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Abstract

Humans have an uncanny ability to push
words beyond their limits. This abil-
ity manifests in many phenomena, includ-
ing metaphor, metonymy, semantic drift,
slang, jargon, conversion, and overexten-
sion. Generative models of these phenom-
ena are uncommon, because there is no ro-
bust methodology that can be used to train
and evaluate models of this nature. To ad-
dress this, we introduce a new task, novel
sense formulation, in which a model is ex-
posed to a multimodal representation of an
unseen concept and must use an existing
word creatively to describe it. We create
seven datasets corresponding to the phe-
nomena above, and evaluate a perceptron,
a transformer, and an influential cognitive
model. For most phenomena, a multimodal
variant of the perceptron performed best.
The cognitive model underperformed, sug-
gesting that its description of the mechanism
behind sense extension is incomplete.

1 Introduction

There are many situations in which a person en-
counters a new concept, and extends the seman-
tics of a word to describe it. For example, a scien-
tist might observe a new phenomenon and charac-
terise it using metaphor (Hofstadter and Sander,
2013; Ortony, 1975), as was the case with the
planetary model of the atom (Perrin, 1901) and
with Darwin’s (1859) evolutionary tree. Chil-
dren regularly perform similar feats of abstraction
when they overextend words to compensate for
gaps in their vocabularies (Clark, 1973). For in-
stance, a child may call the cover of a jar a door
if they do not yet know the word lid. In each of
these examples, a word is used to refer to a con-
cept with which it is not conventionally associ-
ated, but which is semantically related to its ex-
isting senses. This phenomenon is known as sense

extension (Pustejovsky, 1995; Briscoe and Copes-
take, 1991; Copestake and Briscoe, 1995).

Sense extension allows humans to gener-
alise (Rossen Skadhauge, 1995; Pustejovsky and
Rumshisky, 2010) and to apply familiar knowl-
edge in unfamiliar settings. Despite significant in-
terest in generalisation in both cognitive science
(e.g. Tenenbaum et al., 2011; Lake et al., 2017)
and AI research (e.g. Ito et al., 2022; Freiesleben
and Grote, 2023), there is currently no standard
methodology that is used to train or evaluate com-
putational models of sense extension. For some
types of sense extension, such as slang, bespoke
task formulations have been proposed (e.g. Sun
et al., 2021; Pinto and Xu, 2021; Yu, 2023). How-
ever, the majority of these task formalisations do
not support multimodal modelling, and many suf-
fer from methodological flaws. Moreover, the
wide variety of task formalisms makes it difficult
to evaluate a single model across phenomena.

To address this, we introduce a new task called
novel sense formulation, in which the goal is to se-
lect the best word to describe an unseen concept.
In this task, a model is trained using an incomplete
representation of the world: a pruned universe,
or pruniverse. Concepts in the pruniverse are en-
coded using multimodal data. During evaluation,
the model is exposed to concepts that were not in-
cluded in its pruniverse, and must perform sense
extension to describe them. In the real world, these
concepts are already associated with words, but in
the simulation they are not. We construct seven
different pruniverses, each designed to evaluate a
different type of sense extension.

Our task makes it possible to investigate mul-
timodal sense extension across phenomena. In
our experiments, we evaluate three different mod-
els which exploit four different representational
modalities. We find that a multimodal model per-
forms best for all types of sense extension save
one. An influential cognitive model was outper-
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formed substantially by a simple perceptron, sug-
gesting that the cognitive model does not ade-
quately explain how humans perform sense exten-
sion. This view is supported by an additional post-
hoc experiment, in which we investigate whether
the models exhibit prototype effects.

2 Sense Extension in Word Production

The process of converting a concept into a linguis-
tic signal is called production; the inverse process
is called comprehension (Clark and Clark, 1977).
Word production is commonly theorised to involve
three independent stages: conceptualisation, for-
mulation, and articulation (Fromkin, 1971; Gar-
rett, 1975; Dell, 1986; Levelt, 1989). In concep-
tualisation, a speaker determines the concept that
they wish to express; in formulation, this concept
is translated into a wordform; and finally in ar-
ticulation this wordform is converted into muscle
movements (e.g. of the tongue). In our work, we
build models of formulation.

During production, a speaker will sometimes be
faced with a lexical gap (e.g. Myers-Scotton and
Jake, 1995), which is an absence of any word for
a particular concept (Lehrer, 1974). Lexical gaps
can be filled using existing words via sense exten-
sion (Rabagliati et al., 2010; Ortony, 1975). A
sense extension which addresses a lexical gap is
sometimes called a catachresis (Black, 1962).

In the present work, we build models that emu-
late sense extension. We focus on seven types of
word production which involve catachresis. We do
not claim that this collection is definitive, nor that
these phenomena are independent.

Metaphor A metaphor is a piece of language in
which one entity is viewed as another (Lakoff and
Johnson, 1980; Lakoff, 1993). For example, the
word attack can be used metaphorically to refer to
intense criticism (e.g. “they attack the policy”). In
a metaphorical extension, some semantic features
of the literal sense are kept, whilst others are dis-
carded (Hofstadter, 1985; Veale and Hao, 2008):
like a literal attack, a metaphorical attack is an act
of hostility between two parties, but unlike a literal
attack, no physical aggression is involved.

Metonymy A metonym is a piece of language in
which one wordform stands in for another (Fass,
1988). An example of metonymy is when a place
name is used to refer to a government situated in
that place (e.g. “Beijing announced tariffs”). One

factor that differentiates metaphor and metonymy
is that metaphor involves resemblance, whereas
metonymy does not (Gibbs, 1994): while a verbal
attack is “like” a physical attack, the Chinese gov-
ernment is not “like” Beijing. Metonymic sense
extensions often adhere to productive schemas
(Pustejovsky, 1995). For example, many words
for containers (e.g. bottle, box, punnet, etc.) can
be used metonymically to refer to the contents of
such containers (e.g. “I drank a bottle”).

Semantic Drift Within a language community
the semantics of words can change over time. This
process is known as semantic drift (Bybee, 2015).
For example, the word follower is used to refer to
someone who espouses another’s ideas, but since
the advent of social media it has also been used to
refer to an online subscriber. Two common causes
of semantic drift are metaphor and metonymy
(Bloomfield, 1933; Ullmann, 1962; Blank, 1999).

Jargon Experts use specialist terminology to be
precise when conferring with other experts (Cabré,
1999). This terminology is commonly called jar-
gon (e.g. Wilkinson, 1992). For example, rock
climbing practitioners use words like T-stack or
chickenwings to refer to specific climbing moves
(Whittaker, 2020). Jargon facilitates efficient in-
group communication, but it can also hinder un-
derstanding for out-groups (Martín Rojo, 2010).

Slang Informal non-technical language is called
slang (Lighter, 2001). Some slang involves neol-
ogism, which is the creation of a new wordform
such as hangxiety, a portmanteau that combines
hangover and anxiety. Many slang terms, how-
ever, are sense extensions (Sun et al., 2024). For
example, in British English slang the verb gas
refers to the bestowal of excessive praise which
unduly inflates someone’s ego. Like jargon, slang
can be used to signal group membership (Drake,
1980) or for deliberate obfuscation (Green, 2016).

Conversion Conversion is the process through
which a word is created with a different part of
speech (POS) to an existing word, but the same
surface form (Sweet, 1891). For example, the verb
drink (“to drink”) and the noun drink (“a drink”)
are related by conversion. Like metonymy, con-
version is highly productive (Marchand, 1969).

Overextension In language acquisition, be-
tween the ages of 12 and 30 months, children com-
monly use words in unconventional contexts to re-
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fer to concepts whose actual names they do not
know (Clark, 1973). This phenomenon is known
as overextension (Rescorla, 1980). For example, a
child might use the word dog to refer to any four-
legged animal (Bloom, 1973). Overextension is
an example of assimilation, which is the process
through which children integrate new information
into existing cognitive schemas (Piaget, 1952).

3 Previous Computational Treatments

Several computational analyses of sense extension
patterns have been performed (e.g. Dang et al.,
1998; Rossen Skadhauge, 1995; Boleda et al.,
2012). Attempts to produce predictive models of
sense extension, however, are less common. The
most common modelling task in this area is word
sense disambiguation (WSD). The goal in WSD is
to determine which sense of a word is evoked in a
sentence, based on the options in a computational
lexicon such as WordNet (Miller, 1995; Fellbaum,
1998). In WSD, only conventional senses are
treated. The focus of our work is on novel senses.

Several alternative tasks exist in which the goal
is to identify novel senses. These tasks include
metaphor detection (e.g. Leong et al., 2018), se-
mantic change detection (e.g. Tahmasebi et al.,
2021), slang detection (Pei et al., 2019), and un-
known sense detection (Erk, 2006). Also related
is word sense induction (WSI), in which the goal
is to extract a sense inventory from a corpus; Lau
et al. (2012) have used WSI models to identify
novel senses. In these tasks, a model must iden-
tify whether or not a sense is novel, but it does
not need to make any prediction about what these
senses mean or how they arose.1 Our interest is in
models which make predictions of this nature.

To study the interpretation of novel senses,
a variety of figurative language interpretation
tasks have been proposed, based on paraphrasing
(Shutova et al., 2013; Tong et al., 2024) or textual
entailment (Saakyan et al., 2022). A major lim-
itation of these tasks is that the training material
is not controlled, and may include the sense ex-
tensions which are used in evaluation. If a model
performs well, it may only have done so because it
was shown the paraphrase or entailed information
during training. It is not necessarily the case that
the model will be able to interpret sense extensions
which it had not previously encountered.

1Some of the aforementioned tasks involve not only novel
senses, but also conventionalised sense extensions.

An alternative task which addresses this limita-
tion is word sense extension (WSE; Yu and Xu,
2023). WSE formulates sense extension as a lan-
guage modelling task. In WSE, models are trained
on a corpus that has been modified to have certain
senses replaced with artificial tokens. The goal is
to paraphrase these tokens back to their original
forms, thereby recreating sense extensions which
were concealed during training. This methodol-
ogy ensures that models are correctly evaluated
on unseen examples. In this respect, WSE can
be framed as a historical reconstruction task, a
method that has previously been used for drug dis-
covery (e.g. Swanson and Smalheiser, 1997), tax-
onomy enrichment (e.g. Nikishina et al., 2020),
and citation prediction (e.g. Yu et al., 2012). In
our work, we use a similar methodology to ensure
that models are evaluated on unseen examples.

The design of WSE has several limitations. The
decision to treat sense extension through language
modelling makes it difficult to diagnose model
failures: if a WSE model performs poorly, it is
not clear if this performance deficit reflects an
inability to perform sense extension, or a more
general inability to understand sentences. More-
over, sense extension is theorised to involve inter-
actions between different representational modal-
ities (Aldrich, 1968; Forceville and Urios-Aparisi,
2009), but WSE does not support multimodal
modelling. By contrast, the task we design is mul-
timodal, and better isolates sense extension from
other aspects of language understanding.

WSE does not evaluate a specific kind of sense
extension, but Yu (2023) has modified this task
to treat figurative language. Other computational
tasks have been designed to study slang (Sun et al.,
2021), semantic drift (Habibi et al., 2020; Grewal
and Xu, 2021; Yu and Xu, 2021), and conversion
(Yu and Xu, 2022). Like WSE, the majority of
these tasks do not support multimodal modelling.
Moreover, the creation of unique task formulations
for each type of sense extension makes it diffi-
cult to evaluate models across phenomena. In our
work, we create a standard task formulation which
can be used to treat many types of sense extension.

One existing multimodal treatment of sense ex-
tension was performed by Pinto and Xu (2021),
who built models of overextension using resources
linked to WordNet. Another multimodal method
has been proposed by Brochhagen et al. (2023),
who treat multiple phenomena (semantic drift and
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overextension). In this task, the input is a pair
of concepts, and models predict whether these
concepts are expressed using the same word-
form; concepts of this nature are said to colexify
(François, 2008). Our goal, by contrast, is to eval-
uate models which produce new sense extensions.

4 New Tasks for Sense Extension

We introduce a pair of task formulations that can
be used to evaluate multimodal models for any
kind of sense extension. To define these tasks,
let W be the set of all wordforms in a language,
and C be the set of all the concepts which are
lexicalised. The distinction between wordforms
and concepts corresponds to Saussure’s (1916) no-
tion of signifiers and signifieds. We formalise a
sense as a tuple 〈w, c〉 ∈ S consisting of a word-
form w ∈ W and a concept c ∈ C. Concepts are
commonly described in lexica using definitions,
but they can be represented by other data modali-
ties, such as images.

4.1 Novel Sense Formulation

Novel sense formulation (NSF) mimics the chal-
lenge faced by a speaker who needs to extend the
semantics of a word in order to refer to a new con-
cept. In NSF, the input is a concept c which does
not appear in the training lexicon. The output is
a wordform w ∈ W which can be used to refer
to this concept. NSF is achieved using a model
of p(w | c). In generating w for c, the model im-
plicitly creates a novel sense, 〈w, c〉.

NSF can be framed as a graph enrichment
task. This can be achieved by construing the lex-
icon as a bipartite incidence graph, with disjoint
vertex sets W and C. This graph is illustrated
in Figure 1a. Unlabelled edges connect word-
forms w ∈ W to concepts c ∈ C. Each edge corre-
sponds to a word sense, 〈w, c〉 ∈ S . Many-to-one
mappings between wordforms and concepts corre-
spond to examples of synonymy, and one-to-many
mappings correspond to examples of polysemy. In
NSF, a new concept c is added to this graph. A
model must generate a new edge 〈w, c〉 which con-
nects this concept to a suitable wordform w.

NSF can alternatively be framed as a cluster as-
signment problem. To do this, the lexicon can be
construed as a hypergraph. A hypergraph is a gen-
eralisation of a graph in which edges can connect
to more than two vertices. Figure 1b shows a hy-
pergraph that is equivalent to the bipartite graph in

c72
c89
c12
c95
c62
c81
c33

w1

w2

w3

(a) A bipartite graph

w1

w2

w3

c72
c89

c12
c62

c81

c33

c95

(b) A hypergraph

Figure 1: Two formulations of the lexicon

Figure 1a. Adding a new edge 〈w, c〉 to Figure 1a
is equivalent to assigning c to the cluster of con-
cepts denoted by w in Figure 1b. Under this view,
the goal in NSF is to choose the cluster to which a
new concept c should be assigned.

NSF is based on two key assumptions. The first
assumption is that concepts can be represented as
discrete entities. This assumption is reflected in
the formulations of the lexicon illustrated in Fig-
ure 1. The second assumption is that the process
of concept creation is separate from the process
of concept naming. This assumption is discussed
further in §10 (under “Predefined Concepts”).

The task formulations in the literature that are
most similar to NSF are those by Pinto and Xu
(2021) and Sun et al. (2021). To treat overexten-
sion, Pinto and Xu construct models of p(c′ | c),
which determine whether a new concept c could
colexify with a familiar concept c′. These mod-
els are used to treat p(w | c) by first finding the c′

which best colexifies with c, and then using a
lookup to find the word used for c′. This approach
is only possible because Pinto and Xu make the
simplifying assumption that there is a one-to-one
correspondence between wordforms and concepts
prior to sense extension. Whether or not this as-
sumption holds for children is debatable, but in an
adult’s lexicon the relationship is certainly many-
to-many (see Figure 1a). Unlike Pinto and Xu’s
task, NSF supports arbitrary lexical structure prior
to sense extension.

To treat slang, on the other hand, Sun et al.
(2021) construct models of p(w | c,w), where w
is a sentence with a masked token in the location
of w. Each concept c is represented using a gloss
from a slang dictionary, such as Green’s Dictio-
nary of Slang. This use of glosses is problematic,
because a gloss sometimes includes the word with
which it is associated. For example, consider this
sense of drink from Green’s Dictionary of Slang:

a bribe, a sum of money that would
supposedly purchase ‘a drink’
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Figure 2: A new thought travels between minds

This gloss includes an explanation about why the
word drink is used for this concept. In Sun et al.’s
work, a model needs to determine which word
goes with each gloss, but glosses like this one con-
tain the solutions. Sun et al.’s use of glosses there-
fore introduces circularity. In NSF, we avoid cir-
cularity by creating concept representations using
non-textual data, described in §6. We additionally
do not provide a linguistic context (w) as input,
and instead integrate information about the usage
of a concept (e.g. syntactic constraints) into the
concept representations themselves.

4.2 Novel Sense Comprehension
It is possible to define the reverse task of NSF,
which we call novel sense comprehension (NSC).
NSC mimics the challenge facing a listener who
needs to interpret the sense of a word that has been
used in a new context. We define this task below,
but we do not treat NSC in this work.

The input for NSC is a wordform w, and
the output is the concept c to which w refers.
The output concept is selected from a set of
options C′

w ⊂ C. The word w does not have
a previous association with any of these op-
tions (i.e. ∀c ∈ C′

w : 〈w, c〉 /∈ S). While NSF
is achieved using a model of p(w | c), NSC is
achieved using a model of p(c | w).

The relationship between NSF and NSC is illus-
trated by the production–comprehension paradigm
in Figure 2. On the left, a speaker (S) wants to re-
fer to a new concept (at timestamp T1), so chooses
the best word for it (NSF) and produces that word
(T2). On the right, a listener (L) hears the word
just uttered by the speaker (T2), chooses which
concept it refers to (NSC), and therefore interprets
the sense that the speaker just created (T3).

In NSF, the output is selected from all word-
forms W , while in NSC the output is selected from
a small set of concepts, C′

w. This design choice re-
flects an asymmetry facing speakers and listeners
in the real world. When naming a concept, speak-
ers choose from any wordform in their vocabulary.
When interpreting which concept a word refers to,

however, listeners choose only from options avail-
able in the context of an utterance.

To evaluate NSC models, we need to construct
a set of option concepts C′

w for every word w, con-
sisting of concepts appearing in contexts where w
could be used. It is not obvious how these sets
of concepts could be created. For this reason, we
leave NSC to future work.

5 Dataset Construction

To evaluate NSF, examples of novel senses 〈w, c〉
are needed. The performance of a model can be
measured by eliciting wordform predictions for c,
and comparing these predictions to w.

Lexica only contain senses which are widely
used. However, many conventional senses were
once creative sense extensions (Bowdle and Gen-
tner, 2005). For example, the sense neck4 in Word-
Net (defined as “a narrow part of an artifact that
resembles a neck”) was once a novel extension of
neck2 (“the part of an organism that connects the
head to the body”). Lexica can therefore be used
to simulate NSF using historical reconstruction.

More specifically, instead of training models us-
ing an entire lexicon S, models can instead be
trained using an incomplete lexicon. We call this
incomplete lexicon a pruned universe, or pruni-
verse. Let 〈w, c〉 ∈ P be the senses in a partic-
ular pruniverse, which are a subset of the senses
in a lexicon, P ⊂ S . Additionally, let 〈w, c〉 ∈ U
be unseen senses which were included in the orig-
inal lexicon but excluded from the pruniverse:
U ⊆ S \ P . Models can be trained using senses
in P and then evaluated using unseen senses in U .
With pruniverses, any conventional sense can be
treated as though it were novel.

An illustration of a pruniverse is given in Fig-
ure 3. This pruniverse was created by ablating the
concept c72 from the lexicon in Figure 1. To rein-
tegrate this concept, there are three words which
an NSF model must choose between (w1, w2 and
w3). The assignment of c72 to w1 corresponds to
the regeneration of the pruned sense 〈w1, c72〉.
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c81
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c95

c72

Figure 3: Example of a pruniverse

We construct seven pruniverses, each designed
to isolate a different type of sense extension. Each
pruniverse is created by first identifying a set of
senses in WordNet which exemplify a particular
phenomenon (e.g. metaphor). Unless mentioned
otherwise, the unseen set for that phenomenon
is created by randomly sampling 10% of these
senses, and the corresponding pruniverse is cre-
ated by removing these unseen senses from Word-
Net. 90% of the target senses remain in the
pruniverse; we refer to these senses as illustrative
senses 〈w, c〉 ∈ I, where I ⊂ P . It is likely that
these senses will be useful for training models.

The methodology we use to construct pruni-
verses is similar to a methodology used in WSE,
where training data is created by removing occur-
rences of certain senses from a sense-annotated
corpus (Yu and Xu, 2023; see §3). In WSE, mod-
els are trained on sentences from this modified cor-
pus, but in NSF, models are trained directly on
concept representations. Moreover, while Yu and
Xu select unseen senses randomly, we select un-
seen senses which exemplify certain phenomena.

Statistics for the pruniverses are shown in Ta-
ble 1.2 On the right of Table 1 there is an exam-
ple of an unseen concept for each phenomenon,
with abbreviated glosses used to represent con-
cepts. Details about how unseen senses are iden-
tified for each phenomenon are given below, with
additional information in App. A.

Metaphor Metaphorical senses in WordNet are
identified using ChainNet (Maudslay et al.,
2024), a dataset that identifies metaphorical and
metonymic connections between WordNet senses.
We retrieve every sense in ChainNet that is derived
from another sense via a metaphor edge.

Metonymy Metonymy data is constructed us-
ing the same procedure as for metaphor, based on
metonymy edges in ChainNet.

2While some of these datasets seem small by the standards
of deep learning, each sense is itself associated with many
datapoints (e.g. images in ImageNet or tokens in SemCor).

Semantic Drift For semantic drift, an unseen set
is constructed consisting of nominal senses which
arose after a certain cutoff in time. The cutoff we
chose is 1960, which is 25 years before WordNet
started development. WordNet does not include
obsolete senses, and therefore cannot be used to
study lexical developments that precede Modern
English. The age of senses is identified using the
Oxford English Dictionary (OED), based on the
WordNet–OED alignment of Maudslay and Teufel
(2022). The illustrative set consists of all the
senses that arose between 1925 and 1960. The cut-
off of 1925 is chosen because it results in an illus-
trative set which is comparable in size to several
other illustrative sets. Choosing an earlier year
would yield a larger set, but it is likely that these
older senses would be less useful for model train-
ing than senses which arose close to 1960.

Jargon For jargon, we identify every sense re-
lated to linguistics, computer science, politics,
economics, and psychology, according to the
WordNet Domains Hierarchy (Bentivogli et al.,
2004). We chose these domains because they con-
sist of a large number of senses, and because many
of these senses are based on sense extension rather
than neologism.

Slang We construct a set of slang senses by
identifying every WordNet sense whose equivalent
sense in the OED is labelled as colloquial.

Conversion We identify every nominal sense in
WordNet that is a conversion of a verbal sense us-
ing WordNet morphology annotation produced by
Fellbaum and Miller (2003).

Overextension For unseen overextensions, we
use the data of Pinto and Xu (2021), who manu-
ally aligned examples of overextension with con-
cepts in WordNet. Unlike for the other phenom-
ena, these unseen senses do not appear in Word-
Net (i.e. U ∩ S = ∅).3 The overextension pruni-
verse should correspond to the lexicon of a child,
who will know a small fraction of the senses in
a language. Accurate information about a child’s
lexicon is impossible to access. To estimate a
child’s vocabulary, we follow Pinto and Xu, and
extract every wordform from Wordbank (Frank
et al., 2017), a dataset of age-of-acquisition norms

3Although each unseen overextension is not a sense in
WordNet, it nevertheless consists of a wordform w and a con-
cept c which appear in WordNet separately: U ⊂ W × C.
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Pruniverse |P| |I| |U| Example Unseen Sense 〈w, c〉 ∈ U

Metaphor 131,564 6,565 748 〈neck, “a narrow part of an artifact that resembles a neck”〉
Metonymy 131,872 5,427 611 〈dish, “the quantity that a dish will hold”〉
Semantic Drift 132,113 2,408 257 〈cable, “television that is transmitted over cable”〉
Jargon 132,491 4,043 449 〈worm, “a software program capable of reproducing itself”〉
Slang 132,688 2,270 252 〈bomb, “an event that fails badly”〉
Conversion 132,331 2,323 265 〈leap, “a self-propelled movement upwards or forwards”〉
Overextension 5,259 228 〈ball, “the bulb of an onion plant”〉

Table 1: Pruniverse statistics and examples

for children up to 30 months old. We then con-
struct a pruniverse consisting of every sense of
these words. A child is unlikely to know every
sense of the words they produce, so this pruni-
verse is not a realistic approximation of a child’s
lexicon, but we are not aware of any other method
which is better. Children do not encounter positive
examples of overextension, so there are no illustra-
tive senses in this pruniverse.

6 Concept Representations

To produce models of NSF, we need a way to rep-
resent the semantics of the concepts in WordNet.
One way that this can be achieved is by construct-
ing a concept embedding space, in which a vector
is provided for each c ∈ C.4

Concept embeddings are commonly produced
by computing sentence embeddings of each con-
cept’s gloss (e.g. Chen et al., 2015; Oele and
van Noord, 2018; Huang et al., 2019; Blevins
and Zettlemoyer, 2020). This method has been
employed in previous work on sense extension
(e.g. Sun et al., 2021). However, as discussed in
§4.1, there is a danger that this method can intro-
duce circularity. In NSF, the goal is to reproduce
the word associated with an unseen concept, but
sometimes the gloss of that concept will include
the word which is used to refer to it. For exam-
ple, in WordNet the definition of the metaphori-
cal sense neck4 (“a narrow part of an artifact that
resembles a neck”) includes the word neck.5 To
avoid circularity, we use specially designed con-

4Concept embeddings are not the same as sense embed-
dings: most WordNet-based sense embeddings (e.g. Cal-
abrese et al., 2020a; Scarlini et al., 2020a,b) provide n differ-
ent embeddings per synset, where n is the number of word-
forms in the synset, while a concept embedding space pro-
vides a single representation per synset.

5It may be possible to modify glosses to remove the word
that is used for that concept. However, this would not solve
the problem, because the definition might contain a synonym
or other words that are otherwise related to the target word.

cept embeddings which are constructed without
being exposed to the words in a language. We use
the term lexicon-agnostic to describe these repre-
sentations, because they are agnostic to the map-
ping between wordforms and concepts in a lan-
guage’s lexicon.

6.1 Embedding Construction
We construct four lexicon-agnostic embedding
spaces. The first two are constructed using stan-
dard techniques, based on images and semantic
relations (Figure 4b and 4c). The last two are
constructed using non-standard techniques which
extract lexicon-agnostic information from sense-
annotated corpora (Figure 4d). These spaces are
chosen as they are likely to include information
that is useful for NSF, and because they can be
constructed using existing resources. All four
spaces are outlined below, with details in App. B.

Visual Embeddings To build visual representa-
tions, we exploit the hidden states of image clas-
sification models, which have been shown to en-
code abstract visual properties of images (Zhang
et al., 2018). More specifically, we pass images of
WordNet concepts through a high-performing im-
age classification model, ConvNeXT (Liu et al.,
2022), and extract the final hidden state that re-
sults from each image. We construct concept
embeddings by calculating the mean hidden state
for 256 images per concept, following Pinto and
Xu (2021). The images we use are randomly sam-
pled from ImageNet (Deng et al., 2009) and Ba-
belPic (Calabrese et al., 2020b).

Taxonomic Embeddings In WordNet, concepts
are linked to each other by lexical relations such
as IS A or HAS A. We use the knowledge-graph
embedding method TransE (Bordes et al., 2013)
to construct embeddings based on these relations.

Syntagmatic Embeddings Words that occur
close to each other are said to be syntagmati-
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any of numerous small rodents
typically resembling diminu-
tive rats having pointed snouts
and small ears on elongated
bodies with slender usually
hairless tails.

(a) A gloss (b) An image

cmouse

ctail

H
A

S

(c) A relation

Cats︸︷︷︸ chase︸︷︷︸ mice︸︷︷︸
cfeline cpursue cmouse

nsubj dobj

(d) A sentence

Figure 4: The meaning of the concept cmouse in different data modalities

cally related. Word2Vec (Mikolov et al., 2013)
is a word embedding method which gives simi-
lar embeddings to words that are syntagmatically
related, such as hogwarts and dumbledore (Levy
and Goldberg, 2014). To create these embeddings,
Word2Vec is trained to predict whether wordforms
occur together in a sentence w ∈ W∗. Word2Vec
can be adapted to build concept embeddings by in-
stead training it using lists of concepts that occur
together in text, c ∈ C∗. These lists can be cre-
ated by extracting concept annotation from sense-
tagged sentences. To construct data in this form,
we extract concept co-occurrences from SemCor
(Miller et al., 1994), NTU-MC (Tan and Bond,
2014), the WordNet Gloss Corpus, and every
SensEval and SemEval dataset (Raganato et al.,
2017). We also extract concept co-occurrences
from Wikipedia, using the WSD model EWISER
(Bevilacqua and Navigli, 2020) to produce sense
annotation. Combined, these datasets yield a to-
tal of nearly one billion concept-annotated tokens.
Word2Vec is trained on this data, resulting in an
embedding space that encodes the syntagmatic re-
lations between concepts.

Paradigmatic Embeddings Words that can be
substituted for each other without violating a lan-
guage’s grammar are said to be paradigmatically
related. Dep2Vec (Levy and Goldberg, 2014)
is a variant of Word2Vec which produces simi-
lar embeddings for paradigmatically related words
(e.g. embedding hogwarts close to other schools).
It is trained using dependencies extracted from
parse trees, such as 〈chase,dobj,mice〉. We
can adapt Dep2Vec to build an embedding space
that covers C rather than W by training it
instead using dependencies between concepts,
such as 〈cpursue,dobj, cmouse〉, as shown in Fig-
ure 4d. To identify concept dependencies, we
parse Wikipedia using SpaCy, and determine the
concept that corresponds to each word using the
tags predicted by EWISER. Dep2Vec is trained
using these dependencies in order to create an em-
bedding space that captures paradigmatic relations
between concepts.

6.2 Embedding Space Analysis

Each embedding space has a different coverage
of C, because they were constructed using re-
sources which do not cover every WordNet con-
cept. A breakdown of the coverage is shown in
Table 2. In terms of nouns, the taxonomic em-
beddings cover every WordNet concept. The other
three embedding spaces each cover about 60%
of WordNet’s nominal concepts, but the concepts
which they cover are different. Figure 5 is a Venn
diagram that shows the overlap between these
spaces. In total, 31% of the nominal concepts
in WordNet are covered by all three spaces. The
paradigmatic and syntagmatic spaces both cover
an additional 25%, while the visual space covers
24% that are not covered by either of those spaces.

To test whether the different spaces provide
complementary information, we adapt a method
used by Pinto and Xu (2021). This method eval-
uates whether similarity measures that are com-
puted using different embeddings are correlated
with each other. Low correlations indicate that dif-
ferent embeddings encode different information.
We sample 10,000 pairs of concepts, and compute
the cosine similarity between them in each space.
We then compute the Spearman correlations be-
tween the similarity scores for each pair of spaces.
These correlations are shown in App. B. The two
spaces which are derived from overlapping data—
the syntagmatic and paradigmatic spaces—are the

POS Concept Embedding Space WordNet
Visual Taxon. Syntag. Paradig.

Noun 47,160 82,115 48,068 45,918
82,115(57%) (100%) (59%) (56%)

Verb 320 13,542 11,760 11,742
13,767(2%) (98%) (85%) (85%)

Adj. 0 0 14,832 14,364
18,156(0%) (0%) (82%) (79%)

Adv. 0 0 3,018 2,878
3,621(0%) (0%) (83%) (79%)

Total 47,480 95,657 77,678 74,902
117,659(40%) (81%) (66%) (64%)

Table 2: Concept embedding coverage
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Syntag. Paradig.

Visual

25,266
(31%)

250
(<1%)

1,932
(2%)

20,120
(25%)

19,712
(24%)

750
(1%)

282
(<1%)

13,803
(17%)

Figure 5: Overlap of nominal concepts

most strongly correlated (ρ = 0.499). The other
correlations are all low, which indicates that the
different embedding spaces capture different nu-
ances of concept semantics.

7 Model Architecture

We design three NSF models. These models make
predictions of p(w | c) based on CP

w , which are the
concepts associated with w in a pruniverse P:

CP
w = {c : 〈w, c〉 ∈ P} (1)

7.1 Cognitive Model
A cognitive model is a computer model that mim-
ics a human cognitive process (Lake et al., 2017).
Many previous works on sense extension have ap-
plied the same family of Bayesian cognitive mod-
els (e.g. Ramiro et al., 2018; Habibi et al., 2020;
Pinto and Xu, 2021). We adapt these models to
NSF. To make predictions, Bayes’ theorem is ap-
plied to p(w | c):

p(w | c) ∝ p(c | w) p(w) (2)

The prior can be estimated using frequency data
with add-one smoothing (freq : W 7→ N):

p(w) =
1 + freq(w)

|W|+
∑

w′∈W freq(w′)
(3)

The likelihood term can be defined in a variety of
ways, dependent on different theories of categori-
sation. Let ec ∈ Rd be an embedding of c, and
sim be a function that compares two embeddings
(Rd × Rd 7→ R). Three widely used variants are:

1. An “exemplar” model (e.g. Ramiro et al.,
2018; Grewal and Xu, 2021; Habibi et al.,
2020; Yu and Xu, 2023), based on the ex-
emplar theory of categorisation (Medin and

Schaffer, 1978; Nosofsky, 1986). This model
computes the mean similarity between c and
each concept associated with w:

pexemplar(c | w) ∝ mean
c′∈CP

w

sim(ec , ec′) (4)

2. A “chaining” model (e.g. Sloman et al., 2001;
Xu et al., 2016; Ramiro et al., 2018), based on
the theory that word senses form sequential
connections (Lakoff, 1987; Austin, 1961).6

This model computes the maximum similar-
ity between c and each concept associated
with w:

pchaining(c | w) ∝ max
c′∈CP

w

sim(ec , ec′) (5)

3. A “prototype” model (e.g. Ramiro et al.,
2018; Habibi et al., 2020; Grewal and Xu,
2021; Yu and Xu, 2023), based on prototype
theory (Rosch, 1973). This model constructs
an embedding that represents the prototypical
sense of w, and then computes the similarity
between c and this prototype:

pprototype(c | w) ∝ sim
(
ec , mean

c′∈CP
w

ec′︸ ︷︷ ︸
prototype

) (6)

The similarity function is defined based on an
exponential decay function, following Shepard
(1987). We alter this function to have one free pa-
rameter hm per modality m ∈ M (e.g. visual or
taxonomic). Suppose that ec is a concatenation
of embeddings from different spaces, and emc is a
subvector of ec that corresponds to m:

sim(ec , ec′) = exp
∑
m∈M

−dist(emc , emc′ )

hm
(7)

Cosine distance is used for the distance function.

7.2 Perceptron Model
The cognitive model makes rigid assumptions
about how conceptual similarity and word fre-
quency influence sense extension. To avoid mak-
ing these assumptions, we use a multi-layer per-
ceptron (MLP). For each concept c′ ∈ CP

w , we
construct a vector d〈c,c′〉 that consists of the dis-
tance between c and c′ in each embedding modal-
ity m ∈ M. This vector is appended with the

6In some work, all three variants are called “chaining”
models, and this variant is called the “nearest-neighbour”
model (e.g. Habibi et al., 2020; Grewal and Xu, 2021).
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unigram probability p(w) and passed through
an MLP with one output channel. The good-
ness of fit between a word w and a concept c
(score : W × C 7→ R) is calculated by finding the
maximum output of the MLP for any c′ ∈ CP

w :

score(w, c) = max
c′∈CP

w

MLP
(
d〈c,c′〉 ⊕ [p(w)]

)
(8)

Probabilities are calculated using softmax:

p(w | c) = softmax
W

score(c, w) (9)

7.3 Transformer Model
The perceptron is able to learn how conceptual
similarity and word frequency influence sense ex-
tension. However, it is likely that the factors
that govern whether a new concept belongs to a
word are more complex than geometric measures
of similarity. We use a transformer (Vaswani et al.,
2017) to test whether more sophisticated inter-
concept relationships can be inferred. The input to
a transformer’s encoder is n vectors in Rd. When a
transformer is applied to language modelling, each
vector corresponds to a token in a sentence. For
our NSF transformer, on the other hand, each vec-
tor corresponds to a concept.

More specifically, to compute p(w | c), an in-
put is constructed that consists of a set of em-
beddings: one for each concept in CP

w , and one
for the new concept c. To give the model a sig-
nal about which of these is the new concept c, we
concatenate a fixed encoding to each of these em-
beddings. A vector hnew ∈ Rd is concatenated to
the embedding of the new concept, and a differ-
ent vector hold ∈ Rd is added to the embeddings
of the concepts already associated with the word.7

We call the resultant set of embeddings E〈w,c〉:

E〈w,c〉 =
{
ec ⊕ hnew

}
∪
{
ec′ ⊕ hold : c′ ∈ CP

w

}
These embeddings are used as the input to a trans-
former’s encoder. The output from this encoder
is a new set of n vectors in Rd. We extract the
output vector which corresponds to the candidate
concept c, and denote this vector t〈w,c〉:

t〈w,c〉 = Transformer
(
E〈w,c〉

)
c

(10)

To compute p(w | c), t〈w,c〉 is passed through a
linear layer with a single output, and then con-
verted to a probability using softmax.

7These fixed encodings are analogous to the position en-
codings used in sequence modelling.

8 Evaluation

We evaluate each NSF model on each pruniverse.
We also compare multimodal and unimodal model
variants, in order to test the hypothesis that sense
extension involves interactions between represen-
tational modalities (e.g. Aldrich, 1968; Forceville
and Urios-Aparisi, 2009).

8.1 Experimental Setup

Models We experiment with unimodal and mul-
timodal variants of each NSF model; the choice of
the best embedding combination is treated as a hy-
perparameter. For the cognitive model, the choice
of likelihood model is also treated as a hyperpa-
rameter. These models are trained on NSF us-
ing a negative log-likelihood objective. Two base-
lines are used. The first baseline predicts word-
forms randomly with uniform probability; the sec-
ond ranks wordforms according to their frequency
in Wikipedia. Additional detail is in App. C.

Data Models are trained exclusively using
senses within a given pruniverse, and evaluated
on the corresponding unseen senses. Only nom-
inal and verbal senses in each pruniverse are used,
because our concept embedding spaces have con-
siderably better coverage for these POS than for
adjectives and adverbs (see Table 2).

Ranking Metric For each unseen concept c, the
probability predictions p(w | c) of a model can
be computed for all n wordforms in the pruni-
verse. NSF can be evaluated by analysing the rank
which a model assigns to the correct wordform.
Let r〈w,c〉 ∈ {1, · · · , n} be the rank that a model
assigns to the correct wordform w when it is input
with c. For an evaluation metric, we use the mean
reciprocal rank (MRR). MRR is defined as:

MRR(U) = mean
〈w,c〉∈U

1

r〈w,c〉
(11)

This metric strictly penalises a model if it does
not include the correct wordform among its top
predictions: rank ten achieves a reciprocal rank
of only 0.1, even though there are about 60,000
wordforms to choose from in most pruniverses.

Similarity Metric Another way that NSF pre-
dictions can be evaluated is by analysing how sim-
ilar a model’s top prediction is to the correct word.
For each unseen sense, we compute the cosine

1835



Metaphor Metonymy Sem. Drift Jargon Slang Conversion Overextension

0.0

0.1

0.2

0.3
M

R
R

001 001 001 001 006 004 011

069
098

025
057 054 044

071

225

299

177
204

178

307

221

- - - - - - - - - - - -
- -

- -

251

336

209 225 227
190

241

- -
- -

- -
- -

- - - - - -
- -

- - - -

064
085

032
082

041
085

108

0.0

0.2

0.4

C
os

in
e

078 077 071 085 079 090
149145 144

077 091 116 118 124

364

447

358 381
309

441
403

- - - - - - - - - - - -
- -

- -

388

481

389 416
365 381

418

- -
- -

- -
- -

- - - -
- -

- -
- -

- - - -

224 247
212

246
184

256

331

- - - - - - - - - - - - - -

Baseline Cognitive Perceptron (unimodal) Perceptron (multimodal) Transformer

Figure 6: Results for ranking (top) and for similarity (bottom)

similarity between w and the model’s top predic-
tion w∗, using the pretrained Word2Vec embed-
dings of Mikolov et al. (2013). The overall score
is taken as the mean.

Significance Testing To compute pairwise sig-
nificance, we apply a two-tailed Monte Carlo
permutation test at significance level α = 0.01,
computed with R = 100,000 permutations. The
Benjamini–Hochberg procedure is used to correct
against false discoveries.

8.2 Results and Discussion

Figure 6 presents the results for the ranking metric
(top) and the similarity metric (bottom). If there
is a symbol below a bar, this means that the model
associated with that bar is significantly better than
the model associated with the symbol. For exam-
ple, if the result for model a has the symbol for
model b underneath it, this indicates that model a
is significantly better than model b. We report the
results of unimodal and multimodal variants of the
perceptron model separately, and only the highest-
scoring baseline for each pruniverse is shown. Full
baseline results are provided in App. E.

We can see from Figure 6 that both perceptron
variants were significantly better than all of the
other models, in all seven pruniverses. This is true
for both metrics, meaning that the perceptron was
not only likely to include the correct wordform in
its top predictions (high MRR, top), but it was also
likely to predict other words which were similar to
the correct word (high similarity, bottom).

The perceptron achieved the highest overall per-
formance on metonymy (0.336 MRR) and conver-
sion (0.307 MRR). These high scores may reflect
the fact that metonymy and conversion are highly

regular processes (Pustejovsky, 1995). Relatively
harder were slang (0.227 MRR) and jargon (0.225
MRR). The perceptron performed the least well on
semantic drift, where it achieved 0.209 MRR; this
score indicates that the correct wordform was pre-
dicted in about the 5th rank on average. The score
differences between phenomena may reflect dif-
ferences in the score ceiling that it is possible to
obtain for each pruniverse. For example, some ex-
amples of semantic drift may have arisen because
of specific events in the real world, and may be
impossible to predict without additional context.

The multimodal variant of the perceptron model
was significantly better than the unimodal variant
for four pruniverses (metaphor, metonymy, slang,
and jargon) in terms of the similarity metric. For
example, for slang the multimodal perceptron at-
tained a similarity score of 0.365, while the uni-
modal variant scored 0.309. The same pattern oc-
curs in the MRR results, albeit with the excep-
tion of jargon, where the two variants were in-
distinguishable. These results support the claim
that sense extension may involve interactions be-
tween representational modalities. The only set-
ting where the unimodal variant outperformed the
multimodal variant was on conversion. This result
was achieved using the syntagmatic embeddings,
which implies that predicting conversions may be
possible from distributional properties alone.

The transformer performed less well than both
perceptron variants in every pruniverse under both
metrics, and the difference was usually large. For
instance, the transformer scored 0.064 MRR for
metaphor, while the perceptron achieved 0.251.
Transformers require a large amount of data to
train. It may be possible to improve the trans-
former’s performance by utilising the data linked
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Pruniverse Example Unseen Concept Word Top Predictions Rank Sim

1 Metaphor “a miscalculation that recoils on its maker” backfire backlash recoil backfire... 3 .45
2 Metonymy “a playing card with nine pips on the face” nine seven eight five ten pitch... 111 .94
3 Sem. Drift “the basic unit of money in Brazil” real peso escudo real florin... 3 .08
4 Jargon “a firm that transports people or goods” carrier airline airway operator... 180 .62
5 Slang “a room that is comfortable and secluded” den parlor poolroom study den... 4 .34
6 Conversion “a metal joint formed by softening with heat” weld welding weldment weld... 3 .66
7 Overext. “[watch] a small portable timepiece” clock necklace clock purse shoe... 2 .11

Table 3: Example NSF predictions of the multimodal perceptron

to pruniverses in a more efficient manner. For ex-
ample, a transformer could be trained directly on
images, rather than on visual embeddings.

The cognitive model was also significantly
worse than both perceptron variants in every set-
ting. In terms of the similarity results, it was sig-
nificantly worse than the transformer in all pruni-
verses, and was indistinguishable from the base-
lines in three pruniverses (semantic drift, jargon,
and overextension). The large gap between the
cognitive model and the perceptron suggests that
the cognitive model is only partially able to ex-
plain how humans perform sense extension.

Table 3 shows examples of mistakes made by
the multimodal perceptron.8 In the table, each
unseen concept is represented using a gloss, but
note that models receive lexicon-agnostic repre-
sentations instead of glosses. In these examples,
the perceptron’s top prediction is usually similar
to the correct word, even in the cases where the
correct word appeared at a low rank. Common
mistakes were predicting a different member of
the same category (e.g. predicting seven instead of
nine, row 2), predicting a morphological variant
of the correct word (e.g. welding instead of weld,
row 6), and predicting a word in the wrong register
(e.g. parlor instead of den, row 5).

Sometimes the perceptron attained a low simi-
larity score despite the fact that its top prediction
appears reasonable upon inspection. For example,
to describe a Brazilian currency the model gener-
ated the word peso, when the correct answer was
real (row 3). This prediction yielded a low similar-
ity score (0.08), even though the peso and the real
are both currencies in the Iberophone world. This
low score reflects a limitation of the metric, not an
issue with the model: the most common sense of
real is unrelated to currencies, and it is this sense
that will be represented by the word embeddings
used in the metric. Similarly, to describe a watch,

8App. F contains details of how examples were selected.

a child overextended the word clock (row 7), while
the model predicted necklace. This prediction is
reasonable, as a watch and a necklace are both
metal accessories. However, although a clock and
a necklace are both similar to a watch, they are not
similar to each other, and therefore this prediction
also attained a low similarity.

9 Cognitive Plausibility

If a model performs well on NSF, it could do so
in a manner that is similar to how a human would
perform the same task, or in a manner that is dif-
ferent. In this section, we analyse the cognitive
plausibility of the different models.

9.1 Model Complexity

One factor that is used to gauge the cognitive plau-
sibility of a model is model complexity. In cogni-
tive science, there is often a preference for models
with few parameters (e.g. Cibelli et al., 2016; Xu
et al., 2017; Pinto and Xu, 2021). Table 4 shows
the number of parameters in the models we evalu-
ate. The best model was the perceptron, which has
between 41 and 71 free parameters.9 The cogni-
tive model is heavily constrained, with one param-
eter per embedding space, while the transformer
has many parameters. The poor performance of
the transformer suggests that the amount of data
may have been insufficient to fit these parameters.

One argument given to support the preference
for cognitive models with few parameters is that
it prevents models from overfitting (Roberts and
Pashler, 2000; Pitt and Myung, 2002). Propo-
nents of this view commonly utilise metrics such
as the Akaike information criterion (AIC; 1973) or
the Bayesian information criterion (BIC; Schwarz,
1978), which heavily penalise models with more

9The exact number of parameters in each model depends
on the number of modalities. Parameters belonging to the
models used to produce embeddings are not included.
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Model # Parameters

Cognitive 1 – 4
Perceptron 41 – 71
Transformer 342,017 – 457,217

Table 4: Parameters in NSF models

parameters. We agree that overfitting is problem-
atic, but chose instead to control for overfitting us-
ing a train–test datasplit, sometimes absent from
previous work on sense extension (e.g. Pinto and
Xu, 2021). This enabled us to use NSF metrics
which are more interpretable than AIC or BIC.

Another argument given to motivate the appli-
cation of simple models is the claim that they are
inherently more biologically plausible. For exam-
ple, Gigerenzer and Brighton (2009) have argued
that the brain employs inductive biases like those
captured by simple models, and Yu and Xu (2025)
have argued that storage limitations in the brain
create natural complexity constraints. Opponents
of this view, however, maintain that simple models
have no basis in the neural processes that give rise
to linguistic abilities (McClelland et al., 2010). In-
deed, the brain has about 100 trillion synaptic con-
nections (Stevens and Sullivan, 1998), so it is far
less constrained than all the models we compare.

9.2 Prototype Effects

An alternative way the cognitive plausibility of a
model can be evaluated is by investigating whether
it exhibits emergent behaviours which correspond
to observations made in psycholinguistic exper-
imentation (McClelland et al., 2010). To this
end, we conduct a post-hoc analysis to evaluate
whether the models exhibit prototype effects. The
hypothesis we test is that the “prototype” variant
of the cognitive model accurately captures proto-
typicality, a tacit assumption in previous work that
uses this model (e.g. Ramiro et al., 2018; Habibi
et al., 2020; Grewal and Xu, 2021).

To conduct this study, we use the prototypicality
norms of Uyeda and Mandler (1980), which con-
sist of 28 categories, each with 30 different mem-
bers rated for prototypicality.10 For each category
word w in this data (e.g. fruit), and for each of the
concepts c which is an instance of that category
(e.g. apple or tomato), we compute p(w | c).11 To

10This data has not previously been linked to WordNet, so
we create a manual alignment; see App. G.

11Note that the directionality of conditionality is the in-
verse to that used in human recall experiments, in which a
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Figure 7: Prototypicality correlations

investigate whether the models’ predictions con-
tain evidence of prototype effects, we calculate the
Spearman correlation between each model’s prob-
ability predictions and the human prototypicality
ratings. Correlation scores are reported for each
model, averaged over all pruniverses and all cate-
gories in the data from Uyeda and Mandler.

Results are shown in Figure 7. The results of the
cognitive model variants are presented separately.
Significance is computed using the same method-
ology as in the main experiment (α = 0.01), and
is again reported using symbols beneath the bars.

The multimodal perceptron and the chaining
variant of the cognitive model attained the largest
correlations numerically (ρ = 0.279 and 0.278).
These models were both significantly better than
the transformer (ρ = 0.189). The prototype vari-
ant of the cognitive model did not make predic-
tions that correlated closely with human judge-
ments of prototypicality (ρ = 0.232), and was sig-
nificantly worse than the chaining variant of the
same model, suggesting that it is not an accurate
realisation of prototype theory.

In previous work, the different variants of the
cognitive model have been used to evaluate the
theories of categorisation that inspired their de-
sign. If one variant outperformed another, this
result was interpreted as evidence of the supe-
riority of one theory over another. For exam-
ple, in their study of Chinese classifiers, Habibi
et al. (2020) found that the exemplar model out-
performed the prototype model, and based on this
they conclude that classifiers may be “better cap-
tured by exemplar theory than by prototype the-
ory”. Our results suggest that this type of interpre-
tation could be problematic, because the models
may not correspond with the theories that inspired
their design. There are many ways that a particu-
lar cognitive theory can be implemented. Instead
of operationalising prototype theory via the use
of prototype embeddings, as in eq. (6), an alter-
native operationalisation might be more appropri-

person is presented with a category w and asked to produce
exemplar concepts c (e.g. Rosch et al., 1976).
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ate. Indeed, while Rosch (1975) initially theorised
that the brain encoded categories using prototype
representations, she later discarded this position
(Rosch, 1978, 1988, see also Lakoff, 1987, p. 43).

10 Limitations and Assumptions

Active vs. Passive Vocabulary A person’s ac-
tive vocabulary is the set of wordforms that they
use in language production; their passive vocabu-
lary is the set of wordforms that they understand
but do not regularly use. NSF does not make this
distinction: an NSF model is able to generate any
wordform from its entire vocabulary.

Representational Leakage To avoid circularity,
we used lexicon-agnostic embeddings. In order to
build these embeddings, it was necessary to use
datasets based partly on automatic annotation. An-
notation errors in these datasets could introduce
circularity. For example, if an image of a com-
puter mouse in ImageNet is erroneously labelled
as an occurrence of the rodent concept cmouse (Fig-
ure 4), then the visual embedding of cmouse might
include a signal that these concepts colexify.

Isolation of Phenomena It may be possible for
a model to reproduce an unseen sense without us-
ing the process which a pruniverse is intended to
evaluate. This is because each sense can be re-
lated to many other senses in different ways. For
example, a single sense could be a metaphorical
extension of one sense, metonymically related to
another, and morphologically related to a third.
Because this sense is metaphorical, it could be in-
cluded in the metaphor unseen set, even though
an NSF model may be able to produce it us-
ing another process. This situation is difficult to
avoid, because there is no dataset that systemati-
cally identifies every inter-sense relation.

Predefined Concepts Our formulation of sense
extension is based on the standard model of word
production (see §2), and we inherit its assump-
tions. That is to say, we assume that word pro-
duction can be decomposed into discrete stages,
including the formation of concepts (conceptual-
isation) and the assignment of concepts to words
(formulation). NSF only treats formulation, but
the brain also needs to perform conceptualisation.
For example, when a scientist extends the word
flow to refer to the movement of electrons, the con-
cept of electron movement is not given to them—
they create this concept themselves. Treating for-

mulation in isolation from conceptualisation may
be problematic, because these processes may be
interlinked. For example, the concept of electron
flow may only have arisen in the scientist’s mind
because they had the lexicalised concept of flow
(e.g. Clark, 1996, ch. 10). This issue is highly con-
tentious (see Lakoff, 1987, ch. 18).

11 Conclusion

We introduced a new task formulation for the
study of sense extension: novel sense formulation
(NSF). This task makes it possible to study dif-
ferent kinds of sense extension in a standardised
manner, and also enables the use of multimodal re-
sources for sense extension modelling. We created
seven datasets, called pruniverses, which evaluate
different types of sense extension, as well as four
concept embedding spaces, which capture differ-
ent aspects of the semantics of these sense exten-
sions. Using these resources, we evaluated three
models of novel sense formulation. The highest-
performing model was a multimodal perceptron. It
was able to achieve the best results on metonymy,
but performed less well on semantic drift, suggest-
ing that some kinds of sense extension pose unique
challenges. A widely used cognitive model under-
performed, suggesting that its explanation of sense
extension is inadequate. Our code and data are
made available online.12

Future work could explore the construction of
models that are tailored to the challenges posed
by specific phenomena. For example, a model de-
signed for slang could employ a heuristic to esti-
mate the humour of a sense, to reflect the observa-
tion that slang senses are often humorous (Danesi,
2010); a model for metaphor, on the other hand,
could incorporate ratings of concreteness or emo-
tivity. Pruniverses could also be produced for
other phenomena, or for other languages. NSF
could additionally be employed in research that in-
vestigates whether large language models (LLMs)
generalise in a human-like manner (e.g. Zhuang
et al., 2024). For example, an LLM could be
trained on a corpus consisting of documents which
precede a certain date, and evaluated using the se-
mantic drift pruniverse. Alternatively, an LLM
could be trained on a corpus that approximates the
language that a child is exposed to during early
development (e.g. Warstadt et al., 2023), and eval-
uated using the overextension pruniverse.

12https://github.com/rowanhm/pruniverse
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A Pruniverse Details

To build pruniverses, we retrieve every sense
from the Princeton WordNet version 3.0 (Fell-
baum, 1998), convert all wordforms to lowercase,
and filter out wordforms which contain either a
dash or whitespace (to avoid multi-word phrases).
With the exception of the overextension pruni-
verse, each pruniverse is formed by identifying an
unseen set and then removing these senses from
this sense inventory.

When constructing unseen sets, we ensure that
every unseen sense 〈w, c〉 ∈ U meets two crite-
ria. The first criterion is that the word w has
at least one sense in the corresponding pruni-
verse (i.e. ∀〈w, c〉 ∈U ,∃c′∈C : 〈w, c′〉 ∈P). This
criterion ensures that no unseen sense is a ne-
ologism. The second criterion is that there are
no synonyms for the concept c in the pruniverse
(i.e. ∀〈w, c〉 ∈U ,@w′∈W : 〈w′, c〉 ∈P). This cri-
terion ensures that each unseen sense simulates
exposure to a new concept, rather than the use
of novel language to describe a familiar concept.
To meet the second criterion, we additionally re-
move any sense from a pruniverse that covers the
same concept as an unseen sense. Every unseen
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sense is nominal, because several of the resources
which are used to identify unseen senses only
cover nouns.

For the metaphor and the metonymy pruni-
verses, a sense is only used as an unseen sense if it
is not a parent of any further metaphor or metonym
in ChainNet. This is done to reduce the chance of
a sense being put in the unseen set which is critical
to the understanding of other senses of a word.

For the jargon pruniverse, any sense which is
connected to another sense in WordNet by the in-
stance hypernymy relation is removed, as these
correspond to proper nouns. Any sense which cor-
responds to either a natural language or a political
orientation is also filtered out, because these con-
stitute a disproportionate number of the senses in
the data. This filtering is achieved by removing
hyponyms of the natural language concept and the
political orientation concept in WordNet.

For the conversion pruniverse, a nominal sense
is only used as an unseen sense if it derives from
a verbal sense, and not vice versa. In their an-
notation of morphological derivation in WordNet,
Fellbaum and Miller (2003) do not identify the di-
rectionality of derivations. To account for this, we
approximate this information using corpus data.
More specifically, the direction of the derivation
between a pair of senses is assumed to go from the
sense which is more frequently used to the sense
which is less frequently used. This approximation
does not attempt to recreate the etymological real-
ity of the derivation, but instead captures the fact
that a speaker is more likely to encounter senses
which are more frequent before they encounter
senses which are less frequent. Therefore, a nomi-
nal sense is only included in the unseen set if it be-
longs to a wordform that occurs more frequently
as a verb than as a noun. To estimate these fre-
quencies, statistics are extracted by POS-tagging
Wikipedia using SpaCy (Honnibal et al., 2020).

B Embedding Details

When constructing embedding spaces, the de-
fault hyperparameters of all models are used un-
less mentioned otherwise. The embedding size
is set to 300 in all cases, for parity between
the spaces. For the visual embeddings, the 768-
dimensional ConvNext embeddings are projected
into a 300-dimensional space using the Scikit-
Learn (Pedregosa et al., 2011) implementation of
SVD. For the taxonomic embeddings, TransE is

trained using the implementation in PyKeen (Ali
et al., 2021). For the syntagmatic embeddings,
the Gensim implementation (Řehůřek and Sojka,
2010) of Word2Vec is used, and UFSAC versions
of sense-annotated corpora (Vial et al., 2018) are
used when available. For the paradigmatic embed-
dings, Levy and Goldberg’s (2014) original imple-
mentation of Dep2Vec is used, with the negative
sampling rate set to 15.

Details of the correlations between the embed-
ding spaces are shown below:

Visual Syntag. Paradig.
Taxon. .029 .009 .005
Visual .247 .137
Syntag. .499

C Model Implementation

Models are implemented in PyTorch (Paszke et al.,
2019). To train multimodal variants, embeddings
from the four embedding spaces are concatenated
together in different combinations. Some concepts
are not represented in all four spaces. When a con-
cept is missing from a space it is represented using
the mean embedding from that space. For the per-
ceptron model, whenever either c or c′ is missing
from a particular space, the distance value corre-
sponding to that space is set to 0 in d〈c,c′〉.

To compute p(w), word type frequency counts
are computed using Wikipedia. Before computing
these counts, Wikipedia is filtered to only include
senses in a particular pruniverse. This ensures that
the frequency counts do not signal the existence of
unseen senses. To filter Wikipedia, sense annota-
tion produced by EWISER is used.

For the cognitive model, to ensure numerical
stability we use a softplus function to clamp the
minimum value of each hm to |M|/10. For the
transformer, the PyTorch implementation is used,
but the input embeddings are first passed through
a linear layer to rescale them to be a consistent di-
mensionality d regardless of how many modalities
were concatenated to each other. For the binary
position encodings hnew and hold, the sinusoidal
encoding of Vaswani et al. (2017) is used, with
the dimensionality set to 300 to match the concept
embedding spaces; another option would be to use
learned embeddings (e.g. Gehring et al., 2017).

D Training and Hyperparameterisation

Separate models are trained for each phenomenon,
using the senses in the phenomenon’s pruni-
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Model
Pruniverse Cog. Perc. (Uni) Perc. (Multi)

Metaphor p, P S V+T+S+P
Metonymy x, S+P S V+T+S+P
Sem. Drift x, P S S+P
Slang x, S+P S S+P
Jargon x, P S V+T+S+P
Conversion x, S S V+T+S+P
Overext. p, P P S+P

Likelihood models: xexemplar cchaining pprototype
Embeddings: VVisual TTaxonomic SSyntagmatic PParadigmatic

Table 5: Highest performing model variants

verse P . For each 〈w, c〉 ∈ P , the concept c is in-
put to a model, and p(w | c) is computed for 256
wordforms. One of these wordforms is the cor-
rect solution, and the other 255 wordforms are se-
lected randomly from the pruniverse. Models are
optimised using a negative log-likelihood objec-
tive with AdamW (Loshchilov and Hutter, 2019).
The cognitive model is trained using only the nom-
inal senses in the illustrative sets; the perceptron
and transformer have more parameters, so they are
trained using every nominal sense in each pruni-
verse. Of the nominal senses used for model train-
ing, 10% are set aside for a development set. Early
stopping is used to end training when the loss on
the development set fails to reduce for 20 consec-
utive steps. For the transformer, early stopping
was performed after 80 steps, because transform-
ers benefit from longer training.

We performed a grid search across different rep-
resentational spaces (for all models) and likeli-
hood model variants (for the cognitive model).
Training every model on every pruniverse with ev-
ery combination of embedding space is not fea-
sible. We therefore chose to train four unimodal
variants of each model (each using one embedding
space) and three multimodal variants (paradig-
matic + syntagmatic; paradigmatic + syntagmatic
+ visual; paradigmatic + syntagmatic + visual
+ taxonomic). These multimodal combinations
were chosen as they led to the best performance
in preliminary experimentation. For the cogni-
tive model, we trained variants with each of the
three likelihood models. The transformer was very
computationally expensive to train, so we only
trained it on a single embedding space combina-
tion (paradigmatic + syntagmatic + visual), as we
found that it performed the best with this combina-
tion in preliminary study. For each pruniverse, we
therefore trained 21 cognitive models, 7 percep-

Model b γ n h x a d

Cog. 128 1×10−2

Perc. 32 1×10−4 2 10 0.1
Trans. 64 5×10−6 2 256 0.1 4 128

Table 6: Base model hyperparameters

trons, and 1 transformer, for a total of 203 models
when all pruniverses are considered. The highest
performing variant of each model for each pruni-
verse was chosen based on loss on a development
set; the variant that was chosen is in Table 5.

Models have several additional hyperparame-
ters. These are listed below:

• The batch size, b.

• The learning rate, γ.

• The number of layers in the perceptron and
transformer models, n.

• The size of the hidden state in each feed-
forward layer in the perceptron and trans-
former models, h.

• The dropout (Srivastava et al., 2014) for the
perceptron and transformer models, x.

• The number of attention heads in the trans-
former model, a.

• The dimensionality of the encoder in the
transformer model, d.

Performing a parameter search over all of these pa-
rameters for all 203 model variants was too com-
putationally expensive, so we treated these hyper-
parameters as fixed. The fixed hyperparameters
are shown in Table 6. These were chosen based on
results in preliminary experimentation.

E Result Processing Details

When extracting the top predictions from models
(w∗), wordforms are excluded that are not in the
vocabulary of the Word2Vec space used to calcu-
late similarity. This is necessary as otherwise it
would not be possible to compute the similarity
between the model’s top prediction w∗ and the cor-
rect word w.

When calculating the rank r〈w,c〉 that a model
assigns to the correct word w for concept c, syn-
onyms which also have a sense for c in Word-
Net are excluded. This is to avoid penalising a
model which produces an alternative correct solu-
tion. When extracting rank predictions from mod-
els, we additionally need to account for the possi-
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Pruniverse |W|

Metaphor 59,634
Metonymy 59,674
Semantic Drift 59,721
Slang 59,796
Jargon 59,796
Conversion 59,694
Overextension 600

Table 7: Pruniverse vocabulary sizes

bility that a model assigns the same probability to
multiple wordforms. In these instances, we assign
each wordform in the tied group the lowest rank
in the ordered ranking. Thus, if a model predicts
two wordforms with equal probability as its top
prediction, both of these wordforms is assigned
rank 2. This ranking scheme is sometimes known
as “1334 ranking”.

The size of the vocabulary which models need
to choose outputs from is shown in Table 7. A
breakdown of the results of both baselines is
shown in Table 8.

F Example Selection

Here we comment on how examples were selected
for Table 3. Examples 2 and 5 were chosen be-
cause they attained a high similarity score but low
reciprocal rank. Example 7 was chosen because it
had a high reciprocal rank but low similarity score.
Examples 3 and 6 were chosen to illustrate com-
mon mistake patterns. Finally, examples 1 and 4
were chosen to represent “average” cases, namely
those between between the 25th and 50th percentile
in terms of rank prediction.

G Prototypicality Data

We manually aligned Uyeda and Mandler’s (1980)
prototypicality norms with WordNet. More specif-
ically, every category name was aligned with
the closest wordform in the models’ vocabularies

Pruniverse MRR Cosine
Rand. Freq. Rand. Freq.

Metaphor .000 .001 .078 .066
Metonymy .000 .001 .077 .072
Sem. Drift .000 .001 .071 .061
Jargon .000 .001 .085 .064
Slang .000 .006 .068 .079
Conversion .000 .004 .080 .090
Overext. .011 .005 .149 .074

Table 8: Breakdown of baseline results

Category WordNet Term

kind of cloth cloth
kind of money money
member of the clergy cleric
type of human dwelling dwelling
type of reading material reading material
weather phenomenon weather condition

Table 9: Prototypicality norms alignment

(e.g. tree), and each member of these categories
was aligned with the closest concept in Word-
Net. Some of the categories in the prototypicality
data of Uyeda and Mandler (1980) are based on a
multi-word phrases that do not appear in the Word-
Net vocabulary, such as “member of the clergy”.
To handle these cases, we selected the word in
the WordNet vocabulary that is closest in mean-
ing. The categories that are affected are shown in
Table 9. In eight of the 28 categories in Uyeda
and Mandler’s data we found no reasonable corre-
sponding word in the vocabulary of models, so we
excluded these from the data. The 20 included cat-
egories are article of clothing, article of furniture,
bird, cleric, cloth, color, country, dwelling, fruit,
metal, money, musical instrument, reading mate-
rial, sport, toy, tree, vegetable, vehicle, weapon,
and weather condition.
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