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Abstract

In continual learning, our aim is to learn a new
task without forgetting what was learned previ-
ously. In topic models, this translates to learn-
ing new topic models without forgetting previ-
ously learned topics. Previous work either con-
sidered Dynamic Topic Models (DTMs), which
learn the evolution of topics based on the entire
training corpus at once, or Online Topic Mod-
els, which are updated continuously based on
new data but do not have long-term memory.
To fill this gap, we propose the Continual Neu-
ral Topic Model (CoNTM), which continuously
learns topic models at subsequent time steps
without forgetting what was previously learned.
This is achieved using a global prior distribu-
tion that is continuously updated. In our ex-
periments, CoNTM consistently outperformed
the dynamic topic model in terms of topic qual-
ity and predictive perplexity while being able
to capture topic changes online. The analysis
reveals that CoNTM can learn more diverse top-
ics and better capture temporal changes than
existing methods.

1 Introduction

Topic models are used to discover the hidden the-
matic structure in a collection of documents. These
models are particularly useful in Natural Language
Processing (NLP), supporting a wide range of ap-
plications, including information extraction, text
clustering, summarization, sentiment analysis, con-
tent recommendation, opinion/event mining, and
trend analysis (Tuan et al., 2020; Subramani et al.,
2018; Nguyen et al., 2021; Wang and Mengoni,
2020; Molenaar et al., 2024; Wang and Blei, 2011;
Avasthi et al., 2022; Churchill and Singh, 2022b).
A popular topic model is Latent Dirichlet Alloca-
tion (LDA) (Blei et al., 2003), which represents
each document as a collection of topics, with each
topic being a distribution over words.

However, document collections are usually not
recorded at a singular instance in time. Document

collections may span many months or years, during
which the topics (and their word distributions) may
change. Standard LDA is not designed to handle
such dynamic changes.

Dynamic topic models, such as Dynamic LDA
(Blei and Lafferty, 2006), Dynamic Embedded
Topic Model (Dieng et al., 2019), and Dynamic
BERtopic (Grootendorst, 2022), address this issue
by capturing the evolution of topics over time.

Despite their advancements, these models share
a limitation: they require the entire corpus to be
available from the start. In real-world applications,
new data is generated every day, and it should ide-
ally be processed online in real-time. For example,
as data are continuously streamed, there is signif-
icant potential in monitoring current topics of in-
terest, detecting emerging trends in social media
(Sasaki et al., 2014), analyzing consumer purchase
behavior (Iwata et al., 2009), and tracking urban
geo-topics (Yao and Wang, 2020).

To address the need of real-time processing, on-
line topic models have been introduced (AlSumait
et al., 2008; Iwata et al., 2010; Zhang et al., 2013),
which adapt to data arriving sequentially.

However, online topic models lack long-term
memory and tend to forget previously acquired
topic knowledge over time. This is where continual
learning becomes relevant. In continual learning,
new sub-problems are learned over time without
forgetting what was previously learned.

We propose the Continual Neural Topic Model
(CoNTM), which uses a global prior distribution
to store information over time, while local models
capture patterns inherent in the current time step.
The proposed model effectively captures global
thematic patterns and tracks their temporal evolu-
tion over locally defined subsets of the data. The
CoNTM maintains high topic quality and low pre-
dictive perplexity without losing previously learned
information. This is achieved as each time step de-
pends on the global prior, ensuring consistency and
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coherence over time.
The contributions of the paper are as follows:

• We introduce CoNTM, a continual neural
topic model to train a sequence of topic mod-
els without forgetting what was previously
learned.

• We introduce the CoNTM algorithm, which
incrementally updates global topics at each
time step t, thereby capturing topic dependen-
cies from the previous time step.

• Through experiments on six diverse datasets,
we observe that CoNTM outperforms state-
of-the-art DTMs regarding topic quality and
predictive perplexity.

• Unlike traditional models that require access
to all data in advance, we show CoNTM main-
tains good qualitative performance even when
training in a data stream.

We discuss related work in Section 2. The
proposed continual modeling methodology is de-
scribed in more detail in Section 3. Section 4
describes the evaluation measures, datasets, and
model settings and presents qualitative and quanti-
tative results. Section 5 provides the conclusion.

2 Related Work

Tracking the evolution of topics over time has so
far been addressed in the research areas of dy-
namic topic models and online topic models, both
of which we review below. We further discuss
relevant work in the area of continual learning.

Dynamic Topic Models Dynamic topic mod-
els assume that the complete corpus is avail-
able for training. Rahimi et al. (2023) differen-
tiates between probabilistic dynamic topic models
(PDTMs) and algorithmic dynamic topic models
(ADTMs).

PDTMs are based on generative assumptions.
Previous work on PDTMs includes Dynamic LDA
(Blei and Lafferty, 2006), the Dynamic Embed-
ded Topic model (DETM) (Dieng et al., 2019),
Dynamic Structured Neural Topic Model with Self-
Attention Mechanism (Miyamoto et al., 2023), Dy-
namic Noiseless LDA (DNLDA) (Churchill and
Singh, 2022a), modeling discrete dynamic topics
(Bahrainian et al., 2017) and Continuous Time Dy-
namic Topic Models (Wang et al., 2012). DLDA,

a probabilistic model, is not based on neural net-
works and is not scalable to large datasets. DETM
combines latent Dirichlet allocation (DLDA) and
word embeddings. In DETM, each word is mod-
eled with a categorical distribution parameterized
by the inner product of the word embedding and the
embedded representation of the topic at each step
in time. We compare our model with these base-
lines in the experiments section. However, unlike
our online model, they are batch models and cannot
be updated in a continuous data stream. Another
PDTM by Tomasi et al. (2022) improves rare word
inclusion using the correlation-based method and
amortized variational inference, making it more
efficient for large vocabularies.

ADTMs do not assume a document generation
process, but cluster document embeddings and ex-
tract topic words using heuristic methods. Un-
like PDTMs, which jointly learn topic clusters
and embeddings, ADTMs separate these steps.
They excel at short texts like Tweets but face
challenges with domain-specific corpora due to
reliance on pretrained embeddings. Examples
include the BERTopic algorithm (Grootendorst,
2022) using the BERT language model (Devlin
et al., 2018), ANTM (Rahimi et al., 2023), Dyna-
mite (Balepur et al., 2023), CFDTM (Wu et al.,
2024a) uses contrastive learning techniques, and
Dynamic BERTopic, which extends BERTopic
using c-TF-IDF. Other models by Eklund et al.
(2022); Gao et al. (2022); Boutaleb et al. (2024)
also cluster embeddings from pretrained language
models (e.g., BERT, GPT) to track topics.

All these models rely on pretrained embeddings.
In contrast, our model learns domain-specific top-
ics even if the above-mentioned pretrained model
does not include the target domain.

Online Topic Models Online topic models are
updated as new data arrives. Previous work in-
cludes Online LDA (OLDA) (AlSumait et al.,
2008), which incrementally adds new data to the
current model rather than requiring access to pre-
vious data. The sparse online topic model (Zhang
et al., 2013) uses sparsity-inducing regularization
to control the sparsity of latent semantic patterns
and employs online algorithms to learn the top-
ical dictionary. The multiscale dynamic topic
model (Iwata et al., 2010) incrementally updates
the model at each epoch using the newly obtained
set of documents and the multiscale model from the
previous epoch. Banerjee and Basu (2007) provide
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a study on batch and online unsupervised learning.
This work is based on statistical topic models and
has not yet been adapted to neural network-based
topic models with long-term memory capability.

Neural network-based topic models have been
studied by Srivastava and Sutton (2017); Miao et al.
(2016); Burkhardt and Kramer (2019); Dieng et al.
(2020b); Bianchi et al. (2020a); Srivastava and Sut-
ton (2017); Reimers and Gurevych (2019); Groo-
tendorst (2022); Panwar et al. (2021); Wu et al.
(2024b). In contrast to our model, these neural
topic models do not capture the evolution of topics
over time.

Continual Learning Continual learning (Had-
sell et al., 2020; Zenke et al., 2017; Xu and Zhu,
2018) aims at developing systems that can continu-
ously learn and adapt to new data or tasks over time
without forgetting previously learned information.
Gupta et al. (2020) use continual learning for topic
models on sparse data, where small collections of
documents often lead to incoherent topics. In their
work, the authors use multiple-shot task learning
with multiple datasets from different domains.

In contrast, our model applies continual learning
to learn new topics within a domain-specific dataset
without forgetting previously learned topics.

Importantly, task-based continual learning meth-
ods assume a sequence of discrete, well-separated
tasks, often with explicit task boundaries or domain
shifts. In contrast, topic evolution in temporal cor-
pora exhibits gradual, within-domain distributional
drift, where topics persist, transform, and overlap
across time without clear task demarcations. As a
result, task-conditioned CL strategies such as task-
specific regularization or replay are not directly
applicable to our setting.

3 Methodology

This section presents the proposed Continual Neu-
ral Topic Model (CoNTM).

3.1 Preliminaries
The Dirichlet Variational AutoEncoder (DVAE)
forms the foundation of the proposed method. In
DVAE, a variational autoencoder (VAE) generates
the document-topic distribution using an encoder
network parameterized by θ. This encoder net-
work effectively captures the thematic structure
of the documents by mapping them onto a latent
topic space. This means that each document has
a document-topic distribution z ∼ Dirichlet(α)

with a Dirichlet prior. Using a Dirichlet prior is
essential as it encourages sparsity in the topic dis-
tributions, thereby enhancing the interpretability of
the topics. On the other hand, the topic-word distri-
bution, which represents the probability of words
given a particular topic, is represented by a decoder
network that reconstructs the input documents.
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Figure 1: The Graphical Model of our approach. The local
models of each time slice t are connected by the global pa-
rameters ϕglobal, which captures topic dependencies from the
previous time step.

3.2 Continual Neural Topic Model (CoNTM)
In CoNTM, we model documents as arriving in
continuous time slices, with each slice character-
ized by slightly varying topics. These topics are
interconnected through a global topic set, allow-
ing for minor temporal adjustments to the global
topics at each time step t. This approach implic-
itly captures topic dependencies from the previous
time step via the global distribution while offering
the advantages of a reduced number of parame-
ters and increased model flexibility as compared to
approaches that explicitly model each transition.

Formally, a document at time t is modeled as a
mixture of local topics ϕlocal

t = (ϕlocal
t,1 , . . . , ϕlocal

t,K ),
where each topic ϕlocal

t,k is a probability distribution
over the vocabulary. We further assume that the
local topics are derived from a set of global top-
ics ϕglobal such that ϕlocal

t = g(ϕglobal,∆ϕlocal
t ),
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Algorithm 1 data generative algorithm

Input: Number of time slices T , documents w
Output: Local Topics {ϕlocal

t }Tt=1

1: for t = 1 . . . T do
2: ϕlocal

t ← g(ϕglobal,∆ϕlocal
t )

3: for each document w do
4: Draw a document topic distribution:

z ∼ Dirichlet(α)

5: for each word index n do
6: Draw a word:

wn ∼ Multinomial(1, ϕlocal
t z)

7: end for
8: end for
9: end for

where g is a transformation function that applies a
perturbation ∆ϕlocal

t to the global topics to obtain
the local topics. This assumption ensures that local
topics remain consistent over time. The graphical
model is shown in Figure 1.

3.2.1 Generative Process
The algorithm 1 outlines the assumed generative
process of our data. According to this generative
process, the marginal distribution of a document w
at time t is given by

p(w |α, ϕglobal,∆ϕlocal
t ) =

∫

z
p(z | α)

N∏

n=1

p(wn | z, g(ϕglobal,∆ϕlocal
t )) dz

where p(z | α) is the Dirichlet dis-
tribution over topic proportions, and
p
(
wn | z, g

(
ϕglobal ,∆ϕlocal

t

))
is the multi-

nomial distribution over words given the local
topics.

3.2.2 Variational Inference
The posterior inference over the parameters z is
intractable (Srivastava and Sutton, 2017). We thus
resort to the DVAE framework (Burkhardt and
Kramer, 2019). That is, we assume a variational
distribution qθ(z) on the random variable z param-
eterized by a free parameter θ, which is learned by
maximizing the Evidence Lower Bound (ELBO)

L(θ,w |ϕglobal,∆ϕlocal
t ) =

−KL(qθ(z) ∥ p(z | α))+
Eqθ(z)[log p(w | z, ϕglobal,∆ϕlocal

t )].

Algorithm 2 CoNTM algorithm

Input: Number of time slices T , stream of
documents {wi,1}n1

i=1, · · · , {wi,T }nT
i=1 , number of

Topics K, and number of training steps J
Output: Topics: {ϕ̂local

t }Tt=1, ϕ̂global

1: for t = 1 . . . T do
2: Initialize θ
3: Initialize ∆ϕ̂local

t

4: {wi,t}nt
i=1 ← documents arrived at time t

5: for j = 1 . . . J do
6: Update θ by the gradient

∇θ

nt∑

i=1

L(θ,wi,t | ϕ̂global,∆ϕ̂local
t )

7: Update ∆ϕ̂local
t by the gradient

∇∆ϕ̂local
t

nt∑

i=1

L(θ,wi,t | ϕ̂global,∆ϕ̂local
t )

8: end for
9: Set ϕ̂local

t ← ϕ̂global +∆ϕ̂local
t

10: Set ϕ̂global ← (1− ρt)ϕ̂
global + ρtϕ̂

local
t

11: end for

The form of qθ(z) is characterized by an en-
coder network αθ(w) parameterized by θ. Specif-
ically, the variational distribution is defined as
Dirichlet(αθ(w)).

Optimizing the ELBO with respect to ϕlocal
t and

ϕglobal can be challenging due to the simplex con-
straint (

∑
w ϕk,w = 1). Therefore, we follow the

DVAE topic model approach by introducing un-
constrained variables ∆ϕ̂local

t and ϕ̂global. Using
these variables, we define the probability of the
n-th word wn in a document as follows:

p(wn = w | z, ϕ̂global,∆ϕ̂local
t ) =

[σ(g(ϕ̂global,∆ϕ̂local
t ) · z)]w,

where σ denotes the softmax function. Notably, the
softmax normalization is performed after mixing
the resulting local topics with the topic weights
z. This approach is shown to enhance the model’s
expressive power by treating the word distribution
as a product of experts (Srivastava and Sutton,
2017).

3.2.3 Global Topic Parameters

We now turn our attention to the function g, which
links the local to the global topic parameters. While
our approach accommodates a general form for g,
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we assume a simple form:

ϕ̂local
t = g(ϕ̂global,∆ϕ̂local

t ) := ϕ̂global +∆ϕ̂local
t .

We further introduce the constraint∑T
t=1∆ϕ̂local

t = 0. This can be interpreted
as ∆ϕ̂local

t being realized from a centered probabil-
ity distribution. The choice of g and the constraint
on ∆ϕ̂local

t has the advantage that

ϕ̂global =
1

T

T∑

t=1

ϕ̂local
t .

Thus, inference is simplified by only computing the
local topics ϕ̂local

t and obtaining the global topics
by taking their average. Since we are interested in
continual learning, we replace taking the average
with a running average of the local topics, that is

ϕ̂global =
t− 1

t
ϕ̂global +

1

t
ϕ̂local
t .

To control the amount of updates to ϕ̂global over
time, we further replace t−1

t (resp. 1
t ) by 1 − ρt

(resp. ρt) for ρt ∈ (0, 1). For instance, we can set
ρt =

1
(τ0+t)κ , where κ ∈ (0.5, 1] and τ0 ≥ 0 as in

Hoffman et al. (2010). Here, κ controls the rate
of forgetting the old estimate of the global topics,
while τ0 slows down the updates in the early steps.
Selecting proper values for τ0 and κ ensures that
the influence of local updates decreases over time,
allowing the model to converge to a global topic-
word distribution. Algorithm 2 summarizes the
learning procedure.

4 Experiments

This section compares the proposed model with
five baselines, presenting quantitative results and a
qualitative analysis of topic evolution.

4.1 Evaluation of Dynamic Topic Models
We use topic coherence (TC) and topic diversity
(TD) to evaluate the dynamic topic model. A com-
monly used TC metric is the Normalized Point-
wise Mutual Information (NPMI) (Bouma, 2009;
Lau et al., 2014; Dieng et al., 2019, 2020a; Bianchi
et al., 2020b; Nagda et al., 2021). A temporal ref-
erence corpus was utilized to determine the NPMI
score for the topics. This means that the NPMI
score for a topic at a specific timestamp is calcu-
lated using the reference corpus available up to
that point in time. Burkhardt and Kramer (2019)
proposed Topic Redundancy (TR), a measure that

calculates the average occurrences of a top word
in other topics. The topic diversity is calculated
as TD = 1 − TR. The redundancy for topic k is
given below:

TR(k) =
1

K − 1

N∑

i=1

∑

j ̸=k

P (wik, j) .

Here, P (wik, j) equals one if the ith word of topic
k,wik, occurs in topic j and otherwise zero. K − 1
is the number of topics excluding the current topic.

To ensure that the topic quality is not affected by
the occurrence of too few or too many topics, it is
normalized based on the total number of topics in
each timestamp (Rahimi et al., 2023):

TQ =
1

k

k−1∑

i=0

TCi × TDi ×
Ti

Tmax
i

.

Here TCi and TDi represent topic coherence and
diversity in timestamp i. Additionally, Ti repre-
sents the number of topics within timestamp i, and
Tmax
i indicates the highest number of topics ob-

served across all years. To track topic changes
over time, we use the recently proposed Temporal
Topic Smoothness (TTS) measure (Karakkaparam-
bil James et al., 2024). The TTS indicates whether
the topic transition is abrupt or gradual.

Finally, we also use predictive perplexity (PPL)
on unseen future timestamps (Wang et al., 2012), a
standard evaluation measure for assessing the per-
formance of probabilistic language models. Lower
perplexity values indicate better predictive model
performance.

4.2 Datasets
Our study is conducted on six widely recognized
datasets within the field (see Table 2 in Appendix
B). The first is a collection of articles from the
New York Times (Sandhaus, 2008), covering a span
of two decades, specifically from 1987 to 2007.
The second, the UN corpus (Jankin Mikhaylov
et al., 2017a), encompasses a temporal range of five
decades, extending from 1970 to 2020, and com-
prises statements from the general debates over
this period. The third dataset under study is the
NIPS corpus (Swami, 2020), which includes the
entirety of the NIPS conference published between
1987 and 2019. The fourth dataset contains around
14,000 tweets from @NASA’s Twitter account,
spanning a period of over four years, from 2018
to 2022. The fifth dataset includes a collection of
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CoNTM (ours) DETM DLDA DBERTopic DNLDA CFDTM

Dataset TC ↑ TD ↑ TQ ↑ TC TD TQ TC TD TQ TC TD TQ TC TD TQ TC TD TQ

NIPS .087 .969 .084 -.009 .970 -.009 .097 .980 .095 .058 .343 .032 .023 .997 .022 -.112 .401 -.045

NYT .174 .991 .173 .137 .987 .135 .122 .939 .116 .117 .797 .082 .069 .997 .069 .155 .756 .117

UN .085 .863 .074 -.045 .958 -.043 .096 .942 .091 .057 .515 .024 .034 .994 .034 .093 .768 .073

Tweets -.003 .907 -.006 -.008 .982 -.008 .036 .965 .019 .114 .912 .096 -.135 .994 -.135 -.287 .487 -.139

Arxiv .102 .974 .099 .069 .963 .067 .084 .966 .082 .064 .962 .059 -.004 .996 -.004 .096 .830 .080

DBLP .118 .969 .115 .073 .966 .071 .101 .958 .097 .093 .951 .086 .041 .998 .040 .124 .874 .108

Av. Rank 2.0 3.1 1.6 4.5 2.8 4.3 2.3 3.1 2.1 3.6 5.1 3.8 5.3 1.0 5.1 3.1 5.6 3.8

Table 1: Comparison of six topic models (CoNTM, DETM, DLDA, DBERTopic, DNLDA, and CFDTM) on six
datasets with 50 topics. Metrics: topic coherence (TC), topic diversity (TD), and topic quality (TQ), averaged over
three runs. Best values per dataset in bold.

16,000 documents, consisting of arXiv titles and
abstracts (arXiv.org submitters, 2023), covering
the years 2012 to 2024. The final dataset consists
of the DBLP archive (Ley, 2002), which includes
168,000 scientific articles (titles and abstracts) pub-
lished between 2000 and 2020. Additionally, the
details of the preprocessing steps can be found in
Appendix B.

4.3 Models

The CoNTM model is evaluated alongside five
distinct baseline models: DETM (Dieng et al.,
2019), DLDA (Blei and Lafferty, 2006), Dy-
namic BERTopic (Grootendorst, 2022), DNLDA
(Churchill and Singh, 2022a), and CFDTM (Wu
et al., 2024a). DLDA and DNLDA offer more
traditional probabilistic approaches with a focus
on topic evolution, while DETM and Dynamic
BERTopic leverage embeddings to capture seman-
tic changes. For the CoNTM, a learning rate of
0.01 is adopted. The model employs the Adam op-
timizer and divides the dataset into an 80% training
set, a 10% validation set, and a 10% test set. Refer
to Appendix A for hyperparameter settings of other
models and Appendix N for CoNTM experiments
with varying learning rates and optimizers. For the
experiment, a κ value of 0.7 and a τ value of 1
were used, and the sensitivity analysis is presented
in Appendix F. The number of topics used across
all models in this study is uniformly set to 50. Ex-
perimental results for the models configured with
20 topics are shown in Appendix E, demonstrating
stability across varying topic sizes. Additional ex-
periments on generative predictive perplexity are
presented in Appendix L.

4.4 Quantitative Results

This section compares the CoNTM model to four
different baselines, focusing on coherence, di-
versity, smoothness, and temporal aspects while
highlighting model strengths on domain-specific
datasets.

Topic Coherence vs Diversity: After analyzing
topic coherence, diversity, and quality, we found
that our CoNTM model exhibits good topic quality
with an average rank of 1.6 among the five mod-
els (see Table 1) and maintains good topic coher-
ence score (see Figure 2) on large datasets. The
value presented in the table is the average of three
random seed values. The average rank for each
model is computed by averaging its ranks across
all datasets. CoNTM, DLDA, and DBERTopic
showed moderate topic coherence, whereas DETM
and DNLDA presented varied results (see Table 1).
Additionally, as shown in Figure 2, the CoNTM
model achieved good topic diversity and coherence
on the NYT, DBLP, and Arxiv datasets, which con-
tained sufficiently large documents. The alternate
datasets, NIPS, UN, and Tweets, are described in
Appendix I. Models in the top-right corner exhibit
good topic coherence and good topic diversity, in-
dicating strong performance.

For smaller datasets, such as Tweets, which con-
sist of approximately 9,703 documents, the Dy-
namic BERTopic model exhibits good performance
based on topic quality. This model uses pre-trained
word embeddings, significantly improving the topic
quality compared to other models in small datasets.
However, it is observed that as the size of the
dataset increases (see Table 2), the performance of
the Dynamic BERTopic model tends to decline, ex-
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Figure 2: The figure shows the model performance quantitatively for the NYT, BDLP, and Arxiv datasets. The
top-right corner indicates that the model achieves high topic quality and low predictive perplexity. Our model
(CoNTM) outperformed the other models for these datasets in terms of both coherence and diversity.
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Figure 3: The figure illustrates how coherence, diversity, and topic quality change over the years for the NYT
Dataset. Our model shows increasing topic coherence over the year and outperforms other models. Both the DETM
and DLDA show stable coherence, while the Dynamic BERT model shows a decrease in coherence over the year.

cept for Tweets. Furthermore, for the NIPS dataset,
the CoNTM model exhibits moderate topic quality
compared to other models. This is due to the insuf-
ficient documents available at the early timestamp
for the NIPS dataset. This affects topic quality in
subsequent timestamps, as our model is continual.

We can also observe that for Dynamic BERTopic,
the topic quality is lower on domain-specific
datasets like the UN compared to general datasets.
This may be because large language models are
not trained on domain-specific datasets, leading to
a decline in topic quality when using pre-trained
word embeddings.

In summary, the CoNTM model consistently
demonstrates strong topic quality, highlighting its
effectiveness in extracting coherent and meaning-
ful topics from the data. Notably, this performance
is achieved without the assumption that all data
are available from the start. Instead, CoNTM is
capable of handling scenarios where data arrive
incrementally.

4.5 Evaluation on Downstream Tasks

Figure 5 compares six topic models: DETM,
DLDA, DBERTopic, DNLDA, CFDTM, and the
proposed CoNTM on the NYT dataset (five labels)
across two tasks, text classification and document
clustering, using Accuracy and F1 Score.

For both downstream tasks, we evaluated the
learned topic representations (θ) using classifica-
tion and clustering. In the classification setup, a
Logistic Regression model with the lbfgs solver
(max 5000 iterations) was trained on document
topic distributions from the training set and tested
on the held-out data, measuring performance via
Accuracy and macro-averaged F1 Score. For clus-
tering, the K-Means algorithm was applied in an
unsupervised manner with the number of clusters
matching the ground-truth classes. Predicted clus-
ters were aligned with true labels using the Hungar-
ian algorithm on the contingency matrix, and final
Accuracy and macro-F1 scores were computed to
evaluate how well the topic space preserves the
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Figure 4: The figure shows the progression of two topics from CoNTM and Dynamic BERTopic in the NYT dataset
from 1990 to 1994. Our focus is on the US election in 1992, where Clinton was elected as president. CoNTM
demonstrates better topic coherence, capturing Clinton as a top word in 1992, while Dynamic BERTopic shows
little change over time.

underlying semantic structure.
Overall, CoNTM achieves the best performance

across both tasks, reaching an Accuracy and
F1 Score of 0.894 in classification, surpassing
CFDTM (0.880, 0.881) and DBERTopic (0.808,
0.805), and leading in clustering with 0.705 Accu-
racy and 0.707 F1, notably outperforming CFDTM
(0.313, 0.240) and DETM (0.435, 0.425).

These results demonstrate that CoNTM effec-
tively captures semantic and structural information
within topics, enabling both accurate classification
and coherent cluster formation. The consistent per-
formance across tasks highlights the model’s ability
to generate high-quality, discriminative topic repre-
sentations in the NYT corpus.

Class. Acc

Class. F1

Clust. Acc

Clust. F1

0.2
0.4

0.6
0.8

1.0

Performance of Topic Models on NYT DETM
DLDA
DBERTopic
DNLDA
CFDTM
CoNTM (ours)

Figure 5: Radar plot showing topic model performance on
the NYT dataset across four metrics: Classification Accu-
racy, Classification F1, Clustering Accuracy, and Clustering
F1. Models nearer the outer boundary perform better, with
CoNTM (ours) consistently outperforming all baselines.

4.6 Qualitative Results

This section qualitatively analyzes the "politics"
topic as it evolves over time. Additional analysis
is shown in Appendices C and D, indicating that
CoNTM and DETM produce more coherent topics
for the NYT dataset while tracking topic evolution.

Evolving Topics: CoNTM effectively captures
evolving topics, as shown in Figure 4, highlight-
ing the 1992 election of Clinton. Key topic words
during this timestamp include "bush", "president",
"campaign", and "clinton". In contrast, Dynamic
BERTopics shows little change over time, not ade-
quately representing the events per year. Figure 19
in Appendix K additionally illustrates the evolving
topic "politics" with the word probability on the
y-axis and timestamp on the x-axis. We observe
an increase in the word probability of Clinton in
1997, which corresponds to his inauguration for a
second term as the 42nd President of the United
States. His final years in office were from 1999
to 2000. Notably, while CoNTM captures major
political events such as the 1992 U.S. election, the
transition remains gradual across adjacent times-
tamps, reflecting the model’s bias toward smooth
evolution rather than instantaneous topic birth. See
Appendix K for an additional example from the
UN dataset.

Topic Coherence: The topics generated by
CoNTM exhibit high coherence (Figure 4), with
clear connections among the words. For instance,
the transition to Clinton’s 1992 election highlights
political themes. This suggests that CoNTM effec-
tively captures topic changes over time, maintain-
ing a strong thematic connection. While Dynamic
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BERTopics can capture a broad range of topics, the
coherence within each topic is lower than CoNTM.
In conclusion, CoNTM excels in detecting emerg-
ing topics with good topic coherence.

5 Conclusion

We have presented a novel Continual Neural Topic
Model (CoNTM), a DVAE-based method for topic
modeling that continuously learns evolving topics
without forgetting previously learned information.
We evaluate CoNTM using datasets from various
domains, including news, politics, science, and
Tweets, through both quantitative and qualitative
analysis. Furthermore, CoNTM demonstrates the
ability to track temporal evolution in real-time se-
quential data. Notably, CoNTM outperforms the
DTM models when dealing with large datasets,
even though the CoNTM model does not assume
all data to be available from the start.

In the future, we want to extend our model to
handle datasets of varying sizes by incorporating
word embeddings. Also an interesting direction for
future work would be to integrate nonparametric
mechanisms into the global topic update, enabling
adaptive topic allocation while preserving contin-
ual learning behavior.

Limitations

The Continual Neural Topic Model, while offering
significant advances in topic modeling, especially
in its ability to capture the evolution of a topic over
time, comes with some limitations. First, these
models often require a large amount of data to train
effectively. In scenarios where data is sparse or
where topics evolve rapidly, the model might strug-
gle to learn meaningful patterns. Second, while
these models are designed to capture topic evo-
lution over time, they may not always accurately
reflect rapid shifts in topics, particularly in fast-
changing domains like social media or news.

Third, evaluating the quality of topics and their
temporal evolution remains a challenge, as tradi-
tional topic coherence metrics may not fully cap-
ture the semantic shifts over time, making reliable
assessment and comparison with static models diffi-
cult. The fourth limitation is that it assumes a fixed
number of topics over time and does not explicitly
model topic birth or death. The CoNTM instead
focuses on stable topic identity and smooth seman-
tic evolution, trading flexibility for robustness and
interpretability in streaming settings.
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Dataset NYT UN NIPS NASA Arxiv DBLP
Domain News Politics Science Twitter Science Science
Number of Docs 273,938 273,398 276,657 9,703 129,984 151,232
Vocab Size 9,046 6,365 6,278 4,290 3,322 3,162
Timestamp 21 51 11 5 13 11
min_df 0.3% 0.05% 0.05% 0.05% 0.3% 0.3%
max_df 95% 95% 95% 95% 95% 95%

Table 2: Statistical analysis of corpus data. It demonstrates the datasets that vary in domain, number of doc-
uments, and vocabulary size. The NIPS is from (Swami, 2020), NYT is from (Sandhaus, 2008), UN is from
(Jankin Mikhaylov et al., 2017b), Arxiv is from (arXiv.org submitters, 2023). Additionally, it displays the vocabulary
size of documents that contain less than min_df percent of words and more than max_df percent of words.

the DETM (Dynamic Embedded Topic Model),
word representations are derived using a skip-gram
model with a 300-dimensional vector space. The
DETM utilizes the perplexity score on the valida-
tion set as a criterion for termination. The learning
rate for DETM is set at 0.001, and the hyperparam-
eters delta, sigma, and gamma are fixed at 0.005,
as recommended by the original authors. A uni-
form batch size of 100 is applied across all datasets.
Additionally, the document corpus is segmented
into training (80%), validation (10%), and testing
(10%) subsets.

In the process of DLDA model training, the Gen-
sim Python library’s wrapper for Dynamic Topic
Models (DTM) is utilized. Using this approach,
all datasets are partitioned annually, thereby en-
capsulating each year’s documents within a single
temporal slice. For every dataset, the model under-
goes 50 iterations, employing an alpha parameter
set to 0.01. This alpha value is a critical hyperpa-
rameter in the Latent Dirichlet Allocation (LDA)
models, influencing the degree of sparsity in the
document-topic distributions across each time slice.
Additionally, the top_chain_var parameter is set to
10. This setting plays a pivotal role in determining
the variability in topic evolution over time within
the DTM framework.

The default setting for Dynamic BERTopic was
used, and the parameter evolution_tuning was set
to true to display the topic evolution. Similarly,
the default DNLDA model settings were used,
tnd_iterations and lda_iterations being 500. The
lda_beta value is 0.01, and the topic_depth value
is 100. The results shown for all models are the
average performance over three runs.

B Preprocessing Details

To preprocess the datasets (Monteiro et al., 2024),
the text was converted to lowercase, and both stop-

words and punctuation were removed. As part of
tokenization, we used Spacy (Honnibal and Mon-
tani, 2017). For removing words that are present in
fewer than or more than min/max percent of docu-
ments, we used Scikit-learn (Kramer and Kramer,
2016). The UN and NIPS corpus has been broken
down into paragraphs, with each paragraph being
treated as a separate document. The statistical anal-
ysis of the document corpus is shown in table 2.

C Additional Qualitative Assessment on
NYT Dataset

To compare how CoNTM, Dynamic BERTopics,
DETM (Dynamic Embedded Topic Model), and
DLDA (Dynamic Latent Dirichlet Allocation) cap-
ture emerging topics with good topic coherence,
we should look at the clarity, continuity, and the-
matic relevance of the topics they produce over
time. In the main paper section 4.6, the CoNTM
and Dynamic BERTopics are explained.

Evolving Topics: As shown in Figure 6,
DETM’s topics vary over the years, focusing on
the article, king, page, and lead in 1990. The topic
shifted to the election of Clinton in 1992. In DLDA,
we can also observe topic changes over the years.
For example, in 1990, the topics were centered
around "republican", "campaign" and "political"
while by 1992, the focus shifted to "clinton" "cam-
paign", "president" and "republican". Even though
both models shift the topic to the election of Clin-
ton in 1992, the topic coherence of DLDA is better
than DETM for this topic.

Topic Coherence: The DETM demonstrates
good topic coherence, with closely related terms
consistently appearing across the years. The top-
ics reflect a stable and focused exploration of the
topic politics, with less dramatic shifts compared
to Dynamic BERTopics. Furthermore, the DLDA
topics are less coherent, with each year building
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spanning the years 1990 to 1994, both of which focus on politics (election of Clinton in 1992). The DLDA models
reflect stable and clear thematic focus topics.
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Figure 8: The figure illustrates how three measures—coherence, diversity, and topic quality—change yearly for the
UN Dataset. In the case of the CoNTM model, coherence improves over time and remains stable, similar to the
DLDA model. On the other hand, the topic quality of the Dynamic BERT model also increases over time, but it is
lower compared to both the CoNTM and DLDA models.
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Figure 9: The figure illustrates how three measures—coherence, diversity, and topic quality—change yearly for the
Arxiv Dataset. The topic quality of the CoNTM model improves over time and outperforms other models in terms
of overall topic quality.
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Figure 10: The figure illustrates how three measures—coherence, diversity, and topic quality—change yearly for
the NIPS Dataset. The CoNTM model exhibits moderate topic quality compared to other models; this is due to
insufficient documents available at the early timestamp.

on the previous one, showing gradual changes in
politics. DLDA maintains a clear thematic focus,
although the evolution of topics is less coherent
than in CoNTM.

In summary, while all models effectively cap-
ture topic evolution, CoNTM and DETM provide
more coherent and gradual thematic progressions,
the DLDA shows stability in topic focus, and
Dynamic BERTopics excels in capturing broader
shifts. CoNTM, in particular, demonstrates a strong
capability for capturing emerging topics with good
coherence, making it particularly useful for under-
standing detailed shifts in a specific thematic area
over time. Example emerging topics are shown in
Figure 19 for the NYT dataset.

D Qualitative Assessment on UNDebates
Dataset

To compare the CoNTM model with other models,
we examine evolving topics and topic coherence

using the UN dataset. Figure 7 shows how the topic
(climate change) evolves over time for the CoNTM
and Dynamic BERTopic models. In both models,
we can see the topic shift to the Paris Agreement
in 2018, and overall topic coherence remains the
same for this topic. Figure 20 shows three emerging
topics on climate change, war, and human rights
for the CoNTM model. Here, the x-axis is the
timestamps, and the y-axis is the word probability.
Regarding climate change, the word probability
of pairs, agreement, emission, and greenhouse in-
creased dramatically towards 2015. This is due to
the Paris Agreement adopted by the UN for climate
change. As shown in Figure 20, the topic "war"
has a high word probability for the words conflict,
Iran, and Iraq, indicating a conflict in 1986.

Furthermore, Figure 11 illustrates the evolution
of the climate change topic in the UN dataset for
the DETM and DLDA models. In both models,
the topic shifts to the Paris Agreement in 2018.
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Figure 11: The figure illustrates the progression of topics#29 (DETM) and topic#1 (DLDA) in the UN dataset,
spanning the years 2010 to 2018. Both topics focus on climate change, with the DETM model showing better topic
coherence for this subject compared to the DLDA model.

Additionally, the DETM model’s topic coherence
is slightly better than the DLDA model for this
topic.

In conclusion, the CoNTM model seems to pro-
duce more specific topics, while the Dynamic
BERTopics generates broader thematic topics, in-
dicating a difference in the level of transition each
model offers. Also, the CoNTM captures the
emerging topic, shifting from climate change in
developed countries to the Paris Agreement in
2018, with an overall TTS score of 0.49 (see ta-
ble 6) for the UN dataset. In contrast, in Dynamic
BERTopics, the temporal shift is more (TTS is 0.31)
with a lower coherence score. The DLDA model
(Figure 11) shows a low coherence score for the
climate change topic. Additionally, the TTS is
0.64 (see Table 6), which means that the topics
are changing more smoothly. A higher TTS value
indicates that the topic is not evolving.

E Stability Across Varying Topic Size

The results in Table 3 demonstrate that CoNTM
exhibits remarkable stability across varying topic
sizes and datasets, consistently maintaining top
or near-top ranks in all three evaluation metrics
(TC, TD, and TQ). Its average ranks of 1.50 (TC),
1.83 (TD), and 1.33 (TQ) indicate not only strong
absolute performance but also low sensitivity to
the number of topics, implying that CoNTM can
preserve topic coherence and quality as topic gran-
ularity changes.

In contrast, baseline models show more fluctu-
ation in performance. DETM and DLDA deliver
moderate but less competitive results, indicating

consistent yet less stable behavior. CFDTM per-
forms strongly in TC and TQ but shows greater
variability in TD, suggesting some instability in
preserving topic distinctness. DNLDA achieves
the best diversity score but fails to maintain coher-
ence and overall topic quality. DBERTopic exhibits
the weakest stability, with relatively high variance
across metrics and datasets. Overall, CoNTM of-
fers the most stable and balanced performance, ef-
fectively preserving both topic coherence and di-
versity across different topic sizes, which is crucial
for robust temporal topic modeling.

F Sensitivity Analysis of Rho (ρ)

We conduct a sensitivity analysis on rho (ρt =
1

(τ0+t)κ ) from Algorithm 2, step 10. Figure 13
shows that changes in the parameter ρ with respect
to κ do not severely impact performance. The y-
axis represents the varying κ value, which affects
the corresponding ρ values. The x-axis represents
different timestamps. The figure shows the effect
of ρ on predictive perplexity on future timestamps
and topic quality over time. On average, the results
indicate that ρ has minimal impact on predictive
perplexity or topic quality. The effect of κ and τ
for other datasets is shown in Figure 12, and Figure
14, showing that a κ value of 0.7 and a τ value of 1
are optimal.

Figure 12 illustrates that variations in ρ with
respect to τ have a minimal impact on performance.
The y-axis represents the varying τ value, which
influences the corresponding ρ values. The x-axis
represents different timestamps. The figure shows
the effect of τ on predictive perplexity at future
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CoNTM (ours) DETM DLDA DBERTopic DNLDA CFDTM

Dataset TC ↑ TD ↑ TQ ↑ TC TD TQ TC TD TQ TC TD TQ TC TD TQ TC TD TQ

NIPS .095 .996 .095 .082 .986 .081 .085 .951 .082 .068 .759 .018 -.099 .979 -.089 .123 .978 .120

NYT .181 .996 .181 .118 .980 .115 .098 .909 .088 .091 .796 .071 -.077 1.00 -.077 .179 .996 .178

UN .116 .975 .116 .094 .972 .092 .090 .899 .081 .055 .727 .032 -.053 .999 -.053 .123 .951 .116

Tweets .094 .978 .090 .054 .971 .052 .084 .931 .079 .101 .967 .094 -.162 .996 -.162 .087 .968 .084

Arxiv .113 .976 .111 .069 .965 .067 .059 .916 .054 .054 .927 .019 -.090 1.00 -.090 .102 .953 .097

DBLP .126 .973 .123 .080 .955 .076 .074 .907 .068 .087 .938 .031 -.080 1.00 -.080 .115 .927 .106

Av. Rank 1.50 1.83 1.33 3.50 3.50 3.50 3.83 5.50 3.83 4.33 4.83 4.33 6.00 1.33 6.00 1.83 3.83 2.00

Table 3: The table compares the performance of six topic modeling algorithms (20 topics): CoNTM, DETM, DLDA,
Dynamic Bertopic, DNLDA, and CFDTM based on topic coherence (TC), topic diversity (TD), and topic quality
(TQ) with the temporal reference corpus. These evaluations were conducted across six diverse datasets: NIPS, New
York Times, UN, NASA Tweets, and Arxiv.

timestamps and topic quality over time. The results
indicate that a τ value of 1 yields lower predictive
perplexity and higher topic quality for the CoNTM
model.

Figure 14 shows the sensitivity analysis of the
parameter ρ with respect to κ for the NIPS, Arxiv,
and Tweets datasets. The results indicate that κ
does not significantly impact topic quality and pre-
dictive perplexity. However, on average, a κ value
of 0.7 yields better results.

G Statistical Significance Testing

The t-test results indicate significant differences in
perplexity values for some datasets, while others do
not show substantial differences. For datasets such
as NIPS, NYT, and DBLP, the p-values are well
below 0.05, indicating a statistically significant dif-
ference between the models. However, for datasets
like un and tweets, the p-values are above 0.05,
suggesting no strong evidence for a difference.

Dataset t-statistic p-value
NIPS -8.716 6.365591e-08
NYT -21.555 1.828662e-13
UN -4.014 5.186161e-04
Tweets -0.928 3.594985e-01
Arxiv 0.829 4.128483e-01
DBLP 4.170 1.955962e-04

Table 4: Statistical Significance Test (t-test) on predic-
tive perplexity between CoNTM and DETM with twenty
different seed values.

H Runtime Comparison

A comparative analysis of their runtimes is essen-
tial in evaluating the efficiency of various topic
modeling algorithms (see Figure 15). This section
discusses the runtime performance of four different
models, CoNTM (our proposed model), DETM,
DLDA, DBERTopic, and CFDTM, across two
datasets: the UN Dataset and the Arxiv Dataset.

For the UN Dataset, the runtime analysis reveals
a significant variance in the computational effi-
ciency of the models. The CoNTM model shows a
remarkable performance advantage, with the low-
est runtime among the models tested. Follow-
ing CoNTM, DBERTopic, CFDTM, DLDA, and
DETM exhibit moderately higher runtimes.

The runtime comparison maintains a similar
trend in the context of the Arxiv dataset. The
CoNTM model again stands out for its efficiency,
underlining the effectiveness of our optimization
strategies in reducing computational overhead. The
other models, DBERTopic, DETM, and DLDA, fol-
low in increasing order of runtime, consistent with
the findings from the UN Datasets.

I Topic Coherence vs Diversity

The quantitative analysis of additional datasets
such as NIPS, UN, and Tweets is shown in Figure
18. On the Tweets dataset, DBERTopic demon-
strates notably high topic quality. This can be due
to its use of pre-trained word embeddings, which
significantly enhance topic coherence, especially
in smaller datasets. The use of pre-trained em-
beddings allows DBERTopic to capture semantic
relationships more effectively, leading to improved

6651



D
B

L
P

U
N

 D
e

b
a

te
s

N
Y

T

845/.03

869/.03

846/.08

843/.07

831/.10

843/.10

837/.11

860/.10

858/.10

859/.11

1278/

-.08

1298/

-.08

1284/.06

1308/.03

1279/.07

1328/.05

1280/.08

1330/.07

1147/.08

1208/.08

1859/.11

1848/.10

1721/.15

1733/.17

1831/.17

1820/.17

1944/.19

1938/.19

2026/.18

2043/.17

PPL / TQ

Years

1988/.18

1983/.17

1206/.09

1244/.09

851/.11

865/.12

2046/.17

2054/.18

1209/.09

1217/.08

851/.10

858/.10

Average 

PPL / TQ

1866/.12 1760/.15 1849/.16 1943/.17 2049/.17 2008/.17 2065/.17

1301/

-.08
1276/.06 1281/.07 1316/.07 1180/.09 1205/.09 1212/.09

852/.03 854/.06 830/.09 852/.11 850/.10 860/.12 851/.10

2010 2011 2012 2013 2014 2015

1970 1971 1972 1973 1974 1975

1987 1988 1989 1990 1991 1992

1

3

64

1

3

1

3

64

𝜏

860/.03 860/.04 860/.07 857/.09 855/.10 863/.11 857/.09

849/.03 852/.04 843/.07 844/.08 861/.08 864/.09 859/.09

256

1024

1851/.10 1752/.15 1842/.16 1939/.18 2044/.16 1989/.17 2060/.17

1852/.12 1740/.13 1856/.14 1948/.15 2054/.14 2014/.15 2065/.16

1287/

-.08
1304/.02 1328/.04 1357/.06 1214/.07 1281/.08 1216/.08

1329/

-.09
1325/.01 1328/.02 1348/.05 1195/.07 1255/.06 1216/.07

64

256

1024

256

1024

Figure 12: The figure shows the sensitivity analysis on the parameter ρ (ρt = 1
(τ0+t)κ ) from Algorithm 2,

demonstrating a robustness to the exact choice of ρ. The x-axis shows perplexity/topic quality (PPL/TQ) changes
over time for three different datasets such as DBLP, UnDebates, and NYT. The y-axis represents varying τ values.
Here, perplexity (PPL) is the predictive perplexity on future timestamps. The blue box shows the PPL/TQ score for
five timestamps, and the green box shows the average PPL/TQ for all timestamps across the respective datasets.

performance in terms of topic quality and coher-
ence compared to other models on limited data.

J Additional Quantitative Results

This section analyzes CoNTM and compares it with
other models on all datasets.

Topic Quality vs Predictive Perplexity: In the
NeurIPS, Tweets, and DBLP results, a clear pat-
tern emerges (see Figure 17). CoNTM consistently
offers the strongest balance between topic quality
and predictive perplexity, with CFDTM perform-
ing almost as well and in some cases matching it.

In contrast, DETM often achieves lower perplexity
but fails to reach the same levels of topic quality,
while DLDA shows more average performance,
never surpassing the leading models. On Tweets,
DBERTopic achieves good topic quality, compara-
ble to the stronger models, but this comes at the
cost of higher perplexity.

The NYT, UN Debates, and Arxiv datasets reveal
a similar tendency (see Figure 16). CoNTM and
CFDTM again dominate the tradeoff space, man-
aging to combine higher topic quality with com-
petitive perplexity values, which positions them
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Figure 13: The figure shows the sensitivity analysis on the parameter ρ (ρt = 1
(τ0+t)κ ) from Algorithm 2,

demonstrating a robustness to the exact choice of ρ. The blue box shows the PPL/TQ score for five timestamps, and
the green box shows the average PPL/TQ for all timestamps across the respective datasets. It shows that ρ does not
have a significant impact on PPL/TQ.
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Figure 14: The figure shows the sensitivity analysis on the parameter ρ (ρt = 1
(τ0+t)κ ) from Algorithm 2,

demonstrating a robustness to the exact choice of ρ. The x-axis shows perplexity/topic quality (PPL/TQ) changes
over time for three different datasets such as NIPS, Arxiv, and Tweets. The y-axis represents varying κ values. Here
the perplexity (PPL), is the predictive perplexity on future timestamp. The blue box shows the PPL/TQ score for
five timestamps, and the green box shows the average PPL/TQ for all timestamps across the respective datasets.

6653



CoN
TM (o

urs
)

DETM
DLD

A

DBERTop
ic

CFDTM

Model

0

10

20

30

Ti
m

e 
(in

 h
ou

rs
)

Runtime Comparison for UN Debates Dataset

CoN
TM (o

urs
)

DETM
DLD

A

DBERTop
ic

CFDTM

Model

Runtime Comparison for Arxiv Dataset

Figure 15: Runtime comparison (in hours) for evolving topics on UN and the Arxiv dataset shows that the CoNTM
model has the shortest runtime, outperforming all other tested models.
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Figure 16: The figure shows the model performance quantitatively for NYT, UN Debates, and Arxiv datasets. In the
plot, the top-right corner indicates that the model achieves high topic quality and low predictive perplexity. Our
model (CoNTM) outperformed the other models in terms of both quality and perplexity.
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Figure 17: Comparison of topic quality versus predictive perplexity (logarithmic scale) across NeurIPS, Tweets, and
DBLP datasets. CoNTM and CFDTM consistently achieve a superior balance of higher topic quality and lower
perplexity, while DBERTopic shows weak performance across all datasets.

as the most effective approaches. DETM remains
somewhat reliable in perplexity but trails in quality,
and DLDA performs moderately without excelling.
DBERTopic once more lags far behind, demonstrat-
ing weak results across the board.

K Emerging Topics

This section provides a few emerging topics in the
NYT and UN dataset. Figure 19 shows the emerg-

ing topic "politics," with word probability on the
y-axis and timestamps on the x-axis for the NYT
dataset. In 1997, Clinton was inaugurated for his
second term as the 42nd President of the U.S., with
his final years in office spanning from 1999 to 2000.
Following this period, there is a noticeable decline
in the word probability of Clinton.

Figure 20 shows the emerging topics "Climate
Change", "War", and "Human Rights" from the
UN dataset. For the "Climate Change" topic, the
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Figure 18: The figure shows the model performance quantitatively for the NIPS, UN, and Tweets datasets. The
top-right corner indicates that the model achieves high topic coherence and diversity.

word probability of Paris, agreement, emissions,
and greenhouse is notably high, aligning with the
negotiations and implementation of the Paris Agree-
ment in 2015.
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Figure 19: The figure shows emerging topics "Poli-
tics" in the CoNTM (our) model for the NYT dataset.
The y-axis shows the word probability of topic
words from the trained model and the x-axis shows
the timestamp.

L Generalization via Predictive
Perplexity (PPL)

Perplexity is a standard metric for evaluating proba-
bilistic language models. Table 5 shows predictive
perplexity on future timestamp data for all models,
where we compute the perplexity of documents in
timestamp (t + 1) based on the model trained at
timestamp (t). The CoNTM model achieves the
lowest predictive perplexity (lower is better) in all
datasets except Tweets, demonstrating its ability
to predict unseen data. The Tweets are very short,
providing limited context for the model to capture
meaningful patterns, leading to a decrease in per-
formance compared to longer documents. In con-
clusion, CoNTM demonstrates good performance,
while DLDA and Dynamic BERTopic show signifi-

cantly lower performance. The t-test for CoNTM
and DETM is detailed in Appendix G. Also, the
value presented in the table is the average of three
random seeds. The DNLDA perplexity score is not
included in the table due to its poor performance.
Figures 23, and 24 show the trade-off between pre-
dictive perplexity and topic quality on the Arxiv
and DBLP datasets. The results shown are based
on three randomly selected seeds. In the figure,
when α = 0.90, topic quality (where higher is bet-
ter) is high, but predictive perplexity (where lower
is better) is also high. Conversely, when α = 0.10,
topic quality decreases, but predictive perplexity
improves. This illustrates a trade-off between topic
quality and predictive perplexity.

Dataset CoNTM DETM DLDA DBERTopic CFDTM

NIPS 1199 1254 12.5K 8.9E8 4686

NYT 2045 2172 85.9K 337K 48.4K

UN 1205 1268 10.9K 1.1E8 2279

Tweets 740 752 19.5K 4.8E7 2821

Arxiv 949 953 7921 99K 1475

DBLP 847 823 6634 43K 1297

Table 5: The table shows the average predictive perplex-
ity over three runs for six diverse datasets. The CoNTM
model provides better predictive perplexity on almost
all datasets.

M Temporal Quality and Smoothness

An analysis of the NYT dataset from 1987 to 2007
was conducted to determine the temporal quality
of the dataset. Each model’s coherence, diversity,
and overall quality were tracked over the years (see
Figure 3). Our model (CoNTM) maintained stable
performance across the years, with an increase in
coherence and quality towards the later years. As
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a result of incorporating continual learning into
the model, the quality of topics has increased over
the years, in contrast to other models. DBERTopic
and DNLDA exhibit fluctuations in performance.
While topic coherence for our model increases with
time, it decreases for Dynamic BERTopic.
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Figure 20: The figure shows three emerging topics "Cli-
mate Change", "War", and "Human Rights" in the CoNTM
(our) model for the UN dataset. The y-axis shows the word
probability of topic words from the trained model and the
x-axis shows the timestamp.

Additionally, Dynamic BERTopic shows a dras-
tic change in topic diversity, which negatively im-
pacts topic quality. The DETM and DLDA show
stable diversity and quality over time. Additionally,
the DNLDA model shows an improvement in topic
quality, though it remains significantly lower than
the others. Furthermore, the temporal quality of
UN from 1970 to 2020 can be seen in Figure 8.
The temporal characteristics of the Arxiv dataset

are illustrated in Figure 9. Similarly, the temporal
characteristics of the NIPS dataset are shown in
Figure 10 in Appendix D.

For each dataset, the score for temporal topic
smoothness (TTS) can be found in Table 6. On
average, the CoNTM model has a TTS score of
0.49, with an exception on the Tweets dataset. The
Tweets have a low TTS score because the dataset
lacks sufficient documents to learn more coherent
and diverse topics. In summary, while the topics
change gradually, the transitions are not completely
smooth, allowing us to observe the evolution of
topics. This is because our model learns new topics
at each timestamp without forgetting previously
learned information.

Models NIPS NYT UN Tweets Arxiv DBLP
DETM .802 .646 .870 .820 .864 .866
DLDA .602 .713 .635 .372 .655 .748
DBERTopic .272 .360 .307 .186 .495 .547
DNLDA .016 .008 .019 .017 .013 .015
CFDTM .753 .892 .902 .897 .969 .969
CoNTM (ours) .368 .569 .496 .191 .498 .599

Table 6: The tables display Temporal Topic Smoothness
(TTS) scores for four models across various datasets.
Our model averages a TTS score of 0.51, except for the
Tweets dataset, indicating that its topic transitions are
balanced. The bolded number indicates the TTS score
closest to 0.50± 10.
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Figure 21: Comparison of CoNTM performance with Adam
and Adagrad optimizers across six datasets. Metrics include
Topic Coherence (TC), Topic Diversity (TD), and Topic Qual-
ity (TQ). Adam yields higher TC and TQ, indicating more
coherent topics, while both optimizers show similar diversity.

N Optimizer and Learning Rate
Sensitivity Analysis

This section investigates the impact of optimiza-
tion strategies and learning rate configurations on
the performance of the Continuous Neural Topic
Model (CoNTM). We compare the Adam and Ada-
grad optimizers (see Figure 21) across six bench-
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mark datasets such as NIPS, NYT, UN, Tweets,
Arxiv, and DBLP, evaluating topic coherence (TC),
topic diversity (TD), and topic quality (TQ). The re-
sults show that Adam consistently achieves higher
TC and TQ values, indicating more coherent and
semantically meaningful topics, while both opti-
mizers maintain comparable topic diversity.

We further analyze CoNTM’s sensitivity to learn-
ing rates (Figure 22), showing how TC, TD, and
TQ vary across datasets and emphasizing the im-
portance of proper optimizer and learning rate se-
lection for stable, high-quality topics.
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Figure 22: Performance of topic coherence (TC), topic
diversity (TD), and topic quality (TQ) across different
learning rates on multiple datasets (NIPS, NYT, UN,
Tweets, Arxiv, DBLP).
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Figure 23: The figure illustrates the trade-off between predictive perplexity and
topic quality for Arxiv dataset.
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Figure 24: The figure illustrates the trade-off between predictive perplexity and
topic quality for DBLP dataset.
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