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Abstract

Topic modeling seeks to uncover latent seman-
tic structure in text corpora with minimal su-
pervision. Neural approaches achieve strong
performance but require extensive tuning and
struggle with lifelong learning due to catas-
trophic forgetting and fixed capacity, while
classical probabilistic models lack flexibility
and adaptability to streaming data. We intro-
duce COBWEBTM, a low-parameter lifelong
hierarchical topic model based on incremental
probabilistic concept formation. By adapting
the Cobweb algorithm to continuous document
embeddings, COBWEBTM constructs seman-
tic hierarchies online, enabling unsupervised
topic discovery, dynamic topic creation, and
hierarchical organization without predefining
the number of topics. Across diverse datasets,
COBWEBTM achieves strong topic coherence,
stable topics over time, and high-quality hierar-
chies, demonstrating that incremental symbolic
concept formation combined with pretrained
representations is an efficient approach to topic
modeling.

1 Introduction

Topic modeling seeks to uncover latent semantic
structure in large document collections by grouping
text into coherent topics. It is a fundamental tool
for document organization, corpus exploration, and
information retrieval, particularly in settings where
labeled data is unavailable. As modern text corpora
grow in scale, diversity, and temporal span, effec-
tive topic modeling increasingly requires methods
that support unsupervised topic discovery, adapt
to streaming data, and represent topics at multiple
levels of abstraction.

Early work in topic modeling was dominated by
probabilistic generative models, most notably La-
tent Dirichlet Allocation (LDA) (Blei et al., 2003b).
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Code available at https://github.com/
Teachable-AI-Lab/cobweb-1language-embedding

While influential, LDA requires the number of top-
ics to be specified in advance, assumes indepen-
dence between topics, and relies on bag-of-words
representations that ignore semantic similarity be-
tween words. These assumptions limit its ability to
model imbalanced, correlated, or evolving topics,
making it poorly suited for lifelong or streaming
settings.

Recent advances in representation learning have
led to neural topic models that leverage dense doc-
ument embeddings (Zheng et al., 2013; Wu et al.,
2024a). These approaches often achieve improved
topic coherence and richer semantic representa-
tions, but at the cost of increased complexity. Neu-
ral topic models are typically highly parameterized,
sensitive to hyperparameter choices, and trained in
batch settings that assume access to the full corpus.
Consequently, they struggle in lifelong learning sce-
narios where data arrives incrementally and topic
structure must evolve over time. Moreover, neural
architectures are prone to catastrophic forgetting,
causing previously learned topics to degrade as new
data is introduced.

Lifelong topic modeling addresses these chal-
lenges by updating topics incrementally as new doc-
uments arrive. Methods such as Online LDA (Hoff-
man et al., 2010) and neural lifelong topic mod-
els mitigate some scalability issues but retain key
limitations, including fixed topic capacity, limited
topic restructuring, and reliance on corpus-specific
training. More recent embedding-based pipelines
replace static clustering with incremental cluster-
ing algorithms, yet these methods remain sensitive
to parameter choices and typically lack principled
mechanisms for organizing topics at multiple levels
of abstraction.

In practice, however, topic structure is inherently
hierarchical: broad themes naturally decompose
into progressively finer subtopics. Capturing such
hierarchical organization improves interpretability
and allows models to represent semantic relation-
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(a) Subtree from 20 Newsgroups dataset

(b) Subtree from AG news dataset

Figure 1: A visualization of three levels of the hierarchy induced by COBWEBTM. For each node, we display the
top five representative words extracting using the c-tf-idf procedure described in Section 3.2.1. Words that appear in
multiple nodes at the same level are underlined to highlight shared semantic content across sibling topics.

ships between topics rather than treating them as
independent clusters. Consequently, hierarchical
topic models have been widely explored in both
probabilistic and neural frameworks (Blei et al.,
2003a; Koltcov et al., 2021). These approaches
aim to learn topic trees that capture varying levels
of abstraction within a corpus.

Despite their promise, many hierarchical topic
models rely on fixed-depth latent structures or re-
quire batch training over the full corpus, limiting
their applicability in dynamic or streaming envi-
ronments. In many modern systems, hierarchy is
therefore imposed post hoc after flat topic discov-
ery, rather than learned incrementally as the data
evolves. This disconnect between lifelong learning
and hierarchical structure motivates the need for
topic modeling approaches that can simultaneously
support incremental updates and flexible hierarchi-
cal organization.

In this work, we revisit incremental concept for-
mation as an alternative paradigm for topic mod-
eling. We introduce COBWEBTM, a lifelong hier-
archical topic modeling framework based on the
Cobweb algorithm (Fisher, 1987) for probabilistic
concept formation. By adapting Cobweb to oper-
ate over continuous document embeddings, COB-
WEBTM incrementally constructs a semantic hier-
archy as documents arrive, enabling unsupervised
topic discovery without predefining the number of
topics.

Our contributions are threefold: (1) we introduce
COBWEBTM, an incremental hierarchical topic
modeling framework for unsupervised topic dis-
covery over streaming text; (2) we show that prob-
abilistic concept formation in embedding space
provides a simple yet effective mechanism for life-
long topic modeling without catastrophic forgetting

or fixed topic capacity; and (3) through extensive
empirical evaluation, we demonstrate that COB-
WEBTM matches or outperforms recent neural and
clustering-based methods in both topic quality and
hierarchical structure.

2 Related Works

2.1 Lifelong Topic Modeling

Online LDA (Hoffman et al., 2010) is the most
widely used lifelong topic model, updating global
topics via mini-batch variational inference. How-
ever, it inherits LDA’s bag-of-words assumption,
requires a predefined number of topics, and lacks
mechanisms for restructuring topics as new data
arrives.

Most neural topic models are trained in batch set-
tings and struggle with sequential updates without
retraining (Wu et al., 2024b). They are also prone
to catastrophic forgetting (Luo et al., 2025). Miti-
gation techniques such as replay or elastic weight
consolidation (Gupta et al., 2020) reduce forgetting
but still rely on fixed latent dimensions.

Embedding-based pipelines instead perform
topic discovery through clustering over neu-
ral representations. BERTopic (Grootendorst,
2022), for example, combines transformer em-
beddings and clustering. Lifelong variants re-
place static clustering with incremental methods
such as DBStream (Béar et al., 2014) or Mini-
Batch KMeans (Sculley, 2010), though these ap-
proaches typically assume flat clustering and re-
main sensitive to parameter choices. Recent ap-
proaches such as TopicGPT (Pham et al., 2024) and
FASTopic (Wu et al., 2024¢) improve topic quality
through LLM-based generation or embedding-level
semantic modeling, but are either computationally
expensive at scale or do not support hierarchical
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and incremental topic discovery.

2.2 Hierarchical Topic Modeling

Hierarchical topic models organize topics across
levels of abstraction. Early Bayesian approaches
such as hLDA (Blei et al., 2003a) and related
models (Mimno et al., 2007; Perotte et al., 2011)
learn topic trees through generative processes.
More recent methods construct hierarchies over
embedding-based topic representations. Exam-
ples include CluHTM (Viegas et al., 2020), Hy-
HTM (Shahid et al., 2023), and hierarchical vari-
ants of BERTopic (Grootendorst, 2022), which typ-
ically derive hierarchies through clustering or link-
age procedures applied after flat topic discovery.
Neural hierarchical topic models further learn struc-
tured latent representations using VAEs (Kingma
and Welling, 2013), including tree-based (Isonuma
et al., 2020), fixed-depth (Duan et al., 2021), and
geometrically regularized models (Wu et al., 2024d;
Lu et al,, 2024). However, these models are gener-
ally trained in batch settings and impose structural
constraints that limit their flexibility in lifelong or
streaming scenarios.

2.3 Incremental Concept Formation

Humans organize knowledge hierarchically us-
ing prototypes and graded category member-
ship (Rosch and Mervis, 1975). Incremental clus-
tering methods formalize this process by build-
ing taxonomies whose internal nodes summarize
concept-level statistics.

Cobweb (Fisher, 1987) incrementally constructs
a probabilistic taxonomy through conceptual clus-
tering, dynamically creating and restructuring
nodes to maximize category utility. Recent work
has extended Cobweb to neural settings and
demonstrated robustness in vision and language
tasks (MacLellan et al., 2022; MacLellan and
Thakur, 2021; Wang et al., 2025; Barari et al.,
2024b,a; Lian et al., 2025).

Unlike probabilistic topic models such as
LDA, which directly learn P(word|topic) and
P(topic|document) through Dirichlet priors, our
approach derives these quantities through cluster-
ing in embedding space. Continuous Cobweb in-
crementally partitions transformer document em-
beddings into a hierarchical mixture of clusters, es-
timating document—topic associations via category
utility. Topic—word distributions are computed post
hoc using class-based TF-IDF over the documents
assigned to each node.

3 Methodology

We propose COBWEBTM, a topic modeling frame-
work that incrementally organizes document em-
beddings into a dynamic semantic hierarchy. Un-
like batch clustering methods such as k-Means or
HDBSCAN, COBWEBTM supports continual up-
dates without retraining through a two-step neuro-
symbolic process.

First, we perform document—topic inference di-
rectly in the latent space of pretrained transformer
embeddings. Assuming the embedding space re-
flects an underlying mixture of topics, we apply the
continuous Cobweb algorithm to incrementally par-
tition the space, assigning each document to a node
that maximizes category utility. This procedure
produces a hierarchical clustering that implicitly
defines the document—topic distribution.

Second, we derive topic—word representations
from the resulting hierarchy. Each node repre-
sents a topic defined by the documents in its
subtree. Treating nodes as classes, we compute
word—topic distributions using c-TF-IDF, produc-
ing interpretable topic descriptors from the highest-
ranked words.

3.1 Probabilistic Concept Formation

At the core of our approach is a variant of Cobweb
adapted for continuous-valued attributes (Barari
et al., 2024b). Each concept node ¢ maintains a D-
dimensional multivariate Gaussian with diagonal
covariance,

p(z | ¢) = N (a3, pte, , diag(a?2)),

where ji. € RY is the node mean and 02 € RP
is the variance vector. These statistics are updated
incrementally as new documents are incorporated.

Cobweb constructs a hierarchy of concepts on-
line. Given a new document embedding x, the
algorithm performs a top-down search over the
tree guided by Category Utility (CU) (Gluck and
Corter, 1985; Corter and Gluck, 1992). Follow-
ing Barari et al. (2024b), we adopt an information-
theoretic formulation that measures the expected
reduction in feature uncertainty obtained by know-
ing the child concept.

Let a parent node c,, have children C(c,), each
with count N.. The empirical probability of con-
cept c under the parent is

Ne Ne

P S G
(c|cp) Secy Ne N, (1)
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We measure node uncertainty using the differen-
tial entropy of the Gaussian:

D
Ule) = %Zlog@wemid). 2)
d=1

The category utility of a parent node is then

CU(ey) = > Pleley) [Uley) = U(0)]. 3)

c€eC(cp)

Maximizing CU favors partitions that reduce fea-
ture uncertainty while maintaining sufficient sup-
port, balancing intra-cluster similarity and inter-
cluster separation. For continuous attributes, this
corresponds to maximizing variance reduction in-
duced by the partition, allowing Cobweb to deter-
mine the depth and breadth of the hierarchy without
specifying the number of topics K.

At each node, Cobweb evaluates four operators
to determine how x should be incorporated into
the hierarchy: (1) insert = into the best-matching
existing child and update its Gaussian parameters;
(2) create a new singleton child node for z; (3)
merge the two best-matching children and assign x
to the merged node; or (4) split the best-matching
child, promoting its children to the current level.

3.2 Topic Extraction

3.2.1 Hierarchical Topic Extraction

The Cobweb tree forms a multi-level topic hier-
archy: the root represents the entire corpus, inter-
mediate nodes correspond to increasingly specific
topics, and leaves represent individual documents
or fine-grained micro-topics.

To extract interpretable topics, we treat each
node as a candidate topic and compute class-based
TF-IDF (c-TF-IDF) scores following Grootendorst
(2022). For a node C', all documents in its subtree
are concatenated into a single document. The im-
portance of word w in topic C' is then computed
as

A
WC,w = th’,w X IOg <1 + f> ) (4)

where ¢ fc ., is the frequency of word w within
topic C, f,, is the frequency of w across all topics,
and A is the average number of words per topic.
The highest-scoring words serve as descriptive key-
words for the topic.

3.2.2 Dynamic Flat Topic Extraction

While the hierarchical structure provides rich se-
mantic organization, many incremental topic mod-
eling baselines operate on a flat set of topics. To
enable direct comparison and support applications
requiring fixed topic sets, we extract a dynamic flat
partition from the hierarchy.

Because Cobweb is incremental, documents may
appear at varying depths depending on their seman-
tic specificity. To obtain a coherent flat topic set,
we identify a cut through the tree that balances
topic coverage and granularity. Specifically, we
traverse the hierarchy top-down and select nodes
such that (1) the number of selected nodes does not
exceed a user-defined max_clusters, and (2) the
ratio of leaf nodes to total nodes in the layer does
not exceed a leaf_ratio threshold.

This procedure filters out shallow outliers near
the root while grouping deeper semantically sim-
ilar documents into stable clusters. As new docu-
ments arrive and the hierarchy evolves, the cut is
recomputed, allowing the flat topic representation
to adapt over time. Consequently, COBWEBTM
supports both a flat topic model for benchmarking
and a full hierarchical representation that enables
exploration across levels of abstraction.

4 Lifelong Topic Modeling

We first evaluate the performance of COBWEBTM
in a lifelong topic modeling setting. The primary
objective is to assess the model’s ability to main-
tain coherent topics, ensure stability across time
steps, and adapt to new data without catastrophic
forgetting or the need for extensive retraining.

4.1 Experimental Setup

Datasets. We utilize three datasets suited for
temporal analysis: the Spatiotemporal News
Dataset (Jomaa, 2025), the Stack Overflow
Dataset (Movshovitz-Attias et al., 2013), and the
TweetNER7 Dataset (Ushio et al., 2022). These
datasets represent varying document lengths and
stream velocities. The Spatiotemporal News and
TweetNER?7 datasets are temporally ordered to re-
flect real-world streams with intermittent topics,
while the Stack Overflow dataset is randomly shuf-
fled to simulate an approximately uniform incre-
mental topic distribution. Detailed preprocessing
steps and dataset statistics are provided in Ap-
pendix B.1.
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Baselines. We compare COBWEBTM against a
range of incremental and static baselines. First,
we evaluate Online LDA (Hoffman et al., 2010),
an incremental variational Bayes variant of Latent
Dirichlet Allocation. Second, we include Life-
long NTM (Gupta et al., 2020), a neural topic
model extending DocNADE with Elastic Weight
Consolidation and experience replay. Third, we
employ BERTopic (Incremental) pipelines using
incremental clustering algorithms, specifically DB-
STREAM and MiniBatchKMeans. Finally, to
benchmark against non-incremental upper bounds,
we evaluate BERTopic (Re-fit) pipelines that re-
train HDBSCAN and KMeans from scratch on the
accumulated corpus at each time step.

Implementation Details. We use the embedding
model ROBERTa Large (dimension size of 1,024)
(Liu et al., 2019) for all pipelines which require it
to ensure consistent feature spaces. We vary the
initial batch size (default 2,000 documents, sen-
sitivity analysis at 500). Unlike neural baselines,
COBWEBTM does not require large batch sizes for
stability, so we fix the successive batch sizes at a
middle ground of 125 documents. Topics between
consecutive batches are matched using a greedy
alignment strategy based on cosine similarity of
topic embeddings.

Evaluation Metrics. We evaluate topic quality
using the Topic Coherence (C,) measure (Roder
et al., 2015), an indirect confirmation metric that
combines an NPMI-style word co-occurrence statis-
tic with a context-based similarity score computed
over sliding windows.

]\7(]\72—1) Zcos(ﬁ'(wi)vﬁ(wj))

i<j

Cy=

where @(w;) = {NPMI(w;, wg) }Y_,.

Unlike purely count-based coherence measures,
C,, incorporates distributional information from the
reference corpus, yielding scores that are compara-
ble across batches. Coherence is computed over all
data observed up to the current batch. We measure
topic stability across consecutive batches using the
Adjusted Rand Index (ARI) (Greene et al., 2014),
computed between document—topic assignments
from the previous and current batches. Higher ARI
values indicate that topic assignments remain con-
sistent over time, reflecting stable topic structure
under incremental updates. To quantify semantic
drift of topics across batches, we compute Topic

Centroid Drift (TCD) for matched topics. For
each topic, we represent its semantic centroid us-
ing topic embeddings and define drift as one minus
the cosine similarity between the current and pre-
vious centroids. The reported score is the mean
drift across all matched topics. Values close to zero
indicate minimal semantic change and stable top-
ics. Lastly, to ensure that we achieve topics that
are interpretable, we calculate Intruder Similarity
Score (ISIM). For each topic, we insert a random
word and calculate the average cosine similarity
between a set of topic words and the intruder word,
with lower averages corresponding to tighter and
more unique topics.

We average results across three trials for each
dataset on each configuration we report for COB-
WEBTM. We set leaf_ratio = 0.15 to adapt nat-
ural outlier pruning, and max_clusters = 1.3 K,
where K is the recommended number of clusters
for each dataset as provided by the original paper.

4.2 Results

As shown in Figures 2, 3, 4, and 5, and in Tables
1,2, and 3 COBWEBTM outperforms or performs
competitively with baselines in C,,, ARI, TCD, and
ISIM across all three datasets. We analyze specific
results below.

Comparison to BERTopic. Our comparisons to
BERTopic pipelines boil down to the difference
of the clustering algorithms. We find that DB-
STREAM is extremely volatile on semantically
dense datasets, resulting in poor coherence through-
out batches. While BERTopic with MiniBatchK-
Means initially outperforms COBWEBTM in the
TweetNER benchmark, COBWEBTM shows more
growth across all three datasets and eventually sur-
passes all methods in final performance, shown in
Tables 1, 2, and 3. Additionally, COBWEB has no
learning parameters, with the only two parameters
being user-specified for granularity decisions in flat
topic modeling.

Comparison to Neural Methods. The neural
baseline exhibits degraded performance on the
datasets, likely due to memory constraints and the
datasets’ large technical vocabulary. Even after
pruning to the most frequent words, Lifelong NTM
struggled to disambiguate topics beyond the initial
batch as vocabulary diversity increased, as shown
in Figure 2 and Figure 4. This behavior reflects a
broader limitation of neural topic models, which
must learn word semantics from the corpus itself
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Method Cyy AC,% ARl  TCD ISIMy
CobwebTM (ours) | 0.741 110.82 0.915 0.000 0.191
DBSTREAM 0.602 71.55 0.594 0.202 0.200
LifelongDocNADE | 0.281 —11.61 0.479 0.369 0.194
MiniBatchKMeans | 0.413 —0.89 0952 0.236 0.215
OnlineLDA 0.317 7.06  0.948 0.033 0.216
Refit-HDBSCAN 0.673  7.35 0.944 0.053 0.196
Refit-KMeans 0.369 —6.49 0.549 0.120 0.224

Table 1: Lifelong topic modeling results on TweetNER.

Best in bold, second-best underlined.

Method Cyy AC,% ARI  TCD ISIMy
CobwebTM (ours) | 0.613  26.09 0.997 0.000 0.207
DBSTREAM 0457 -3.67 0.012 0.155 0.188
LifelongDocNADE | 0.184 —75.07 0.122 0.684 0.206
MiniBatchKMeans | 0.423 —9.67 0.955 0.245 0.176
OnlineLDA 0.520 10.71 0.897 0.029 0.200
RefittHDBSCAN 0.425 1.81 0.735 0.050 0.157
Refit-KMeans 0.551 1598 0416 0.205 0.224

Table 2: Lifelong topic modeling results on Stack Overflow Dataset. Best in bold, second-best underlined.

rather than leveraging pretrained embeddings. Our
approach, which combines pretrained encoder rep-
resentations with symbolic learning, enables more
stable incremental performance and reduced sus-
ceptibility to catastrophic forgetting.

Metrics Over Time. COBWEBTM shows strong
increases in performance by coherence unlike other
methods, as shown in Tables 1, 2, and 3 and in
Figures 3 and 4, indicating that incremental aggre-
gation of documents does not hinder topic construc-
tion and maintenance. Additionally, COBWEBTM
has strong TCD and ARI between batches across
all datasets, highlighting a quality of clustering sta-
bility and the ability to create new topics when
needed without harming the sanctity of topics from
previous batches.

Strong Temporal Clustering Stability. The Ad-
justed Rand Index (ARI) (Greene et al., 2014) mea-
sures the consistency of topic assignments across
batches, reflecting a model’s resistance to topic
drift and catastrophic forgetting. High ARI indi-
cates that learned topics remain stable as new data
arrive, while low ARI signals uncontrolled reorga-
nization. As shown in Tables 1, 2, and 3, COB-
WEBTM achieves consistently high ARI across
datasets, with near-perfect scores on Stack Over-
flow (0.997) and Spatiotemporal News (0.984),
demonstrating strong stability under incremen-
tal updates. Although MiniBatchKMeans scores

slightly higher on TweetNER, its stability likely
stems from fixed cluster constraints rather than
adaptive topic evolution.

Robustness to Human-Centered Metrics. Our
results, shown in Figure 5, are shown for 5 topic-
words, averaged across 15 intruder words. Cob-
webTM achieves competitive scores to other mod-
els, though ranges of 0.02 to 0.06 across datasets
suggests the metric is largely encoder-dependent
at this level of comparison. We hypothesize that
the tight margins are as a result of the semantically
dense content in the datasets we leverage for testing
incremental topic modeling, and these preliminary
studies support that CobwebTM provides human-
interpretable topics competitive with other topic
models.

S Hierarchical Topic Modeling

In the second set of experiments, we evaluate the
quality of the hierarchical structures generated by
COBWEBTM. We benchmark against state-of-the-
art hierarchical topic models to verify that our incre-
mental construction yields meaningful taxonomies.

5.1 Experimental Setup

Datasets. We use three standard benchmarks: 20
Newsgroups (Lang, 1995), AG News (Zhang et al.,
2015), and Stack Overflow (Movshovitz-Attias
et al., 2013).
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Method Cyy AC,% ARl  TCD ISIMy
CobwebTM (ours) | 0.796 57.51 0.984 0.000 0.208
DBSTREAM 0418 -10.29 0408 0.193 0.191
LifelongDocNADE | 0.238 —49.49 0.127 0.462 0.196
MiniBatchKMeans | 0.646 40.37 0.962 0.203 0.196
OnlineLDA 0.422 0.99 0.882 0.053 0.206
Refit-HDBSCAN 0.657 19.11 0.891 0.067 0.193
Refit-KMeans 0.614 29.11 0326 0.229 0.221

Table 3: Lifelong topic modeling results on Spatiotemporal News Dataset. Best in bold, second-best underlined.
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Figure 2: C, comparison on the StackOverflow, Spatiotemporal News, and TweetNER dataset.

Baselines. We compare against three primary
baselines: TraCo (Wu et al., 2024d), a neural
model using Optimal Transport for topic regular-
ization; BoxTM (Lu et al., 2024), a geometric ap-
proach modeling topics as hyper-rectangles, and
BERTopic (Hierarchical) (Grootendorst, 2022),
which uses agglomerative clustering on top of flat
topics derived from HDBSCAN and KMeans.

Implementation Details. All embedding-based
models use the same architectures and embedding
dimensions as in Section 4.1. For the remain-
ing models, we use the hyperparameters speci-
fied in their official implementations. Datasets for
BoxTM and TraCo are preprocessed as described
in Appendix B.2.

Evaluation Metrics. We assess the hierarchy us-
ing three metrics. Topic Coherence (NPMI) mea-
sures the semantic interpretability of individual top-
ics using Normalized Pointwise Mutual Informa-
tion (Isonuma et al., 2020). For word pairs within
a topic, NPMI is defined as

(’wz,w )
_ 198 Pl Pruy

iy Wy

We report the average NPMI score aggregated per
level of the hierarchy.

Parent-Child Coherence (PCC) evaluates ver-
tical semantic consistency by computing Cross-
Level NPMI (Chen et al., 2021) between each
child topic ¢ and its parent 7 (¢). This metric aver-
ages NPMI scores over word pairs (w,, wy) with
we € Wy and wy € Wry), excluding overlapping
words to ensure that coherence reflects meaningful
specialization rather than redundancy.

Finally, Sibling Topic Diversity (SD) assesses
horizontal distinctiveness among sibling topics us-
ing an adaptation of Topic Diversity (Dieng et al.,
2020). For a set of sibling topics S(p) under a com-
mon parent p, SD is computed as the ratio of words
appearing in exactly one sibling topic to the total
number of unique words across all siblings.

5.2 Quantitative Results

Table 4 showcases quantitative comparisons across
the three datasets using topic coherence (NPMI),
parent—child coherence (PCC), and sibling diver-
sity (SD).

Topic Coherence. COBWEBTM attains the high-
est NPMI on all three datasets, achieving 0.206 on
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Figure 3: ARI comparison on the StackOverflow, Spatiotemporal News, and TweetNER dataset.
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Figure 4: TCD comparison on the StackOverflow, Spatiotemporal News, and TweetNER dataset.

20 News Groups, 0.108 on AG News, and 0.131
on Stack Exchange as per Table 4. These results
demonstrate that incremental, structure-aware hi-
erarchy construction does not compromise topic
interpretability. In contrast, BERTopic variants
exhibit competitive but less consistent coherence,
while TraCo and BoxTM suffer from substantially
weaker topic quality, particularly on AG News and
Stack Exchange.

Vertical Consistency. Parent—child coherence
further highlights the advantages of COBWEBTM.
As shown in Table 4, COBWEBTM achieves the
highest PCC across all datasets, indicating that its
child topics reliably specialize their parents. Post-
hoc hierarchical approaches such as BERTopic dis-
play mixed behavior, while TraCo frequently pro-
duces negative PCC values, suggesting poor seman-
tic alignment between hierarchical levels.

Sibling Diversity. While BoxTM achieves near-
perfect sibling diversity, its low NPMI and modest
PCC indicate that this separation often comes at
the expense of semantic coherence, reflecting over-
segmentation. In contrast, COBWEBTM maintains

high sibling diversity (SD > 0.94 across datasets)
while simultaneously preserving strong topic co-
herence and vertical consistency. This balance sug-
gests that COBWEBTM induces meaningful dis-
tinctions among sibling topics without fragmenting
semantic structure.

Taken together, our results demonstrate that
COBWEBTM offers a more holistic solution to hi-
erarchical topic modeling, effectively balancing in-
terpretability, hierarchical alignment, and structural
diversity. These findings underscore the promise of
incremental, structure-aware learning for inducing
high-quality topic hierarchies.

5.3 Qualitative Results

In this section, we visualize the hierarchies created
by COBWEBTM. Figure 1 shows sample hierar-
chies of topic summaries from the 20 Newsgroups
and AG News datasets. The hierarchy captures
meaningful semantic structure: parent nodes rep-
resent broad themes while children specialize into
increasingly specific topics.

In the 20 Newsgroups hierarchy (Figure 1a), a
technology-focused root topic is partitioned into co-

35147



. TweetNER StackExchange Spatiotemporal News

= 0.241 0.2507 o N\

2 N DTN L 2 0.22{1 A /N TN

20.22; .>='='j;"". / ~\.| 0.225] 4%\ Fi ,()-\! e (\ﬂ I\ A

ke %\\ / \L\/ !)| ' \'\I_/lﬂ v | 92l e :"-% W= "\‘.;_,),;«,.vf\‘
| N.— P Iy SRS 4 A AP 4 JA

_%0 20 'V-\.--/A."\N — i 0.200 ‘/l;{'i\“l{’l\r\\,.\ﬁl'\\ /} 0.201 HI\\ li\\ (f\ll'ﬁ"/ \[\

L / N\~ T T v Y Y RALSTge) SARI

Lo18f A/ |oars{ Yoo o019 i [ i

2 \/ v L y N

g ' 0.18: !

2,000 2,250 2,500 2,750
Documents Seen

2,000 3,000 4,000 5,000
Documents Seen

2,000 3,000 4,000 5,000
Documents Seen

Figure 5: Intruder Similarity (ISIM) comparison on the StackOverflow, Spatiotemporal News, and TweetNER

dataset.

Dataset 20 News Groups AG News Stack Exchange
Method NPMI PCC SD | NPMI PCC SD | NPMI PCC SD
BERTopic-HDBSCAN | 0.161 0.045 0.600 | 0.101 0.031 0913 | 0.130 0.036 0.891
BERTopic-KMeans 0.169 0.091 0.875 | 0.067 0.005 0.856 | 0.125 0.041 0.940
TraCo 0.155 -0.038 0.941 | -0.107 -0.043 0.862 | -0.040 -0.156 0.913
BoxTM 0.047 0.055 0.993 | 0.002 0.005 0.998 | 0.019 0.022 0.996
CobwebTM (ours) 0.206 0.141 0.958 | 0.108 0.027 0.942 | 0.131 0.073 0.959

Table 4: Comparison of hierarchical topic-modeling metrics across datasets.

herent subtopics related to memory specifications,
operating systems, and graphical components. Im-
portantly, COBWEBTM is able to disentangle se-
mantically similar terms that often cause confu-
sion in embedding-based clustering. For exam-
ple, within subtrees related to windows—dos—drive,
lower-level topics remain focused on computing
concepts rather than drifting toward unrelated
senses such as automobile-related uses of “drive.”

This behavior contrasts with hierarchies pro-
duced by common embedding-clustering pipelines
such as BERTopic (using KMeans or HDBSCAN),
where nearest-neighbor clustering can conflate se-
mantically distinct senses of ambiguous terms. Be-
cause such methods rely primarily on local similar-
ity, they implicitly treat all embedding dimensions
as uniformly important, which can lead to mixed
topic substructures.

Neural hierarchical topic models such as BoxTM
and TraCo exhibit different behavior: while their hi-
erarchies often contain lexically diverse terms, we
observe weaker semantic coherence within some
nodes. For instance, unrelated words like "butcher"
and "boulder" may appear grouped together despite
lacking a clear conceptual relationship.

In contrast, COBWEBTM produces hierarchies
that maintain stronger semantic consistency while

separating ambiguous concepts. We attribute this
behavior to Cobweb’s probabilistic formulation:
each node maintains variance estimates over em-
bedding dimensions, effectively weighting feature
importance when forming clusters. By maximiz-
ing category utility, COBWEBTM favors partitions
that reduce uncertainty while preserving coherent
semantic structure across levels of the hierarchy.

6 Conclusion

In this paper, we introduced COBWEBTM, a life-
long hierarchical topic model that incrementally
constructs probabilistic concept hierarchies from
streaming text. By leveraging pretrained language
model embeddings, COBWEBTM exploits the geo-
metric structure of the embedding space to induce
semantically coherent topic hierarchies without re-
quiring task-specific hyperparameter tuning. The
proposed framework naturally supports lifelong
learning, allowing the hierarchy to evolve as new
documents arrive. Extensive experiments across
multiple hierarchical and lifelong topic modeling
benchmarks demonstrate that COBWEBTM con-
sistently outperforms recent methods in both topic
quality and hierarchical organization, highlighting
its effectiveness as a scalable and adaptive topic
modeling approach.
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Limitations

While COBWEBTM demonstrates strong empiri-
cal performance, several limitations remain. First,
although the model incrementally induces hierar-
chical clusters in embedding space, topic word
extraction relies on post hoc aggregation of doc-
uments at each node, rather than being directly
generated during hierarchy construction. Second,
CoOBWEBTM depends on pretrained document em-
beddings; consequently, the quality of the learned
hierarchy is constrained by the representational ca-
pacity of the underlying encoder, and semantic dis-
tinctions poorly captured in the embedding space
may be lost. Third, the incremental clustering pro-
cess is sensitive to document arrival order, partic-
ularly in non-stationary streams. Although local
restructuring operations mitigate this effect, glob-
ally optimal hierarchies are not guaranteed. Finally,
while well suited to lifelong learning, maintain-
ing statistics over large hierarchies incurs growing
memory and computational costs, potentially ne-
cessitating pruning, compression, or partitioning
strategies in long-running deployments.

Future Work. A natural extension of COB-
WEBTM is multimodal topic modeling. Because
the framework operates on continuous representa-
tions, images and audio can be incorporated via
contrastively trained vision—language models and
text-based encoders, enabling heterogeneous data
to be organized within a shared hierarchical topic
space without modifying the underlying algorithm.
Additionally, leveraging node-level statistics to
generate topic summaries—without aggregating
subtree documents—could improve interpretability
and efficiency, while entropy and category utility
measures may enable autonomous selection of ap-
propriate topic granularity.
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A Risks

Like all topic models, COBWEBTM inherits and
can amplify biases present in its training data, such
as over-representing dominant viewpoints while
marginalizing minority perspectives or sensitive
topics. The hierarchical structure may further le-
gitimize biased or stereotypical groupings by pre-
senting them as coherent topics, which can mislead
downstream analysis or decision-making. Addi-
tionally, because topic models abstract language
into latent structures without grounding or norma-
tive judgment, they risk obscuring harmful associa-
tions in data and being misused to draw causal or
normative conclusions from biased text corpora.

B Datasets and Preprocessing

B.1 Datasets

We use a diverse collection of datasets spanning
news media, online forums, and social media to
evaluate our models. This appendix provides a
brief description of each dataset and the correspond-
ing splits used in our experiments.

Spatiotemporal News Dataset We use the Spa-
tiotemporal News Dataset (Jomaa, 2025), which
consists of approximately 1.2 million English-
language news articles collected from major news
outlets across North America and annotated with
temporal and geographic metadata. For our exper-
iments, we randomly sample 5k documents from
the test split.

Stack Overflow Dataset. We use the Stack Over-
flow Dataset (Movshovitz-Attias et al., 2013),
which contains question-and-answer forum posts
covering a broad range of technical topics in com-
puter science and software engineering. We ran-
domly sample 5k posts spanning diverse subject
areas.

TweetNER7 Dataset. We use the TweetNER7
Dataset (Ushio et al., 2022), which consists of
short-form posts from X.com (formerly Twitter)
across a variety of topics. We use the provided test
split, which contains approximately 2.8k tweets.

20  Newsgroups. The 20  Newsgroups
dataset (Lang, 1995) contains 18,846 docu-
ments evenly distributed across 20 discussion
groups and is a standard benchmark for topic
modeling and text clustering. @ We use the
version distributed through the scikit-learn
library (Pedregosa et al., 2012).

AG News. We use the AG’s News Topic Classi-
fication Dataset (AG News) (Zhang et al., 2015),
which consists of news articles collected from As-
sociated Press and Google News sources and cate-
gorized into four high-level topic classes. We ran-
domly sample 50k documents from the training set
and use the full test set consisting of approximately
7.6k documents.

All datasets used in our experiments are publicly
available on the Hugging Face Hub and licensed
for research use. While curated with privacy in
mind, some datasets (e.g., Stack Overflow or Tweet-
NER7) may contain identifiable or offensive con-
tent. We rely on the maintainers’ preprocessing and
licensing terms and do not perform additional fil-
tering. No extra personally identifying information
is collected, stored, or exposed.

B.2 Dataset Preprocessing

To preprocess the datasets, we follow the steps in
(Wu et al., 2024d): (1) tokenize documents and
convert them to lowercase; (2) remove numbers,
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punctuations, and stopwords; (3) remove tokens
with less than 3 characters.

C Ablation Studies
C.1 Encoder Ablations

We conduct ablation studies on the sentence en-
coder used to generate document embeddings. Our
main experiments use all-roberta-large-vi, a
RoBERTa Large model finetuned for information
retrieval. To evaluate sensitivity to the embed-
ding backbone, we also test two smaller encoders
from the same family: all-MinilM-L12-v2 and
all-MinilLM-L6-v2. Using models with similar
training objectives but different parameter sizes al-
lows us to isolate the effect of model capacity while
controlling for architectural differences.

Table 8 and Figure 6 show that COBWEBTM is
robust to encoder choice. all-roberta-large-vi
achieves the strongest or near-strongest perfor-
mance across most datasets, particularly on 20
Newsgroups and Stack Exchange. The MiniLM
variants remain competitive despite their smaller
size: MinilM-L6 performs comparably on 20
Newsgroups, while MiniLM-L12 yields the best
results on AG News. Overall, these results in-
dicate that COBWEBTM maintains stable hierar-
chical structure and lifelong topic quality even
with lightweight embedding models, with larger
encoders providing modest but consistent gains.
One important observation, consistent with prior
work on Cobweb for retrieval (Gupta et al., 2025),
is that we restrict our study to encoders trained with
distance-based objectives. This design choice is
motivated by the Cobweb likelihood formulation,
which relies on mean squared distance to compute
log probabilities. As a result, encoders optimized
for embedding-space distance alignment are better
suited to the model’s underlying assumptions.

C.2 Batch Size Ablations

We also perform ablation studies with a reduced
initial batch size for our lifelong topic modeling
experiments. While real-world settings often con-
tain a large corpus to pretrain a topic model with,
instantiating it with stable topic definitions, there
are many situations where a topic model has to be
governed completely from scratch, necessitating
smaller initial batch sizes.

We show the results of reducing the initial batch
size to 500 on all three datasets in Figure 7. We see
that COBWEBTM still comfortably outperforms

state-of-the-art lifelong methods, owing to its fun-
damental design around piecemeal learning, and is
able to balance constructing new topics with main-
taining old topics.

C.3 UMAP Ablations

We perform ablation studies to investigate the ef-
fects of dimensionality reduction on our frame-
work with respect to other topic modeling frame-
works. Specifically, we investigate the effects of
UMAP (Mclnnes et al., 2018) on the ROBERTA
embeddings used in CobwebTM and all BERTopic
pipelines. We compare no UMAP applied to
UMAP with d = 16,128,512. As shown in fig-
ures 7, 5 and 6, Cobweb still performs best across
all levels of UMAP, but there is no statistically sig-
nificant difference in the results based on the level
of UMAP applied, which is why we chose to omit
it from the main paper.

C.4 Incremental Ablations

C.4.1 Holdout Ablation

To analyze the efficiency of incremental solutions
in being able to create new topics to support, we ran
an ablation with the TweetNER dataset, holding out
the person category and streaming the rest of the
documents as per the default training setup, with
the last batch consisting exclusively of the person
category. As shown in Figure 9, COBWEBTM,
like the Refit pipelines, is able to correctly create
a document for the new category, while the other
incremental solutions fail.s

C.4.2 Cobweb Operation Analysis

We conducted an analysis of the frequency of the
different node operations in Cobweb with each
dataset, shown in figure 8. The most common op-
eration is the "INSERT" operation, necessary for
traversing the tree as a whole. Notably, the "IN-
SERT" operation occurs at a log-likeAlso impor-
tantly, the MERGE and SPLIT operations each hap-
pen 10% of the time across batches, showcasing
our method’s ability to restructure clusters and cre-
ate new clusters only when necessary. In this way,
COBWEBTM is able to adapt its level of restruc-
turing with respect to the size of its tree, a more
robust solution than a fixed number of MERGEs
and SPLITs. Additionally, NEW is only used to
create a new leaf node for each document, which
is why it happens exactly 125 times for each batch
of 125 documents.
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Dataset StackExchange

Model None 16 128 512
COBWEBTM (ours) 0.6131 0.6331 0.6227 0.6383
BERTopic (MiniBatchKMeans) | 0.4234 0.4377 0.4202 0.4393
BERTopic Refit (HDBSCAN) 0.4249 0.4829 0.4666 04713
BERTopic Refit (KMeans) 0.5507 0.5068 0.5110 0.5123
Lifelong NTM 0.1840 0.1621 0.1868 0.2057
BERTopic (DBSTREAM) 0.4569 0.4309 0.3872 0.4247
Online LDA 0.5199 0.5663 0.5332 0.5479

Table 5: Final C,, by UMAP dimensionality on StackExchange.

Dataset TweetNER

Model None 16 128 512
COBWEBTM (ours) 0.7414 0.7249 0.7581 0.7048
BERTopic (MiniBatchKMeans) | 0.4129 0.3531 0.3987 0.3807
BERTopic Refit (HDBSCAN) 0.6733 0.6501 0.6524 0.4558
BERTopic Refit (KMeans) 0.3694 0.4131 0.4094 0.4111
Lifelong NTM 0.2811 0.3042 0.3446 0.1684
BERTopic (DBSTREAM) 0.6019 0.3951 0.4655 0.5373
Online LDA 0.3171 0.3171 0.3171 0.3171

Table 6: Final C,, by UMAP dimensionality on TweetNER.

C.4.3 Low-Batch-Size Ablation

We ran an additional experiment with 5,000 docu-
ments from the StackExchange Dataset comparing
our model’s runtime to baselines, measuring the
time taken to update topics for batches of size 10,
with results shown in . The Cobweb algorithm does
not have a batch-size parameter, training on one
instance at a time, so at smaller batch-sizes, our
model performs robustly while maintaining the best
performance. Due to Cobweb’s heuristic-guided
best first search, it explores approximately log(n)
nodes per update, making it robust as the size of
the tree increases.

C.4.4 Corpus Size Ablations

We ran additional experiments measuring our
model’s performance with 20,000 documents
and 50,000 documents from the StackExchange
Dataset, which we report in Figures 11. As each
new instance begins at the root node of the Cobweb
tree and populates as a leaf through a single, greed-
ily chosen path, COBWEBTM updates an average
of O(log(N)) nodes with an insertion of each new
document, minimizing our total time complexity
and allowing us to retain robustness over long doc-
ument streams. The results of the Refit Pipelines
are not shown as they timed out after 15 hours of
training.

D Use of Large Language Models

Large language models (LLMs) were used for
grammar refinement, integration of new material,
and as coding assistants for structuring and im-
plementation support. All technical content and
ideas were developed by the authors, and any LL.M-
generated output was subsequently modified and
verified by the authors.

35153



Dataset Spatiotemporal

Model None 16 128 512
COBWEBTM (ours) 0.7960 0.6948 0.6837 0.6284
BERTopic (MiniBatchKMeans) | 0.6460 0.6068 0.6403 0.6322
BERTopic Refit (HDBSCAN) | 0.6572 0.5103 0.5190 0.5105

BERTopic Refit (KMeans) 0.6136 0.5568 0.5471 0.5516
Lifelong NTM 0.2381 0.1211 0.2331 0.1191
BERTopic (DBSTREAM) 0.4176 0.4109 0.4416 0.3964
Online LDA 0.4221 0.4163 0.4334 0.4185

Table 7: Final C,, by UMAP dimensionality on Spatiotemporal dataset.
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Figure 6: An ablation study to compare the lifelong results of using different embedding models for COBWEBTM.

Dataset 20 News Groups AG News Stack Exchange
Model NPMI PCC SD |NPMI PCC SD |NPMI PCC SD
MiniLM-L6 0.205 0.130 0.935 | 0.104 0.023 0.924 | 0.127 0.070 0.952

Minil. M-L12 0.196 0.119 0.952 | 0.109 0.031 0.959 | 0.130 0.055 0.862
RoBERTa (ours) | 0.206 0.141 0.958 | 0.108 0.027 0.942 | 0.131 0.073 0.959

Table 8: An ablation study to compare the hierarchical results of using different embedding models for COBWEBTM.
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Figure 7: An ablation study to compare the lifelong results of COBWEBTM to other methods across all datasets
with a reduced initial batch size of 500 documents.
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Dataset TweetNER (Holdout: person)
Model Before Injection C,,  After Injection C,
COBWEBTM (ours) 0.6425 1.0000
BERTopic (MiniBatchKMeans) 0.3812 0.0000
BERTopic Refit (HDBSCAN) 0.4845 1.0000
BERTopic Refit (KMeans) 0.3940 1.0000
Lifelong NTM 0.6120 0.0000
BERTopic (DBSTREAM) 0.3018 0.0000
Online LDA 0.3357 0.8132

Table 9: Holdout topic injection experiment on TweetNER dataset.
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Figure 8: An ablation study to compare the amount of each Cobweb operation per-batch for all three datasets in
COBWEBTM.

Dataset StackExchange (batch_size=10)
Model Total Time (s) Final Batch (s)
COBWEBTM (ours) 382.94 1.37
BERTopic (MiniBatchKMeans) 362.81 1.52
BERTopic Refit (HDBSCAN) 16525.93 87.79
BERTopic Refit (KMeans) 10749.74 50.93
Lifelong NTM 657.44 2.62
BERTopic (DBSTREAM) 805.71 3.62
Online LDA 25.17 0.07

Table 10: Runtime comparison on StackExchange dataset.

Dataset 20k StackExchange | 50k StackExchange
Model Start C, Final C, | Start C, Final C,
COBWEBTM (ours) 04932  0.6573 | 0.5010 0.6441
BERTopic (MiniBatchKMeans) | 0.4810  0.4270 | 0.4958  0.4476
BERTopic Refit (HDBSCAN)

BERTopic Refit (KMeans)

Lifelong NTM 0.7133  0.5522 | 0.7752  0.0000
BERTopic (DBSTREAM) 0.4481 04722 | 0.4801  0.4144
Online LDA 04365 0.6474 | 0.4782  0.5909

Table 11: Coherence C,, comparison on 20k and 50k StackExchange datasets.
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