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Abstract

Humans often make creative use of words to
express novel senses. A long-standing effort
in natural language processing has been focus-
ing on word sense disambiguation (WSD), but
little has been explored about how the sense
inventory of a word may be extended toward
novel meanings. We present a paradigm of
word sense extension (WSE) that enables words
to spawn new senses toward novel context.
We develop a framework that simulates novel
word sense extension by first partitioning a
polysemous word type into two pseudo-tokens
that mark its different senses, and then infer-
ring whether the meaning of a pseudo-token
can be extended to convey the sense denoted
by the token partitioned from the same word
type. Our framework combines cognitive mod-
els of chaining with a learning scheme that
transforms a language model embedding space
to support various types of word sense exten-
sion. We evaluate our framework against sev-
eral competitive baselines and show that it is
superior in predicting plausible novel senses
for over 7,500 English words. Furthermore,
we show that our WSE framework improves
performance over a range of transformer-based
WSD models in predicting rare word senses
with few or zero mentions in the training data.

1 Introduction

Humans make creative reuse of words to express
novel senses. For example, the English verb ar-
rive extended from its original sense “to come to
locations (e.g., to arrive at the gate)” toward new
senses such as “to come to an event (e.g., to arrive
at a concert)” and “to achieve a goal or cognitive
state (e.g., to arrive at a conclusion)” (see Figure 1).
The extension of word meaning toward new context
may draw on different cognitive processes such as
metonymy and metaphor, and here we develop a
general framework that infers how words extend to
plausible new senses.

Novel context: 
"We have arrived at  

a conclusion."

 
 

Intended meaning:
to achieve a goal

arrive: to come to
locations

leave: to go away 
from locations

Lexicon

Figure 1: Illustration of the problem of word sense
extension. Given a novel context, a speaker chooses an
existing word in the lexicon to convey a novel intended
meaning that has not appeared in the semantics of that
word. The speaker determines the appropriateness of
a chosen word (indicated by line width of the colored
curves) based on semantic relatedness between the novel
intended meaning and existing word meanings.

A long-standing effort in natural language pro-
cessing (NLP) is to build systems that support auto-
matic word sense disambiguation (WSD) from lin-
guistic context. This line of work typically takes a
discriminative approach toward word meaning and
has developed models relying on both traditional
machine learning (Gale et al., 1992; Kilgarriff and
Rosenzweig, 2000; Zhong and Ng, 2010; Iacobacci
et al., 2016) and modern neural language mod-
els (Huang et al., 2019; Wiedemann et al., 2019;
Loureiro and Jorge, 2019; Bevilacqua and Navigli,
2020). However, existing WSD models often strug-
gle with recognizing rare word senses with few or
no mentions in training (Blevins et al., 2021). Here
we show that by modelling the generative exten-
sional processes of word meaning, WSD models
can become better at recognizing infrequent word
senses in natural context and without relying on
external lexical resources.

Work in computational and cognitive linguis-
tics shows that word senses do not extend arbitrar-
ily (Nunberg, 1979; Lehrer, 1990; Rumshisky and
Batiukova, 2008). Lexical semanticists have sug-
gested that a number of cognitive devices may be
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applied to generate creative word usages, such as
logical metonymy (Copestake and Briscoe, 1995;
Pustejovsky, 1998) and metaphor (Lakoff and John-
son, 2008; Pustejovsky and Rumshisky, 2010).
Cognitive linguists have also suggested that system-
atic mappings between conceptual domains under-
lie the metaphorization of word meaning (Brugman
and Lakoff, 1988; Lakoff and Johnson, 2008; Gen-
tner, 1983). However, the reliance on hand-crafted
rules of semantic productivity makes it difficult to
implement systems that support flexible and scal-
able extension to new word senses.

We present a paradigm that considers the prob-
lem of word sense extension (WSE) illustrated in
Figure 1. Given a novel context and an intended
meaning, a speaker wishes to choose an existing
word in the lexicon to express that meaning which
the word has never been used to convey. To opera-
tionalize a speaker model without prior knowledge
about pairings between the novel meaning and ex-
isting word forms, we replace each candidate word
type with a pair of “pseudo-tokens” that signify one
of its existing senses (called the target sense) the
other senses (called the source senses) respectively,
a method related to previous work in polysemy in-
duction (Pilehvar and Navigli, 2014; Dubossarsky
et al., 2018). We then infer whether a partitioned
pseudo-token denoting the source sense may be
extended to express the target sense denoted by its
sibling token partitioned from the same word type.
We propose a family of cognitively-inspired proba-
bilistic models for this inference problem. We show
that our WSE models can reliably predict plausible
novel senses on a large usage-based dataset with ap-
proximately 34,000 senses for over 7,500 English
word types.1

2 Related work

2.1 Models of word meaning extension

Researchers in lexical semantics and cognitive lin-
guistics have both proposed theories to account
for the malleable nature of lexical meaning. The
Generative Lexicon theory by Pustejovsky (1998)
argues that a fixed set of generative devices, such
as type-coercion and co-composition, can operate
on the lexical structure a word to produce various
related meaning interpretations. Copestake and
Briscoe (1995) also illustrates how formal lexical

1We release the code and data for our work here:
https://github.com/jadeleiyu/word_sense_
extension.

rules such as grinding and portioning can be ap-
plied to produce novel word usages such as logical
metonymy. In cognitive linguistics, Lakoff (1987)
argues that word meanings grow relying on pro-
cesses of chaining, whereby novel meanings link to
existing ones that are close in semantic space. Sim-
ilar processes are also relevant to the construction
of metaphorical usages in natural language draw-
ing on image schemas (Brugman and Lakoff, 1988;
Dewell, 1994; Gibbs Jr and Colston, 2008) and
analogy or structural alignment between domains
(Gentner, 1983; Falkenhainer et al., 1989).

Our work builds on the cognitive theory and
recent computational work on chaining (Lakoff,
1987; Malt et al., 1999; Ramiro et al., 2018; Habibi
et al., 2020; Grewal and Xu, 2020; Yu and Xu,
2021), and we show that a chaining-based frame-
work learns systematic patterns of word sense ex-
tension discussed in the tradition of generative lex-
ical semantics. Related work has taken a similar
approach for modelling sense extension in slang
usages (Sun et al., 2021), but here we consider the
more general problem of word sense extension.

2.2 Models of word sense disambiguation

A large community in NLP has been working on
the problem of word sense disambiguation (WSD).
Early WSD systems adopt a knowledge-based ap-
proach by comparing the neighborhood context of
a target word with its gloss or definition in lexico-
graphic databases such as WordNet (Miller, 1995;
Gale et al., 1992; Kilgarriff and Rosenzweig, 2000).
Later work develops feature-based classification
models to predict sense labels for a word based
on its linguistic features (Zhong and Ng, 2010;
Iacobacci et al., 2016; Raganato et al., 2017). Re-
cent progress in deep learning also motivates the
development of WSD systems based on deep con-
textualized language models (CLM) or its combina-
tion with external lexical knowledge base (Huang
et al., 2019; Hadiwinoto et al., 2019; Bevilacqua
and Navigli, 2020). Despite these impressive ad-
vances, many CLM-based WSD systems still suffer
from the data sparsity that stems from the Zipfian
distribution of word senses (Kilgarriff, 2004) – i.e.
the most frequent sense of a polysemous word of-
ten accounts for a dominant portion of its mentions,
while other senses have much less or even zero fre-
quency in training data. Recent work has proposed
to mitigate this sense sparsity problem by resorting
to gloss information (Luo et al., 2018; Kumar et al.,
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2019; Huang et al., 2019; Blevins and Zettlemoyer,
2020) or non-parametric few-shot learning (Holla
et al., 2020; Chen et al., 2021). We shall demon-
strate that learning word sense extensions offers an
alternative approach to improve WSD system per-
formance on infrequent word senses by leveraging
the systematic semantic relational patterns between
conventional and novel word senses.

2.3 Contextualized semantic representations

Existing work has proposed to apply contextual-
ized language models to lexical semantic tasks that
involve polysemy. Diachronic studies show that
contextualized representations of word usage and
sense definitions can be used to detect lexical se-
mantic shifts (Giulianelli et al., 2020; Hu et al.,
2019). Probing studies also suggest that pretrained
contextualized language models encode rich lexical
semantic information that may help decide the lev-
els of word polysemy (Garí Soler and Apidianaki,
2021) and infer semantic relations between word
senses (Vulić et al., 2020). The WSE paradigm
we propose is related to lexical substitution, where
a model is used to replace a target word in a sen-
tence with a substitute word without changing the
sentence meaning (McCarthy and Navigli, 2007;
Melamud et al., 2016; Zhou et al., 2019). However,
our framework goes beyond this research by asking
whether a word can extend its sense inventory to
express novel intended meanings in natural context.

3 Computational framework

Our framework of word sense extension involves
three interrelated components: 1) A procedure
for partitioning polysemous words in the lexicon
into new pseudo-tokens that signify their different
senses; 2) a probabilistic, chaining-based formula-
tion of word sense extension for lexical choice mak-
ing under novel linguistic context; and 3) a learning
algorithm for a transformed semantic space to learn
flexible extensions of word senses.

3.1 Sense-based word type partitioning

Let W = {w1, ..., w|V |} be our vocabulary of
polysemous (English) word types, where each w
has a set of n senses Sw = {s1, ..., sn}. As-
sume that for each w there is also a collection of
its sense-annotated sample usage contexts Cw =
{(c1, y1), ..., (cm, ym)}, where each contextual se-
quence c ∈ Cw is labeled with a sense y ∈ Sw

instantiating the meaning of w in that usage con-

text. We want to simulate the scenario where a
speaker, without knowing a priori that a word w
has a sense s∗ ∈ Sw, is able to extend the meaning
of w to expressing s under novel context.

To operationalize this idea of word sense exten-
sion, we first partition each w into two hypothetical
tokens: a source token t0 that denotes the set of
existing source senses S0 = S \ {s} of w, and a
target token t∗ that denotes the novel target sense
s∗ to which w extends beyond its existing senses.
We then replace w with t0 in all usage contexts that
reflect one of its source senses (i.e., (ci, yi) where
yi ∈ S0), and replace w with t∗ in all usage con-
texts where w signifies the target sense (i.e. (ci, yi)
where yi = s∗).

To guard against information smuggling in pre-
dicting novel word sense extension, we learn a
contextualized language model from scratch using
the set of replaced usage instances. Specifically,
the language model is trained on the task of masked
language modeling (MLM), where it takes batches
of sampled usage instances with some randomly
chosen tokens masked out, and updates its parame-
ter weights to maximize the probability of infilling
the correct missing tokens. Through this proce-
dure, we obtain a language model that can compute
meaningful contextualized representations for the
usages of w that instantiate the target sense s∗ with-
out knowledge that s can be expressed by w.

3.2 Probabilistic formulation of WSE

Let C0, C∗ be the two sets of usage instances with
w replaced by t∗ and t0 respectively. We consider
an inference scenario where the language model
learned using the procedure from the previous sec-
tion is presented with a novel usage c∗ ∈ C∗ of
target token t∗, and is queried to choose among a
set of candidate source tokens to convey the same
(and new) intended meaning as that of t∗.

Concretely, suppose the target token t∗ par-
titioned from the verb w = arrive denotes its
metaphorical sense s∗ = “to achieve a goal”, and
the source partitioned token t0 of arrive is com-
prised of its existing source senses (that exclude
the metaphorical sense in question). We then use
the model to infer whether t0 can be used to convey
the new meaning t∗ in novel metaphorical usages
such as c = “They finally t∗ at a conclusion after a
long debate” (note here the original verb arrive is
replaced by the target token t∗ through word type
partitioning). We assess the success of our model
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by analyzing how it ranks the ground-truth source
token (i.e., t0 of arrive) among the space of alterna-
tive candidate source tokens partitioned from other
polysemous words in the lexicon. For example, one
source token might signify the literal senses of the
verb leave which differs from the ground-truth verb
arrive. Formally, we cast WSE as finding a source
token t that maximizes the following probability:

argmaxtP (t|m(t∗|c∗)) (1)

Here m(t∗|c∗) is the representation of target to-
ken t∗ under context c∗ to which t is extended.

3.3 Chaining-based models of WSE
We present a family of probabilistic models for
Eq.1 that draw inspirations from the cognitive the-
ory of chaining (Lakoff, 1987; Habibi et al., 2020).
Our chaining-based WSE models assume that a
source token t0 can be extended to express a novel
meaning if the new intended meaning is overall
similar to t0’s existing senses. We operationalize
m(t∗|c∗) as the contextualized word embedding of
target token t∗ under context c∗ computed by the
speaker language model, denoted as h(t∗|c∗). We
represent the existing senses of source token t as
the collection of all of its contextualized embed-
dings H(t0) = {h(t0|c)|c ∈ C0}. The chaining-
based WSE models take the general form:

P (t0|m(t∗|c∗)) ∝ sim(H(t0),h(t∗|c∗)) (2)

We consider two common types of chaining
model that specify the similarity function sim().

WSE-Prototype model. The prototype model
takes inspiration from prototypical network for few-
shot learning (Snell et al., 2017; Holla et al., 2020)
and follows the prototype theory of categorization
(Rosch, 1975) in cognitive psychology. It assumes
that the existing senses of a source token t0 can be
summarized by a global average (i.e., prototype)
of its contextualized embeddings in H(t0), so that
the probability of t0 being a good candidate to
convey the intended meaning of the target token
is proportional to the semantic similarity between
the contextualized embedding h(t∗|c∗) of the target
token and the prototype of its sibling source token:

P (t0|m(t∗|c∗)) ∝ exp[−d(h(t∗|c∗), z(t0))] (3)

z(t0) =
1

|C0|
∑

c∈C0
h(t0|c) (4)

Here z(t0) is the global mean contextualized em-
bedding of t0, and we compute dot product as the
similarity function d(·, ·) between two vectors.2

WSE-Exemplar model. The exemplar model
resembles the memory-augmented matching net-
work in deep few-shot learning (Vinyals et al.,
2016), and formalizes the exemplar theory of cate-
gorization (Nosofsky, 1986). This model postulates
that the meaning of t0 is represented by the collec-
tion of its individual usages c ∈ C0. The probability
that t0 can be extended to the meaning m(t∗|c∗) is
proportional to the mean similarity score between
h(t∗|c∗) and each contextualized embedding of t0:

P (t0|m(t∗|c∗)) ∝ 1
|C0|

∑
c∈C0

exp[−d(h(t∗|c∗),h(t0|c))]

(5)

3.4 Learning sense-extensional semantic space

Chaining relies on identifying close semantic rela-
tions between existing senses and generalizing the
recognized relations to generate new senses. For
instance, if a WSE model has observed how the
English verb grasp relates its literal sense “to hold
an item firmly" to the extended metaphorical sense
“to understand an idea", the model should also pre-
dict similar but novel non-literal sense extensions
for other verbs that involve such metaphorical map-
pings (e.g., the meaning extension of the verb get
from “to get a car" to “to get someone’s idea",
which also reflects the conceptual metaphor IDEAS
ARE OBJECTS) (Lakoff and Johnson, 2008).

Following work in deep few-shot learning, we
propose an episodic learning algorithm to trans-
form the language model embedding space of the
WSE model into a semantic space that better cap-
tures the regular, systematic patterns in sense ex-
tension. At each episode, we sample a mini-batch
of N source-target token pairs {(t0i , t∗i )}Ni=1 parti-
tioned from N distinct polysemous word types, and
sample a usage context c∗i for each target token t∗i .
The WSE model then chooses the most appropriate
source token to convey the contextualized mean-
ing of each target token. The parameter weights in
the language model are optimized to minimize the
negative log-likelihood of the ground-truth source

2We experimented with negative squared Euclidean dis-
tance suggested in Snell et al. (2017) as an alternative similar-
ity function but found it to yield worse performance on both
WSE and downstream WSD tasks compared to dot product.
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token t0i for each target token t∗i :

J =
N∑

i=1

− log
sim(H(t0i ),h(t∗i |c∗i ))

N∑
j=1

sim(H(t0j ),h(t∗i |c∗i ))
(6)

Here sim(·, ·) can be either a prototype-based simi-
larity function in Eq.3, or its exemplar-based coun-
terpart specified in Eq.5.

4 Data

4.1 Dataset of polysemous word usages
We construct our WSE dataset by collecting natural-
istic usage instances of English polysemous words
from the Wikitext-103 linguistic corpus (Merity
et al., 2016) that is commonly used as a language
modeling benchmark. We first extract the sentences
and lemmatize the corpus using SpaCy. We then
apply a state-of-the-art word disambiguation algo-
rithm by Bevilacqua and Navigli (2020) on each
sentence to annotate each of its token with one of its
associated WordNet synset IDs as the sense label
(Miller, 1995). We construct a polysemous En-
glish word vocabulary by taking word lemma types
that satisfy the following conditions: 1) the word
type has least 2 different senses detected in the cor-
pus; 2) each mention of the word type has one of
the four part-of-speech categories as detected by
SpaCy: noun, verb, adjective, or adverb; 3) each
sense of the word type has at least 10 mentions in
the corpus. This process yields a large repertoire
of 7,599 polysemous word types with a total num-
ber of 1,470,211 usage sentences, and an average
number of 4.27 senses per word type.

4.2 Partioning polysemous word types
To construct and evaluate our WSE framework, we
partition each polysemous word types into multi-
ple source-target pseudo-token pairs. In particular,
for each word type w with n senses, we randomly
choose one sense as the target sense s∗, and the re-
maining n−1 senses as the source senses. A source-
target token pair is then created, which replace w
in usage sentences based on their sense labels fol-
lowing the procedures described in Section 3.1. We
repeat this partitioning process 5 times so that each
word type with at least 5 senses will have 5 distinct
senses chosen as target, and for words with less
than 5 senses, the 5 target senses will be sampled
with replacement from its sense inventory. Each
partition will therefore create 2× 7, 599 = 15, 198
pseudo-tokens.

5 Evaluation and results

5.1 Experimental setup

We use a transformer model with the same architec-
ture as BERT-base-uncased (Devlin et al., 2019) as
the main language model in our WSE framework.
The parameter weights of our language models
are randomly initialized to prevent any informa-
tion smuggling (i.e., the models are trained from
scratch). In the masked language modeling training
stage on replaced usage sentences, we increase the
vocabulary size of each model by replacing all poly-
semous word types in our WSE dataset vocabulary
with their partitioned pseudo-tokens, and add rows
to embedding layer and final classification layer of
the BERT model accordingly. Five language mod-
els are trained independently, one for each set of
partitioned tokens as described in section 4.2. Dur-
ing sense-extensional semantic space learning, we
randomly choose 70% of the original polysemous
word types and take usage sentences containing
their partitioned tokens as the training set. Sen-
tences containing partitioned tokens spawned by
the remaining 30% word types will be taken as the
test set, so that there is no overlap in the vocabu-
lary of partitioned tokens or their parent word types
between training and testing.3

5.2 Baseline models

We also compare the performance of our WSE
models against a set of baseline models without
chaining-based inference mechanisms: 1) a BERT-
MLM baseline ignores the intended meaning in-
formation and predicts P (t0|m(t∗|c∗)) as the in-
filling probability of t0 under context c∗ with t∗

replaced by a masking placeholder; 2) a BERT-
STS baseline computes the contextualized repre-
sentation h(t0|c∗) of each candidate source token
t0 under c∗, and calculates P (t0|m(t∗|c∗)) as pro-
portional to the cosine similarity between h(t0|c∗)
and the contextualized embedding h(t∗|c∗) of the
target token under the same context (i.e. based on
the semantic textual similarity between contextu-
alized meanings of t0 and t∗). Both baselines are
built on the same BERT encoder just as the two
chaining-based WSE models. We also consider
a random baseline that randomly draws a source
token from the set of alternative candidate tokens.

3See Appendix A for more implementation details.
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Model
Mean reciprocal rank Mean precision

Unsupervised Supervised Unsupervised Supervised

Random Baseline 5.21 5.21 1.00 1.00
BERT-STS 11.89 (0.54) 33.55 (0.97) 14.02 (0.58) 25.57 (0.79)
BERT-MLM 15.57 (0.60) 37.09 (0.92) 16.34 (0.70) 28.99 (0.63)
WSE-Prototype 29.96 (0.77) 48.04 (1.03) 21.50 (0.44) 35.78 (1.16)
WSE-Exemplar 34.25 (0.99) 53.79 (1.07) 29.17 (1.28) 37.82 (1.45)

Table 1: Summary of model mean precision and MRR-100 scores (%) for word sense extension. Numbers after ±
are standard deviations over 5 sets of independently partitioned source-target token pairs.

Model Top-5 predicted words (source tokens) Predicted rank of ground-truth source token
Word: cover; target sense: be responsible for reporting news
Usage context: Generally, only reporters who cover breaking news are eligible.
BERT-MLM work, take, write, report, send 54/100
WSE-Exemplar practice, report, supervise, cover, know 4/100
Word: cell; target sense: a room where a prisoner is kept
Usage context: on the eve of his scheduled execution, he committed suicide in his cell with a smuggled blasting cap ...
BERT-MLM place, house, room, bedroom, hall 63/100
WSE-Exemplar room, cell, bedroom, pocket, pyjamas 2/100
Word: grasp; target sense: to get the meaning of
Usage context: Madonna later acknowledged that she had not grasped the concept of her mother dying.
BERT-MLM understand, remember, enjoy, comprehend, keep 82/100
WSE-Exemplar understand, resolve, know, get, convey 43/100

Table 2: Example predictions made by the WSE-Exemplar model and the BERT-MLM baseline (supervised version).
The top-5 predicted source tokens are translated into the (lemmatized) parent words from which they are partitioned.

5.3 Evaluation on WSE

We first evaluate our models on the task of predict-
ing source partitioned tokens formulated in Eq.1.
At each trial, for each target token t∗w partitioned
from w, we present the model with the ground-
truth source token t0w partitioned from the same
word w, and 99 negative candidate source tokens
t0w′ spawned from different polysemous word types
w′. Both the ground-truth source token and the neg-
ative candidates are sampled from the evaluation
set for sense-extensional semantic space learning.
We assess each model in two settings: an unsu-
pervised version of a model that does not learn
from the training set of WSE, and a supervised
version that is trained on the training set of sense
extensional space learning. The BERT encoders of
the supervised versions of two BERT baselines are
trained using the same objective function and data
as defined in Section 3.4.

We quantify model performance with two met-
rics: 1) the mean precision is the percentage of
cases where a model correctly predicts the ground-
truth source token as the most likely candidate, and
2) the mean reciprocal rank (MRR-100) is the av-

eraged multiplicative inverse of the ranks of the
ground-truth source tokens in all evaluation exam-
ples. Table 1 summarizes the overall results in
the five sets of independently partitioned tokens.
We make several observations: 1) all BERT-based
models perform substantially better than chance
even without explicit training on WSE. This can
be explained by the fact that many polysemous
word types in our dataset have very fine-grained
WordNet senses, so that the target senses chosen
from its sense inventory are often highly similar or
even hardly distinguishable from the some source
senses of the same word; 2) all BERT-based models
benefit from learning a sense-extensional semantic
space, suggesting the presence of regularity shared
among examples of sense extension across word
types; 3) both chaining-based WSE models consis-
tently outperform other baselines in both the un-
supervised and supervised settings. The exemplar-
based WSE models generally outperform than their
prototype-based counterparts, suggesting that word
sense extension depends on the speaker’s sensitiv-
ity to the semantic similarity between the intended
meaning and the individual (exemplar) usages.

Table 2 shows example predictions on sam-
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Figure 2: Mean model precision vs. Wu-Palmer dis-
tance between WordNet synsets associated with fully-
partitioned tokens.

ple polysemous words made by the supervised
exemplar-based WSE model and the supervised
BERT-MLM baseline. The WSE model success-
fully predicts many types of sense extension, such
as metaphorical senses for both the verb cover ex-
ample and the noun cell. In contrast, the BERT-
MLM baseline shows a greater tendency to predict
a literal paraphrase for a partitioned token. Still,
both WSE and baseline models struggle with pre-
dicting some usages that involve strong non-literal
sense extension (e.g., the grasp example).

5.4 Sense relatedness and model predictability

Prior work in psycholinguistics suggests that both
adults and children often find it easy to infer a
new intended meaning of a word if they can ac-
cess a highly related conventional sense of that
word to constrain their interpretation (Clark and
Gerrig, 1983; Klepousniotou et al., 2008; Rodd
et al., 2012). We examine whether our WSE mod-
els exhibit human-like sensitivity to the concep-
tual relatedness between existing and novel word
senses. For each source-target partitioned token
pair (t0, t∗), we quantify their degree of concep-
tual relatedness as the mean Wu-Palmer semantic
distance (Wu and Palmer, 1994) between the Word-
Net synset of the target sense denoted by t∗ and the
synset of each existing source sense of t0. Figure 2
shows the performance of 4 WSE model variants on
predicting sense pairs binned with respect to their
degree of conceptual similarity. We observe that
the WSE models generally make better predictions
on source-target token pairs that are semantically
more related (e.g., metonymy), and perform less
well on examples where the target sense is concep-

tually very different to the existing source senses
(e.g., strong metaphor or homonymy).

5.5 Application of WSE to WSD

As a final step, we show that state-of-the-art word
sense disambiguation models can benefit from the
word sense extension framework. We evaluate
WSD models on the standard WSD evaluation
framework proposed by (Raganato et al., 2017),
where in each trial, the model is given an input
sentence and is asked to assign WordNet sense
labels for a subset of tokens within the sentence.
We consider two BERT-based WSD models: 1) a
BERT-linear model that learns a linear classifier
for WSD on top of a frozen BERT encoder. This
model does not incorporate gloss information, and
cannot predict novel senses that do not appear in
training; 2) a bi-encoder model (BEM) by (Blevins
and Zettlemoyer, 2020) independently encodes in-
put sentences with target words and sense glosses
via two encoders, each of which are initialized with
BERT-base. The contextualized embedding of the
target word then takes dot product with the gloss
embedding of each candidate sense, and the model
predicts the sense with highest dot product score
with the embedded target word. This model has
been shown to yield impressive results on WSD
examples with rare senses.

To integrate WSE into WSD, we fine-tune the
BERT encoder of each WSD model on the WSE
training set of Wikitext-103 usage sentences via
the objective in Eq. 6, which can be formulated
as either a prototype model or an exemplar model.
Unlike the case of WSE evaluation, here we use
pretrained BERT-base-uncased encoders and keep
the original word form of each polysemous word
without partitioning it into source-target token pairs.
The resulting BERT encoder is then taken to learn
one of the two WSD models described above, and
evaluated on WSD tasks. For BEM, both encoders
are initialized as the BERT-base fine-tuned on WSE.
Since the sense labels of usage sentences in the
WSE dataset are not fed to BERT during training,
none of the models has access to any usage exam-
ples of target senses in the WSD test set.

Table 3 reports overall results on the WSD
datasets under the standard F1-score. We also in-
clude the performance of two simple baselines: 1)
WordNet S1 always predicts the first sense, and 2)
MFS always predicts the most frequent sense in the
training data. We found that chaining-based WSE
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Dev Test Datasets Concatenation of Test Datasets

SE07 SE02 SE03 SE13 SE15 Nouns Verbs Adj. Adv. ALL

WordNet S1 55.2 66.8 66.2 63.0 67.8 67.6 50.3 74.3 80.9 65.2
Most frequent sense (MFS) 54.5 65.6 66.0 63.8 67.1 67.7 49.8 73.1 80.5 65.5

BERT-linear 68.6 75.2 74.7 70.6 75.2 74.6 63.6 78.6 87.0 73.5
+ WSE-Prototype 70.9 78.0 75.2 71.2 77.9 75.5 66.1 78.9 87.1 76.4
+ WSE-Exemplar 70.5 78.0 75.1 71.2 77.7 74.8 65.8 79.2 86.4 75.3

BEM 74.3 78.8 77.4 79.6 80.9 81.5 68.5 82.8 87.1 78.8
+ WSE-Prototype 74.9 80.2 75.9 81.2 81.1 82.5 70.2 83.9 87.1 80.1
+ WSE-Exemplar 74.5 80.0 76.1 81.2 81.7 81.4 69.1 81.2 86.4 79.2

Table 3: F1-scores (%) for fine-grained all-words WSD task on the evaluation framework by (Raganato et al., 2017).

WSD test example BEM prediction (no WSE) BEM prediction (with WSE)

Context: The purpose of education
is to encourage young men and women
to realize their full academic potential.
Target sense training frequency: 0

containing as much or
as many as is possible (✗)

complete in extent or degree (✓)

Context: Haney felt like shrinking out of sight,
but he was already trapped in the
corner with the wiry, dark little man.
Target sense training frequency: 1

reduce in size/physically (✗) draw back with fear or pain (✓)

Table 4: Examples of context and definitions of WSD-model predicted senses. The bold italic words in context are
disambiguated by the BEM model before and after training on WSE.

Sense frequency
High Few-shot Zero-shot

BERT-linear 81.7 54.4 53.6
+ WSE 82.3 60.1 53.6

BEM 86.8 77.7 67.8
+ WSE 86.6 79.6 71.5

Table 5: F1-score (%) on subsets of the WSD test dataset
grouped by target sense frequency in SemCor corpus.

models improve the performance of the two BERT-
based WSD models on almost every test subset, as
well as on all POS categories except for the adverb
class. These results show that WSE may serve as
useful pretraining for improving WSD models both
with and without access to gloss information.

Rare word-sense pairs. We hypothesize that
WSE improves WSD because learning word sense
extension helps the model to better interpret rare
senses that bear systematic semantic relations with
more conventional senses. Table 5 shows the perfor-
mance of WSD models grouped by the frequency
of the target word sense in the WSD training set.
We define zero-shot test cases as target senses that
never appear during WSD training, and few-shot

test cases as those with 1 to 10 mentions, and high-
frequency senses as those with more than 10 train-
ing mentions. The BERT-linear model resort to
a most frequent sense heuristic for zero-shot ex-
amples, since it cannot learn a classification layer
embedding for previously unattested senses. We
observe that all WSD models trained on WSE yield
substantially greater improvement for few-shot and
zero-shot test cases, while maintaining high per-
formance on the more frequent cases. Table 4
shows test examples where incorrect predictions of
BEM are improved with WSE integration. These
examples often exhibit regular semantic relations
between target and conventional senses of a word
(e.g., the relation between physical size and amount
that underlies the two attested senses of full).

6 Conclusion

We have presented a framework for word sense
extension that supports lexical items to extend to
new senses in novel context. Our results show that
chaining provides a general mechanism for auto-
mated novel sense extension in natural context, and
learning a transformed sense-extensional space en-
ables systematic generalization to a certain degree.
We also show that word sense extension improves
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the performance of transformer-based WSD mod-
els particularly on rare word senses. Future work
may extend our framework in several ways, such
as how to better model systematic word sense ex-
tension, and do so over time and in different lan-
guages.

7 Ethical considerations

We discuss the limitations and potential risks of our
work.

7.1 Limitations

Our current framework does not explicitly con-
sider the temporal order via which word senses
have emerged. In particular, in the data collec-
tion step, we construct source-target token pairs
for each word type by randomly sampling a target
sense from its sense inventory. An alternative and
more realistic approach would be to sort all senses
of a word chronologically by their times of emer-
gence in history, and use the model to incrementally
predict each sense of a word based on usages of
its older senses. However, we found that it is in-
feasible to find accurate timestamps of senses in
natural corpora at a comprehensive scale. Another
approach is to have human annotators evaluate the
plausibility of each ground-truth source-target to-
ken pairs that are automatically created in our data
collection pipeline, which is a potential area for
future consideration.

7.2 Potential risks

All scientific artifacts in this study have been made
publicly available and are consistent with their in-
tended use and access conditions. We acknowl-
edge that our focus on English might introduce
linguistically or culturally specific biases in model-
generated outputs. For instance, we observe that
the WSE models trained on English sentences learn
to generate a metaphorical expression “to spend
some time” for the English verb spend, which is
common in English but differ in other languages
(e.g., Hungarian speakers instead tend to say “to fill
some time” as in Kövecses et al. 2010). We believe
that by training WSE models cross-linguistically to
cover various innovative lexical uses should help
mitigate this issue.
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A Implementations of WSE models

We use the BERT-base-uncased configuration pro-
vided by Hugging Face (Wolf et al., 2020) to ini-
tialize all BERT-based WSE models (two baselines
and two chaining-based models). During MLM
pretraining of BERT models on replaced usage sen-
tences by partitioned pseudo-tokens, we randomly
mask 15% of tokens in each sentence, and train
each model on predicting the masked tokens. We
add all partitioned pseudo-tokens as special tokens
into the vocabulary of the BERT tokenizer, so each
pseudo-token will be encoded as a whole in the
input sequence. Learning is performed using the
Adam optimizer (Kingma and Ba, 2015), with a
learning rate of 5e-5 and a batch size of 128, for
8 epochs (after which all models achieved high-
est evaluation accuracy). During sense-extensional
semantic space learning, both exemplar-based and
prototype-based models are trained on the objective
function in Eq.6 using Adam, with a mini-batch
size of 16 and a learning rate of 2e-5, for 8 epochs
(after which all models achieved highest evaluation
accuracy). All experiments are run on machines
with 4 NVIDIA Tesla V100 GPUs, with an average
training time of 30 minutes per epoch for MLM
pretraining, and 12 minutes per epoch for sense-
extensional semantic space learning.
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