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Abstract
The effectiveness of a language model is influenced
by its token representations, which must encode
contextual information and handle the same word
form having a plurality of meanings (polysemy).
Currently, none of the common language modelling
architectures explicitly model polysemy. We pro-
pose a language model which not only predicts the
next word, but also its sense in context. We argue
that this higher prediction granularity may be use-
ful for end tasks such as assistive writing, and allow
for more a precise linking of language models with
knowledge bases. We find that multi-sense lan-
guage modelling requires architectures that go be-
yond standard language models, and here propose
a structured prediction framework that decomposes
the task into a word followed by a sense predic-
tion task. For sense prediction, we utilise a Graph
Attention Network, which encodes definitions and
example uses of word senses. Overall, we find that
multi-sense language modelling is a highly chal-
lenging task, and suggest that future work focus on
the creation of more annotated training datasets.

1 Introduction
Any variant of language model, whether standard left-to-
right, masked [Devlin et al., 2019] or bidirectional [Peters
et al., 2018] has to address the problem of polysemy: the
same word form having multiple meanings, as seen in Tab. 1.
The meaning of a particular occurrence depends on the con-
text, and all modern language modelling architectures from
simple RNNs [Mikolov et al., 2010] to Transformers use
context-based representations. However, token representa-
tions in language models are not explicitly disambiguated.
Single-prototype embeddings, i.e., traditional word vectors,
have a 1-to-1 correspondence with word forms. Contextual
embeddings change depending on the tokens in their con-
text window, and are employed in recent models like ULMFit
[Howard and Ruder, 2018], ELMo [Peters et al., 2018], and
all Transformer architectures. However, even for contextual
embeddings, polysemy is handled in an implicit, non-discrete
way: the sense that a word assumes in a particular occurrence
is unspecified.

Sentence Meaning
“John sat on the
bank of the river
and watched the
currents”

bank.n.01: sloping land, especially
the slope beside a body of water

“Jane went to the
bank to discuss
the mortgage”

bank.n.02: a financial institution
that accepts deposits and channels
the money into lending activities

Table 1: Example of polysemy. Senses taken from WordNet 3.0

Here, we propose the task of multi-sense language mod-
elling, consisting of not word, but also sense prediction. We
conjecture that multi-sense language models would:

1. improve the precision of linking a language model to
a knowledge base, as done in [Logan et al., 2019] to
help generate factually correct language. For instance:
“The explorers descended in the cave and encountered
a bat” refers to the entity ‘bat (animal)’ and not to ‘bat
(baseball implement)’.

2. grant word prediction tools the ability to provide addi-
tional information, allowing them to show not only the
predicted word but also its sense.

3. be useful in applications such as assistive writing, where
it is desirable to display more information about a word
sense to a user, such as its definition or usage.

Another potential use would be to explore if such dic-
tionary information could improve standard language mod-
elling, and reduce the number of training data needed, rele-
vant for e.g. language modelling for low-resource languages.

Consequently, our main research objectives are to:

• model next-sense prediction as task in addition to stan-
dard next-word prediction in language modelling, and
examine the performance of different model architec-
tures.

• encode sense background knowledge from sense defini-
tions and examples, and examine how it can aid sense
prediction.

As a sense inventory, we use WordNet 3.0 [Miller, 1995].
The sense background knowledge is encoded in a dictionary
graph, as shown in Fig. 3. When reading a word w, the model
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can rely on an additional input signals: the state of the node
that represents w in the dictionary graph (the “global node”).
Node vectors in the graph are updated by a Graph Attention
Network [Veličković et al., 2018].

We find that sense prediction is a significantly more diffi-
cult task than standard word prediction. A way to tackle it
is to use a structured prediction framework, where the next
sense depends on the prediction of the next word. The most
successful model we identified for this uses a hard cut-off for
the number of words considered (SelectK, see § 4.2). The ad-
ditional input signal from the dictionary graph provides only
marginal improvements. For future work, we argue that larger
sense-labelled datasets would go a long way towards improv-
ing the overall performance of multi-sense language models.

2 Related Work
We here review relevant works that disambiguate between
word senses to address polysemy. They can be grouped in
three categories: multi-prototype embeddings not connected
to a knowledge base; supervised multi-sense embeddings
based on a text corpus that only utilise a KB tangentially as
the sense inventory; and models that rely more substantially
on features from a KB, like glosses or semantic relations.
Multi-prototype embeddings The model of [Huang et al.,
2012] learns multi-prototype vectors by clustering word con-
text representations. Single-prototype embeddings are de-
termined by 2 FF-NNs with a margin objective on pre-
dicting the next word, a quasi-language modelling setting
even if it utilises both the preceding and subsequent context.
Multi-sense skip-gram [Neelakantan et al., 2014] also defines
senses as cluster centroids, measuring the cosine distance of
the surrounding context of±5 words. [Li and Jurafsky, 2015]
use Chinese Restaurant Processes to decide whether to create
a new cluster, and also investigate the usefulness of multi-
sense embeddings in downstream tasks such as Semantic Re-
latedness and PoS tagging.
Supervised multi-sense embeddings Other models rely on
sense-label supervision in a text corpus. context2vec by
[Melamud et al., 2016] builds contextual word embeddings
by applying a biLSTM on text, and provides the option to cre-
ate sense embeddings by using a sense-labelled corpus like
Senseval-3 [Mihalcea et al., 2004]. [Raganato et al., 2017]
is particularly relevant here: they frame WSD as a sequence
learning problem, with the aim of finding sense labels for an
input sequence. The training corpus is the same used in our
work, SemCor [Miller et al., 1993], and the core architec-
ture is a biLSTM that reads both the preceding and subse-
quent context. A biLSTM is also employed in LSTMEmbed
[Iacobacci and Navigli, 2019] to build word and sense repre-
sentations; the sense-labelled training corpus is obtained by
applying the BabelFly [Moro et al., 2014] sense tagger to a
text corpus that includes the English Wikipedia.

Most recently, SenseBERT [Levine et al., 2020] uses
WordNet supersenses (categories like food, artifact, person,
etc.) to add a form of sense-prediction to BERT: an additional
objective requires the model to predict one of the supersenses
that the word w can assume. After training, the context infor-
mation means the model can predict supersenses.

Sense representations can leverage glosses (definitions and
examples) found in WordNet, as done in [Chen et al., 2014]
after single-prototype vectors are trained with a skip-gram
model. Likewise, pre-trained word embeddings are the start-
ing point for AutoExtend [Rothe and Schütze, 2015], an au-
toencoder architecture where word embeddings constitute the
input and the objective whereas the embeddings for WordNet
synsets are the intermediate encoded representation. [Kumar
et al., 2019] use a BiLSTM and self-attention to get contex-
tual embeddings, then disambiguate them via a dot product
with sense embeddings based on WordNet definitions.
KB-based methods In the last couple of years, efforts
have been made to enable BERT to disambiguate between
senses. GlossBERT [Huang et al., 2019] takes in context-
gloss pairs as input: for every target word in a context sen-
tence, N=4 WordNet glosses are found; a classification layer
determines which one of the possible lemmas the words can
assume in the context sentence. SenseEmBERT [Scarlini et
al., 2020a] relies on the BabelNet mapping between WordNet
and Wikipedia pages to collect relevant text for synsets, and
computes the sense embeddings as a rank-weighted average
of relevant synsets. ARES (Context Aware Embeddings of
Senses [Scarlini et al., 2020b]) goes through the same phases
of context extraction, synset embeddings and sense embed-
dings: it computes lemma representations via BERT, and uses
UKB [Agirre et al., 2014] to create a set of contexts for the
synset. Sense embeddings are obtained by concatenating the
BERT representation of the sense contexts found in SemCor
and the sense definition in WordNet.
Our model We use pre-trained embeddings and WordNet
glosses and relations to create a dictionary graph. The vectors
of sense nodes can be viewed as sense embeddings, although
we are not interested in their quality since our primary objec-
tive is multi-sense language modelling. Future work may rely
on them to improve sense disambiguation: for model variants
that have to choose the correct sense among a limited number
of candidates, there is an opening for the application of more
complex multi-sense models than the ones explored here.

3 Multi-Sense Language Model
3.1 Architecture
A language modelling task decomposes the probability of
predicting an entire text of length N as the product of each
word prediction, where the probability of the next word p(wi)
is influenced by the preceding context [w1, ..., wi−1]:

p(w1, ..., wN ) =

N∏
i=1

p(wi|w1, ..., wi−1) (1)

Our model aims to carry out two language modelling tasks:
1. Standard language modelling: next-token prediction at

the granularity of words.
2. Sense prediction: next-token prediction at the granular-

ity of WordNet senses.
Therefore, the objective is to produce, at each position in

the corpus, two probability distributions: one over the vocab-
ulary of words and one over the vocabulary of senses.



Figure 1: Overview of the SelectK version of the model. The input
signal is in common for the word and the sense prediction task.

Reading each word wt yields an input signal I(wt), that as
specified in Fig. 2 consists of:

1. The single-prototype embedding for the word w, here, a
pre-trained FastText vector [Bojanowski et al., 2016]

2. The node-state of the global node, which represents w in
the dictionary graph.

The function f performs the standard language mod-
elling task, obtaining a probability distribution where
w1

t+1, ..., w
K
t+1 are the K words most likely to be the next

token wt+1; in all our architectures, f is implemented by a
3-layer GRU, followed by a FF-NN and softmax.
The sense prediction st+1 is computed by a function g that
always depends on the input, and in some model variants that
use structured prediction (4.2, 4.4, 4.5) also depends on the K
most likely words predicted by the standard language mod-
elling task, w1

t+1, ..., w
K
t+1. Fig. 1 showcases one of these

structured prediction variants, SelectK (4.2).

w1
t+1, ..., w

K
t+1 = f(I(wt))

st+1 = g(I(wt), w
1
t+1, ..., w

K
t+1)

(2)

The correctness of the prediction is evaluated using two mea-
sures: perplexity and accuracy (see Appendix A.3).

3.2 Dictionary Graph
First, we read in a text corpus and create the vocabulary. We
register the lemmatised version of inflected forms, that are
later connected to their parent forms. Then, we need to access
the dictionary: for each sense of a word we retrieve the text
of its definitions and examples, and register the connections
with synonyms and antonyms. In the case of WordNet, senses
are specified as the synsets of a word; example: w=’bank’→
[(’bank.n.01’), ... ,(’bank.v.07)] .

The next step is to compute the sentence embeddings for
definitions and examples. It is possible to use any one of
several methods, ranging from LSTMs to BERT’s last layer.
Given that the whole pipeline, comprising the retrieval of
WordNet data, the creation of the dictionary graph and model

Figure 2: The input signals: the standard word embedding and the
vector of the global node from the dictionary graph

Figure 3: Part of the dictionary graph for the word “bank”. Global
nodes are in yellow, sense nodes in green, definitions and examples
in light blue and blue.

training, takes a significant amount of time1, for the sake of
computation speed sentence embeddings are obtained as the
average of the FastText word vectors.

Finally, the nodes are initialised and stored in a graph
with their edges. The graph object is created with PyTorch-
Geometric [Fey and Lenssen, 2019]; before training, it holds
the initial values for the sense and global nodes. The sense
node starts as the average of the embeddings of definitions
and examples for that sense. As shown in Fig. 3, every sense
node is directly connected to its definition and example nodes.
Those determine its starting position; ideally, during training,
it would be moved towards the more significant glosses. The
global node is initialised as the FastText embedding for w.

3.3 Graph Attention Network
We employ a Graph Attention Network [Veličković et al.,
2018] to update the nodes of the dictionary graph, because
unlike Graph Convolutional Networks [Kipf and Welling,
2017] based on the graph’s Laplacian, the GAT is not bound
to a specific graph structure, and unlike other methods like
graphSAGE [Hamilton et al., 2017] it can handle a variable
number of neighbours. The underlying idea of GATs is to
compute the representation vector hi of node i based on its

1ranging from 8h14min to 31h27min. See Appendix ...



Words Senses
PPL Accuracy PPL Accuracy

Vanilla GRUs 169.3 0.217 601.89 0.056
Vanilla GRUs w/ DG 164.7 0.219 585.47 0.104

Table 2: Baseline: two separate GRUs without any modification.
Results of word prediction and sense prediction on SemCor’s test
set. w/ DG=including the graph node in the input signal

neighbouring nodes j ∈ N (i), which have different attention
weights (i.e. importance).

We here describe how a GAT obtains the new state ht+1
i of

node i in a graph with m nodes. The first step is to apply a
linear transformation W over all the nodes: Wht1, ...,Whtm.
Then, for each node j in the neighbourhood of i, we compute
the non-normalised attention coefficient eij . The attention
mechanism is a 1-layer FF-NN with LeakyReLU activation:

eij = LeakyReLU(AT [Whi,Whj ]) (3)

The normalised attention coefficients αij are obtained by ap-
plying a softmax over the neighbourhood of i, N(i). Finally,
the new state of node i is given by applying a non-linear func-
tion ρ to the weighted sum of the neighbours’ states:

ht+1
i = ρ

 ∑
j∈N(i)

αijWhtj

 (4)

[Veličković et al., 2018] report that using multiple attention
heads, by averaging or by concatenating, is beneficial to sta-
bilise the model; we therefore use 2 concatenated heads.

3.4 Adjusting the Sense-Labelled Input
To train a multi-sense language model we need a sense-
labelled corpus. Some of the words, like stopwords, will not
have a sense label. If not handled, this would cause a prob-
lem because in some versions of the model (4.1, 4.2) the GRU
used in the senses’ task should be able to read the input text
as an uninterrupted sequence of sense tokens. In particular,
two types of words may have no sense specification:

1. stopwords: ’for’, ’and’, ’of’, etc.
2. inflected forms: ’is’, ’said’, ’sports’, etc.
In order to provide stopwords with a sense label, we add a

dummySense (e.g. ’for.dummySense.01’) for all the words
without a sense. The corresponding graph node is initialised
as the single-prototype FastText vector for that word. In-
flected forms are lemmatised using NLTK’s WordNetLem-
matizer, to be able to read and predict the senses of their par-
ent form (’is’→’be’, ’said’→’say’ etc.)

4 Architectures for Sense Prediction
As previously mentioned, multi-sense language modelling
consists of the two tasks of standard language modelling and
sense prediction, and we aim to output two probability dis-
tributions - for the next word token and the next sense token,
respectively. With this aim, we devise several architectures.

4.1 Vanilla GRUs
Two ordinary GRU neural networks constitute our baseline.
One network is dedicated to each task. There are no shared
layers, the only element in common is the input signal: the
pre-trained FastText word embedding for w, possibly con-
catenated with the state of w’s node from the dictionary graph
as shown in Fig. 2. Among the model architectures for next-
token prediction, we choose GRUs as they have a smaller
number of parameters than either Transformers or LSTMs.
Thus, they can be trained effectively on a text corpus as small
as the one we used, the sense-labelled SemCor [Miller et al.,
1993] with 650K training tokens.

4.2 SelectK
SelectK is a structured prediction approach: choosing the
next sense depends on the prediction of the next word. As
the text is read, for every location t the standard language
model outputs a probability distribution over the vocabulary,
where the most likely K words are w1, ..., wK .

Every word wi has a set of senses: S(wi) = {si1, ..., siN}.
The next sense at location t is chosen among the senses of the
K most likely words at t:

s(t) ∈
K⋃
i=1

S(wi) (5)

Concretely, a softmax function is applied over the logits of the
selected senses, while all other senses are assigned a probabil-
ity ε = 10−8. The senses’ logits are computed by the second
GRU. K is a hyperparameter; K=1 means that the model al-
ways chooses among the senses of the most likely word. This
means that the the sense prediction performance depends on
the performance of the standard language model: if all the K
most likely globals are incorrect, the correct sense cannot be
retrieved. We verify what happens for K={1,5,10,50}.

4.3 Most Frequent Sense
This heuristic baseline chooses the most frequent sense found
in the training set for the most likely word predicted by the
standard language model.

4.4 Sense Context Similarity
This method, when making a prediction, pick as the candi-
dates the senses of the most likely K globals, like SelectK.
Then, they are ranked based on the cosine similarity between
the local context and each sense’s average context. Since lan-
guage modelling is performed from left to right, the context is
based only on the preceding tokens [wt−1, ..., wt−c] without
considering subsequent tokens.

For each occurrence s1, ...sN of a sense s, the occurrence
context OC(si) is computed as the average of the word em-
beddings of the preceding c tokens. Afterwards, the Sense
Context SC(s) is computed as the average of the occur-
rences’ contexts:

OC(si) = avg(wt−1, ..., wt−c) (6)
SC(s) = avg(OC(s1), ..., OC(sN ))

The representation of the local context can be either the
average of the last c word embeddings, as shown here, or the
output of a 3-layer GRU.



Parameters All senses Senses of polysemous words
Method K C context Correct Accuracy Correct Accuracy
SelectK 1 - - 19036 / 88480 0.215 315 / 2535 0.012
MFS 1 - - 18528 0.209 268 0.011
SenseContext 1 20 average 18006 0.204 225 0.009
Vanilla GRUs - - - 4971 0.056 03 0
Self-Attention 1 10 average 16821 0,19 171 0.007
SenseContext 1 10 GRU 13009 0.147 14 0.001
SenseContext 5 20 average 12366 0.14 41 0.002
SelectK 5 - - 10699 0.121 172 0.007
Self-Attention 5 10 average 7300 0.083 106 0.004

Table 3: The most relevant results of each method. Task: sense prediction on SemCor’s test set. Sorted by the accuracy on all senses

4.5 Self-Attention Coefficients
Another way to choose among the candidate senses of the
most likely K globals is to use the softmax scores from the
self-attention mechanism. Every sense s has an average con-
text SC(s) it appears in, as seen in Eq. 6. The contexts of the
candidate senses are collected in the matrix K. Then, a prob-
ability distribution over the senses is obtained by computing
the self-attention coefficients:

softmax

(
Q ·K√
dk

)
(7)

All the rows of the query matrix Q are representations of the
current context. As previously, the local context can be con-
structed as a simple average of the last c word embeddings, or
as the output of a 3-layer GRU. The sense contexts in K take
up the role of keys in the formula of self-attention scores.

5 Evaluation
5.1 Dataset and Experimental Settings
To train a multi-sense language model, we need a sense-
labelled text corpus. We use SemCor [Miller et al., 1993], a
subset of the Brown Corpus labelled with senses from Word-
Net 3.0. Training, validation and test sets are obtained with
a 80/10/10 split. We exclude all tokens with frequency=1
and we lowercase the text. The resulting dictionary graph
has ≈120K nodes and ≈150K edges. Consequently, due to
memory and time constraints, we apply mini-batching on the
graph: for each input instance the Graph Attention Network
operates on a local graph area. The graph area is defined
expanding outwards from the global node of the current word
w. In our experiments, a graph area contains at maximum 32
nodes and extends only for 1 hop, thus coinciding with the
neighbourhood of the current word’s global node.

To compute the logits, we employ two GRUs with 3
layers (1024→1024→512) followed by a Linear FF-NN
(512→ |Vocabulary|). A grid-search is used to find reason-
able hyperparameters: batch size={20, 32, 40}; sequence
length={35,70}; learning rate={10−5, 5 · 10−5, 10−4}.

5.2 Model variants
In all tables (2, 3, 4) we list the following model variants:

• Vanilla GRUs: 2 separate GRUs, one for word predic-
tion and one for sense prediction, sharing only the input
signal. See Sec. 4.1.

• SelectK: Using 2 separate GRUs, but restricting the soft-
max over the senses’vocabulary to the candidate senses
only: the senses of the most likely K words from the
standard LM task. See Sec. 4.2.

• SenseContext: Using 1 GRU for word prediction, and
choosing among the candidate senses based on the co-
sine similarity of local context and average sense con-
text. See Sec. 4.4.

• MFS: Considering the most likely word predicted by the
standard language model, choose its most frequent sense
in the training set. See Sec. 4.3.

• Self-Attention: Using 1 GRU for word prediction, and
choosing among the candidate senses by computing the
self-attention coefficients of local context and average
sense contexts. See Sec. 4.5.

The baseline model uses Vanilla GRUs (4.1): one GRU for
word prediction and one for sense prediction, sharing only
the input signal. The results are reported in Tab. 2. Given the
differences in Perplexity (580 vs. 170) and accuracy (10% vs.
21%), predicting the next sense is significantly more difficult
than standard language modelling. This highlights the need
to find specific methods for sense prediction.

5.3 Results
In Tab. 3, we compare the results of the different methods for
sense prediction. We report accuracy: a) on the senses of all
words; b) only on the senses of polysemous words, i.e. those
words that have more than 1 sense, which are an important
part of any multi-sense task and are expected to be more dif-
ficult. We evaluate use accuracy instead of perplexity, since
in structured prediction methods, perplexity values are non-
significant (≈ 108) – this is caused by manually assigning
ε = 10−8 as the probability of the non-candidate senses.

The best-performing method is SelectK with K=1, which
is extremely reliant on the correctness of the word prediction
task, and thus limited by the performance of the standard lan-
guage model. We found that increasing K to 5 or 10 leads to
a worse performance as seen in the first 2 rows of Tab. 3 and
4 and also in Appendix B, due to the increased difficulty of
choosing among a greater number of candidate senses.

For predicting the right sense of a polysemous word, all
methods have very low overall accuracy values, while the
Vanilla GRU cannot perform the task at all, resulting in an ac-
curacy of 0. We surmise that improvements can be achieved



Parameters All senses Senses of polysemous words
Method K C context Accuracy DG ∆ Accuracy DG ∆

SelectK 1 - - 0.217 +0.002 0.013 +0.001
SelectK 5 - - 0.128 +0.009 0.006 -0.001
SenseContext 1 20 average 0.205 +0.001 0.011 +0.002
SenseContext 5 20 average 0.086 -0.054 +0.006 +0.004
SenseContext 1 10 GRU 0.135 -0.012 0 -0.001
Self-Attention 1 10 average 0.192 +0.002 0.009 +0.002
Self-Attention 5 10 average 0.088 +0.005 0.003 -0.001
Vanilla GRUs - - - 0.104 0 0 0
MFS - - - 18637 0.211 0.012 +0.001

Table 4: Sense prediction on SemCor’s test set. DG ∆ = change in accuracy caused by including the input from the dictionary graph.

in the structured prediction framework, either by training the
model differently – as mentioned later, by better disambiguat-
ing between the candidate senses, or, indeed, by utilising a
larger training dataset, which currently does not exist.

Inclusion of Dictionary Graph Input Up to now, the word
and sense prediction tasks share the same input signal. This
set of experiments test if concatenating the state of a word w’s
node computed by the GAT with the FastText word embed-
ding results in an increase in performance.

As can be seen in Tab. 4, the graph input signal results in an
extremely small increase in performance for the SelectK and
Self-Attention methods, while it is has no impact on Vanilla
GRUs and is silghtly detrimental to SenseContext. The ab-
lation studies in Appendix B confirm this behaviour across
the different methods and hyperparameters. Future work may
find improvements by examining the use of different Graph
Neural Network architectures, or different ways of encoding
dictionary definitions and examples in the dictionary graph.

6 Discussion
Next-token prediction at the granularity of senses is a more
difficult task than standard language modelling, due to op-
erating on a larger vocabulary with a more extensive low-
frequency long tail. Moreover, there are relatively few sense-
labelled datasets. The datasets organised in UFSAC format
[Vial et al., 2018] altogether contain 44.6M words, of which
only 2.0M are annotated; in SemCor 29.4% of the tokens have
a sense label. These datasets are available for English only,
thus studying the benefit of integrating sense-labelled corpora
and dictionary resources for low-resource languages cannot
currently be pursued until such corpora are created.

Overall, using a structured prediction framework for multi-
sense language modelling is more promising than applying
a GRU directly to next-sense prediction, allowing one to
choose a sense among a small number of candidate senses.

However, none of the methods studied here achieve an ac-
curacy greater than 22%, and the best results are obtained
by choosing among the senses of the most likely word. If a
sense prediction method managed to reliably choose among a
higher number of candidate senses, it would make the sense
prediction task less dependant on achieving a good perfor-
mance for the standard language modelling task. The ques-
tion of what such a method could be remains open. It may

be solved either by investigating other methods, such as dif-
ferent ways of encoding the dictionary graph, or by chang-
ing the training procedures for the methods proposed here –
e.g., one could freeze the part of the architecture for stan-
dard language modeling and then separately optimise only
the sense prediction part. Moreover, one could expect that
next-token prediction, both at word and sense level, would
benefit from using architectures more advanced than a GRU,
such as Transformer architectures. These are, however, more
parameter-expensive and would require training on a larger
sense-labelled corpus than SemCor. This consideration is
validated by the fact the LSTM variants are the SoA archi-
tecture on a small standard language modelling dataset such
as WikiText-2 [Merity et al., 2016], instead of Transformers
[Melis et al., 2020].

Including the input signal from the dictionary graph only
results in marginal improvements on the sense prediction
task. It should be noted that the quality of the input signal
is limited by the quality of the sentence encodings for the
WordNet glosses, used to initialise the graph nodes. Sen-
tence representations different from averaging FastText em-
beddings may achieve better results. Moreover, tuning the
graph signal is surely possible, while outside of the scope of
this first study of multi-sense language modelling: one could
experiment with changing the size of the graph area, the num-
ber of hops and the variant of Graph Neural Network used.

7 Conclusions
This work constitutes the first study of multi-sense language
modelling, and highlights its difficulty. We experiment with a
structured prediction approach that predicts a word followed
by a word sense; as well as learning sense representations
from both its sentential context, and a sense dictionary, en-
coding the latter using a Graph Neural Network. Future work
on this task may view it as a test bed for researching Word
Sense Disambiguation, as a way of improving the precision
of linking a language model to a knowledge base, or for appli-
cations such as assistive writing. Finally, we note that signif-
icant progress in terms of absolute performance is currently
hampered by the low availability of sense-labelled resources,
and suggest coordinated efforts on this for future work.
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Arantxa Casanova, Adriana Romero, Pietro Liò, and
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A Further information
A.1 SemCor corpus
Training tokens: 646,038
Validation tokens: 80,760
Test tokens: 78,453
Number of words in the vocabulary=24,689

A.2 Graph & Glosses
Graph
Sense nodes = 40095
Global (word) nodes = 24689
Dictionary definition nodes = 33568
Dictionary example nodes = 29585
Edges = 217329

Glosses
For all the words w in the SemCor corpus, definitions and
examples were retrieved from the synsets in WordNet 3.0
where w is the lemma of the first word.
The length of glosses is computed by eliminating punctuation
and splitting on whitespace.

Average # of tokens in a definition = 8.83; max.= 69.
Average # of tokens in an example = 5.95; max.= 33.

A.3 Evaluation measures
Perplexity
Given a test set T = (w1, w2, w3, ...wN ), and a language
model L that assigns a probability P (wi) to each word wi in
a given position, the perplexity of L on T is defined as the
inverse probability of encountering the words in a test set,
normalised by the number of words in the set:

PP (T ) =
1

P (w1w2...wn)1/N
=

1
N

√
1

P (w1w2...wn)
(8)

This measure coincides with elevating 2 to the Shannon en-
tropy value H(p) for the probability distribution:

PP (T ) = 2H(p) = 2−
∑

i p(wi)·log2(p(wi)) (9)

Accuracy
The number of correct predictions divided by the total num-
ber of tokens to predict, i.e. correct

total

A.4 Hardware
Each experiment was executed on 1 NVidia GPU:
GeForce RTX 2080 Ti, with 10.76 GB of memory.
CPU(s): 20 x IntelCore i9-9820X CPU @ 3.30GHz.
RAM: 125 GB

CUDA Version: 10.1
PyTorch version: 1.5.0+cu101

B Further experiments
Tables follow on the next page.



Input Parameters Senses (all words) Senses (only polysemous words)
K N.correct Accuracy N.correct Accuracy

FastText embeddings only

1 19036 / 88480 0,215 315 / 25353 0,012
5 10699 0,121 172 0,007

10 7146 0,081 71 0,003
50 3095 0,035 37 0,001

Concatenated:
FT embeddings + word node state

1 19178 / 88480 0,217 340 / 25353 0,013
5 11311 0,128 145 0,006

10 9678 0,109 74 0,003
50 2804 0,032 48 0,002

Table 5: Results of the SelectK method. Task: sense prediction on SemCor’s test set.

Input Method Senses (all words) Senses (polysemous words)
N.correct Accuracy N.correct Accuracy

FastText embeddings only Vanilla GRU 9192 / 88480 0.104 0 / 25353 0
MFS 18528 0.209 268 0.011

Concatenated:
FT embeddings + word node state

Vanilla GRU 9192 0.104 0 0
MFS 18637 0.211 293 0.012

Table 6: Results of the non-parametric methods VanillaGRU and Most Frequent Sense. Task: sense prediction on SemCor’s test set

Input Parameters Senses (all words) Senses (polysemous words)
context K C N.correct Accuracy N.correct Accuracy

FastText embeddings only

Average 1 10 16821 / 88480 0.19 171 / 25353 0.007
Average 1 20 16417 0.186 163 0.006
Average 5 10 7300 0.083 106 0.004
Average 5 20 7042 0.08 29 0.001

Concatenated:
FT embeddings and node state

Average 1 10 16989 0.192 237 0.009
Average 1 20 16563 0.187 165 0.007
Average 5 10 7769 0.088 86 0.003
Average 5 20 7435 0.084 40 0.002

Table 7: Results of the Self Attention Scores method. Task: sense prediction on SemCor’s test set



Input Parameters Senses (all words) Senses (polysemous words)
context K C N.correct Accuracy N.correct Accuracy

FastText embeddings only

Average 1 10 17300 / 88480 0.196 62 / 25353 0.002
Average 1 20 18006 0.204 225 0.009
Average 5 10 11039 0.125 34 0.001
Average 5 20 12366 0.14 41 0.002

GRU 1 10 13009 0.147 14 0.001
GRU 1 20 12625 0.143 16 0.001
GRU 5 10 4058 0.046 15 0.001

Concatenated:
FastText embeddings + node state

Average 1 10 17234 / 88480 0.195 47 / 25353 0,002
Average 1 20 18106 0.205 282 0,011
Average 5 10 5967 0.067 52 0,002
Average 5 20 7653 0.086 161 0,006

GRU 1 10 11940 0.135 12 0
GRU 1 20 12061 0.136 15 0.001
GRU 5 10

Table 8: Results of the SenseContext method. Task: sense prediction on Semcor’s test set.
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