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Abstract

Theme detection is a fundamental task in user-
centric dialogue systems, aiming to identify the
latent topic of each utterance without relying
on predefined schemas. Unlike intent induc-
tion, which operates within fixed label spaces,
theme detection requires cross-dialogue con-
sistency and alignment with personalized user
preferences, posing significant challenges. Ex-
isting methods often struggle with sparse, short
utterances and fail to capture user-level the-
matic preferences across dialogues. To address
these challenges, we propose CATCH (Con-
trollable Theme Detection with Contextualized
Clustering and Hierarchical Generation), a uni-
fied framework that integrates three core com-
ponents: (1) context-aware topic representation,
which enriches utterance-level semantics us-
ing surrounding topic segments; (2) preference-
guided topic clustering, which jointly models
semantic proximity and personalized feedback
to align themes across conversations; and (3) a
hierarchical theme generation mechanism de-
signed to suppress noise and produce robust,
coherent topic labels. Experiments on a multi-
domain customer dialogue benchmark demon-
strate that CATCH achieves state-of-the-art per-
formance in both theme classification and topic
distribution quality. Notably, it ranked second
in the official blind evaluation of the DSTC-
12 Controllable Theme Detection Track, show-
casing its effectiveness and generalizability in
real-world dialogue systems.

1 Introduction

In real-world customer service scenarios such as
banking, finance, travel, and insurance, accurately
identifying the underlying theme of each utter-
ance plays a pivotal role in enhancing service ef-
ficiency, understanding user intent, and retrieving
relevant knowledge. Compared to intent classifi-
cation, which typically maps utterances to a pre-
defined label space (Pu et al., 2022; Costa et al.,
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Figure 1: Illustration of the controllable theme detection
task. Given a set of dialogues with unlabeled utterances,
a theme is generated for each utterance. The theme
granularity is influenced by auxiliary inputs such as
user preferences, indicating whether a pair of utterances
should be grouped under the same theme.

2023), theme detection aims to uncover potentially
novel and latent topics. Controllable theme detec-
tion requires not only accurate topic assignment
within dialogues (Nguyen et al., 2022; Du et al.,
2013a), but also consistency across dialogues and
alignment with user preferences (Mendonga et al.,
2025), as illustrated in Figure 1.

However, existing approaches such as topic mod-
eling (Blei et al., 2003; Pham et al., 2024) fall
short of these requirements. While such methods
infer high-level themes using neural or probabilis-
tic models, they often struggle to maintain con-
sistency across dialogues due to the sparsity and
fragmentation of utterances (Bach et al., 2021; Lin
et al., 2024). Other works, like topic clustering,
typically rely on semantic similarity between utter-
ances but ignore how thematic consistency should
reflect user-specific preferences (Gung et al., 2023;
Chatterjee and Sengupta, 2020). Moreover, most
previous methods lack an explicit theme generation,
limiting their applicability in downstream tasks.

To address these challenges, we propose
CATCH (Controllable And Thematic Clustering
with Hierarchy), a controllable theme detection
framework that integrates intra-dialogue context
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modeling with inter-dialogue user preference align-
ment. Specifically, CATCH consists of three key
components: (1) a context-aware topic represen-
tation module that leverages dialogue-level topic
segmentation to enrich semantic understanding; (2)
a preference-guided topic clustering that jointly
considers semantic similarity and user preferences
for cross-dialogue thematic consistency; and (3) a
hierarchical theme generation inspired by Chain-of-
Thought prompting and refined through majority
voting to produce robust, domain-adaptive outputs.
We evaluate CATCH on the DSTC-12 Control-
lable Conversational Theme Detection benchmark.
Experimental results demonstrate that our frame-
work outperforms competitive baselines in both
in-domain and cross-domain settings, even under
limited preference supervision. Our system ranks
second in the official blind evaluation, achieving
strong performance in both automatic and human
assessments with a lightweight design. Extensive
ablation and case studies further validate the ro-
bustness and generalizability of our approach. The
main contributions of this work are as follows:

* We propose CATCH, a novel controllable
theme detection framework that jointly mod-
els intra-dialogue contextual signals and inter-
dialogue user preferences, effectively address-
ing the limitations of prior topic modeling and
clustering methods.

* We design a hierarchical theme generation
strategy that first generates topic candidates in
small clusters and then refines them via major-
ity voting, ensuring robustness and coherence.

CATCH achieves 2nd place in the DSTC-
12 Controllable Theme Detection task across
both automatic and human evaluation settings.

Detailed ablation studies and qualitative analy-
sis demonstrate the effectiveness of each mod-
ule and highlight the framework’s generaliz-
ability in low-resource scenarios.

2 Related Works

The related task of theme detection in conversation
can be broadly categorized into two levels based
on granularity: intra-dialogue and inter-dialogue
theme detection.

2.1 Intra-dialogue theme detection

Intra-dialogue theme detection focuses on identify-
ing the topic affiliation of each utterance within a

18

single dialogue, which typically includes two sub-
tasks: fopic segmentation and topic generation.

Topic segmentation. Dialogue Topic Segmenta-
tion (DTS) aims to divide a dialogue into coherent
topical units by detecting boundaries between ad-
jacent utterances. Hindered by scarce annotated
dialogue data and dialogue fragmentation, which
limits effective transfer from documents, most DTS
approaches focus on unsupervised scenarios. Early
methods use unsupervised signals such as word co-
occurrence statistics (Hearst, 1997; Eisenstein and
Barzilay, 2008) or topical distributions (Riedl and
Biemann, 2012; Du et al., 2013b). Recent studies
construct contrastive data sets through utterance-
pair distances and fine-tuning models like BERT
(Devlin et al., 2019; Xing and Carenini, 2021; Gao
et al., 2023). However, these methods apply the
same segmentation decoding algorithm uniformly
across datasets with varying topic granularities, fail-
ing to account for dataset-specific differences and
resulting in uneven performance.

Topic generation. The most direct way to gener-
ate a topic is through topic modeling, which trains
a neural network or probabilistic model to infer ab-
stract high-level themes of the input text (Blei et al.,
2003; Pham et al., 2024). One main challenge to
applying the topic model to theme detection is the
sparsity of data, which is rendered by the brevity
of short texts (Bach et al., 2021; Lin et al., 2024).
Many topic models try to augment the short data
into a long training signal to address the data spar-
sity problem (Lin et al., 2024; Nguyen et al., 2022;
Tuan et al., 2020; Jiang et al., 2024). Although the
topic model performs well in theme generation, ex-
isting work cannot maintain the consistency of the
theme label within the same conversation scenario.

2.2 Inter-dialogue theme detection

Inter-dialogue theme detection, on the other hand,
concerns the clustering and alignment of topics
across multiple dialogues.

Topic clustering and alignment. The main ap-
proach to yield coherent topics between dialogues
is topic clustering. Existing work generates topic
groups by directly clustering the semantic repre-
sentation of input text (Nguyen et al., 2024; Groo-
tendorst, 2022; Zhang et al., 2022; Sia et al., 2020).
These works are efficient in providing a coherent
theme distribution. However, they assume that the
theme is a fixed set and exclude theme discovery
from the design (Perkins and Yang, 2019). Some
methods are also proposed to explore the realistic
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Figure 2: The overall architecture of CATCH.

complexity of the theme space (Perkins and Yang,
2019; Chatterjee and Sengupta, 2020; Gung et al.,
2023). These methods use topic alignment to ex-
plain the topic space. Some works design the multi-
view clustering method (Nguyen et al., 2024, 2025;
Perkins and Yang, 2019), such as learning clus-
tering representations by predicting cluster assign-
ments of an alternative view of each input (Perkins
and Yang, 2019) and iteratively breaking down the
“noise” cluster from DBSCAN to address varying
densities (Chatterjee and Sengupta, 2020). Others
used intermediate structured prediction tasks, such
as dependency parsing or abstract meaning repre-
sentations, to aid intent induction (Liu et al., 2021;
Zeng et al., 2021; Vedula et al., 2020). However,
these works align the topic based on the semantic
information without considering user preference.

3 Methodology

We define the controllable theme detection (TD)
task as a structured theme generation problem over
dialogue utterances. Given a set of utterances
U = {ui,...,un} extracted from dialogues of a
specific domain, the goal is to assign each utterance
u; € U atheme label L; that is both preference-
aligned and contextually consistent across dia-
logues To achieve this goal, as illustrated in Fig-
ure 2, we propose CATCH, a controllable theme
detection framework that incorporates both intra-
and inter-dialogue modeling.

3.1 Context-Aware Intra-Dialogue Theme
Representation

To address the semantic sparsity and ambiguity
commonly observed in short utterances, we design
a context-aware intra-dialogue theme representa-
tion module. It leverages a dual-branch topic seg-
mentation framework to infer latent segment bound-
aries and construct thematically coherent spans
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by scoring relevance between adjacent utterance
pairs with a two-stage adaption consisting of unsu-
pervised pre-training and preference-supervised
fine-tuning.

Inspired by DialSTART (Gao et al., 2023) the
dual encoder evaluates topic similarity through a
combination of semantic similarity and dialogue co-
herence in a dual-encoder framework: A SimCSE-
based topic encoder, which produces an embed-
ding for each individual utterance, capturing its
semantic content; An NSP-BERT-based coherence
encoder, which evaluates discourse continuity be-
tween intervals of utterance spans.

3.1.1 Unsupervised Pre-training

Concretely, given a dialogue D = {uq,...,uy},
we define n — 1 intervals v; between u; and u;
and assign each interval a topic relevance score
r; which is a calculated by topic representations
h; and h;y1, and coherence score ¢;. Higher 7;
indicates higher topic continuity. To ensure both
encoders learn topic-aware utterance representa-
tions from unlabeled dialogue data, we employ two
auxiliary tasks:

Neighboring Utterance Matching, which fo-
cuses on utterance-level semantic similarity by en-
couraging closer alignment between adjacent utter-
ance embeddings. Given an utterance u;, its similar
neighboring utterance index set U; and dissimilar
non-neighboring utterance index set U; as:

©)
(@)

U={jel,n]|w>li—jAj#i},
U={jell,n]|w<li—j}

where w specifies the number of neighboring ut-
terances on each side of u;. We encode each ut-
terance using the topic encoder to obtain its vector
representation. During training, the topic encoder
maximizes a marginal ranking loss that pushes rep-
resentations of {u;,u;} pairs with j € U, pairs



closer together than those with j € U,.

Relevance Modeling, which leverages both se-
mantic similarity and discourse coherence at the
utterance-interval level to distinguish real contigu-
ous fragments from synthetic ones. Given an utter-
ance interval v;, its real fragment F; and synthetic
fragment F; are defined as:

3)
4

F‘i = [ui—la ui]; [ui+17 ui+2]}7

{
{[ui_l, Ui]a [Ur‘anda UrandJrl]}}'

where 14,4 18 an utterance randomly selected
from other dialogues. We then feed both interval
pairs in F; and F; into two separate encoders: a
topic encoder to compute the topic similarity and a
coherence encoder to compute a coherence score.
Summing these two values produces the relevance
scores r;r (for the real fragment) and r; (for the
synthetic fragment). During training, a margin-
based ranking loss is applied to maximize the gap
between 7" and r; , encouraging the model to as-
sign higher relevance to genuine sequences.

F‘Z':

3.1.2 Preference-supervised Fine-tuning

To encourage the model to better identify topi-
cal shifts and coherence patterns that align with
human preferences, we refine the topic and co-
herence encoders by leveraging human-annotated
preference utterance indices—each corresponding
to a likely topic boundary—as supervision sig-
nals. Given a preference-labeled index set L =
{l1,12, ..., } corresponds to m annotated utter-
ances in all dialogue set, we filter the original train-
ing data [U;, U;, F;, F}] to construct new training
sets [Up, Uy, Fp, F)], where p belongs to L. Fi-
nally, we fine-tune both the topic and coherence
encoders by continually optimizing the marginal
ranking losses for the NUM and RM tasks over this
filtered training set.

After the two-stage training process, we apply
the TextTiling algorithm (Hearst, 1997) to the pre-
dicted relevance scores R = {ri,72,...,rn—1}. A
fixed threshold of 0.5 is used to identify topic
boundaries. Based on the detected boundaries, we
segment the entire dialogue into coherent topical
blocks, each representing a contiguous span of ut-
terances that share a common theme.

3.2 Preference-Guided Inter-Dialogue Theme
Alignment

To align topic blocks across dialogues with user
preference, we propose a preference-enhanced
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topic clustering that jointly considers semantic sim-
ilarity and preference feedback. Then, we intro-
duce a hierarchical LLM-based theme label genera-
tion method that effectively filters out noisy signals
and ensures more robust and coherent theme gener-
ation for the preference-enhanced cluster.

3.2.1 Preference-Enhanced Topic Clustering

To dynamically fuse semantic similarity and user
preference signals within the clustering process,
we design a Preference-Enhanced Topic Cluster-
ing strategy with a new semantic-preference (SP)
distance kernel to substitute the original distance
metric. It measures the distance between a pair of
utterances (z, y) in the semantic-preference union
space:

dSP(xv y) = Wgy - dsem(xa y) (5)
where den, is the Euclidean distance between topic
embeddings, and w,. ,, is a preference scalar learned
via a reward model trained on user preference data:
should-link / cannot-link topic block pairs (the de-
tail form of preference data is shown in Section
4.1). Notably, the generated preference scalar in-
dicates the tendency of whether a pair of topics
should belong to the same theme.

Because the true joint space combining semantic
and preference information is latent and not explic-
itly constructed, the over-defined problem arises
as shown in Figure 3. Therefore, we propose a
two-stage algorithm grounded in semantic space
but progressively incorporating preference signals,
by first obtaining anchor semantic clusters as ref-
erence node, and then re-cluster the points with
intense preference tendency using SP distance.

* Semantic Clustering. To acquire anchor clus-
ters aligning the semantic similar topics, topic
blocks are clustered solely based on semantic
similarity to form initial anchor clusters.

SP Distance Clustering. This stage first uses
preference reward model to provide prefer-
ence scalar (tendency). Two opposite kinds
of preference-relevant topic pairs are obtained
according to the linking and splitting tendency
thresholds. Preference-relevant topic pairs
are split from the anchor cluster, and then
re-clustered to the nearest anchor node with
minimum aggregated SP distance.
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Figure 3: The illustration of positional conflict evoked
by SP distance metric. Assume topic ¢,’s position is
defined by its semantic distance (d; »,, d; ) to the topic
t; and t;. If the original distance is replaced by the
SP distance (7; ., 7j,n), tn has two possible positions
(tL, t2) in the SP union space without observation of

coordinates.

3.2.2 Hierarchical Theme Label Generation

We design a three-step prompting pipeline to gen-
erate a structurally coherent theme label for each
preference-enhanced cluster. The hierarchical de-
sign endows the pipeline with the ability to ef-
fectively conclude key information by introduc-
ing a cleaning mechanism amid two theme genera-
tion processes, though the semantic inconsistency
within a preference-enhanced cluster introduces
noise that prohibits direct generation (Yang et al.,
2025; Liu et al., 2024).

Sub-cluster Labeling. This step centers at a
divide and conquer strategy which randomly di-
vides a cluster into several smaller groups (e.g., 10
topic blocks) and prompts an LLLM to separately
generate fine-grained theme labels. Specifically,
the prompt requires the theme label be a concise
and actionable verb phrase.

Label Cleaning. In this step, we design a clean-
ing rule to reduce noise among the set of fine-
grained labels, because these primary labels are
highly inconsistent due to their fine granularity.
Specifically we prompt the LLM to summarize and
filter these labels into a consistent set by removing
rare or irrelevant entries.

Theme Consolidation. The final theme label for
each cluster is generated by prompting the LLM
to unify the cleaned labels. This step ensures pref-
erence alignment and semantic coherence by sum-
marizing on the key theme information rather than
extracting the superficial semantic meaning.

This hierarchical label generation strategy not
only enables global label consistency, but also miti-
gates the impact of clustering errors. If a preference
cluster is mistakenly separated, the hierarchical de-
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sign ensures that the same theme label will be gen-
erated for all these clusters, thereby merging them
into the same cluster.

4 Experiments

4.1 Datasets

Datasets. We conduct experiments on the multi-
domain customer support dialogue datasets (Bank-
ing, Finance, Insurance, and Travel) provided by
DSTC-12 (Mendonga et al., 2025), as summarized
in Table 1. Each dataset contains two key types of
annotations of the themed utterances: (1) Theme
Annotation: Each target utterance is annotated
with its corresponding theme label. (2) Prefer-
ence Annotation: A binary relation (should-link
and cannot-link) of a pair of target utterances indi-
cating whether they should be grouped under the
same theme (should-link) or not (cannot-link).

In the offline evaluation, we use the banking
dataset for training and the finance and insurance
domains as the valid dataset. For online evalua-
tion, we deploy our model (CATCH) to predict
theme labels on the Travel dataset, which lacks
golden annotations. The predicted results are sub-
mitted to the organizers of DSTC-12 for blind eval-
uation. Throughout training, CATCH is trained
solely based on preference annotations without ac-
cessing the ground-truth theme labels.

Type Domain  # Dialogues # Utterance # Preference
Offline Banking 1634 58418 (980) 164/164
Offline  Finance 1725 196764 (3000) 173/173
Offline Insurance 836 60352 (1333) 155/126
Online  Travel 765 72010 (999) —/—
Table 1: Data Statistics of the DSTC-12 Dataset. The

numbers in parentheses indicate the number of sampled
utterances with annotated themes. In the Preference
column, the values denote the number of should-link /
cannot-link utterance pairs, respectively.

4.2 Metrics

Metrics. To comprehensively evaluate the effec-
tiveness of CATCH, we follow the DSTC-12 (Men-
donga et al., 2025) evaluation protocol, which as-
sesses two core aspects: (1) the quality of theme
segmentation (i.e., utterance clustering), and (2)
the quality of generated theme labels.

Offline Evaluation. For theme segmentation
quality, we use two standard clustering metrics:
Normalized Mutual Information (NMI) (Vinh
et al., 2010), which quantifies the mutual depen-
dence between predicted and reference clusters nor-



malized by their entropies, and Clustering Accu-
racy (Acc), computed via the Hungarian algorithm
to align clusters optimally. For theme label qual-
ity, we evaluate the semantic and textual correspon-
dence between predicted and reference labels using:
Cosine Similarity (CosSim) based on Sentence-
BERT embeddings, ROUGE (Lin, 2004) for n-
gram overlap, and an LLM-based score that as-
sesses label format and informativeness via vicuna-
13B evaluation guided by human-crafted criteria.

Online Evaluation. For the held-out test set with-
out golden labels, the DSTC-12 organizers perform
additional evaluations including both automatic
metrics and manual human judgments.

4.3 Baselines

We compare our framework with the following
baselines:

GUREP (generation on utterance by random pref-
erence assignment): The official baseline provided
by DSTC-12, which directly generates a theme la-
bel for the utterance cluster after randomly linking
or splitting the utterance pairs according to the pref-
erence data. GTR (generation on topic guided by
reward model): An upgraded version of GURP,
which directly generates themes for topic clus-
ters, and uses a preference reward model to guide
the random linking and splitting. SPC (semantic-
preference clustering): A variation of GTR, which
directly uses SP distance metric to cluster topics.

4.4 Implementation Details

In the intra-dialogue stage, we follow the previous
work (Gao et al., 2023), using bert-base-uncased
and sup-simcse-bert-base-uncased as our coher-
ence encoder and topic encoder, respectively. Dur-
ing the pre-training and fine-tuning process, we
both set the learning rate to Se-6 and the epoch to
be 3.

In the inter-dialogue stage, we employ all-mpnet-
base-v2 to obtain the sentence transformer embed-
dings and uses UMAP to reduce embedding dimen-
sion. For semantic clustering, we employ Spec-
trum clustering method with the default clusters
number K being 30 following the common design.
For the preference refinement, we use bert-base-
uncased as default reward model with learning rate
to be 2e-5 and epoch to be 3. During preference
inference, we set the confidence threshold of link-
ing 6; to be 0.85 and the confidence threshold of
splitting 65 to be 0.15. For the theme label gen-
eration, we employ LLaMA3-8B-Instruct as the
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default LLM for label generation.

4.5 Offline Experimental Results

We train CATCH on the banking dataset and con-
duct the experiment in two data scenarios: in-
domain data, out-of-domain data. In the in-domain
task, we evaluate different methods by evaluating
them on the same banking dataset. For the out-
of-domain task, we evaluate on the finance and
insurance datasets, respectively. Moreover, we pro-
vide the results of the blind evaluation of DSTC-12,
which is tested on the travel dataset with extra met-
rics.

4.5.1 The Performance of the Models in the
In-domain Dataset

Table 3 highlights the effectiveness of CATCH
which outperforms all the baselines under both
theme distribution and theme label quality. The
proposed preference-enhanced topic clustering sig-
nificantly improves the quality of topic distribution,
as reflected in the superior ACC (55.8%) and NMI
(67.1%) metrics comparing to GTR which achieves
second best ACC (46.9%) and NMI (51.6%). Be-
sides, CATCH significantly significantly enhances
the theme label quality. The hierarchical genera-
tion paradigm is able to conclude a representative
high-level theme from the diverse topics cluster as
demonstrated by the superior ROUGE-1 (35.3%)
and Cosine Similarity (58.5%) comparing to GTR’s
ROUGE-1 (22.0%) and Cosine Similarity (37.3%).

4.5.2 The Performance of the Models in the
Out-of-domain Dataset

Since CATCH performs well on the in-domain task,
we further validate its domain generalization abil-
ity on the out-of-domain task. The results are pre-
sented in Table 2. CATCH demonstrates its robust-
ness and consistency, since it maintains the supe-
rior performance in both datasets across all metrics.
Consequently, CATCH performs even better in the
out-of-domain task (e.g. with 67.1% NMI for fi-
nance dataset) than in the in-domain task (e.g. with
65.4% NMI). For the theme label quality, CATCH
achieves 42.4 % ROUGE-L in finance dataset and
41.8% ROUGE-L in insurance dataset, which both
outperform the 35.3% ROUGE-L for in-domain
task on banking dataset. This indicates the signifi-
cant effectiveness and generalization ability of the
hierarchical generation paradigm.

Notably, CATCH achieves better results on fi-
nance dataset (e.g. with 55.8% ACC and 24.5%



Method Finance Insurance

Clustering Metrics Theme Label Quality Clustering Metrics Theme Label Quality

Acc NMI Rouge-1/2/L CosSim LLM-Score | Acc NMI Rouge-1/2/L CosSim LLM-Score
GURP 24.6 28.2 5.0/3.5/5.0 13.8 87.0 41.5 422 12.3/0.0/12.3 47.8 86.6
GTR 39.1 51.5 21.6/6.4/21.1 42.8 82.9 39.6 51.7 27.1/8.4/26.2 57.5 96.5
SPC 23.3 28.0 19.1/4.1/19.0 48.5 85.8 23.5 30.1 20.8/8.3/20.7 44.6 87.2
CATCH | 55.8 67.1 42.4/245/42.4 59.3 97.3 54.5 62.6 41.8/16.1/41.8 57.0 100.0

Table 2: Out-of-domain Performance of the Model on Finance and Insurance Dataset.

Method | Acc  NMI | Rouge-12/LL.  Cos LLM suggesting that our model excels at generating in-
GURP | 368 3341 11.1729/11.1 308 820 formative and contextually appropriate topic labels
GTR | 469 516 | 22.0/38/204 373 868 : Y approp pic 1abels.
SPC 15.4 4.4 6.9/06/6.7 528 907 These results validate that our model delivers hlgh-
CATCH | 56.7 65.4 | 35.3/10.0/353 585 959 quality and human-preferred outputs in real-world

Table 3: In-domain Performance of the Model at Bank-
ing Dataset.

ROUGE-2) than on Insurance dataset (e.g. with
0.545 ACC and 0.161 ROUGE-2), being contrary
to all the baselines. Since the input utterance
in finance dataset is vague in theme (two utter-
ances are shown in Section 4.7) comparing to other
two datasets, the topic attribution representation
is shown to be effective in improving the theme
detection ability by augmenting the input utterance
to a context block.

4.6 Online Official Blind Evaluation Results

Table 4 and Table 5 show the official blind evalua-
tion results, covering both automatic and manual
assessments. Our team (Team E) achieved sec-
ond place in the overall ranking across all metrics.
Notably, we achieved this result using a relatively
lightweight model of only 8 billion parameters,
without leveraging any powerful proprietary mod-
els such as GPT-4 or GPT-4o at any stage of the
pipeline. This demonstrates the effectiveness and
efficiency of our approach under constrained com-
putational budgets.

In the automatic evaluation (Table 4), Team
E ranked second overall with a score of 67.48%,
closely behind Team C (75.50%). Our system
shows strong performance in both the clustering
metrics and theme label generation metrics. For
instance, our model achieved 42.28% in ROUGE-1
and over 93% in all BERTScore variants. More-
over, our results on the style alignment metrics
(LLMAADJ) indicate consistent and well-formatted
outputs.

In the human evaluation (Table 5), our model
again achieved the second-highest overall average
(71.83%). Particularly, we obtained 86.27% in se-
mantic relevance and 91.11% in domain relevance,
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scenarios, reinforcing its applicability in practical
theme detection systems.

4.7 Module Effectiveness via Ablation Study

We conduct ablation experiments on the finance
dataset to assess the effectiveness of each core
component in CATCH. As shown in Table 6, we
evaluate the following variants: w/0-PeC: removes
preference-enhanced clustering; falls back to base-
line clustering. w/o-TopSeg: removes topic seg-
mentation; uses only utterance-level representation.
w/o-HieGen: removes hierarchical label genera-
tion; uses flat label generation.

All three modules contribute substantially to
overall performance. Discarding PeC causes dis-
alignment with user preferences, shown by -7.8%
decrease in CosSim. Removing TopSeg signifi-
cantly decreases clustering quality, with -14.2%
Acc and -13.8% NMI, demonstrating its impor-
tance in capturing topical coherence across utter-
ances. Simplifying HieGen in flat generation leads
to the greatest loss in label generation quality, par-
ticularly in ROUGE-L (-2.8%), confirming the ef-
fectiveness of hierarchical modeling. Notably, w/o-
HieGen also causes great backward in theme dis-
tribution quality with -19% Acc and -18.9% NMI,
because HieGen is capable to assign correct label
for majority topics with in a cluster, where flat la-
bel generation usually encounters malfunction thus
provides meaningless label

4.8 Case Study

To demonstrate the effectiveness of topic attribution
representation, Figure 4 shows two representative
samples from finance dataset , each sample is a
pair of input utterance (left) and the corresponding
topic block (right) obtained by applying the topic
segmentation (Section 3.1). The utt label is gener-
ated on the input utterance, while the topic label is
generated on the topic block.



Team ID LLM | Acc NMI Rouge-1/2/L CosSim BERTScore (P/R/F1) | Sec-1 Sec-2 Avg | Overall
Team C API 68.0 70.4 | 452/23.8/45.1 69.9 95.0/94.7 /1 94.7 100.0 995 99.7 | 755
Team E (ours) | <30B | 35.8 47.7 | 423/165/41.2  62.5 93.9/92.8/93.3 935 957 946| 675
Team D <30B | 51.8 47.7 | 34.6/21.3/34.3 55.9 92.5/91.5/91.9 80.4 76.6 785 63.1
Team A API 48.4 420 | 32.7/4.6/29.8 59.5 89.8/91.2/90.4 46.0 565 512 53.5
Team F <30B | 26.7 9.1 | 23.1/0.8/21.1 46.0 85.7/89.3/87.2 4.1 35 3.8 334
Team B API 179 20 5.0/0.0/5.0 37.1 85.2/88.0/86.5 12.0 0.1 6.1 28.8

Table 4: Automatic evaluation results on the blind test set (Travel). All values are percentages. LLM: API indicates
usage of proprietary models via API; <30B denotes open models smaller than 30B.

Team ID Per-Utterance Functional Metrics Per-Cluster Structural Metrics | Per-Cluster Functional (TD) | Overall Avg.
SR AU GR ACT DR | CWC GS
Team C 89.67 82.75 47.84 74.77 98.82 | 100.00 100.00 91.11 85.62
Team E (ours) | 86.27 54.64 2248 54.51 91.11 | 93.65 93.65 78.34 71.83
Team D 68.76  63.66 2641 60.26 94.25 | 91.67 66.67 90.91 70.32
Team A 77.25 63.66 2275 56.21 79.74 | 83.33 100.00 75.76 69.84
Team F 4523 41,57 771 41.57 67.45| 95.00 100.00 72.63 58.90
Team B 64.97 1294 0.00 4.05 97.78 | 100.00 33.33 0.00 39.13

Table 5: Human evaluation results on the blind test set (Travel). All values are percentages. Metrics: Semantic Rele-
vance (SR), Analytical Utility (AU), Granularity (GR), Actionability (ACT), Domain Relevance (DR), Conciseness
& Word Choice (CWC), Grammatical Structure (GS), and Thematic Distinctiveness (TD).

Model Acc NMI Rouge-1/2/L Cos LLM
CATCH 558 67.1 | 42.4/245/424 593 973
w/o-PeC 48.8 59.6 | 40.7/26.7/40.7 51.5 984
w/o-TopSeg | 41.6 533 | 23.6/10.1/23.6 453 878
w/o-HieGen | 36.8 482 | 19.6/9.1/19.6 303 823

Table 6: Ablation results on the finance dataset.

Golden Theme Label: get credit card info

Customer: Can you, can you tell
me the interest rate on that card?

Utt Label: check interest rate

Agent: All right, sir. Is there
anything else that I can do for you?
Customer: Can you, can you tell
me the interest rate on that card?
Agent: yes, let me pull up the
details of that account, one moment.
Topic Label: check credit card info

Golden Theme Label:  request new credit card

Agent: And you? The second
person.

Customer: The second person is
Catherine Silverton.

Agent: Catherine Silverton OK.
And they have full access to your
account. Is that correct?
Customer: | would like my
business partner to have full access
Agent: OK

Customer: And | would like
Catherine Silverton to have a card
that she can use for business related
purchases.

Customer: And | would like
Catherine Silverton to have a card
that she can use for business related
purchases.

Utt Label: issue business card Topic Label: apply for credit card

Figure 4: Two samples from finance dataset with utter-
ance id: "Finance_lel8a3a5_100410_SS01_A6-115"
and "Finance_35138¢33_100917_2464642A2-39" re-
spectively..

Using context topic block as theme representa-
tion provides more thematically precise label. In
both examples, the thematic information of utter-
ance is either miss-leading (i.e. "interest rate" for
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the first example) or vague (i.e. "business related
purchases" for the second example) because of the
data sparsity problem. The context topic block pro-
vides more hints of the theme which mitigates the
miss-leading information, and clarifies the vague
information by putting view on the complete topic
context.

5 Conclusion

In this paper, we propose CATCH, a novel
theme detection framework that significantly en-
hances the automatic discovery and consistency of
themes within a latent topic space aligned with
user preferences. By treating the entire archi-
tecture as a theme generation pipeline, CATCH
jointly models intra-dialogue theme representation
and inter-dialogue preference-aware alignment via
preference-enhanced clustering, leading to coher-
ent and user-aligned theme labels after hierarchical
generation. Extensive experiments demonstrate the
robustness and generalizability of CATCH across
diverse tasks, while ablation studies further reveal
the complementary roles and coordination of its
three key modules. In future work, we plan to con-
tinuously improve the framework with cutting-edge
techniques and make it more adaptive and dynamic,
enabling its application to a broader range of down-
stream scenarios, such as proactive dialogue sys-
tems, dialogue control, and fine-grained dialogue
analysis.



Limitation

Although our approach demonstrates promising
for theme detection, there are a few limitations to
acknowledge. Firstly, the number of clusters for
semantic clustering requires manually predefined,
which sets limitation on discovering new latent top-
ics. Secondly, the preference-enhanced topic clus-
tering of CATCH relies on the preference feedback
typically being vacant in other dialogue dataset,
which limits its direct application to other dataset.
Thirdly, in the offline experiment, we only compare
CATCH with three other baselines. More works
should be included to provide more comprehensive
comparing.
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