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Abstract

The focus of this work is to investigate unsuper-
vised approaches to overcome quintessential
challenges in designing task-oriented dialog
schema: assigning intent labels to each dia-
log turn (intent clustering) and generating a set
of intents based on the intent clustering meth-
ods (intent induction). We postulate there are
two salient factors for automatic induction of
intents: (1) clustering algorithm for intent la-
beling and (2) user utterance embedding space.
We compare existing off-the-shelf clustering
models and embeddings based on DSTCI11
evaluation. Our extensive experiments demon-
strate that the combined selection of utterance
embedding and clustering method in the in-
tent induction task should be carefully consid-
ered. We also present that pretrained MiniLM
with Agglomerative clustering shows signif-
icant improvement in NMI, ARI, F1, accu-
racy and example coverage in intent induction
tasks. The source codes are available at https:
//github.com/Jeiyoon/dstc11-track2.

1 Introduction

Why Intent Induction? We humans are general-
ists. During a conversation, we listen to the other
person’s utterance and naturally grasp which intent
of the utterance is. With the skyrocketing demand
for conversational Al, however, the more user ut-
terances a dialogue system encounters, the more
unknown intents it does. Predefining user intent is
expensive and it is impossible to annotate all the
user intents.

Since provided user utterances are unlabeled, in-
tent induction (Haponchyk et al., 2018; Perkins and
Yang, 2019; Chatterjee and Sengupta, 2020; Zeng
et al., 2021; Zhang et al., 2022) focuses on discov-
ering user intents from user utterances. However,
previous studies did not conduct an in-depth analy-
sis of the application of existing models to intent
induction that might cause performance degrada-
tion problems (Zeng et al., 2021).
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Agent: Hello, you are currently speaking with Rivetown Insurance
customer service. My name is Julian, How may | be of service to you?

Customer: The services | have being receiving from your company has
been encouraging and my intent is to increase or enroll for more
plans with you.

Agent: Whoa, that is such an encouraging word coming from you. So,
which of the plans do you wish to register for?

Customer: | would like to enroll for the life insurance policy.

dialog act: ['/nformIntent’], intent: ['‘EnrollinPlan']

Agent: That won't be an issue, | can help you get registered right away.
Customer: Ok then, but first can | get my current policy number.

dialog act: ['Informintent’], intent: ['GetPolicyNumber']

Agent: Of course, | can help you get that.

e e e e

Figure 1: A sample segment of conversation transcript.

Dataset Domain #Intents  #Utterances
DSTCl11 40 insurance 22 66,875
DSTCl14est  insurance 22 913

Table 1: Statistics of development dataset.

Our Approach. Intuitively, for good intent in-
duction, user utterances must be well represented
in the embedding space, and good clustering algo-
rithms must be employed to capture latent barycen-
ters of user intent clusters to handle both predefined
and unseen intents well.

In this paper, We postulate there are two salient
factors for automatic induction of intents: (1) clus-
tering algorithm for intent labeling (Cheung and
Li, 2012; Hakkani-Tiir et al., 2015; Padmasun-
dari, 2018) and (2) user utterance embedding space
(Wang et al., 2020; Song et al., 2020; Gao et al.,
2021; Chuang et al., 2022; Nishikawa et al., 2022).

We analyze how the two key factors affect to user
intent clustering and intent induction. Our exten-
sive experiments with existing models demonstrate
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that pretrained MiniLM with Agglomerative clus-
tering shows significant improvement in NMI, ARI,
F1, accuracy and example coverage.

2 Task 1: Intent Clustering
2.1 Task Description.

A set of conversation transcripts are given as Figure
1, intent clustering model aims to (i) generate intent
labels and (ii) align each utterance annotated with
dialog act (i.e., "Informlintent").

Dataset. We conduct experiments on DSTC11
development dataset. It consists of 948 human-to-
human conversation transcript with speaker role, ut-
terance, dialog act, and intent. Testset is composed
of 913 customer utterances and corresponding user
intents. The dataset statistics are summarized in
Table 1.

Metrics. We follow the same experimental met-
rics employed in the DSTCI11 task proposal: Nor-
malized mutual information (NMI), Adjusted rand
index (ARI), Accuracy (ACC), Precision, Recall,
F1 score, Intent example coverage, and the number
of clusters (#K).

NMI is used for measuring dependency between
two different distributions:

I(X;Y)
NMI(X)Y)= 1
T TE N ) N
, where X = [X}, ..., X,| denote clustered labels,

Y = [Y1,...,Y;] are reference labels, I stands for
mutual information, and H is entropy.

ARI is a measure for computing similarities be-
tween clustered results and reference labels:

Nij
iy - S () 4B
5[A+ B] - [AB]/( )
,where A= 3", (%), B = > ( 7). nij = |X; N
Y |, a; is the number of clustered label X; and b;
is the number of reference label Y.

Both Precision and Recall measure many-to-one
alignments from clustered labels to reference labels.
F1 score is a harmonic mean between precision and
recall. After performing a many-to-one alignment,
Intent example coverage is determined as percent
of examples whose reference has a corresponding
predicted result.

2

2.2 Methods

Clustering Algorithm. Intent clustering focuses
on assigning dialog intents to each dialog. K-
means clustering (Lloyd, 1982), for example, re-
gards a set of conversation transcript 71, ..., Tp,.
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Each transcript 7 consists of turn-level dialog acts,
speaker’s role, whether it is Agent or Customer,
and dialog utterances X7, ..., X,; € R?. K-means
minimizes the following equation in the Euclidean
embedding space:

min
B, Br ERY

Z

, where {8, }£ | denotes centroid of each intent
cluster, [K] = 1,2, ..., K, u;, is alignment factor.
Equation 1 can be expressed as:

Z > il Xi = Belf3 : |_| Vi, =

k=11ieV}

min pi]| Xi — Brlls (3)

ke[K]

mln
Vi, ’

)

, where LI stands for disjoint union, and {V} }}*,
is intent cluster, determined by Voronoi diagram in
utterance embedding space.

Given initial intent centroids {8} }2*_,, we assign
each utterance embedding to its nearest centroid
(a.k.a., Expectation step):

121X = Bells < 11X — Bl13, }
(5)

Vi={ien

, where Vj € [K]. Then, we update the location of
centroids (a.k.a., Maximization step):

t|Z

eV

B+t =

(6)

We iterate equation 5 and equation 6 alternatively
until equation 4 converges.

In this paper, we conduct experiments with K-
means (Lloyd, 1982), BIRCH (Zhang et al., 1996),
Agglomerative clustering (Steinbach et al., 2000),
Spectral clustering (Yu and Shi, 2003), Bisecting
K -means (Di and Gou, 2018), and Variational op-
timal transportation (VOT) (Mi et al., 2018).

Embeddings. User utterance should be repre-
sented in the embedding space which is able to
capture universal and rich semantic information.
MiniLM (Wang et al., 2020) is an effective task-
agnostic distillation to compress transformer-based
language models. MPNet (Song et al., 2020) pro-
poses permuted language model for dependency
among predicted tokens and makes the model to
see a full sentence and auxiliary position informa-
tion. SimCSE (Gao et al., 2021) leverages a simple
contrastive learning framework. DiffCSE (Chuang



Clustering Method K -means Clustering

Metric NMI ARI ACC Precision Recall F1 Example Coverage #K
EASERoBERTA 334 142 280 28.0 69.0 399 43.9 5
EASEggrT 36.1 18.1 353 36.8 58.9 453 535 8
EASEE Rt 384 109 236 42.7 242 309 87.6 44
EASEroBERTA 458 254 40.0 43.7 60.7 509 65.6 12
DiffCSE% &1 438 155 294 49.5 30.6 378 90.1 40
DiffCSES} 5 pr 46.6 169 299 50.4 30.8 38.2 89.9 43
DiffCSESS s prra 53.9 290 451 57.2 46.8 515 91.1 30
DiffCSEY & Errr A 550 231 357 60.6 357 4409 96.7 50
SimCSE% g rr 31.7 133 279 27.9 65.0 39.0 43.9 5
SimCSEgprr 470 257 384 46.9 469 469 76.8 19
SimCSERopERTA 512 290 444 49.7 61.6 550 70.5 14
SimCSEgerT+ 530 27.8 3938 55.0 422 478 91.0 31
SimCSEBERT 53.1 244 390 60.5 39.5 478 96.3 44
SimCSEgoprrrasr 532 259 422 56.8 438 495 91.7 32
SimCSEroBERT A 56.6 28.8 427 60.8 433 50.6 91.3 36
SimCSEroperTA+ 568 289 413 62.5 41.6 499 98.4 42
Glove®"? 30,5 7.0 206 34.6 222 270 92.2 50
MPNet 59.3 323  46.1 66.0 47.1 54.9 96.5 42
MiniL Mg 59.3 357 526 62.2 549 584 92.4 28
MinilMyurriga 61.7 382 551 66.6 554 605 98.8 30
MiniLMp12 63.1 389 549 68.0 549  60.8 100.0 31

Table 2: Clustering results on DSTC11 dataset. We employ K-means clustering algorithm to all utterance
embeddings. m denotes multilingual model, v stands for unsupervised model, and + means large model.

Method DiffCSE  SimCSE  MPNet

250M 125M 110M

Minil.M
21.3M

# Param

Table 3: The number of parameters. Both DiffCSE and
SimCSE denote RoBERTa;,,. model.

et al., 2022) learns the difference between the orig-
inal sentence and a stochastically masked sentence.
EASE (Nishikawa et al., 2022) exploits sentence
embedding via contrastive learning between the
original sentence and its related entities.

2.3 Result Analysis

To analyze the effects of both embedding and clus-
tering algorithm, We first heuristically fix the clus-
tering algorithm and find the most meaningful em-
bedding. Then, we opt for the most suitable clus-
tering method based on the embedding.

Analysis of Embeddings. We show the exper-
imental results for analyzing the effect of embed-
ding space in Table 2. We observe that EASE
records poor performance in all metrics, followed
by averaged Glove embedding which shows the
worst result, though EASE is a large-scale model.
Note that both entity-aware contrastive learning
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and multilingual setting cause performance degra-
dation in dialog intent clustering task.

The results for DiffCSE also show that unsuper-
vised contrastive learning between original utter-
ance and edited utterance exacerbates model per-
formance in both STS and Trans tasks. Despite
the model size being twice smaller than DiffCSE
as shown in Table 3, SimCSE gets comparable
scores to MPNet, with a similar model size. Note
that MiniLM achieves remarkable performances in
both L12 setting! and MU LTIQA setting? in all
metrics. These results demonstrate that (i) perfor-
mance increases as the number of parameter de-
creases, which means excessively large embedding
model leads to performance degradation, and (ii)
the use of a student network which is trained by the
teacher’s self-attention distributions and guiding
layer improves intent clustering performance.

Visualization. Figure 2 gives UMAP (Mclnnes
et al., 2018) visualization of clustering results.
Note that we employ UMAP, instead of t-SNE
(van der Maaten and Hinton, 2008), because

"https://huggingface.co/sentence-transformers/
all-MinilM-L12-v2

Zhttps://huggingface.co/sentence-transformers/
multi-ga-MiniLM-L6-cos-v1
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Figure 2: UMAP visualization of intent clustering results with different embeddings based on DSTC11 development
dataset: (a) MiniLLM, (b) Glove, (c) Ease-roberta, (d) DiffCSE-roberta, (¢) SimCSE-roberta, and (f) MPNet. We
apply K-means clustering algorithm to (a)-(e) experiments.

Utterance Embedding MiniLM, |,

Metric NMI ARI ACC  Precision Recall F1 Example Coverage #K
Bisect K-means 32.2 139 238 26.0 67.4 37.5 37.0 5

vOT 53.8 31.8 485 54.1 53.5 53.8 84.8 20
Spectral 57.6 349 513 58.8 56.1 57.4 82.9 24
Agglomerative 579 342 518 58.0 55.4 56.7 88.6 23
BIRCH 59.9 329 463 64.6 47.0 54.4 100.0 47
K -means 63.1 389 549 68.0 54.9 60.8 100.0 31

Table 4: Clustering results on DSTC11 dataset. We apply MiniLMy , utterance embedding to all clustering methods.

UMAP preserves more global structure than t-SNE.
We observe that (b) - (d) vertically degenerated
into each embedding space. We also find that (a)
presents the most well-clustered result and covers
all intents (i.e., Example Coverage is 100.0) while
(e) and (f) embeddings suffer from relatively ill-
clustered result and outliers.

Analysis of Clustering Methods. In Table 4,
we observe that K-means method outperforms the
other models, followed by BIRCH. Note that VOT
records poor performance which means optimal
transportation with the variational principle dete-
riorates the result in intent clustering task. Bisect
K -means clustering algorithm calculates the point
density and average density of all points to initial-
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ize cluster barycenters. However, K-means with
K -means++ (Arthur and Vassilvitskii, 2007) initial-
izer shows much better performance, contributing
to the overall cluster inertia.

Voronoi Diagram. Figure 3 gives UMAP visual-
ization of clustering results with Voronoi diagram.
The number of barycenters of Bisect K-means is
five which means this ill-clustering model is not
able to cover all latent user intents. Though BIRCH
records compatible results to K -means, the num-
ber of predicted barycenters is excessively large
compared to the number of reference K. It causes
outlier barycenter problem that barycenter contains
a few utterances and disrupts universal clustering
representation. It also demonstrates that hierarchi-



(b)

(c)

Figure 3: Voronoi diagram visualization of intent clustering results with different clustering algorithms based
on DSTCI11 development dataset: (a) K-means, (b) Bisect K-means, and (c) BIRCH. We apply MiniLM i,
user utterance embedding to (a)-(c) experiments. * stands for barycenter of each cluster and x represents outlier

barycenter with fewer than five utterances.

Clustering Method K-means Clustering

Metric NMI ARI ACC  Precision Recall F1  Example Coverage #K
EASEZ grr 27.0 123 239 24.1 72.9 36.2 26.4 5

EASEpERT 53.1 256 4238 50.2 574 535 80.0 26
EASERoBERTA 59.6 41.8 537 57.8 68.8 62.8 86.0 34
EASEroBERTA 60.5 50.7 527 55.8 70.0  62.1 83.1 28
DiffCSEY &1 21.0 11.5 233 23.7 775 363 32.5 6

DiffCSE % nr 49.6 223 402 46.1 584 515 93.2 31
DiffCSESié s prT A 654 423 537 59.4 659 625 89.8 31
DiffCSEY & s rr A 654 533 576 63.1 71.1 66.8 90.0 28
SimCSEBgrT+ 331 19.1  28.0 28.0 775 412 334 5

SimCSE% g rr 583 296 464 58.5 59.1 58.8 83.1 32
SimCSEgerT+ 594 29.1 470 54.2 60.5 57.2 86.2 30
SimCSEroBERT A 614 343 471 543 62.0 579 80.3 29
SimCSEgERrT 62.7 373 526 63.4 59.8 61.6 89.6 34
SimCSEgopprray 6078 511 577 64.2 702 67.1 86.4 32
SimCSE%oBERTA 68.6 48.0 54.7 65.6 712 68.3 86.1 31
SimCSEroBERTA+ 692 387 521 62.4 70.0  66.0 93.8 32
Glove*"? 350 18.8 29.1 36.3 512 424 77.0 29
MPNet 72.8 41.6 60.2 65.6 76.3 70.6 86.5 26
MiniLMr12 732  47.1  57.1 66.0 722 69.0 83.1 25
MiniLM 6 747 528 612 70.5 749 727 83.4 25
MiniLMyorriga 774 545 63.2 70.5 79.1 74.6 80.0 24

Table 5: Intent induction results on DSTC11 dataset. We employ K -means clustering algorithm to all utterance
embeddings. m denotes multilingual model, u stands for unsupervised model, and + means large model.

cal process of BIRCH including removing outliers
and cluster refining does not have a substantial im-
pact.

3 Task 2: Intent Induction

3.1 Task Description

Unlike Task 1, intent induction takes different tran-
scripts which annotate only the speaker’s role and
intent label. The goal of intent induction is to create
a set of intents and match them to each utterance
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without access to the ground-truth dialog acts. In
this paper, we use DSTC11 dataset as shown in
Table 1, exploit the same clustering algorithms and
utterance embeddings, and evaluate methods using
NMI, ARI, Accuracy, F1, and Example coverage.
We employ the provided automatic dialog act pre-
dictions.

3.2 Result Analysis

Analysis of Embeddings. Table 5 demonstrates
that MiniLM-based utterance embedding can im-
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Figure 4: UMAP visualization of intent induction results with different embeddings based on DSTC11 development
dataset: (a) MiniLLM, (b) Glove, (c) Ease-roberta, (d) DiffCSE-roberta, (¢) SimCSE-roberta, and (f) MPNet. We
apply Agglomerative clustering algorithm to (a)-(e) experiments.

Utterance Embedding MiniLMwyurriga

Metric NMI ARI ACC  Precision Recall F1 Example Coverage #K
Bisect K-means 723 557 574 63.0 81.2 70.9 76.8 27
VOT 753 50.6 60.0 71.9 72.3 72.1 934 33
Spectral 75.0 51.7 590 67.7 75.9 71.6 86.3 23
K-means 774 545 632 70.5 79.1 74.6 80.0 24
BIRCH 79.5 62.8 68.1 71.9 84.6 77.7 89.9 24
Agglomerative 81.0 642 66.5 75.5 80.6  78.0 86.2 25

Table 6: Intent induction results on DSTC11 dataset. We apply MiniLMyurriga utterance embedding to all

clustering methods.

prove induction performance for user intents. Un-
like Task 1, MiniLMyurTiga outperforms the other
methods, followed by MiniLMj4>. It represents
that MiniLM with 6 layers and 384 hidden size
can learn universal utterance representation and
capture meaningful information. Though the per-
formance tends to increase as the size of each em-
bedding model increases, we observe that larger
models do not always perform better. Note that
DiffCSEZ %" . and EASET} ; o record high recall
because the number of clusters K is disastrously
low. We observe that it dampens overall model
performance. As shown in both Task 1 and Task

Shttps://huggingface.co/sentence-transformers/
all-MinilM-L6-v2

62

2 results, (1) entity-aware contrastive learning, (ii)
multilingual setting, (iii) contrastive learning be-
tween the original utterance and edited utterance
are ultimately not the optimal choice to improve
intent induction performance.

Visualization. We present UMAP visualiza-
tion of intent induction results with different ut-
terance embeddings (Figure 4). It corroborates that
MiniLLM-based intent induction can provide wider
and well-separated results preserving its meaning-
ful embedding space.

Analysis of Clustering Methods. In Table 6, we
show the results of intent induction comparing mod-
els that clustering algorithms. Unlike the results in
Task 1, Agglomerative clustering and BIRCH out-
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Agglomerative | =i
+

MiniLM

Agglomerative | =
+

DiffCSE

Examples Label
i Would it be on like any of my other bills? i
i Oh okay. Where at on the bill. I'm looking now. :
i Okay. When will | see that in my bill? :
i Hi Il am calling because | received a wrong bill. 34
i Thank you. How much will this make my bill go up? I
i Yeah, so exactly how does this work? Do | just send a bill or what? i
E crap! Well what can | do now? Can | make the payment and have i
! the same policy that | had before? !

Would it be on like any of my other bills? : 5
| Ohokay. Where at on the bill 'm looking now. | :
Oy whenwiliscethatinmybiy 7
| Hilam caling because I received o wrong bil. | 6
| Thank you. How much willthis make my bil gowp? o
| Yeah, so exactly how does this work? Do just send a bilor what? | 1
| crap! Wellwhat can’do now? Can | make the paymentand have

1 the same policy that | had before?

Figure 5: Qualitative result on DSTC11 dataset comparing MiniLM-based and DiffCSE-based models. We fix the
clustering model as Agglomerative clustering in this experiment.

perform the other baselines. Agglomerative clus-
tering starts with the utterances as individual clus-
ters and merges them if they have similar intents.
The experiment shows that the approach exploit-
ing MiniLMyurtiga and Agglomerative clustering
achieves state-of-the-art results among the other
methods in the intent induction task.

3.3 Qualitative Results

Figure 5 shows the qualitative result for intent in-
duction on DSTCI11 dataset. We generate user
intent labels using two different models. We ob-
serve that Agglomerative clustering on MiniLM
utterance embedding can classify bill-related utter-
ances well. However, Agglomerative clustering on
DiffCSE utterance embedding is not able to discern
user intent well and amalgamate completely differ-
ent user utterances into a single intent cluster. Note
that all clusters have bill-related user utterances
which means it is an ill-clustered result.

We conclude that user utterance embedding is
one of the most important factors affecting perfor-
mance, and we should add a huge caveat that se-
lection of utterance embedding in intent induction
task should be very careful. Further analyzing how
to leverage an embedding model is an interesting
direction for future work.

Our extensive experiments demonstrate that the

combined selection of utterance embedding and
clustering method in the intent induction task
should be carefully considered.

3.4 Quantitative Results

We conduct quantitative experiments to analyze
(i) the correlation between the number of inducted
clusters and performance, and (ii) the correlation
between the number of utterances per intent and
performance (Figure 6). Note that the maximum
number of sample utterances aligned to intent is
limited to 50. First, We find that NMI and ARI
increase as the number of inducted clusters ap-
proaches the reference K. We also observe that
Example coverage decreases as the number of in-
ducted clusters go toward the reference K. We
demonstrate that there is a trade-off relationship be-
tween NMI, ARI and Example coverage. Second,
the correlation between the number of utterances
per intent and performance shows the same pattern
as the correlation between the number of inducted
clusters and performance.

4 Conclusion
The conclusion of this paper is threefold:

* We empirically demonstrate that the combined
selection of utterance embedding and cluster-
ing method in the intent induction task should
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Figure 6: Quantitative results on DSTC11 dataset related to NMI, ARI, F1 score, and Example coverage. We
analyze using four results with the best performance introduced in Table 5.

be carefully considered.

* We also present that pretrained MiniLM with
Agglomerative clustering shows significant
improvement in NMI, ARI, F1, accuracy and
example coverage in intent induction tasks.

* We find that there is a trade-off relationship
between NMI, ARI and Example coverage.

5 Discussion and Future Work

In clustering, broadly, there are three categories
of methods: (i) Barycenter-based formulation,
(ii) Density-based formulation, and (iii) Distance-
based formulation. In this paper, we mainly dealt
with barycenter-based methods. Indeed, K-means
clustering method, for instance, theoretically pro-
duce the same result as barycenter-based formula-
tion and distacne-based formulation in Euclidean
embedding space:

n n
DX - X5l =2n) [IXi—-8l5 D
i,j=1 i=1
, where 8 = 13" | X, Besides, barycenter-
based K -means in Euclidean space can circumvent
the problem frequently caused by the location of
barycenter in different measure space (e.g., Wasser-

stein space (Zhuang et al., 2022)):

n n
STIX = Xl =nllX - 813+ D 11X — X3l
i=1 =1
> || X - 8|3
(8)
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However, K-means clustering in Euclidean space
often loses salient geometric information of dataset,
due to its formulation. In the same vein, though we
didn’t add the experimental result of Density-based
formulation to the table, the performance was dis-
astrous. DBSCAN (Ester et al., 1996), for example,
recorded 7.7 NMI, 0.0 ARI, 16.1 Accuracy, 27.6
F1 score, and 41.0 Example coverage in intent clus-
tering task. Therefore, both clustering in different
measure spaces and clustering using embedding
density should be investigated. Further analyzing
how to leverage an embedding model is also an
interesting direction for future work.
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