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Abstract
Understanding word meaning in context is a
central problem in Natural Language Process-
ing, most directly addressed by word sense
disambiguation (WSD). While modern contex-
tual language models have improved WSD per-
formance, it remains unclear how the choice
of pre-training objective influences the seman-
tic representations used in different WSD ap-
proaches. In this paper, we investigate masked
latent semantic modeling (MLSM) as a seman-
tic pre-training objective for WSD, focusing on
its behavior across diverse WSD approaches.
We contrast the use of MLSM pre-trained mod-
els to that of traditionally pre-trained ones for a
wide range of WSD modeling scenarios, includ-
ing centroid and sparse representation-based
probing methods, as well as supervised dis-
ambiguation systems. Experimental results on
standard WSD benchmarks show that relying
on MLSM yields consistent improvements in
disambiguation performance across models and
datasets.

1 Introduction

Word sense disambiguation is the task of iden-
tifying the intended meaning of a word in con-
text, given a fixed sense inventory. Although re-
cent transformer-based models and neural WSD
approaches have led to substantial improvements
on standard benchmarks, WSD remains a challeng-
ing problem at the core of language understanding
(Maru et al., 2022; Meconi et al., 2025), as subtle
semantic differences between word senses often
require representations that capture structured se-
mantic information beyond surface lexical patterns.

Standard masked language modeling (MLM),
the dominant pre-training objective for modern lan-
guage models, trains models to predict the identity
of masked tokens from context. However, this ob-
jective is inherently ambiguous: multiple words
may plausibly fit the same context, and predicting
exact lexical forms does not necessarily encourage

models to learn representations that reflect struc-
tured semantic properties.

Masked Latent Semantic Modeling (MLSM)
(Berend, 2023) addresses this limitation by replac-
ing lexical prediction with the prediction of latent
semantic properties. Instead of reconstructing ex-
act token forms, models trained with MLSM learn
to predict distributions over latent semantic fea-
tures associated with tokens. In this paper, we
carefully investigate whether MLSM pre-trained
models develop an improved capability in captur-
ing the semantic distinctions of words.

Although MLSM has previously been evaluated
on several supervised fine-tuning tasks, its ability
to improve semantic representations has not yet
been systematically examined in settings that di-
rectly probe semantic discrimination. As WSD
requires models to distinguish between closely re-
lated meanings, it offers a useful setting for evalu-
ating whether MLSM pre-training leads to seman-
tically more informative representations.

In this work, we conduct a systematic evaluation
of MLSM pre-trained models for the task of WSD.
That is, our primary goal is to isolate the effect
of the pre-training objective through controlled ex-
periments. To this end, we pre-train comparable
models using both MLM and MLSM under iden-
tical conditions and evaluate them across multiple
WSD datasets and modeling paradigms.

Our experiments cover a range of widely used
WSD approaches, including models based on con-
textual embeddings as well as supervised disam-
biguation systems. In addition to these architec-
tures, our evaluation includes representation-based
probing in which semantic structure is examined
directly in the learned representations. Rather than
training classifiers on top of frozen embeddings,
which can lead to misleading conclusions about the
information encoded in representations (Belinkov,
2022; Hewitt and Liang, 2019), we analyze repre-
sentations directly. Specifically, we compute the



sense centroids of contextual embeddings and mea-
sure their similarity statistics, a common technique
in representation-based semantic analyzes (Teglia
et al., 2025).

Our contributions are as follows:

• We pre-train and release MLM and MLSM
model checkpoints pre-trained under identi-
cal setups, enabling the direct and controlled
comparison of the effects of their objectives.

• We evaluate these models across multiple
WSD datasets and modeling paradigms, in-
cluding both representation-based and super-
vised WSD approaches.

Overall, our results provide evidence that replac-
ing MLM with MLSM during pre-training can lead
to consistent improvements across a range of WSD
model architectures and datasets, suggesting that
semantically oriented pre-training objectives can
benefit tasks requiring fine-grained meaning dis-
tinctions.

2 Related Work

The task of WSD is widely used as a benchmark
to evaluate how well contextual representations
capture fine-grained semantic distinctions. Unlike
broader downstream tasks, WSD requires models
to distinguish between closely related meanings
of the same word occurrence based solely on con-
textual cues, making it a sensitive probe of seman-
tic structure in learned representations (Raganato
et al., 2017). Recent work further highlights that
WSD remains a valuable diagnostic for evaluating
the semantic capabilities of modern large language
models (Navigli, 2026).

2.1 WSD frameworks

The introduction of contextualized word represen-
tations, such as ELMo (Peters et al., 2018) and
BERT (Devlin et al., 2019), substantially improved
WSD performance by modeling word meaning as
a function of context rather than a fixed vector.
Transformer-based encoders have since become
the foundation of most state-of-the-art WSD sys-
tems, enabling fine-grained semantic distinctions
that were difficult to capture with earlier models
(Hadiwinoto et al., 2019). Nevertheless, recent an-
alyzes suggest that contextual representations still
conflate senses under certain conditions and that
their semantic structure is sensitive to modeling

choices and objectives (Maru et al., 2022; Meconi
et al., 2025).

Several prominent WSD approaches are built
directly on contextual encoders while differing
in how sense information is represented and ex-
ploited. Early transformer-based models such as
GlossBERT (Huang et al., 2019) formulate WSD
as a contextual matching task by jointly encoding
the sentence and candidate glosses and predicting
whether a gloss correctly describes the target word.
Bi-encoder models (BEM) perform WSD by com-
paring contextualized representations of the target
word with separately encoded sense definitions, se-
lecting the sense whose embedding is most similar
(Blevins and Zettlemoyer, 2020).

In contrast, Barba et al. (2021a) reframed WSD
as an extractive sense comprehension task (ESC),
where all candidate glosses for a target word are
considered jointly within a single model. Their ES-
CHER model encodes the sentence context jointly
with all candidate glosses in a single forward pass,
instead of encoding each gloss independently and
computing a similarity score with the context rep-
resentation.

ConSec introduces a sequential disambiguation
strategy in which predictions are made following
an ordering over the targets in a sentence. Each de-
cision can incorporate the explicit senses assigned
to previously disambiguated words, allowing the
model to refine the predictions based on previous
assignments (Barba et al., 2021b).

EWISER (Bevilacqua and Navigli, 2020) com-
bines transformer-based contextual representations
with graph-based propagation over lexical knowl-
edge bases, allowing sense predictions to be in-
formed by the relational structure of WordNet.

More recently, Guzman Olivares et al. (2025)
proposed a framework that reframes WSD as
cluster-based sense discrimination over a seman-
tic network, incorporating neighboring concepts to
improve robustness and performance.

Another emerging direction investigates the
use of large language models and decoder-based
prompting for WSD (Meconi et al., 2025; Qorib
et al., 2024; Yae et al., 2025). These studies evalu-
ate whether generative models can resolve lexical
ambiguity directly from context, for example, by
predicting sense labels or explaining word mean-
ings.

Although these methods differ in their supervi-
sion, architecture, and inference strategy, they all
critically depend on the quality and semantic struc-



ture of the underlying contextual representations.

2.2 Sparsity as a proxy to senses

In addition to advances driven by increasingly large
contextual language models, prior work has ex-
plored structured and interpretable semantic rep-
resentations. Sparse word embeddings have been
shown to encode meaningful semantic dimensions
while improving interpretability and performance
on lexical semantic tasks (Faruqui et al., 2015).
Building on this idea, Berend (2020) introduced
sparse contextual word representations derived
from dense transformer embeddings, demonstrat-
ing consistent gains on fine-grained WSD bench-
marks. These results suggest that explicitly struc-
tured semantic representations can complement the
expressive power of contextual encoders.

Masked latent semantic modeling (MLSM)
(Berend, 2023) proposes an alternative pre-training
objective to standard masked language modeling by
replacing token prediction with the estimation of
latent semantic features. By encouraging models to
represent words as distributions over semantic prop-
erties, MLSM aims to induce representations that
better capture sense distinctions and semantic reg-
ularities. Although originally motivated by sparse
semantic representations, its impact across hetero-
geneous WSD modeling paradigms and datasets
has not yet been systematically studied.

To address this gap, we evaluate MLSM as a
semantic pre-training objective across several WSD
paradigms, including representation-based probing,
PMI-based sparse contextual representations, and
supervised disambiguation architectures such as
BEM, ESC, and ConSec. Rather than introducing
a new WSD model, our goal is to examine how
MLSM affects contextual representations under
different inductive biases, providing a systematic
comparison of latent semantic pre-training across
diverse WSD approaches.

3 Masked Latent Semantic Modeling

MLSM is an alternative pre-training objective for
language models that replaces lexical identity pre-
diction with the prediction of latent semantic prop-
erties. While standard MLM trains models to re-
cover the exact surface form of a masked token,
this objective conflates semantic compatibility with
lexical choice. However, in many contexts, multi-
ple lexical items may be equally plausible, whereas
the underlying semantic category is more stable

and informative. For instance, in the sentence “I
ate [MASK] for breakfast.”, many different words
could plausibly fill the masked position. While
predicting the exact lexical item is therefore inher-
ently ambiguous, identifying the latent semantic
category (e.g., food) better reflects the contextual
meaning.

To operationalize this intuition, MLSM modifies
the training objective so that the model predicts a
distribution over latent semantic properties as op-
posed to vocabulary items. These latent properties
are automatically induced using sparse dictionary
learning over contextualized representations, yield-
ing interpretable and selective semantic targets.

3.1 Latent semantic targets via sparse coding
Sparse word representations differ from dense em-
beddings in that only a small number of dimensions
are active for any given input, while the remaining
dimensions are zero. This property encourages
selectivity and interpretability, as individual dimen-
sions tend to correspond to salient semantic fea-
tures.

We construct sparse contextualized representa-
tions by applying dictionary learning to hidden
states extracted from a fixed transformer layer l
of a pre-trained language model. Throughout this
section, l is fixed to the last transformer layer. Con-
sequently, the dictionary D and sparse coefficients
α are learned from representations extracted from
that layer, and we omit an explicit layer index from
them for readability. We learn an overcomplete
dictionary D ∈ Rd×k and a corresponding sparse
coefficient matrix α ∈ Rk×m

≥0 , where d denotes the
dimensionality of the hidden representations, k the
number of dictionary atoms, and m the number
of token instances. Each contextual embedding
is reconstructed using only a small subset of the
dictionary atoms by solving the following optimiza-
tion problem:

min
D∈C

α∈Rk×m
≥0

M∑
i=1

Ni∑
j=1

1

2

∥∥∥h(i)
j −Dα

(i)
j

∥∥∥2
2
+ λ

∥∥∥α(i)
j

∥∥∥
1
.

where C denotes the set of admissible dictionaries,
i ∈ {1, . . . ,M} indexes sentences in the corpus
of token length Ni, and j ∈ {1, . . . , Ni} denotes
token positions within the sentence. The vector
h
(i)
j ∈ Rd denotes the contextual representation

of the j-th token in sentence i, α(i)
j ∈ Rk

≥0 is its
sparse coefficient vector, D is the dictionary matrix



containing the learned basis atoms, and λ controls
the degree of sparsity.

Once the dictionary D has been learned, it is
kept fixed. For a target token representation h

(i)
j , a

sparse contextualized representation is obtained by
solving the following LASSO problem:

min
α

(i)
j ∈Rk

≥0

1

2

∥∥∥h(i)
j −Dα

(i)
j

∥∥∥2
2
+ λ

∥∥∥α(i)
j

∥∥∥
1
.

The resulting sparse coefficient vector α
(i)
j is

then normalized to ℓ1, producing a probability dis-
tribution over the k latent semantic dimensions. We
refer to this distribution as the semantic profile of
the token. These semantic profiles serve as training
targets in MLSM.

3.2 MLSM training objective

Based on the sparse semantic representations de-
scribed above, MLSM adopts a teacher-student
training paradigm (Berend, 2023). A teacher model
is first used to produce semantic profiles for masked
tokens by applying sparse coding to its hidden
states. During training, the student model is re-
quired to predict these semantic profiles from the
masked input, rather than predicting the original
lexical items.

In practice, the k latent semantic dimensions
induced by the dictionary are added to the model’s
output space. For each masked token, the loss is
calculated by comparing the predicted distribution
of the student in the semantic dimensions with the
target semantic profile produced by the teacher.
This objective encourages the student model to
recover the latent semantic compatibility of the
masked token with its context.

By separating the prediction of meaning from
the prediction of a specific word, MLSM biases the
model toward learning representations that better
reflect the underlying semantic structure. This is es-
pecially useful for words whose meaning depends
on context, and it also opens the door to applying
the model in other tasks that benefit from capturing
the core semantic content of language.

4 Experiments

4.1 Experimental setup

We evaluated our models on the popular WSD Hard
benchmark (Maru et al., 2022) that provides chal-
lenging and fine-grained sense distinctions in En-
glish.

The benchmark is organized into several subsets
to capture different levels of difficulty and coverage.
The ALLamended and S10amended (ALLNEW

and S10NEW ) subsets are cleaned versions of the
original ALL and SemEval-2010 datasets, contain-
ing 4,917 and 955 polysemous examples, respec-
tively. The 42D subset is a manually annotated
multi-domain challenge set with 370 examples that
do not appear in SemCor and whose correct senses
are not the most frequent sense in WordNet. The
softEN subset contains 5,766 examples that at least
one of the state-of-the-art WSD systems evaluated
in the original study was able to disambiguate cor-
rectly. These instances are selected from the union
of ALLamended, S10amended, and 42D, making
it the largest and most representative subset. Fi-
nally, the hardEN subset consists of the remaining
476 particularly challenging instances that current
systems fail to solve. Unless stated otherwise, we
report micro-F1 as the primary metric for all exper-
iments, following standard WSD evaluation prac-
tice.

4.2 Pre-training
To ensure a controlled comparison, we pre-train
two models with identical DeBERTa-base architec-
tures. The first model follows the standard masked
language modeling (MLM) objective, while the
second is trained using MLSM with latent seman-
tic targets. Apart from the pre-training objective,
all architectural components and hyperparameters
remain identical across the two models.

Both encoders correspond to base-sized De-
BERTa configurations (He et al., 2021) with
approximately 140 million parameters and 12
transformer layers. For the MLSM pre-trained
model, semantic targets are represented in a 3072-
dimensional latent semantic space derived from the
final-layer representations of BERT-base-cased.

Pre-training is performed from scratch on a
cleaned version of the English Wikipedia cor-
pus prepared using the WikiBERT preprocessing
pipeline (Pyysalo et al., 2021), resulting in a dataset
of roughly three billion tokens. During training,
the models process approximately 100 million in-
put sequences, corresponding to about 1.5 passes
over the corpus. Optimization is performed using
AdamW (Loshchilov and Hutter, 2019) with a lin-
ear learning-rate schedule that peaks at 1e−4 and
a warm-up phase covering 1% of the total updates.
We used an effective batch size of 1024 sequences,
implemented via gradient accumulation with a per-



device batch size of 128. All experiments are im-
plemented using the transformers library (Wolf
et al., 2020).

4.3 Centroid-based disambiguation
We first evaluate a simple centroid-based WSD ap-
proach to probe the semantic quality of contextual
representations, following a setup similar to Teglia
et al. (2025).

In our main experiment, for each WordNet sense,
we compute a dense centroid by averaging contex-
tualized token representations extracted from the
last layer of the model, using its annotated occur-
rences in SemCor (Miller et al., 1994) and WordNet
examples, ensuring coverage even for less frequent
senses. In a separate analysis presented later, we
also explore the construction of centroids from the
WNGT dataset to further extend coverage and eval-
uate the resulting performance.

At evaluation time, the candidate senses for each
target word are obtained from WordNet (Fellbaum,
1998) and filtered by part of speech. We represent
the target word using its contextualized token em-
bedding in the test sentence, averaging embeddings
when the target spans multiple tokens. For each
remaining candidate sense, we compute the cosine
similarity between its centroid and the target rep-
resentation, selecting the sense with the highest
similarity as our prediction.

4.4 Sparse contextualized representations
Motivated by the fact that MLSM is explicitly
trained to predict sparse latent semantic profiles,
we hypothesize that MLSM pre-trained models are
particularly well suited for producing structured
sparse contextualized representations. Following
Berend (2020), we therefore use these representa-
tions to evaluate whether the pre-training objective
aligns with structured semantic and lexical sense
representations.

Building on the sparse semantic profiles intro-
duced in Section 3.1, we next investigate whether
these representations can be directly leveraged for
word sense disambiguation.

Using the learned dictionary D, we compute
sparse coefficient vectors for tokens annotated with
sense in the training corpus. Based on these sparse
representations, we construct a basis-sense co-
occurrence matrix that aggregates how strongly
each latent semantic dimension is activated for
each WordNet sense. This matrix is then trans-
formed into a basis-sense association matrix using

a positive PMI-based scoring criterion, which em-
phasizes selective semantic associations between
latent dimensions and symbolic sense labels.

At inference time, given a contextualized token
representation, we obtain its sparse semantic pro-
file by solving the LASSO problem with the fixed
dictionary D. Sense scores are then computed us-
ing the precomputed basis-sense association matrix,
and the highest scoring sense is selected as the pre-
diction.

In contrast to the centroid-based approach,
which relies on similarity in dense embedding
space, this method performs disambiguation in the
induced latent semantic space, explicitly linking
sparse semantic dimensions to lexical sense inven-
tories.1

4.5 Supervised WSD Models

The previous experiments focused on
representation-level and weakly supervised
disambiguation settings. We also investigate
whether MLSM pre-training benefits fully super-
vised WSD architectures that are explicitly trained
to predict sense labels from annotated corpora.

We evaluated three representative supervised
WSD architectures: BEM, ESC, and ConSec. For
each architecture, we construct two variants that
differ only in encoder initialization, while keep-
ing all other architectural components and training
configurations identical within that model.

Unless otherwise stated, we follow the orig-
inal implementations and training setups, using
SemEval-2007 as the development set with early
stopping based on validation performance, and ap-
ply only minimal modifications to integrate our
encoder initialization. To account for variability
from random initialization, we repeat training with
multiple seeds and report the mean performance.

For BEM, we adopt the standard bi-encoder
training and inference procedure, where the
target-word representation and each candidate
gloss are encoded independently. Disambiguation
is performed by comparing the contextual embed-
ding to the gloss embeddings, allowing us to di-
rectly assess whether MLSM improves the align-
ment between contextual and definitional represen-
tations.

ESC jointly encodes the sentence and all candi-
date glosses in a single transformer, allowing direct

1Our source code for reproducing our experiments
is available at https://github.com/somas-research/
combining.

https://github.com/somas-research/combining
https://github.com/somas-research/combining


cross-attention between the context and gloss em-
beddings. This setup allows us to isolate the effect
of the initialization of the MLSM-based encoder
on the joint reasoning of the model over contextual
and definitional information.

For ConSec, we follow the original training and
inference setup, which performs sequential sense
prediction over the targets in a sentence. The model
incorporates information from previously assigned
senses through a feedback mechanism, enabling
predictions to be conditioned on earlier disambigua-
tion decisions. Our evaluation examines whether
MLSM-based encoder initialization improves the
contextual representations used by this sequential
reasoning process.

Together, these models cover complementary
WSD paradigms: similarity-based retrieval (BEM),
joint context–gloss reasoning (ESC), and sequen-
tial context-aware disambiguation (ConSec). This
selection enables us to systematically evaluate the
impact of MLSM pre-training across diverse model
architectures.

5 Results

Figure 1 shows the performance of the evaluated
architectures on the standard evaluation subsets.
Both the Centroid and PMI approaches consis-
tently benefit from MLSM pre-training compared
to MLM, with the exception of the S10amended
subset, where the PMI variant maintains perfor-
mance rather than improving. This pattern suggests
that MLSM produces representations better suited
for structured semantic matching in word sense
disambiguation. In particular, the PMI approach
achieves a maximum F1 score of 0.7622 on the
softEN dataset, compared to 0.7503 for the MLM
baseline, which corresponds to an improvement of
approximately 0.0119 F1. Despite its simplicity,
the PMI method remains competitive with several
supervised architectures, outperforming multiple
model training seeds across the different evaluation
subsets.

Improvements are also consistently observed
across the supervised models. On the softEN
dataset, ConSec benefits the most, with an aver-
age gain of 0.022 F1 across different seeds, while
BEM and ESC improve by 0.0055 and 0.011 F1,
respectively. These gains are robust across ran-
dom seeds, demonstrating that the advantage of
MLSM persists even when the models are fully
trained on the WSD task. The consistent improve-
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Figure 1: Results on the standard WSD evaluation
datasets. Error bars indicate standard deviation across
random seeds for supervised models. Centroid and
PMI are deterministic representation-based methods and
therefore have no error bars.

ments across heterogeneous architectures suggest
that MLSM not only enhances the semantic struc-
ture of contextual representations, but that these
improved representations are also more effective
when used in fine-tuned models for downstream
tasks.

Figure 2 shows the results on the challenge
datasets. On hardEN, the effect of MLSM pre-
training is mixed: while the average performance
across seeds decreases for some architectures, in-
dividual seeds sometimes show improvements, re-
flecting the high variability inherent to this small
and difficult dataset. In contrast, on 42D, all ar-
chitectures benefit from MLSM, although perfor-
mance still varies between seeds more than on the
larger standard benchmarks.
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Figure 2: F1 scores on the challenging subsets. Centroid
and PMI are non-parametric evaluation methods based
on fixed representations and therefore do not involve
multiple training seeds. Error bars are shown for the
supervised methods and indicate the standard deviation
across random seeds.

For the unsupervised methods, the PMI approach
achieves an F1 score of 0.1892 with MLSM, com-
pared to 0.1405 with MLM, corresponding to an
improvement of approximately 0.05 F1 on 42D.
These results suggest that, while MLSM primarily
improves performance on typical or representative
instances, it can also provide gains on more chal-
lenging cases.

5.1 Layer-wise analysis
To better understand the effects of MLSM pre-
training, we conducted a series of analyzes that
go beyond the overall F1 performance. In particu-
lar, we examine how the improvements associated
with MLSM manifest across the different layers
of the transformer encoder. This analysis is per-
formed for both the centroid-based and PMI-based
approaches, allowing us to assess whether the ben-
efits of MLSM are concentrated in specific layers
or more evenly distributed throughout the model.

For this experiment, we used the ALLamended
subset, as it is one of the largest evaluation subsets
and exhibits relatively low bias with respect to the

types of examples it contains.
Figure 3 presents the layer-wise performance of

the centroid-based probing method and the sparse
PMI variant. Consistent with previous findings
(Berend, 2020), the PMI approach consistently out-
performs the centroid-based variant across all lay-
ers, regardless of the pre-training objective. In both
methods, peak performance typically occurs in the
final or penultimate layers of the encoder.

Regarding the effect of pre-training, the PMI ap-
proach benefits from MLSM in nearly every layer,
with the exception of the third, and the gains are
more prominent in the upper layers of the model.

For the centroid-based method, improvements
appear from the sixth layer onward, where MLSM
either increases or at least maintains performance
relative to the MLM baseline. This pattern sug-
gests that MLSM improves the semantic quality of
contextual representations across the network, with
the effects becoming particularly useful for WSD
in the middle and upper layers.

5.2 Effect of training data coverage
In addition to the layer-wise evaluation, we fur-
ther investigated the robustness of the observed
improvements by repeating the centroid and PMI
experiments under different training data condi-
tions. Specifically, we varied the amount of avail-
able sense-annotated data used to construct the rep-
resentations in order to determine whether the per-
formance advantage of MLSM pre-training persists
across different training corpora or whether it might
be specific to a particular dataset configuration.

Figure 4 presents the results for the PMI-based
method. As expected, increasing the coverage of
the senses in the training data generally leads to
improved performance in the evaluation datasets.
The greatest improvements are observed on the
more challenging benchmarks. For example, the
42D dataset was specifically designed to contain
instances that cannot be easily resolved using only
SemCor or the most frequent sense heuristic.

Consequently, when relying solely on SemCor
data, the PMI method achieves an F1 score of be-
low 0.01 on this dataset. However, when WordNet
examples and the WNGT dataset are used, perfor-
mance increases substantially, reaching 0.3703 F1,
which is competitive with the results of several
supervised methods across different training seeds.

Comparing the two pre-training objectives, rep-
resentations extracted from models pre-trained with
MLSM consistently lead to better performance
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Figure 3: Layer-wise comparison of the centroid and PMI methods using MLM and MLSM pre-training on
the ALLamended subset of the WSD Hard benchmark. Each point corresponds to the F1 score obtained from
representations extracted from a specific transformer layer.

than those from MLM pre-trained models across
nearly all evaluation datasets, with the exception
of hardEN. This pattern is also consistent with the
results reported in the previous section.

These findings indicate that the advantages of
MLSM are not limited to a particular training cor-
pus such as SemCor, but instead persist as ad-
ditional training resources are used. This sug-
gests that MLSM produces representations that
scale effectively with increasing amounts of sense-
annotated data. For completeness, we report the
corresponding centroid-based experiments in Ap-
pendix A; the same general trend holds as addi-
tional sense-annotated resources are introduced.

5.3 Macro-F1 Results

Standard WSD evaluation typically reports micro-
F1, which weights all instances equally and is
therefore influenced by the distribution of fre-
quent and infrequent senses. Since prior work has
shown that standard WSD benchmarks can be af-
fected by sense-frequency biases, we additionally
report macro-F1 scores as a complementary metric.
Macro-F1 gives equal weight to each sense class
and therefore provides a less frequency-dominated
view of model behavior.

Table 1 reports macro-F1 scores across the eval-
uation datasets. For the centroid and PMI methods,
the values correspond to the same runs reported in
the main evaluation.

The macro-F1 results are broadly consistent with

the micro-F1 results reported in the main paper.
MLSM improves over MLM in most cases, al-
though the gains are generally smaller under macro-
F1. As in the main evaluation, hardEN remains the
main exception and shows less consistent behavior.
In addition, PMI and BEM show slight decreases
on S10amended, suggesting that the MLSM ad-
vantage is weaker on this subset under macro-F1.
Overall, these results indicate that the benefits of
MLSM are not solely driven by frequent senses, but
remain visible under a less frequency-dominated
evaluation metric.

6 Conclusion

We presented an empirical study of Masked Latent
Semantic Modeling as a semantic pre-training ob-
jective for word sense disambiguation. Rather than
proposing a new architecture, we analyzed how
MLSM influences semantic representation qual-
ity across multiple WSD paradigms. Our results
show that MLSM consistently improves or matches
masked language modeling across representation
analysis, sparse semantic matching, and fully su-
pervised WSD models.

In general, the findings suggest that MLSM pro-
motes more structured and semantically coherent
contextual representations, improving compatibil-
ity with downstream disambiguation mechanisms.
These results highlight the potential of latent se-
mantic prediction objectives as an alternative pre-
training signal for fine-grained semantic tasks.
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rations. WN denotes the example sentences available in WordNet, whereas WNGT denotes the WordNet Gloss
Corpus.

Method Pre-training softEN hardEN 42D ALLamended S10amended Avg.

Centroid MLM 0.7039 0.1941 0.3475 0.6983 0.6908 0.5269
MLSM 0.7300 0.1792 0.3785 0.7143 0.6980 0.5400

PMI MLM 0.7116 0.1110 0.3049 0.7025 0.7147 0.5089
MLSM 0.7365 0.0964 0.3312 0.7254 0.7105 0.5200

ESC MLM 0.6886 0.0576 0.4228 0.6570 0.7028 0.5058
MLSM 0.7027 0.0541 0.4393 0.6696 0.7062 0.5144

ConSec MLM 0.7402 0.0348 0.4090 0.7090 0.7426 0.5271
MLSM 0.7532 0.0263 0.4463 0.7165 0.7517 0.5388

BEM MLM 0.7198 0.0577 0.3678 0.6948 0.7183 0.5117
MLSM 0.7254 0.0529 0.3685 0.7038 0.7157 0.5133

Table 1: Macro-F1 scores across the evaluation datasets. Bold values indicate the better pre-training objective for
each method and dataset. Avg. denotes the unweighted average across datasets.

Future work may investigate whether using
model output logits rather than hidden represen-
tations affects WSD performance. Another promis-
ing direction is to explore decoder-based architec-
tures, which were outside the scope of the present
study.
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Limitations

This study focuses on English WSD benchmarks
and the effectiveness of MLSM in multilingual set-
tings remains to be explored, however, it would
have required pre-training additional MLSM mod-
els on multilingual pre-training data, which would
have incurred excessive additional computational
cost. Additionally, our experiments compare only
MLM and MLSM pre-training objectives. Includ-
ing additional objectives would enable a broader



comparison, however, MLM is arguably the most
predominantly applied pre-training approach for
encoder-based neural language models.
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A Centroid-based experiments under
different training data conditions

Figure 5 presents the corresponding experiments
for the centroid-based approach under different
training data configurations. In general, we observe
trends similar to those reported for the PMI-based
method in Section 5.2. Increasing the amount of
sense-annotated data generally improves perfor-
mance across the evaluation datasets, particularly
on the more challenging benchmarks.

Compared to the PMI-based approach, the cen-
troid method typically achieves lower overall per-
formance on most evaluation datasets. However, on
42D, centroid-based representations remain com-
petitive and in some configurations outperform the
PMI variant.

Across nearly all dataset configurations, MLSM
pre-trained representations consistently outperform
or match their MLM counterparts. These results
reinforce the observations from the PMI-based ex-
periments in Section 5.2 and indicate that the ad-
vantages of MLSM persist even as additional sense-
annotated training resources are introduced.
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Figure 5: Performance of the centroid-based method across evaluation datasets under different training data
configurations.
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