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Abstract

Dialogue Topic Segmentation (DTS) is crucial for under-
standing task-oriented public-channel communications, such
as maritime VHF dialogues, which feature informal speech
and implicit transitions. To address the limitations of tradi-
tional methods, we propose DASH-DTS, a novel LLM-based
framework. Its core contributions are: (1) topic shift detection
via dialogue handshake recognition; (2) contextual enhance-
ment through similarity-guided example selection; and (3) the
generation of selective positive and negative samples to im-
prove model discrimination and robustness. Additionally, we
release VHF-Dial, the first public dataset of real-world mar-
itime VHF communications, to advance research in this do-
main. DASH-DTS provides interpretable reasoning and con-
fidence scores for each segment. Experimental results demon-
strate that our framework achieves several sota segmentation
trusted accuracy on both VHF-Dial and standard benchmarks,
establishing a strong foundation for stable monitoring and de-
cision support in operational dialogues.

Code — https://github.com/StanleySun233/dash-dts
Datasets — https://github.com/StanleySun233/dash-

dts/dataset/vhf.json
Demos — https://github.com/StanleySun233/dash-

dts/blob/main/demo/demo.gif

Introduction
Understanding topic structure in dialogue is essential for
a wide range of downstream tasks, including summariza-
tion (Han et al. 2024), event detection (Davies et al. 2009),
dialogue planning, and regulatory decision support. At the
core of such understanding lies the task of Dialogue Topic
Segmentation (DTS)—the process of identifying boundaries
where the conversation transitions from one topic to another
(Zhang and Zhou 2019). While considerable progress has
been made in open-domain and customer-service dialogue
segmentation (Artemiev et al. 2024), public-channel con-
versations—such as those in maritime Very High Frequency
(VHF) radio, air traffic control, or emergency dispatch net-
works—remain underexplored despite their societal and op-
erational importance.

Public-channel dialogues differ fundamentally from tra-
ditional open-domain (Feng, Feng, and Qin 2021) or daily
conversations. They are characterized by extremely short,
fragmented utterances, dynamically shifting speaker roles,
and high-stakes operational intent. In such settings, topic
transitions are often implicit, driven by speaker intent and
interactional coordination rather than explicit lexical cues or
discourse markers. These structural and pragmatic charac-
teristics challenge the assumptions of existing DTS mod-
els, which typically rely on surface-level continuity, utter-
ance embedding similarity, or turn-level encoders—while
largely overlooking speaker-driven signals that indicate top-
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ical shifts.
These challenges are not merely academic. In industrial

maritime regulation, for instance, analysts are often tasked
with reviewing hours of VHF voice communications to iden-
tify key events such as near-miss collisions or miscommu-
nications. These public-channel interactions, while rich in
safety-critical information, are rarely structured or archived
due to their volume and fragmented nature. In practice,
identifying task shifts, escalation cues, or behavioral pat-
terns still heavily relies on manual transcription and expert
judgment. This bottleneck not only limits the coverage of
maritime oversight systems but also results in missed op-
portunities to learn from near-miss cases—which are far
more frequent and informative than actual accidents. A ro-
bust DTS system tailored for public-channel dialogues (Gao
et al. 2023) would drastically reduce this cost by offering
structure-aware segmentation that supports downstream an-
alytics, compliance auditing, and real-time alerting.

Existing DTS approaches primarily rely on surface-level
lexical transitions or embedding similarity between utter-
ances, often using cosine similarity to retrieve relevant
examples. While such methods work reasonably well in
structured or open-domain settings, they struggle in task-
oriented, public-channel dialogues—where utterances are
terse, speaker roles shift dynamically, and topic shifts are
often implicit. In particular, these conversations frequently
contain short, functional “dialogue handshakes”—such as
“Star Alpha calling port control”—which act as subtle sig-
nals of upcoming topical change. However, such interac-
tional patterns are rarely modeled in existing systems. Mean-
while, in-context learning (ICL) with large language models
(Rubin, Herzig, and Berant 2021) offers a promising alterna-



tive for few-shot topic segmentation, but selecting semanti-
cally appropriate exemplars remains challenging in domain-
specific, sparse-data environments like VHF communica-
tion.

To address these challenges, we propose DASH-DTS
(Dialogue-Aware Similarity and Handshake recognition for
Dialogue Topic Segmentation), a structure-aware frame-
work for segmenting topics in public-channel conversations.
DASH-DTS incorporates three core components: (1) a hand-
shake recognition module that identifies short interactional
cues marking the onset of new topical segments; (2) a dia-
logue similarity-guided in-context learning strategy, which
retrieves semantically relevant exemplars to enhance seg-
mentation in sparse-data conditions; and (3) a context-aware
labeling mechanism that utilizes surrounding discourse to
produce more coherent and accurate topic annotations. Be-
sides, to support trustworthy deployment in the follow-up
applications, our framework additionally generates segment-
level justifications and confidence scores, allowing users to
assess the reliability of predicted topic boundaries.

In addition, to support research and benchmarking in this
domain, we construct and release the first publicly avail-
able DTS dataset for maritime VHF communications. This
dataset captures the unique characteristics of public-channel
dialogues—such as brief utterances, implicit transitions, and
dynamic speaker roles—and serves as a valuable resource
for evaluating topic segmentation methods in real-world,
safety-critical communication environments.
The main contributions of this work are as follows:
• Propose a handshake recognition mechanism that cap-

tures speaker interaction cues to identify topic bound-
aries in public-channel dialogue, addressing structural
challenges in dialogue topic segmentation.

• Introduce a similarity-guided in-context learning strat-
egy that selects semantically relevant exemplars to en-
hance segmentation performance for DTS in sparse and
domain-specific settings.

• Introduce an interpretable and trustworthy output mecha-
nism that generates segment-level justifications and con-
fidence scores, enabling downstream applications to as-
sess the reliability of topic boundaries.

• Construct and release the first publicly available dataset
for dialogue topic segmentation in the VHF public-
channel communication domain, termed VHF-Dial, pro-
viding a benchmark for real-world application.

Related Work
Early Methods Traditional approaches to Dialogue Topic
Segmentation (DTS) primarily relied on lexical cohesion
and surface-level continuity. Techniques like TextTiling
(Hearst 1997) segmented text by identifying lexical valleys
in cosine similarity between adjacent blocks. While effective
for monologic texts, these methods struggle with dialogues
due to their fragmented utterances, speaker shifts, and in-
formal language (Misra and Jose 2009). For task-oriented
dialogues, where topics shift implicitly without explicit lex-
ical cues, such approaches exhibit significant limitations in
robustness (Song et al. 2016).

Sequence Modeling Methods To capture contextual de-
pendencies, later works adopted sequence modeling ar-
chitectures. SimCSE (Gao, Yao, and Chen 2021) models
leveraged utterance representations to predict topic bound-
aries sequentially, improving coherence modeling. However,
these methods often require extensive labeled data and fail to
generalize across diverse conversational domains. Their re-
liance on local context also overlooks global dialogue struc-
ture.

Pre-trained Models The advent of PLMs like BERT rev-
olutionized DTS by enabling deeper semantic understand-
ing. Baseline evaluate of DTS (Feng et al. 2021) fine-
tuned BERT for utterance-pair coherence scoring, using top-
ical relevance as a segmentation signal. Similarly, unsuper-
vised frameworks like Topic-aware Utterance Representa-
tion (Artemiev et al. 2024) leveraged pseudo-segmentation
tasks on unlabeled dialogues. While PLMs improved accu-
racy, they remain constrained by domain transferability is-
sues and high computational costs (Lee et al. 2025), partic-
ularly in low-resource, noisy environments (e.g., emergency
dispatch systems).

Large Language Models Recent efforts integrate LLMs
for few-shot segmentation. DEF-DTS (Lee et al. 2025) em-
ploys multi-step deductive reasoning via structured prompt-
ing. S3-DST (Das et al. 2024) uses self-supervised learning
to mitigate data scarcity. Despite promising results, LLM-
based methods still face challenges on limited interpretabil-
ity of topic transitions, and neglect of structural dynamics
(Fan and Jiang 2023).

Unlike prior work, DASH-DTS uniquely integrates dia-
logue handshake recognition to detect structural cues and
semantic pivots for topic shift detection. We avoid LLMs’
prompt engineering limitations by leveraging similarity-
based in-context learning with dynamically retrieved exam-
ples. Our framework is specifically designed for noisy, high-
stakes dialogue, where implicit transitions and dynamic
speaker roles invalidate assumptions of existing methods
(Lee et al. 2025). The release of a curated maritime DTS
dataset further addresses chronic data scarcity in this do-
main.

Methodology
Dialogue-level Similarity
To effectively leverage in-context learning (ICL) in the do-
main of public-channel dialogue topic segmentation, it is
crucial to select semantically relevant examples that can
guide the model towards more accurate segmentation. Tra-
ditional ICL approaches often rely on cosine similarity or
surface-level lexical matching, which may not be sufficient
in scenarios with sparse and highly specialized data like
VHF maritime communications. Therefore, we introduce a
novel dialogue similarity-guided in-context learning strat-
egy to enhance the performance called Dialogue-Level Sim-
ilarity ICL Samples in Figure 1.

Semantic Similarity Calculation The first step in our ap-
proach is to compute the semantic similarity (Lavi et al.



Figure 1: Dynamically select the most semantically relevant exemplars for each input conversation, enhancing the accuracy of
topic segmentation in contextual learning for large models.

2021) between the query dialogue and the available exem-
plars. We use a pre-trained language model, such as BERT or
RoBERTa, fine-tuned on a large dialogue dataset, to generate
embeddings for each utterance. These embeddings capture
the contextual and semantic information of the utterances
(Abro et al. 2022), making them more suitable for compar-
ing the underlying meanings rather than just the surface text.

Given a query dialogue Dq and a set of exemplars E =
{E1, E2, . . . , En}, we compute the embedding for each ut-
terance in Dq and Ei. Let Uq,j be the j-th utterance in Dq

and Ui,k be the k-th utterance in Ei. The embeddings are
denoted as Emb(Uq,j) and Emb(Ui,k).

We then calculate the pairwise cosine similarity between
the utterances in the query dialogue and the exemplars:

sim(Uq,j , Ui,k) =
Emb(Uq,j) · Emb(Ui,k)

∥Emb(Uq,j)∥∥Emb(Ui,k)∥
(1)

Next, we aggregate the similarities at the dialogue level.
One way to do this is by averaging the cosine similarities of
all utterance pairs:

sim(Dq, Ei) =
1

|Dq| × |Ei|

|Dq|∑
j=1

|Ei|∑
k=1

sim(Uq,j , Ui,k) (2)

Alternatively, we can use a weighted aggregation method,
where the weights are determined by the importance of each
utterance in the dialogue. For example, we can assign higher
weights to utterances that are more likely to indicate a topic
change, such as those containing dialogue handshakes.

Exemplar Selection Once we have computed the seman-
tic similarity between the query dialogue and the exemplars,
we select the most relevant exemplars to include in the con-
text. We rank the exemplars based on their similarity scores
and choose the top m exemplars, where m is a hyperparam-
eter that can be tuned based on the specific application and
available computational resources.

Eselected = arg max
Ei∈E

sim(Dq, Ei) (3)

These selected exemplars are then concatenated with the
query dialogue to form the input for the in-context learning
process. The model uses these exemplars to learn the pat-
terns and structures that are indicative of topic transitions in
the given dialogue.

In-Context Learning with Selected Exemplars With the
selected exemplars, we perform in-context learning using a
large language model. The concatenated input consists of
the selected exemplars followed by the query dialogue. The
model is prompted to predict the topic boundaries in the
query dialogue, guided by the examples provided in the con-
text.

Input = [Eselected;Dq] (4)

The model outputs a sequence of labels indicating the
topic boundaries in Dq . By providing semantically relevant
exemplars, the model can better generalize to the query dia-
logue, even in the presence of sparse and specialized data.



Handshake Statement Tag
In public-channel dialogues, particularly maritime VHF
communications, ”handshake” statements function as criti-
cal interactional markers that demarcate topical boundaries.
These statements typically comprise concise, functionally-
oriented utterances signaling conversational focus shifts or
topic transitions (Konigari et al. 2021). Representative ex-
amples include phrases such as ”Star Alpha calling port con-
trol” or ”Delta Echo, this is Bravo Hotel,” which serve as
subtle cues facilitating topic segmentation. Accurate iden-
tification of these statements is essential for robust topic
segmentation, especially in high-stakes communication en-
vironments where implicit topic transitions and dynamic
speaker roles introduce additional complexity.

Figure 2: Workflow of the Handshake Statement Tagging
Component Based on Few-shot LLM Learning.

Given a dialogue sequence D = {U1, U2, . . . , Un} where
each Ui represents an utterance decomposed into tokens, the
handshake identification task is formulated as a token-level
sequence labeling problem. Each token is assigned one of
three labels: (1)HS-BEG: Beginning of a handshake state-
ment, (2) HS-END: End of a handshake statement, (3) O:
Inside or indeterminate portions of dialogues.

To systematically identify handshake statements, the
Handshake (HS) Agent is introduced as a reusable compo-
nent within the DASH-DTS framework, as illustrated in Fig-
ure 2. The HS agent leverages the capabilities of large lan-
guage models to recognize these interactional cues (Brys-
baert and Lahousse 2022). Rather than relying solely on de-
terministic pattern matching, the HS agent is designed to
produce structured, interpretable outputs that facilitate both
automated decision-making and human verification.

The HS agent processes dialogue utterances and gener-
ates structured predictions for each token. Each prediction is
formulated as a principled triplet in Equation (5).

Pi = (li, si, ri) (5)

where li ∈ {HS-BEG, HS-END, O} denotes the predicted
label, si ∈ [0, 1] represents the trustworthiness score indicat-
ing prediction confidence, and ri encapsulates the reasoning
justification underlying the classification decision.

This structured restriction ensures that predictions are not
only accurate but also transparent and auditable. The reason-
ing component ri documents the linguistic and contextual

evidence supporting each classification, thereby enabling
domain experts to assess prediction reliability and identify
potential failure modes.

For each dialogue, the agent is prompted with contex-
tual specifications and exemplars of typical handshake state-
ment patterns. The LLM component generates label predic-
tions for token sequences, accompanied by explicit trust-
worthiness assessments and reasoning justifications. Post-
processing constraints are applied to ensure label coherence:
each HS-BEG label must be paired with a corresponding
HS-END label, maintaining proper demarcation of hand-
shake statement boundaries. This step enforces structural
consistency and eliminates malformed predictions. The final
output comprises:

• Token-level label sequence: Predictions of handshake
statement boundaries (onset and termination points)

• Trustworthiness scores: Confidence metrics reflecting
prediction reliability for each token

• Reasoning chains: Interpretable justifications document-
ing the evidence supporting each classification decision

Proposed handshake statement predictions, enriched with
trustworthiness scores and reasoning chains, are integrated
into the DASH-DTS framework to identify structural cues
signaling the onset of new topical segments. This principled
integration enhances both the robustness and interpretabil-
ity of the overall topic segmentation process, particularly in
scenarios characterized by implicit transitions and dynamic
speaker configurations.

Content-Aware Topic Generation
For enhancing the in-context learning (ICL) process and
improve the accuracy of topic segmentation, we propose
a content-aware topic generation mechanism. This mecha-
nism leverages the full context of the dialogue to generate
positive and negative samples, which are then used to guide
the model in identifying potential topic boundaries. The key
idea is to create synthetic examples that help the model un-
derstand the characteristics of both topic transitions and non-
transitions.

Given a dialogue segment with contextual window W =
{Ui−m, . . . , Ui|Ui+1, . . . , Ui+n} where Ui and Ui+1 form
a potential segmentation point, we formulate the sample
generation task as a structured prediction problem. Let
S = (Dp, Dn, E) denote the generated sample triplet, where
Dp = {sp1, s

p
2, . . . , s

p
7} is a positive dialogue sample with

ground truth label yp = 1, Dn = {sn1 , sn2 , . . . , sn7} is a neg-
ative dialogue sample with ground truth label yn = 0, and
E = {ξp, ξn, C} represents explainability artifacts includ-
ing reasoning chains and confidence scores. The core chal-
lenge is to automatically generate balanced, diverse samples
while maintaining semantic coherence and providing verifi-
able reasoning traces that enable human inspection.

Contextual Input Given the contextual window W , the
L first performs deep semantic analysis of the dialogue
through a structured analysis. This analysis stage instructs
the model to extract thematic elements and discourse topics



Table 1: Experimental Results on Our Conducted Datasets of public VHF channel dialog

Model Reference DialSeg711 Doc2Dial VHF-Dial

Pk Wd Pk Wd Pk Wd

Text Tiling (Hearst 1997) 40.4 44.6 52.0 57.4 54.3 61.7
LLM gemini-2.5-flash 36.5 67.9 46.4 53.5 38.6 78.6
DyDTS (Lv et al. 2025) 24.7 27.6 39.9 44.0 38.2 39.7
UPS (Yang et al. 2025) – – 35.1 36.5 27.4 34.5
SumSeg (Artemiev et al. 2024) 47.7 48.3 – – 32.7 35.1
CSM (Gao et al. 2023) 26.8 28.2 45.2 47.3 27.7 31.6
BERT (Devlin et al. 2019) 39.3 41.2 53.7 55.3 44.9 49.1

ours 20.7 34.3 33.9 36.6 21.9 33.9

from each utterance, identify lexical and pragmatic mark-
ers such as discourse particles and topic shift indicators,
characterize speaker roles and dialogue coherence patterns,
and detect domain-specific terminologies and contextual de-
pendencies. The output A is a structured analysis document
that serves as grounding for subsequent stages, ensuring that
sample generation is semantically faithful to the original di-
alogue and reflects the actual discourse structure rather than
superficial patterns.

A = Lθ(analyze(W ) | τanalysis) (6)

Then, building on the analysis A, we perform dual-mode
generation structure (GC) to create positive and negative
samples through contrastive synthesis.

(Dp, Dn) = LLMθ(GC(W,A) | τsynthesis) (7)

Posi/Nega-tive Generation For positive samples, the syn-
thesis prompt instructs the LLM to generate utterances that
maintain thematic continuity in the previous segment (posi-
tions 1-3), create a pivot utterance at position 4 that exhibits
explicit topic shift markers including transitional phrases
such as “By the way” or “Speaking of”, sudden perspective
changes, or domain switches, and extend with utterances in
the next segment (positions 5-7) that cohere around the new
topic. The generated dialogue should present a clear and un-
ambiguous boundary that enables the model to learn defini-
tive topic transition signals.

For negative samples, the synthesis prompt requires the
LLM to maintain strong thematic and pragmatic continuity
across all seven positions, ensure that the pivot utterance ad-
vances, elaborates on, or clarifies the previous topic rather
than shifting away, and employ within-topic discourse pat-
terns such as agreement, clarification, and detail addition
rather than boundary markers. These negative examples are
particularly important as they teach the model to distinguish
between genuine topic boundaries and discourse continua-
tions that might superficially resemble transitions.

Crucially, both synthesis operations preserve the stylistic,
register, and speaker role patterns observed in A, ensuring
that Dp and Dn remain authentic exemplars of real dialogue
phenomena rather than synthetic artifacts that might intro-
duce spurious patterns.

The complete output is structured to provide comprehen-
sive traceability:

S =

{
positive : {Dp, yp = 1, Cp, ξp}
negative : {Dn, yn = 0, Cn, ξn}

(8)

Trustworthy CoT This multi-layered output format of-
fers several critical advantages for trustworthy AI systems.
The reasoning traces ξp, ξn provide human-readable jus-
tifications that enable auditors to verify that samples re-
flect intended classification logic rather than spurious cor-
relations learned from training data. The confidence scores
Cp, Cn enable downstream systems to weight samples ap-
propriately during training, downweighting low-confidence
exemplars and preventing overfitting to unreliable signals.
When the topic segmentation model makes errors during de-
ployment, practitioners can inspect the explanations to diag-
nose whether errors stem from inadequate sample genera-
tion or model learning failures, supporting systematic de-
bugging and improvement. By explicitly recording the rea-
soning chains and confidence scores, our method creates an
auditable paper trail suitable for regulatory compliance and
scientific reproducibility, addressing key concerns in trust-
worthy machine learning.

Segment Reliability and Explanation
To enhance the trustworthiness and usability of topic seg-
mentation in high-stakes scenarios, DASH-DTS outputs a
confidence score for each predicted segment, reflecting the
model’s certainty in its boundary decisions. Additionally,
a brief natural language explanation is generated to justify
each segmentation point, allowing users to better interpret
and assess the system’s output. This design supports human-
in-the-loop workflows and enables more informed down-
stream decision-making.

Prompt example. To support interpretability and trust cal-
ibration, we prompt the LLM to provide an explanatory ra-
tionale and a confidence score for each predicted topic seg-
ment:

For each predicted topic segment,
provide:
(1) A brief explanation of the topical focus or transition,
and whether it constitutes a complete dialogue task.



(2) A confidence score between 0 and 1 indicating the
model’s certainty.
Example:

Explanation: This segment involves a vessel initiating con-
tact with port control to request entry clearance. The con-
versation forms a self-contained exchange where the intent,
response, and acknowledgment are completed, indicating a
coherent dialogue unit with a clear operational focus.
Confidence: 0.91

Experiment
Comparison Study
The metrics used for evaluation are Pk(Hearst 1997) in
Equation (9) and Wd (WindoWdiff)(Pevzner and Hearst
2002) in Equation (10), which are standard measures for as-
sessing the quality of topic segmentation.

Pk =

∑N−k
i=1 δP (i, i+ k)⊕ δR(i, i+ k)

N − k
(9)

where k is the window size, δR and δP are indicator func-
tions for a boundary in the reference and prediction, respec-
tively, and ⊕ denotes the XOR operation that detects a dis-
agreement.

Wd(ref, hyp) =
1

N − k
N−k∑
i=1

(|b(refi, refi+k)− b(hypi, hypi+k)| > 0) (10)

where b(i, j) represents the number of boundaries between
positions i and j in the text, N represents the number of
sentences in the text, and k is the window size parameter.
This metric compares the number of reference segmenta-
tion boundaries with the number of hypothesized boundaries
within each sliding window, penalizing the algorithm when
these counts differ.

The experimental results, as presented in Table 1, pro-
vide a comprehensive comparison of our proposed DASH-
DTS method with several state-of-the-art baselines on three
public datasets: DialSeg711, Doc2Dial, and proposed VHF-
Dial.

Our proposed VHF-Dial dataset demonstrates distinct
challenges and opportunities for dialogue segmentation
models. As evidenced in Table 1, our method significantly
outperforms all baselines on this dataset, achieving a Pk of
21.9 and Wd of 33.9, which represent notable improvements
over the best-performing baseline, UPS, accounting for Pk

at 27.4. This suggests that our approach is particularly well-
suited to the unique characteristics of VHF (Very High Fre-
quency) channel dialogues, which may involve shorter turns,
domain-specific jargon, or structured communication proto-
cols.

On the DialSeg711 dataset, our method achieves a Pk

score of 20.7, which is 4 percent lower than most baselines
of DyDTS. This indicates that while our method captures
some topic segments correctly, it may have a higher rate of
false positives or over-segmentation. However, our method

exhibits room for improvement on the Doc2Dial dataset,
which may be attributed to the inherent characteristics of
the dataset. This discrepancy suggests that dataset-specific
features, such as document structure or dialogue complex-
ity, may influence segmentation effectiveness. Future work
could explore adaptive mechanisms to better handle such
variations.

Ablation Study
To evaluate the contribution of each component to the per-
formance of DASH-DTS, we conducted ablation experi-
ments on the VHF-Dial in Table 2. In No.1, we included
both the Handshake and Dialogue Similarity components
but excluded the Topic Generation component. This config-
uration resulted in a Pk score of 26.5 and a Wd score of
39.6, indicating that while these two components alone can
achieve reasonable performance, the absence of Topic Gen-
eration slightly degrades the overall segmentation quality. In
No.2, we included only the Dialogue Similarity and Topic
Generation components, excluding the Handshake compo-
nent, which yielded a Pk score of 27.1 and a Wd score of
39.7. This suggests that Dialogue Similarity and Topic Gen-
eration are crucial for segmenting the dialogue, but the lack
of Handshake recognition leads to a slight decrease in per-
formance.

Table 2: Ablation Experiment on VHF-Dial

No. Component
Pk Wd

Handshake Dialogue Similarity Topic Generation

1
√ √

26.5 39.6
2

√ √
27.1 39.7

3
√ √

24.3 34.7

Ours
√ √ √

21.9 33.9

In No.3, we included the Handshake and Topic Genera-
tion components but excluded the Dialogue Similarity com-
ponent, resulting in a Pk score of 24.3 and a Wd score of
34.7. The removal of Dialogue Similarity led to a higher Wd

score, highlighting its importance in maintaining the align-
ment of segment boundaries. Finally, the full model (Ours)
with all three components achieved the best performance,
with a Pk score of 21.9 and a Wd score of 33.9. This indi-
cates that the combination of all three components is nec-
essary to achieve optimal topic segmentation, as they col-
lectively contribute to detecting structural cues, enhancing
in-context learning, and ensuring semantic coherence.

Discussion
Experimental results provide valuable insights into the per-
formance and contributions of our proposed DASH-DTS
method. Here, we discuss three key points based on the find-
ings from the comparison and ablation studies.

1) The ablation study highlights the importance of the
handshake recognition mechanism in detecting structural
cues and identifying topic boundaries. When the Hand-
shake component is included, the model achieves a lower
Wd score, indicating better alignment with the true segment
boundaries. This is particularly evident in the DialSeg711



and VHF-Dial, where the absence of Handshake recogni-
tion leads to higher Wd scores. The Handshake mechanism
effectively captures speaker interaction cues, which are cru-
cial for accurately segmenting topics in public-channel dia-
logues. This contribution addresses the structural challenges
in dialogue topic segmentation, making the model more ro-
bust in real-world communication settings.

2) The inclusion of the Dialogue Similarity component
significantly enhances the model’s performance by select-
ing semantically relevant exemplars. This is demonstrated
in the ablation experiment (No. 3), where the removal of
Dialogue Similarity results in a higher Wd score, indicat-
ing a decrease in the alignment of segment boundaries. The
similarity-guided in-context learning strategy is particularly
beneficial in sparse and domain-specific settings, where the
availability of relevant training data is limited. By leverag-
ing semantically similar examples, the model can generalize
better and achieve more accurate segmentation, thereby ad-
dressing the challenges of data sparsity and domain speci-
ficity.

3) The context-aware topic labeling module, which incor-
porates surrounding discourse, plays a critical role in gen-
erating more accurate and coherent topic annotations. Ours
model achieves the best performance, with a Pk score of
21.9 and a Wd score of 33.9, indicating that all three compo-
nents (Handshake, Dialogue Similarity, and Topic Genera-
tion) are necessary for optimal performance. The Topic Gen-
eration component ensures that the segments are semanti-
cally coherent, enhancing the overall quality of the topic seg-
mentation. This is particularly important in public-channel
conversations, where the context and discourse structure are
complex and dynamic. The context-aware approach not only
improves the accuracy of the topic labels but also makes the
model more applicable to real-world scenarios, such as mar-
itime radio and air traffic control communications.

Conclusion
This paper presents DASH-DTS, a structure-aware
framework for Dialogue Topic Segmentation in public-
channel conversations. It integrates handshake recognition,
similarity-guided in-context learning, and context-aware
topic labeling to effectively capture both structural and
semantic cues in fragmented, high-stakes dialogues. In
addition, to facilitate human-in-the-loop oversight in safety-
critical settings, DASH-DTS outputs each predicted topic
segment with an accompanying explanation and a confi-
dence score, providing interpretability and trustworthiness
estimation to support downstream decision-making.

Experiments on DialSeg711, Doc2Dial, and our newly
collected public VHF channel dialog dataset VHF-Dial
demonstrate that DASH-DTS achieves consistent improve-
ments over state-of-the-art baselines, particularly in sparse-
data and operational settings such as maritime VHF commu-
nication. Ablation studies validate the contribution of each
module to the overall segmentation quality.

To support future research and real-world deployment, we
release VHF-Dial, the first publicly available DTS dataset
tailored to public-channel communication. Looking for-
ward, we envision expanding this framework to other do-

mains, such as air traffic control and emergency dispatch
systems, where accurate, automated understanding of dia-
logue structure can directly improve situational awareness,
reduce manual workload, and enable intelligent decision
support in mission-critical environments.

Limitation
While DASH-DTS demonstrates significant improvements
in topic segmentation for public-channel dialogues, several
limitations remain. The framework’s performance can be
constrained by the sparsity and domain-specific nature of
the data, particularly in specialized domains like maritime
VHF communications. Additionally, the handshake recog-
nition mechanism, though effective, may struggle with more
subtle or complex interactional cues. The computational de-
mands of the in-context learning component also pose a
challenge for real-time and resource-constrained environ-
ments. Finally, enhancing the interpretability and explain-
ability of the model’s decisions is crucial for building trust
and facilitating better integration with human operators in
high-stakes communication settings. Future work should fo-
cus on addressing these limitations to further improve the
robustness, efficiency, and practical applicability of DASH-
DTS.
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Appendix
DTS Problem Formulation and Public-Channel
Dataset
Problem Statement Formally, Dialogue Topic Segmenta-
tion (DTS) can be framed as a structured prediction task
that aims to detect latent topic boundaries within a dia-
logue D = {u1, u2, ..., un}, where each utterance ui is as-
signed to a contiguous topic segment Tj . The output is a
segmentation S = {s1, s2, ..., sk}, in which each sj ⊆ D
denotes a consecutive span of utterances with high topical
coherence and minimal semantic drift. Unlike conventional
utterance-level classification, DTS inherently requires mod-
eling discourse-level dependencies, temporal progression,
and transition phenomena that may span multiple turns. This
is particularly challenging in task-oriented, public-channel
environments, where lexical cohesion is weak, explicit dis-
course markers are absent, and topic changes often arise
from pragmatic coordination rather than lexical shifts. Con-
sequently, effective DTS systems must go beyond local simi-
larity to incorporate structural, speaker-centric, and context-
aware cues indicative of topical boundaries.

Dataset Overview and Application scenarios A num-
ber of established datasets (Xie et al. 2021) have advanced
research in Dialogue Topic Segmentation, including Di-
alSeg711 (Xu, Zhao, and Zhang 2020) and Doc2Dial (Feng



et al. 2020). These datasets are primarily drawn from struc-
tured interviews, multi-party meetings, or online discus-
sions, where utterances tend to be longer, well-formed, and
contextually rich. While effective for modeling discourse
in open-domain or cooperative settings, such datasets fall
short in representing the terse, fragmented, and pragmati-
cally complex nature of public-channel communications.

We are motivated by pressing real-world needs observed
in industrial maritime regulatory practice. In particular, a
new dataset was purposefully collected and constructed to
support DTS under public-channel communication scenar-
ios—specifically, maritime VHF radio dialogues, namely
VHF-Dial. In real-world coastal monitoring zones, mas-
sive volumes of open-channel voice communications take
place between ships and maritime regulators (and, to a lesser
extent, between ships themselves), following international
conventions on shared frequency use. These conversations
are mission-critical, highly dynamic, and span a wide array
of tasks ranging from port entry coordination to emergent
risk mitigation.

However, structuring such data at scale is almost impos-
sible through manual means. Of even greater concern, near-
miss events—non-accidental but high-risk interactions—are
frequently omitted from formal reporting pipelines due to
the absence of physical consequences. These events are
valuable for proactive safety assessment, yet their analysis
demands hours of manual transcription and annotation. This
imposes high labor costs and limits the ability of current
digital oversight systems to learn from such rich but latent
sources.

We envision DTS as a fundamental building block to alle-
viate this bottleneck. If we can accurately and automatically
identify topic transitions within public-channel VHF con-
versations, it would unlock structured behavioral insights at
scale and provide regulatory authorities with improved situ-
ational awareness and data-driven decision support.
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