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Abstract

Embedding-based topic models such as
BERTopic routinely produce hundreds of fine-
grained, overlapping topics that must be re-
duced before downstream use. Existing ap-
proaches couple reduction with outlier rejec-
tion, rely on local geometric linkage, or use
costly and stochastic LLM prompting. We in-
troduce Vendi Clustering (VC), a topic reduc-
tion method that reframes the problem as global
diversity-preserving compression: at each step,
VC selects the merge that induces the smallest
loss in the Vendi Score, a spectral measure of
diversity. A naive implementation of this global
criterion is prohibitive at O(n%); we derive al-
gebraic update rules at order ¢ = 2 that evalu-
ate each candidate merge in O(1) via cached
row-square sums and a lookahead Gram matrix,
reducing total complexity to a tractable O(n?).
On 20 Newsgroups and AG News, VC outper-
forms standard reduction baselines on coher-
ence and diversity, surpasses LLM-prompted
reduction on the majority of metrics against
both an open-weight model and a frontier API
model, with topic diversity gains of up to 35%
while running over 40 faster.

Keywords: Topic Modeling, Diversity, Clus-
tering, Machine Learning, Vendi Score

1 Introduction

Modern embedding-based topic models such as
BERTopic (Grootendorst, 2022) routinely produce
hundreds of fine-grained, overlapping topics on
real-world corpora, requiring a post-hoc reduction
step before downstream use. The practical work-
flow therefore depends on topic reduction, and cur-
rent methods force a difficult trade-off. Tuning
density parameters (direct reduction) often results
in a loss of granular information, as the algorithm
struggles to distinguish between low-density topics
and true background noise. Conversely, standard
agglomerative clustering (indirect reduction) can
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merge distinct topics that happen to be geomet-
rically close while leaving genuine redundancies
intact.

Recently, Large Language Model (LLM)-
assisted topic reduction has emerged as the highest-
quality option for topic reduction, with Janssens
et al. (2025a) showing it improves both coherence
and diversity over standard agglomerative base-
lines. However, these methods are fundamentally
constrained by scalability; the prohibitive cost and
latency of iterative prompting render them impracti-
cal for large-scale topic models, while their stochas-
tic nature introduces inconsistency.

In this paper, we introduce Vendi Clustering
(VC), which reframes topic reduction as a global
diversity-preserving compression scheme. At each
step, VC selects the merge that minimizes the loss
in the Vendi Score, a spectral diversity measure
invariant to duplication. This inverts the usual ob-
jective: by optimizing globally for diversity, coher-
ence emerges as a consequence of preserving dis-
tinct themes. A naive evaluation of this algorithm
costs O(n®); we derive algebraic update rules at
order ¢ = 2 via the Frobenius norm that compute
each merge cost in O(1), reducing total complexity
to O(n?).

We validate Vendi Clustering on the task of topic
reduction using the 20 Newsgroups and AG News
text datasets. Our method yields higher coherence
and diversity than standard baselines (e.g., Agglom-
erative Clustering) and matches or surpasses LLM-
assisted reduction at a fraction of the cost. Our
contributions are: (1) a topic reduction method op-
timizing global diversity via efficient Vendi Score
updates, (2) an algebraic reformulation of the Vendi
Score at ¢ = 2 that enables global lookahead
at O(n?) total complexity, and (3) an empirical
demonstration that this approach matches, if not
surpasses, the quality of LLM-prompted topic re-
duction without requiring a language model.
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2 Related Work

Topic reduction is conventionally performed by ag-
glomerative clustering over topic representations.
Agglomerative methods iteratively merge clusters
according to a local linkage criterion (Sneath and
Sokal, 1973). The dominant criterion in topic re-
duction settings is centroid cosine similarity, a vari-
ant whose local nature inherits a long-known struc-
tural limitation of agglomerative methods: each
merge is made greedily on a pairwise cost, with
no objective evaluating the resulting partition glob-
ally (Dasgupta, 2016; Moseley and Wang, 2017;
Cohen-addad et al., 2019). This limitation is ampli-
fied in embedding-based settings because pairwise
distances concentrate in high dimensions (Beyer
et al., 1999), undermining the discriminative power
of any single nearest-pair decision. Vendi Cluster-
ing operates in the same indirect-reduction family
but replaces the local criterion with a global spec-
tral objective, addressing redundancy at the level
of the partition rather than the level of pairwise
distance.

2.1 Topic Modeling and the Reduction
Taxonomy

Topic modeling frameworks have evolved from
probabilistic generative models, such as Latent
Dirichlet Allocation (LDA; Blei et al., 2003; Hof-
mann, 1999), to embedding-based approaches (An-
gelov, 2020; Dieng et al., 2020; Sia et al., 2020)
that leverage pre-trained language model represen-
tations (Devlin et al., 2019; Wang et al., 2020).
BERTopic (Grootendorst, 2022) exemplifies this
modern paradigm, decomposing the topic modeling
process into three modular stages: (1) embedding
documents into a vector space, (2) dimensional-
ity reduction on these document embeddings (e.g.,
UMAP; Mclnnes et al., 2020), and (3) clustering
the reduced embeddings to discover latent topics
(e.g., HDBSCAN; Campello et al., 2013). Recent
work continues to refine the neural topic modeling
paradigm: FASTopic (Wu et al., 2024a) proposes
a transformer-based framework that is faster and
more stable than BERTopic, while other methods
use LLMs as topic generators directly (Pham et al.,
2024; Mu et al., 2024; Wang et al., 2023).

Across these frameworks, the burden of topic
granularity falls on the clustering or generation
stage. HDBSCAN, the default choice in BERTopic,
routinely produces hundreds of fine-grained over-
lapping topics on real-world corpora (Janssens

et al., 2025b). To produce a tractable and inter-
pretable model, practitioners apply post-hoc re-
duction. Janssens et al. (2025b) provide the first
systematic comparison of reduction strategies for
BERTopic, categorizing existing methods into two
families: direct reduction, which alters the initial
clustering phase, and indirect reduction, which op-
erates on the topics after they have been generated.

Direct vs. Indirect Reduction. Direct Reduc-
tion intervenes in the initial clustering phase, typi-
cally by raising HDBSCAN’s min_cluster_size,
coupling reduction to outlier detection and bias-
ing the final set toward compact, high-density re-
gions (Janssens et al., 2025b). [Indirect Reduc-
tion instead operates on already-generated topics,
with the standard method being agglomerative clus-
tering with cosine-similarity linkage on centroids.
This decouples reduction from outlier handling but
inherits local-linkage limitations: geometrically
close but distinct themes may merge while redun-
dant themes with drifted centroids remain sepa-
rate. Topics are typically represented either as
SBERT (Reimers and Gurevych, 2019) centroids or
via class-based TF-IDF (c-TF-IDF; Grootendorst,
2022), with Janssens et al. (2025b) finding c-TF-
IDF generally produces stronger reductions.

2.2 Modern LLM-Assisted Reduction

Large Language Models (LLMs) have recently
been integrated into the topic modeling pipeline
to enhance topic discovery and interpretability
(Stammbach et al., 2023; Pham et al., 2024; Wang
et al., 2023; Mu et al., 2024). In the specific con-
text of topic reduction, these frameworks attempt
to replace mathematical distance with semantic rea-
soning. As proposed by Janssens et al. (2025a), this
typically involves an iterative list-wise prompting
strategy. In this workflow, the model is initialized
with a set of m topics, each represented by its top
keywords or an LLM-generated topic label. At
each iteration, the entire list of current topics is
fed into the LLM with a prompt instructing it to
identify the indices of the single most semantically
similar pair. These two topics are then merged, the
list is updated, and the full prompt is re-submitted.
This cycle repeats until a target & is reached.
While LLM-assisted reduction offers a seman-
tic alternative to clustering heuristics, it faces dis-
tinct limitations. Most notably, it incurs substantial
computational overhead, particularly as the full
prompt must be re-processed for every iterative
merge. Additionally, limited context windows re-
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strict the number of topics that can be processed
simultaneously (Liu et al., 2024), impeding scal-
ability to larger topic counts. Furthermore, relia-
bility is inconsistent; Janssens et al. (2025a) report
that LLaMA-based models frequently fail to gener-
ate outputs when confronted with sensitive content.

3 Method

3.1 The Vendi Score

The Vendi Score (VS) was originally introduced
as a similarity-based spectral metric of diversity
(Friedman and Dieng, 2023). Given a collection of
samples {X;};—1, . and a positive semi-definite
similarity kernel K; ; = K (X;, X;) with K;; = 1,
VS is defined by:

VS = exp (— Z i log(/\i)>
i=1

where the )\; are the eigenvalues of the normal-
ized similarity matrix K /n. The Vendi Score has
been generalized to a broader family of diversity
measures, parameterized by a tunable exponent g
(Pasarkar and Dieng, 2024):

n O\ @9
VS, = (> N
i=1

3.2 The Vendi Clustering Framework

We introduce Vendi Clustering (VC), an agglom-
erative hierarchical clustering algorithm that treats
cluster formation as a global diversity-preserving
compression scheme. Unlike classical hierarchical
methods, such as single, complete, or Ward’s link-
age, which make merging decisions based on local
pairwise distances between clusters, VC is guided
by a global information-theoretic objective.

We define the Vendi Linkage between two can-
didate items (or clusters) a and b as the loss in total
diversity induced by their merger. Specifically, let
K be the similarity matrix of the current set of n
clusters. The calculation of the post-merge ma-
trix K’ requires a policy for representing the union
a U b. While the framework is compatible with var-
ious linkage functions, we focus on datasets where
items can be represented as vectors in a metric
space, allowing the merged cluster to be defined by
its geometric centroid. If merging a and b results
in a new similarity matrix K’ of size n — 1, the
linkage criterion is:

A(a,b) = VS(K) — VS(K")

By selecting the pair (a*, b*) = arg min A(a, b) at
each iteration, the algorithm greedily minimizes the
per-step reduction in spectral diversity, or the effec-
tive number of distinct components in the dataset.
This global criterion is designed to mitigate the
premature collapse of diversity often seen in lo-
cal linkage methods, where unique but proximal
clusters are merged early due to local density.

3.3 Vendi Clustering for Topic Reduction

We now apply the general VC framework to the
specific task of topic reduction. In this setting, the
input comprises a set of /m initial topic embeddings
{e;}™, C R? and their corresponding document
counts {n;}",, where n; denotes the number of
documents assigned to topic i.

We use the cosine kernel K;; = e;—ej on /o-
normalized topic embeddings. This matches the
standard similarity used in BERTopic reduction
and our agglomerative baseline. For normalized
embeddings, K is a positive semidefinite Gram
matrix with unit diagonal, making it a valid Vendi
kernel and providing the trace condition used by
our ¢ = 2 acceleration.

When two topics a and b are selected for a merge,
their new representation is calculated as the unit-
normalized weighted centroid:

Ng€q + Np€p
|ne€q + npepll2”

ean = ‘

Weighting by n; rather than averaging uniformly
prevents low-prevalence topics, which may in-
clude noise or niche outliers, from dominating the
merged representation.

Algorithm 1 shows Vendi Clustering in its most
general form, applicable to any diversity order q.
We present it here as a conceptual overview; the
procedure we run in practice shares this structure
but is substantially more involved, replacing the full
Vendi Score recomputation at each candidate merge
with the O(1) updates derived in section 3.4. The
optimized algorithm, with the cached row-square
sums and lookahead Gram matrix that those up-
dates require, is detailed in Appendix A.3.

3.4 Algebraic Acceleration and Complexity

Naively implementing Vendi Clustering is compu-
tationally prohibitive. At each iteration, the algo-
rithm must evaluate every possible pair of clusters
(O(n?) pairs) to identify the merge that maximizes
global diversity. Since the Vendi Score is a spectral
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Algorithm 1: Vendi Clustering for Topic
Reduction
Input :Topic embeddings {e;}!" ,, topic
sizes {n;}i", target Kirget
Output : Reduced topic set
Compute similarity matrix K with
K;; = cos(e;, ej);
V < VendiScore(K);
while m > kirger and m > 1 do
(a*,b*, A*) < None, None, 0o;
foreach ropic pair (a,b) do
Merge: equp = s st
Update K’ by replacing a, b with
merged topic;
V'’ + VendiScore(K');
A=V -V
if A < A* then
L store (a*,b*, A*, K", V'),

Apply best merge (a*, b*);
update K < K',V + V/,
m < m — 1, and topic set;

return reduced topics;

measure, a standard calculation for a single candi-
date pair requires a full eigendecomposition of the
similarity matrix (O(n?)). Consequently, the total
complexity to reduce n items to a single cluster
scales at a prohibitive O(n x n? x n3) = O(n%).

Fast Updates via Frobenius Norm. We over-
come this barrier by leveraging the properties of
the Vendi Score at order ¢ = 2. For a similarity
matrix K where tr(K') = n, the score simplifies to
VSy(K) = n?/| K||%, where || K ||% is the squared
Frobenius norm. This equality holds because, for
the eigenvalues \; of K /n,

ZA? = t((K/n)?) = | K| /n?,

allowing us to bypass a full eigendecomposition of
the similarity matrix.

Crucially, we derive an update rule that com-
putes the change in || K'||% for any candidate merge
in constant O(1) time. Because the merged cen-
troid is a linear combination of parent vectors, the
new similarity terms can be derived algebraically
from quantities that depend only on existing rows.
By caching row-square sums and maintaining a
lookahead Gram matrix G = KK |, we can eval-
uate the diversity loss for all O(n?) candidate

pairs in O(n?) time per iteration. This optimiza-
tion reduces the total algorithmic complexity from
O(nb) to a tractable O(n® + dn?), which effec-
tively scales as O(n?) during the iterative phase.
We provide the full algebraic derivation in Ap-
pendix A.1, the full time complexity derivation
in Appendix A.2, and the optimized caching pseu-
docode in Appendix A.3.

Complexity and Scalability. In practice, d is
either a small constant (SBERT, ~384) or effec-
tively sparse (c-TF-IDF), and n is the topic count
(10 to 10%), not the document count (10* to 109).
Since the initial density-based clustering handles
the document-level scale, VC operates only on the
much smaller topic space, and the cubic term typi-
cally completes in seconds.

3.5 The Choice of ¢ = 2

The choice of ¢ = 2 is principled, not merely con-
venient. As shown in section 3.4, VSa(K) reduces
to n?/|| K ||%: a function of the squared Frobenius
norm that connects it to a classical family of diver-
sity measures. Treating the normalized eigenvalues
of K /n as a distribution over spectral components
(they sum up to one by construction), 1/VS, re-
covers the Simpson concentration index, whose
complement, 1 — 1/VS,, corresponds to the Prob-
ability of Interspecific Encounter (PIE; Simpson,
1949; Hurlbert, 1971) from ecology: the chance
that two samples drawn at random fall into differ-
ent components. Under this reading, VSo measures
the effective number of distinct topics in the set: a
set of n perfectly orthogonal topics gives VSo = n,
while overlapping or redundant topics collapse it
toward a smaller effective count. VC’s merge cri-
terion therefore has a direct operational reading:
select the merge that reduces this effective topic
count by the smallest amount.

Lower orders (¢ < 1, including the original
VS at ¢ = 1) weight small eigenvalues more
heavily, making the score sensitive to low-signal
residuals (stop-word groups, near-empty clusters)
that density-based methods often produce. The
quadratic weighting at ¢ = 2 dampens these and
focuses on dominant thematic structure, while also
enabling the O(1) Frobenius update (section 3.4).

Empirically verifying the choice across orders
is itself constrained by computation: ¢ # 2 re-
quires O(n®) in our setup, tractable only at small
initial topic counts. We run a sensitivity ablation
at the smallest practical scale: BERTopic’s output
on 20 Newsgroups (n = 139, c-TF-IDF) reduced
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Table 1: Main Results. Vendi Clustering (VC) vs. Agglomerative Clustering (AC) and LLM-based reduction
(Gemma-3-12b-it, GPT-40-mini) on 20 Newsgroups and AG News. Means =+ standard deviations across three seeds;
best per k in bold. Gemma’s seed 42 halted prematurely on 20 Newsgroups; statistics for k& € {25, 50} exclude it.

20 Newsgroups

AG News

Method Cy

NPMI

TD

Cy

NPMI

TD

25

VC (c-TF-IDF) 0.5815--0.0104
VC (SBERT) ~ 0.5513-0.0063
AC (c-TF-IDF) 0.541440.0450
AC (SBERT) ~ 0.5054--0.0077
LLM (Gemma) 0.5763--0.0034
LLM (GPT)  0.5785--0.0190

0.0498+0.0031
0.05294-0.0007
0.0249+0.0232
0.0169+0.0060
0.0563+0.0107
0.0589+0.0057

0.8800+0.0069
0.68934-0.0083
0.818140.0087
0.4042+0.0150
0.652010.0962
0.8213+0.0234

0.8161+0.0026
0.805740.0100
0.6078+0.0234
0.5466+0.0204
0.716040.0435
0.7547+0.0217

0.2802+0.0049
0.26654-0.0026
0.1395+0.0123
0.089540.0090
0.199040.0313
0.2044+0.0167

0.9640+0.0080
0.945340.0061
0.7931+0.0146
0.722240.0168
0.94204-0.0085
0.9267+0.0180

50

VC (c-TF-IDF) 0.6189+0.0173
VC (SBERT)  0.5900+0.0066
AC (c-TF-IDF) 0.5753+0.0180
AC (SBERT)  0.5426+0.0180
LLM (Gemma) 0.5868+0.0041
LLM (GPT) 0.6010+0.0126

0.0779+0.0122
0.06354-0.0057
0.05324+0.0132
0.0418+0.0093
0.05644-0.0160
0.0622+0.0106

0.8667+0.0151
0.7867+0.0058
0.8238+0.0066
0.6177+0.0082
0.69904-0.0665
0.8187+0.0260

0.8247+0.0075
0.815040.0139
0.714640.0103
0.6880+0.0086
0.721440.0574
0.7922+0.0134

0.2708+0.0055
0.26754-0.0097
0.201040.0089
0.1681+0.0045
0.19964-0.0398
0.2328+0.0165

0.932740.0031
0.9420+-0.0072
0.892540.0062
0.8612+0.0134
0.931040.0156
0.9093+0.0023

100

VC (c-TF-IDF) 0.6326+0.0065
VC (SBERT) 0.6174+0.0066
AC (c-TF-IDF) 0.6160+0.0034
AC (SBERT)  0.6200+0.0091
LLM (Gemma) 0.6188=+0.0032
LLM (GPT) 0.614940.0095

0.0734+0.0038
0.065140.0064
0.0685+0.0021
0.0716+0.0078
0.06184-0.0084
0.064410.0046

0.8443+0.0012
0.820740.0093
0.820240.0090
0.7694+0.0132
0.7447+0.0197
0.8150+0.0095

0.8297+0.0041
0.823140.0028
0.7768+0.0096
0.7605+0.0031
0.771640.0030
0.7908+0.0041

0.2725+0.0008
0.262140.0027
0.237440.0057
0.2156+0.0025
0.22444-0.0038
0.233140.0056

0.8940+0.0130
0.865740.0085
0.8909+0.0056
0.8438+0.0048
0.85154-0.0064
0.8483+0.0202

to k = 50 for ¢ € {0.1,0.5,1.0,1.5,2.0,5.0, 00}.
As shown in Appendix C, no order meaningfully
outperforms ¢ = 2: the total metric range across
all q values averages just 3.1% of the mean, with
q = 2 achieving the best or tied-best score on every
metric. Combined with the 80x speedup, this sup-
ports the choice on both principled and empirical
grounds.

4 Experimental Setup

4.1 Datasets and Preprocessing

We evaluate Vendi Clustering on two standard text
classification benchmarks that span contrasting
evaluation regimes: 20 Newsgroups (18,846 long-
form discussion documents, mean 181.6 words)
and AG News (127,600 short-form news docu-
ments, mean 39.9 words).

To retain maximum contextual information for
the transformer-based embedding module and en-
sure fair comparison across methods, the datasets
are left completely unprocessed. We avoid tradi-
tional stop-word removal or lemmatization, as evi-
dence suggests that Sentence-BERT (SBERT) em-
beddings perform most effectively on raw, natural
language text (Janssens et al., 2025b).

4.2 Evaluation Metrics

To assess the quality of the reduced topic mod-
els, we utilize three standard lexical-statistical
proxies that approximate human interpretability
and topic diversity. Topic Coherence is evalu-

ated using Normalized Pointwise Mutual Informa-
tion (NPMI), which quantifies the semantic related-
ness of a topic’s top keywords based on their joint
occurrence within the corpus. Ranging from -1
(complete divergence) to 1 (perfect co-occurrence),
NPMI is widely used as an automatic proxy for
local topic interpretability (Bouma, 2009; Roder
et al., 2015), although it does not perfectly align
with human judgments (Hoyle et al., 2021). We
further include C,, coherence (Rdder et al., 2015),
which combines a sliding-window co-occurrence
measure with cosine similarity between word con-
text vectors to provide a more nuanced view of
thematic consistency.

Topic Diversity (TD) is measured following the
definition by Dieng et al. (2020) in the context of
the Embedded Topic Model (ETM). It is calculated
as the ratio of unique words present in the top-10
keywords across all topics to the total number of
keywords. This metric provides a global assess-
ment of the model’s ability to discover distinct,
non-redundant themes while penalizing the over-
production of overlapping topics.

4.3 Experiment Protocols

We evaluate Vendi Clustering across three proto-
cols, each targeting a different baseline family. All
three start from a BERTopic base model with stan-
dard parameters.

Protocol 1: Vendi Clustering vs. Agglomer-
ative Clustering. We employ a 2 x 2 factorial
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Figure 1: Vendi Clustering Trajectory on 20 Newsgroups. VSo, NPMI, C,,, and Topic Diversity over k = 139 —

1.

design crossing reduction method (VC vs. AC)
with topic representation (SBERT vs. c-TF-IDF),
reducing the base model to k& € {25,50, 100}. To
account for UMAP stochasticity, all experiments
were repeated across three random seeds (42, 43,
44), with reported metrics representing the mean
and standard deviation across trials. This design
allows us to determine if Vendi Clustering offers
consistent improvements across different embed-
ding types and levels of granularity, or if its benefits
are specific to certain representations.

Protocol 2: Vendi Clustering vs. LLM-
Assisted Merging. We benchmark against the iter-
ative LLM-assisted reduction strategy of Janssens
et al. (2025a), evaluating two LLMs used in their
study on the same targets as Protocol 1: Gemma-3-
12b-it (locally deployable) and GPT-40-mini (fron-
tier API). Gemma-3-12b-it represents the realis-
tic local-deployment scenario: the kind of setup
a researcher can stand up end-to-end on a single
consumer-grade GPU without API access. Mem-
ory constraints on a single Ampere GPU under
vLLM require 4-bit quantization to host the model
end-to-end. The standard top-10 keyword represen-

tation also exceeds Gemma’s 8192-token context
window at initial counts of k£ ~ 150-200, so we
truncate each topic to its top-5 keywords, the mini-
mum needed to keep the full prompt within budget.
The model occasionally produced malformed out-
puts, halting reduction prematurely for some seeds
(noted in section 5.1). GPT-40-mini is run via the
API with the standard top-10 keywords per topic.
The full prompt template is in Appendix G.

Protocol 3: Vendi Clustering vs. Direct
HDBSCAN Tuning. To evaluate whether VC
can decouple reduction from outlier rejection, we
use a shadowing design: we generate a fine-
grained base model with low min_cluster_size,
then create matched comparison states by train-
ing separate BERTopic models with stricter
min_cluster_size values under both eom and
leaf selection. For each target, we apply VC
to the fine-grained base model until topic counts
match, then compare the resulting outlier ratios
(the proportion of documents classified as noise by
HDBSCAN) of the resulting models to determine if
Vendi Clustering is able to achieve the same level of
compression as Direct Reduction while preserving
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Figure 2: Outlier Stability. Outlier ratios for VC (solid blue) vs. Direct HDBSCAN tuning (dashed red) across

topic counts (k). Left: 20 Newsgroups; Right: AG News.

document assignments that density-based tuning
would otherwise discard.

Supplementary comparison with standalone
topic models.

Our primary experiments hold the BERTopic
base model fixed to isolate the effect of the topic re-
duction method. For broader context, Appendix F
compares BERTopic reduced with VC against stan-
dalone LDA, CombinedTM, ETM, and FASTopic
models. This supplementary experiment compares
complete topic-modeling pipelines rather than re-
duction methods in isolation and may be useful
to topic modeling practitioners choosing between
native-k modeling and post-hoc topic reduction.

5 Results and Discussion

5.1 Indirect Reduction Methods Benchmark

We begin by evaluating Vendi Clustering against
two distinct paradigms of indirect topic reduction.
While all three methods share the same iterative
mechanism, merging one topic pair per step until
a target k is reached, they fundamentally differ in
their selection criteria: Agglomerative Clustering
minimizes local centroid distance, LLM-Merging
utilizes semantic reasoning to identify redundancy,
and Vendi Clustering optimizes for global spectral
diversity.

Performance Analysis. Vendi Clustering with
c-TF-IDF representations dominates across nearly
all coherence and diversity metrics at every target
k (Table 1), surpassing both the Agglomerative
baselines and the SBERT-based variants on C,, and
TD at every target. The sole exception is NPMI

on 20 Newsgroups at k = 25, where GPT-40-mini
leads narrowly; VC retains the lead on C, and TD.
Gemma shows a similar NPMI advantage at k = 25
but at a severe cost to coverage, with TD collapsing
to 0.6520 against Vendi’s 0.8800.

Trajectory Analysis: The Three Phases of Re-
duction.

Figure 1 suggests that VC’s reduction trajectory
unfolds in three phases, with changes in VS mir-
rored by the other quality metrics. To test whether
the visually apparent boundaries correspond to
changes in slope, we fit a continuous piecewise-
linear model to the VS, trajectory. The model iden-
tifies breakpoints at £ = 69 and k = 21, closely
matching the observed boundaries around k£ = 70
and k£ = 20 and thereby quantitatively supports this
three-phase reading (Appendix D).

In the Deduplication phase (k = 139 — 70),
VS, is nearly flat, coherence (C,, NPMI) holds
steady, and TD increases, indicating duplicate re-
moval. The Abstraction phase (k = 70 — 21)
shows VSs declining steadily while coherence
and TD remain stable, as the algorithm folds
sub-themes into broader categories without losing
meaning. Below k& = 21, the trajectory enters Se-
mantic Collapse: C', and NPMI fall sharply, while
TD approaches 1.0 as a consequence of the small
number of remaining topics rather than improved
quality. Notably, k£ = 20 is exactly the number of
ground-truth categories in 20 Newsgroups: sugges-
tive rather than conclusive, but consistent with VC
having resolved the dataset’s intrinsic dimensional-
ity.

Robustness of Global Objective. Our results
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Table 2: Protocol 3 Results: Comparison of Vendi Clustering (VC) vs. Direct HDBSCAN Tuning. Left: 20
Newsgroups; Right: AG News. VC consistently achieves higher coherence and diversity while matching target

topic counts (k).

Dataset: 20 Newsgroups

Dataset: AG News

Config k Method C, NPMI TD Config k  Method C, NPMI TD

mes=30 4 Vendi 0.6077 0.0646 0.8718  mcs=200 84 Vendi 0.8392 0.2873 0.9417
eom HDBSCAN 0.5811 0.0598 0.6775 eom HDBSCAN 0.8011 0.2346 0.8476
mcs=30 103 Vendi 0.6284 0.0702 0.8330 mcs=200 107 Vendi 0.8395 0.2821 0.9234
leaf HDBSCAN 0.6451 0.0816 0.7282  leaf HDBSCAN 0.8283 0.2544 0.8308
mes=40 44 Vendi 0.6104 0.0642 0.8705 mcs=225 7 Vendi 0.8433 0.2894 0.9577
eom HDBSCAN 0.5402 0.0402 0.5409 eom HDBSCAN 0.8132 0.2377 0.8606
mcs=40 67 Vendi 0.6084 0.0652 0.8746  mcs=225 93 Vendi 0.8385 0.2856 0.9366
leaf HDBSCAN 0.5940 0.0653 0.6299 leaf HDBSCAN 0.8346 0.2563 0.8409
mes=50 5, Vendi 0.6033 0.0544 0.8762 mcs=250 65 Vendi 0.8463 0.2931 0.9646
eom HDBSCAN 0.5107 -0.0013 0.3190 com HDBSCAN 0.8007 0.2272 0.8554
mcs=50 53 Vendi 0.5928 0.0584 0.8698 mcs=250 33 Vendi 0.8410 0.2883 0.9434
leaf HDBSCAN 0.5661 0.0525 0.5698 leaf HDBSCAN 0.8274 0.2466 0.8313

further indicate that the benefits of the Vendi Score
are robust to the choice of underlying representa-
tion. While c-TF-IDF proved optimal, Vendi Clus-
tering applied to SBERT embeddings frequently
emerged as the second-best performing method,
consistently outpacing the traditional Agglomera-
tive approaches. For instance, on the AG News
dataset (Table 1), Vendi (SBERT) surpassed both
Agglomerative Clustering methods and Gemma on
both coherence measures (C,,, NPMI) and topic
diversity (TD).

Global Diversity Gains. Optimizing for global
spectral diversity rather than local pairwise simi-
larity allows VC to maintain high topic diversity
even under aggressive compression. At k = 25
on 20 Newsgroups, VC (c-TF-IDF) improves TD
by 35% over Gemma and 7% over GPT-40-mini.
This suggests a structural limitation of pairwise
LLM-merging: while LLMs identify synonymy be-
tween two topics effectively, they appear less able
to preserve the distinctness of the entire topic distri-
bution, even at full precision with top-10 keyword
context.

Computational Cost. Beyond quality, VC is sig-
nificantly cheaper than LLM-prompted reduction.
A full reduction completes in single-digit seconds
on both datasets, whereas the LLM baselines re-
quire minutes per run because the entire topic list
must be re-processed at every merge. Across both
datasets, both representations, and all target k, VC
is over 40x faster than the LLM baselines, and
up to 408 faster in the SBERT setting. VC and
standard agglomerative clustering are comparably

fast, so this speed comes at no runtime cost over the
standard topic reduction baseline. Full wall-clock
timings are reported in Appendix E.

5.2 Granularity vs. Information Loss

Direct HDBSCAN tuning bundles topic reduction
with outlier rejection: a single parameter controls
both granularity and noise tolerance, forcing practi-
tioners to retune both jointly. We evaluate whether
Vendi Clustering can decouple these conflicting
objectives. We compare our method against two
Direct HDBSCAN Reduction strategies: Leaf se-
lection (which prioritizes fine-grained structure)
and Excess of Mass (EOM) (which prioritizes
data retention).

Decoupling Outlier Detection from Reduction.
As illustrated in Figure 2, Direct Reduction exhibits
high volatility in data retention. For example, on
the 20 Newsgroups dataset, attempting to reduce
topics via HDBSCAN’s leaf selection caused the
outlier ratio to spike from roughly 30% to over
54%. Conversely, while EOM selection successfully
minimized outliers (dropping as low as 11.9%),
it did so at the cost of semantic coherence, with
NPMI scores collapsing to near-zero (-0.0013) in
the low-granularity settings. This suggests EOM
achieves data retention by absorbing low-density
regions into broader clusters, at the cost of coher-
ence within those clusters.

In contrast, Vendi Clustering maintains a con-
stant outlier ratio across all target topic counts. By
fixing the initial density threshold to a fine-grained
base model, VC allows the practitioner to lock in a
noise tolerance up front and reduce topics without
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retuning it. Note that this stability is a property
of predictability, not minimization: an appropri-
ately tuned HDBSCAN configuration can poten-
tially achieve lower outlier rates at specific k val-
ues, but the rate is a sensitive and non-monotonic
function of the parameter setting. VC offers prac-
titioners a fixed outlier budget regardless of target
topic count, which is qualitatively different from
competing on outlier rate directly.

Quality at Fixed Granularity. Even when con-
strained to match the specific topic counts produced
by HDBSCAN tuning, VC consistently yields
higher quality metrics. In the AG News bench-
mark (table 2), when VC was applied to reach
the same k as the HDBSCAN baselines, it outper-
formed them on C,, coherence and Topic Diversity
(TD) in every single trial. Notably, when matching
the k£ = 83 target set by HDBSCAN (AG News,
min_cluster_size=250), VC achieved a C, of
0.8410 compared to the baseline’s 0.8274, while
simultaneously maintaining a significantly lower
outlier ratio (34.6% vs 49.8%) than the comparable
leaf configuration.

These results indicate that Vendi Clustering al-
lows users to retain the granularity of fine-grained
density settings while achieving the compactness
of low-k models.

6 Conclusion

In this work, we introduced Vendi Clustering, a hi-
erarchical framework that fundamentally reframes
the clustering objective from local distance mini-
mization to global diversity preservation. By inte-
grating the Vendi Score, a spectral measure of the
effective number of components, into the merge
criterion, our method eliminates the “myopic” be-
haviors inherent to standard agglomerative linkage
and the “high-density bias” of direct parameter tun-
ing. We further show that the theoretical benefits of
this global criterion need not come at a prohibitive
computational cost. Through our derivation of alge-
braic updates for the Frobenius norm, we reduced
the complexity of the diversity lookahead from
O(n%) to O(n?), making spectral diversity opti-
mizations tractable for real-world applications.
Empirically, Vendi Clustering produced topic
sets more coherent and diverse than standard base-
lines, while decoupling topic granularity from out-
lier rejection: practitioners can topic-model once
and reduce to any target k without the volatility
of density-based retuning. Most notably, it outper-

formed LLM-assisted reduction on the majority of
coherence and diversity metrics while remaining
deterministic and orders of magnitude faster.

Limitations

Vendi Clustering is designed for post-hoc topic
reduction, where the input size n is the number
of latent topics (typically 10 to 10%) rather than
the document count. At this scale, the O(n?) time
complexity and O(n?) memory cost complete in
seconds. The method is therefore not intended
for direct document-level clustering at a corpus
scale (n in the 105 — 107 range), where memory
alone could become prohibitive. For such settings,
density-based clustering remains the appropriate
first stage, with VC applied subsequently to the
resulting topic set.

Our O(1) per-pair update rule is specific to
q = 2: the Frobenius-norm decomposition that
enables it does not extend to general g. While
our ablation (section 3.5) shows that ¢ = 2 pro-
duces topic quality comparable to other diversity
orders across the configurations tested, applications
that require a particular ¢ value would need the
slower eigendecomposition-based approach. Ap-
proximation methods such as Nystrom (Williams
and Seeger, 2000) offer a possible direction for
scaling beyond ¢ = 2, which we leave to future
work.

Our evaluation is restricted to two English-
language benchmarks. While 20 Newsgroups and
AG News represent contrasting regimes: long-form
discussion (~ 180 words/document) and short-
form news (~ 40 words/document), they do not
exhaust the conditions under which topic reduction
is practically deployed. Noisier corpora such as
social media, domain-specific corpora such as sci-
entific or legal text, and multilingual settings may
surface failure modes that English long-form and
news text do not, and we leave systematic evalua-
tion in these regimes to future work.

We evaluate topic quality through automatic
lexical-statistical metrics (C,,, NPMI, Topic Diver-
sity). While this protocol mirrors standard practice
in directly comparable topic modeling work, au-
tomatic metrics are imperfect proxies for human
interpretability (Hoyle et al., 2021). Human evalua-
tion and LLM-judge evaluation would complement
the present analysis.
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A Derivations and Complexity Analysis

In this appendix, we provide the mathematical foun-
dations for the efficient implementation of Vendi
Clustering with ¢ = 2. We first derive the algebraic
update rules for the Frobenius norm, then analyze
the computational complexity, and finally present
the pseudocode of the optimized algorithm.

A.1 Derivation of the Fast Update Rule

In this section, we derive a constant-time expres-
sion for evaluating each candidate merge under
the Vendi Score of order ¢ = 2. Recall that for a
similarity matrix K € R™*" with tr(K) = n, the
Vendi Score is given by:

n? B n? 0
2 2
K% 22] K
At each step of the algorithm, we consider merging
two clusters a and b into a new cluster p = a U b.
This transforms the matrix K (size n X n) into K’

VSy(K) =
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2
—— and

(size (n—1)x(n—1)). Since VSy(K) = ”[’;”%
all candidate matrices K’ at a given iteration share
the same size (n — 1), minimizing the diversity loss
A(a, b) is equivalent to minimizing the Frobenius
norm || K’||%. Thus, rather than recomputing the
full score for every candidate merge, our algorithm
searches for the pair (a, b) that yields the minimum
1K1

Linearity and Normalization. Let the unnor-
malized centroid be v, = nye, + nyep. To main-
tain unit-norm representations, so that cosine simi-
larity equals the inner product, we must normalize
it: €, = v,/||v,||. The normalization constant is
given by:

Cav = Ivpll* = ng +nf + 2nampKap ()
Consequently, the similarity between the new clus-
ter p and any existing cluster j is:
neKqj + npKyj

Ve

Decomposition of the Frobenius Norm. Let
R; = Z?Zl K 123 denote the squared norm of row 7.
We express the post-merge Frobenius norm as

3)

Kpj = <epaej> =

1K' = | K3 — Dab + Aabs
Dap = 2Ro + 2Ry, — 2K2, — 2,

A =2 Kj+1,
j;éavb

where D, collects the entries removed with rows
and columns a and b, and A, collects the entries
introduced by the merged cluster p. The factors
of 2 account for the symmetry of K. Within D,
the term —2K 2b corrects for double-counting the
two off-diagonal entries K, and Kp,, while the
constant terms account for replacing the two unit
diagonal entries K, and Ky, with the single entry
Ky, =1

Constant-Time Calculation via the Looka-
head Matrix. The remaining bottleneck is the
squared norm of the new similarity row, excluding
the merged clusters a and b. Define

4

Ugb,j = Nalqj + npKy;. ®))

By the normalized centroid expansion above,
K,; = ua,;j/Cap. Therefore, defining T, :=
> izap Ky We obtain

pJ’
1
T =7 D Yaby- ©)
ab j#a,b

To evaluate T}, without iterating over j, we use
the cached row-square sums R; = )7, K7, and
the lookahead Gram matrix G = KK ". Excluding
indices a and b gives

> K =R,—1-K2%  (7)
j#ab
Y Ki=R,—-1-K2% (8
j#ab
Z KojKpj = Gap — 2K gp- )
j#ab

The final identity follows from the symmetry of K
and the unit-diagonal conditions K, = Kp, = 1.
Expanding u?bb’ ; and substituting these identities
into eq. (6) yields
CZ T =n2 (Ry— 1 — K2)

g (R 1- K2)

+ 2nanb (Gab - 2Kab) .

(10)

Consequently, 7,5, and hence the added contribu-
tion A, = 2T, + 1, can be evaluated in O(1)
using cached quantities.

A.2 Complexity Analysis

We analyze the computational cost of the optimized
algorithm 2. The complexity is defined by two pri-
mary phases: Initialization and the Iterative Merg-
ing Loop.

Initialization: O(dm? + m?). The algorithm
begins by computing the pairwise cosine similar-
ity matrix K € R™ ™ from the input topic em-
beddings £ € R™*¢. Computing K requires
@ dot products of dimension d, yielding a
cost of O(dm?). Following this, the algorithm ini-
tializes the lookahead structures. The Gram matrix
G = KK " involves multiplying two m x m matri-
ces. While naively O(m?), this occurs only once.
Similarly, the row-square-sum vector R requires
a single pass over K, costing O(m?). The total
initialization cost is dominated by O(dm?) in high-
dimensional settings or O(m?) in low-dimensional
ones. It is worth noting that in most practical topic
modeling scenarios, this initialization is highly effi-
cient. For sparse lexical vectors (e.g., c-TF-IDF),
the effective d scales only with the number of non-
zero entries. Conversely, for dense semantic em-
beddings (e.g., Sentence-BERT), d is typically a
small constant (e.g., 384 or 768) often comparable
to the topic count m, ensuring that initialization
effectively scales as O(m?).
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Iterative Merging Phase: O(m3). The algo-
rithm performs (m — Kiarger) merge iterations. Let
t denote the current number of topics, decreasing
from m to karger. The iterative phase consists of
two steps: Search and Update. In the Search Step,
the algorithm evaluates @ ~ O(t?) candidate
pairs. Thanks to the derivation in appendix A.1,
evaluating the diversity change A, for a single pair
involves only constant-time algebraic operations
on cached values (R, Ry, Gap, Kap, Mg, np). The
total search cost per iteration is therefore:

Search Cost = O(t?) x O(1) = O(t?)

In the Update Step, once the optimal pair is iden-
tified, the algorithm computes the new centroid
énew N O(d) and the new similarity row Kyey in
O(t). Crucially, updating the Gram matrix G after
a merge requires updating O(t?) cached entries,
costing O(t?). The update cost per iteration is:

Update Cost = O(t* + d) =~ O(t?)

Total Complexity. Summing the costs over all
iterations yields the total runtime complexity:

(0 +0(t%)

NE

T(m) ~

I
B

O (zm: t2> = 0(m?).
t=1

Thus, the total complexity of Vendi Clustering is
O(m? + dm?). This cubic scaling is comparable
to classical hierarchical procedures with non-trivial
global or geometric updates. The early iterations,
when ¢ =~ m, dominate the total cost, while later it-
erations become progressively cheaper as the topic
set shrinks.

Comparison with Naive Approach:

Without the algebraic acceleration derived in
this work, evaluating the Vendi Score requires a
full eigendecomposition O(¢3) for every candidate
pair. This results in a search cost of O(t? x 3) =
O(t5) per iteration, leading to a prohibitive total
complexity of O(m5). Our optimization therefore
reduces the asymptotic complexity from O(m9) to
O(m?).

an

Q

A.3 Optimized Implementation

While Algorithm 1 in the main text illustrates the
conceptual flow, the efficient implementation uti-
lizes the cached structures described above. Here,

NormChange(a, b) evaluates Aq in constant time
using the current cached quantities R, G, K, and
the topic sizes, as derived in eqs. (4) and (10).

Algorithm 2: Optimized Vendi Clustering
(Fast Updates)
Input :Topic embeddings {e;}!" ,, topic
sizes {n;};", target Karget
Output : Reduced topic set
Compute similarity matrix K with
K;; = cos(e;, e;);
Compute Gram matrix G < KK and
row-square sums R;
while m > ke do
(a*,b*,Q*) < None, None, +00;
foreach ropic pair (a,b) do
Agq < NormChange(a, b);
if Ag < Q* then
OF AQ;
L (a*,b*) < (a,b);

Nnew <= Ng* + Npx;

Compute weighted centroid ey, for
a* U b*

Calculate normalized similarity row
Khew from K+ and Kp«;

Replace a* and b* with the merged topic,
updating K, GG, R, and the topic sizes;

m<+ m—1;

return reduced topics;

B Implementation Details

This appendix details the embedding, dimension-
ality reduction, clustering, and topic representa-
tion components of the BERTopic base model from
which all reduction methods start. All unspecified
parameters are left at the corresponding library de-
faults.

Embedding model. We embed documents with
sentence-transformers/all-MinilLM-L6-v2,
producing 384-dimensional vectors. The same
checkpoint is used for both datasets and across all
three protocols.

Dimensionality reduction. Document embed-
dings are projected with UMAP (Mclnnes et al.,
2020) prior to clustering, using n_neighbors=15,
n_components=5, min_dist=0.0, and cosine dis-
tance. The random_state is set to the trial seed
(42, 43, or 44) to make UMAP’s stochastic ini-
tialization reproducible within each trial; reported
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Table 3: Protocol 3 Results (SBERT): Comparison of Vendi Clustering (VC) vs. Direct HDBSCAN Tuning.

Dataset: 20 Newsgroups

Dataset: AG News

Config k Method Cy NPMI TD Config k Method C, NPMI TD
mcs=30,eom 71 Vendi 0.5954 0.0605 0.8254 mcs=200,eom 84 Vendi 0.8161 0.2548 0.9095
HDBSCAN 0.5811 0.0598 0.6775 HDBSCAN 0.8011 0.2346 0.8476
mcs=30, leaf 103 Vendi 0.6132 0.0611 0.8136  mcs=200, leaf 107 Vendi 0.8152 0.2566 0.8888
HDBSCAN 0.6451 0.0816 0.7282 HDBSCAN 0.8283 0.2544 0.8308
mcs=40, eom 44 Vendi 0.5759 0.0591 0.7591 mcs=225,eom 71 Vendi 0.8203 0.2606 0.9296
HDBSCAN 0.5402 0.0402 0.5409 HDBSCAN 0.8132 0.2377 0.8606
mcs=40, leaf 67 Vendi 0.5851 0.0552 0.8164 mcs=225,leaf 93 Vendi 0.8159 0.2571 0.9043
HDBSCAN 0.5940 0.0653 0.6299 HDBSCAN 0.8346 0.2563 0.8409
mes=50, eom 21 Vendi 0.5585 0.0518 0.6810 mcs=250,eom 65 Vendi 0.8183 0.2605 0.9323
HDBSCAN 0.5107 -0.0013 0.3190 HDBSCAN 0.8007 0.2272 0.8554
mcs=50, leaf 53 Vendi 0.5875 0.0624 0.7962 mcs=250, leaf 83 Vendi 0.8154 0.2546 0.9145
HDBSCAN 0.5661 0.0525 0.5698 HDBSCAN 0.8274 0.2466 0.8313

metrics are mean and standard deviation across the
three seeds.

Table 4: Base-model min_cluster_size by protocol
and dataset. HDBSCAN’s min_samples inherits this
value by default.

Protocol 20 NG AG News
Protocols 1, 2 (vs. AC, LLM) 15 100
Protocol 3 (vs. HDBSCAN) 15 50

Clustering. Topics are discovered by HDB-
SCAN (Campello et al., 2013) on the UMAP-
reduced embeddings, using Euclidean distance
and cluster_selection_method=eom. For Pro-
tocols 1 and 2 (section 5.1), this base model is
reduced by VC, agglomerative clustering, or LLM-
prompted merging. For Protocol 3 (section 5.2),
the same base model is reduced by VC and com-
pared against separate BERTopic models trained
with stricter min_cluster_size values; the grids
for these stricter comparison models are reported
in Table 2.

C Additional Experimental Results

This appendix provides supplementary experiments
and performance benchmarks that complement the
main evaluation. Table 5 examines sensitivity of
Vendi Clustering to the diversity order of ¢, while
table 3 reports supplementary SBERT-based results
for Protocol 3.

D Quantitative Analysis of the Trajectory

To assess whether the three regions observed in Fig-
ure 1 correspond to changes in the rate of diversity
loss, we fit a continuous piecewise-linear model to

VS, as a function of k (Figure 3). We selected two
integer breakpoints by exhaustive search, enforcing
continuity between segments. The best fit identifies
breakpoints at k = 69 and k£ = 21 and explains
99.5% of the variation in VSy (R? = 0.9949).
The corresponding slopes are 0.0061, 0.2648, and
0.6856, capturing the near-flat, moderate-decline,
and sharp-decline regimes described in the main
text. The close agreement between these break-
points and the boundaries observed across VSs,
coherence, and topic diversity provides quantita-
tive support for the three-phase interpretation.

E Timing Results

Table 6 reports wall-clock reduction time in sec-
onds for Vendi Clustering (VC), Agglomerative
Clustering (AC), and the LLM-prompted baselines
for k € {25,50,100}. VC and AC timings cover
both the ¢-TF-IDF and SBERT representations;
LLM timings cover Gemma-3-12b-it (local, 4-bit)

Table 5: g-sensitivity on 20 Newsgroups (¢ = 50).
Vendi Clustering uses c-TF-IDF representations. Metric
differences fall within seed variation, whereas ¢ = 2 is
approximately 80x faster than the other orders.

q Cy NPMI TD
0.1 0.612£0.021 0.075+£0.011  0.863 £0.013
05 0.616+£0.018 0.077£0.010 0.865+£0.017
1.0 0.619£0.021 0.078£0.011  0.860 £ 0.012
1.5 0.616+0.023 0.077+£0.013 0.863 & 0.008
20 0.619+0.017 0.078+0.012 0.867 +0.015
50 0.615+£0.020 0.076 £0.012 0.859 £0.015
oo 0.6154+0.020 0.076 £0.012 0.859 +£0.015

q 01 05 10 15 20 50 o0

Time (s) 321.1 334.9 348.0 366.2 4.2 362.6 333.8
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Table 6: Reduction time in seconds. Mean + standard deviation across three seeds unless otherwise noted.

20 Newsgroups AG News

Method k=25 k =50 k=100 k=25 k =50 k=100

VC (c-TF-IDF) 2.844+0.13 297+0.08 282+0.11 6.05+0.50 5.834+0.52  6.09+0.32
VC (SBERT) 1.61 £0.04 186=£0.06 2.08+0.03 2.98+0.03 3.07+£0.05 3.28 +0.09
AC (c-TF-IDF) 207 +£051 2124053 2504+0.68 3.11+0.24 3374031 3.731+0.26
AC (SBERT) 195+0.13 2.06+£0.05 224+0.10 2.87+0.02 3.144+0.19 3.31+0.06
LLM (GPT-40-mini) 330.6+£79 2512+£51 117.9+4.6 996.3 +3404 786.1 £ 168.1 534.6 £ 18.3
LLM (Gemma-3-12b-it)" 656.4 + 18.5 547.0+20.5 293.5+ 14.2 10058 4+ 594 888.7+55.8 626.3 & 60.5

“For 20 Newsgroups, Gemma seed 42 halted at & = 83 and therefore did not reach k € {25, 50}. The corresponding cells are
averaged over seeds 43 and 44. At k = 100, all three seeds reached the target. This matches the seed handling in Table 1. All

AG News cells and all other rows use three seeds.

Abstraction

Deduplication Collapse

30 A

25 - 0.006

20 o
o~

n
> 15 A

10 9 b1 =69, b, =21
R?=0.9949

5 -
Observed VS;
Q - === Piecewise-linear fit

140 120 100 80 60 40 20
Number of topics k

Figure 3: Piecewise-linear fit to the VS, reduction
trajectory. Dashed lines mark the fitted breakpoints
at k = 69 and £ = 21, and blue values report the
segment slopes dVSsy/dk (the k-axis runs from high
to low). The fit captures the near-flat Deduplication
regime, the steadier decline during Abstraction, and the
sharp decline during Semantic Collapse (R? = 0.9949).

and GPT-40-mini (API). Values are mean =+ stan-
dard deviation across all three seeds (42, 43, 44)
unless otherwise noted in the table footnotes. VC
and AC are comparably fast, both completing in a
few seconds, whereas the LLM baselines require
hundreds to thousands of seconds; relative to the
LLM baselines, VC’s speedup exceeds 40 in ev-
ery configuration and reaches 408 x in the fastest
(SBERT) setting.

F Standalone Topic Models

Our primary experiments compare topic-reduction
methods while holding the underlying BERTopic
model fixed. A complementary question is whether
post-hoc reduction is useful relative to fitting a
topic model directly at the desired number of topics.
We therefore compare Vendi-reduced BERTopic

with four standalone topic models trained natively
at the target topic count: LDA (Blei et al., 2003),
CombinedTM (Bianchi et al., 2021), ETM (Dieng
et al., 2020), and FASTopic (Wu et al., 2024a). As
shown in table 7, all five methods are evaluated at
exactly k € {25,50,100} topics. Because these
methods constitute different modeling pipelines,
this experiment should be interpreted as a whole-
pipeline comparison rather than a controlled evalu-
ation of topic reduction alone.

F.1 Models and training

LDA, CombinedTM, and ETM are fitted with Top-
Most (Wu et al., 2024b). FASTopic is fitted with the
reference fastopic package wrapped by TopMost.
To reduce variation introduced by model-specific
preprocessing choices, all four standalone models
are trained on the same TopMost-processed corpus:
lower-cased text with punctuation and English stop-
words removed, excluding tokens containing digits
or fewer than three characters, and truncated to the
10,000 most document-frequent terms.

LDA is fitted with Gensim’s LdaModel for 20
passes, with fixed symmetric priors « = n =
1/k. CombinedTM is trained for 200 epochs
with Adam (learning rate 0.002, batch size 200,
200 encoder units, and dropout 0.4). ETM is
trained for 200 epochs with Adam (learning rate
0.002, batch size 200, 800 encoder units, and
no dropout). Its word embeddings are initialized
from pre-fitted 200-dimensional GloVe vectors
(glove-wiki-gigaword-200) and held fixed dur-
ing training. FASTopic is trained for 200 epochs in
full-batch mode with Adam (learning rate 0.002);
its transport parameters DT, = 3.0, TW, = 2.0,
and temperature 7 = 1.0 are left at their defaults.
FASTopic and CombinedTM receive the identical
cached all-MinilM-L6-v2 document vectors sup-
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plied to BERTopic, whereas LDA operates only on
bag-of-words counts, and ETM combines bag-of-
words counts with pre-fitted GloVe word embed-
dings; neither uses document embeddings.

BERTopic retains the preprocessing and repre-
sentation pipeline used throughout our primary ex-
periments. The aim of this comparison is to eval-
uate the existing BERTopic + VC pipeline against
models trained directly at the desired topic count,
rather than to impose an identical training pipeline
across fundamentally different model families. We
instead standardize the downstream evaluation pro-
tocol across all methods.

F.2 Shared evaluation protocol

Although the standalone models share a common
preprocessing pipeline, the modeling families still
differ substantially in their representations, infer-
ence procedures, vocabularies, and mechanisms for
constructing representative topic words. To make
their outputs as directly evaluable as possible, we
score every model using the same reference corpus,
dictionary, and metric implementations. The refer-
ence corpus consists of the 18,846 20 Newsgroups
documents with headers, footers, and quotes re-
moved, tokenized into lowercased unigrams using
BERTopic’s CountVectorizer analyzer.

Results are means and standard deviations over
seeds 42, 43, and 44. For the standalone models,
the seed changes model initialization while prepro-
cessing remains fixed.

F.3 Interpreting cross-model metrics

Even under this shared evaluation protocol, the re-
sulting scores are not equivalent to a controlled
comparison of topic-reduction methods. In particu-
lar, differences in C', and NPMI can reflect proper-
ties of how each modeling pipeline constructs and
ranks its topic words in addition to differences in
topic quality. This concern is less pronounced in
our primary topic-reduction experiments because
every method begins with the same BERTopic base
model and inherits the same vocabulary and topic
representations. Accordingly, the results in table 7
should be interpreted as complementary whole-
pipeline evidence rather than as an isolated com-
parison of topic-reduction methods.

F.4 Embedding-based evaluation

Alongside C,, NPMI, and Topic Diversity, we
report embedding coherence (COH) (Thielmann

et al., 2024). COH is computed as the mean pair-
wise cosine similarity among the embeddings of
each topic’s top ten words, averaged across top-
ics, using paraphrase-MinilLM-L6-v2. Because
COH evaluates semantic proximity in an external
embedding space rather than corpus-level word
co-occurrence, it provides a complementary view
when comparing models that construct topic words
differently.

G LLM Prompting Details

To ensure reproducibility, Figure 4 illustrates the
exact prompt template used for the LL.M-assisted
reduction baseline (Protocol 2). The template is
adapted directly from Janssens et al. (2025a), and
both LL.Ms are prompted with this identical struc-
ture: the System Message, Demonstration Prompt,
Demonstration Answer, and Instruction Prompt are
the same across the two models. The only differ-
ence between the two configurations is the number
of keywords shown per topic.

GPT-40-mini is prompted with the full top-10
keywords per topic, exactly as shown in Figure
4. Gemma-3-12b-it is prompted with the same
template, but each topic line is truncated to its
top-5 keywords throughout. In the demonstra-
tion prompt this means topic 0 reads “astronaut,
rocket, planet, galaxy, NASA” (the trailing
five terms telescope, satellite, mission,

orbit, cosmos are omitted), topic 2 reads
“computer, laptop, technology, device,
screen” (keyboard, processor, portable,

battery, software are omitted), and so on for
every topic in both the demonstration and the can-
didate topic list inserted at inference. The sys-
tem message, demonstration answer, and instruc-
tion prompt are unchanged. This top-5 trunca-
tion is the minimum modification required to fit
Gemma’s 8192-token context window when initial
topic counts are in the £ ~ 150-200 range; we
keep all other prompt content fixed so that any per-
formance gap reflects model capability rather than
prompt engineering.
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Table 7: Comparison with standalone topic models on 20 Newsgroups. BERTopic with Vendi Clustering (VC) is
compared with LDA, CombinedTM, ETM, and FASTopic trained directly at each target k. Values are means +
standard deviations across three seeds; best per k in bold.

k  Model Cy NPMI COH TD
BERTopic + VC 0.5815 £ 0.0104 0.0498 £ 0.0031 0.2552 + 0.0031 0.8800 =+ 0.0069
LDA 0.6416 £ 0.0310 0.0591 £ 0.0230 0.2918 £ 0.0106 0.8680 £ 0.0243

25 CombinedTM  0.5719 £0.0179 -0.0398 £ 0.0146 0.2423 £ 0.0169 0.9800 £ 0.0040
ETM 0.5802 £ 0.0138  0.0219 £ 0.0122  0.3124 £ 0.0117 0.9240 + 0.0106
FASTopic 0.5576 £0.0396 -0.0911 £+ 0.0080 0.2666 + 0.0127 1.0000 £ 0.0000
BERTopic + VC 0.6189 + 0.0173 0.0779 + 0.0122 0.2454 £+ 0.0055 0.8667 + 0.0151
LDA 0.6069 £ 0.0140 0.0242 £ 0.0071 0.2771 £ 0.0029 0.8740 =+ 0.0040

50 CombinedTM  0.5290 £ 0.0138 -0.0874 £ 0.0184 0.2199 £ 0.0008 0.9600 =+ 0.0020
ETM 0.5583 £0.0189 0.0038 £ 0.0066 0.3083 + 0.0113 0.9020 +£ 0.0069
FASTopic 0.5759 £ 0.0127 -0.0882 £+ 0.0080 0.2539 + 0.0052 0.9893 + 0.0042
BERTopic + VC 0.6326 £ 0.0065 0.0734 £ 0.0038 0.2484 + 0.0032 0.8443 +£ 0.0012
LDA 0.5391 £ 0.0009 -0.0337 £ 0.0072 0.2631 £ 0.0042 0.8960 £ 0.0075

100 CombinedTM  0.5161 £0.0122 -0.0878 £ 0.0081 0.2103 £ 0.0034 0.9220 £ 0.0130
ETM 0.5331 £ 0.0081 -0.0282 + 0.0042 0.3018 + 0.0063 0.8550 £ 0.0108
FASTopic 0.5595 £ 0.0078 -0.1106 £ 0.0026 0.2536 £ 0.0043 0.9523 + 0.0191

System Message:
You are a helpful assistant tasked with identifying overlapping topics.

Demonstration Prompt:

Below I will provide a numbered list of topic words. Each line represents the topic words of a
topic. Return the index of the two most similar topics in Python list format.

0: astronaut, rocket, planet, galaxy, NASA, telescope, satellite, mission, orbit, cosmos

1: apple, fruit, red, sweet, tree, orchard, juicy, vitamin, snack, fresh

2: computer, laptop, technology, device, screen, keyboard, processor, portable, battery, software
3: orange, fruit, citrus, vitamin, juicy, tropical, snack, fresh, tree, peel

4: car, vehicle, engine, road, drive, wheels, speed, travel, gasoline, transportation

5: book, library, read, pages, author, fiction, genre, chapter, knowledge, cover

Return only the Python list and nothlng more!

Demonstration Answer: [1, 3]

Instruction Prompt:

Below I will provide a numbered list of topics. Each line represents the topic words of a topic.
Return the index of the two most similar topics in Python list format.

[TOPIC_LIST_INSERTED_HERE]

Return only the Python list and nothing more!

Figure 4: LLM Prompt Template (top-10 keywords, as used for GPT-40-mini). The pipeline provides a System
Message, a Demonstration Example, and finally the Instruction Prompt containing the candidate topics. Gemma-3-
12b-it uses the identical template, with each topic line truncated to its top-5 keywords (i.e., the trailing five terms of
every line are removed) to fit its 8192-token context window. No other element of the prompt is altered between the
two models.
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