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Abstract

Dynamic topic modeling aims to capture topic
evolution from temporal text corpora. However,
existing methods face two major challenges
when applied to short texts: semantic ambiguity
and interpretation ambiguity. Semantic ambigu-
ity arises from the sparsity of short texts and the
neglect of temporal semantic shifts. Interpre-
tation ambiguity refers to the latent topics that
lack human-understandable descriptions. In
this work, we propose a novel Dual-View rep-
resentation learning-based Interpretable short
text Dynamic Topic Model (DVI-DTM). To
address semantic ambiguity, the Dual-View
Representation Learning module is presented
to learn robust document-topic distributions
by aligning temporal-aware term view and
sentence view representations of short texts.
To tackle interpretation ambiguity, we intro-
duce a GEA Topic Refiner that leverages LLM
agents to generate topic descriptions and refine
document-topic distributions through collabo-
rative semantic reasoning. Furthermore, a Dual-
Factor Ranking module is designed to capture
the topic evolution through semantic relevance
and temporal uniqueness. Comprehensive ex-
periments demonstrate that DVI-DTM outper-
forms the state-of-the-art baselines in topic
alignment and dynamic topic quality metrics
while producing highly interpretable topic de-
scriptions.

1 Introduction

Dynamic topic modeling focuses on the unsuper-
vised discovery of latent topics in temporal text cor-
pora, tracking their semantic evolution over time.
Short texts such as news headlines, tweets, forum
posts, and paper titles contain rich but highly frag-
mented information about events, trends, and pub-
lic discourse. Dynamic topic modeling over short
∗Equal contribution.
†Corresponding author.
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Figure 1: t-SNE visualizations of document-topic distri-
butions and the top-5 terms on the Biomedical dataset.
While existing methods lead to topic distributions with
blurred semantic boundaries, irrelevant topic terms, and
limited interpretability, our DVI-DTM produces well-
separated topic distributions, coherent terms, and inter-
pretable topic semantics. “Rep.”: Representation.

texts offers substantial practical and societal value
in applications such as trend detection (Lu and
Yang, 2012), social media monitoring (Inaam ul
haq et al., 2023), and knowledge discovery in sci-
entific (Zhou et al., 2018; Zeng et al., 2019; Liu
et al., 2021; Li et al., 2023) and biomedical research
(Sharma et al., 2022; Lee et al., 2025).

Traditional dynamic topic modeling methods
(Blei and Lafferty, 2006) are built primarily on
probabilistic frameworks (Blei et al., 2003), in-
troducing temporal dependencies to capture topic
evolution. Recently, neural dynamic topic mod-
els have been popular, leveraging the VAE frame-
work (Kingma and Welling, 2013) to reconstruct
Bag-of-Words (BoW) representations (Dieng et al.,
2019) and incorporating mechanisms such as self-
attention (Miyamoto et al., 2023) and contrastive
learning (Wu et al., 2024) to model document-
topic (doc-topic) distributions. Clustering-based
approaches (Grootendorst, 2022; Rahimi et al.,
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2024) model topic dynamics by grouping sentence-
level embeddings over time, providing an alterna-
tive perspective for dynamic topic discovery.

Although these methods have achieved promis-
ing results on general documents, they still face
certain limitations when applied to short texts. As
illustrated in Figure 1, these limitations include:
(1) Semantic ambiguity: Most methods (Blei and
Lafferty, 2006; Dieng et al., 2019; Miyamoto et al.,
2023; Wu et al., 2024) rely on BoW representations
to infer topic evolution. However, short texts are
inherently sparse and fragmented, offering limited
word co-occurrence and contextual information.
Short texts also contain numerous informal or filler
words, and treating all tokens equally during sen-
tence embedding extraction (Grootendorst, 2022;
Rahimi et al., 2024) tends to dilute the represen-
tation of key terms, resulting in blurred semantic
focus of topic embeddings in the clustering space.
In addition, most neural methods adopt static term
embeddings, which fail to capture semantic shifts
of terms over time, leading to term semantic ambi-
guity. Consequently, the learned doc-topic distri-
butions often exhibit blurred semantic boundaries.
(2) Interpretation ambiguity: Existing methods
typically output evolving sets of topic terms with-
out explicit semantic summaries, requiring users to
manually interpret and compare topics across time.
While recent works (Doi et al., 2024; Nguyen et al.,
2025; Vu et al., 2025) have attempted to address
short text sparsity in static topic modeling, effec-
tive and interpretable dynamic topic modeling for
short texts remains largely underexplored.

To address the above issues, we propose DVI-
DTM, a novel dynamic topic modeling framework
tailored for short texts that leverages dual-view rep-
resentation information and the semantic reasoning
capabilities of Large Language Models (LLMs) to
achieve robust and interpretable dynamic topic dis-
covery. To tackle the semantic ambiguity issue,
we design a Dual-View Representation learning
(DVR) module that simultaneously constructs short
text embeddings and doc-topic distributions from
both the sentence view and the term view. DVR in-
troduces mutual information-based alignment and
consistency constraints on both the text represen-
tations and the doc-topic distributions across the
two views, encouraging the integration of fine-
grained term semantics with global sentence-level
context. This design effectively mitigates seman-
tic ambiguity arising from the sparsity of short
texts. Additionally, we introduce a temporal-aware

term embedding extractor that captures dynami-
cally evolving term embeddings over time. To
address the issue of interpretation ambiguity, we
design a GEA (Generator-Evaluator-Assigner)
Topic Refiner that employs three cooperative LLM
agents to generate interpretable topic descriptions
and refine doc-topic distributions. Finally, a Dual-
Factor Ranking (DFR) module is employed to
extract topic evolutions by jointly considering topic
semantic relevance and temporal uniqueness. To
summarize, our main contributions are as follows:

• We identify two critical challenges in the short
text dynamic topic modeling task, including
semantic ambiguity and interpretation ambi-
guity, and propose a novel method, DVI-DTM,
to address them effectively.

• We propose a DVR module that aligns fine-
grained term semantics with global sentence
contextual information, greatly mitigating se-
mantic ambiguity due to short text sparsity.

• We design a GEA Topic Refiner to generate
interpretable topic descriptions for the discov-
ered dynamic topics and a DFR module to
extract temporally coherent topic evolutions.

• Extensive experiments conducted on three
widely used real-world short text datasets
demonstrate the effectiveness and superior
performance of our proposed DVI-DTM com-
pared to the state-of-the-art methods.

2 Related Work

Dynamic Topic Modeling Dynamic topic model-
ing can be broadly categorized into Bag-of-Words
(BoW) and clustering-based approaches. Within
the BoW framework, the seminal DTM (Blei and
Lafferty, 2006) extends LDA (Blei et al., 2003) to
model temporal dependencies via state-space rep-
resentations. Although subsequent studies (Hori
et al., 2018; Li et al., 2019) optimize DTM using
variational inference (Jähnichen et al., 2018) or
Gibbs sampling (Acharya et al., 2018), these proba-
bilistic methods suffer from scalability bottlenecks
due to complex joint inference. To address this,
neural approaches such as DETM (Dieng et al.,
2019) employ VAEs (Kingma and Welling, 2013)
to model topic evolution via embedding-based in-
ner products. Building on this, the following meth-
ods (Zhang and Lauw, 2022a; Cvejoski et al., 2023)
propose improvements. DSNTM (Miyamoto et al.,
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2023) learns topic dependencies via self-attention,
whereas CFDTM (Wu et al., 2024) recently intro-
duced a contrastive learning strategy to model dy-
namic topics. Alternatively, clustering-based ap-
proaches (Grootendorst, 2022; Rahimi et al., 2024)
derive dynamic topics directly from PLM embed-
dings, employing techniques like class-based TF-
IDF (Grootendorst, 2022) or implicit distribution
strategies (Rahimi et al., 2024). Despite these ad-
vancements, modeling evolution in short texts re-
mains an open challenge.

Static Topic Modeling for Short Texts In static
topic modeling, several prominent methods (Shi
et al., 2018; Zhang and Lauw, 2022b; Doi et al.,
2024; Vu et al., 2025; Nguyen et al., 2025; En-
najari et al., 2025) have been explicitly proposed
for short texts. kNNTM (Lin et al., 2024) pio-
neered kNN-based aggregation to mitigate sparsity
in short texts. Advancing this, GloCOM (Nguyen
et al., 2025) utilizes PLM-driven global context
clustering to enrich word co-occurrence patterns.
To address the lack of explicit regularization in this
framework, EnCOT (Vu et al., 2025) introduces an
optimal transport-based enhanced global clustering
method. The recent success of large language mod-
els (LLMs) in various text analysis tasks (Zhong
et al., 2024; Zhou et al., 2025) has inspired new
attempts to apply them to topic modeling (Stamm-
bach et al., 2023; Pham et al., 2024; Doi et al.,
2024; Liu et al., 2025; Yang et al., 2025). However,
these methods overlook temporal dynamics, failing
to address topic evolution under short-text sparsity.

3 Methodology

In this work, we propose DVI-DTM, a novel frame-
work that enables robust and interpretable dynamic
topic modeling for short texts. The overall architec-
ture of DVI-DTM is illustrated in Figure 2. In this
section, we first introduce the problem statement
and notations. Subsequently, we detail our method.

3.1 Problem Statement and Notations

Given a timestamped corpus D = {dn, tn}Nn=1 con-
sisting of N short texts, where each dn denotes a
sentence-level document and tn ∈ {1, . . . , T} in-
dicates its corresponding time slice. Short text
dynamic topic modeling aims to mine K latent
topics within the corpus and capture their tempo-
ral evolution. Unlike static topic modeling, this
requires extracting representative terms from se-
quential time slices to characterize the semantic

evolution of each topic. Another more challeng-
ing goal is to ensure the interpretability of discov-
ered topics. Beyond merely outputting evolving
topic term trajectories, the latent topics should be
explained with human-understandable natural lan-
guage descriptions, enabling users to grasp their
semantic meaning intuitively.

In this paper, we define the term vocabulary
as W = {w1, . . . , wW }, consisting of W unique
terms. This vocabulary is constructed from the
raw corpus by employing AutoPhrase(Shang et al.,
2018) and removing stop words as well as low-
frequency terms.

3.2 Dual-View Representation Learning

To address the challenge of semantic ambiguity
prevalent in existing methods, we propose the dual-
view representation learning module, as shown in
Figure 2 (a). This module aligns term view and
sentence view representations to enrich semantics.

Dual-View Representation Given a times-
tamped short text corpus D, we encode it from
two views and construct the doc-topic distributions.
For the sentence view, we employ a trainable Pre-
trained Language Model (PLM) to encode the en-
tire document sentence, producing global sentence
view representations X ∈ RN×C . For the term
view, we design a temporal-aware term embedding
extractor to capture semantic variations of terms
across different time slices. Specifically, the vocab-
ulary W is first fed into a frozen PLM to obtain
static term embeddings, which are then replicated
T times to form initial dynamic term embeddings
Vinit ∈ RT×W×C . Vinit is next passed into a Tem-
poral Term Encoder (TTE) built upon Multi-Head
self-Attention (MHA) (Vaswani et al., 2017) with
learnable term positional encoding φ ∈ RW×C

and time positional encoding ψ ∈ RT×C to encode
temporal-aware term representations:

V =MHA(Vinit + φ+ ψ). (1)

For each document dn associated with a times-
tamp tn, we retrieve the temporal embeddings for
its constituent terms from V . The document repre-
sentation for the dn is constructed as follows:

Yn = Concat(V[tn, idx1], . . . ,V[tn, idxl]), (2)

where idx denotes the index of terms in V , l de-
notes the term length of dn. To handle varying
lengths, we apply zero-padding to extend each Yn
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Figure 2: The framework of DVI-DTM. It consists of three components: (a) Dual-View Representation learning
(DVR) module, (b) GEA Topic Refiner, and (c) Dual-Factor Ranking (DFR) module.

to the maximum length L, resulting in the batched
tensor Y ∈ RN×L×C . We perform masked mean
pooling on Y to obtain the aggregated sequence
representations, denoted as Y ∈ RN×C .

To construct the doc-topic distributions, we en-
code the texts using a frozen PLM and then apply
K-means clustering (MCQUEEN, 1967) to initial-
ize the topic embeddings β ∈ RK×C , which are
added as trainable parameters within the model.
To associate and align the documents with latent
topics, we compute the cosine similarity scores
S ∈ RN×K between each view representation
v ∈ {X,Y} and the topic embeddings β:

S(v) = softmax (cos(v, β)) . (3)

For each text dn, we infer its topic assignment
Kn based on Sn(v). To ensure temporal smooth-
ness, the average similarity score of texts assigned
to the same topic at time tn − 1 is weighted and
aggregated with the current similarity score of dn
at time tn, yielding the final doc-topic distributions.

Kn(v) = argmax
k

(Sn,k(v)), (4)

Qtn
n (v) = λStn

n (v)

+ (1− λ)

∑
m∈N tn−1

Kn

Stn−1
m (v)

|N tn−1
Kn

|
, (5)

where λ ∈ [0, 1] is the weighting coefficient, and
N tn−1

Kn
denotes the set of texts in the neighboring

time slice tn − 1 that are assigned to the topic Kn.

Training Objectives Our DVR module is opti-
mized with two objectives at the embedding repre-
sentation level and the doc-topic distribution level.
The first is the Representation Learning loss LRL.
For each text, its sentence view representation and
its corresponding term view representation form
a positive pair, while representations from other
texts are regarded as negative samples. This ob-
jective maximizes the average Mutual Information
(MI) between positive pairs and minimizes MI be-
tween negative pairs, reinforcing cross-view seman-
tic alignment and learning semantically enriched
short text representations.

LRL = − 1

N
(

N∑

n=1

IJSD(Xn;Yn)). (6)

Following (Nowozin et al., 2016; Hjelm et al.,
2019; Kamthawee et al., 2024), we use a Jensen-
Shannon MI estimator to estimate a lower bound
of MI:

IJSD(Xn;Yn) := EP[−sp(−Xn ·Yn)]

− EP×P̃[sp(Xn · Ỹn)],
(7)

where Ỹn is a negative input sampled from dis-
tribution P̃ = P, and sp(z) = log(1 + ez) is the
softplus function.

The second objective explicitly aligns the two
views by minimizing the KL divergence between
their doc-topic distributions, ensuring that both the
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local term semantics and the global sentence con-
text contribute coherently to the same latent topic
representation:

LKL = KL(Q(X) ∥ Q(Y)). (8)

The total training loss is calculated as:

L = LRL + LKL. (9)

3.3 GEA Topic Refiner

To overcome interpretation ambiguity, we propose
a GEA (Generator-Evaluator-Assigner) Topic Re-
finer that consists of three cooperative LLM agents
inspired by (Zhong et al., 2024), as shown in Figure
2 (b). While the DVR module learns robust and
temporally coherent latent topic representations,
these topics still lack explicit human-readable de-
scriptions. This module bridges this gap by trans-
forming latent topics into interpretable natural lan-
guage descriptions and using them to refine the
doc-topic distributions.

Generator The Generator produces candidate
topic descriptions based on the doc-topic distri-
butions Q(X) learned in the dual-view module.
Specifically, we normalize Q(X) to obtain topic
similarity scores and partition the corpus into three
time periods to capture dynamic topic evolution.
For each topic, we select the top A most relevant
texts from each period, and randomly sample texts
from the remaining corpus to increase lexical di-
versity and reduce sampling bias. The selected
texts and their similarity scores are organized into
a structured prompt to guide the Generator to pro-
duce E candidate descriptions for each topic.

Evaluator Although LLMs possess strong lan-
guage generation capabilities, the Generator may
occasionally produce hallucinated or irrelevant
topic descriptions (Ji et al., 2023). To avoid the im-
pact of such hallucinations, we design an explicit
evaluation and verification mechanism to assess the
most appropriate topic description. We randomly
sample F texts from the corpus and prompt the
Evaluator to judge whether each text falls within
the semantic scope of a candidate description. The
resulting binary decisions U ∈ RF×E are com-
pared with the corresponding doc-topic similarity
scores, and the candidate description with the high-
est Pearson correlation (Benesty et al., 2009) is
selected as the optimal description for each topic.

Assigner After obtaining the optimal topic de-
scriptions, we employ them as semantic anchors
to refine the doc-topic distribution. A structured
prompt containing each text and all topic descrip-
tions is provided to the Assigner, which assigns
each text to its most semantically relevant topic
and returns the corresponding index. This process
yields a refined binary doc-topic distribution θ that
is more interpretable and semantically faithful than
the initial distribution, thereby further improving
the reliability and clarity of topic assignments. De-
tailed prompts are provided in Appendix A.

3.4 Dual-Factor Ranking

To identify representative terms that characterize
the evolution of each dynamic topic, we introduce
a dual-factor ranking module that jointly consid-
ers semantic relevance and temporal uniqueness,
inspired by (Balepur et al., 2023).

Semantic Relevance We define two semantic rel-
evance scores to select topic terms that exhibit the
strongest semantic association with the target topic.
The first score is a topic description similarity score
Sdes, which measures the similarity between the
temporal-aware term representations V and the op-
timal topic descriptions from GEA Topic Refiner:

Sdes = softmax(cos
(
Vt,ht

k

)
), (10)

where ht
k denotes the average temporal-aware term

embeddings of the terms that both appear in the
k-th optimal topic description and term vocabulary
Wt at time slice t.

The second score is a topic class similarity score
Sclass, which measures the similarity between the
temporal-aware term representations and the aver-
age sentence view embedding Xt

k of texts assigned
to the k-th topic at time t according to θk:

Sclass = softmax(cos
(
Vt,Xt

k

)
). (11)

The semantic relevance factor ensures that the
selected terms are semantically consistent with the
topic description and representative of the docu-
ments associated with the topic, and it can be for-
mulated as:

SSR =
Sdes + Sclass

2
. (12)

Temporal Uniqueness We introduce a temporal
uniqueness score to identify topic terms that sud-
denly surge in prominence within a specific time
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Table 1: Experimental results on different datasets. Higher means better for all metrics. The best values are marked
in bold and the second values underlined. Symbol * indicates significant improvements over the baselines (except
TopicGPT) through the T-test (p ≤ 0.05). “-” denotes the metric is not applicable to the method.

Method
StackOverflow NYT Biomedical

Purity NMI NPMI CV TD TTC Purity NMI NPMI CV TD TTC Purity NMI NPMI CV TD TTC

BERTopic 0.377 0.364 0.055 0.372 0.886 0.273 0.509 0.304 0.108 0.420 0.939 0.265 0.265 0.257 0.045 0.394 0.946 0.115
ANTM - - -0.021 0.499 0.831 0.363 - - 0.037 0.501 0.722 0.411 - - -0.009 0.432 0.693 0.327
DTM 0.225 0.104 -0.135 0.459 0.846 0.385 0.351 0.101 -0.023 0.656 0.908 0.607 0.107 0.093 -0.029 0.518 0.694 0.454
DETM 0.267 0.210 0.245 0.561 0.727 0.444 0.347 0.119 0.121 0.547 0.932 0.484 0.176 0.124 0.070 0.434 0.732 0.332
DSNTM 0.253 0.126 0.011 0.595 0.702 0.541 0.345 0.103 0.069 0.651 0.529 0.590 0.102 0.092 -0.015 0.347 0.501 0.305
CFDTM 0.349 0.284 -0.069 0.418 0.982 0.364 0.463 0.269 0.066 0.579 0.902 0.521 0.297 0.246 0.012 0.501 0.766 0.438

TopicGPT (GPT-4o) 0.475 0.432 - - - - 0.456 0.246 - - - - 0.301 0.283 - - - -
ECRTM+LLM-ITL 0.316 0.231 - - - - 0.395 0.199 - - - - 0.275 0.218 - - - -
KNNTM 0.443 0.422 - - - - 0.626 0.347 - - - - 0.419 0.362 - - - -
GloCOM-EnCOT 0.482 0.451 - - - - 0.657 0.381 - - - - 0.456 0.397 - - - -

Ours (Qwen3-max) 0.538 0.474 0.280 0.618 1.000 0.580 0.687 0.409 0.145 0.672 0.990 0.624 0.504 0.407 0.081 0.668 0.989 0.635
Ours (Deepseek-R1) 0.534 0.470 0.282 0.617 0.996 0.578 0.697 0.418 0.145 0.673 0.995 0.625 0.507 0.413 0.084 0.670 0.991 0.637
Ours (GPT-4o) 0.531 0.468 0.278 0.612 0.995 0.571 0.685 0.408 0.139 0.671 0.989 0.622 0.498 0.406 0.079 0.667 0.984 0.632
Ours (GPT-5) 0.545*0.482*0.290*0.620*1.000*0.581*0.704*0.424*0.149*0.680*0.996*0.632*0.511*0.418*0.088*0.678*0.994*0.644*

slice. Such abrupt changes in frequency often sig-
nal emerging events or shifts in attention relevant
to evolving topics. The temporal uniqueness score
is computed based on the ratio of the frequency
F (t, w) of the term w in the current time slice t
to its frequency F (t − 1, w) in the previous time
slice t− 1, highlighting terms that are temporally
distinctive and evolutionarily informative:

STU = softmax(log
F (t, w) + 1

F (t− 1, w) + 1
). (13)

Finally, our overall score can be formulated as:

Sall = α · SSR + (1− α) · STU , (14)

where α is a weighting parameter that balances the
contribution of semantic relevance and temporal
uniqueness. For each topic at time slice t, we se-
lect the highest-ranked terms and add them to the
dynamic topic term list.

4 Experiments

4.1 Experimental Settings
Datasets The experiments are performed on three
widely used real-world short text datasets: Stack-
Overflow, NYT, and Biomedical. StackOverflow
contains 19,796 question titles from 2008 to 2012.
NYT consists of 24,952 news headlines from 2001
to 2024. Biomedical includes 20,463 paper titles
from 1980 to 2013. Please refer to Appendix B for
further details about the datasets.

Evaluation Metrics For topic alignment, we con-
duct text clustering to evaluate the quality of the

doc-topic distributions, evaluated by Purity and
Normalized Mutual Information (NMI) (Schütze
et al., 2008), following (Wu et al., 2024; Vu et al.,
2025). For dynamic topic quality, we consider four
metrics: NPMI (Lau et al., 2014) and CV (Röder
et al., 2015) assess topic coherence based on pair-
wise co-occurrence and overall semantic consis-
tency, respectively. Topic Diversity (TD) measures
the uniqueness of topic words within a time slice,
while Temporal Topic Coherence (TTC) (James
et al., 2024) captures semantic stability across con-
secutive timestamps. We select the top 10 terms
from each topic to calculate these metrics. Metrics
are detailed in Appendix C.

Baselines We compare our model against rep-
resentative baselines from four paradigms. For
clustering-based dynamic topic models, we con-
tain BERTopic (Grootendorst, 2022) and ANTM
(Rahimi et al., 2024). For BoW-based dynamic
topic models, we include: DTM (Blei and Laf-
ferty, 2006), DETM (Dieng et al., 2019), DSNTM
(Miyamoto et al., 2023) and CFDTM (Wu et al.,
2024). For short-text topic modeling, we com-
pare kNNTM (Lin et al., 2024) and GloCOM-
EnCOT (Nguyen et al., 2025; Vu et al., 2025). For
LLM-based topic modeling, we consider TopicGPT
(Pham et al., 2024) and ECRTM+LLM-ITL (Wu
et al., 2023; Yang et al., 2025). Since static meth-
ods lack temporal modeling capabilities, we report
their results only for the topic alignment evaluation.
Furthermore, neither ANTM nor TopicGPT sup-
ports specifying the number of topics, and ANTM
cannot infer doc-topic distributions.
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Table 2: Ablation Study. Symbol * indicates significant improvements of DVI-DTM through the T-test (p ≤ 0.05).

# DVR GEA Topic Refiner DFR Purity NMI NPMI CV TD TTC
LRL LKL TTE Generator Evaluator Assigner Sdes Sclass STU

(a) ✗ ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓ 0.349 0.310 0.212 0.463 0.937 0.404
(b) ✓ ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓ 0.460 0.420 0.254 0.585 0.966 0.542
(c) ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ 0.503 0.445 0.269 0.606 0.981 0.565

(d) ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✓ 0.521 0.462 0.241 0.589 0.987 0.553
(e) ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ 0.534 0.471 0.284 0.612 0.993 0.571

(f) ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ 0.545 0.482 0.246 0.594 0.991 0.561
(g) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ 0.545 0.482 0.244 0.588 0.961 0.545
(h) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ 0.545 0.482 0.271 0.609 0.987 0.567

(i) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.545* 0.482* 0.290* 0.620* 1.000* 0.581*

Implementation Details The all-mpnet-base-v2
SBERT model (Reimers and Gurevych, 2019) is
adopted as the PLM within the DVR module. Fol-
lowing (Wu et al., 2024; Yang et al., 2025), we
set the number of topics to 20 and report averages
across five runs, excluding ANTM and TopicGPT.
Detailed hyperparameter settings (such as λ and
α), configurations of all LLM agents, and a cost
analysis are provided in Appendix D.

4.2 Performance Comparison

We quantitatively compare our proposed DVI-
DTM with baselines across three datasets, as re-
ported in Table 1. Overall, our DVI-DTM achieves
significant improvements over all baselines across
all metrics. In terms of the topic alignment, static
baselines driven by LLMs (TopicGPT and LLM-
ITL) or specifically designed for short texts (kN-
NTM and EnCOT) generally outperform traditional
dynamic topic modeling baselines (BERTopic,
ANTM, DTM, DETM, DSNTM, and CFDTM).
Nevertheless, our method achieves average im-
provements of 5.5% in Purity and 3.2% in NMI,
highlighting its stronger ability to capture short
text semantics. Regarding dynamic topic quality,
our approach consistently outperforms all dynamic
topic modeling baselines by a significant margin.
Specifically, DVI-DTM still achieves average gains
of 3.0%, 7.0%, 4.1%, and 8.5% on NPMI, CV ,
TD, and TTC, respectively. These results demon-
strate that DVI-DTM not only produces more dis-
criminative doc-topic distributions but also has the
strong ability to capture temporally coherent and
diverse topic evolution. We further evaluate four
variants of DVI-DTM instantiated with different
LLMs. The GPT-5-based version achieves the best
overall performance, while the remaining variants
consistently outperform all existing baselines.

4.3 Ablation Study

To evaluate the contribution of each module, we
conduct extensive ablation studies on the Stack-
Overflow dataset. As shown in Table 2, remov-
ing the whole DVR module results in substantial
drops in both Purity and NMI (Table 2 (a)). In-
troducing the document embedding-level represen-
tation learning objective LRL alone improves Pu-
rity by 11.1 points (Table 2 (b)), demonstrating
its effectiveness in alleviating semantic ambiguity
in short text representations. Further incorporat-
ing the doc-topic distribution alignment objective
LKL (Table 2 (c)) and the TTE module (Table 2
(i)) leads to additional Purity gains of 4.3 and 4.2
points, respectively, validating the roles of cross-
view topic consistency and temporal-aware term
modeling in enhancing doc-topic distribution qual-
ity. We also examine the impact of the GEA Topic
Refiner. Removing this module causes a notice-
able performance degradation (Table 2 (d)), and
disabling only the Evaluator (Table 2 (e)) also de-
grades the results, indicating that the Evaluator is
crucial for mitigating hallucinated topic descrip-
tions and refining doc-topic distributions. Finally,
we analyze the DFR module by removing each scor-
ing factor (Table 2 (f-h)). Removing either Sdes or
Sclass results in a decline in topic coherence, con-
firming that both interpretable topic descriptions
and document class semantics are essential for reli-
able topic term extraction. This also highlights the
synergistic interaction between the dual-view rep-
resentations and the topic descriptions. Excluding
STU also degrades performance, demonstrating its
importance in capturing emerging and time-specific
topic terms.

We further analyze the number of topics and
hyperparameters of DVI-DTM in Appendix E.
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Figure 3: Evolution of Discovered Topics. Top 5 representative terms of the business and market roundups topic
across different time slices in the NYT dataset, as extracted by Our DVI-DTM, CFDTM, and DTM.

Table 3: Alignment of discovered interpretable topic
descriptions with the true labels on the NYT dataset.

Label #Sample Model-Generated Topic Descriptions

business 6,364

a topic of business and market roundups
a topic of bank regulation and bailouts
a topic of mergers and acquisitions
a topic of corporate restructuring and strategic pivots
a topic of white-collar crime and corporate misconduct

arts 2,501 a topic of visual arts and museum exhibitions

dining 2,098 a topic of dining guides and restaurant features
a topic of food features

real estate 1,482 a topic of real estate spotlights

science 2,262 a topic of wildlife and animal behavior
a topic of infectious disease outbreaks and vaccination

society 2,031 a topic of personal love stories tied to weddings
a topic of digital culture and online platforms

sports 4,176
a topic of MLB roster moves and trade decisions
a topic of New York City pro basketball
a topic of sports opinion columns

styles 2,061 a topic of fashion industry culture and commentary
a topic of fashion and style culture

travel 1,977 a topic of travel destination guides and itineraries
a topic of contemplative travel and place

4.4 Interpretability and Evolution of Topics

Table 3 presents the 20 latent topics discovered by
our model on the NYT dataset. The generated topic
descriptions are highly consistent with the corre-
sponding ground-truth labels, demonstrating that
DVI-DTM is able to produce semantically mean-
ingful and human-interpretable topic representa-
tions. Notably, categories with a larger number
of documents are automatically decomposed into
multiple fine-grained topics. This observation in-
dicates that DVI-DTM can adaptively adjust topic
granularity based on data distribution.

Figure 3 presents the dynamic evolution of topics
in the NYT dataset. Since our method can gener-
ate a human-understandable semantic description,

Figure 4: Visualization of term evolution in embedding
space using t-SNE (Maaten and Hinton, 2008).

we can easily identify that the topic is related to
business and market roundups. In contrast, for
baselines, users must search numerous topics to
find those containing terms such as “business” or
“market”. Critically, attributed to the DVR mod-
ule and the temporal uniqueness score, our method
successfully captures the mutation of “IPO” (Ini-
tial Public Offering) in 2010, which is missed by
baselines. Additionally, our extracted terms exhibit
high topic coherence at each time slice, whereas
DTM includes irrelevant terms like “love”.

4.5 Analysis of Term Evolution

To assess whether our temporal-aware term embed-
dings capture semantic shifts over time, we visual-
ize the term embeddings of “business” and “IPO”
in 2009 and 2010 using t-SNE. As shown in Fig-
ure 4, these two terms are far apart in 2009 but be-
come notably closer in 2010, consistent with corpus
statistics showing a fivefold increase of “IPO” in
“business” labeled documents. This demonstrates
that our term embeddings effectively capture tem-
poral semantic evolution, which is essential for
accurate dynamic topic modeling.
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Table 4: Human evaluation results.

Method Evolution Semantic Temporal

DTM 3.200 0.867 0.533
DETM 2.800 0.867 0.667
DSNTM 2.933 0.800 0.600
CFDTM 3.730 0.800 0.733
Ours 4.070 0.933 0.800

4.6 Human Evaluation

Given that automated metrics do not always align
with human judgment (Chang et al., 2009; Hoyle
et al., 2021), we conduct a human evaluation to as-
sess the quality of dynamic topics. For each model,
we randomly sample 15 dynamic topic term trajec-
tories on the StackOverflow dataset for comparison.
We design two evaluation tasks: Topic Evolution
Rating and Dynamic Intrusion Detection. The for-
mer assesses the topic evolution coherence using
a 5-point Likert scale. The latter comprises two
evaluation dimensions: semantic outlier detection
and temporal slice completion. More details about
the evaluation protocol are provided in Appendix
F. We recruit three graduate students to perform
evaluations in a blind setup. The evaluation pro-
cess yielded substantial inter-annotator agreement,
evidenced by a Kendall’s tau of 0.816 for the rating
task and a Fleiss’ kappa of 0.722 for the detection
tasks. As shown in Table 4, our model consistently
outperforms all baselines, demonstrating superior
temporal coherence and semantic interpretability
in short text dynamic topic modeling. This is con-
sistent with the observations from our main results.

5 Conclusion

In this paper, we propose a Dual-View representa-
tion learning-based Interpretable Dynamic Topic
Model (DVI-DTM) to resolve the semantic and in-
terpretation ambiguities in short-text dynamic topic
modeling. To address semantic ambiguity, we in-
troduce a dual-view representation learning frame-
work that captures dynamic term embeddings and
mitigates the impact of semantic sparsity by align-
ing term view and sentence view representations.
To overcome interpretation ambiguity, we design a
GEA topic refiner that generates human-readable
topic descriptions, enabling more transparent topic
understanding. Furthermore, a dual-factor rank-
ing module is incorporated to extract temporally
coherent topic evolutions. Extensive experiments
demonstrate the effectiveness of our DVI-DTM.

Limitations

While our DVI-DTM achieves strong performance
and interpretability in short text dynamic topic mod-
eling, it relies on the capability of LLMs in the
GEA Topic Refiner. When smaller open-source
LLMs (e.g., Llama-3-8B) are used as agents in the
refiner, they may fail to generate discriminative
topic descriptions and reduce their effectiveness
in refining doc-topic distributions due to limited
reasoning and language generation capacity com-
pared to large-scale models (e.g., GPT-5). Even
without the GEA topic refiner, DVI-DTM remains
competitive compared with existing baselines by
leveraging the DVR module to produce robust doc-
topic distributions, as shown in Table 2 (d). There-
fore, we believe this limitation is acceptable in
practice. An important direction for future research
is to explore knowledge distillation and parameter-
efficient fine-tuning (PEFT) techniques to equip
lightweight models with stronger semantic reason-
ing capabilities, thereby balancing effectiveness
with deployment efficiency.

Ethical Considerations

We adhere to the ACL Code of Ethics and all rel-
evant license terms. The dynamic topic terms
shown in Figure 1 and Figure 3 are generated
by models trained on the Biomedical and NYT
datasets, respectively. As these datasets are col-
lected from real-world sources, the generated out-
puts may reflect existing biases or dominant per-
spectives present in the dataset. The authors do not
intend to endorse or promote any biased or sensi-
tive content that may be implicitly reflected in the
model outputs. We make every effort to objectively
analyze and present the discovered topics. Any
unintended biases reflected in the model outputs
are considered part of the limitations of automatic
dynamic topic modeling.

The human evaluation in this study was con-
ducted with voluntary participants who provided
informed consent. No personally identifiable in-
formation was collected, and the study posed no
foreseeable risk to participants.
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A Prompts

In this section, we provide the prompt designs used
in the GEA Topic Refiner. As shown in Figure 5,
the Generator is prompted to produce candidate
natural language descriptions for each latent topic
based on representative short texts and correspond-
ing scores sampled across different time periods.
The Evaluator is designed to mitigate hallucina-
tion and select the most semantically aligned topic
descriptions. As shown in Figure 6, the prompt con-
sists of a binary question asking whether the text
sampled from the corpus falls within the semantic
scope of the given topic description. These binary
judgments are later aggregated and compared with
document-topic similarity scores to select the op-
timal topic description. The Assigner is instructed
to assign the text to the single most relevant topic,
which produces a refined and more interpretable
document-topic distribution, as shown in Figure
7. These prompt designs enable effective collab-
oration among the Generator, Evaluator, and As-
signer, ensuring that the refined topics are both
semantically accurate and human-interpretable.

B Dataset Details

To ensure a comprehensive evaluation, we con-
ducted experiments on three short text datasets:
StackOverflow, NYT, and Biomedical. A brief in-
troduction to these datasets is given below:

StackOverflow: A dataset derived from the pub-
lic Kaggle challenge data1, where we randomly
sample question titles between 2008 and 2012 as
short texts and use the accompanying technical tags
provided on the Q&A website as reference labels.

NYT: A dataset contains news headlines col-
lected from The New York Times online archive2

spanning the years 2001 to 2024.
Biomedical: A dataset consists of paper titles

randomly selected from the challenge data pub-
lished on the BioASQ official website3, covering
publications from 1980 to 2013.

The statistics of the processed datasets are sum-
marized in Table 5. For each dataset, time slices
are partitioned by year. In the data preprocessing
phase, we employ AutoPhrase (Shang et al., 2018)
to extract terms from the temporal text, then remove
1https://www.kaggle.com/competitions/
predict-closed-questions-on-stack-overflow/
data?select=train.zip

2https://www.kaggle.com/datasets/aryansingh0909/
nyt-articles-21m-2000-present

3http://participants-area.bioasq.org/
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Please suggest topic descriptions about the text samples that are more likely to achieve 

higher scores. Here is a corpus of text samples each associated with a score. The text 

samples are sorted from the lowest to the highest score.

Please suggest {num_candidate_descriptions} topic descriptions to me, one in a line, starting 

with "-" and surrounded by quotes "". For example:

- "a topic of technology innovation.“

Please generate the response based on the given datapoints as much as possible. Do not

output anything else.

{Text 1: content. (Score)

Text 2: content. (Score)

Text 3: content. (Score)

}

Response:

…
…
…

Figure 5: Prompt for the Generator. The content enclosed in curly braces {} represents placeholders for dynamic
data instances. As depicted in the bottom timeline, we partition the corpus into three chronological periods: early,
middle, and late phases, denoted as ∆tp, p ∈ {1, 2, 3}. The input text samples (highlighted in different colors) are
sampled from these respective phases and sorted by their associated scores.

Confirm whether the Text satisfies a  Topic. Respond with Yes or No. When uncertain, output 

No.

Example 1:

TOPIC: "a topic of a natural scene."

TEXT: "I love the way the sun sets in the evening."

Response: Yes. 

Example 2:

TOPIC: "a topic of historical dates."

TEXT: "A member of the Democratic Party, he was the first African-American president of 

the United States."

Response: No. The TEXT does not mention date.

Now complete the following example,

TOPIC: "{topic_description}"

TEXT: "{text}"

Response:

Figure 6: Prompt for the Evaluator. The placeholders {topic_description} and {text} are instantiated with
candidate topic descriptions and random text samples, respectively.
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In this task, you will need to select the most appropriate topic for a given text and return 

the corresponding index, surrounded with []. Do not provide any explanations. For example,

TOPICS:

0. a topic of sports

1. a topic of biomedical

2. a topic of science

TEXT: Researchers developed a new nanoparticle for targeted drug delivery.

Response:

[1]

Now classify this text by selecting the most relevant topic index. Return only the index in 

brackets, without explanations.

TOPICS:

{topics_with_index}

TEXT: {text}

Response:

Figure 7: Prompt for the Assigner. The placeholders {topics_with_index} and {text} are instantiated with
indexed candidate topic descriptions and the target text samples to be assigned, respectively.

Table 5: Statistics of the datasets used in our experi-
ments. #Docs: Number of documents; Avg Len: Av-
erage document length (number of tokens); #Term:
Term size; #Labels: Number of ground-truth categories;
#Time: Number of time slices.

Dataset #Docs Avg Len #Labels #Term #Time

StackOverflow 19,796 4.974 9 3,246 5
NYT 24,952 4.512 20 4,601 24
Biomedical 20,463 9.832 20 5,803 34

stopwords and filter out terms with a frequency of
less than 3.

C Details of Evaluation Metrics

In this section, we provide more detailed explana-
tions and mathematical definitions of evaluation
metrics.

C.1 Purity

Purity measures the extent to which a cluster con-
tains only data from a single class. Since the
datasets contain ground-truth labels, we evaluate
the quality of the temporal doc-topic distribution
by treating the model as a document clustering
method. We assign each document to the topic with

the highest probability. For a set of predicted clus-
ters C = {c1, . . . , cK} and ground-truth classes
G = {g1, . . . , gM}, Purity is defined as:

Purity =
1

N

K∑

k=1

max
j

|ck ∩ gj |, (15)

where N is the total number of documents. High
purity implies that each discovered topic maps
cleanly to a real-world category.

C.2 NMI
Normalized Mutual Information (NMI) (Schütze
et al., 2008) is an information-theoretic measure
that quantifies the mutual dependence between the
predicted clusters and the ground-truth labels, and
is normalized to allow comparison. It is defined as:

NMI =
2× I(C;G)
H(C) +H(G)

, (16)

where I(C;G) is the mutual information between
clusters and labels, andH(·) represents the entropy.
NMI balances the trade-off between the number of
clusters and clustering quality, with values in [0, 1].

C.3 NPMI
Normalized Pointwise Mutual Information (NPMI)
(Lau et al., 2014) measures topic coherence by
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Table 6: The cost of running the GEA Topic Refiner on three datasets.

LLM (Generator, Evaluator/Assigner) StackOverflow NYT Biomedical

Qwen3-max, Qwen-max $2.74 $2.91 $4.08
DeepSeek-R1, DeepSeek-V3 $1.99 $2.08 $2.78
GPT-4o, GPT-3.5-turbo $4.87 $5.33 $8.24
GPT-5, GPT-5-nano $0.96 $1.13 $2.01

focusing on pairwise co-occurrence of topic words.
The NPMI between words is defined as:

NPMI(wi, wj) =
log

P (wi,wj)
P (wi)P (wj)

− logP (wi, wj)
, (17)

where P (wi) is the probability of word wi, and
P (wi, wj) is the joint probability of words wi and
wj co-occurring in a sliding window. NPMI ranges
from −1 to 1, with higher values indicating better
coherence. We calculate the average NPMI across
all time slices.

C.4 CV

The CV (Röder et al., 2015) evaluates topic coher-
ence from the perspective of the overall seman-
tic consistency of the topic. It employs a slid-
ing window and computes the cosine similarity
between the normalized pointwise mutual informa-
tion vectors of the top words. Given a k-th topic
z at time slice t represented by its top m words
{w1, . . . , wm}. ei is a context vector for each word
wi, i ∈ [1,m] and is defined as:

ei = [NPMI(wi, w1), . . . ,NPMI(wi, wm)]⊤ .
(18)

The CV score is the average cosine similarity be-
tween each word’s vector ei and the aggregate vec-
tor of all top words ē =

∑m
j=1 ej :

CV (z) =
1

m

m∑

i=1

cos(ei, ē), (19)

where cos(·, ·) denotes the cosine similarity. We
calculate the average CV across all time slices. A
higher CV indicates that the top words share a con-
sistent semantic context.

C.5 TD

Topic Diversity (TD) assesses the uniqueness of
discovered topics. We compute the percentage of
words that appear only once and exist in the vo-
cabulary of the current time slice among the top m

words of theK topics at the time slice t, to measure
the TD following (Wu et al., 2024).

TD =
N

(t)
o

mK
, (20)

where N (t)
o represents the number of words that

appear only once and also exist in the vocabulary
set W (t). We calculate the average TD across all
time slices.

C.6 TTC

Temporal Topic Coherence (TTC) (James et al.,
2024) captures the semantic stability of a topic
over time by considering word pairs between two
consecutive timestamps. Given a k-th topic z at
time slice t represented by its top m words, TTC is
defined as follows:

TTC(z) =
1

m2

m∑

i=1

m∑

j=1

Cv(w
(k,t)
i , w

(k,t+1)
j ),

(21)
where w(k,t)

i is the i-th word of topic k at time slice
t. We calculate the average TTC between each
pair of time slices. Higher TTC means the same
topic remains stable and coherent across time slices.
Conversely, a lower TTC indicates that the topic
words within the same topic exhibit incoherence
over time.

D Implementation Details

We implement our method using the PyTorch
framework (Paszke et al., 2019) and train it for
1000 iterations on a single NVIDIA A100 40 GB
GPU with the Adam (Kingma, 2014) optimizer.
The weighting coefficient λ in Eq. 5 and α in Eq.
14 are set to 0.7. We set the number of topics to 20
and report averages over five runs in the main ex-
periment, except for ANTM and TopicGPT, which
do not support specifying the number of topics,
and TopicGPT is evaluated on a single run. For
TopicGPT, we use GPT-4o for topic generation and
GPT-3.5-turbo for topic assignment.
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Table 7: Ablation study results on the StackOverflow dataset with different numbers of topics K. Symbol * indicates
significant improvements over the baselines through the T-test (p ≤ 0.05). “-” denotes the metric is not applicable to
the method.

Method

K=10 K=30 K=50

Purity NMI NPMI CV TD TTC Purity NMI NPMI CV TD TTC Purity NMI NPMI CV TD TTC

BERTopic 0.241 0.247 -0.082 0.391 0.886 0.282 0.301 0.270 0.193 0.362 0.903 0.245 0.367 0.303 0.452 0.349 0.888 0.213
DTM 0.122 0.062 -0.119 0.375 0.776 0.309 0.144 0.096 -0.108 0.500 0.880 0.430 0.226 0.110 -0.131 0.542 0.929 0.479
DETM 0.155 0.101 -0.067 0.445 0.872 0.358 0.203 0.159 0.224 0.551 0.694 0.457 0.283 0.250 0.481 0.588 0.558 0.493
DSNTM 0.136 0.076 -0.114 0.526 0.918 0.429 0.155 0.102 0.241 0.498 0.642 0.408 0.220 0.102 0.339 0.462 0.482 0.385
CFDTM 0.208 0.143 -0.042 0.367 0.991 0.330 0.246 0.159 -0.048 0.419 0.976 0.362 0.235 0.103 0.469 0.474 0.720 0.425

ECRTM+LLM-ITL 0.216 0.157 - - - - 0.231 0.144 - - - - 0.227 0.105 - - - -
KNNTM 0.303 0.322 - - - - 0.460 0.379 - - - - 0.447 0.343 - - - -
GloCOM-EnCOT 0.359 0.367 - - - - 0.502 0.416 - - - - 0.501 0.419 - - - -

Ours 0.427*0.422*0.038*0.602*1.000*0.524*0.533*0.452*0.250*0.612*1.000*0.568*0.537*0.441*0.492*0.617*1.000*0.580*

For the agents of the GEA Topic Refiner, we uti-
lize four different LLM families in our experiments.
For each family, we employ the flagship version
for the generator, while using the lightweight ver-
sion for the evaluator and assigner to balance per-
formance and computational costs. Specifically,
the model pairings are: (1) GPT-5 for genera-
tor paired with GPT-5-nano for evaluator and as-
signer, (2) GPT-4o paired with GPT-3.5-turbo,
(3) DeepSeek-R1 paired with DeepSeek-V3, and
(4) Qwen3-max paired with Qwen-max. Table 6
lists the specific API costs for these models across
the three datasets. Notably, the combination of
GPT-5 and GPT-5 nano is the most cost-efficient
option in our experiments. It achieves strong perfor-
mance while incurring the lowest overall inference
cost. Therefore, we adopt this configuration as the
default setting for the GEA Topic Refiner in our ex-
periments. We set A = 30, E = 5 in the generator
and F = 256 in the evaluator.

E Ablation Study

E.1 Number of Topics

We conduct an ablation study to analyze the sensi-
tivity of DVI-DTM to the number of topics K. As
shown in Table 7, we examine how topic granular-
ity influences the quality of dynamic topic model-
ing. When K = 10, the topics are coarse, causing
multiple semantically distinct concepts to merge
into a single topic, which results in lower topic co-
herence. As K increases to 30, our model achieves
a better balance between topic granularity and se-
mantic coherence, leading to relatively improved
topic alignment performance. Further increasing
K to 50 introduces redundant topics, slightly de-

grading performance. The results show that DVI-
DTM maintains stable performance across different
topic numbers, indicating strong robustness to the
choice of K. Regardless of the value of K, our
method consistently achieves the best performance
across all metrics compared with the existing state-
of-the-art baselines, demonstrating its ability to
adapt to different topic granularities without sacri-
ficing topic alignment or temporal coherence.

E.2 Hyperparameter Analysis

Another ablation study is conducted to evaluate
the impact of the weighting hyperparameters in
Eq. 5 and Eq. 14, as shown in Figure 8. The
parameter λ controls the strength of the temporal
smoothing operation in the DVR module. Setting
λ too large weakens temporal continuity, leading
to unstable topic assignments across time, while
small values over-smooth the distributions and ob-
scure emerging topics. The model achieves the
best topic alignment performance at λ = 0.7. The
parameter α adjusts the trade-off between seman-
tic relevance and temporal uniqueness in the DFR
module. Optimal performance on dynamic topic
quality metrics is achieved when α = 0.7, demon-
strating that jointly considering semantic relevance
and temporal uniqueness is essential for accurately
capturing meaningful topic evolution.

E.3 Case Studies on Hallucination Mitigation

To demonstrate the efficacy of GEA Topic Refiner
in mitigating hallucinations, we present representa-
tive cases from three datasets in Table 8. As shown
in the first row of Table 8, the LLM completely
ignores the required prompt format and generates
a meta-commentary sentence for a text instead of a
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Table 8: Qualitative validation of topic description evaluation.

Dataset Output topic description Rejected hallucinated topic description

StackOverflow A topic of system-level design over syntax fixes Text 308: Discussing JPA ORM suitability
NYT A topic of personal love stories tied to weddings A topic of recipe-driven food coverage
Biomedical A topic of experimental toxicology with protective agents A topic of chemical modulation of platelet pathways

Table 9: Comparison of runtime on the StackOverflow
dataset. * indicates KNNTM requires an additional 65
hours for pre-computation of optimal transport distance
before running.

Method Type Category Runtime (s)

BERTopic Dynamic Non-LLM 217
ANTM Dynamic Non-LLM 1,075
DTM Dynamic Non-LLM 3,563
DETM Dynamic Non-LLM 937
DSNTM Dynamic Non-LLM 1,687
CFDTM Dynamic Non-LLM 2,093
KNNTM Static Non-LLM 100∗

GloCOM-EnCOT Static Non-LLM 712
TopicGPT Static LLM-based 8,628
ECRTM+LLM-ITL Static LLM-based 11,113
Ours (without GEA) Dynamic Non-LLM 795
Ours (with GEA) Dynamic LLM-based 8,420

topic description for a latent topic. Furthermore, as
shown in the second and third rows of Table 8, the
LLM is easily misled by isolated or out-of-context
words in sparse short texts, producing hallucinated
topic descriptions with severe domain drift. The
Evaluator can effectively reject descriptions that
are malformed and inconsistent with the context,
ensuring that only descriptions with high thematic
alignment and grounding are preserved.

E.4 Runtime Analysis

Although topic modeling is typically an offline
task, a runtime analysis is valuable for understand-
ing practical trade-offs. We conducted a system-
atic evaluation of the execution time of DVI-DTM
against all baselines under the same hardware and
software settings. As shown in Table 9, the As-
signer in the GEA Topic Refiner introduces ad-
ditional computational overhead due to frequent
LLM inference at the document level. Even with
this component included, our method remains more
efficient than other LLM-based baselines, while si-
multaneously achieving the best topic modeling
performance and providing interpretable topic de-
scriptions. When the GEA Topic Refiner is dis-
abled, our framework demonstrates substantially

Figure 8: Ablation study results of hyperparameter λ
and α on the StackOverflow dataset.

improved efficiency. In this setting, the runtime of
our DVI-DTM is faster than most dynamic topic
models. Although BERTopic exhibits shorter run-
time due to its clustering-based pipeline without
temporal alignment, it performs significantly worse
than our method across all metrics. Importantly,
even without the GEA Topic Refiner, DVI-DTM
still achieves highly competitive topic modeling
performance compared with existing baselines, as
shown in Table 1 and Table 2 (d).

F Details of Human Evaluation

In this section, we further detail the human evalu-
ation procedure and setup. We randomly sampled
15 topic term evolution results generated from each
model, including our model and competitive base-
lines, based on the StackOverflow dataset. We
exclude BERTopic and ANTM from the human
evaluation, as they do not guarantee continuous and
fixed-length topic term evolution trajectories. To
ensure impartiality, the evaluation was conducted
in a blind setting, where the source model for each
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Figure 9: Human evaluation instructions.

topic term evolution result was anonymized and
shuffled. Three volunteer graduate students were
recruited as annotators to perform the evaluation
independently, and we encouraged them to use ex-
ternal resources to aid them.

Figure 9 illustrates the detailed instructions pre-
sented to the annotators. Two types of evaluation
tasks are designed. The first task, Topic Evolution
Rating, directly evaluates the quality of evolution
and the logical coherence of individual topics over
time. Annotators were asked to review the topic
term sequence across 5 time slices for each model
and assign a score based on a 5-point Likert scale
(higher scores indicate better performance). The
specific rating criteria are defined as follows:

• 5 (Excellent): The topic evolution is clear,
logically coherent, and meaningful.

• 4 (Good): The evolution is coherent and
smooth, though the magnitude of change is
relatively small or the trend is slightly indis-
tinct.

• 3 (Fair/Static): The evolution is excessively
smooth with almost no observable changes,
indicating an over-smoothed or static topic.

• 2 (Poor/Noisy): The evolution contains ob-
vious discontinuities, noise words, or logical
ambiguities.

• 1 (Chaotic): The topic evolution is chaotic,
illogical, or drastically abrupt.

The second task, Dynamic Intrusion Detection,
is designed as an objective metric to assess whether
the generated dynamic topic term trajectories ex-
hibit semantic distinctiveness and recognizable
temporal discriminability. Unlike subjective rat-
ings, this task requires annotators to perform a dis-
crimination task, providing an objective metric for
topic semantic interpretability and temporal coher-
ence. Annotators were presented with the topic
term context at the previous (t− 1) and subsequent
(t + 1) time slices and asked to identify the cor-
rect term set for the middle time slice t. For each
evaluation, two options were provided: the ground
truth generated by the model and a distractor (an
“intruder”). The distractor introduced a disruption
in either semantic content or temporal consistency.
Specifically, distractors consisted of two types: (1)
Semantic level: terms from a different topic at
the same time slice t, to test whether the annota-
tor could distinguish topic semantic boundaries,
and (2) Temporal level: terms from a distant time
slice of the same topic, to test sensitivity to tem-
poral shifts. Annotators were required to select
the correct missing time slice, and higher accuracy
indicates that the model’s topic evolution is more
coherent and interpretable to humans.

As illustrated in Table 4, the evaluation results
are computed as the average score assigned by each
annotator for each model. Overall, our DVI-DTM
consistently achieves the highest scores across all
evaluation criteria.
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