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Abstract

Understanding user intent in dialogue is essen-
tial for controllable and coherent conversational
AI. In this work, we present a case study on
controllable theme induction in dialogue sys-
tems using the DSTC12 Track 2 dataset. Our
pipeline integrates LLM-based summarization,
utterance clustering, and synthetic preference
modeling based on should-link and cannot-link
predictions. While preference signals offer
moderate improvements in cluster refinement,
we observe that their effectiveness is signifi-
cantly constrained by coarse initial clustering.
Experiments on the Finance and Insurance do-
mains show that even authentic human labeled
preference struggle when initial clusters do not
align with human intent. These findings high-
light the need to incorporate preference super-
vision earlier in the pipeline to ensure semanti-
cally coherent clustering.

1 Introduction

Understanding user intent in open-domain or task-
oriented conversations has traditionally relied on
supervised intent classification(Hemphill et al.,
1990; Eric et al., 2019). However, these approaches
often assume a fixed set of discrete intent cate-
gories and lack flexibility when transferred to real-
world customer dialogues, where user queries span
a continuum of fine-grained themes. To address
this, recent work has explored theme induction as
a more flexible alternative, allowing systems to dis-
cover and assign user-centered thematic labels to
dialogue segments without relying on predefined
taxonomies (Gung et al., 2023).

Early approaches to intent understanding re-
lied on supervised classification with annotated
datasets, using techniques like attention-based mod-
els (Goo et al., 2018) or semantic lexicon-enhanced
embeddings (Kim et al., 2016; Fan et al., 2020).
However, collecting labeled data at scale is costly,
making it difficult to apply such models to new do-

mains. To address this, unsupervised intent induc-
tion methods have emerged, typically using clus-
tering algorithms (Koh et al., 2023) or embedding
refinement (Perkins and Yang, 2019) to group ut-
terances without labels. While effective in narrow
settings, these methods often struggle with domain
transfer and fine-grained intent variation (Zhang
et al., 2024; Koh et al., 2023). As a more flex-
ible alternative, recent work has explored theme
induction (Gung et al., 2023), enabling the discov-
ery of latent topics without fixed taxonomies—an
idea further developed in the DSTC12 Track 2 task
(Organizers, 2025), which introduces user-defined
pairwise preferences to guide theme clustering.

To address the DSTC12 Track 2 task, we adopt
two-stage pipeline: first performing unsupervised
clustering of utterances, then refining the clusters
using post-hoc preference adapting. Our system
comprises (1) summarization-based input compres-
sion, (2) initial utterance clustering, (3) pseudo la-
beling preference using a fine-tuned large language
model (LLM) classifier, and (4) preference-guided
post-processing. To train the preference model, we
fine-tune the LLM on should-link and cannot-link
examples generated from distance-based heuris-
tics within the training domain. Once trained, the
model is used to generate preference labels for a
different domain in a zero-shot setting to guide its
clustering process. These predicted preferences
are used to adjust the clusters by reassigning indi-
vidual utterances, aiming to better reflect human
interpretations of thematic coherence.

However, despite its modular appeal, our ex-
periments reveal that post-hoc preference process-
ing fails to reliably improve clustering quality. As
shown in our analysis, even accurate preference
predictions cannot override structural errors from
the initial clustering phase. In particular, when
the initial clusters misrepresent the semantic gran-
ularity expected by users (e.g., grouping together
utterances with subtly distinct intents), preference
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signals are often ineffective or misapplied. These
findings suggest that controlling thematic granular-
ity in dialogue clustering cannot be deferred to post-
processing alone, and underscore the importance of
integrating user preferences more holistically into
theme detection systems.

2 DSTC12 Task Track2

The DSTC12 Track 2 challenge focuses on Con-
trollable Conversational Theme Detection. Given
a set of dialogue utterances, the goal is twofold:
(1) to cluster utterances into semantically coherent
themes, and (2) to assign concise, natural language
labels to each theme. A key aspect of this task is
controllability: the desired granularity of clustering
must be inferred from user-provided preferences
indicating whether two utterances should or should
not belong to the same theme.

2.1 Inputs
Participants are provided with the following re-
sources for the training and development phases:

• A set of themed utterances, each with full
dialogue context.

• Pairwise user preference data that indicates
whether two utterances should be grouped
together (should-link) or separately (cannot-
link).

• Gold theme labels for evaluation on the dev
set (hidden for test).

• A theme label writing guideline that out-
lines acceptable forms, including brevity,
event-oriented verb phrases, and avoidance
of context-sensitive terms.

2.2 Outputs
The expected system outputs are:

• A clustering of the themed utterances into dis-
tinct themes.

• A concise natural language label for each
theme cluster, following the provided style
guidelines.

2.3 Evaluation
Evaluation consists of two components:

• Clustering quality: measured by Normalized
Mutual Information (NMI) and clustering ac-
curacy (ACC) based on gold theme assign-
ments.

• Label quality: measured by Cosine similar-
ity (Sentence-BERT (Reimers and Gurevych,
2019)), ROUGE scores, and a private LLM-
based metric that checks guideline adherence.

The challenge setting emphasizes generalization,
as the test set comes from an unseen domain. There-
fore, systems are expected to perform zero-shot
transfer using only the train/dev domains for tun-
ing and validation.

3 Approach

Our approach to the DSTC12 controllable con-
versational theme detection task consists of
four main components: (1) input compres-
sion through summarization, (2) pseudo-labeling
of should-link and cannot-link pairs, (3) post-
clustering refinement, and (4) theme label gen-
eration via LLM prompting. For both sum-
marization and label generation, we employ
mistralai/Mistral-7B-Instruct-v0.3 (Jiang
et al., 2023), an instruction-tuned language model.
We illustrate the overall process in Figure 1.

3.1 Dialogue Summarization for Input
Compression

To reduce noise and standardize input semantics,
we first apply an LLM-based summarization step
to each target utterance using the surrounding dia-
logue context. While the original DSTC12 setup
uses only the single user utterance where the theme
is annotated, we hypothesized that incorporating
preceding dialogue context could provide valuable
cues about user intent. Therefore, instead of clus-
tering based solely on the raw user turn, we sum-
marize the full context into a single sentence that
captures the core intention.

This summarization step is designed to remove
speaker-specific fillers, overly fine-grained details,
and disfluencies, while preserving the semantic in-
tent necessary for accurate theme clustering. We
initially expected that this abstraction would help
produce more coherent clusters by reducing irrele-
vant lexical variation.

We use the following prompt to generate concise
summaries of the user’s intent from the dialogue
context:

Summarization Prompt

The following is a conversation between a user and a
system. Based on the entire dialogue, summarize the
user’s intent in a single concise sentence.
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Figure 1: Overview of our pipeline. We train a preference model using cluster-based pairings, then apply it during
inference to refine clustering results by predicting should-link/cannot-link pairs and adjusting utterance assignments
accordingly.

The summary must start with "User wants ..." or "User
needs ...", and it should be concise and to the point.
Output only a JSON object in the following format.
Do not include any additional explanations or com-
ments.
Format:
{"summary": "<summary sentence>"}
Dialogue: {dialogue}

3.2 Pseudo-Labeling of Should-Link and
Cannot-Link Pairs

To post-process the clustering results in align-
ment with human preferences, we train a pseudo-
labeling model that classifies utterance pairs as
either should-link or cannot-link, using supervision
derived from human-annotated preferences. Specif-
ically, we fine-tune a LLaMA-3.1-8B-Instruct
(Grattafiori et al., 2024) model to determine
whether two given dialogue contexts should belong
to the same thematic cluster, generating structured
outputs: should-link or cannot-link.

To construct the training dataset, we leverage the
ground-truth cluster labels provided in the Banking
domain. For each cluster, we compute embeddings
for all utterances and calculate the cluster centroid
by averaging the embeddings of utterances sharing
the same label.

Within each cluster, utterances are categorized as
either near or far based on their cosine distance to

the centroid—specifically selecting the closest and
farthest k%, respectively. To ensure an informative
and challenging training set, we sample a subset of
contrastive utterance pairs likely to be difficult for
the model, focusing on edge cases requiring fine-
grained distinctions. We use the following types of
pairs:

• same_far_far: Two far utterances from the
same cluster (labeled should-link).

• same_far_near: One far and one near
utterance from the same cluster (labeled
should-link).

• diff_far_far: Two far utterances from differ-
ent clusters (labeled cannot-link).

• diff_far_near: One far utterance from one
cluster and one near utterance from a different
cluster (labeled cannot-link).

During inference, we apply the same distance-
based sampling strategy to identify utterance pairs
that are likely to be misclustered. The trained
model then predicts pairwise preferences, which
are used to refine the clustering output. For each
predicted should-link pair found in different clus-
ters, we relocate one utterance to the cluster of its
paired utterance to enforce co-membership. For

38



each cannot-link pair found in the same cluster,
we move one utterance to the next most similar
cluster based on centroid similarity, thus enforcing
separation. This post-processing adjustment helps
align the clustering structure more closely with hu-
man interpretations of thematic boundaries. We set
k to 20% for both training and inference sampling.

3.3 Theme Label Generation
Lastly, after reassigin the cluster label with psuedo
labels, we generate a short natural language label
using an instruction-tuned LLM. Given a set of
utterances within a cluster, we prompt the model
to summarize the common customer intent using
a constrained format. The prompt enforces the
following requirements:

• The label must follow the structure: verb +
object (e.g., reset password).

• All words must be in lowercase and free of
punctuation.

• The label must contain a single verb and a 1–2
word noun phrase.

• The label should reflect the customer’s in-
tended action.

This approach aligns with the DSTC12 guideline
for theme label writing and ensures consistency
across generated labels.

4 Experiments

4.1 Experimental Setup
Dataset. We use the Banking (train) portion of
the DSTC12 controllable conversational theme de-
tection dataset, which consists of 2,504 themed
utterances across 933 dialogues. Each utterance is
annotated with a theme label and accompanied by
surrounding dialogue context.

To train our preference synthesize model,
we construct pairwise preference examples
(should-link or cannot-link) from the training
data. After removing duplicate prompts, we ob-
tain 53,264 training instances, each consisting of
a comparison between two utterances and a corre-
sponding preference label. We evaluate our model
on the Finance and Insurance splits of the DSTC12
dataset. Both domains are unseen during training.
Note that we excluded the human-labeled prefer-
ence datasets for the Finance and Insurance do-
mains to evaluate performance in a truly unseen
environment.

Clustering. We perform initial theme clustering
over utterance embeddings using the KMeans
algorithm. Each utterance is embedded using the
sentence-transformers/all-mpnet-base-v2
(Reimers and Gurevych, 2019) model, resulting
in a fixed-dimensional vector representation. To
determine the number of clusters k, we apply a
silhouette-based selection method: for k ∈ [15, 30],
we compute the silhouette score for each candidate
value and choose the k that yields the highest score.
The selected number of clusters is then used to fit a
KMeans model with k-means++ initialization and
a fixed random seed for reproducibility.

Training Details. We fine-tuned a
LLaMA-3.1-8B-Instruct model using the
HuggingFace Trainer1 with LoRA (Hu et al., 2021)
adaptation on a single A100-80GB GPU. Training
was performed for one epoch with a learning rate
of 1e-4 and batch size of 8 per device. LoRA was
applied to the q_proj and v_proj modules with
rank 8, α = 16, and a dropout rate of 0.05.

Evaluation Metrics. To evaluate clustering and
labeling performance, we report the following met-
rics:

• Accuracy: The proportion of utterances as-
signed to the correct cluster, assuming an op-
timal one-to-one mapping between predicted
clusters and gold labels.

• Normalized Mutual Information (NMI):
Measures the mutual dependence between pre-
dicted and gold clusters. NMI is normalized
between 0 (no mutual information) and 1 (per-
fect match), and is invariant to label permuta-
tions.

• ROUGE-1 / ROUGE-2 / ROUGE-L: These
metrics assess lexical overlap between pre-
dicted theme labels and gold labels. ROUGE-
1 and ROUGE-2 measure unigram and bigram
overlap, respectively, while ROUGE-L cap-
tures the longest common subsequence.

• Cosine Similarity: The average cosine simi-
larity between each utterance embedding and
the centroid of its assigned cluster. This met-
ric reflects intra-cluster semantic cohesion in
the embedding space.

1https://huggingface.co/
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Model Variant Accuracy NMI ROUGE-1 ROUGE-2 ROUGE-L Cosine Sim. Clusters
Domain: Finance (Cluster num : 34)

Baseline 41.74% 56.95 44.10% 23.43% 44.01% 51.70%
25+ Pseudo Preference 43.59% 57.74 41.35% 20.82% 41.10% 51.91%

+ Human Preference 48.23% 61.97 49.35% 26.62% 48.47% 56.63%
+ Summarize 39.88% 41.87 32.03% 14.11% 31.69% 40.46%

26+ Pseudo Preference 37.80% 40.53 35.77% 18.48% 34.89% 42.94%
+ Human Preference 36.75% 40.48 30.82% 12.08% 29.53% 42.44%

Domain: Insurance (Cluster num : 27)
Baseline 36.16% 50.63 29.89% 9.97% 28.83% 44.21%

26+ Pseudo Preference 41.49% 50.76 31.62% 11.77% 31.41% 46.04%
+ Human Preference 42.16% 52.14 27.44% 9.33% 26.06% 47.60%

+ Summarize 38.03% 39.48 24.07% 7.67% 24.07% 36.55%
26+ Pseudo Preference 35.71% 38.03 18.78% 6.85% 18.58% 34.20%

+ Human Preference 36.46% 40.66 22.44% 7.52% 22.16% 37.67%

Table 1: Evaluation of different model variants across the Finance and Insurance domains in the DSTC12 theme
detection task. Accuracy and NMI assess clustering quality, while ROUGE and cosine similarity evaluate the natural
language quality of theme labels.

• Clusters: The number of clusters selected
during inference, determined automatically
via silhouette analysis.

Models. We experiment with combinations of
the following components:

• Summarization: Each dialogue is abstracted
using an LLM to a concise form starting with
“User wants...” or “User needs...”, preserving
the core intent while removing surface-level
noise (Section 3.1).

• Human Preference: Gold pairwise con-
straints derived from given dataset, which con-
tains should-link and cannot-link pairs.
The number of oracle pairs was 347 (Finance)
and 282 (Insurance).

• Pseudo Preference: Automatically generated
pairwise preferences using a preference syn-
thesize model. These were used to guide post-
clustering reassignment. We generated 1,836
pairs for Finance and 1,888 for Insurance.

4.2 Main Results
Table 1 presents the performance of different model
variants across the Finance and Insurance domains.
We initially hypothesized that incorporating LLM-
based summarization and pseudo label preference
refinement would improve clustering quality and
label generation. However, the empirical results
reveal several unexpected trends.

First, LLM-based summarization consistently
degraded performance across both domains. While
intended to reduce lexical variability, the summa-
rization process often produced overly generic de-
scriptions that failed to preserve the underlying

intent of the original utterances. As a result, cru-
cial semantic cues were lost, making it harder to
distinguish thematically distinct examples during
clustering (Section 5.1).

Second, pseudo labeled preference pairs offered
limited improvements over the baseline. In some
cases, it slightly boosted accuracy or label quality,
but the gains were inconsistent and notably weaker
than those achieved using gold (human) preference
pairs. This gap highlights the challenge of train-
ing a generalizable preference predictor to unseen
domain.

Finally, we observe that the predicted number
of clusters tended to be underestimated, particu-
larly in the Finance domain where the system often
selected 25–26 clusters compared to the gold 34.
This under-segmentation likely stemmed from the
lack of user-preferred granularity being reflected
during the clustering stage, leading to coarse group-
ings that failed to capture fine-grained thematic dis-
tinctions. These findings highlight the importance
of incorporating preference signals earlier in the
pipeline, a point we further explore in Section 5.

5 Analysis

In this section, we investigate the sources of fail-
ure observed in our main results by analyzing the
effects of summarization, pseudo labeling, and clus-
tering performance. We provide case studies and
discuss potential directions for improvement.

5.1 Summarization

In Table 2, we illustrate how using full dialogue
context for summarization—rather than focusing
solely on the user turn where the theme label is
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Examples of Summarization

Original User: My email address is Hawthorne Thornton
at ... dot com.
System: I will get this right out to you. Also, you
are trying for a ten thousand dollar loan currently.
User: Yeah, how long’s it gonna take for me to
know if I get approved?
System: You’ll get a letter in the mail.
User: Hopefully it’s ten thousand... In the mean-
time, what address do you have on file for me? I
just wanna make sure it’s the right one.

Label get account info
Summary User wants to apply for a corporate

credit card.

Original System: Sir I do think that Elgin is a wonderful
town but I’ve lived here my whole life so I might
be biased...
User: I think that sounds like a very good idea.
Very wise. Yes, a very wise idea. but I’m still not
sure if this is a risk. I guess what I really need to
is to talk to someone about the risks involved...
System: Sure. It sounds to me you’re asking if we
have a risk specialist that you could speak with?
Am I understanding that correctly?
User: Yes a rest risk specialist! That’s exactly
what I need!...

Label request call transfer
Summary User wants to assess the risks involved

in opening a second store location in
Elgin before deciding on a lease.

Table 2: Examples where LLM-based summarization
includes excessive contextual information, potentially
reducing clustering accuracy.

assigned—can negatively impact clustering. While
the initial motivation for incorporating previous dia-
logue was to better capture the user’s intent, we ob-
served that the resulting summaries often included
excessive background rather than highlighting the
intention expressed in the current turn.

For example, in the first case, the summary re-
flects the broader discussion about applying for a
corporate credit card, rather than the user’s imme-
diate request to verify their mailing address. Sim-
ilarly, in the second example, the summary em-
phasizes the user’s interest in evaluating business
risks in Elgin, but overlooks the specific request
to speak with a risk specialist made in the labeled
turn. These cases suggest that focusing too heav-
ily on prior context can dilute the turn-level signal
needed for accurate theme clustering. To address
this issue, future summarization approaches should
center the summary around the labeled turn, using
surrounding context only to disambiguate or clarify
intent—not to replace it.

5.2 Limitations of Pseudo-Labeled
Preferences

To assess the accuracy of the pseudo labeling
model, we compare its predictions against gold

Domain Finance Insurance

Accuracy (%) 50.58 49.11

Table 3: Accuracy of pseudo labeling model on the
unseen domains.

Examples of Synthesized Preference Prediction

Label inquire about plans
Utt 1 Could you tell me when my auto policy pre-

mium is due?
Utt 2 Well, I needed to cancel one of my insurance

plans.
Prediction should-link (correct)

Label update account information
Utt 1 Hey I would like to my home address.
Utt 2 Can I update my billing frequency then?
Prediction should-link (correct)

Label start/change/cancel plan
Utt 1 Life insurance. Add a policy the cheapest one

you have. Have young son who is an adult
coming back home. Out of drug rehab again.

Utt 2 Hello, Sarah. I would like to cancel my auto
insurance.

Prediction cannot-link (incorrect)

Label get plan info
Utt 1 Yes my name is Jack and I got a flyer for you

guys saying that you offer homeowner’s insur-
ance in my area and I just wanted to see what
you could offer me.

Utt 2 OK, and what would the annual rate be, if I
decided to pay it all at once?

Prediction cannot-link (incorrect)

Table 4: Examples of pseudo labeling model pre-
dictions. Top two rows show correctly predicted
should-link cases, while bottom two rows show incor-
rect cannot-link predictions.

preference label in the Finance and Insurance do-
mains (Table 3). The accuracy hovers around 50%,
suggesting challenging in alignment with human
preferences for unseen domains.

Table 4 analyzes common success and failure
cases of the pseudo-labeled preference model. In
particular, labels covering multiple intents (e.g.,
start/change/cancel plan) pose challenges, as
the model tends to treat these actions as distinct.
In contrast, it performs reliably on simpler intents
such as update account information. These
findings suggest that zero-shot generalization is
challenging, as clustering standards assumed by
users may vary across domains—highlighting that
even minimal in-domain preference data can help
the model better align with human judgments of
appropriate clustering boundaries.
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Label Predictions

apply for loan apply for loan, business
loan inquiry, inquire about
sba seven a loan

check credit card balance check business silver card
balance, check credit card
balance

cancel/order check order checks, cancel checks,
update account

change account or card pin change pin number
get debt income ratio debt to income ratio
request call transfer None
get net income None

Table 5: Examples of label-to-prediction mappings in
the finance domain.

Label Predictions

change password reset password
file life claim get life insurance info, file

life claim, enroll in life in-
surance

get pet quote get pet insurance quote, in-
quire about pet insurance

create account create account, set up ac-
count

pay bill pay bill, understand cost
get homeowner quote None
file poperty claim None

Table 6: Examples of label-to-prediction mappings in
the insurance domain.

5.3 Importance of Initial Clustering

Lastly, we apply human-annotated intent prefer-
ences to the clustering output to assess the impor-
tance of initial cluster quality. Specifically, Tables 5
and 6 present a comparison between gold labels and
the predicted clusters after incorporating human-
provided should-link and cannot-link constraints.
Despite applying these authentic preferences dur-
ing post-processing, we still observe substantial
mismatches, indicating that preference-based re-
finement alone may not resolve structural issues in
the initial clustering.

For example, in the Finance domain, utterances
labeled as apply for loan are split into clusters like
business loan inquiry and SBA loan, while check
credit card balance appears as variants such as
check business silver card balance. Some intents,
like request call transfer and get net income, are
missing altogether.

These results suggest that when the initial cluster-
ing does not align with the semantic scope assumed
by the preference supervision, post-processing be-
comes ineffective. Even correct preference signals
cannot recover from such misaligned segmenta-

tions. These findings highlight the need for future
work to incorporate user preferences earlier in the
pipeline—particularly during the embedding and
clustering stages—to better estimate the number
of clusters and achieve semantically aligned group-
ings.

6 Conclusion

Motivated by the need for controllable coher-
ent theme induction in dialogue systems, we ex-
plore the use of pseudo-labeled preference post-
processing to refine initial clustering outputs. Our
findings reveal that while preference-based post-
processing provides a structured way to improve
cluster quality, its effectiveness is fundamentally
constrained by the quality of the initial clustering.
Through extensive experiments on the Finance and
Insurance domains in the DSTC12 dataset, we ob-
serve that coarse-grained or misaligned clusters
severely limit the corrective power of preference
modeling. These results highlight the critical im-
portance of aligning initial representations with
user-intended semantics, suggesting that improve-
ments to clustering quality may yield greater bene-
fits than post-hoc refinement alone.

Limitations

While our analysis provides insights into the lim-
itations of post-hoc preference modeling, our ap-
proach has several constraints. First, the pseudo
preference labels are generated using in-domain
data and a fine-tuned LLM, which not generalize
well to other domains without additional supervi-
sion. Second, we employ a fixed clustering back-
bone and only apply preferences as a refinement
step—more tightly coupled clustering and prefer-
ence modeling might yield better results.
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