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Abstract

Conversational analytics has been on the fore-
front of transformation driven by the advances
in Speech and Natural Language Processing
techniques. Rapid adoption of Large Language
Models (LLMs) in the analytics field has taken
the problems that can be automated to a new
level of complexity and scale.

In this paper, we introduce Theme Detection as
a critical task in conversational analytics, aimed
at automatically identifying and categorizing
topics within conversations. This process can
significantly reduce the manual effort involved
in analyzing expansive dialogs, particularly in
domains like customer support or sales. Unlike
traditional dialog intent detection, which often
relies on a fixed set of intents for downstream
system logic, themes are intended as a direct,
user-facing summary of the conversation’s core
inquiry. This distinction allows for greater flex-
ibility in theme surface forms and user-specific
customizations.

We pose Controllable Conversational Theme
Detection problem as a public competition
track at Dialog System Technology Challenge
(DSTC) 12 — it is framed as joint cluster-
ing and theme labeling of dialog utterances,
with the distinctive aspect being controllabil-
ity of the resulting theme clusters’ granularity
achieved via the provided user preference data.

We give an overview of the problem, the asso-
ciated dataset and the evaluation metrics, both
automatic and human. Finally, we discuss the
participant teams’ submissions and provide in-
sights from those. The track materials (data
and code) are openly available in the GitHub
repository.

1 Introduction

Conversational analytics — at the intersection of
Speech and Natural Language Processing — has
undergone rapid transformation due to advances in
both fields. Automatic Speech Recognition (ASR)
now enables accurate transcription of conversations

across diverse domains and durations. Simultane-
ously, Natural Language Processing (especially
Information Retrieval) has enabled large-scale anal-
ysis of conversational data, revealing patterns such
as word usage, emotional tone, and discussed top-
ics. More recently, Large Language Models (LLMs)
have elevated the complexity and quality of analy-
sis tasks. For instance, large-scale text embedding
models (Wang et al., 2024) significantly enhance
document similarity search by capturing semantic
meaning beyond surface forms.

In this paper, we propose the task of Theme De-
tection, a key problem in conversational analytics.
Themes reflect the high-level topics discussed in
conversations and aid in categorizing them by func-
tion — e.g., customer support, sales, or marketing.
Automatically identifying and labeling themes can
greatly reduce the manual effort required to analyze
long conversations.

While related to dialog intent detection, theme
detection serves a different purpose. Intents are
typically tied to a fixed schema and used for down-
stream system logic. In contrast, themes are final
outputs for users (e.g., analysts), summarizing the
customer’s inquiry and supporting diverse surface
forms and customizations.

We introduce the task of Controllable Conversa-
tional Theme Detection as a new track in the Dialog
System Technology Challenge (DSTC) 12. Build-
ing on the DSTC 11 track on Open Intent Induction
(Gung et al., 2023b), our challenge adds two major
innovations: (1) joint theme detection and labeling,
and (2) controllable theme granularity. The latter
enables customization of theme clusters based on
user preferences — motivated by real-world use
cases where businesses may want finer or coarser
thematic distinctions.

This task is designed for a zero-shot setting on
unseen domains. Models will be guided by user
preference data (detailed in Section 4) to align both
labels and cluster granularity. While especially
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compelling in the context of LL.Ms, the proposed
setup does not require their use.

2 Related Work

In this section, we discuss prior work related to the
distinctive aspects of our proposed task.

2.1 Unsupervised dialog theme / intent
detection

The task of open conversational intent induction
was introduced in a DSTC 11 track by Gung et al.
(2023b), which focused on utterance clustering in
two setups of varying complexity: (1) intent de-
tection with pre-defined intentful utterances to be
clustered, and (2) open intent induction, which re-
quired identifying and clustering such utterances.

In contrast, our task involves a single setup with
pre-defined themed utterances, and the goal is to
jointly cluster and label them according to specific
evaluation metrics. Unlike intent induction, we
do not restrict the surface form of theme labels.
Instead, labels are assessed based on their structural
quality and functional usefulness for analysis (see
Section 6 and Appendix B).

2.2 Controllable clustering

Our goal of controllable theme granularity builds
on the concept of constrained clustering. A com-
prehensive taxonomy of constraint-based cluster-
ing tasks is provided by Gonzalez-Almagro et al.
(2025). We adopt instance-level pairwise con-
straints (“should-link” / “‘cannot-link”), implement-
ing a semi-supervised clustering approach where
supervision comes from labeled utterance pairs.
This setup has been well-studied, from early work
by Basu et al. (2004) to more recent approaches by
Zhang et al. (2019) and Viswanathan et al. (2024).

2.3 Clustering with LLLMs

The use of LLMs for utterance clustering has
gained traction. Zhang et al. (2023) propose us-
ing hard triplets (“does A match B better than C?”)
derived from a teacher LLM to fine-tune a smaller
embedding model and refine clusters via a hier-
archical method similar to HAC (Manning et al.,
2008). While this method enables controllable clus-
tering guided by LLMs, it focuses solely on clus-
tering — cluster labeling remains out of scope. In
contrast, our task requires labeled theme clusters,
combining clustering with label generation to better
reflect real-world needs.

Viswanathan et al. (2024) provide a thorough
study on integrating LLMs into clustering work-
flows. They identify three points of intervention:
(1) pre-clustering, using LLMs to generate key-
words and enrich input texts; (2) during cluster-
ing, by expanding human-provided pairwise con-
straints; and (3) post-clustering, correcting uncer-
tain assignments with LLM-based prompting. Al-
though their framework aligns well with our goals,
their focus remains on clustering rather than label-
ing.

3 Task Description

The task of Controllable Conversational Theme
Detection is defined as follows. The input data are:

1. a dataset of conversations with some utter-
ances within them labeled as “themed” (those
conveying the customer’s requests, possibly
several per conversation)

2. a set of preference pairs covering a sample
of all the themed utterances and representing
what pairs should belong to the same theme
and which should not. — which we refer to as
“should-link” and “cannot-link”™ pairs, respec-
tively

3. atheme label writing guideline outlining the
requirements to a label as both a linguistic
expression and an analytical tool.

The goal of the task is to:

* cluster the themed utterances so that each clus-
ter represents a meaningful semantic / the-
matic group, is distinguishable from other
theme clusters and satisfies the should-link
/ cannot-link requirements on its utterances (if
it contains utterances included in the prefer-
ence data)

give each theme a short, concise and action-
able natural language label (more detail on
our evaluation criteria is given in Section 6).

3.1 Controlling theme granularity

In the way we intend to control theme granularity,
we loosely follow the Stage 2 approach of Zhang
et al. 2023. That work described a data-efficient ap-
proach with user preference data in the should-link
/ cannot-link form. As such, if user preferences
indicate that the utterances “I want to purchase pet
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Figure 1: Diagram of the proposed task in the form of an example processing pipeline. The inputs to the “system”
are raw conversations, user preferences on the theme granularity and theme label guidelines; the output is preference-
aligned utterance clusters with the corresponding theme labels (marked with %)

insurance” and “I want to purchase travel insur-
ance” should belong to the same theme, all the
utterances like these two would be associated to
the single theme whose label semantically unifies
both of the two utterances’ meanings e.g. “pur-
chase insurance” or some close paraphrase of it.
On the other hand, if the preferences elicit that “/
want to find the closest branch” and “Give me the
directions to the closest ATM” should not belong
to the same theme, the corresponding themes “find
branch” and “find ATM” as well as the clusters of
utterances belonging to them should be kept as sep-
arate. Some example usages of such data include
contrastive fine-tuning of utterance representation
as done by e.g. Chu et al. (2023) and Zhang et al.
(2021) or adjusting the initial clusters/themes, as
depicted in Figure 1.

3.2 Expected result

A successful completion of the task would assume
assigning each utterance a theme label so that:

 theme labels are concise, exhaustively cover
all the examples and are mutually exclusive,

* label wording conforms to the Theme label
writing guideline (Appendix B),

* theme granularity matches the ‘gold’ held-out
assignment which is supposed to be inferred
from the provided user preference samples.

A visualization of the overall task is presented
in Figure 1 where we depict a potential sequential
pipeline as an example. The actual submissions
can vary in architecture and the types of models
used. We intend the problem to be solved in a

zero-shot weakly supervised way, in the sense that
all the training/development data provided to the
participants has no domain overlap with the test
data (more detail on the data in Section 4), and
the only supervision signals provided are 1) user
preference data covering a sample of the dataset
and 2) theme label writing guideline.

While the input data suggests LLM-based solu-
tions, we encourage the participants to use tech-
niques from both LL.M-based and traditional Ma-
chine Learning paradigms that adequately corre-
spond to the problem specifics.

4 Data

We build our task on top of the NatCS (Gung et al.,
2023a,b), a multi-domain dataset of human-human
customer support conversations — the dataset
statistics per domain are provided in Table 2.

We intend for the participants’ submissions to
work in a zero-shot setup naturally supported
within the LLM-centered framework. As such, we
provide the three original NatCS domains: Bank-
ing, Finance and Insurance — for the participants
to use for the training/development purposes and as-
sess the domain generalization of their approaches.

Our theme labels closely resemble the original
intent annotations in NatCS, though those were
altered in the following ways:

1. intent labels’ surface form was rewritten
where needed to conform with the theme label
writing guideline (see Appendix B),

2. for each original intent label, we provide two
theme labels, a more specific one and a more
vague one, for the flexibility of evaluation,



Table 1: User Preference Data Statistics

Domain # Should-link pairs % data covered # Cannot-link pairs % data covered
Banking 164 10.04% 164 10.04%
Finance 173 10% 173 10%
Insurance 155 8.99% 126 7.30%
Travel (held out) 77 10.07% 76 9.93%

Table 2: Dialog Dataset Statistics

Domain # Dialogs # Themed utterances
Banking 980 1634
Finance 3000 1725
Insurance 836 1333
Travel (held out) 999 765

3. intent clustering itself was altered to reflect
our task’s custom theme granularity,

4. some noisy intent annotations were corrected
or otherwise dropped.

The held out test domain, Travel, is publicly
released for the first time in this challenge and has
little to no overlap with the train/dev data.

Also introduced in this challenge is theme gran-
ularity preference data on top of NatCS dialogs,
its statistics are shown in Table 1. We generated
preference pairs in the following way.

Should-link pairs: we clustered themed utter-
ances (we leave the specifics of the clustering algo-
rithm behind to prevent evaluation metric hacking)
and sampled pairs that belong to the same cluster
in the gold assignment but to the different clusters
as per the algorithm, with sampling weights set to
the normalized cosine distances between the points
in the pair (further points that should be in the same
theme are more interesting). Cannot-link pairs:
similarly, we sampled pairs of utterances that be-
long to different clusters in the gold assignment
but to the same cluster as per the algorithm. Sam-
ple weights set to 1 — dist(utt,, utty) normalized
to make a probability distribution, where utt, and
utty are the utterances in the pair and dist is cosine
distance.

In each case, our target amount of pairs to gener-
ate corresponds to 10% of all the themed utterances
in the dataset, and preference pairs cover no more
than 30% of any given gold cluster’s utterances.

5 Baseline and Experimental Setup

We provided the participants with a baseline so-
lution that combines traditional machine learning

approaches with LLM-based techniques. As such,
the entire baseline workflow consists of 3 stages:

1. Utterance clustering. Each themed ut-
terance is embedded with SentenceBERT
(all-mpnet-base-v2 model is used,
Reimers and Gurevych 2019), then the em-
beddings are clustered using the K-means al-
gorithm (Jin and Han, 2010) with 10 clus-
ters by default and the k—-means++ initial-
izer (Arthur and Vassilvitskii, 2007).

2. Theme cluster adjustment to user prefer-
ences. We apply a naive algorithm that re-
assigns cluster labels for every utterance id
containing in the should-link / cannot-link sets.
For every < wutt;, utt; > pair in the should-
link set, if they are assigned to different clus-
ters, utt; is re-assigned to utt;’s cluster. In
turn, for every < utt,,, utt, > in the cannot-
link set, utt,, is re-assigned to the cluster with
the second closest centroid to it. Evidently, the
baseline cluster adjustment algorithm doesn’t
have any generalization outside of the given
preference sets.

3. Theme label generation. We used an LLM
with the prompt as in Appendix B — the de-
fault model used in the baseline implemen-
tation is Mistral-7B-Instruct-v0.3
(Jiang et al., 2023). No limitation on the num-
ber of in-context utterances was set.

6 Evaluation

Theme assignment that is the result of our task’s so-
lution can be assessed from two perspectives: from
the controlled clustering perspective and from the
theme label generation perspective — our evalua-
tion metrics reflect these two perspectives.

6.1 Automatic evaluation

Automatic evaluation metrics are mainly used for
the development purposes and were provided to the
participants as part of the starter code.



Table 3: Automatic Evaluation — Theme Label Metrics. Here and below, results in bold are the best, underlined
are those above baseline.

Team ID R-1 R-2 R-L Cossim BERTP BERTR BERTF1 LLMsl LLMs2 LLM avg
Team A 32.70% 4.60% 29.82%  59.51% 89.82% 91.20% 90.35% 46.01%  56.47% 51.24%
Team B 5.03% 0.00% 5.03%  37.08% 85.22% 88.02% 86.53% 12.03% 0.13% 6.08%
Team C 4522% 2381% 4510% 69.91%  95.02% 94.69 % 94.71% 100.00%  99.48% 99.74%
Team D 3457% 2131% 3427%  55.93% 92.52% 91.48% 91.91% 80.39%  76.60% 78.50%
Team E 42.28% 16.50% 41.22%  62.48% 93.85% 92.84% 93.27% 93.46%  95.69% 94.58%
Team F 23.10% 0.79%  21.14%  46.02% 85.67% 89.29% 87.19% 4.05% 3.53% 3.79%
Baseline  43.74% 24.56% 42.87%  59.68% 89.25% 89.87% 89.52% 20.39%  39.48% 29.93%
BL-prefs  29.27% 421%  24.69%  48.79% 85.31% 87.77% 86.44% 12.81%  18.43% 15.62%

6.1.1 Clustering metrics

¢ NMI score (Vinh et al., 2010) — Normalized
Mutual Information is a function that mea-
sures the agreement of the two cluster assign-
ments, reference and predicted, ignoring per-
mutations. Normalization is performed over
the mean of the entropies of the two assign-
ments

* ACC score (Huang et al., 2014) evaluates the
optimal alignment between the reference clus-
ter assignment and the predicted one, with
the alignment obtained using the Hungarian
algorithm.

6.1.2 Label generation metrics

We evaluate the predicted labels for theme clusters
in two general ways: 1) similarity to the reference
labels, 2) adherence to the theme label guideline.

Similarity of a predicted label to the references
is calculated in the following way:

Score;(Y;, ;) = mjax sim(Y; 5, Ui)
where Y; are the reference labels for the ¢-th ut-
terance (we provide two labels with a more specific
and a more vague wording, respectively), y; is the
predicted label for the same utterance and sim is
one of the similarity functions listed below.

* Cosine similarity — the semantic simi-
larity measure over SentenceBERT embed-
dings (all-mpnet-base-v2 model is
used, Reimers and Gurevych 2019) of the ref-
erence and predicted labels,

¢ ROUGE score (Lin, 2004) — an token-level
N-gram overlap metric useful for comparing
short and concise word sequences,

* BERTScore (Zhang et al., 2020) combines
the agility of embedding-based similarity and
the interpretability of token-level overlap. The
model tokenizes each utterance and gener-
ates a contextual embedding for each token.
Then, a cosine similarity sim; ; is calculated
between ¢-th token of the reference and j-th to-
ken of the prediction. We report BERTScore
Precision (for each token in the prediction,
finding the reference token with the highest
similarity), Recall (for each token in the ref-
erence, finding the prediction token with the
highest similarity) and F1 score.

Adherence to the guideline is evaluated with an
LLM-as-a-Judge prompted with a version of the
guideline attached in the Appendix B (it was pro-
vided for the participants). For the usage with the
LLM, it was split into three sections spanning struc-
tural and functional criteria, i.e. how good the label
is as a linguistic expression and how good it is as
an analytical tool, respectively. For the sake of
preventing evaluation metric hacking, we shared
a different / condensed version of the guideline
to the participants and kept the full version held
out. For evaluation during the development phase,
our provided code used a self-hosted solution with
vicuna-13b-v1.5 (Zheng et al., 2023) as the
default LLMaal backbone. In the automatic evalu-
ation of the final submissions, we used Claude 3.5
Sonnet (Anthropic, 2024). Our repository contains
both the public version of the label style evaluation
prompt (3 condensed sections optimized for usage
with public self-hosted LLMs) and its held out ver-
sion (2 expanded sections optimized for usage with
Claude, uploaded after the end of the competition).

6.2 Human Evaluation

All submissions underwent expert human evalua-
tion in order to verify automated evaluation results



and to expand the automated evaluation methodol-
ogy to more precisely assess each solution’s perfor-
mance. The evaluation dimensions were divided
into two broad categories covering formal and func-
tional criteria, and each of these areas had addi-
tional subdimensions to be rated by evaluators in a
binary fashion (pass/fail) using criteria distributed
into into two broad categories: Structural/Func-
tional. The structural criteria were based on the
theme labeling guidelines provided to participants.

Structural Criteria (Theme Label as a Linguistic
Expression): Conciseness & Word Choice, Gram-
matical Structure

Functional Criteria' (Theme Label as an Analyti-
cal Tool): Semantic Relevance, Analytical Utility,
Granularity, Actionability, Domain Relevance, The-
matic Distinctiveness.

The guidelines for each of these dimensions,
along with the positive and negative examples pro-
vided to evaluators (with reasoning), are laid out in
Appendix C. The theme labeling guidelines, upon
which the structural criteria were based, are defined
in Appendix B. The annotation task was completed
in a single-pass way by two members of the track
organizing team.

7 Results and Analysis

Table 6: Automatic Evaluation — Clustering Metrics

Team ID ACC NMI
Team A 4837%  42.02%
Team B 17.91% 1.97%
Team C 67.97% 70.39%
Team D 51.76% 47.71%
Team E 35.82%  47.73%
Team F 26.67% 9.06%
Baseline 53.2%  50.59%
BL-prefs 47.97%  45.39%

We received submissions from 6 participant teams.
During the development, the teams were free to
use the provided public data across 3 domains for
creating their own train / development setups and
testing e.g. out-of-domain generalization of their
approaches. The test domain was made public dur-
ing the last week of the competition. When submit-
ting the inference results via an online form, the

'All functional criteria dimensions were evaluated at the

level of the utterance except for Thematic Distinctiveness,
which was evaluated for each cluster label.

participant teams were asked to provide a brief info
about their approaches. Below are the questions
and the summaries of the submitted answers:

What LLM type did you use? (Open-source —
self-hosted / Proprietary via APl / No LLM / Other)

Teams A, C and F used a proprietary API; teams B,
D and E used an open-source self-hosted LLM.

How large of an LLM did you use? (<30B /30—
100B / >100B / Unknown (proprietary API) / No
LILM / Other)

Team A, C and F’s model size is unknown; teams
B, D and E used a model with <30B parameters.

Did you use any conversational information (pre-
vious / past context of the utterance)? Please
specify if yes

Team C used the context window of 5 turns; Team
E used conversational context within the predicted
topic segment.

What clustering algorithm did you use?

Team A used HDBScan (Campello et al., 2013);
Teams B and D used K-Means (Jin and Han, 2010);
Team C used ClusterLLM (Zhang et al., 2023);
Team F experimented with K-Means, DBSCAN
and HDBSCAN; Team E used Spectral Clustering
(Shi and Malik, 2000).

What text embedding model did you use?

Teams A and C used Instructor model (Su et al.,
2023); Teams B, D and E used SentenceBERT as
per the baseline.

Did you use an embedding dimensionality re-
duction technique? (Please specify which one if
yes)

Teams A and E used UMAP (Mclnnes et al., 2018).

Did you use a data augmentation technique
(please specify what kind)?

Team A used Speech Acts as a data augmentation;
Team B used SimCSE (Gao et al., 2021); Team E
used contrastive learning to augment the limited
unlabeled data.

How did you use the should-link / cannot-link
pairs?
Teams A, B and D used the baseline approach.

Team C used an LLM to re-assign the clusters for
all the utterances from the should-link pairs. For



Table 4: Human Evaluation — Per-utterance Functional Metrics

Team ID Semantic Relevance Analytical Utility Granularity Actionability Domain Relevance
Team A 77.25% 63.66% 22.75% 56.21% 79.74%
Team B 64.97% 12.94% 0.00% 4.05% 97.78%
Team C 89.67 % 82.75% 47.84% 74.77 % 98.82 %
Team D 68.76% 63.66% 26.41% 60.26% 94.25%
Team E 86.27% 54.64% 22.48% 54.51% 91.11%
Team F 45.23% 41.57% 7.71% 41.57% 67.45%
Baseline 86.61% 66.84% 47.98 % 66.84% 89.6%

Table 5: Human Evaluation — Per-cluster Metrics

Structural

Functional

Team ID  Conciseness

Grammatical Structure

Thematic Distinctiveness

Team A 83.33% 100.00 % 75.76%
Team B 100.00% 33.33% 0.00%
Team C 100.00 % 100.00 % 91.11%
Team D 91.67% 66.67% 90.91%
Team E 93.65% 93.65% 78.34%
Team F 95.00% 100.00 % 72.63%
Baseline 80% 30% 91.11%

the cannot-link pairs, the LLM was used to iden-
tify the utterance of the pair not belonging to the
cluster, and then to make the re-assignment. Team
E trained a reward model from the should-link and
cannot-link pairs that was later incorporated into
the clustering algorithm to impose soft constraints.

Did you use the theme label styleguide — if yes,
how?

Team C used General Schema to extract verbs and
nouns for each utterance in the cluster, then using
those, they generated theme labels. Theme D in-
structed the labeling LLM to generate Verb-Object
pairs. Teams E and F used the provided styleguide
itself. Team F added it directly into the labeling
LLM’s prompt, and Team E modified and simpli-
fied it first.

Short (1-2 paragraph) description of your ap-
proach

Team A proposed a cluster-then-label framework
for thematic clustering of utterances. First, they
compute utterance embeddings using either Sen-
tence Transformers, InBedder, or Instructor models
depending on the embedding type. they then apply
clustering (KMeans or HDBSCAN with UMAP-
based dimensionality reduction) to group themat-
ically similar utterances. Clustering is refined us-
ing manually provided should-link and cannot-link
preference pairs, ensuring better alignment with
human notions of similarity. After clustering, each

cluster is labeled automatically by prompting an
LLM (ChatGPT or Gemini Flash) with a batch of
utterances, extracting a theme label and brief expla-
nation. The resulting predicted labels are assigned
back to utterances, forming the final output for eval-
uation. This approach leverages both unsupervised
structure discovery and lightweight LLM-based
supervision for scalable and interpretable theme
labeling.

Team B used SCCL (Zhang et al., 2021) and ap-
plied SimCSE for data augmentation. After train-
ing the SCCL, they clustered the utterances with
K-Means. They performed hyperparameter search
for the number of clusters based on the Silhouette
score and set it to 7. User preference data was not
used.

Team C first extracted keyphrases from conversa-
tions using an LLM. They also determined the num-
bers of clusters based on the Silhouette coefficient.
Clustering was performed using ClusterLLM, and
the embedder was fine-tuned on the clustered ut-
terances. Subsequently, among the two candidates
with the highest preference pair accuracy, the can-
didate with the greater number of clusters was se-
lected as the final model. Utterances were then
adjusted according to the preference pairs. Finally,
for the clustered utterances, a general schema was
extracted in terms of verbs and nouns, and based
on both the schema and the utterance content, the
final theme labels were generated.



Team D explored two approaches. The first
one involved designing a prompting strategy to
generate concise labels in a Verb-Object for-
mat (e.g., “update address”, “book flight”),
allowing for more structured and comparable
cluster representations. The second approach
used LLaMA-3.1-8B-Instruct to evaluate
whether two utterances (with dialog history) be-
longed to the same cluster, based on their distance
from the cluster center. The second method showed
limited performance, and they submitted results
using the first one, with a more robust prompting-
based labeling strategy.

Team E propose PrefSegGen, a preference-aware
topic segmentation and generation framework
that addresses low-resource conversational theme
understanding by integrating topical-structured
context modeling with user-preference-aligned
theme generation.  First, they introduce a
novel two-stage self-supervised contrastive learn-
ing topic segmentation framework to obtain the
topic segment to which the target utterance be-
longs under low-resource conditions. It ini-
tially leverages the unlabeled dialogues to pre-
train topic encoders (bert-base-uncased &
sup-simcse-bert-base-uncased) on co-
herence and similarity patterns, followed by super-
vised fine-tuning with minimal labeled data to en-
hance segmentation precision. Subsequently, they
incorporate a reward-guided clustering mechanism
to guarantee that the generated themes are both
contextually grounded and preference-aligned. A
reward model, trained on should-link and cannot-
link pairs, dynamically assigns linkage weights
that reflect semantic proximity in line with user
expectations. These weights guide spectral clus-
tering after UMAP-based embedding reduction.
Crucially, for each target utterance, they utilize its
segmented topical context as input when prompt-
ing LLaMA3-8B-Instruct, coupled with the
official style guide, to generate hierarchical theme
labels. An ensemble refinement process further en-
hances topic consistency by filtering low-frequency
labels, yielding final outputs that are structurally
coherent, context-aware, and tailored to user pref-
erences.

Team F employed a large language model (LLM)
to annotate utterances based on preference signals,
and subsequently attempted to merge clusters ac-
cording to the LLM-based annotation.

Our evaluation results reveal that Team C’s ap-

proach achieved the highest accuracy across the
board on both human and automatic metrics. It
was tied with Team B on Label Conciseness, and
with Teams A and F on Grammatical Structure.
Although only Team C’s approach achieves 100 %
on both, signifying that its label generation works
in full accordance with the styleguide. Team C
was also the only one to surpass the baseline on
automatic clustering metrics. Team E achieved the
second best overall performance in both automatic
and human evaluation and Team D placed third.

It is noteworthy that for all the three winning
places, the ranking induced by the automatic met-
rics matched that by the humans — indicating that
1) automatic similarity metrics are applicable for
short text, and 2) automatic evaluation of higher-
level concepts like our label guideline is sufficiently
accurate with frontier LLMs-as-Judges.

8 Conclusions

In this paper, we introduced Theme Detection as
a critical task in conversational analytics, and the
associated Controllable Conversational Theme De-
tection competition track at Dialog System Tech-
nology Challenge (DSTC) 12 — where joint theme
clustering and cluster label generation was further
combined with the custom theme cluster granular-
ity controllable via the provided preference data.

We gave an overview of the competition setup
including the problem, the benchmark dataset and
the details of evaluation, both automatic and human.
We presented the participant team’s submissions
and gave an analysis of the insights from those.

We hope that this new problem, together with the
dataset and the insights obtained from the competi-
tion will foster further research and advancements
in Conversational Al
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A Cluster Labeling Prompt

<task>

You are an expert call center assistant.
You will be given a set of utterances in
<utterances> </utterances> tags, each
one on a new line.

The utterances are part of call center
conversations between the customer and
the support agent.

Your task is to generate a short label
describing the theme of all the given
utterances. The theme label should be
under 5 words and describe the desired
customer's action in the call.

<guidance>
Output your response in the following
way .

<theme_label_explanation>

Your short step-by-step explanation
behind the theme
</theme_label_explanation>

<theme_label>
your theme label
</theme_label>

</guidance>
</task>

H:
<utterances>
{utterances}

</utterances>

B Theme Label Writing Guideline

An acceptable theme label is structurally and se-
mantically well-formed according to the rules out-
lined in this appendix. Structurally well-formed
means that the words and their arrangement in
the theme label are acceptable. Semantically well-
formed means that the meaning and usability of the
theme label are acceptable.

B.1 Theme labels exclude unneeded and
undesirable words.

Theme labels should be concise (2—5 words long).
They should only include essential words (see B.2
and B.2.1 below). Essential words will primar-
ily include content (open-class) words. Function
(closed-class) words should be excluded. Prepo-
sitions may be included as needed but should be
avoided when there is a synonymous alternative
label without a preposition.

Theme labels should also exclude context-
sensitive words like pronouns (him, her, them, it,
us, etc.) and demonstratives (this, that, those, etc.).

B.2 Word types

* Content/open-class words:

— nouns (items, insurance, information, or-
der, etc.)

— main verbs (check, inquire, add, explore,
etc.)

— adjectives (new patient, missing item,
etc.)

— other modifying words (shipping infor-
mation, product options, etc.)

e Function/closed-class words:

— articles/determiners (the, a, etc.)

— auxiliary verbs (have or be, as in I have
eaten or I am eating)

— copulas

— negation (not or -n’t, as in not on time or
didn’t arrive)

— conjunctions (and, or, but, etc.)

— complementizers (clause-embedding
uses of that, for, if, whether, because,
etc.)

— modals (can, could, will, would, may,
might, must, shall)
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— question words (who, what, where, when,
how, why)

¢ Context-sensitive words:

— pronouns (she, he, they, it, her, his, etc.)
— demonstratives (this, these, that, those,
etc.)

— temporal adverbs (yesterday, tomorrow,
next week, etc.)
— other context-sensitive language
% one, as in I'm looking for a nearby
branch. Can you find one?
% deleted nouns (noun ellipsis), as in /
found his order, but not yours __.

B.2.1 Examples

For a theme covering order tracking:
. : track order
. : track shipment
¢ Bad: track an order (includes an article)
* Bad: track their order (includes a pronoun)

For a theme covering finding the nearest branch
of a chain:

. : find nearest branch
o : find closest branch

e Bad: find nearest one (includes context-
sensitive one)

* Bad: check if there’s a nearby branch (in-
cludes a complementizer if; includes a form
of be)

B.3 Theme labels are verb phrases that
classify events.

A verb phrase begins with a verb and may include
arguments or modifiers of the verb (such as a direct
object). The verb should be in its citation form,
lacking any complex morphology such as tense or
agreement suffixes. The citation form of a verb is
what would normally follow the infinitive fo, such
as sign up in I'd like to sign up. Theme labels
should not be other phrase types, such as noun
phrases.

The verb phrase should describe a class of events.
Events are things that can be said to happen, unlike
states (e.g. learn [event] vs. know [state]), entities

(e.g. redeem [event] vs. redemption [entity]), prop-
erties (e.g. complain [event] vs. angry [property]),
and claims (report defect [event] vs. product is
defective [claim]).

B.3.1 Examples
For a theme covering membership sign-ups:

. : sign up for membership (verb phrase;
describes a kind of signing up event)

* Bad: signing up for membership (verb phrase,
but verb is not in citation form)

* Bad: membership sign-up (noun phrase; de-
scribes a kind of entity)

* Bad: memberships (noun phrase; describes a
kind of entity)

For a theme covering requests to check in early at
a hotel:

. : request early check-in (verb phrase;
describes a kind of requesting event)

* Bad: requested early check-in (verb phrase,
but verb is not in citation form)

* Bad: request for early check-in (noun phrase;
describes a kind of entity)

* Bad: customer wants early check-in (this is a
claim)

For a theme covering reporting a defective product:

. : report defective product (verb phrase;
describes events)

* Bad: reporting defective product (verb phrase,
but verb is not in citation form)

* Bad: believe product is defective (verb phrase,
but describes a state rather than an event)

* Bad: defective product (noun phrase; de-
scribes a kind of entity)

B.4 Theme labels are informative and
actionable yet sufficiently general.

Theme labels should be informative enough to sub-
stantially narrow down the set of possible customer
issue resolution steps (the steps to resolve the prob-
lem/need that drove the customer to make contact).
For example, check balance is probably associated
with a standard procedure for checking the balance



of a range of customer account types, but perform
check is so broad that it could be associated with an
extremely diverse group of issue resolutions. Non-
actionable theme labels may be excessively vague
or uninformative, and hence not very useful.

B.4.1 Examples

For a theme covering appointment-scheduling
themes:

. : schedule appointments

* Bad: ask about appointments (probably too
general)

* Bad: schedule appointment for next week (too
specific)

* Bad: schedule appointment for elderly parent
(too specific)

For a theme covering adding a recognized user to
an existing account or policy:

. : add user
* Bad: add one (too general)
* Bad: add oldest child (too specific)
For a theme covering user password issues:
. : reset password
. : troubleshoot password
* Bad: secure account (too general)
» Bad: reset password again (too specific)

For a theme covering credit or debit card charge
disputes:

. : dispute charge
* Bad: complain about charge (too general)
* Bad: file card complaint (too general)

* Bad: dispute charge for defective blender (too
specific)

C Human Evaluation Guidelines

C.1 Structural Dimensions
C.1.1 Conciseness & Word Choice

Options:

Pass (1) / Fail (0)

Definition: The following criteria are consolidated
by the evaluator into one Pass/Fail rating for Con-
ciseness & Word Choice:

1. Label length: Is the label concise, containing
only 2-5 words?

: update billing address

Fail: update customer’s residential
billing address for future statements

Rationale: The good example uses 3
words, within the required 2-5 word
range. The bad example uses 8, making
it unnecessarily verbose when the core
intent can be expressed more concisely.

: access account statement
Fail: statement
Rationale: The good example uses 3
words, adhering to the 2-5 word guide-
line. The bad example uses only one
word, which lacks sufficient specificity
to be useful as a theme label.

2. Function word exclusion: Does the label
exclude unnecessary function words (articles,
auxiliary verbs, etc.)?

: add dependent coverage

Fail: add the dependent to coverage
Rationale: The good example correctly
excludes function words like articles
(“the”), focusing only on essential con-
tent words. The bad example unneces-
sarily includes “the”, which should be
excluded according to guidelines.

: troubleshoot internet connection
Fail: troubleshoot why internet is not
working
Rationale: The good example prop-
erly excludes function words, while the
bad example improperly includes func-

tion words “why,” “is,” and “not” which
should be excluded for conciseness.

3. Avoidance of context sensitivity: Does
the label exclude context-dependent words
(pronouns, demonstratives, temporal adverbs,
etc.)?



: return defective product

Fail: return this item

Rationale: The good example avoids
context-sensitive words like “this” and
uses the general term “product” that can
apply across contexts. The bad exam-
ple includes the context-sensitive demon-
strative “this,” which requires a specific
context to understand its meaning.

: reschedule appointment

Fail: reschedule it for tomorrow
Rationale: The good example uses gen-
eral terminology applicable to any ap-
pointment, while the bad example in-
cludes both the pronoun “it” and the tem-
poral adverb “tomorrow,” both of which
are dependent on conversation context
for their meaning.

4. Preposition usage: Are prepositions included
only when necessary?

Options:

: transfer funds

Fail: transfer from account

Rationale: The good example avoids un-
necessary prepositions by using a con-
cise verb-object structure. The bad ex-
ample unnecessarily includes the prepo-
sition “from” when the more concise al-
ternative without the preposition works
just as well.

: join rewards program

Fail: sign up for rewards program
Rationale: The good example avoids
prepositions entirely, while the bad ex-
ample unnecessarily includes the prepo-
sition “for” when alternatives without
prepositions are available and equally
clear.

C.1.2 Grammatical Structure

Pass (1) / Fail (0)

Definition: The following criteria are consolidated
by the evaluator into one Pass/Fail rating for Gram-

matical Structure:

1. Verb phrase structure: Is the label a verb
phrase?

: cancel flight
Fail: flight cancellation
Rationale: The good example correctly
follows the verb phrase requirement by

starting with a verb (“cancel”) followed
by a noun (“flight”). The bad example
uses a noun phrase (“flight cancellation”)
instead.

: redeem rewards
Fail: rewards redemption process
Rationale: The good example uses a
verb phrase beginning with the verb “re-
deem”. The bad example fails by using
a noun phrase with “redemption” as the
head noun rather than using a verb form.

2. Citation form: Does the verb appear in its ci-
tation form (without tense or agreement mor-
phology)?

: change delivery address
Fail: changing delivery address
Rationale: The good example cor-
rectly uses the citation form of the verb
“change” without any tense or agreement
morphology. The bad example fails by
using the -ing form ‘“changing” rather
than the required base form.

: cancel subscription
Fail: canceled subscription
Rationale: The good example properly
uses the citation form of the verb “cancel”
without inflectional endings. The bad
example incorrectly uses the past tense
form “cancelled” instead of the citation
form.

3. Event classification: Does the verb phrase
describe a class of events, rather than states,
entities, properties, or claims?

: verify warranty coverage
Fail: warranty coverage
Rationale: The good example describes
an event (the act of verifying) rather than
an entity. The bad example describes
an entity (the warranty coverage itself)
rather than an event, violating the require-
ment that theme labels classify events.
Note: The bad example would also be
ruled out by the verb phrase requirement.
: express dissatisfaction
Fail: customer is dissatisfied
Fail: is dissatisfied
Rationale: The good example describes
an event (the act of expressing) rather
than a state. The first bad example is



structured as a claim about the customer,
rather than describing en event. The sec-
ond bad example is a verb phrase but
describes the wrong kind of situation: a
state, rather than an event.

. : complain about faulty product
(event)
Fail: angry about faulty product (prop-
erty)
Rationale: The good example describes
an event (the act of complaining) rather
than a property. The bad example de-
scribes a property or attribute of the cus-
tomer, rather than an event describing the
customer’s intent.

C.2 Functional Dimensions

C.2.1 Semantic Relevance

Options: Pass (1) / Fail (0)

Definition: Does the label accurately capture the
core intent/topic of the utterance it represents?
Theme labels are expected to provide a gist of the
dialogue from the customer’s inquiry perspective.

. : request card security support (For cus-
tomer utterance: “I received a notification that
my credit card might have been compromised.
I need to know what steps I should take.”)
Rationale: This theme label demonstrates
good semantic relevance by accurately cap-
turing the core intent of the customer’s in-
quiry—addressing a potential security is-
sue—rather than focusing on peripheral as-
pects like the notification itself.

* Fail: express frustration (For customer utter-

ance: “I’ve been on hold for 45 minutes trying
to get help with activating my new debit card.
This is ridiculous!”)
Rationale: This theme label fails the seman-
tic relevance test because it focuses on the
customer’s emotional state rather than their
actual intent, which is to activate their debit
card. The frustration is secondary to the core
purpose of the contact.

. : book accommodation
Fail: inquire about Chicago
Rationale: The good example correctly iden-
tifies the core intent (booking a hotel room),
while the bad example misidentifies the intent
as seeking information about Chicago when

the location is just a detail/slot related to the
booking request.

C.2.2 Analytical Utility

Options: Pass (1) / Fail (0)

Definition: Does the label provide meaningful cat-
egorization that could directly support a reviewer
or analyst’s workflow when reviewing conversation
data? Themes, which should be ready for presenta-
tion to the user/analyst, are supposed to highlight
the topics discussed in the conversation that are
useful for categorizing and further analyzing them
according to the nature of the conversation.

. : troubleshoot checkout error

For customer utterance: “I’m getting error
code E-503 when trying to complete my pur-
chase on your website. I've tried three differ-
ent browsers.”

Rationale: This theme label has good analyti-
cal utility because it categorizes the issue in a
way that would allow analysts to, e.g., identify
patterns in checkout problems, prioritize tech-
nical fixes, and track the frequency of specific
error types.

* Fail: customer contact

For customer utterance: “I ordered a blue
shirt in size medium last week, but you sent
me a red one instead. I'd like to exchange it.”
Rationale: This theme label lacks analyti-
cal utility because it’s too broad to provide
meaningful categorization. It fails to identify
the specific issue (there’s an order fulfillment
error) in a way that could help improve opera-
tions or track problem patterns.

. : downgrade service plan
Fail: smart thermostat model TH8000 connec-
tion failure with iOS app version 3.2.1
Rationale: The good example provides use-
ful categorization at the right level of detail
for business analysis. The bad example is
too specific with technical details that would
fragment similar issues into tiny categories,
making pattern identification difficult.

C.2.3 Granularity

Options: Pass (1) / Fail (0)

Definition: Does the label maintain appropriate
specificity, as determined by its closeness to the
provided gold labels? (Submission authors are ex-
pected to infer ideal granularity from the provided
user preference data.)



. : update payment information

Fail: manage account

Rationale: The good example demonstrates
appropriate granularity by categorizing the
issue at a level that’s neither too broad nor
too specific. The bad example is too broad,
grouping potentially diverse issues that would
benefit from more specific categorization.

. : troubleshoot device connectivity

Fail: resolve Sony WH-1000XM4 head-
phones pairing failure with streaming app on
Android 16 beta

Rationale: The good example shows appro-
priate granularity by categorizing at a level
that groups similar technical problems. The
bad example has excessive granularity, in-
cluding specific device models and OS ver-
sions that would create overly-fragmented cat-
egories.

C.24 Actionability

Options: Pass (1) / Fail (0)

Definition: Does the label provide sufficient in-
formation to categorize customer issues for resolu-
tion? Theme labels should be informative enough
to substantially narrow down the set of possible
customer issue resolution steps.

. : dispute transaction

Fail: seek assistance

Rationale: The good example demonstrates
good actionability by clearly identifying a spe-
cific process (transaction dispute) with estab-
lished resolution procedures. The bad exam-
ple is too vague to suggest any specific resolu-
tion path.

. : trace missing shipment

Fail: discuss app features

Rationale: The good example shows good
actionability by identifying a specific issue
(shipment tracking problem) that points to
clear resolution steps. The bad example has
poor actionability because “discuss” doesn’t
point to a specific resolution-related action,
and “app features” is too broad.

C.2.5 Domain Relevance
Options: Pass (1) / Fail (0)
Definition: Does the label reflect domain-specific
terminology and concepts appropriate to the con-
versation context? Theme labels should reduce

manual analysis by utilizing domain-relevant and
context-relevant terminology.

. : verify coverage details

For customer utterance: “I need to know if
my insurance policy covers damage from a
burst pipe in my basement.”

Rationale: This theme label demonstrates
good domain relevance by using terminology
(“verify coverage”) that’s specific to the in-
surance industry and reflects how claims and
policy questions are typically categorized in
that domain.

. : transfer prescription

For customer utterance: “I want to trans-
fer my prescription from my old pharmacy to
your location. Can you help with that?”
Rationale: This theme label shows good do-
main relevance by using standard pharmacy
industry terminology (“transfer prescription”™)
that accurately reflects how this process is
categorized and handled within the health-
care/pharmacy domain.

Fail: change money amount

For customer utterance: “I need to increase
my 401(k) contribution percentage starting
with my next paycheck.”

Rationale: This theme label lacks domain rel-
evance because it uses overly-generic termi-
nology instead of financial industry-specific
language. A more domain-relevant label
would be “adjust retirement contribution” or
“modify investment allocation.”

* Fail: fix travel problem

For customer utterance: “My flight was de-
layed and I missed my connection. I need to
be rebooked on the next available flight.”)
Rationale: This theme label has poor domain
relevance because it doesn’t use airline in-
dustry terminology. A more domain-relevant
label would be “rebook missed connection”,
“accommodate disrupted itinerary”, etc.

C.2.6 Thematic Distinctiveness

Options: Pass (1) / Fail (0)

Definition: Does the label create a clear boundary
that differentiates one theme from the other themes
in the dataset? Theme labels should exhaustively
cover all the examples AND be mutually exclusive.



. : report stolen card
In this context: Dataset already contains
theme labels “report lost card” and “report
fraudulent transaction”
For customer utterance: “Someone stole my
wallet and I need to block my credit card im-
mediately.”
Rationale: This theme label demonstrates
good thematic distinctiveness by creating a
clear boundary between related but distinct is-
sues: lost cards (misplaced by owner), stolen
cards (taken by someone else), and fraudulent
transactions (unauthorized use).’

e Fail: inquire about refund

In this context: Dataset already contains
theme label “request refund”

For customer utterance: “I returned my pur-
chase last week but haven’t seen the money
back in my account yet.”

Rationale: This theme label fails the thematic
distinctiveness test because it doesn’t create a
clear boundary between refund requests and
refund status checks. The new utterance is
about tracking a refund in progress, which
should be a distinct category (e.g. “check re-
fund status”. Instead, this category could be
compatible with utterances that are already
covered by “request refund”.

. : change delivery location
Fail: reset account
In this context: Dataset already contains
theme labels “schedule delivery”, “resched-
ule delivery”, “reset password”, and “update
account information”
Rationale: The good example shows appro-
priate thematic distinctiveness by creating
a clear boundary between different delivery
modification types. The bad example blurs the
boundary between password resets and other
profile updates, creating confusion about cate-
gorization.

D Input/Output Data Examples

Below is an input datapoint for a dialogue with
one utterance marked as themed. For the train/dev
domains, the theme labels will be available as in
the example below. For the test domain, only the
flag that an utterance is themed will be provided.

{

"conversation_id": "Banking_ 123",

"turns": [
{
"speaker": "Agent",
"utterance": "Thank you for
calling Intellibank. This is

Melanie. How can I help you
on
by
{
"speaker": "Customer",
"utterance": "Yeah, hey. This is

John Smith. I've got a
quick question."

"speaker": "Agent",
"utterance": "OK, John. What can
I help you with?"

"speaker": "Customer",

"utterance": "Yeah I need to
know what your ATM
withdrawal limits are for
the day.",

"theme_label": "get daily
withdrawal limit",

"speaker": "Agent",

"utterance": "Certainly. Our ATM
withdrawal limit is on a
per day basis and it is up
to two hundred dollars."

"speaker": "Customer",
"utterance": "Oh perfect,
perfect. Yeah, I think I'l1l

just see if I can head down
to the ATM now. Thank you."

"speaker": "Agent",
"utterance": "OK, thank you. You
have a great day."

"speaker": "Customer",
"utterance": "You too."

Below is an input datapoint with the example
user preference on clustering granularity:

{
"utterance_a": {

"utterance": "Yeah, so I need to
change the account number thing
that I put in whenever I go to
the ATM."

"conversation_id":

"turn_id": 4

"Banking_ 123",

br
"utterance_b": {
"utterance": "OK. Excellent. Thank
you Ms. Crystal. And while I got
you on the phone I see it's



been a little bit since you've
authenticated your account here.
Would you like to add a PIN
number to your account for
security reasons?"
"conversation_id": "Banking_345",
"turn_id": 10
I
"belong_to_same_theme": "yes"




