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AbstractMost text coherence models proposed in the literature focus on sentence ordering and semantic similarity
of neighboring sentences. Thus, they cannot be applied to documents with just one sentence and do not properly look
at incoherences caused by particular words. This work, on the other hand, focuses on word coherence in short texts.
It proposes a framework called COHEWL (COHErence at Word Level) for assessing short document coherence at
the word semantic level. COHEWL also support contrastive data generation by exchanging particular words with
other ones that may fit in the context of the respective documents. Experiments with single-sentence questions
typical of QA in Brazilian Portuguese and English were conducted. BERT, properly trained for a new task proposed
in this paper – discriminating original documents from those with a changed word – achieves accuracy between 80%
and 99.88%. However, our experimental results did not show relevant correlations of the BERT Masked Language
Model (MLM) word prediction rank with coherence (or incoherence) measures calculated as average similarities (or
distances) between BERT embeddings of text changed by the predicted words. In addition, in our manually created
corpus of coherent and incoherent questions about data structures, coherence measures based on a topic model built
from a few documents of the same domain discriminate coherent documents from incoherent ones with much higher
precision than the coherence measures derived from BERT embeddings.
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1 Introduction
Coherence is essential for discourse understanding. It dis-
tinguishes easy to understand text or speech from confusing
and/or inconsistent ones [Halliday and Hasan, 2014]. A co-
herent text or speech has semantically compatible compo-
nents (words, sentences, etc.), allowing congruent interpre-
tation. Incoherences, on the other hand, can cause interpre-
tation difficulties, compromising the communication perfor-
mance of humans, conversational agents, intelligent tutors,
and Question Answering (QA) systems.
Differently from this work, whose focus is on the seman-

tic coherence of words in short texts, current models for
measuring text document coherence are usually based on
the similarity of adjacent sentences [Barzilay and Lapata,
2008]. In addition, the vast majority of the coherence classi-
fication models from the literature [Vakulenko et al., 2018;
Joty et al., 2018; Mesgar and Strube, 2018; Xu et al., 2019;
Bao et al., 2019; Farag and Yannakoudakis, 2019; Moon
et al., 2019] are evaluated using sentence order discrimi-
nation (also known as Shuffle Test) [Barzilay and Lapata,
2008]. This task aims to distinguish original documents from
the ones with permuted sentences1. Classificationmodels for
the Shuffle Test may learn to recognize documents with per-
muted sentences instead of adequately assessing coherence
[Laban et al., 2021]. Therefore, these models only apply to

1Many works consider original documents coherent and modified ones
incoherent. In fact, this assumption is not necessarily true, as some origi-
nal documents (e.g., created by humans) can be incoherent, while certain
changes can turn incoherent documents into coherent ones, though this
rarely happens by chance. Producing supposedly less coherent versions of
documents by permuting sentences has been criticized for using criteria that
do not match the human perception of coherence [Mohiuddin et al., 2021].

texts with several sentences and do not address semantic co-
herence at the word level, i.e., semantic adequacy and com-
patibility of words in short documents.
In this work, we consider only short text documents, con-

sisting of a single sentence, which can be simple (i.e., with
one verb) or compound (i.e., with more than one verb). The
corpora used in our experiments include only short docu-
ments having between 10 and 12 words on average, depend-
ing on the dataset. Thus, in this work, we use the terms short
text, sentence, and document as synonyms. The following
examples illustrate how different words can make such short
texts more or less coherent:

1. “How to push elements in a stack?”
2. “How to arrange elements in a stack?”
3. “How to organize elements in a stack?”
4. “How to store elements in a stack?”
5. “How to find elements in a stack?”

Notice that just one word is changed in the short texts ex-
emplified above. Short text 1 uses the verb push to precisely
designate the operation that inserts an element on the top of
a stack. In the field of data structures, it is considered more
coherent than short texts 2 to 4, which use the less specific
verbs arrange, organize, and store. In contrast, the change to
the verb find makes short text 5 less coherent than the other
ones and with another meaning.
Words that are not suitable for specific contexts can com-

promise coherence and proper interpretation. Thus, auto-
matic detection and solving incoherence at the word level
during text pre-processing could benefit downstream tasks
that depend on proper interpretation, such as QA. Neverthe-

https://doi.org/10.5753/jbcs.2025.3705
https://orcid.org/0000-0003-0321-4787
mailto:osmar.braz@udesc.br
https://orcid.org/0000-0002-7941-6281
mailto:r.fileto@ufsc.br


Semantic Coherence of Short Text at the Word Level Fileto & Junior, 2025

less, semantic coherence was not sufficiently investigated
yet, particularly the coherence of words in short documents.
This work introduces the COHEWL (COHErence atWord

Level) framework for assessing the semantic coherence of
words in short documents. It allows generating contrastive
data, training, and comparing the performance of alternative
models to classify and measure semantic coherence, using
state-of-the-art technologies such as Language Models (LM)
like BERT [Devlin et al., 2019] and topic coherence mod-
els [Churchill and Singh, 2022]. Our proposal to generate
contrastive data (changed documents) is to randomly choose
words to be exchanged by other, which can be proposed
by humans or automatically predicted by the BERT Masked
Language Model (MLM), among others.
Experiments with short texts containing single-sentence

questions typical of QA in Portuguese and English showed
that BERT allowed accuracies between 80% and 99.88%
when adequately trained for the task of discriminating origi-
nal documents from the ones with a word changed. We also
calculated (in)coherence measures based on averaged sim-
ilarities (or distances) between BERT embeddings. These
embeddings include embeddings of words with embeddings
of other words in the same document or embeddings of the
whole document (produced by pooling). However, these
(in)coherence measures are not necessarily better for origi-
nal documents than for documents with a word changed. In
addition, these coherence measures of changed documents
have no relevant correlation with the confidence rankings of
the BERT MLM word predictions used to change the docu-
ments. On the other hand, on a corpus of questions about
data structures that we have built, topic coherence measures
are higher for the vast majority of coherent documents than
for the respective documents with a word manually changed
to make them less coherent.
The major contributions of this paper are:

1. the proposal of a new task that consists of discriminating
original documents from those with a word changed;

2. accurate document classifiers produced by fine-tuning
BERT using distinct data and configurations of hyper-
parameters;

3. semantic (in)coherence measures based on average sim-
ilarities (or distances) of word embeddings with word or
sentence embeddings; and

4. comparison of several variations of these (in)coherence
measures and topic coherence measures;

5. a dataset of coherent and incoherent single-sentence
questions typical of QA in a learning environment in
the domain of data structures;

6. the “COHEWL” framework2 to compare alternative
methods for generating contrastive data and assessing
short documents semantic coherence at the word level.

This paper is organized as follows. Section 2 provides the
foundations needed to understand it. Section 3 discusses re-
lated work. The Section 4 presents the COHEWL workflow
and its significant tasks, which can be performed using alter-
native methods. Section 5 reports the experiments realized

2Source code available at https://github.com/osmarbraz/
cohewl/

to evaluate the proposal. Then, Section 6 presents and dis-
cusses experimental results of classifiers, Section 7 presents
the results involving coherencemeasures based on BERT em-
beddings, and Section 8 presents the results related to topic
coherence measures. Finally, Section 9 draws the conclu-
sions and future work.

2 Foundations
Discourse is a combination of spoken or written fragments
that allows communication [Wang and Guo, 2014]. Text
refers to written discourse. Wang and Guo [2014] apud
De Beaugrande and Dressler [1981] place coherence among
the seven desired characteristics of a discourse. Coherence
distinguishes consistent discourses that make sense from
those that do not, have contradictions or failures in the com-
position of ideas [Wang and Guo, 2014].
A semantically coherent discourse consists of groupings or

chains of textual components (words, sentences, etc.) where
themeanings of its components are compatible, enabling con-
sistent interpretation. Semantically incoherent texts, on the
other hand, have components located close to each other in
the text but that have incompatible meanings, i.e., are seman-
tically distant from each other or from the context in which
they appear (e.g., sentence, paragraph, document as a whole)
[Braz Jr. and Fileto, 2021]. Koch and Travaglia [2021]
apud Van Dijk et al. [1983] define semantic coherence as the
meaning compatibility between adjacent elements (local) or
among all the elements in a text document (global).

2.1 Semantic Coherence Models
Most models from the literature evaluate local coherence
[Foltz et al., 1998; Barzilay and Lapata, 2008; Mesgar and
Strube, 2018; Muller et al., 2019; Moon et al., 2019; Das,
2019; Xu et al., 2019; Shen et al., 2021]. Evaluating global
coherence can be too expensive or unreasonable for lengthy
documents. According to Wadud and Rakib [2021], the first
model to measure coherence was proposed by Foltz et al.
[1998]. They used Latent Semantic Analysis (LSA) to create
a consolidated vectorial representation of sentences. Equa-
tion 1 presents their Ccos(D) coherence measure for a doc-
ument D with n sentences, calculated as the average of the
cosine similarities (cos) between vectors representing adja-
cent sentences (si, si+1).

Ccos(D) = 1
n − 1

n−1∑
i=1

cos(s̃i, s̃i+1) (1)

In this work (Section 4.2), we adapt Equation 1 in alterna-
tive ways to calculate local and global (in)coherence3 Thus,
it varies in the interval [0, 1] (with 1 indicating maximal co-
herence). For calculating incoherence measures, which vary
in the interval [0, ∞] (with ∞ indicating no coherence), we
use some distance (e.g., Euclidean, Manhattan) of short doc-
uments. However, other models could also be considered.
Entity-based coherence models [Barzilay and Lee, 2004;

3Our coherence measures are averaged similarities (e.g. cosine similar-
ity).
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Barzilay and Lapata, 2008] determine if distinct relevant en-
tities throughout the discourse are locally concentrated while
maintaining a thread of ideas. The neural coherencemodel of
Mesgar and Strube [2018] captures the semantic flow of adja-
cent sentences in a text. Coherence relation models [Muller
et al., 2019; Moon et al., 2019; Das, 2019] evaluate syntactic
or meaning dependences between sentences. They consider
the relation of ideas in a predefined interval around each sen-
tence. Finally, some recent models [Xu et al., 2019; Shen
et al., 2021] calculate the document coherence score as the
average of the local coherence scores between consecutive
sentences.
Coherence models can be discriminative or generative [Li

and Jurafsky, 2017]. Discriminative models learn to distin-
guish coherent from incoherent discourse, while generative
ones produce coherent text. Most coherence models from
the literature are discriminative and try to distinguish human-
written documents (original) from their automatically modi-
fied versions (changed pseudo-documents) [Lin et al., 2011].
The most popular task in this field is the Shuffle Test [Laban
et al., 2021] (also known as sentence order discrimination),
introduced by Barzilay and Lapata [2008]. It tries to distin-
guish original documents from their 20 versions changed by
randomly permuting sentences. However, this task does not
necessarily handle coherence (just distinguish original docu-
ments from changed ones), can not be applied to short text
documents with just one sentence and do not consider co-
herence at the granularity of individual words. In this work
we have a different approach: evaluating the semantic coher-
ence of words in short text.

2.2 Topic Coherence Measures

We envisioned that, besides average similarities or distances
between embeddings, topic coherence measures can be com-
petitive to measure the coherence of short documents at the
word granularity. Thus, another approach investigated in this
work builds a topicmodel for a corpus in a particular universe
of discourse or domain and uses it to calculate topic coher-
ence measures. A topic model is an unsupervised mathemat-
ical model that takes a set of documents as input and returns
a set of topics that accurately and coherently represent the set
[Churchill and Singh, 2022, 2023]. Topic coherence is based
on the frequency of co-occurrences of words (topics) in a ref-
erence corpus and has been shown to correlate with human
assessments. For a comprehensive review of topic coherence
measures, please refer to Röder et al. [2015].
We investigate in this work the use of the topic coherence

measuresCUCI,CNPMI,CV andCUMass as alternatives tomea-
sure the coherence of short documents. Equation 2 defines
CUCI [Church andHanks, 1989] as the average PointwiseMu-
tual Information (PMI–Equation 3) of all word pairs. Prob-
abilities are estimated based on word co-occurrence counts
in a sliding window that moves over an external reference
corpus [Newman et al., 2010].

CUCI = 2
N · (N − 1)

·
N−1∑
i=1

N∑
j=i+1

PMI(wi, wj) (2)

PMI(wi, wj) = log P (wi, wj) + ϵ

P (wi) · P (wj)
(3)

Equation 4 defines CNPMI [Aletras and Stevenson, 2013],
an improvement over CUCI that uses Normalized PMI
(NPMI–Equation 5) and varies in the interval [−1, 1]
[Bouma, 2009].

CNPMI = 2
N · (N − 1)

·
N−1∑
i=1

N∑
j=i+1

NPMI(wi, wj) (4)

NPMI(wi, wj) = PMI(wi, wj)
− log P (wi, wj)

(5)

Equation 6 defines CV , which employs a variation of
NPMI with sliding window of size 110 [Röder et al., 2015]
to calculate the cosine similarities between a context vector
−→vc (Equation 7) and each word vector −→vi (Equation 8).

CV = 1
N

·
N∑

i=1
cos(−→vi , −→vc) (6)

−→vc =
N∑

i=1

−→vi (7)

−→vi = {NPMI(wi, wj)γ ,NPMI(wi, wj)γ ,

. . . ,NPMI(wi, wj)γ}
(8)

Equation 9 defines CUMass, an asymmetrical confirmation
measure between word pairs [Mimno et al., 2011].

CUMass = 2
N · (N − 1)

·
N∑

i=2

i−1∑
j=1

log
(

P (wi, wj) + ϵ

P (wj)

)
(9)

3 Related Work
Figure 1 presents our classification of coherence models
from the literature according to traits that we have observed
in our literature review. It is intended to help contextualize
our research and compare related work. Regarding the coher-
ence type, our focus is in the semantic coherence, with an ad-
ditional emphasis on a discriminative approach. Most related
works analyze semantic coherence at the sentence granular-
ity, i.e., exploiting semantic similarities between sentences.
However, some works, like ours, consider the similarities
between words, and a few other between sliding windows
of text. The coherence scope, on the other hand, refer to the
text portions considered: the whole document (global) or just
close or adjacent sentences or words (local). Finally, the co-
herence model base refers to the foundations employed for
coherence representation and analysis: relation-based, entity-
based or topic-based.
Relation-based models postulate that sentences or groups

of words within sentences possess systematic relationships
with neighboring sentences [Wang and Guo, 2014]. On
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Table 1. Comparison summary of related work on semantic coherence

Work Analysis Granu-
larity

Analysis
Scope

Analysis Task Base
Model

Technologies Embeddings

Mesgar and
Strube [2018]

Sentence Local Classification Relation LSTM combined with in-
formation in embeddings

Static word
embeddings
Zou et al.
[2013]

Joty et al.
[2018]

Word (Relevant
entities)

Local Classification Entity Convolutional neural net-
works over transition rep-
resentations in entity grid

Glove

Vakulenko
et al. [2018]

Sentence & word
(entity)

Local Measurement Relation Knowledge graph in
background

Glove &
Word2vec

Bao et al.
[2019]

Sentence and
word

Local &
Global

Classification Topic Bi-GRU and language
model for detection se-
mantic errors

Word2vec

Farag
and Yan-
nakoudakis
[2019]

Sentence Global Classification Topic Bi-LSTM based hierar-
chical model and gram-
mar types

Glove

Moon et al.
[2019]

Window Local &
Global

Classification Relation
& Topic

Bi-LSTM unifying
intentional structure, dis-
course relations, topics
and attention

Word2vec &
ELMo

Nie et al.
[2019]

Sentence Global Classification
Multiclass

Relation LM and discourse mark-
ers

BERT

Reimers and
Gurevych
[2019]

Sentence Global Measurement Relation LM in a Siamese net-
work with addition of a
grouping operation

BERT

Wang et al.
[2019]

Sentence Local Classification,
Measurement

Relation Reward function in rein-
forcement learning and
antagonistic training

Glove

Xu et al.
[2019]

Sentence Local Classification Relation MLP and characteristics
of concatenated embed-
dings

Glove

Sarzynska-
Wawer et al.
[2021]

Word Global Classification Relation LSTM and SVM ELMo

COHEWL Word Local &
Global

Classification,
Measurement

Relation
& Topic

LM and Topic Coher-
ence measures

BERT

the other hand, entity-based models track relevant entities
throughout the discourse, as originally proposed by Barzilay
and Lee [2004] and extended by Barzilay and Lapata [2008].
Topic-based models focus on a single thematic domain or
subject, wherein identical or semantically related words tend
to appear in the same sentence or proximate sentences, as per
the principles posited by Halliday and Hasan [2014].

Figure 1. Characteristics of coherence models

Table 1 provides a comparative summary of proposals se-
lected from the recent literature about semantic coherence
analysis. The works are ordered chronologically in the table
rows. Since all the selected studies focus on semantic coher-
ence, this characteristic has not been included in the table.
The second, third and fifth columns of Table 1 refer to the
granularity, scope and base model, respectively, as described
previously. The fourth column, “Analysis Task”, states if
the proposed method is for coherence classification and/or
measurement. The sixth column, “Technologies”, indicates
the technologies employed by each proposal. Finally, the
kind of “Embeddings” are indicated in the last column.

Notice that several works address use features extracted
from sentences [Nie et al., 2019; Reimers and Gurevych,
2019] or whole documents [Vakulenko et al., 2018; Joty
et al., 2018; Mesgar and Strube, 2018; Wang et al., 2019;
Xu et al., 2019]. In addition, most works address coherence
classification and just a few ones coherence measurement.
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Regarding the granularity, the vast majority of the propos-
als use documents with permuted sentences as contrastive
data for training or fine-tuning and evaluation with the Shuf-
fle Test. Most works employ static embeddings (i.e., Glove,
Word2vec), but there is a recent trend to use contextualized
ones (i.e., BERT, ELMo). These embeddings enable iden-
tifying relationships between adjacent sentences [Nie et al.,
2019] or finding pairs of semantically similar ones [Reimers
and Gurevych, 2019]. Only Sarzynska-Wawer et al. [2021]
aim to investigate the impact of words on coherence, deter-
mining which words contribute the most to the positive or
negative classification of interviews with patients who have
schizophrenia and healthy people.
Our work focuses on the coherence of short documents

based on the semantic compatibility of their words. To the
best of our knowledge, it is the first one to investigate seman-
tic coherence classification and measure using contrastive
data produced by exchanging words with other ones that can
fit the textual context. In the experiments, we employ the
BERT MLM to predict these words and fine-tune BERT for
the task of distinguishing original documents from the ones
with a word changed. We also measure coherence in differ-
ent ways, using BERT embeddings of words and sentences
(obtained by pooling word embeddings) or topic coherence
measures, and then compare the results.

4 The COHEWL Framework

We developed the COHEWL framework to make exper-
iments with alternative methods for changing document
words to generate contrastive data, classify and measure the
coherence of original and changed documents and then ana-
lyze the results.
Figure 2 illustrates the proposed workflow. The process

begins by using a NLP tool (e.g., spaCy) to segment N orig-
inal documents (OD) into their sentences and POS-tag their
token. These tasks are necessary to allow subsequent selec-
tion of verbs and nouns to change in sentences in the genera-
tion of contrastive data for experiments, and for calculating
coherence measures based only in verbs and nouns. Then,
the task Generate Contrastive Data randomly selects
a word w in each OD to generate Nc ≥ 1 changed docu-
ments (CD), i.e., modified versions of OD, each one with
a distinct word in the place of w. This can be done man-
ually or automatically by, for example, changing w for the
token [MASK] to create maskedOD′, submitting to the
BERT MLM and selecting the Nc predicted words (pred)
for [MASK] with the highest confidence to use in the place
of w in each CD. The pre-processed documents, which in-
clude the N original documents (OD) and Nc changed docu-
ments (CD) can be used to train Coherence Classifiers
(we have done it by fine-tuning BERT for the task of dis-
criminating ODs from CDs in our experiments) and for
(In)coherence measurement (what we have done by av-
eraging embedding similarities (distances) or using a topic
coherence model in our experiments). The primary tasks of
this process are described in more detail in the following.

4.1 Pre-processing and Contrastive Data Gen-
eration

Figure 3 illustrates the generation of contrastive data for the
OD “How to push elements in a stack ?”. Due to space
limitations in this figure we consider Nc = 10. In the figure,
after OD segmentation and POS-Tagging, the verb (push) is
randomly substituted by [MASK]. Then, the OD with the
masked verb is submitted to the BERT MLM to predict Nc

words to substitute this verb. In our experiments, a V ERB
is randomly selected and masked in each OD to be changed
by BERT MLM and create Nc ≥ 0 CD, i.e., versions of
each OD with the verb changed with a different word. If no
verb is found, the first NOUN is selected, and if neither ex-
ists, an auxiliary verb is chosen. Then, the maskedOD′ is
submitted to BERT MLM, the embeddings of the last layer
are recovered, normalized and their probabilities calculated.
Then, the Nc top predictions for [MASK] are retrieved to
generate the Nc changed versions CD of the original docu-
ment OD.
Regarding word prediction to substitute the masked one,

an important question arises: are the worst models poten-
tially better suited for generating incoherent words, as they
might produce more diverse or unexpected replacements?
This is particularly relevant when attempting to generate con-
trastive data that emphasize incoherence. We observed a va-
riety of subtle phenomena in our experiments, such as the pre-
diction of words (arrange, organize, store, put, etc.) with
more general meaning than the original (push). They make
the text less coherent, at least for the domain of data struc-
tures. Other words predicted (e.g., represent, sort) change
the meaning of the text, despite being coherent in the con-
text. Thus, we think that more discussion and research are
needed to assess how different levels of model quality affect
the generation of incoherent candidates, especially in con-
trastive learning contexts. We leave this to future work due
to limited space and to maintain the focus of this paper.
Equation 10 defines the extension of a document set

DocSet with contrastive data, i.e., Nc ≥ 1 CDs for each
OD ∈ DocSet, by changing one word in the OD with a
distinct word predicted to its place by the BERT MLM.

C(DocSet) = DocSet ∪ Changes(DocSet, Nc) (10)

4.2 Coherence Evaluation
The original documents (OD) and the derived contrastive
data (CD) are used to fine-tune classifier of original docu-
ments versus documents that had a word changed. Our ex-
periments used BERT and considered the classification token
([CLS]) of its last layer as the document class discriminator
[Devlin et al., 2019]. The generation of embeddings to cal-
culate (in)coherence measures uses the pre-trained BERT in
the evaluation mode. Following recommendations from De-
vlin et al. [2019], we do not use all BERT layers, but only
the concatenation of the last 4.
In this work, we propose distinct functions derived

from Equation 1 [Foltz et al., 1998] to calculate semantic
(in)coherence measures for each document in C(DocSet),
namely: CAWm, CWPm and CGm. These functions can
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Figure 2. The COHEWL major modules and workflow

Figure 3. Example of contrastive data (ODs) generation for Nc = 10

use any measure m of similarity or distance between em-
beddings to calculate coherence or incoherence, respectively.
In the equations, D represents a document and k represents
the number of words in D. Equation 11 presents the func-
tion CAWm(D) (Coherence of Adjacent Words) which cor-
responds to the average of the similarities or distances (m) be-
tween adjacent word (wi, wi+1) of D. Equation 12 presents
CWPm(D) (Coherence of all Word Pairs), the average sim-
ilarities/distances of all word pairs wi e wj (wi, wj ∈ D; i <
j). Finally, Equation 13, presents CGm(D) (Coherence
Global) the average similarities/distances between the em-
bedding of w̃i of each word wi ∈ D and the pooling of the
embeddings of all the words of D, for example their average
avg(D̃), because this pooling strategy gives the best results
in preliminary experiments.

CAWm(D) = 1
k − 1

k−1∑
i=1

m(w̃i, w̃i+1) (11)

CWPm(D) = 1
(k2 − k)/2

k−1∑
i=1

k∑
j=i+1

m(w̃i, w̃j) (12)

CGm(D) = 1
k

k∑
i=1

m(w̃i, avg(D̃)) (13)

Table 2 shows these coherence measures calculated using
the cosine similarity metric (cos) on the changed documents
obtained by exchanging the word “push” of the original doc-
ument shown in Figure 3 with words predicted by the BERT
MLM. These results are ordered by the word prediction con-
fidence (column%Max. Confidence). We did not find signif-
icant correlations between the word prediction rank of BERT
MLM and the coherence measures of the CDs derived from
the corpora used in our experiments, which are reported in
section 5.



Semantic Coherence of Short Text at the Word Level Fileto & Junior, 2025

Table 2. CDs created by exchanging the word “push” in “How to push elements in a stack ?” with words predicted by BERTMLM, along
with their confidence rank and coherent measures

# Change Documents (CDs) %Max. Confidence CAWcos CWPcos CGcos

1 How to arrange elements in a stack ? 100.00% 0.653 0.605 0.809
2 How to organize elements in a stack ? 96.62% 0.671 0.624 0.819
3 How to store elements in a stack ? 50.35% 0.648 0.606 0.809
4 How to put elements in a stack ? 38.64% 0.632 0.593 0.803
5 How to manage elements in a stack ? 32.72% 0.537 0.508 0.754
6 How to place elements in a stack ? 27.79% 0.636 0.594 0.803
7 How to represent elements in a stack ? 23.80% 0.638 0.586 0.799
8 How to stack elements in a stack ? 23.38% 0.641 0.610 0.811
9 How to sort elements in a stack ? 19.21% 0.481 0.481 0.711
10 How to handle elements in a stack ? 17.19% 0.650 0.598 0.805

Other alternatives to evaluate the coherence of each doc-
ument D ∈ C(DocSet) include, among other possibilities,
topic coherence measures like CUCI, CNPMI, CV and CUMass,
which are defined in Section 2.2. For calculating these topic
coherence measures, it is necessary to build a topic model
using an external corpus from the same domain as the set of
documents DocSet.
The experiments reported in the following use COHEWL

to compare the results of alternative approaches to classify
and measure semantic coherence of short documents at the
word level.

5 Experimental Setting
COHEWL was implemented in Python version 3.6.9 and
has been executed in Google Collaboratory. Document
segmentation and POS-tagging were performed using the
spaCy tool version 3.2.0. SpaCy leverages a stop word
list to filter out common and uninformative words during
this process. The full list of stop words used by spaCy
can be found in the project’s official GitHub repository4.
POS-Tagging and the stop word list allow selecting certain
types of lexicons in datasets when generating contrastive
data and in measurement experiments. Coherence classifica-
tion and measurement with BERT used the Huggingface im-
plementation version 4.5.15 for documents in English, and
BERTimbau [Souza et al., 2020]6 for Portuguese. Both
variants were used in the sizeLarge (1, 024 dimensions) and
the format cased (with uppercase and lowercase characters).
The BERT embeddings were handled using PyTorch version
1.8.1. Topic coherence measures were produced using Gen-
sim [Řehůřek and Sojka, 2010] version 4.2.07. The full im-
plementation and results of all experiments are available on
Github8.

4https://github.com/explosion/spaCy/blob/master/
spacy/lang/en/stop_words.py

5https://huggingface.co/docs/transformers/model_doc/
bert

6https://github.com/neuralmind-ai/portuguese-bert/
7https://radimrehurek.com/gensim/
8https://github.com/osmarbraz/cohewl/

5.1 Datasets
Coherence classification and measurement were done for the
documents of the 3 datasets described in the following. Ta-
ble 3 presents for each dataset selected for our experiments
its number of documents and averaged numbers per docu-
ments of: words; words that are not stop words; words that
are nouns, verbs or/and auxiliary verbs; and out of vocabu-
lary words (OOV).
CohQuAD (Coherence Question Answering Dataset)9

has 40 documents, each one with a single-sentence question
in the domain of data structures, inspired from student posts
in Virtual Learning Environment (VLE) forums. These doc-
uments are made up of sentences of simple or compound pe-
riods. For this study, the authors created and manually clas-
sified all documents. Half (20) were designed to be coher-
ent, while the other half (20) were crafted to be incoherent.
To achieve incoherence, the authors meticulously selected a
distinct coherent document and manually substituted a word
(verb, noun, or auxiliary verb) with a synonym that alters
the meaning (e.g., swapping “queue” for “stack”, “stack” for
“queue”). Finally, the original Brazilian Portuguese (pt-br)
dataset was translated into English (en) using Google Trans-
late, then manually revised to ensure accuracy in both lan-
guages for broader experimentation.
FaQuAD [Sayama et al., 2019]10 has 900 questions taken

from 249 passages of 18 official documents about Computer
Science from a Brazilian public university, and 21Wikipedia
articles about University education in Brazil. It follows the
SQuAD 1.0 format.
SQuAD 2.0 (Stanford Question Answering Dataset) [Ra-

jpurkar et al., 2018]11 has 142,192 documents, each one with
a single question in English. A version translated into Por-
tuguese is available at Huggingface Datasets12. We excluded
from the dataset 266 documents which do not have any verb,
auxiliary verb or noun, leaving 141,926 documents in each
language. We randomly selected just 1% of the remaining
documents (1,419) to make our experiments viable and to
balance the dataset size with that of FaQuAD. The selected

9https://github.com/osmarbraz/cohewl/tree/main/
dataset/cohquad/

10https://github.com/liafacom/faquad/
11https://rajpurkar.github.io/SQuAD-explorer/
12https://huggingface.co/datasets/piEsposito/squad_20_

ptbr

https://github.com/explosion/spaCy/blob/master/spacy/lang/en/stop_words.py
https://github.com/explosion/spaCy/blob/master/spacy/lang/en/stop_words.py
https://huggingface.co/docs/transformers/model_doc/bert
https://huggingface.co/docs/transformers/model_doc/bert
https://github.com/neuralmind-ai/portuguese-bert/
https://radimrehurek.com/gensim/
https://github.com/osmarbraz/cohewl/
https://github.com/osmarbraz/cohewl/tree/main/dataset/cohquad/
https://github.com/osmarbraz/cohewl/tree/main/dataset/cohquad/
https://github.com/liafacom/faquad/
https://rajpurkar.github.io/SQuAD-explorer/
https://huggingface.co/datasets/piEsposito/squad_20_ptbr
https://huggingface.co/datasets/piEsposito/squad_20_ptbr
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Table 3. Datasets used in our coherence classification and measurement experiments

CoQuAD FaQuAD SQuAD 2.0

Measures (pt-br) (en) (pt-br) (pt-br) (en)

#Documents 40 40 900 1,419 1,419
Avg #words per document 10.85 11.30 10.82 11.41 11.19
Avg(#words-#stopwords) 5.20 5.00 5.33 6.13 6.16
Avg(#nouns+#verbs+#aux) 4.35 4.60 4.16 3.86 4.11
Avg(#OOV words) 1.90 0.50 1.22 1.32 0.24

documents for the versions in English and Portuguese refer
to the same questions in the respective languages.
The construction of the topic model necessary to calcu-

late topic coherence measures used a domain-specific cor-
pus that we call Stack&Queue.13 This corpus, created by
the authors, includes text passages about the data structures
stack and queue, taken from Wikipedia and the book “Intro-
duction to Algorithms” of Cormen et al. [2009]. Versions in
English and Brazilian Portuguese were created with original
text in the respective languages. Table 4 presents the num-
ber of sentences, words, words that are not stop words and
the vocabulary size of this corpus in each language.

Table 4. Domain specific corpus used to build the topic model

Measures Stack&Queue
(pt-br)

Stack&Queue
(en)

#Sentences 131 109
#Words 2,102 1,996
#Words - #stopwords 1,243 1,114
#Vocabulary 615 519

5.2 Contrastive Data
We generated contrastive data, i.e., documents with a word
changed (CDs), for each original document (OD) of the se-
lected datasets. Our experiments used alternatives for the
number of modified versions generated per OD, namely
Nc ∈ {1, 20, 100}, while Barzilay and Lapata [2008] only
considered Nc = 20. For instance, from the 20 coherent Co-
hQuaD documents we generated 20, 400, and 2,000modified
documents (forNc equal to 1, 20 and 100, respectively). The
data extended with the discriminative CDs were organized
in pairs ⟨OD, CD⟩, i.e., with each original document pair-
ing with each one of its modified versions. The 5 extended
datasets used in the experiments are described below. No-
tice that only 1 (CohQuAD Coh+Inc) does not include docu-
ments with a word substituted by an automatically predicted
one. The total number of instances of each extended dataset
with contrastive data can be calculated by multiplying the
number of documents presented in Table 3 by the values of
Nc ∈ {1, 20, 100}.

1. CohQuAD Coh+Inc - only human-made and manually
classified documents (20 coherent and 20 incoherent);

13https://github.com/osmarbraz/cohewl/tree/main/
dataset/stack_queue/

2. C(CohQuAD Coh) - CohQuAD coherent documents
and their versions automatically modified by changing
a word;

3. C(CohQuAD Inc) - CohQuAD incoherent documents
and their versions automatically modified by changing
a word;

4. C(CohQuAD Coh+Inc) - CohQuAD coherent + inco-
herent documents and their versions automatically mod-
ified by changing a word;

5. C(FaQuAD) and C(SQuAD 2.0) - original documents
from the respective dataset, their versions automatically
modified by changing a word.

6 Discriminating Original from
Changed Documents

These experiments aim to evaluate the performance of our
fine-tuned BERT model to distinguish coherent documents
from incoherent ones and original documents from the ones
with a word automatically changed. The fine-tuning for clas-
sifying documents as original (OD) or changed (CD) used
the learning rate scheduler without warm-up and with linear
decay of the learning rate along the training stages.
We used the AdamW optimizer from the Huggingface im-

plementation of BERT with β1 = 0.9, β2 = 0.999 (de-
fault value). Training was interrupted after a given number
of epochs. Hyperparameters were set for each dataset. In
total, we run 120 experiments for the distinct datasets and
their modified versions to find the optimal classifier. The
parameter value ranges combinations were those suggested
by Devlin et al. [2019]: learning rates of 10−5, 2 ∗ 10−5,
3∗10−5, 4∗10−5, 5∗10−5 (we included 10−5 and 4∗10−5),
number of epochs in {2, 3, 4}, batch sizes of 16 and 32 for
training and validation, respectively. The classifiers perfor-
mance was evaluated by averaging accuracies (10-fold cross-
validation). We realized only evaluation (no test) due to the
limited size of our unique dataset with ground true for word
coherence classification (e.g., CoQuAD).

6.1 Classifier Results
Table 5 shows the averaged accuracy (Acc.) for 10-fold vali-
dation of the binary classifiers (built on BERTimbauLarge

and BERTLarge for documents in Portuguese and English,
respectively) per dataset and respective: numbers of mod-
ified document versions (Nc), batch sizes (Bat.), learning
rates(Lear. rate), and numbers of epochs (Ep.). The best
results for each dataset are highlighted in bold. The first two

https://github.com/osmarbraz/cohewl/tree/main/dataset/stack_queue/
https://github.com/osmarbraz/cohewl/tree/main/dataset/stack_queue/
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result lines in this table show hyperparameters that provided
that best accuracy for discriminating coherent from incoher-
ent documents of our manually built annotated dataset. The
remaining result lines show the hyperparameters that allowed
the best accuracy for distinguishing original documents from
the ones with a word automatically changed by using BERT
MLM. Notice that the accuracy increases with the number
of modified versions per OD. For Nc = 1 the accuracies
of all classifiers surpassed 60.26%, while for Nc = 20 the
minimum accuracy was 92.55%, and for Nc = 100 it was
97.38%. Accuracies for CohQuAD were the highest regard-
less of the document coherence: coherent (Coh), Incoherent
(Inc) or both (Coh+Inc). Figure 4 shows the confusion ma-
trices of the classifiers for each dataset.

Table 5. Hyperparameter configuration and accuracy of the fine-
tuned BERT classifier

Extended
datasets Nc Bat.

Learn.
rate

Ep. Acc.

CohQuAD
Coh+Inc (pt-br) 0 16 5 ∗ 10−5 4 87.50%

CohQuAD
Coh+Inc (en) 0 16 4 ∗ 10−5 4 80.00%

C(CohQuAD 1 16 10−5 3 80.00%
Coh) (pt-br) 20 16 10−5 4 97.88%

100 32 10−5 4 99.88%
C(CohQuAD 1 16 2 ∗ 10−5 4 75.00%
Coh) (en) 20 16 3 ∗ 10−5 4 95.13%

100 32 10−5 4 99.80%
C(CohQuAD 1 16 2 ∗ 10−5 4 82.50%
Inc) (pt-br) 20 16 2 ∗ 10−5 4 97.50%

100 16 2 ∗ 10−5 4 99.88%
C(CohQuAD 1 16 5 ∗ 10−5 4 72.50%
Inc) (en) 20 16 2 ∗ 10−5 4 96.38%

100 16 10−5 3 99.85%
C(CohQuAD 1 16 3 ∗ 10−5 4 87.50%
Coh+Inc) 20 16 10−5 4 99.31%
(pt-br) 100 32 10−5 3 99.79%
C(CohQuAD 1 16 5 ∗ 10−5 4 87.50%
Coh+Inc) 20 16 10−5 4 99.44%
(en) 100 32 10−5 4 99.83%
C(FaQuAD) 1 16 2 ∗ 10−5 3 64.89%
(pt-br) 20 16 10−5 4 95.65%

100 16 10−5 3 98.76%
C(SQuAD 1 16 3 ∗ 10−5 4 64.59%
2.0) (pt-br) 20 16 10−5 4 95.69%

100 16 10−5 3 98.90%
C(SQuAD 1 16 2 ∗ 10−5 4 60.26%
2.0) (en) 20 32 10−5 4 92.55%

100 16 10−5 4 97.38%

6.2 Discussion of the Classifier Results
The high accuracy of the classifiers can be explained by an-
alyzing the distribution of the document embeddings pro-
duced by the pooling strategy proposed in Reimers and
Gurevych [2019], that uses the average of word embeddings.
The Embedding Projector [Smilkov et al., 2016] was used to

Figure 4. Confusion matrix of the best classification results

reduce embedding dimensionality and visualize their projec-
tion in a plane. We chose to make these projections using t-
Distributed Stochastic Neighbor Embedding (t-SNE), a pop-
ular non-linear dimensionality reduction technique [Van der
Maaten and Hinton, 2008], because usually preserves some
local structure (clusters) which allows inspecting the nearest
neighbors of a given point [Smilkov et al., 2016].
Figure 5 presents two-dimensional t-SNE projections of

the sentence embeddings from the datasets: C(CohQuAD
Coh) and C(SQuAD 2.0) in Brazilian Portuguese and En-
glish. All projectionswere generatedwith 250 iterations over
20 original documents plus their 20 modified versions, re-
sulting in a total of 420 points per projection. Just 20 ran-
dom documents from SQuaD 2.0 were selected for image
clarity. In all projections, each red dot represens an OD and
each blue dot a CD. Notice that CD versions of the same
OD form clusters in all projections. CD versions tend to be
close to the respective OD. Each OD is usually slightly sep-
arated from the respective CD versions in the vast majority
of clusters. In projection (a), some red dots are close or over-
lapping due to the high similarity of these documents. These
distributions probably contributed to the high classification
accuracies, above 92% for Nc equal to 20 and 100.

Figure 5. t-SNE projections of document embeddings (OD red, CD blue)
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7 Measuring Semantic Coherence
with COHEWL

These experiments aim to evaluate the effectiveness of the
alternative formulas presented in subsection 4.2 for measur-
ing coherence. They investigate how the (in)coherence mea-
sures differ for coherent documents, incoherent documents
and documents with a word automatically changed by using
the BERT MLM.
The measures of (in)coherence Cm ∈ {CAWm, CWPm,

CGm} were calculated in accordance with Equation 11, 12
and 13, using the similarity and distance measures m ∈
{cos, euc, man}, i.e., cosine similarity (cos), Euclidean
(euc) and Manhattan (man) distances. We employed two
word pooling strategies, namely MEAN and MAX, for out-
of-vocabulary word tokens and three alternatives for select-
ing words from short texts: all words (ALL), removal of stop
words (CLEAN) and only relevant words from the morpho-
syntactic classes verb, noun or auxiliary verb (REL). Com-
bining these alternatives, 54 experiments were performed
per dataset to calculate measures for each original document
(OD) and their Nc ∈ {1, 20, 100} modified versions (CD).

7.1 (In)coherence Measurement Results

Table 6 presents the percentages of pairs ⟨OD, CD⟩ (each
OD paired with Nc CDs) for which the (in)coherence
measure Cm of the OD is better than that of the respec-
tive CD in the pair, for distinct values of Nc, pooling
strategies (Pool.), word selection alternatives Word sel. ∈
{ALL, CLEAN, REL}, (in)coherence measures C ∈
{CAW, CWP, CG}, and distance/similarity functions m ∈
{euc, man, cos}. The first two result lines in this table show
the strategies and measures that best distinguished coherent
from incoherent documents of our manually built annotated
dataset. The remaining result lines show the strategies and
measures that best distinguished original documents with the
ones with a word changed by using BERT MLM.
The graphics in Figure 6 show, in ascending order,

the coherence measures CAWcos (red), CWPcos (blue),
and CGcos (green) of each original document OD from
C(CohQuAD Coh) and C(SQuAD 2.0) in Brazilian Por-
tuguese (pt-br) and English (en). The (in)coherence mea-
sures (represented by dashed lines) of the 20 modified ver-
sions of CD are in ascending order for the respective OD.
We do not present C(FaQuAD) results because they have the
same characteristics as C(SQuAD 2.0). The highest measure
gains for modified versions CD over an OD are highlighted
with an enclosing red rectangle on the left of the graphic in
Figure 6(b).
Figure 7 shows the coherencemeasures of theOD (dashed

lines) from C(CohQuAD Coh) (en): “How to push elements
in a stack ?” (highlighted in Figures 5(b) and 6(b)), those of
its CDs (dashed lines) and the BERT MLM confidence for
each prediction for the masked word push used to change the
OD into a CD.

7.2 Discussion of the (In)coherence Measure-
ment Results

Figure 8 presents the PCA projection of word and sentence
embeddings derived from the C(CohQuAD Coh) (en) OD
“How to push elements in a stack?” and the first word (ar-
range) predicted by BERT MLM to replace push. Blue dots
represent words from the original document OD, red dots
represent words from the changed document CD, the cyan
dot signifies the OD itself, and the pink dot marks the CD.
Contextualized embeddings for words with similar mean-

ings or functions (e.g., “How”, “to”, “?”) tend to cluster
together, regardless of whether they appear in the OD or
CD. However, these embeddings do not consistently reflect
human perception of text coherence. For instance, the dis-
tance between “push” and “stack” in the embedding space
does not align with human perception of their close semantic
relationship in the domain of of data structures . Unfortu-
nately, in the embedded space, the distance between “push”
and “stack” is slightly bigger than that between“push” and
“arrange”. Therefore, one cannot rely on the word distances
in the embedded space to capture the word coherence per-
ceived by humans.

8 Topic Coherence Measures
These experiments aim to evaluate the effectiveness of some
topic coherence measures for measuring document coher-
ence. The topical coherence measures TC ∈ {CUCI, CNPMI,
CV , CUMass} were calculated as specified in Equations 2, 4,
6 and 9, respectively, for each document in the CohQuAD
Coh+Inc dataset (en and pt-br). Three word selection alter-
natives (ALL, CLEAN, REL) and sliding window sizes (sw)
between 3 and 150 were used. Combining these alternatives,
a total of 444 experiments were performed. The CohQuAD
Coh+Inc dataset and the Stack&Queue corpus used to build
the topic model were pre-processed to remove punctuation
marks (e.g.“,”,“?”) and lowercased all characters. POS-
Tagging was employed to select only verbs and nouns for
calculating coherence measures in the word selection alter-
native REL.

8.1 Topic Coherence Measurement Results
The last column of Table 7 presents the percentages of
⟨OD, CD⟩ pairs from CohQuAD Coh+Inc dataset (en and
pt-br) for which the topical coherence measure of OD is
higher than that of CD. These results are detailed for dis-
tinct alternatives to select the words (Word select) from each
document to be considered in the measure calculations, the
sliding Window size and the topic coherence measure (TC).
The best results for each dataset are in bold.

Figure 9 details the distribution of the topical coherence
measures among CohQuAD Coh+Inc (en) documents, con-
sidering only the parameter settings that maximized the mea-
sure differences between each original document OD and its
respective changed documents CD. Solid lines refer to mea-
sures of OD, while the dashed lines CD. Notice that the av-
erage distance between the solid line (OD) and the dashed



Semantic Coherence of Short Text at the Word Level Fileto & Junior, 2025

Table 6. Proportion of pairs ⟨OD, CD⟩ with Cm(OD) > Cm(CD)

Datasets Nc Pool. Word sel. C m %
CohQuAD Coh+Inc (pt-br) 0 MEAN CLEAN CWP man 65.00%
CohQuAD Coh+Inc (en) 0 MAX ALL CWP euc 60.00%

C(CohQuAD Coh) (pt-br)
1 MEAN ALL CAW man 85.00%
20 MEAN ALL CAW man 80.25%
100 MEAN ALL CAW man 80.70%

C(CohQuAD Coh) (en)
1 MEAN REL CAW man 60.00%
20 MEAN ALL CWP euc 49.50%
100 MEAN ALL CWP euc 46.40%

C(CohQuAD Inc) (pt-br)
1 MEAN ALL CAW cos 65.00%
20 MEAN ALL CAW man 77.25%
100 MEAN CLEAN CG cos 72.80%

C(CohQuAD Inc) (en)
1 MEAN REL CWP man 75.00%
20 MEAN ALL CAW euc 51.25%
100 MEAN REL CWP man 51.75%

C(CohQuAD Coh+Inc) (pt-br)
1 MEAN ALL CAW man 70.00%
20 MEAN ALL CAW man 77.88%
100 MEAN ALL CAW man 77.08%

C(CohQuAD Coh+Inc) (en)
1 MEAN REL CWP man 65.00%
20 MEAN ALL CWP euc 51.63%
100 MEAN ALL CWP euc 50.40%

C(FaQuAD) (pt-br)
1 MEAN CLEAN CWP cos 67.00%
20 MEAN REL CG euc 60.93%
100 MEAN REL CAW euc 74.60%

C(SQuAD 2.0) (pt-br)
1 MEAN CLEAN CWP cos 70.33%
20 MEAN CLEAN CG euc 61.06%
100 MEAN ALL CWP euc 71.52%

C(SQuAD 2.0) (en)
1 MEAN REL CWP cos 71.04%
20 MEAN REL CWP cos 59.50%
100 MEAN REL CWP cos 57.57%

line (CD) for eachmeasure (distinct color) is higher forCUCI,
CNPMI and CV than for CUMass. In addition, only document
20 has a topic measure (CUMass) lower for OD than for the
respective CD.
Finally, Figure 10 shows the impact of the sliding window

size (3-40) in the proportion of OD with topic coherence
higher than that of the respective CD in CohQuAD Coh+Inc
(en). We used smaller sliding window sizes than the pro-
posed by [Röder et al., 2015], because CohQuAD Coh+Inc
(en) are short (11.3 words per document in average). The
CLEAN scheme was used to select words for calculating
the topic coherence measures CUCI, CNPMI and CV . The
CUMass measure was not included because it does not use a
sliding window.

8.2 Discussion of the Topic Coherence Mea-
surement Results

Topic coherence measures seem to better capture short doc-
uments coherence than measures based on the average of
embedding similarities or distances. Our experiments also
showed that CUCI and CNPMI produced the best results using
the CLEAN alternative to select relevant words, followed
by REL and ALL. It suggests that certain words are more
relevant for topic coherence.

9 Conclusions and Future Work

This work introduced the COHEWL framework to assess
the semantic coherence of short documents based on the se-
mantic compatibility of their words. COHEWL supports
contrastive data generation via word replacement, coherence
assessment using alternative classification and measuring
methods, and performance comparison. The current CO-
HEWL implementation, described and evaluated in this arti-
cle, used the BERTMLM to predict word substitutes for gen-
erating contrastive data (documents with a modified word).
BERT was fine-tuned to distinguish original from modified
documents. Coherence measures based on average similari-
ties or distances between BERT embeddings or, alternatively,
topical coherence measures were also calculated. Their dis-
tributions were compared with each other, with the BERT
MLMword prediction rank, and with human appreciation of
coherence in a manually made dataset of coherent and inco-
herent documents in the domain of data structures.
Experimental results revealed that, in a similar way as

BERT provides high accuracy for the Shuffle Test, it also
performs verywell in the task of discriminating original short
documents from the ones with aword changed. Nevertheless,
(in)coherence measures based on the average similarities or
distances between embeddings generated by BERT are not
adherent to document classification. The use of topic coher-
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Figure 6. Coherence measures in ascending order

Figure 7. Prediction confidence and coherence measures of the OD “How
to push elements in a stack ?” and its 20 CDs

ence measures calculated with a model built from a domain
specific small corpus provedmore adherent to the human per-
ception of coherence at the level of words.

The results presented in this paper suggest that investigat-
ing alternatives to the current language models and embed-
dings to assess the semantic coherence of short documents at
the word level, such as new topic and embedding models like
Gao et al. [2019]; Churchill and Singh [2022, 2023] can be a
promising research direction. Identifying words involved in
sometimes subtle semantic incoherences and automatically
solving them by predicting more suitable words for each sit-
uation are challenging tasks yet. The BERT contextualized
embeddings of these words are not necessarily outliers in the
embedding spaces, as we have shown in the reported experi-
mental results. Detecting and solving semantic incoherences
at the word level can depend on capturing word meanings
specific to particular domains. Nevertheless, the methods

Figure 8. PCA projection of word and sentence embeddings of “How to
push elements in a stack?” and those of the CD produced by changing the
word “push” with “arrange”

proposed in this paper allow at least detecting some of these
incoherences and can help open new frontiers in the study
of semantic coherence. Progresses in this field can benefit a
variety of downstream tasks and applications of natural lan-
guage processing, such as question answering [Bouarroudj
et al., 2022].

The COHEWL framework presents certain vulnerabilities
and threats. One potential risk lies in the reliance on BERT
MLM for word replacement, which may generate contrastive
data that does not always align with human perception of
coherence. Additionally, coherence measures based on em-
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Table 7. Proportion of pairs ⟨OD, CD⟩ with T C(OD) >
T C(CD)

Extended
datasets

Word
select

Window
size

TC %

CohQuAD ALL 16 CUCI 95.00%
Coh+Inc 17 CNPMI 90.00%
(pt-br) 3 CV 65.00%

- CUMass 85.00%

CLEAN 10 CUCI 95.00%
5 CNPMI 95.00%
10 CV 95.00%
- CUMass 95.00%

REL 9 CUCI 90.00%
3 CNPMI 85.00%
11 CV 80.00%
- CUMass 90.00%

CohQuAD ALL 9 CUCI 95.00%
Coh+Inc 9 CNPMI 95.00%
(en) 39 CV 80.00%

- CUMass 90.00%

CLEAN 3 CUCI 100.00%
3 CNPMI 100.00%
15 CV 95.00%
- CUMass 95.00%

REL 3 CUCI 95.00%
3 CNPMI 95.00%
15 CV 100.00%
- CUMass 95.00%

bedding similarities or distances proved inadequate for doc-
ument classification, indicating a limitation in capturing se-
mantic coherence effectively. The framework’s performance
is also constrained by domain-specific small corpora, affect-
ing generalization.
Future work related with text coherence and the results

presented in this paper include: (i) experiments with more
varied and larger manually labeled datasets to better analyze
the adherence of distinct classifiers and coherence measures
to the human perception of text coherence; (ii) investigate
the impact of features derived from style, syntax, and combi-
nations of word and knowledge embeddings to classify and
measure coherence; (iii) use prompts in contextualized mod-
els such as GPT in the evaluation of coherence; and (iv) de-
vise methods for identifying particular words involved in se-
mantic incoherences and automatically exchange them with
other ones to produce more coherent documents.
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