection Yongkui Lai, et al. AAAI2021 Tosljfgélfgg#g;‘) W/ dynarrlzﬁi‘thhreshold 4/27
SDJN  Joint Multiple Intent Detection and Slot Filling via Self-distillation Lisong Chen, etal.  ICASSP 2022 ,\;AiLXSA,\TIE’S Jointly-learning  4/27
ReLNet 11 el Rlations or oin Multipl Intent Detection and SlotFiling °"S" "B 8l EMNP2022  \glp  Jinaming 477
AIK  Towards Multi-label Unknown Intent Detection Yawen Ouyang,etal. COLING2022 Mt/lligivh(‘)l?z,s W/ OU&ESCODe 4/27
HBoL O herarchicalTeu Classicaton T lengetelEMNEZOR el et serris
??sasr:\lcl_es Balar\]/\(/:iitnthl\g$1tgrj$:isligrcl\lﬂausl:i_Dli?fst’z:}ileuE;(cfnC assfication YiHuang, etal. EMNLP2021 ReuFEirbsl\_/lzelj " w/ classMir&waalance 5/11
Cl\gllJ\ll;/TFll-T I\/Il'llti\-/li_aa gilnltnr;esrt]itvze;aesclzig;ecialization of Sentence Encoders vanvulc, etal FHNEP2022 M'\;XLTJTE y w/ COﬂtrazﬂt‘ivDe learning K
o e oot Doy oo o PN D g
s Enha;;::;% f:ti)r;'i :\:I]:e}trl] Elgl:)rltézfozieﬁgs?ea”d Sl Mengxiao Song, etal. EMNLP2022 I\:AI'XXSA,\T ||FS>§ Jointly-learning  5/11
DialogUSR DialogUSR: Complex Dialogue Utterance Splitting e e i, EMNLP2022  *propose the Dataset 5/11

and Reformulation for Multiple Intent Detection Findings datasets: DialogUSR

SHOFL}| Ot Natural Language P.roce.f,sing Lab., .
HANYANG UNIVERSITY Hanyang UnlverSIty.




Progress Update :: #04 Visualization of utterance embedding

1. Single-intent dataset?| M%
- M C|O|E{All : SNIPS, ATIS, Banking77, CLINC, SLURP

DATASETS Z2E5 | #Domain | #intent | #Utterance AL2IHs M
SNIPS 1 7 14,484 High
ATIS el 1 22 5,871 High
Banking77 1 77 13,083 :'L'i:messing required)
CLINC e 10 15x#(Domain) 23,700 High
HWU64 e 21 64 25,000 Mid (Ambiguous utterances)
Chatbot Corpus fld 1 2 206 Low (Too few intents)
StackExchange Corpus fld 2 12 290 Very Low (not utterance)
M2M b 2 3 (1,500) Low (Multi-turn)
MultiwoZ 2.2 b 8 2 (8,438) Low (Multi-turn)
MDC ** 3 11x#(Domain) (10,087) Very Low (intent = Act)
SGD i 16 86 (16,142) Low (Multi-turn)
SLURP * 18 T 16,521 High

Natural Language Processing Lab.,
Hanyang University.




Progress Update :: #04 Visualization of utterance embedding

2. Single-intent dataset9_| AlZtst
Cl|O|E{Al B Al 2=} A1k SNIPS G| A|
o MZ CtE intentE 7HA| A2t embedding space & 7PIH2 utterance=2 SAFSHQ|O|A,

:F7$H EJHC> |LI

- “utterance”: add la voce to my dubstep
dangles dirty playlist
- “intent”: addtoplaylist

- “utterance”: play a song by nash the slash
- “intent”: playmusic

50

=50

- “utterance”: show the sad songs for dirty
lovers album
- “intent”: searchcreativework

intent

® ratebook
addtoplaylist
getweather
bookrestaurant
playmusic
searchscreeningevent
searchcreativework

- “utterance”: find the book cold comfort
- “intent”: searchcreativework

- “utterance”

ot ot

HANYANG UNIVERSITY

: rate the book spells

- “intent”: ratebook

and philtres five points

Natural Language Processing Lab.,
Hanyang University.



Progress Update :: #04 Visualization of utterance embedding

2. Single-intent dataset2| A|ZI5}
- CllO[E{Al & A[Zfa} Zaf: ATIS G| A|
o Zrintent & 78 20| 0HZF

o intent 00| M3HH|O|E{ MO 2, ZH|2| 7T0%E AtR|6F= intent(flight) A|2| &
Al A2 =tol

100

intent=flight
6 80 . ® intent=airfare
L]
. . ¢ o e intent=ground_service
' ° é. . A ® intent=abbreviation
L]
= 60 .. ° “®° ‘e o8 intent=airline
.‘"“ *- o & o ® intent=quantity
40 40 - J P 5 - P '. . ® intent=aircraft
4 .V * %, " -1 intent=flight_time
20 20 a2s, = KX o®° intent=flight#airfare
1 [ . e °° . .
o » .’ intent=city
© S (] ;2 ’ ¢ U ® intent=capacit
= B Coslry s o ¢ = ".;‘“-: ': ")... .”... °% ".". ¢ ° intent—air'::Jorty
> L] ° L] .' (1 -
". a g < .ﬁ [ 5 "o"‘..’ >° & ® intent=airline#flight_no
- (e - [
20 -20 ‘ = . o ','.a“ . e intent=distance
. Y o s® o [ ] “ ® intent=meal
. ’ \ LY
-40 _40 .o , A w . o intent=ground_fare
" > S v ] ® intent=restriction
3 C & ’ u‘ ° :. ° intent=flight_no
-60 f) (] ‘? intent=cheapest
-
_80 S— % Y intent=aircraft#flight#flight_no
X
-80 [ ® intent=ground_service#ground_fare
e intent=airfare#flight_time
=50 0 50 100 -50 0 50 100

A flight 28 A flight X 2|

Natural Language Processing Lab.,
Hanyang University.




Mutti-Intent Classification Datasets

MIC #0 MixSNIPS

* SNIPS: single intent classification, slot filling (introduced by Coucke et al. 2018)

- One of Natural Language Understanding benchmark from Snips
- Size: <2000 utterances over each intent
- Label: 7 intents (from APl.ai, Wit.ai, Luis.ai, Alexa and Snips)

Intent sample
= seathCreativeWork = AddToPlaylist

Find me the | Add Diamonds to my roadtrip playlist
Robot television show = RateBook
=  GetWeather Give 6 stars to Of Mice and Men
Is it windy in Boston = SearchScreeningEvent
MA right now? Check the showtimes for Wonder Woman in Paris

= BookRestaurant
| want to book a highly rated restaurant for me and my boyfriend tomorrow night

= PlayMusic
Play the last track from Beyoncé off Spotify

* Repository: /sonos/nlu-benchmark/tree/master/2017-06-custom-intent-engines
* Leaderboard: paperswithcode.com/dataset/snips & snips_built_in_intents

SHOFL}| Ot Natural Language P.roce.f,sing Lab.,
HANYANG UNIVERSITY Hanyang UnlverSIty.



https://github.com/sonos/nlu-benchmark/tree/master/2017-06-custom-intent-engines
https://paperswithcode.com/dataset/snips

Multi-Intent Classification Datasets

MIC #1 MixSNIPS

* MixSNIPS: multi-intent classification, slot filling (introduced by Qin et al. 2020)

Advanced SNIPS for multi-intent classification

Just concatenate sentences using “and”
with different intents

- Ratio of sentences: [1, 2, 3] intents [0.3, 0.5, 0.2]
Size: 50,000 utterances
Label: 7 intents (up to 3-label)
* Repository: /LooperXX/AGIF
—Leacerbears
- Intent Detection: 97.7 (accuracy)
- Slot Filling: 96.4 (F1)

Srg ot ul
HANYANG UNIVERSITY

Hanyang University.

Natural Language Processing Lab.,
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95
96
97
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99
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101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116

_— BookRestaurant

book 0

ao

reservation 0

for 0

my B-party_size_description
mommy I-party_size_description
and I-party_size_description
i I-party_size_description
at 0

a0

restaurant B-restaurant_type
in 0

central B-country

african I-country

republic I-country

and 0 _— PlayMusic

then 0

play 0

the 0

newest B-sort
melody B-music_item
on 0

last B-service
fm I-service

by 0

eddie B-artist
vinson I-artist

BookRestaurant#PlayMusic

*intents (indicator: '#’)
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https://github.com/LooperXX/AGIF

Multi-Intent Classification Datasets

MIC #2 MixATIS

* MixATIS: multi-intent classification, slot filling (introduced by Qin et al. 2020)

*

*

with different intents

Advanced ATIS for multi-intent classification
Just concatenate sentences using “and”

- Ratio of sentences: [1, 2, 3] intents [0.3, 0.5, 0.2]

Size: 20,000 utterances

Repository: /LooperXX/AGIF

Leaderboard: paperswithcode.com/dataset/mixatis

Label: 22 intents (up to 3-label)

- Intent Detection: 76.3 (accuracy)
- Slot Filling: 88.3 (F1)

- Semantic Frame Parsing: 43.5 (accuracy)

Srg ot ul

HANYANG UNIVERSITY

Natural Language Processing Lab.,
Hanyang University.

O 00 N O U & W N B

N NN R R R B R B B B B 2
N B © © 00 NN O Ul B WIN R o

_—> atis_capacity

how 0

many 0

passengers 0

can 0

a0

boeing 0

737 B-aircraft_code
hold 0

and 0 _— atis_flight

also 0

flights 0

from 0

pittsburgh B-fromloc.city_name
to 0

baltimore B-toloc.city_name
between 0

10 B-depart_time.start_time
am I-depart_time.start_time
and 0

2 B-depart_time.end_time

pm I-depart_time.end_time

atis_capacity#atis_flight

*intents (indicator: '#’)
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https://github.com/LooperXX/AGIF
https://paperswithcode.com/dataset/mixatis

Progress Update :: #04 Visualization of utterance embedding

2. Single-intent dataset2| A|ZI5}

- multi-intent utterance®} single-intent utterance 7t embedding H| 1
MixSNIPS SNIPS

15 — i 4
. o e o '. 2
10 . e , o .:: "‘ '°. ; oo
.’ .:'. ..‘. , B [ .. .~. ‘..
‘“.o...o...‘..fb:oo
0 3 %3:”3'(.'- '.o..~ ® e
(e
Y T ORI T
— ) ™Y = ..’ ' P ‘ 3 ke
™ o A ® " o
-10 ™ ° e r :. L »
9 ° )
> e, - label
i o o o . s e AddToPlaylist & SNIPS
° e e RateBook
A — : T - | *  AddToPlaylist#RateBook | < MixSNIPS

- multi-intent®l AddToPlaylist#RateBook at&i0|
single-intentQl AddToPlaylist &1} RateBook ot AHO|0]| $&]gh

Natural Language Processing Lab.,
Hanyang University.
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Approach



MLC with Threshold

« Apply Sigmoid for multi-label classification problem
- classification threshold2 default®2 0.52 M4

1.00

ening  playList Rest 1
Work Event i estauran

if threshold = 0.5, Choose intents % I
with > 0.5 020
0.00 Search Search Add To Book Se
PlayMusic RateBook Creative  Scre ‘eather

Input: 1 utterance
Output: 1 or more label(s)

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

Sigmoid

Tokenizer

oo AL ez =XX| 27853, (Raw Utterance)
Natural Language Processing Lab.,
Hanyang University.




MLC without Threshold - OVvR

o Use One-vs-Rest Method

- A heuristic method for using binary classification for multi-class classification

A O0F=0 H= oS sk
- I—abel‘l‘ |_|-|:|—| Ol;ﬂ T'__‘ITEEE Q||-I=I;
@ CLASSO
10.0 1 A CLASS1
75 4
50 - Aa
- 25- ‘
E o) af’
-25
5.0
-75
3 - = = b6 3 3 %
ATTRO
@ CLASSO
50 A CLASS1
75 4
5.0 - Aa
= 251 A N
E 00 &
-25 4
-5.0 4
-75 4
8 6 -4 -2 0 2 3 6
ATTRO
OrF LSt ul

HANYANG UNIVERSITY

19|19 ==0j|M 2= O]

2l

—

H =
T

ELENNE

ATTR 1

@ CLASS 0 & CLASS 1

@ CLASSO

A CLASS1

V¥ CLASS2
= CLASS 0 line
——— CLASS 1 line
CLASS 2 line

-2 0
ATTR O

Multi-label classification using OvR

Natural Language Processing Lab.,
Hanyang University.
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Generative Classification

« Apply text-to-text framework
- Decoder-style B20| input@ £ B2 utterancel| L5l outputS 2 25t label
XetZ S36I L E transfer learning

intent1]
ya= A#E M X| AA |4 H|AHO|M
Ae. o H#=5X] 3 -" [A4|0]:3 + Input: 1 utterance

i i E i ﬂ concatenate Output: 1 or more label string

Transformer Decoder Encoder-Decoder
/
Decoder-style
Pretrained
Language Model

oo RART -TE GCPTR2 \
(S8 DA, 1,91 139,

oo AL ez =XX| 2785F. (Raw Utterance)

Natural Language Processing Lab.,

. . 17
Hanyang University.




Baseline



MLC without Threshold - jointly-learning

> TFMN) Chen et al. A Transformer-based Threshold-Free Framework for Multi-
Intent NLU, COLING, 2022

* Multi-task learning: #01 + #02 + #03

° Suggestlon #01 IND cls: classify # of intent
: ' . 0!ND;
#03 Slot cls: Tnent-Classiier) #02 Intent m: B
seq labeling Y classify top-k multi-intent

based on prediction of IND

#00 token-levelfintent feature

E“ff’f’“’ taken from top {j layer of encoder

----- Freeze

FC Je—H Encoder —>»{ FC L_i
FC ]1——( En;;);lel' ]——b[ FC
C e )

Encoder ]

i

- Transformer-based thresholdless multi-intent NLU framework w/ 3 multi-task
learning - Intent cls, IND cls*, Sot cls
* IND task: an auxiliary task, model detects the number of intents in each utterance

- The output of each upper j-layer in the encoder is used to generate multi-grain
representations at different levels of granularity (passed through FC and just
sum them up)

Natural Language Processing Lab.,

. . 19
Hanyang University.




MLC without Threshold - jointly-learning

« Classify top-k multi-intent based on prediction of IND
- Intent Number Detector®| Z1+E HIEFO 2 DynamicotA| K7H2] intent AEH

1.00

= 0.80
Letk =1, > Choose 080
( top — 1 intents 3
R 0.00 v - gean:vlf Searc.h Add To Bk
y = 1 PlayMusic  RateBoo ::,:::e Scl';ev':':::‘g PlayList Restaurant{ Weather
I ]h @ Intent Number Detection (2 Multi-intent classification
— B « Input: 1 utterance « Input: 1 utterance
Softmax) (Sigmoid « Output: 1 label (# of intent)  + Output: 1 or more label(s)

.

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

Tokenizer

oo AL ez =XX| 27853, (Raw Utterance)
Natural Language Processing Lab.,
Hanyang University.
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Progress Update :: #03 Test MID w/OpenAl API

Action Item #03 Test MID w/ChatGPT

e Result Table

model dataset metric score set. note
1 TFMN MixSNIPS ~ Accuracy 0.977 O[Z= multi-intent &=A] 1124
2 text-davinci-003 MixSNIPS ~ Accuracy 0.7312  zero Of|Z = multi-intent #=A 2A|
3 text-davinci-003 MixSNIPS ~ Accuracy 0.546 few Of|Z = multi-intent #=A 2A|
4 gpt-3.5-turbo MixSNIPS ~ Accuracy 0.8208 zero OflEE multi-intent A1 2A|
5 gpt-3.5-turbo MixSNIPS Accuracy 0.8508  zero . iﬁf;i;ﬁfgggﬁgéﬁg éc';—?li)
6 gpt-3.5-turbo MixSNIPS ~ Accuracy TBD  few Of|ZE multi-intent A 2A
model dataset metric score set. note
7 TFMN MixATIS Accuracy 0.798 O|Z= multi-intent &=A] 1124
8 text-davinci-003 MixATIS Accuracy 0.327  zero Of| &l multi-intent &A1 2A|
9 text-davinci-003 MixATIS Accuracy 0.268  few Of| &l multi-intent &A1 2A|

- Metric: overall accuracy
*accuracy 7|2 2t5t A intent + 21 2| intentE 72 detectel A2 HE O 2 22|
- Model: text-davinci-003, gpt-3.5-turbo

T ] Natural Language P.rocegsing Lab.,
HANYANG UNIVERSITY Hanyang Unlverslty.




Progress Update :: #03 Test MID w/OpenAl API

Action Item #03 Test MID w/ChatGPT

 Analysis of Results

model dataset metric score set.
TFMN MixSNIPS Accuracy 0.977 MixSNIPS #(Utterance)

e . #(intent)
text-davinci-003 MixSNIPS Accuracy 0.7312| zero

1
2
3 text-davinci-003 MixSNIPS Accuracy 0.546
4

d = OO
gpt-3.5-turbo MixSNIPS Accuracy 0.8208 zero - 550 9 83
1,25 1,794 1,4

5 gpt-3.5-turbo MixSNIPS Accuracy 0.8508 zero - 500 365 -88

6 gpt-3.5-turbo MixSNIPS ~ Accuracy _ 34 )
g
7 TFMN MixATIS  Accuracy 0.798 2
8 text-davinci-003 MixATIS Accuracy 0.327| zero - 2

9 text-davinci-003 MixATIS Accuracy 0.268| few total 2,500 2,500 2,500

- text-davinci-003 7|&, 2= O|O|E{AlI0| A Zero-shot 2Lt Few-shot As0| &
- Zero-shot LHH| Few-shot0|A] SID(Single-intent Detection)dj| L5l 2 =2| M= A5}
- single-intent utterance 7507l &, 60% 0|42 multi-intent2 detect@} (MixSNIPS)

T ] Natural Language P.rocegsmg Lab., -
HANYANG UNIVERSITY Hanyang Unlverslty'




Contents

« Single-intent to Multi-intent

- Single-intent Datasets
- Multi-intent Datasets

o Multi-intent Detection SOTA baselines

- TFMN
- SLIM
- ChatGPT

« Concatenation -side

« Selection -side

Natural Language Processing Lab.,
Hanyang University.
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Our Approach



Abstract

o OIO|E] 1= 2tH 0f| A 2] Multi-intent setting
- 7|29 naive oA HetEl multi-intent utterance settingS H4140 2 1135t
HAHO 2H| 2 B
> BHO0| (22 azto)) TESE|0f| 25| O 1 0| HZ6HA Hetb=
e LJ[O|E{ Al Z7H

multi-intent

utteranc

* play an album by roni duani can i get the game list of mew

singles
£ how much is limousine service in los angeles is there ground

transportation available at the denver airport

MixSNIPS MixATIS

Multi-intent Datasets
Soft

 EChdad Qe HSEA 23

o A, AR, 45/, =M S EE

SHOF L) Ok
2 Hanyang University.

HANYANG UNIVERSITY

- Ban ki ng77 * Template-based Concatenation =
« Template-based Concatenation - HAAEE: () - SYUSHFO|/SAL Y
= =20 o
- MAALEIR. - CHHAL A|A[0] S AL
o e owar mearmtss, ||+ Sentence slection it
» 1O =L ) g : Utterance Representation 28 TR ==
CLNC].SO after, because, than, where, while, if, 1) Encode U P v :I(’
} unless, first of all, finally, | also )_ ncode tterance.. ector space N
would like to know, additionally intentH 2 clusteringE| =2 utterance » Sentence Selection
’ T embedding 8t& (HAA NOIEY
¢ Sentence Selection 2) M2 L2 intentO| |2t utteranceZt . =5t
o . Intent 28
SLURP : Simple Random Sampling Ha|7t 7174 271 utterance AMEH
_ e
e Intent & 3) Template-based merge = multi-intent s ~ etoe
(o0 A ABY IS utterance A4l L . -
q . DA LM IISAE LS = : - e
Single-intent Datasets sAEdrtsd==8 * Intent 28 S e o :
* MixSNIPS, MixATIS setting oln|M Htd =5 R TN GRS
SN2 tsd 2= S B — ;
I I j 7 l l 2 Natural Language Processing Lab.,
ot




Discussion

o OIO|E] 1= 2tH 0f| A 2] Multi-intent setting

Soft
/ Naive Approach h [ Compl.ex Approach
o oEdS 185HR| 2 « HCH A2 A= HHSEA =2 I
CHE A SRt . SIS Ab= 3 =
HSEA =2 + Template-based Concatenation o HEF 2B AR, M S EE
* Template-based Concatenation AN EIR: (ZIE) - SUSH0{/SAF A
- =0 \*-I'S
_ &AL and then, and, also, . Sentence Selection - CHBAL 214101 S AHS
— A ol _%ol'
next, for, yet, however, neverthf-_\les.s, . Utterance Representation 22 M7t Q= intent X!
after, because, than, where, while, if, -
. . 1) Encode Utterance: Vector spacedi|
unless, first of all, finally, I also . o . = .
would like to know, additionally intentE £ clustering=| =& utterance * Sentence Sele_ctlon
’ o embedding 8t& (A T EHe
* Sentence Selection . 2) M2 CH2 intentO| |2t utteranceZt . Intent X3t
: Simple Random Sampling 2|7} 7M7HR 27 utterance AMEH . 0|0| A ATM(ZLN) =S
_ o
* Intent ¢} 3) Template-based merge - multi-intent CSA| M TISAME =2
O0|H A F 2 utterance A4
L EA| L TSN e . Intent 23t
* MixSNIPS, MixATIS setting : o0 A =2
EA|EM IS OS
e.g. AS2t 7{ 11 BES 7 e.g. A 711 e.g. AS 711
1) A2 43 (#music.play:AS) =2 Z84|0|2|AE0| 2oy —EﬂOIEIﬁEOiI E0H
2) BE3 AHF (#movie.play:BES}) 1) AZ2 AAF (#music.play:AS2Y) 1) AS2 A3 (#music.play:AS2Y)

2) A2 EL0|2|AE0| 20l 2) A=t E2[0[2|AE0 20|
(#music.add_playlist:AS2t) (#music.add_playlist:AS2t)

BLOFLY O 1l Natural Language P.roce§sing Lab., -
HANYANG UNIVERSITY Hanyang Unlverslty'




Progress Update :: #05 Soft-complex experiment

1-1. Embedding-based utterance selection to merge
- A2t
6. 4tHO| A2 LI2 target utterancle candidate® 0r= = U= gt
L2t MEEl 510 utterances= template = 28610 concatenati

mln
S’ ol

M

ong 0|4
- — TS~
P RN
e S e.g.) intent7} 371l 2 multi-intent utterance=
/ \ ddot= 7tset =g
/ \
/ \
: L O r39m30,
0 @
l ll (T’ 4, 5)7 (T’ 4’ 6)7
\
\\ ,I (T’ 7, 5)7 (T’ 7’ 6)
\ /
\ / ‘ Random sample
N 7
N
S . -7 (T, 4,6)
- °J LHF,'_ =X} Z|E multi-intent utterance:
Z} embedding?| index T and 4 and then 6

Natural Language Processing Lab.,
Hanyang University.
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Progress Update

Action Item #09 Combine single-intent utterances to a multi-intent
utterance

« Concatenation

oo oeptn | comue

AGIF setting MixSNIPS, MixATIS AF2St conjunctions ¢, and, and then, and also

Template-based S . Meso| 2 or, before, after
various conj. pool 5SS N olHnrste L SRR
aeloll= F2 4 042 conjunction & LH &8 additionally, finally
removal HZ0{7t of0]| gio| &= ot} ALSHM S02 4R 7+
Template-free o
removal + gerunds  HZO 0| L3I Ol = AAH AT 11 SISO Agt 71HY

ChatGPT-based Cosine sim. 0.7 0| A2l 27 22+ gpt-3.5-turbo 2 HZ *CHS S210| = 0f|A|

SHOFLY O 51 Natural Language Processing Lab.,

HANYANG UNIVERSITY Hanyang UniVerSity. 2




Progress Update

Action Item #09 Combine single-intent utterances to a multi-intent

utterance

« Concatenation
- Cherryee

what are the flights between washington dc and columbus ohio | atis_flight 0.9227 What flights are available between Washington DC and Col
what airlines fly between washington dc and columbus ohio atis_airline | umbus Ohio and which airlines operate them?

h he flights fi tis_flight
what are the l.|g ts from cl?veland to dallas ats e What are the flights from Cleveland to Dallas, and what typ
what type of aircraft are flying from cleveland to dallas before 0.8041

noon

atis_aircraft

e of aircraft are flying before noon?

- Lemon‘@
What are the fees for top-ups? top_up_by_bank_transfer_charge 0.9g13|Vhat are the fees for top-ups, whether by bank transfer or
What are the fees for top ups? top_up_by_card_charge ' by card?
what are the flights from milwaukee to seattle atis_flight 0.7230 What are the flight numbers from Milwaukee to Seattle and
flight numbers from chicago to seattle atis_flight_no | Chicago to Seattle?

BHOFY Ol Natural Language P_roce;sing Lab.,
HANYANG UNIVERSITY Hanyang Unlver‘slty.
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Experiment

« Ours vs mix- setting

2nd) 23.10.16

Model

Option

Dataset (accuracy)

training test

SNIPS ATIS Banking77 CLINC150

supervised tfmn-sf

mix-setting mix-setting
mix-setting our setting
our setting our setting

95.96 76.80 76.11 85.60
51.01 50.40 36.96 46.15
92.96 76.00 62.69 78.06

slim-sf

mix-setting mix-setting
mix-setting our setting

95.88 91.48 0.06 85.85
92.96 64.09 0.06 74.47

our setting our setting 95.72 77.33 0.10 84.44
unsupervised gpt-3.5-turbo - mix-setting 7756 33.60
=~ our setting 7323 29.96 40.98
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Discussion

o OIO|E] 1= 2tH 0f| A 2] Multi-intent setting

fail 2% 16% 7% 14%| 22% 41% 10% 10% 15% 22% 6% 9% 23% 19% 1% 13%]
SNIPS n=91 ATIS n=100 Banking77 n=100 CLINC150 n=100
A B C [ D E E' A B C C D E E' A B C C D E E' A B C C D E E"
value| LENGTH(0 0J3f7} 2I3Pil S7F5H= Z&Hbanking77 o), 4 Ol3 B oAl 22)
-1 1
-10| 1 1 1
-9| 2
-8| 1 1 1
7| 1
-6 1 3 1 1 1 2 2
5] 7 7 2 1 1
-4 4 3] 1 2 2|
-3 4 4 1 2 2 7 7 1 4 4
-2| 8 7 2| 2 3 2 4 4 4 2 5 4 1 3 3]
-1 1 10 7 6 4 6 10 8 5 2 6 6 3 2 2 4 12 10|
0| 36 19 16/ 31 12 10 36 13 6 33 n n 34 20 17 33 9 8| 43 20 19 35 9 8
1 29 a5 31 30 47 29 28, 32 43 39 34 52 32 32 35 a4 45 36 52 46 43 31 40 42 34 48 25 22|
2| u 18 16 14 13 9 7 68 21 13 10 15 7 7] 64 9 mn 9 9 7] 69 12 12 9 12 10 8
3 8 7 5 3 13 5 14 14| 1 5 5 5 5| 8 6 8 8
;;",‘;fzo 4 6 6 3 1 4 2 s 5 2 1 3 3 s 3 n 9
5 4 2 2 1 5 2 4 4 2 1 3 3 6 6
6| 2 1 1 1 5 2 2 1 3 3 1 5 4
7 1 1 2 2 1
8| 2 1 1 1 1 1 1 1 1 1
9 1 2 1
10| 1 1
n 1 1 1
19| 1
25 1
00l3 0 37 29 23 3 38 35 o 36 18 6 33 35 2 0 46 37 27 39 29 28| 9 48 28 2 40 30 27
1~4) 100 63 61 57 60 46 39 100 64 69 51 67 58 58 100 53 63 51 6l 63 58 100 52 67 52 60 54 47
5014} o o 10 4 0 7 4] o o 3 2 o 7 7] 0 1 Y] o o 8 5| 0 0 5 4 o 16 13]
00[3t/40]5H 0% 59% 48% 40% 52% 83% 90%] 0% 56% 26% 12% 49% 60% 43%| 0% 87% 59% 53% 64% 46% 48%| 0% 92% 42% 48% 67% 56% 57%|
40[3fmean 17100 0.8000 11222 1.2000 0.8022 -0.0M9  -0.2432 1.6800 0.8500 1.2989 13509 0.8200 -0.0215 0.7831] 1.6600 0.4848 0.4500 0.6667 0.6000 0.4348 0.3837] 1.6900 0.5700 1.0000 0.9351 0.6600 0.8452 0.7838
SUM| 100 100 100 84 91 91 78, 100 100 100 59 100 100 90 100 100 100 78 100 100 9| 100 100 100 81 100 100 87|
mean| 171 0.818182 1.79 143 0.8022 0.7143 0.1026 1.68 0.85 1.95 1.4746 0.82 038 11667 1.66 0.54 0.45 0.6667 0.6 0.93 0.7363 0.57. 1.24 11728 0.66 17100 1.5632|
AND + Conjunction
-1 3 1 5 4 1 1 2 1 2 2|
0| 56 10 7 45 3 52 15 2 50 9 3] 1 50 22 18 42 18 13] 56 30 20! 50 7 1
1 100 36 58 49 37 72 66, 100 40 35 21 40 49 47| 99 35 37 27 47 53 49 100 35 4 35 40 61 57|
2| 8 24 22 9 13 10/ 8 42 32 10 28 28] 15 29 22 11 24 24 9 26 24 10 29 27|
3 8 6 3 1 7 3 5 5 5 5 3 3 1 1 1
4] 1 1 6 6 2 2 1 1]
oojgH 0 0 0 0 0 0.000 0.000 0 o 0 0 o 3 1 0 0 5 4 0 1 1] ) 0 2 1 0 2 2|
00|35t} 0 56 0 7 45 3 1 ) 52 15 2 50 12 4 1 50 27 22 42 19 14| 0 56 32 21 50 9 3]
SUM| 100 100 100 84 91 91000 78000 100 100 100 59 100 100 90 100 100 100 78 100 100 91 100 100 100 81 100 100 87
mean 1 0.52 13 1321429 0.6044 1176 1141 1 0.56 144 1.6610 06 141 1.5667| 0.99 0.65 113 11538 0.69 113 1.1978 1 0.53 0.94 1.0494 0.6 12 1.2529
AND (ChatGPTE AGIF2| naive ion_and 9} CHE WAIS AF83#S 2102 7Irf) > mean ZHY ChatGPTE concatdl] andE AGIFECH Ci! ABE
-1 2 1 5 4 2 1
Conj. 0| 88 38 25 78 12 7 85, 29 7 86 21 12] 86 49 40 84 45 38 84 55 37 86 28 18]
RIH: <0 1 100 12 62 59 13 78 7 100 15 70 51 14 77 77| 100 14 46 34 16 51 50 100 16 45 44 14 72 69
2| 1 1 1 2 2
00|53t} o 88 38 25 78 12 7 o 85 29 7 86 23 13| 0 86 54 44 84 47 39 0 84 55| 37 86 28 18
SUM 100 100 100 84 91 91 78, 100 100 100 59 100 100 90 100 100 100 78 100 100 9| 100 100 100. 81 100 100 87|
mean’ 1.00 0.12. 0.62 0.70 0.1429 0.8791 0.9103] 1.00 0.15. 0.72 0.90 0.14 0.75 0.84 1.00 0.14. 0.41 038 0.16 0.53 0.58 1.00 0.16 0.45 0.5432 0.14 0.7200 0.7931
Conjunction(ChatGPTi= and 0] 22| HZAHE Cf B0 AB317LE HZALE O] PEER]
a 2 1 1 4 4] 4 4 3 2 2 2|
0| 100 68 45 41 58 70 63 100 67 38 19 64 49 42 99 64 37 25 58 39 34| 100 72 55 41 64 51 44
1 24 44 35 24 15 12 25 54 36 26 37 35 21 46 37 31 48 46 19 37 33 26 44 40
2| 8 9 7 9 6 3 8 6 3 10 5 5 15 10 9 11 9 7| 9 5 5 10 3 1
3 2 1 2 1 7 7] 3 3
00|t} 100 68 45 4 58 70 63, 100 67 38 19 64 51 43 100 64 4 29 58 43 38 100 72 58 43 64 53 46
SUM| 100 100 100 84 91 91 78, 100 100 100 59 100 100 90 100 100 100 78 100 100 9| 100 100 100 81 100 100 87|
mean 0.00 0.4 0.68 0.62 0.4615 0.2967 0.2308 0.00 0.41 0.72 0.76 0.46 0.66 0.72 -0.01 0.51 071 0.77 0.53 0.62 0.62 0.00 0.37. 0.44 0.5062 0.46 0.4800 0.4598
Pronoun (ChatGPT7} 2kg Z $ICHH CHAALS ALSSHE HOICH > mean Z¥ £3
-3 1 1
-2| 1 1 1 1
- 2 2 2 3 1 5 2 2 7 7 3 1 1 1
0 100 100 93 81 91 66 70, 100 100 92 58 100 86 79 95 100 87 70 100 80 72| 100 100 94 78 100 78 74§
Pronoun 1 4 1 22 6 8 1 0 9] 9 4 12/ n 3 2 21 12
|oy: 21 2 1 1 1 1
00| 2| 0 0 3 2 0 3 2 o 0 o 0 0 3 1 5 o 4 4 0 7 7] o 0 3 1 0 1 1
10| AH 0 0 4 1 0 22 6] 0 0 8 1 0 m 10| 0 0 9 4 0 13 121 0 0 3 2 0 21 12|




Opinion

« Research Scope: focusing on “complex multi-intent” detection
- oA 2R ollAS MIDO| HESHs HO2 ofA Hlet
- Complex Ml utterance®] slot-filling= Z1E&Ql 8IAlo 2 MA3F17| 022

e.g.
- 2} 0{&E token2 2 714, tokenO}LC} slot labeling= 21
- intent1: 2}C| 2 &, intent2: &5 24
slot1: concern with intent1, slot2: concern with intent2

Simpl;MI setting Complex M setting

E0{F | slot1,2 ?

ot A1 S5 =0 otC| 2 21A| 501+
« intent label - intent1, intent2 * intent label - intent1, intent2
* slotlabel > token slot BIO *  slotlabel > token slot BIO
2iC| 2 slot1 B 2iC| slot1 B
7{i1 slot1 | 2 slot1 I
=5 slot2 B
[

=0 slot2

- slot tag”| sequential 52| 942
- 7t intent-slot labeling 7Hs: (BIO tagging =71
- 1712] token0i| 271 O| 42| label 244
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