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Abstract. Topic modeling is a key component in unsupervised learn-
ing, employed to identify topics within a corpus of textual data. The
rapid growth of social media generates an ever-growing volume of textual
data daily, making online topic modeling methods essential for managing
these data streams that continuously arrive over time. This paper intro-
duces a novel approach to online topic modeling named StreamETM.
This approach builds on the Embedded Topic Model (ETM) to handle
data streams by merging models learned on consecutive partial docu-
ment batches using unbalanced optimal transport. Additionally, an on-
line change point detection algorithm is employed to identify shifts in
topics over time, enabling the identification of significant changes in the
dynamics of text streams. Numerical experiments on simulated and real-
world data show StreamETM outperforming competitors. We provide the
code publicly available at https://github.com/fgranese/StreamETM.
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1 Introduction

With the rapid expansion of social media and digital communication, vast
amounts of textual data are continuously generated and distributed across vari-
ous platforms. This growing volume of information necessitates automated meth-
ods for efficient information retrieval. In this context, topic models are powerful
statistical tools for uncovering the hidden semantic structure within a collec-
tion of documents [10]. Specifically, these models aim to identify latent topics
based on word co-occurrence patterns. Each topic represents a coherent seman-
tic concept and is characterized by a group of related words. For instance, a
topic related to sports may include words such as baseball, basketball, and
football [19]. Topic models have been widely applied to analyze various types
of textual data, including fiction, non-fiction, scientific publications, and politi-
cal texts [5]. However, most of the existing work on topic modeling focuses on
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offtine settings, where the model is trained on a fixed dataset (batch) and re-
mains static. However, with the continuous generation of new content, there is a
growing need for models that can operate in an online setting. Typical examples
are news agencies that release their clients’ news in real time or social networks
that continuously deliver their users’ posts to the network. In these scenarios,
topic modeling algorithms must continuously update as new documents arrive.

Recent solutions for online topic modeling are often built upon
BERTopic [12], a model that generates topic representations in three main steps:
document embeddings, dimensionality reduction, and clustering. Unfortunately,
since these models rely on pre-trained language models, fine-tuning the parame-
ters for each step as new data arrives is challenging. This can make maintaining
an efficient and adaptive process difficult as the data evolves in real-time.

In online settings, another challenge is to automatically associate new topics
with existing ones. Indeed, topics are not static, but they evolve over time, often
shifting in meaning and representation. Nevertheless, most existing models rely
on static clustering methods or fixed word distributions, making it difficult to
track these changes effectively. For example, before 2022, discussions on AT were
likely dominated by terms like transformers and GAN, whereas today, they focus
more on LLM.

Finally, users of these online methods must be able to detect significant shifts
in the model’s dynamics. Indeed, analysts monitoring data flows of this type are
particularly interested in being alerted when a sudden or significant change has
occurred in the data flow. In this case, the user can analyze the changes between
topics and take appropriate decisions and actions. To our knowledge, this feature
is not currently offered as part of online topic modeling methods.

This work addresses these limitations through the following contributions:

1. We explore the potential of optimal transport for topic association
and discovery, demonstrating its effectiveness in aligning evolving topics
and ensuring coherent topic transitions over time, and its superiority over
Euclidean or Cosine similarities for this task.

2. We introduce StreamETM, an online version of the Embedded
Topic Model (ETM). StreamETM combines a variational inference strat-
egy for the ETM model, applied sequentially on consecutive time windows,
with a merging approach based on unbalanced optimal transport.

3. We complete StreamETM with a change point detection algo-
rithm, allowing the automatic determination of significant changes in the
dynamics of the studied documents. To our knowledge, StreamETM is the
only unsupervised and online approach proposed for the complex tasks of
online topic modeling and change point detection on text data streams.

1.1 Related works

Offtine setting. Topic modeling was initially developed using heuristic ap-
proaches and was later studied with a statistical perspective two decades ago.



StreamETM 3

The Latent Semantic Index [7](LSI) is considered the first work to provide sta-
tistical foundations for this task. Building on this, Probabilistic LSI (pLSI) [14]
introduced a mixture model, where each component represents a specific topic
and defines a corresponding vocabulary distribution. However, LSI lacks a gener-
ative model at the document level and is prone to overfitting. In 2003, Blei et al.
proposed Latent Dirichlet Allocation (LDA) [4], which models topic proportions
using a Dirichlet distribution. Extensions include deep generative models, such
as [18], which introduced a variational distribution parametrized by a neural
network and Wasserstein autoencoders [16]. A successive evolution of the LDA
is with the Embedded Topic Model [10] (ETM), which allowed using deep em-
beddings to represent both the words and the topics in the same vector space.
Specifically, these embeddings are part of the decoder and can be pre-trained on
large datasets to incorporate semantic meaning. More recently, language models
such as BERT [8] have been used for topic modeling. BERTopic [12] is a topic
model that generates topic representations in three steps: first, each document is
embedded using a pre-trained language model; second, UMAP reduces the em-
beddings’ dimensionality for optimized clustering with HDBSCAN; finally, topic
representations are extracted from the clusters using a custom class-based TF-
IDF (c-TF-IDF) variation. Finally, recently, topic modeling has been explored
by prompting large language models to generate a set of topics given an input
dataset [17,11].

Online setting. On the one hand, LDA was first extended to an online version
in [13] with a stochastic optimization algorithm using a natural gradient step
to optimize the variational Bayes lower bound as data arrives. However, this
approach is not suited for streams of documents that cannot be stored. The so-
lution in [2] addresses this by extending LDA to document batches using copulas.
On the other hand, two versions of BERTopic can be used in an online setting,
namely MergeBERT® and OnlineBERT®. MergeBERT is a pseudo-online vari-
ant of the original BERTopic model [12]. Topic models are merged sequentially
by comparing their topic embeddings. If topics from different models are suffi-
ciently similar (w.r.t. cosine similarity), they are considered the same, and the
topic from the first model in the sequence is retained. However, if topics are
dissimilar, the topic from the latter model is added to the former set. Crucially,
this process does not involve an actual merging of topic representations, meaning
that the words associated with a topic do not evolve over time as new models
(and, therefore, new documents) are introduced. OnlineBERT preserves the em-
bedding transformation of the documents and the final c-TF-IDF approach used
in BERTopic while introducing an online variant for the dimensionality reduc-
tion step (IncrementalPCA), a MiniBatchKMeans for clustering, and an online
CountVectorizer for tokenization to update out-of-vocabulary words and to pre-
vent the sparse bag-of-words matrix from growing excessively large. Compared
to MergeBERT, OnlineBERT, while being truly online, loses some of the advan-

® https://maartengr.github.io/BERTopic/getting_started/merge/merge.html
5 https://maartengr.github.io/BERTopic/getting_started/online/online.html
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tages of the former model. For instance, UMAP is generally better at preserv-
ing complex, non-linear relationships, which can lead to more coherent topics.
Furthermore, the combination of IncrementalPCA and MiniBatchKMeans may
result in the over-proliferation of subtopics over time. A single topic could be
split into multiple subtopics as new data arrives, often leading to unnecessary
topics that are difficult to interpret. We emphasize that the online and dynamic
settings for topic modeling are fundamentally distinct. In online topic models,
data is processed incrementally, with topics being updated in real time as new
documents arrive. In contrast, dynamic topic modeling works a posteriori and
captures the temporal evolution of topics by analyzing them across fixed time
intervals (e.g., weeks or years).

Optimal transport and topic modeling. Optimal transport has already been used
in a few situations related to topic modeling. We refer to [9], which employs op-
timal transport for label name-supervised topic modeling, assigning documents
to predefined topics based on semantic similarities computed from pre-trained
LMs/LLMs. Similarly, in [20], documents are embedded into an H-dimensional
semantic space using a pre-trained transformer model, such as BERT. In this ap-
proach, topics and words are randomly projected into the same semantic space,
with their embeddings jointly optimized alongside the transport maps. Our work
differs in several key aspects. We leverage optimal transport to merge topic em-
beddings rather than to establish document-topic associations. Consequently,
the transport map is applied to objects within the same semantic space. More-
over, unlike prior work, our approach does not employ the transport map during
training to optimize embeddings. Instead, as discussed in Sec. 5, it can also be
utilized at evaluation time to align predicted and ground-truth topics. Lastly,
our framework operates in an online setting, with data coming over time.

2 Preliminaries on the Embedded Topic Model

Let us consider for the moment a corpus W = {W® ... W)} of D docu-
ments, where the vocabulary consists of V distinct words. Each W% contains
N, words and is represented as W(@ = (ng)’ . ,wg\ag) € {0,1}Na*V where
each word Wj(-d) is a one-hot vector, meaning that wﬁ-?) = 1, if the j-th word in
document d is the i-th word in the vocabulary, 0, otherwise.

A “topic” is represented as a full distribution over the vocabulary, and a doc-
ument is assumed to come from a mixture of topics, where the topics are shared
across the corpus, and the mixture proportions are unique to each document.
Specifically, a topic k is represented by a vector 8 € Ay, where Ay is the V-
dimensional simplex. We denote the topic matriz as 8 = (B1,...,Hx) € RV*E,
In Embedded Topic Models [10] (ETM), both words and topics are represented
using embeddings. ETM first embeds the vocabulary in an L-dimensional space
and represents each document in terms of K latent topics. We call the embed-

dings of the words p = (p1,...,pyv) € REXV providing the representation of the
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words in a L-dimensional space. Similarly, a latent topic k is represented by a vec-
tor o, € RY and we denote the latent topic matriz o = (..., ) € REXEK,
In this context, the topic distribution over the vocabulary is assumed to be
Br, = softmax(p? ay,), where the ETM assigns a high probability to word j in
topic k by measuring the agreement between the word embedding and the topic
embedding. We refer to the seminal paper of Dieng et al. [10] for the full descrip-
tion of the generative process of the d-th document under the ETM. Overall, the
ETM model assumes that each document d is sampled from a mixture of topics
with its proportion denoted as ; = softmax(dyq) where 64 ~ N(0,I). For each
(d)
J

word j in the document, a topic assignment z;’ is sampled from a categorical

distribution parameterized by 64. The word W](-d) is then generated via a softmax
transformation of the inner product between the word and topic embeddings.

ETM employs variational inference to approximate the intractable likelihood
of observing W given a and p, using a mean-field assumption where the vari-
ational distribution g4 factorizes over documents. A variational autoencoder
(VAE) models this distribution as a Gaussian with parameters learned by a
neural network. The Evidence Lower Bound (ELBO)

LW, e, p;q¢) = Eqy, [logp(W,0 |, p] — Eq, [log qy(0)] s

is optimized via the reparameterization trick and stochastic gradient descent.

3 The Stream Embedded Topic Model

Let us consider a stream of documents arriving as batches at discrete time steps,
Wi = WO, o wE=D WO itk w1 where each W@ in Wy
represents a corpus of documents as defined in Sec. 2.

3.1 Learning an ETM model on the current batch W)

At each time step, we aim to learn a new ETM model that, based only on
the corpus of documents available at the current time step and the latent topic
embeddings from the previous step, can accurately link past topics to present
ones while also identifying new topics. This scenario differs from a dynamic
system, where it is assumed that all information is available at the final time
step T'. In contrast, our setting operates online, where only the data observed up
to the current time step can be used for learning. The model must continuously
adapt without access to future observations, as in real-time applications.

We will refer with MW(t—1)7a(t—1)7p = M®-1 to the ETM model at time
step t — 1 where a*=V is the latent topic matrix at time ¢t — 1, we assume the
embeddings of the words p to be constant over time. Similarly, we will denote
the topic matrix at time ¢t — 1 as B¢~ . At time ¢, our goal is first to maximize

LOVO,&0, pigy0) = By, [logpOV,60 &, p| ~ B, ,, [l0gase ()],
1)
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following the classical offline ETM models described in Sec. 2. Therefore, we
seek an appropriate merging strategy’ g to map the previously learned topic
embedding space and the current one into a new representation, and we im-
pose al) = g(a®, alt=1). Finally, M® is obtained by optimizing a second
time Eq. (1) using stochastic gradient descent, with a® and p kept fixed.

3.2 Optimal transport for merging and discovering topics

We now analyze the problem of determining an effective strategy g for identifying
the topics in a(*~1 that are most similar to those in &(*), enabling us to merge
these topic embeddings while incorporating the new topics present in &(*).

Transport map computation. We recall that

a0 = (of 7V alY) e Al C REXK

and
a® =@, ... al)yeA® crEXY,

where J can be either different from or equal to K. Let a = % Zfil 4 -1 and

a= %Z;]:l §_ be the two discrete distributions of mass on A“~1) and A®.

We aim to find the least costly way to shift the mass (i.e., the topics) from the
previous time step to the current one. To this end, we formulate the problem
as Unbalanced Optimal Transport (UOT) [3], a relaxed version of OT where
the total mass of each source (the topics of &™) can be spread across multiple
targets (the topics of a*=1):

T* = argmin (C, T) + A\ Dy, (T1,,a) + \eDy (T "1, a), (2)
TeR ™K

where (-, -) is the Frobenius inner product, and Dy (-, ) is the Bregman divergence
that penalizes violations of the marginal constraints. Additionally, A, € R,
(resp. Az € Ry) represents the penalty associated with a (resp. a). Moreover,
Ce RiXK is the cost-matrix in which the entries C};, encode the cost of moving

&;t) towards a,(f_l). In this particular setting, as we deal with text, we chose
the cosine similarity as the cost function. Finally, 1(.) represents the vector of
dimension (-) x 1, which is used to ensure that the sum per row and column
does not diverge significantly from the original distributions a and a. In this
way, only a portion of the total mass is transported, and the total mass can be
unbalanced between the sources and targets due to the constraint relaxation.
Intuitively, a sparse transport matrix indicates that mass is transferred only
between semantically similar topics, while distant topics receive no transport.

Note that the UOT problem can be efficiently recast as a non-negative pe-
nalized linear regression problem. We refer to [6] for additional details.

" Note that, at ¢t = 1, no merging strategy is applied.
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Merging topics and discovery of new ones. For each 64?, we determine
the corresponding target topic by identifying the index where the transport plan
assigns the highest mass. Specifically, we select the topic k* that maximizes the
transport matrix entry, given by: k* = arg maxyeq1,... k} ij‘k,. Therefore,

t ~(t t—1
a;) :wa;)—&-(l—w)a,i* ), (3)
where w € [0,1] is a memory parameter. Otherwise, if no mass has been trans-
ported from j, meaning for all k € {1,..., K}, T}, = 0, the jth topic is a new

0 40

one and can be added to the set of topics: aj,, = I

3.3 Change point detection

To monitor the significant changes in the dynamic of the data stream we an-
alyze, we propose to add a change point detection step to our approach. In
addition to the detection of new topics (topics that are added in the merged
model), we propose to make use of the online Bayesian changepoint detection
(OCPD [1]) algorithm to monitor significant changes in the sequence of merged
models {M™M M@ . MT). We propose to apply the OCPD algorithm to
time series of topic distributions over the documents at different time steps. It
is worth highlighting that OCPD is, to this date, the most performant change
point detection method able to work in a fully online framework and can issue
alerts on the fly.

4 Experimental Setting

We describe the experimental setting for evaluating StreamETM. Designing this
setting posed several challenges. First, since we consider an online and unsu-
pervised setting, our evaluation goes beyond assessing model performance at
individual time steps; we also analyze the overall interaction dynamics induced
by merging topic embeddings. Second, as we are working with topics, relying
solely on human judgment for evaluation is insufficient, requiring us to explore
alternative quantitative metrics. Note that we compare with online (not dy-
namic) topic models, as dynamic approaches lack incremental learning, which is
central to our study (cf. Sec. 1.1).

4.1 Datasets

We consider the 20kNewsGroup® dataset as text corpora for our experiments,
comprising around 18k newsgroup posts on 20 topics. We confine to 5 of the 20
topics and randomly draw 15 times approximately 5k samples from the total
datasets?. We partition the 5k samples into 500 sample batches to simulate

8 http://quone.com/"~ jason/20Newsgroups/
9 The same sample may appear in multiple datasets. However, each dataset would
have been too small without repetition when partitioned across different time steps.
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a ~10 time steps scenario. For each time step, the corresponding dataset has
been pre-processed by first lemmatizing the text, removing lowercase and punc-
tuation, filtering out stopwords (cf. nltk.corpus.stopwords), and eliminating
low-frequency words (words appearing only once) and those appearing in more
than 70% of documents to reduce overly frequent terms. The topic distributions
are computed considering practical use cases.

Our practical use-cases. We simulate the online setting by assuming that
each time step 7(9, i = 1,..., T, is represented as a distribution:

a) CusToM: A designed setting where the topics are intentionally chosen to be
sufficiently distinct. At each time step, at most four out of five topics are active
(Fig. 3(a)). Topics: autos, sport, medicine, space, religion.

b) DYNAMIC: Text corpora with significant temporal shifts in topic relevance.
At each time step i, the activity of each topic k is determined independently. A
binary variable z](;) is drawn from a Bernoulli distribution z,(j) ~ Bernoulli(p),
where p € [0, 1] represents the probability that a topic remains active. For
each time step, the unnormalized proportion of topics is: T]EZ) = z,gl) - Dirg (),
a > 1. Finally, the topic proportions 7(*) are normalized to ensure they sum
to 1 (Fig. 6(a)). Topics are randomly chosen: computer, sale, cryptography,

religion, mideast.

4.2 Architectures and training procedure

StreamETM. At each time step, we trained an ETM on English text using
fixed GloVe embeddings from the glove-wiki-gigaword-300 vocabulary, trun-
cated to the first 15k words. The model was initialized with 3 topics: an 800-
dimensional hidden layer for the encoder and 300-dimensional word embeddings.
The topic embeddings were initialized using Xavier uniform initialization at time
step 0, while in subsequent iterations, they were set to the values computed at
the previous time step, following the strategy described in Sec. 3.2. The training
was performed over 3k epochs with a batch size of 1000, a learning rate of 0.01,
and a weight decay of 0.006 using the Adam optimizer. Regarding the UOT
procedure, we use the Cosine Distance for the cost map. The transport map is
computed using the Python function ot.unbalanced.mm_unbalanced, with KL
divergence and marginal relaxation at 0.09.

MergeBERT. We used the paraphrase-multilingual-mpnet-base-v2 model
from SentenceTransformers to generate document embeddings. These embed-
dings were processed using UMAP for dimensionality reduction, with 10 compo-
nents, a minimum distance of 0.1, and cosine similarity. HDBSCAN was applied
for clustering with Euclidean Distance and a minimum cluster size of 3. We im-
proved term weighting using the ClassTfidfTransformer with BM25. BERTopic
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was used for topic modeling, with the PartOfSpeech model for enhanced text
representation. The cosine similarity threshold for merging topics was set to 0.7.
A lower threshold would lead to over-proliferation of topics, while a higher value
could cause the newly formed topics to collapse.

4.3 Evaluation metrics

Qualitative. We analyze the distribution of topics over time and visually compare
the original distribution with the predicted ones. In addition, we examine the
top five words associated with each topic at each time step. Since each setting
involves 15 training runs, we manually align topic indices across executions. On
average, MergeBERT identifies more than 20 topics at each time step. Therefore,
we focus on topics that are more similar to the targeted ones for this metric.

Quantitative. We measure topic quality in terms of topic coherence (TC) [15]
and topic diversity (TD) [10]. Topic coherence is the average pointwise mutual
information of two words drawn randomly from the same document: the most
likely words in a coherent topic should have high mutual information. In contrast,
topic diversity is the percentage of unique words in the top 10 words of all topics.
Intuitively, topic diversity measures how varied the overall topics are.

Online change point detection. We apply an online change point detection
(OCPD) algorithm to the predicted topic distributions, using the R package
ocp to analyze topic proportions over time and detect significant rupture points.
If the predicted distributions closely resemble the original ones, the algorithm
should identify rupture points at approximately the same time steps. To avoid
the need for manual topic alignment across different training runs, we consider
a rupture point to be correctly identified (true positive) if the algorithm de-
tects any change at the same time step as in the original distribution or within
one-time step before or after, regardless of the specific topic. We compute ROC
curves based on different threshold values of the OCPD (between 0 and 1).

5 Numerical Experiments

This section examines StreamETM from multiple perspectives. We first highlight
the advantages of optimal transport for topic merging and discovery, followed
by a quantitative evaluation. Finally, we analyze the approach from qualitative,
quantitative, and online change-point detection perspectives.

5.1 Impact of optimal transport for topic merging and discovery

Comparison with Euclidean Distance. In Fig. 1, we illustrate the role of
unbalanced optimal transport (UOT) in topic merging, comparing it to the clas-
sical Euclidean Distance (ED) within a 2D Euclidean space. While ED evaluates
pairwise topic distance, disregarding the overall distribution, UOT accounts for
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Fig. 1. Topic embeddings in a Euclidean space. On the left, the setting is without
perturbation, and on the center and the right, a perturbation is added to the dark blue
diamond at the position (1.01,0.45). Dark blue diamonds represent topic embeddings
at time t — 1, while light blue markers indicate topic embeddings at time t before
merging. The merged embeddings obtained via UOT are shown as ‘x’, whereas those
obtained using ED are shown as ‘+’. Dashed lines connect topics matched by UOT,
while dot-dashed lines indicate associations based on ED.

the global structure. As a result, (i) ED may introduce spurious correlations;
(i) The merge based on ED could be more sensitive to small perturbations of
the input. For simplicity, we model the topics at time ¢ — 1 (in light blue) as
samples from a normal distribution. Similarly, the topics at time ¢ (in dark blue)
are generated by perturbing each topic at time ¢ with an additional value drawn
from the same normal distribution. To compute the transport map, we use the
procedure previously described but consider the Euclidean cost matrix. Initially,
ED and UOT are equally mapping the topics at time ¢ to the ones t— 1, resulting
in generating the same new topics, represented as a ‘4+’ for ED and a ‘x’ for
UOT (cf. Fig. 1(a)). However, when introducing a small perturbation to the in-
put—specifically shifting the dark blue point initially at coordinates (1.01,0.45)
to (1.02,0.49) in Fig. 1(b)—we observe that while UOT remains stable, ED yields
unintended new associations, leading to spurious topics. Finally, as new topics
emerge, as shown in Fig. 1(c), we observe that the newly merged topic is moving
closer to the one created with UOT. However, the topic at (1.02,0.49) is almost
completely lost in ED. We can imagine that while these behaviors can be easily
crafted in a lower-dimensional space, more complex reactions could arise in a
higher-dimensional space, especially when considering the issue of topic overpro-
liferation. This is particularly relevant since most metrics do not account for the
global structure of the distributions.

Comparison with Cosine Distance. Similar to our approach with Euclidean
Distance, we now demonstrate the role of UOT compared to Cosine Distance
(CD). We first evaluate UOT and CD to merge the topic embeddings and check
the discovery performance in subsequent steps. Specifically, we consider 7 of
the 20 discussion topics in the 20kNewsGroup; we randomly draw 1k documents
from these topics for two subsequent time steps whose topic distributions are
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fixed and obtained from a Dirichlet distribution of parameter 1. We expect our
approach to merge 3 common topics and to detect that 2 new ones should not
be merged. Tab. 1 reports the topic merging and discovery accuracies (the closer
to 1, the better) averaged on 50 simulated document sets. As can be seen, the
UQT approach is globally more efficient than the other approaches.

Topic 0 : ['christian’] . Topic 0 : ['christian’]

Topic 1 : ['car]

Topic 1 : ['car]

Predicted
Predicted

Topic 2 : ['medical]- Topic 2 : [medical]-
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Fig. 2. The left figure shows the transport map, while the right one depicts the cosine
similarity map. In both cases, darker cells indicate regions of higher transported mass,
Fig. 2(a), or shorter cosine distance, Fig. 2(b).

Table 1. Topic merging and discovery accuracies on 50 simulated datasets. MA stands
for Merging Accuracy, and DA for Discovery Accuracy.

Method | MA | DA |Hwmapa

UOT Cosine 0.79 £ 0.24]0.93 £ 0.18| 0.85
UOT Euclidean |0.75 4+ 0.23]0.85 £ 0.28| 0.79
UOT Minkowsky|0.75 £ 0.23]0.85 + 0.28 | 0.79

CD ‘0.84 + 0.21‘ 0.72 + 0.26‘ 0.77

ED 0.74 £ 0.24|0.84 £ 0.25| 0.76

Finally, we evaluate UOT and CD to align the predicted topics with the
true topics provided by the dataset labels of 20kNewsGroup. Specifically, we fo-
cus on the CUSTOM setting shown in Fig. 3. Since ETMs treat documents as
bag-of-words, we construct topic embeddings for what we refer to as ‘pure doc-
uments’—documents whose topics are directly derived from the dataset labels.
Typically, these labels contain only two or three words, so we augment them by
adding the most semantically similar words based on the GloVe model. There-
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fore, given a topic k, we can compute [ by considering the words in our ‘pure
documents’, and we can approximate the corresponding topic embeddings as

ar = (p")" In(B), (4)
where (p")* is the Moore-Penrose pseudoinverse of p'. The logarithm accounts
for the inversion of the softmax transformation. Let us denote as & the latent
topic matrix extracted from the model at time 7" and ctpyre the matrix computed
from the ‘pure documents’. Our goal is to visualize how optimal transport and
cosine similarity align & with o py... To compute the transport map, we follow
the same strategy used during training (Sec. 3).

The results are shown in Fig. 2, where darker cells in the matrices indi-
cate regions of higher transported mass (Fig. 2(a)) or shorter Cosine Distance
(Fig. 2(b)). As observed, the associations in the transport map appear reason-
able, as the matrix is not particularly dense, and transportation occurs primarily
between similar topics. An interesting case is the predicted topic 2, which per-
tains to medicine and is mapped between the two original topics containing the
word science. Conversely, the Cosine Distance matrix appears denser, leading
to less immediate associations. For example, christianity could be associated
with any original topic, even though the distance is slightly smaller from the topic
talk, religion. This can lead to greater instability, as the minimum distance
may not necessarily correspond to the correct topic from a human perspective.

5.2 Qualitative analysis of the recovered topic dynamics

In Figs. 3 and 6, we plot the topic evolution over time for a randomly selected
training run in the CusToMm and DYNAMIC settings, respectively. Even if the
proposed StreamETM model cannot identify all five topics, it can mimic the
original topics’ evolutions. In Fig. 3(b), after time 6, the model likely merges the
topics science, medicine, sport, and baseball with other topics. Specifically,
the space topic, instead of disappearing, likely absorbs the medicine topic, as
both could contain similar terms. In Fig. 3(c), we observe a similar shape as
in Fig. 3(a), but the topics are swapped (cf. space and religion, in Merge-
BERT, vs. autos, space, in the original distribution). As can be observed from
the plots, compared to StreemETM, MergeBERT generates an excessive number
of topics, leading to an overproliferation of topics. For example, in Fig. 3(c) the
topic insurance, engine, drive could be regarded as the same topic as radar,
tire, detector. More evidently, in Fig. 6(c), church, faith, christian and
atheist, religion, atheism. MergeBERT appears to capture more subtopics,
while StreamETM focuses on larger concepts. Several factors contribute to this
difference: (i) MergeBERT is based on a SentenceTransformer model, which cap-
tures more granular, context-dependent information, whereas StreamETM treats
documents as a bag of words; (ii) MergeBERT"’s performance is highly dependent
on a large number of parameters, making it challenging and impractical to tune
for each document; (iii) MergeBERT does not explicitly merge topics, instead
selecting top words from the first model if cosine similarity is sufficiently high;
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Fig. 4. CusToM setting. The most frequent word for topic across the 15 training runs.

(iv) in StreamETM, the UOT mechanism enables topic embeddings to merge
more effectively, an adjustable threshold on the transported mass would allow
for fewer merges and the creation of more distinct topics.
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Fig. 5. CusToM setting. In (a), the harmonic mean between TC and TD, and in (b),
the ROC curves. Results were computed across the 15 training runs.
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In Figs. 4(a) and 4(b), in Figs. 7(a) and 7(b), we display the most frequent
word for each topic across the 15 training runs and manually align the topic
indices across the different executions. Since MergeBERT identifies more than
20 topics, we focus on the 5 topics of particular interest to us. In the CusToMm
setting, we observe that for both models, the most frequent word is christian,
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Fig. 7. DyNaMIC setting. The most frequent word for topic across the 15 training runs.

and both models show high stability around this topic, with that word appearing
in almost all 15 training runs. However, we see much more variability in the other
two topics in Fig. 4(a), reflecting the evolution of topics over time. For instance,
the frequency of the word wheel associated with the autos topic diminishes
at time 3. A similar trend is observed in the DYNAMIC setting. As mentioned
earlier, one of the strengths of StreamETM is its ability to adapt topics over
time as the text corpus evolves. The 5 top words for each topic over time across
the training executions are provided in Tabs. 4 and 5 (cf. Appendix A.3).

5.3 Quantitative analysis of the recovered topic dynamics

Figs. 5(a) and 8(a) illustrate the harmonic mean between TC and TD, denoted as
Hrc,rp), across the 15 training executions. The numerical results are provided
in Tabs. 2 and 3 (cf. Appendix A.2). From the TD perspective, both models
achieve satisfactory results. However, more significant differences are observed
from the TC perspective. Notably, when comparing the box plot in Fig. 5(a)
with the topic evolution in Fig. 3, we observe a decrease in the metric at time 6,
which corresponds to the moment when there is an inversion in the distribution
between the blue and green topics, alongside the emergence of the new violet
topic. Following this, the metric stabilizes until time 9, when the new red topic is
introduced. A similar pattern is evident in Fig. 8(a). This behavior is expected, as
the model does not identify the new topic at the time step, leading to decreased
topic coherence. Finally, MergeBERT shows the same behavior as StreamETM
in Fig. 8(a), but at a lower TC, instead in Fig. 5(a), the behavior is slightly
inverted, and this could be given to the fact that from time 0 to 6 the model
associates the original blue topic evolution to the green one and the green with
the orange one.
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Fig. 8. DYNAMIC setting. In (a) harmonic mean between TC and TD and in (b) ROC
curves. Results were computed across the 15 training runs.

5.4 Online change point detection

Figs. 5(b) and 8(b) present the performance of the OCPD algorithm in terms
of ROC curves across the 15 training runs. If the topic of evolution is correctly
predicted, the algorithm should detect rupture points at approximately the same
time steps. The results show that this final task is extremely difficult, and both
methods exhibit certain drawbacks. With StreamETM, fewer topics are detected,
which increases the likelihood that the OCPD algorithm will identify fewer rup-
ture points than expected. In contrast, MergeBERT experiences an explosion in
the number of topics, likely leading to more false positives.

6 Conclusions

We considered the extremely challenging problem of online topic modeling on
document streams, with online change point detection. In order to address
the limitations of existing online topic modeling approaches, we introduced
StreamETM, an online extension of the Embedded Topic Model (ETM) for
streams of text documents. Our method leverages variational inference to update
topic distributions sequentially while incorporating optimal transport to moni-
tor, merge, and discover evolving topics over time. This approach ensures that
topics remain coherent despite the continuous influx of new documents. Beyond
model development, we complemented StreamETM with a change point detec-
tion algorithm to automatically identify shifts in topic dynamics. This enables
the proposed approach to provide a synthetic summary of the document stream
through intelligible topics and to issue alerts to the analysts when significant
changes in the dynamics of text streams are detected. Our experiments demon-
strate that StreamETM effectively adapts to streaming textual data. Optimal
transport provides a principled way to associate topics across time windows,
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addressing the shortcomings of static clustering methods. Extensive numerical
experiments in simulated and real-world scenarios showed that StreamETM out-
performs its competitors in various scenarios. Future work includes modeling the
extension of the vocabulary that may evolve over time, and proposing a model
selection strategy to determine on the fly the appropriate number of topics.
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