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Abstract

Topic modeling has emerged as a crucial tool in the field of natural language processing,
enabling the automatic discovery of latent structures in large textual corpora. However, deter-
mining the quality of the topics remains a significant challenge, particularly in measuring the
coherence of the top words of the extracted topics. Early efforts relied on human judgments,
but these approaches are resource-intensive. Automated coherence metrics have since been
developed. For example, some measures exploit word co-occurrence, while other methods
are grounded in distributional semantics (e.g., employing word embeddings). In this study,
we thoroughly explore the application of embedded representations to evaluate the quality
of topics. While a number of isolated studies have analyzed the role of specific word repre-
sentation techniques for measuring topic coherence, a complete picture of their effectiveness
is still lacking. This work brings together different embedding-based approaches, includ-
ing Word2Vec, FastText, GloVe, and BERT, which had been studied separately, and extends
prior research by incorporating additional models, such as RoOBERTa, ALBERT and MPNET.
Topic coherence is measured by computing similarity scores between word embeddings, thus
obtaining rich semantic associations that traditional measures may overlook. Our analysis
demonstrates that these methods are as effective as, and often surpass, classical coherence
measures. Our results contribute to a growing body of research advocating for advanced
semantic representations as robust alternatives to traditional approaches in evaluating topic
model coherence.
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1 Introduction

Topic modeling [1-4] is an unsupervised learning technique employed to discover latent
topics within a collection of documents. Each topic is typically represented as a probability
distribution over words, reflecting the relevance of each word within the topic. The most
representative words of a topic—those with the highest probability, commonly referred to
as top words—facilitate the presentation of topics to users interested in exploring the docu-
ment corpus and analyzing the resulting themes. Evaluating the quality of topics generated
by automated topic modeling systems is challenging due to the subjective and complex
nature of what constitutes a “good” topic. The top words of a good topic are generally
assumed to be interpretable, coherent, and meaningful. For example, a coherent topic in the
domain of computing might include words suchas "AI", "computer", "network",
"parallelism", "algorithm", which are semantically related and form a clear,
interpretable theme. In contrast, an incoherent topic might contain top words like "AT",
"novel", "tomato", "democracy", "fast",where thelack ofaclear semantic
connection makes interpretation difficult.

Assessing the topic’s top words based on human judgments is costly and lacks scalabil-
ity. This prompted the development of automated coherence metrics. Among these metrics,
those based on word co-occurrence have been widely used; however, they often fail to capture
the semantic richness of word relationships in complex contexts [5—7]. Despite these crit-
icisms, many recent studies proposing novel topic modeling approaches—including neural
topic models, dynamic generative models, and multilingual extensions—still rely on clas-
sical co-occurrence metrics such as NPMI and UCI to evaluate coherence [4, 8—11]. Word
embedding representations generated by classic models like Word2vec, GloVe, and FastText
or by more recent contextual approaches like BERT, RoBERTa, ALBERT or MPNET offer a
promising alternative, as these types of word representations more accurately model semantic
relationships between words. Previous work [7, 12—15] has explored metrics based on this
model’s embeddings for assessing topic coherence, leveraging representations such as Fast-
Text, word2vec, GloVe, and contextual models like BERT. However, a complete picture of
their effectiveness is still lacking. Moreover, the potential of input embeddings or lower-layer
representations from contextual models for topic coherence evaluation remains unexplored.

Our study aims to fill this gap by comparing traditional coherence measures and newer
embedding-based metrics. We formally evaluate multiple coherence methods by comput-
ing the correlation between the automated estimates and ground truth assessments made
by humans. Several embedding alternatives incorporated into our study have never been
empirically tested for measuring topic coherence. Our main goal is to provide an in-depth,
comparative evaluation of coherence metrics to guide future research and development. Our
survey demonstrates that coherence estimation using embeddings can be as effective as, or
even better than, traditional metrics based on co-occurrence estimates.

We formulate the following research questions to guide our study:

e RQ1: What is the relative performance of different classical coherence metrics?

e RQ2: How does the corpus used to estimate word-to-word co-occurrence affect classical
metrics?

e RQ3: How do novel word embedding-based coherence metrics compare?

e RQ4: Are new word embedding-based metrics competitive against classical approaches
in topic coherence evaluation?
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2 Related work

The evaluation of topic quality has been a recurring area of interest, commonly addressed
through analyzing key top words and their coherence. Early approaches relied on human
annotators, but this method is resource-intensive and costly [16—18].

Since 2009, automated metrics have begun to emerge to assess topic quality. AlSumait
[19] proposed an automated metric to identify and classify irrelevant or junk topics. Their
method leveraged aspects such as the uniformity of word distributions within a topic (W-
Uniform), the detection of vacuous or non-informative word distributions (W-Vacuous), and
the analysis of background distributions (D-BGround) to determine topic relevance. These
estimates, grounded in statistical and distributional criteria, enabled automatic detection of
low-quality topics.

A year later, Newman and colleagues introduced UCI [20], a metric designed to assess topic
quality based on semantic coherence. UCI analyzes the co-occurrences between each pair
of top words in a topic. Co-occurrence is estimated over a reference corpus using a 10-word
sliding window. Specifically, UCI calculates the Pointwise Mutual Information (PMI) for each
pair of top words, assuming that words frequently co-occurring in actual documents are more
likely to form human-interpretable coherent topics. Building on this method, Mimno etal. [21]
proposed the UMass metric, which focuses on the conditional probability of co-occurrence
between a topic’s top words. This approach calculates the document frequency of each word
and the co-document frequency of word pairs within the same document, eliminating the
reliance on an external reference corpus. The resulting pairwise log conditional probability
(LCP) favors topics whose most probable terms frequently co-occur. The metric’s quality was
evaluated with ROC curves that compare the automated topic estimates with human-generated
assessments.

Aletras and Stevenson [22] applied distributional semantics to develop a normalized vari-
ant of PMI, known as NPMI. Their approach calculates the average distance between vector
representations of word pairs within a topic, using similarity metrics such as Cosine, Dice,
and Jaccard. Topic coherence estimation was based on word pair co-occurrence, and NPMI
was a pioneer in what would later be known as indirect confirmation measures. This innova-
tion provided a more precise and effective method for evaluating topic quality. Continuing
to advance the field, Roder et al. [23] defined a framework that synthesizes and organizes the
characteristics of existing coherence metrics. This study also introduced two new coherence
metrics, CV and CP, and evaluated them through correlation measures between automated
quality estimates and human-generated rankings.

During this period, significant advancements in word embeddings paved the way for new
topic coherence evaluation techniques based on vectorial representations. In 2013, Word2 Vec
[24] revolutionized word vector representations by introducing distributed embeddings
learned from neural network architectures. Trained with a word or context prediction objec-
tive (Skip-gram or Continuous Bag of Words), Word2Vec captured semantic relationships
with unprecedented accuracy. GloVe [25] emerged shortly after as a powerful alternative,
leveraging global co-occurrence matrix factorization to produce dense word representations.
Later, FastText [26] introduced subword embeddings, enhancing the expressiveness of dense
representations and further expanding the applicability of word vectors.

As word embeddings gained traction in natural language processing, several studies
explored their potential for measuring topic coherence. These studies followed alternative
methods for leveraging word vector representations to improve coherence estimation. In 2016
Nikolenko [12] expanded upon embedding-based approaches by introducing Distributed
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Word Representations (DWR). This method is founded on the idea that a coherent topic
should be well-clustered in the semantic space, meaning that a topic’s top words should
be close together when mapped into an embedding space. By utilizing embeddings from
models like Word2Vec or GloVe, pre-trained on reference corpora, the method calculates the
mean distance between top words using cosine, L, and Ly distances, providing a direct,
geometry-based evaluation of coherence. Fang et al. [13] took a different approach when
exploiting Word2Vec and GloVe to evaluate topics extracted from Twitter and Wikipedia.
Unlike Nikolenko’s method, which focused on spatial clustering, Fang et al. compared
embedding-based metrics with traditional approaches like PMI and LSA through two com-
plementary evaluations: (1) assessing how well automated metrics ranked topics compared to
human reviewers, and (2) measuring the agreement between automated metrics and human
judgments when evaluating topic pairs. Their study highlighted the strengths and weak-
nesses of embedding-based techniques across different domains. In 2017, Ramrakhiyani et
al. [15] introduced a bucket-based approach to topic coherence evaluation using word embed-
dings, such as GloVe. By applying Singular Value Decomposition (SVD) for dimensionality
reduction and integer linear programming (ILP) to optimally group a topic’s top words into
“buckets”, these authors posited that larger, more cohesive buckets, indicate higher seman-
tic coherence. This method outperformed earlier metrics on datasets like NYT, 20NG, and
Genomics. In 2019, Belford and Greene [14] conducted a comparative study of embed-
ding techniques for topic coherence. Using datasets from The Guardian, this team evaluated
Word2Vec and FastText for measuring mean distances between top words, focusing on select-
ing the optimal number of topics (k). More recently, Doogan and Buntine [27] revisited
the reliability of traditional and distributional coherence metrics, questioning their practical
effectiveness in capturing semantic interpretability.

With the advent of transformer architectures, groundbreaking models like BERT [28],
RoBERTa [29], and ALBERT [30] have reshaped NLP by introducing context-aware,
dynamic embeddings. These models differ from earlier approaches, such as Word2Vec and
GloVe, by capturing deeper contextual nuances. Despite their success in various NLP tasks,
their application for topic coherence evaluation remains underexplored.

While notable progress has been made in developing metrics and methodologies for
topic coherence evaluation, prior studies have primarily made isolated proposals that were
tested under specific experimental conditions. Our contribution lies in systematically com-
paring multiple word embedding models, shedding light on their relative performance and
contextualizing them against classical approaches.

3 Classical coherence metrics

In the literature, numerous metrics have been proposed to evaluate the interpretability and
distinctiveness of topics. Among them, classical coherence metrics are measures grounded
in co-occurrence statistics while more recent methods are based on embeddings and other
neural-induced representations. For the description of coherence metrics, we mainly rely on
the framework introduced in [20, 31], which offers a comprehensive schematic representa-
tion and a common language for explaining and constructing classical coherence metrics.
Under this framework, coherence metrics share a common structure consisting of four stages:
Segmentation, Probability Estimation, Confirmation Measures, and Aggregation (see
Fig. 1).
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Fig. 1 Diagram illustrating the steps to compute the coherence (C) of a topic () [31]

Fig.2 Examples of segmentation W = {Dog, Cat, Yellow, Snake}

techniques applied to a topic
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The process begins with the set W of top words defining a given topic ¢. This is an
ordered set, denoted as W = {w1, w», ...}, where words are ranked in descending probability
according to the topic’s distribution. Different variations exist for each stage to address
specific objectives.

During the segmentation phase, the topic’s set of top words is divided into smaller subsets
or segments. The segmentation process generates pairs of subsets, where the first is denoted
as W’ and the second as W*. These pairs are later used in different comparison steps. The
most intuitive segmentation method, Sor, forms all unique word pairs from the topic. For
example, for a topic represented by a set of words {Dog, Cat, Snake}, this method would
generate the pairs (Snake, Dog), (Cat, Dog) and (Cat, Snake). This strategy is adopted
by the UCI and NPMI metrics, which compare all word pairs in W individually.

The S7})° segmentation method compares each word with all other words in the set (subject
to the constraint W' NW* = ). The CV metric follows the segmentation method S27¢, where
each word is compared with all words in W. Unlike 9/}, this method does not require W’
and W* to be disjoint, allowing a word to appear in both subsets.

In the case of UMass, its most common variant employs a segmentation method denoted
as Sple, where words are ordered by their probability within the topic. Comparisons are
made only between a word and its preceding words. Figure2 shows an example to clarify
these segmentation methods further. Formally, the segmentation alternatives are defined as
follows:

ey = [V WOIW = (wids wi € Wi W5 = W\ {uw}] ()

seae Wy = [V, WHIW' = (i) wy e Wi W = W) @
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Sene W) = [ (WL WHIW' = (wis W* = (w))s wi,wj € Wii # 3)
Sorewy = [ (WL WHIW' = fwi}s W* = (wyhswi,wy e Wi = j) @)

The probability estimation phase defines how probabilities are derived from the refer-
ence corpus. These probabilities are a basis for evaluating the coherence between segments
(W, W*). UMass utilizes a Boolean variant, known as Pp;, which estimates probabilities
based on the co-occurrence of words within documents. It ignores word repetitions within a
document and the distance between word occurrences. CV, UCI, and NPMI follow another
probability estimation strategy, Ps,, (Boolean sliding window), where word co-occurrences
are evaluated within fixed-size sliding windows across the textual corpus. For instance,
Psy110), used in CV, operates with windows of 110 tokens, shifting the window by one
token per step to create virtual documents for co-occurrence estimation. The probability of
each word is then computed as the ratio of virtual documents in which it appears divided by
the total number of virtual documents.

Once the probabilities are obtained, the confirmation phase estimates how strongly W*
supports W', where higher support implies higher coherence. Direct confirmation measures
constitute the core of coherence metrics because they define how the relationship between
words is modeled. This modeling is essential to capture the nuanced statistical dependencies
that underlie the semantic association. Specifically, UCI computes a log-ratio measure (71;,)
to emphasize relative changes in co-occurrence likelihood; NPMI employs a normalized log-
ratio measure (my;,) to standardize values across varying frequencies (allowing comparison
between different word pairs) and UMass calculates a log-conditional probability measure
(my.) that focuses on the predictive strength of one word for the occurrence of another.

Indirect confirmation metrics extend direct confirmation approaches, enabling coherence
estimation between words that do not frequently co-occur but appear in similar contexts.
For instance, “happy” and “sad” may not frequently co-occur but often appear alongside the
word “feel”. This suggests that in a set W, direct confirmations between words in W’ and
those in W* exhibit similarities across all pairwise confirmations [31].

Finally, during the aggregation phase, all confirmation values ¢ = {¢1, - - - , @5/} com-
puted from the available segment pairs S; € S are consolidated into a single coherence score.
For instance, metrics such as CV, UMass, UCI, and NPMI typically employ the arithmetic
mean (o,) for aggregation. Alternative approaches have also been explored. For example,
Newman et al. [20] demonstrated that the median can reduce the influence of outliers. Addi-
tionally, methods like the word buckets approach aggregate confirmation values by grouping
words into buckets based on criteria such as frequency or semantic similarity, and then
computing bucket-level statistics [15].

The upper block of Table 1 compiles and organizes the main characteristics of four classical
coherence metrics (CV, NPMI, UMASS and UCI) according to this four-stage framework
(segmentation, probability, confirmation, and aggregation).

4 Embedding-based metrics

Our study also explores the effectiveness of coherence metrics based on embeddings from
advanced language models. These metrics leverage pre-trained language models that cap-
ture semantic relationships between words within a vector space. Specifically, we use the
following representations: GloVe, Word2Vec, FastText, BERT, RoBERTa, ALBERT and
MPNET [24-26, 32-35]. These models were selected to cover two distinct families of word
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Fig.3 Diagram illustrating the computation of coherence (C) for a topic (t) based on embeddings

representations. On one hand, we consider three static non-contextualized embeddings—
Word2Vec, GloVe, and FastText—that differ in their underlying technology and training
methodology: Word2 Vec is widely recognized as a seminal word representation model, GloVe
captures global co-occurrence information, and FastText leverages subword information. On
the other hand, we consider several transformer-based models—BERT, RoBERTa, ALBERT,
and MPNET—which represent advanced contextualized embeddings. BERT serves as a ref-
erential contextual representation, while ROBERTa and ALBERT introduced modifications in
BERT’s training strategy (with ALBERT providing an optimized, parameter-reduced version
of BERT). MPNET is a more recent model that combines strategies from masked language
modeling and permutation language modeling. By including models from both families, our
study not only extends previous empirical studies but also integrates new approaches that
have shown improved performance across various evaluation metrics.

These embeddings can fit within a topic coherence framework similar to the one used
to describe classical topic coherence metrics. Specifically, we can view the embedding
representations as substitutes for the probability calculation stage. Rather than estimating co-
occurrence probabilities, we measure the similarity between dense word representations from
embedding models. Figure 3 illustrates how embedding models integrate into the coherence
estimation process.

4.1 Embedding models

In this section we briefly introduce the embedding models used in our study. The selection
of these seven representative models constitutes a comprehensive evaluation setup, allowing
for a thorough comparison across different families of representations.

Word2Vec [24] was a pioneering approach in effectively and efficiently generating dense
word representations, significantly improving results in semantic and syntactic similarity
tasks compared to earlier neural network-based models [36-39]. Word2Vec simplified the
architecture of previous neural network language models (NNLMs) [36, 37] by removing
the hidden layer, eliminating its nonlinearity and significantly improving computational effi-
ciency. This improvement allowed the model to be trained on much larger datasets more
efficiently. Two alternative architectures were proposed: the Continuous Bag-of-Words model
(CBOW) and Continuous Skip-gram. In both cases, as a by-product of the training process on
large text collections, dense word representations (embeddings) are obtained. In the resulting
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vectorial space, semantically similar words are placed close to each other. We experiment
here with the word2vec-google-news-300 model.

GloVe, introduced in 2014 [25], aimed at combining the strengths of two major language
model families proposed up to that point. On one hand, it leveraged matrix factorization
approaches that generate low-dimensional word representations. On the other hand, it incor-
porated local (window-based) models that predict words within constrained contexts. To
achieve this, GloVe factorizes a global word-word co-occurrence matrix, which is built using
statistics gathered from local context windows. This allows the model to capture both global
corpus-wide statistical relationships and local contextual information. We experiment here
with the glove-wiki-gigaword-300 model.

FastText [26] aimed to improve dense word representations by modeling subwords, which
is convenient for dealing with complex corpora, extensive vocabularies, rare words, jargon, or
misspellings. FastText represents each original word with sets of subwords. We experiment
here with the fasttext-wiki-news-subwords-300 model.

BERT [28] represented a significant advancement in the realm of language technologies.
One of the main problems of previous models was their limited ability to disambiguate
polysemic words and to capture how word meaning varies depending on the context. For
example, “apple” does not have the same meaning when referring to a fruit as it does in a
technology-related context. However, models like Word2Vec ignored context and generated
the same representation for each word, regardless of its surrounding context.

BERT introduced the ability to generate dense token-level representations that depend on
the context in which the token appears. This means that a token in one context will have
a different representation than the same token in another context, allowing the model to
capture semantic nuances dependent on word usage. This innovation was achieved through
the attention mechanism and the bidirectional consideration of context (handling previous
and subsequent words) [28].

Although prior research had already explored attention mechanisms combined with recur-
rent neural networks (RNNs), BERT removed the dependency on these architectures. Instead,
it employed an algebraic operation called scaled dot-product attention, which can be effi-
ciently computed using matrix operations. This feature simplified the architecture and enabled
the exploitation of the inherent parallelism in specialized hardware, such as GPUs. This led to
accelerated computational times for training and inference, thus establishing the foundation
for highly scalable and effective models, such as BERT itself. We experiment here with the
bert-base-uncased model.

RoBERTa (Robustly Optimized BERT Pretraining Approach) [33] was introduced as an
improvement over BERT, focusing on optimizing its pretraining process to maximize per-
formance in downstream tasks. Although it retains BERT’s base architecture, RoOBERTa
implements several key modifications: it removes the Next Sentence Prediction (NSP)
task, significantly increases training data and training time, and utilizes larger batch sizes.
Additionally, it introduces advanced strategies for dynamic masking sampling, improving
effectiveness in masked token prediction. These optimizations contribute to improved per-
formance on downstream tasks without requiring changes to the original architecture. We
experiment here with the roberta-base model.

ALBERT (A Lite BERT) [34] is a variant of BERT designed to reduce computational and
memory requirements without significantly compromising performance. The main difference
between ALBERT and BERT lies in its optimized architecture. ALBERT introduces two key
techniques: embedding matrix factorization and parameter sharing. Factorization reduces
the size of the embedding matrices by decomposing them into two smaller matrices, thus
decreasing the number of parameters needed to represent the vocabulary. On the other hand,
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parameter sharing reuses the same parameters across all model layers, drastically reducing
the total number of parameters. These innovations allow ALBERT to be significantly lighter
and more efficient than BERT, making it more suitable for resource-constrained environ-
ments while maintaining competitive performance in natural language processing tasks. We
experiment here with the albert-base-v2 model.

MPNet [35] is a pre-training model for language understanding that leverages the advan-
tages of masked language modeling and permuted language modeling while addressing
their shortcomings. BERT independently predicts masked tokens using bidirectional con-
text, while XLNet captures token dependencies via permutation but omits full positional
context [40]. MPNet, instead, conditions its predictions on both the complete sequence’s
positional information and the dependencies among masked tokens. This is achieved through
a unified training objective incorporating two-stream self-attention and position compensa-
tion, thereby reducing the discrepancy between pre-training and fine-tuning. Consequently,
MPNet leverages these mechanisms to integrate information from both modeling paradigms,
aiming to learn more comprehensive contextual representations. This model achieved state-
of-the-art results on benchmarks like GLUE at the time of its publication while maintaining
computational efficiency [35]. We experiment here with the mpnet-base model.

4.2 Segmentation with embeddings

For the coherence calculation with embedding models, we first segment the top words of
each topic following a SJ/'¢ strategy. Then, vector representations (embeddings) generated
by the pre-trained models are used, effectively replacing the role of probability estimations in
classical metrics. For the confirmation process, we use vector similarity calculations (detailed
below). This will allow us to exploit the capability of dense representations to measure how

words within a topic “reinforce” each other.

4.3 Confirmation with embeddings

For each embedding model, we measure the direct confirmation between the top words of
the topics using their vector representations. In this stage, we evaluate how the words within
a topic confirm each other by calculating the similarity between the vector representations
of these words using the following metrics:

e Cosine Similarity(m.,,): Measures the angular similarity between vectors in the vector
space. It is widely used in information retrieval and semantic search tasks.

_ X-y _ Z?:l Xi Vi
RENS S

e Dot Product (m4,): Measures the similarity between two vectors by calculating their

dot product. Unlike cosine similarity, it is not normalized by vector magnitudes, making
it sensitive to the length of the embedding vectors.

(&)

Mcos

n
Maor =< X, 5 >= Y xi -y ©)

i=1

where ¥ =< x1,...,x, > and y =< 1, ..., y, > are embedding vectors representing
two words.
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The choice of these two variants is intentional and aims to assess coherence metrics
under complementary similarity regimes. Cosine similarity normalizes vector magnitudes
and emphasizes angular proximity, while dot product preserves vector norms and therefore
reflects both direction and magnitude. Different embedding models induce distinct norm
distributions (as a consequence of their training objectives and corpora) and, thus, comparing
normalized and non-normalized similarities allows us to analyze how vector normalization
affects coherence estimation across heterogeneous representations.

4.4 Optimal word buckets

A specific case of embedding-based metrics is TBuckets [15]. This approach is inspired by
how humans analyze topic coherence. When a reviewer examines the top words of a topic,
she starts with the first word and an empty “bucket”. As she reviews the rest of the words, she
must decide whether each new word fits into an existing bucket or a new bucket should be
created. In the end, the words of the topic are distributed into different buckets. A distribution
with one dominant bucket and a few smaller ones is considered indicative of high coherence,
while fragmentation into multiple buckets of similar size suggests lower coherence.

To perform this grouping, TBuckets extracts the principal eigenvectors from the embed-
ding matrix of the top words. These eigenvectors capture the underlying thematic axes,
representing the main topic of the word set. A topic is considered coherent if most of the
topic’s words align with the principal eigenvector while other eigenvectors reflect minor
thematic variations.

TBuckets uses Singular Value Decomposition (SVD) to decompose the semantic structure
of the set and Integer Linear Programming (ILP) to optimize the assignment of words to
buckets. During the optimization process, the cosine similarity between the word embeddings
and the eigenvectors is computed to guide the assignment, dynamically adjusting the word
distribution until achieving the best alignment, subject to a set of restrictions.

5 Summary of coherence metrics

After reviewing classical and embedding-based metrics, we now present a table summarizing
different metrics and how they were evaluated in the literature (see Table 1). The table
includes the characteristics of each model regarding segmentation, probability calculation or
embedding representation, confirmation, and aggregation. Additionally, we report the data
used for experimentation, which came from various sources like X or Wikipedia, and how
each measure was evaluated. For example, some proposals were evaluated using Kendall
correlation between reference topic rankings and rankings produced by the metrics, while
other proposals used Spearman correlation. In other cases, AUC measures or other strategies
were employed. Full details of these studies are available in the article referenced in the first
column of each row.

This table shows that many alternatives (e.g., ROBERTa, ALBERT or MPNET embed-
dings) were never evaluated for measuring topic coherence.
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6 Experimental setup

In this section, we detail the procedure to evaluate the topic coherence metrics, comparing
classical coherence metrics with new metrics based on embeddings. As shown in the previous
table, these metrics have been independently evaluated using different corpora and evaluation
mechanisms. However, there is no systematic comparison in the literature that evaluates
all variants—including multiple embedding models—under homogeneous conditions. We
considered the following topic coherence metrics:

o Classical Metrics: CV, UMass, UCI, and NPMI, which are based on word co-occurrence
relationships and require a reference corpus.

o Embedding-based Metrics: Here, we consider representations generated by GloVe,
Word2Vec, FastText, BERT, RoBERTa, ALBERT and MPNET. The top words in the
topics are individual lexical items with no associated sentential or discourse-level context
(i.e., no surrounding words). Consequently, for transformer-based models, we restrict our
analysis to input (token) embeddings, treating each top word as an independent unit. This
design choice is deliberate and aims to preserve methodological consistency with classical
coherence formulations and static embedding approaches, which operate on unordered
lists of topic words. As a result, the reported findings for contextualized models should
be interpreted as characterizing their behavior under a context-free usage regime, rather
than as a comprehensive assessment of their full contextual modeling capabilities. For the
aggregation phase, we compute the mean, and for the confirmation phase, we consider
cosine similarity and dot product.

We leverage standard datasets widely used in the literature. Previous research, such as
that by Aletras, Roder, and Ramrakhiyani [15, 22, 23], has relied on these datasets due to their
accessibility and the depth of the available annotations. In particular, thanks to the generosity
of the authors of [22], we have topics generated using the LDA model, accompanied by
quality annotations made by human reviewers. These topics were derived from texts from
three different collections, described below:

e New York Times: This dataset includes 47,229 news articles published between May
and December 2010, extracted from the GigaWord corpus. In the original experiment,
200 topics were generated, of which 100 were selected for evaluation [22].

e The 20 News Group Data Collection: This consists of 20,000 emails organized into
20 thematic categories. Each category contains approximately 1,000 documents. In the
original experiment, 100 topics were generated from this dataset [22].

e Genomics: This dataset includes 30,000 scientific articles published in 49 journals
indexed in MEDLINE. Originally, these texts were used in the TREC Genomics Track.
In the topic analysis study, 100 topics were identified [22].

We, therefore, have access to 100 topics per collection, and topics are represented by lists of
10 keywords per topic. The quality of each topic was evaluated by a group of human reviewers,
ranging from 24 to 26 participants. Each reviewer was shown the 10 top words representing
a topic and was asked to assign a coherence value from 1 to 3 (1 “Useless”, 2 “Average”,
and 3 “Useful”). Each participant evaluated up to 100 topics. It is important to note that not
all topics were evaluated by the same number of reviewers. To ensure reliable assessment,
the creators of these topic collections introduced trap topics with obvious answers, and all
annotations from individuals who failed to respond correctly to these cases were removed.
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The preprocessing applied in our experiments differs across coherence metrics as a direct
consequence of their underlying computational requirements. Classical metrics compute co-
occurrence statistics from a reference corpus, requiring explicit corpus-level preprocessing to
obtain reliable probability estimates. All documents in the reference corpus are lowercased,
punctuation and numeric characters are removed, and the remaining text is tokenized. English
stopwords are filtered out, and tokens are lemmatized using WordNet. The processed texts are
then used to construct the dictionary and corpus representations from which co-occurrence
statistics are derived. When computing coherence scores, only topic words present in the
reference corpus vocabulary are retained, while out-of-vocabulary words are discarded.

In contrast, embedding-based metrics operate on pretrained vector representations whose
parameters encode distributional information acquired from large-scale corpora during pre-
training. Consequently, no corpus-level preprocessing or co-occurrence computation is
required at evaluation time. For static embedding models (GloVe, Word2Vec, and Fast-
Text), each topic word is directly mapped to its corresponding pretrained embedding. For
transformer-based models (BERT, RoBERTa, ALBERT, and MPNet), standard tokenizer-
based preprocessing is applied: each word is processed independently, representations are
derived from input (token) embeddings, and when a word is split into multiple subword
units during tokenization, the resulting token embeddings are averaged to produce a single
word-level representation.

To obtain co-occurrence and related statistics, classical coherence metrics use either the
same corpus where topics were generated (as in UMass) or samples from Wikipedia (as in CV,
UCI, or NPMI). For a more complete comparison, we experimented with both alternatives:
estimates from the same corpus and estimates from Wikipedia. Every classical coherence
metric was tested following both variants, and our performance report presents separate
results for each variant, allowing us to understand the effect of the reference corpus on every
classical metric.

Following standard practice, the evaluation is performed by calculating the Spearman
correlation between the quality estimates generated by each metric and the human quality
judgments. This correlation measures the relationship between the values assigned by the
metric and the values provided by the human evaluators, assessing how closely both estimates
are. Specifically, the value of the automated coherence metric is calculated for all topics, the
corresponding ground truth values for the topics (human evaluation) are taken from the test
collection, and the Spearman coefficient between both lists of scores is calculated.

Summing up, the experimental procedure includes the following steps:

1. Generation of coherence scores for each topic using the metrics CV, UMass, UCI, NPMI
and embedding-based metrics.

2. Calculation of the Spearman correlation coefficient and corresponding p-value between
the coherence scores of each metric and the human judgments for each dataset.

3. Comparative analysis of the performance of the metrics on the three datasets: 20NG,
Genomics, and NYT.

7 Experimental results

The evaluation results (see Table 2) are organized into four groups: (i) classical metrics whose
probability estimates were computed on the same corpus in which the topics were generated,
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Table 2 Spearman correlation results between automated coherence metrics and quality judgments made by
humans. For the embedding models, the second column reports the similarity method and the third column
specifies the aggregation method. In the datasets’ columns, the correlations that are statistically significant
according to a two-sided Spearman rank correlation test (p < 0.05) are marked with the symbol , while those
with p < 0.01 are marked with the symbol #

Metric 20NG NYT Geno Avg.

Classical models

Co-occurrence computed from the same corpus

NPMI 0.473% 0.786% 0.485% 0.581
UMASS 0.544% 0.648% 0.409% 0.534
Ccv 0.502% 0.562% 0.475% 0.513
UCI 0.487% 0.758% 0.466% 0.570
Co-occurrence estimated from Wikipedia
NPMI 0.766% 0.777% 0.663% 0.735
UMASS 0.662% 0.496% 0.510% 0.556
CcvV 0.730% 0.777% 0.660% 0.722
ucCI 0.731% 0.753% 0.653% 0.712
Ramrakhiyani et al [15]
Tbuckets 0.870 0.819 0.729 0.806
embedding models

sim agg 20NG NYT Geno Avg.
BERT Meos Oq —0.365% —0.041 0.014 —0.131
RoBERTa Meos Oq 0.040 0.432% 0.099 0.190
ALBERT Mcos Oq 0.414% 0.623% 0.322% 0.453
MPNet Mcos Oq 0.369% 0.721% 0.274 0.455
FastText Mcos Oq 0.701% 0.612% 0.670% 0.661
Word2Vec Meos Oa 0.523% 0.589% 0.620% 0.578
GloVe Meos Oq 0.825% 0.755% 0.745% 0.775
BERT Mot Oq —0.2087 —0.111 0.242% —0.026
RoBERTa Mot Oq 0.551% 0.576% 0.012 0.380
ALBERT Myot Oq 0.578% 0.520% 0.370 0.489
MPNet Myot Oq 0.592% 0.733% 0.454 0.593
FastText Mot oq 0.585% 0.510% 0.580% 0.559
Word2Vec Mot Oa 0.503% 0.623% 0.646% 0.591
GloVe Mot Oq 0.832% 0.819: 0.741% 0.797

(ii) classical metrics whose probability estimates were computed on the Wikipedia, (iii) the
Tbuckets method,! and (iv) embedding-based models.

From the analysis of the traditional metrics results, we have identified the following key
findings:

o Influence of the reference corpus: In general, classical metrics perform considerably
better when their estimates are obtained from Wikipedia. This suggests that Wikipedia

! The results of Tbuckets, due to the difficulties in reproducing this method, have been taken directly from
[15].
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has a superior estimation capacity for evaluating topic coherence, providing a more
stable representation of word co-occurrence. Note that the topic analysis corpora are
generally smaller and more focused than Wikipedia and, thus, the superiority of a classical
coherence method should not be concluded based solely on the corpus used to guide its
estimations.

e Variability of the performance of classical metrics: Significant inconsistencies are
observed in the classical metrics depending on the evaluated corpus:

— NPMI is the best performer on NYT (same corpus estimates, 0.786 correlation), but
its performance is low on 20NG and Geno. Still, NPMI achieves the best average
values (0.581 for the same corpus and 0.735 for Wikipedia).

— UMASS yields relatively poor performance across all collections, with low average
scores on both reference corpora.

— UCI performs poorly, particularly on Geno, suggesting a lack of robustness in certain
domains.

— CV achieves competitive values in some collections, but its mean performance is
lower than that of NPMI.

In conclusion, classical metrics show notable performance variations, and none of them
seems to be a reliable option for evaluating topic coherence across different domains.

Regarding Tbuckets, it achieves the best overall performance with an average of 0.806,
outperforming all classical metrics for all collections. It stands out on 20NG and NYT, with
values of 0.870 and 0.819, while its performance on Geno is slightly lower (0.729). These
results indicate that this method is highly effective for evaluating topic coherence.

The embedding-based methods also show a large variance in performance. Some of these
pre-trained representations are clearly ineffective at capturing the coherence of the topics’ top
words. The most remarkable models are GloVe and, to some extent, FastText (but FastText
loses some ground with the dot product similarity). Among embedding methods, GloVe
achieves the highest mean performance with cosine similarity (0.775) and with dot product
(0.797); and its effectiveness is consistent across all collections (all Glove variants produce
correlations higher than 0.7). In contrast, BERT (and, to some extent, ROBERTa) show low
and inconsistent values. ALBERT and MPNET fall somewhere in between, yielding some
competitive scores, but these models are still far from the performance of Glove.

Among the embedding-based models, GloVe would thus be the best choice for measuring
topic coherence, with a performance comparable to Tbuckets and clearly surpassing all
classical coherence metrics. GloVe exploits co-occurrence at a global level within a text
corpus, thus capturing word relationships more subtly than Word2Vec, which trains based on
local contexts. While Word2Vec uses context-window techniques (CBOW or Skip-gram) to
learn word relationships, GloVe uses a co-occurrence matrix that represents the probability
of two words appearing together in a corpus. This allows GloVe to capture general word
associations. Additionally, as reported in Table 1, Tbuckets stands on GloVe as its base
model. As a consequence, our experiments reinforce GloVe’s position as a reference model
for supporting the estimation of topic word coherence.

On the other hand, one of the main advantages of contextual models like BERT (or
models from this family) lies in their ability to disambiguate words based on nearby words.
Our estimates of topic coherence treat each top word as an independent unit. Therefore, the
input to the embedding models lacks the context that BERT, RoBERTa, or related models
could exploit. This explains their suboptimal performance compared to GloVe.

Finally, Fig. 4 graphically depicts the performance of each embedding model with cosine
similarity and dot product. Some models (e.g., FastText) work better with cosine similarity,
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Fig.4 Comparison of embedding models with different similarity metrics (cosine and dot product)

while other models (e.g., BERT) seem to be better suited for dot product. The best performing
model, GloVe, performs well with both alternatives.

7.1 Ablation analysis

Motivated by the poor performance of some transformer-based variants, we conducted an
ablation study to investigate how different layers of these models capture information that
might be relevant for estimating topic coherence. Although we focus on isolated words with-
out sentential context, the transformer’s intermediate layers apply a series of learned nonlinear
transformations that may encode linguistic regularities beyond surface lexical information.
Analyzing representations across layers allows us to examine whether syntactic, semantic,
or other abstract properties emerge even when the input consists of a single word. This com-
parison helps disentangle purely lexical information from higher-level features captured by
the model’s internal hierarchy. We selected BERT (the worst-performing transformer model)
and MPNet (the best-performing transformer model) for this analysis.

We extracted representations from the input embedding layer and from all 12 subsequent
transformer layers, and computed coherence scores using each layer’s representation indepen-
dently. Figure 5 shows the Spearman correlation between the resulting coherence estimates
and human judgments across the three datasets. In these plots, the leftmost points correspond
to the input embeddings, while the rightmost points correspond to the upper layers of the
transformer.

The graphs show systematic differences in the behavior of the two models. MPNet achieves
strong performance with the input embeddings (p & 0.35-0.70 across datasets) and maintains
relatively stable correlations through the first two layers, after which performance steadily
degrades. This pattern suggests that MPNet’s early layers effectively capture the semantic
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Fig.5 Extracting word embeddings from different transformer layers. Effect on topic coherence performance

relationships between individual words that are relevant for coherence evaluation, while
deeper layers increasingly encode additional information that may be less useful.

In contrast, BERT shows poor performance at the input embedding layer (o ~ —0.40 to
0.00), but correlation improves dramatically after the first transformer layer, reaching peak
performance around layers 2-5 (p =~ 0.25-0.65). After reaching this peak performance,
BERT exhibits a degradation pattern similar to that of MPNet. This substantial improvement
from the embedding layer to the first transformer layer can be attributed to BERT’s sub-
word tokenization. Individual subword tokens often carry only partial semantic information;
however, after the first layer’s contextual transformation, their representations become more
integrated, so that averaging them yields more coherent word-level embeddings. This enrich-
ment effect saturates early, after which deeper layers exhibit a degradation trend similar to
that observed for MPNet. However, the decline is considerably more gradual, with correlation
values consistently remaining above 0.2.

These findings have important implications: i) the optimal layer for extracting representa-
tions for estimating topic coherence varies across model architectures, ii) deeper contextual
representations are not necessarily better for word-level semantic similarity tasks, and iii)
the poor performance of some transformers in experiments could be partially mitigated by
careful layer selection. In any case, even when selecting representations from the empirically
optimal layer, performance still falls short of that achieved by static embeddings such as
GloVe.

7.2 Error analysis

To better understand how coherence metrics fail, we now analyze two types of error patterns:
overestimation (cases in which models rate coherence higher than human judgments) and
underestimation (cases in which models rate coherence lower than human judgments). Given
the available set of topics, we can analyze how model-estimated coherence differs from
human-perceived coherence by comparing their respective topic rankings and examining,
for instance, whether the topics rated as most coherent by humans are also assigned high
coherence by automatic metrics.

In the resulting scatter plots (Fig. 6), the x-axis corresponds to human rankings and the
y-axis corresponds to model rankings. Topics near the diagonal indicate accurate relative
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Fig.6 The blue (red) topics represent topics in which human evaluators perceived high (low) coherence, but
the models estimated low (high) coherence

coherence estimates by the model. Topics below the diagonal denote underestimation errors,
while topics above the diagonal denote overestimation errors.

GloVe exhibits the tightest clustering around the diagonal across all datasets, reflecting its
strong overall alignment with human rankings. In contrast, BERT exhibits larger deviations,
with points distributed farther from the diagonal. MPNet shows an intermediate level of
dispersion.

A closer inspection of BERT s overestimation errors shows that they frequently correspond
to highly cryptic or specialized topics. In 20NG, for example, several overestimated topics
consist primarily of abbreviated codes or technical acronyms (e.g., 0i, mv, mp, mu, or jpl, vax,
vms, nasa). Similarly, in Genomics, overestimated topics contain specialized biochemical
terminology (e.g., pkc, tpa, thioredoxin, mrna, adipocytes, 3t3). While such word lists may
appear incoherent to non-expert annotators, embedding models trained on large corpora
can capture distributional regularities among these co-occurring terms. Consequently, these
overestimation errors may reflect latent semantic structure that is less accessible to human
evaluators without domain expertise.

In contrast, underestimation errors are more problematic. The most severely underesti-
mated topics consist of common, everyday vocabulary forming clearly interpretable themes,
such as politics or sports (e.g., president, clinton, tax; game, team, player; company, busi-
ness, deal). In these cases, semantic relatedness is readily apparent to human annotators. Such
failures suggest that contextualized representations and subword tokenization-while power-
ful for many NLP tasks-may not optimally capture the type of straightforward word-level
similarity required for topic coherence evaluation.

Related to this, our future work will focus on extending the proposed evaluation frame-
work to better exploit the representational capabilities of contextualized language models
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while preserving compatibility with topic coherence formulations based on top-word lists.
In particular, we plan to investigate template-based pseudo-contexts [41, 42], where isolated
topic words are embedded within simple, generic sentence templates. This provides mini-
mal yet controlled contextual information without introducing topic-specific bias. We also
intend to explore pairwise contextualization approaches [43], in which pairs of topic words
are jointly embedded, allowing transformer models to capture relational semantics while
remaining aligned with the pairwise comparison paradigm commonly adopted in coherence
metrics. Finally, we will analyze multi-layer pooling strategies for transformer-based models
[44, 45], such as averaging representations from higher layers (e.g., layers 9-12), which have
been shown to encode richer semantic information than input embeddings alone. Together,
these extensions aim to provide a more faithful assessment of contextualized models for topic
coherence evaluation and to clarify the extent to which their contextual modeling strengths
can improve coherence estimation beyond our current usage.

8 Conclusions

In this study, we have compared classical topic coherence metrics with embedding-based
approaches. Modern methods, based on dense vector representations of words, can outper-
form traditional metrics in many settings, although their performance depends on model
architecture and layer selection. While classical metrics can provide valuable information,
their performance is generally suboptimal, leaving clear room for improvement; a simple
method based on static embeddings such as GloVe consistently surpasses them. Among
embedding-based approaches, GloVe in particular achieves strong correlations with human
judgments, especially for topics containing common vocabulary, demonstrating its robustness
in capturing word-level semantic similarity.

Our ablation analysis revealed that transformer-based models such as BERT and MPNet
exhibit layer-dependent behavior. Early layers often capture semantic relationships relevant
to coherence more effectively than deeper layers, whereas representations from the final
layers tend to encode richer contextual information that may not align with human assess-
ments of word-level coherence. Specifically, BERT shows a sharp improvement in layers 2-5
from initially poor embeddings, followed by gradual degradation, while MPNet maintains
relatively high correlations in early layers before a steady decline.

Error analysis further highlighted systematic patterns: BERT tends to overestimate the
coherence of cryptic or domain-specific topics (e.g., abbreviations or technical acronyms)
and underestimate everyday topics that are readily interpretable by humans. These findings
imply that, while transformer-based models have the potential to capture richer relational
semantics, their default usage for topic coherence-especially using full forward-pass repre-
sentations without layer selection or controlled contextualization-may not fully leverage their
capabilities. Static embeddings remain a robust baseline for tasks requiring straightforward
word-level similarity, whereas contextualized models may benefit from strategies such as
template-based pseudo-contexts, pairwise contextualization of topic words, or multi-layer
pooling to better align with human coherence judgments.

The conclusions drawn in this study are based on topic representations produced by clas-
sical LDA models and evaluated on widely used benchmark collections (20NG, NYT, and
Genomics). Accordingly, findings such as the relatively strong performance of GloVe embed-
dings, the layer-dependent behavior of transformer-based models, and the asymmetric error
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patterns observed for BERT should be interpreted within this experimental scope. Extend-
ing the evaluation to neural topic models, alternative topic representations, and additional
domains is necessary to assess the generality of these observations and to determine whether
similar patterns hold across different settings.

Future research could further investigate methods to better exploit transformer-based
models for topic coherence, including hybrid approaches with static embeddings, system-
atic ablations, and analysis of embedding dimensionality and similarity functions, while
preserving comparability with top-word-based metrics.
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