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New compounds enable the expression of emerging concepts and ideas, making them

highly prevalent in the lexicons of many languages around the world. In this thesis,

I present a large-scale, computational analysis of compound expressions that builds on

insights from computational cognitive science. The analysis investigates two issues that

remain underexplored in the extensive literature on compounds. First, it is unclear how

compound labels compete with reuse items, which are labels for emerging concepts that

correspond to existing words instead of new combinations. Second, non-literal compound

labels are relatively common, but there are few accounts regarding their creation.

This thesis consists of three studies. In the first study, I propose that compounds

and reuse items reflect opposing pressures for informativeness and ease of use, and ex-

pressions for emerging concepts are jointly shaped by these pressures to support efficient

communication. I formulate this proposal in computational terms, and I use it to analyze

compounds and reuse items that emerged in English, French, and Finnish during the last

century. I show that these attested labels of emerging concepts are more efficient than

hypothetical labels, but literal labels are better explained by the present account than

non-literal labels. In the second study, I extend the previous study by examining prefer-

ences for lexicalization strategies. I show that communicative need predicts a preference
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for using new compounds over reusing existing words, which is consistent with a drive

for ease of use in communication. In the third study, I propose that considering analogy

in addition to composition provides a better account of non-literal compound labels. I

formulate a computational model that integrates these cognitive processes to predict the

compound label of a given concept, and I show that the model more accurately recon-

structs both literal and non-literal compound labels that are attested in English, Chinese,

and German than simpler baseline models.

Taken together, my work establishes a new connection between compound expressions

and computational analyses of language in cognitive science. The approaches developed

in this thesis provide a foundation for future computational analyses of compound ex-

pressions and other aspects of lexical evolution.
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Chapter 1

Introduction

1.1 Context of the study

Compounds are generally known as words that are combinations of two or more existing

words (Jespersen, 1942, p. 134). This type of linguistic expression is highly common

in our day-to-day experiences. For instance, a person who is glancing at the current

headlines would likely come across trade war or election debate. Important aspects of

life in the recent pandemic are also captured through compounds, such as lockdown and

essential worker. More generally, compounds constitute a core part of human language.

In an analysis of English words that emerged during the last century, it was shown

that 30-40% of the recorded new words are compounds (Algeo & Algeo, 1991, p. 14).

The process of creating compounds, also known as compounding, is productive in many

languages around the world (Bauer, 2011; Schlücker, 2019), including pidgins (Plag,

2006) and constructed languages (e.g., Toki Pona; Lang, 2014).

One of the key motivations for the prevalence of compounding is that it enables the

lexicon to express emerging concepts and ideas. If relatively new entities are seen as

extensions of existing categories, compounding provides a simple solution for creating

labels that reflect the original categories: for instance, cars that are primarily powered

1



Chapter 1. Introduction 2

by an electric motor can be simply expressed as electric car. If the new concept needs

to be expressed in a non-literal way, compounding also provides a solution for creating

distinct, non-literal expressions, as in blue-collar and white-collar. However, although

compounding offers a large number of possible labels, the lexicon is a finite inventory

that assigns one or few specific labels to each emerging concept. This implies that over

time, very specific combinations of existing words are selected as conventional labels,

despite the existence of many alternative ways to create compounds as well as non-

compound labels, such as individual existing words (e.g., mouse as a pointing device) or

derived words (e.g., reactor as a noun version of react).

In cognitive science, it has often been argued that language is shaped by pressures from

communication and learning (e.g., Bates & MacWhinney, 1989; Christiansen & Chater,

2008; Gibson et al., 2019; K. Smith, 2022). Recently, a large body of work has formu-

lated and tested this hypothesis in computational terms, showing that these pressures

may explain various aspects of syntax and the lexicon, including word and morpheme

order (Hahn, Degen, & Futrell, 2021), word length (Piantadosi, Tily, & Gibson, 2011),

semantic categories (Regier, Kemp, & Kay, 2015), and word meaning extension (Ramiro,

Srinivasan, Malt, & Xu, 2018). In this thesis, I build on these computational studies

together with their underlying theoretical perspective to examine why the lexicon uses

certain attested compounds as the conventional labels of historically emerging concepts

as opposed to other possible expressions.

1.2 Motivation for the study

While much of the extensive literature on compounds has focused on the processing and

representation of compounds by humans or machines (e.g., Lieber & Štekauer, 2011b;

Nakov, 2013), the creation of compounds and the concepts that they express have pri-

marily been examined in linguistic analyses of attested compounds. The most common
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approach so far is to propose constraints on the intended relation between compound

constituents, which limit how words can be combined to express a concept (e.g., Levi,

1978; Jackendoff, 2010; Lieber, 2016; Levin, Glass, & Jurafsky, 2019). For example,

Levin et al. (2019) propose that the intended relations in compound names for artifacts

tend to highlight events of their creation or use; this predicts that speakers would prefer

the term chocolate cake to the alternate term dark cake as the label for the category

of cakes that are made of chocolate. At a theoretical level, the existence of constraints

has been associated with a pressure for informative communication, since constraints on

how constituents may relate to each other help listeners to narrow down the potential

ambiguity of new compounds (Downing, 1977; Levi, 1978).

However, these traditional accounts have focused on compound labels with a con-

stituent that identifies the intended concept in a literal way (e.g., chocolate cake is a type

of cake), and there are few accounts on the creation of non-literal compound labels (e.g.,

seahorse, white-collar). Despite the fact that their intended concepts are not explicitly

identified by one of the constituents, non-literal compound labels often appear to be

semantically motivated (Bauer, 2010; Benczes, 2015). For instance, the constituents of

seahorse reflect the organism’s shape and habitat, even though they do not explicitly

indicate that the compound refers to a type of fish. On the other hand, a separate line of

work suggests that non-literal compound labels created via analogy are constrained by

their analogues (e.g., Klégr & Čermák, 2010; Mattiello & Dressler, 2018). Because they

have only examined compounds with clear analogues, it is unclear the extent to which

analogy-based accounts apply to non-literal compound labels in general.

In addition, there is no comprehensive account that applies to both compounding

and word reuse, a common strategy for lexicalizing concepts that involves the recycling

of existing words (Ramiro et al., 2018). Traditional accounts of compounding treat it

in isolation from other strategies for expressing emerging concepts, as evident by their

reliance on the relations between compound constituents. Nonetheless, there exist two
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kinds of concept-based approaches that jointly consider multiple lexicalization strategies.

The first approach analyzes concepts as sequences of semantic categories and considers

how the categories may be expressed by words or morphemes (e.g., Štekauer, 2005; An-

toniová, 2020); this has been applied to compounding and word class conversion (e.g.,

walk as a noun) but not to more general types of reuse (e.g., antenna as a transducer).

The second approach examines the semantic associations that underlie how an individual

concept is lexicalized across languages (e.g., Blank, 2003; Norcliffe & Majid, 2024), but

so far this approach has only been applied to specific concepts or semantic domains.

1.3 Main contributions

This thesis presents a large-scale, computational analysis of compound expressions from

the perspective that language is shaped by pressures from communication and learning.

In cognitive science, previous work has explained various aspects of lexical items by

using information-theoretic approaches (e.g., Mollica et al., 2021; Hahn, Mathew, &

Degen, 2022) and computational modelling (e.g., Arndt-Lappe, 2011; Ramiro et al.,

2018). However, these existing computational approaches have not been able to explain

why the lexicon uses specific combinations of morphemes to label certain lexicalized

concepts as opposed to other expressions. My work establishes a new connection between

compound expressions and computational analyses of language in cognitive science by

demonstrating how existing information-theoretic and modelling-based approaches can

be extended to account for attested compound expressions in the lexicon.

From a theoretical point of view, my work offers an investigation of two issues that

remain underexplored in the extensive literature on compounds. First, it is unclear how

compound labels compete with the products of word reuse, which is one of the most com-

mon strategies for expressing emerging concepts besides compounding (Algeo & Algeo,

1991; Ramiro et al., 2018). Second, there are few accounts on the creation of non-literal
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compound labels, even though the creation of this type of compound is productive in

many languages around the world (Scalise, Fábregas, & Forza, 2009; Bauer, 2010). I

show that the competition among compound labels and reuse items can be in part ex-

plained by a drive for efficient communication, and that non-literal compound labels can

be predicted by modelling the cognitive processes involved in compound interpretation.

1.4 Thesis structure

This thesis is structured as follows. In Chapter 2, I first briefly discuss the definition of

compounds and provide a comprehensive outline on existing accounts of compounding,

which have primarily been based on linguistic analyses. The rest of this chapter reviews

the computational approaches that I build on in the later chapters.

Chapter 3 presents a unified account of compounding and word reuse by building

on the idea that language is shaped to support efficient communication. I propose that

compounds and reuse items reflect opposing pressures for informativeness and ease of

use, respectively, such that attested expressions achieve an efficient tradeoff between the

two pressures. I formulate the proposal in computational terms, and I use it to analyze

reuse items and compounds that emerged in English, French, and Finnish during the last

century. I show that attested labels are more efficient than hypothetical labels, which

suggests that these expressions are shaped by pressures from communication. Nonethe-

less, while this account applies to both literal and non-literal compound labels, literal

compound labels tend to be more efficient than non-literal labels on average.

Chapter 4 further considers the competition among compounds and reuse items. Al-

though the previous chapter suggests this competition can be explained by an efficient

tradeoff between opposing communicative pressures, it remains unclear when a lexical-

ization strategy might be preferred over another. I hypothesize that communicative and

cognitive economy might predict the choice between word reuse and compounding for
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expressing an emerging concept. I test this hypothesis by developing a computational

analysis of English word meanings that emerged over the last century, and I find that

strategy choice may be explained partly by a pressure for least effort.

Chapter 5 returns to the creation of non-literal compound labels and proposes that

considering analogy in addition to composition provides a better account of these labels. I

formulate a computational model that integrates these cognitive processes of compound

interpretation to predict the compound label of a given concept, and I show that the

model more accurately reconstructs both literal and non-literal compound labels that

are attested in English, Chinese, and German than simpler baseline models.

Finally, Chapter 6 summarizes the findings of the present thesis and how they con-

tribute to research on compounding. I also discuss how the approaches developed in this

thesis may be extended to future computational analyses of compound expressions and

other aspects of lexical evolution.



Chapter 2

Background

2.1 Defining compounds

There is an extensive literature on compounds spanning theoretical, psychological, and

computational research, but to consider its insights and limitations, we must first make

sure we are covering the same linguistic construction. In fact, a well established view

is that creating a standard, universally accepted definition of compounds remains an

open question. For example, after reviewing the literature on compounds in different

languages, Lieber and Štekauer (2011a) conclude that “there are (almost) no reliable

criteria for distinguishing compounds from phrases or from other sorts of derived words”.

Similarly, in their discussion of compounds and multiword expressions (MWEs) in Eu-

ropean languages, Finkbeiner and Schlücker (2019) suggest that “a cross-linguistically

valid definition of compounds and the demarcation from MWEs may be impossible”.

Bauer (2017) points out that despite the superficial simplicity of compounding as a word

formation process, the literature offers “no overall agreement on such basic issues as the

definition of a compound”.

Although there is no standard definition of compounds, it is still possible to outline the

typical conditions invoked in existing definitions. Besides the most basic criterion that

7
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a compound consists of two constituent words, conditions in compound definitions may

be categorized as phonological, morphological, and syntactic (Lieber & Štekauer, 2011a;

Finkbeiner & Schlücker, 2019). First, the most typical phonological condition is that

stress is placed in a distinctive position. English compounds are usually left-stressed; for

example, the compound gréen card, which refers to a permit, has a different stress pattern

from the phrase green cárd, which refers to a card that is green (Finkbeiner & Schlücker,

2019). Second, morphological inflection is carried by a single constituent. English noun

compounds are pluralized by modifying the second constituent; for example, the plural

form of fire truck modifies truck instead of fire. Last, the constituents are syntactically

inseparable, which means that neither constituent is allowed to interact with other words

in a sentence independently of the compound. With respect to the compound blackbird,

one cannot modify individual constituents as in this is a very blackbird or this is a black

ugly bird (Lieber & Štekauer, 2011a).

These typical conditions are generally applicable to English and other Germanic lan-

guages (Schlücker, 2019; Booij, 2019), but they often fail to include word combinations

that are traditionally seen as compounds in other languages (see Appendix, Section A.1

for examples). There are two opposing approaches to resolving the lack of a standard

set of conditions that consistently apply across languages. The first approach is to define

compounds on “a language-specific basis, since languages vary with respect to the realiza-

tion of their morphological features and the use of morphologically-proper units” (Ralli,

2013). Under this approach, the set of compounds across languages is the union of forms

that are seen as compounds in specific languages (e.g., including all forms in Appendix,

Section A.1). The opposite approach is to create a single crosslinguistic definition by

using “shared-core” conditions; the point is to “single out the great majority of construc-

tions that have been called ‘compound’ ” (Haspelmath, 2025). Here, only a subset of the

union of all language-specific compounds are seen as crosslinguistic compounds, but all

forms in the subset satisfy the same core conditions (e.g., syntactic inseparability).



Chapter 2. Background 9

In this thesis, I define compounds by formulating a version of the language-specific

approach. Specifically, a compound in a certain language is a combination of two exist-

ing open-class words, which satisfies additional language-specific conditions. Since it is

relatively inclusive, this definition allows us to build on most existing accounts of com-

pounds. The details on language-specific conditions will be specified in later chapters

and the appendix, depending on the languages involved in data analysis.

2.2 Linguistic analyses of compounds

In this section, I review existing accounts of compounding which have primarily taken

the form of linguistic analyses of attested compounds. Before the review, Section 2.2.1

discusses basic terms recurrent in existing studies of compounds which will also be refer-

enced in the later chapters. By dividing these accounts based on their main approaches,

the rest of the chapter reviews traditional accounts in Section 2.2.2, concept-based ac-

counts in Section 2.2.3, and analogy-based accounts in Section 2.2.4. The discussion

focuses on their limitations with respect to the creation of non-literal compound labels

and the competition among compounds and reuse items.

2.2.1 Basic terminology

2.2.1.1 Endocentric and exocentric compounds

The distinction between endocentric and exocentric compounds is recurrent in existing

accounts of compounding (e.g., Marchand, 1969; Bauer, 2017). Based on the classic

definition by Bloomfield (1933), a compound is endocentric if it is a hyponym of one of

its constituents, and otherwise it is exocentric. For example, cellphone is endocentric

because it belongs to the category of phones, and electric car is endocentric because

it belongs to the category of cars. On the other hand, blue-collar and white-collar are

exocentric since they denote membership in certain occupations and neither constituent
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is a hypernym; seahorse is also exocentric for similar reasons.

The meaning of exocentric compounds can be derived from figurative (or non-literal)

interpretations of compound constituents, which may be achieved through at least two

strategies (Bauer, 2010, 2017; Benczes, 2015; Jackendoff, 2016). In the first strategy,

the meaning is derived by interpreting one of the constituents in a non-literal way and

modifying it with the other constituent. For example, the term phone neck refers to

“pain in the neck caused by using the phone” (Bauer, 2010, p. 174), in which neck is

metonymically interpreted as neck pain and modified by phone to specify the cause of

pain. In the second strategy, the meaning is derived by interpreting the compound in

a literal way and extending its literal interpretation. For example, the term birdbrain

refers to “person whose brain is similar to that of a bird” (Jackendoff, 2016, p. 35), in

which the literal brain of a bird is extended to denote a person with a similar brain.

In the following, I will equate endocentric compounds with literal compound labels

and equate exocentric compounds with non-literal compound labels. This is because en-

docentric compounds contain a hypernym that identifies the intended concept in a literal

way (e.g., a cellphone is a phone), whereas exocentric compounds must involve some form

of non-literal interpretation.1 As we will see, most existing accounts of compounding have

focused on endocentric compounds, and there are few accounts on creating exocentric

compounds to label concepts and ideas.

2.2.1.2 Head constituents

Intuitively, the head of a compound is the constituent that is considered more important

than the other constituent, and there are different ways to determine the head (e.g.,

Zwicky, 1985; Scalise & Fábregas, 2010). In his discussion of compound heads, Bauer

(2017) notes that there are two types of head that are common in the literature. The

1Endocentric compounds may also involve figurative interpretations (e.g., ghost town), but here “non-
literal compounds” is exclusively used as an informal label for exocentric compounds.
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Structure Compound Language Gloss Translation
[A + A]N dà-xiǎo Chinese big-small size
[V + V]N bagnasciuga Italian soak-dry shoreline

subibaja Spanish climb-descend see-saw
yapboz Turkish construct-destroy jigsaw puzzle
cái-feng Chinese cut-sew tailor

[A + V]N guǎng-gào Chinese wide-announce advertisement

Table 2.1: Exocentric compounds that do not have a grammatical head, adapted from Scalise
et al. (2009, p. 54).

first type is known as semantic head, which is a constituent that is a hypernym of the

compound. The second type is known as grammatical head, which is a constituent that

shares its word class with the compound. The grammatical head is almost always the

same as the semantic head but the reverse is not true (Scalise & Fábregas, 2010). For

example, cake in chocolate cake is both the semantic head and the grammatical head,

whereas horse in seahorse is the grammatical head but not the semantic head.

It is straightforward to determine the head for endocentric compounds, since every

endocentric compound contains a semantic head by definition, but it is often difficult to

determine the head of an exocentric compound. While the notion of semantic heads is not

directly applicable because exocentric compounds are not hyponyms of their constituents,

the notion of grammatical heads only applies to a strict subset of exocentric compounds.

It is common to find compounds with no semantic head or grammatical head: Scalise

et al. (2009) finds that noun compounds that are combinations of A + A, V + V, or A

+ V are common in several languages that are not Germanic; some examples of these

compounds are shown in Table 2.1. These compounds are often seen as headless, which

means that no constituent can be regarded as more important than the others.

To discuss the literature on compounding in the current chapter, I will follow the

typical notion of heads (Bloomfield, 1933; Bauer, 2017). I will also follow standard

terminology and refer to the non-head constituent as the modifier. In Appendix, Section

A.2, I develop an extended notion of semantic heads for exocentric compounds, and in

later chapters, I will refer to the constituents of exocentric compounds that correspond
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to this extended notion as non-literal heads (e.g., neck in phone neck).

2.2.2 Traditional accounts

Although existing accounts of compounding treat both the syntactic and the semantic

aspects of compounds (e.g., see Štekauer & Lieber, 2005), I focus on the semantic as-

pects as the rest of the thesis examines the role of compounds in expressing concepts.

Traditional semantic analyses of compounds aim to describe constraints on the intended

head-modifier relations in attested compounds (e.g., Levi, 1978; Jackendoff, 2010). Fol-

lowing ten Hacken (2016), I classify these analyses into two main approaches, which

consist of the relation-based approach and the constituent-based approach.

The relation-based approach aims to describe the relations that are typically encoded

in attested compounds and distinguish them from atypical relations (e.g., Levi, 1978;

Warren, 1978; Jackendoff, 2010; Schlücker, 2016). Levi (1978) provides a classic account

of English endocentric compounds that is representative of this approach. Perhaps the

most well-known aspect of her account applies to noun-noun and adjective-noun combi-

nations, for which she argues that head-modifier relations typically belong to one of nine

meta-relations known as Recoverably Deletable Predicates (RDPs); Table 2.2 shows the

proposed RDPs along with examples. Her account further predicts that non-RDP rela-

tions are explicitly encoded in the compound. For example, the concept of “fish-eating

dinosaurs” should not be expressed by fish dinosaur because the intended relation be-

tween the constituents is not an RDP. In more recent work, Jackendoff (2010) integrates

the general idea of RDPs into a generative account of head-modifier relations. This ac-

count is able to produce fine-grained relations by composing information encoded in the

constituents with basic functions (or predicates). Crucially, the list of basic functions is

finite and it serves to constrain the space of possible head-modifier relations.

The constituent-based approach aims to derive constraints on head-modifier relations

from the meanings of compound constituents (e.g., Allen, 1978; Lieber, 2016; Levin et
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RDP label Alternative label(s) Example
CAUSE causative tear gas
HAVE possessive, dative gunboat
MAKE productive, constitutive, compositional snowball
USE instrumental steam iron
BE essive, appositional soldier ant
IN locative (spatial or temporal) field mouse
FOR purposive, benefactive arms budget
FROM source, ablative solar energy
ABOUT topic tax law

Table 2.2: RDPs and examples of noun compounds, adapted from Levi (1978, p.76-77).

al., 2019). This approach underlies most syntactic and semantic analyses of synthetic

compounds, which have a constituent that is derived from a verb (Bauer, 2017, p. 79). It

has been shown that the head-modifier relations encoded in these compounds are often

constrained by the verb base (e.g., Lieber, 1983; Spencer, 1991; Bauer, 2017) as well as

interactions between the semantic features of other elements in the compound (Lieber,

2016). For instance, while taxi is the direct object of drive in taxi driver, city is the

subject of employ in city employee since the referent of -ee is non-volitional and serves

as the object of the verb. This approach has also been applied to compounds beyond

cases that involve a verb base. By using a large-scale analysis of attested compounds in

English, Levin et al. (2019) show that noun compounds denoting artifacts tend to invoke

head-modifier relations that highlight the events of their creation or use, whereas noun

compounds denoting natural kinds tend to invoke relations that highlight their essence

(e.g., perceptual properties).2 For instance, this predicts that because the head of coconut

cake is an artifact, the compound is more suitable for expressing cakes made of coconuts

as opposed to cakes that superficially look like coconuts.

Because the proposed constraints place limits on the mappings between compound

forms and compound meanings, these accounts are relevant to explaining why the lexi-

con expresses emerging concepts with specific attested compounds as opposed to other

2Similar observations on compound labels for artifacts and natural kinds have also been made in
earlier studies (Downing, 1977; Wisniewski & Love, 1998).
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possible combinations. However, a major limitation is that these accounts typically fo-

cus on endocentric compounds and treat exocentric compounds as exceptions (e.g., Levi,

1978; Allen, 1978). In particular, the proposed constraints on head-modifier relations

are based on literal interpretations of compound constituents, and it is unclear if they

are applicable to exocentric compounds in which the constituents are related to the in-

tended meaning in a non-literal way (see Section 2.1.1.1). Moreover, because they focus

on head-modifier relations in compounds, these accounts cannot explain why the lexicon

expresses a concept via an attested compound as opposed to other types of expressions

(e.g., derived words or reuse items).

2.2.3 Concept-based accounts

An alternative approach to compounding examines the patterns among how speakers

or languages find a form to express a particular concept. Unlike traditional accounts

of compounding, most concept-based accounts examine how concepts are expressed by

compounds alongside other types of expressions. These accounts may be generally cate-

gorized into one of two approaches, which consist of the model-based approach and the

typological approach.

The model-based approach is grounded in a theoretical model of word formation that

assigns word forms to target concepts (Štekauer, 2005, 2016). The model involves two

sets of processes; one set decomposes the concept into a sequence of semantic categories,

and the other set assigns forms to these categories (see Table 2.3 for examples). One ma-

jor aspect of this approach is the existence of constraints on the category sequence, which

limits how concepts can be mapped to word forms. Antoniová (2020) provides the most

comprehensive study of these constraints in the context of compounding, showing that

only 87 out of 2, 704 possible sequences are attested in English noun-noun compounds.

Nonetheless, because Štekauer (2016) treats exocentric compounds as the output of in-

dividual semantic categories, it is unclear how the constraints on category sequences can
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Compound Sequence of categories Sequence of morphemes
workplace (Agent) - Action - Location 0 - work - place
dragnet (Agent) - Action - Object 0 - drag - net
weekend Temporal - (State) - Temporal week - 0 - end
wedding party Process - (State) - Process wedding - 0 - party

Table 2.3: Examples of noun compounds decomposed into semantic categories, adapted from
Antoniová (2020, p. 329). In the second column, each item corresponds to a semantic category,
and each category maps to a morpheme in the third column (0 indicates the empty string).

explain the internal structure of attested exocentric compounds. Another aspect of the

model-based approach is that it applies to other forms of word formation, since a cate-

gory may be mapped to morphemes or the empty string in addition to words. However,

it has only been applied to account for conversion (e.g., walk as a noun) but not to other

types of reuse items (e.g., mouse as a pointing device).

The second concept-based approach falls within the literature on lexical typology,

which aims to uncover and explain frequent patterns through which concepts are lexi-

calized across languages (Talmy, 1985; Blank, 2003). Typological accounts that consider

both compound forms and their meanings have primarily focused on the semantic asso-

ciations between the compound and its constituents (e.g., Tagliavini, 1949; Koch, 2008;

Urban, 2012; Tjuka & List, 2024). For example, Blank (2003) discusses expressions

for “pupil” from more than 100 languages and the associations that they encode (e.g.,

“ball” and “pupil”). He argues that certain associations are much more frequent than

others because speakers consider them to be cognitively salient. Similarly, Norcliffe and

Majid (2024) examine complex perception verbs, such as the Kaluli term mun dabuma

(lit. odour-hear) for smell, from a balanced sample of 100 languages. The authors find

that certain concepts (e.g., “hear” and “smell”) are more frequently associated by the con-

stituents of these verbs than others. Since they consider multiple lexicalization strategies

jointly, these accounts may be relevant to explaining the competition among compounds

and other types of expressions. However, the scope of these typological studies is typically

limited to particular concepts or semantic domains.
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Compound Literal translation Meaning
scharrel-kip scratch-chicken ‘free range chicken’
scharrel-vlees scratch-meat ‘free range meat’
scharrel-ei scratch-egg ‘free range egg’
scharrel-melk scratch-milk ‘free range milk’

Table 2.4: Subfamily of Dutch compounds with an ecological meaning, adapted from Booij
(2010).

2.2.4 Analogy-based accounts

In linguistics, the cognitive process of analogy has long been invoked to account for

morphologically complex forms and their meanings (de Saussure, 1916; Bauer, 2001;

Arndt-Lappe, 2015). Although it has been peripheral in traditional accounts of com-

pounding, analogy is being emphasized in a growing number of studies on the creation

and interpretation of compounds (e.g., Ryder, 1994; Booij, 2010; Mattiello & Dressler,

2018, 2022).

Following Mattiello and Dressler (2018), an analogical compound is a new compound

that 1) shares a constituent with one or more existing compounds such that the shared

constituent is in the same position across these compounds and 2) places a new word in

the non-shared position. This notion encompasses the products of two processes that are

often differentiated in the literature. The first process is known as local analogy, through

which a new compound is created by modifying a single existing word: for instance,

software was created by using hardware as a model and modifying the first constituent.3

The second process forms a new compound by modifying a productive pattern formed

by multiple compounds: for instance, Dutch compounds in Table 2.4 formed the pattern

scharrel + X, which was responsible for giving rise to the new compound scharrel-wijn

(lit. scratch-wine; ‘eco-wine’) (Booij, 2010).

Similar to the traditional accounts, semantic analyses of analogical compounds have

suggested constraints on the mappings between the forms of these compounds and their

3See entry for software in the OED, where the etymology section states “soft adj. + ware n.3, in
senses 1a and 2 [the computing sense] after hardware n.” (Oxford University Press, 2025).
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intended concepts. First, the shared constituent among compounds from the same pro-

ductive pattern tends to develop a bound meaning that shifts away from its original

meaning, and the bound meaning is inherited by analogical compounds based on the

pattern (Klégr & Čermák, 2010; Booij, 2010; Booij & Hüning, 2014). For instance, the

pattern formed by blue-collar and white-collar gave rise to the new term green-collar.4

Here, the pattern X + collar developed the meaning of signifying membership in some

profession, which is distinctive from its original neck-related meanings. Moreover, the

semantic relation between the constituents of an analogical compound tends to resemble

the relations that exist in its analogues (Mattiello & Dressler, 2018). In the example

involving X + collar, the first constituent is always related to the second by providing

a salient indicator of the intended profession (e.g., office workers used to be associated

with wearing white-collar shirts).

As shown by these examples of analogical compounds, analogy-based accounts of

compounding are able to explain the creation of certain exocentric compounds. However,

a major limitation with these accounts is that they have only examined compounds with

clear analogues (i.e., productive patterns or single-word models), and it is unclear if the

analogy-based constraints may apply to a wider range of attested compounds. Another

limitation is that compounding can create combinations that share no constituent with

any existing compound and thus do not involve analogy, whereas traditional accounts

may generalize to these cases if they are endocentric.

2.3 Computational analyses of lexical items

In this section, I review existing computational analyses of lexical items in cognitive

science, focusing on the approaches that I build on in the later chapters. Section 2.3.1

reviews a body of computational work suggesting that the lexicon is shaped to support

4This term signifies membership in the green industry.
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efficient communication. Section 2.3.2 reviews studies that use computational modelling

to understand the mechanisms that may underlie the emergence of new word meanings

or new word forms.

2.3.1 Efficiency-based accounts

Recently, a growing line of work examines linguistic structures in information-theoretic

terms and suggests that these structures are shaped to support efficient communica-

tion (e.g., Regier et al., 2015; Kemp, Xu, & Regier, 2018; Gibson et al., 2019; Futrell &

Hahn, 2022). Efficiency-based accounts have been shown to explain various aspects of

language, but here I review existing accounts that focus on the lexicon or morphology.

These accounts may be further classified depending on if they explain the structure of

word meanings or the structure of word forms.

2.3.1.1 Structure of word meanings

One class of efficiency-based accounts examines how semantic categories carve up a se-

mantic space (e.g., colour) and aims to explain why languages have the semantic cate-

gories they do (e.g., Regier et al., 2015; Kemp et al., 2018). The core proposal is that an

attested category system should be informative by supporting accurate transfer of infor-

mation from speakers to listeners and simultaneously simple to minimize the amount of

cognitive resources used for representing it. While an informative system requires a large

amount of resources to specify intended messages in full detail, a simple system leaves

many aspects of the messages underspecified. Therefore, informativeness and simplicity

must trade off against each other, and it is argued that attested systems are shaped by

the need for efficient communication if they achieve near-optimal tradeoffs.

Although ideas related to informativeness and (cognitive) simplicity have also been

discussed in earlier work (e.g., Rosch, 1978), efficiency-based accounts of semantic cat-

egories formulate both notions in information-theoretic terms. In the classic formula-
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tion (Kemp & Regier, 2012; Regier et al., 2015), information loss (or inverse of infor-

mativeness) is measured by the surprisal of an intended message and how often it is

expressed, and simplicity is defined as the size of the description for a system given some

description language (e.g., a set of rules). This formulation defines a two-dimensional

space of possible category systems in which attested systems can be compared against

both baseline and theoretically optimal systems. One of the main advantages of this

approach is that it is highly general, and it has been applied to explain attested cat-

egory systems in various semantic domains, including kinship (Kemp & Regier, 2012),

colour (Regier et al., 2015), containers (Y. Xu, Regier, & Malt, 2016), seasons (Kemp,

Gaby, & Regier, 2019), and numerals (Y. Xu, Liu, & Regier, 2020).

Zaslavsky, Kemp, Regier, and Tishby (2018) propose an alternative formulation of

informativeness and simplicity which is grounded in the information bottleneck (IB) prin-

ciple (Tishby, Pereira, & Bialek, 2000). Relative to the classic formulation, the IB formu-

lation is more closely aligned with Shannon’s original communication model (Shannon,

1948) and requires explicit models of the speaker’s strategy for encoding messages and

the listener’s strategy for decoding utterances. The other major point of divergence is

that under the IB formulation, the measure of complexity (or inverse of simplicity) is

always the mutual information between messages and utterances. For the semantic do-

main of colour, Zaslavsky et al. (2018) show that optimal systems generated by the IB

formulation are more similar to attested systems than optimal systems generated by the

classic formulation. Subsequent work has applied the IB formulation to account for the

meanings of other elements of the lexicon, including grammatical markers (Mollica et al.,

2021) and spatial demonstratives (Chen, Futrell, & Mahowald, 2023).

From a methodological point of view, this body of work demonstrates how the effi-

ciency of word meanings may be rigorously formulated by using ideas from information

theory and computationally evaluated on large-scale, crosslinguistic datasets. However,

since their primary goal is to examine attested systems of semantic categories, these
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accounts have generally treated category labels as abstract symbols and defined commu-

nicative efficiency in isolation from the structure of word forms. The account by Mollica

et al. (2021) is an exception to this characterization as it connects the efficiency of word

meanings to the length of grammatical markers.

2.3.1.2 Structure of word forms

Word length is one of the most well-studied properties of word forms that have been

related to communicative efficiency. In particular, an established statistical law states

that word length and word frequency are inversely correlated, which is argued to be

the result of balancing between opposing pressures in communication (Zipf, 1949; Bentz

& Ferrer-i Cancho, 2016; Kanwal, Smith, Culbertson, & Kirby, 2017). Assuming that

longer words take more effort to produce, the speaker effort in word production is lower

on average if meanings that need to be frequently expressed are labelled by short words;

on the other hand, ambiguity is minimized if every meaning corresponds to a distinct

word, which necessitates the use of long words because there is a limited number of ways

to combine phonemes into words of a certain length. By using ideas from data compres-

sion, it can be shown that a lexicon that balances between these pressures in an optimal

way makes word length a non-increasing function of word frequency (Pimentel, Nikkari-

nen, Mahowald, Cotterell, & Blasi, 2021; Mollica et al., 2021; Ferrer-i Cancho, Bentz,

& Seguin, 2022). Nonetheless, Pimentel et al. (2021) show that the lexicons of seven

languages do not optimize word length as much as possible largely due to phonotactic

and morphological constraints on word forms.

Frequency-based studies of word length have been expanded by considering other

factors in communication. Piantadosi et al. (2011) provide an account of word length

by taking into account linguistic context, predicting that the information content of a

word in context negatively correlates with its length. Across eleven European languages,

the authors show that this correlation is overall stronger than the correlation between
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frequency and length. However, Meylan and Griffiths (2021) show that comparisons

between frequency and information content as predictors of word length are sensitive

to design choices on text preprocessing. In a separate account, Mahowald, Dautriche,

Gibson, and Piantadosi (2018) propose that to facilitate production and comprehension,

frequent words should be more phonologically probable and similar to other words. By

analyzing word forms from 96 languages, the authors find support for their proposal even

after controlling for word length.

Morpheme ordering is another aspect of word forms that has been shown to reflect

efficiency in communication. Building on earlier work in language processing, Hahn et al.

(2021) propose that the ordering of linguistic elements in a sequence reflects a tradeoff

between the pressure to minimize the memory capacity required to represent preceding

elements and the opposite pressure to minimize the surprisal of the next element, which

captures the amount of effort that listeners require to process it. The authors define both

dimensions in information-theoretic terms, so that in a two-dimensional space where the

axes correspond to memory and surprisal, the efficiency of an ordering may be deter-

mined by the area under the tradeoff curve. Hahn et al. (2022) apply this approach to

morpheme orderings in six languages with rich agglutinative morphology, finding that

attested orderings are more efficient than most possible orderings and that crucial prop-

erties of attested morpheme orderings emerge in hypothetical orderings that are created

by optimizing the memory-surprisal tradeoff.

2.3.2 Modelling-based accounts

Another general approach for analyzing lexical items focuses on the emergence of new

items and casts this linguistic process as a prediction problem. Here, I selectively review

two bodies of work that have taken this approach and used computational modelling

to understand the mechanisms that underlie the emergence of new meanings in existing

words and the emergence of new words.



Chapter 2. Background 22

2.3.2.1 Word meaning extension

One recent line of computational work examines word meaning extension, which is the

process through which existing words obtain new meanings (e.g., Y. Xu et al., 2016;

Ramiro et al., 2018; Sun, Zemel, & Xu, 2021). These studies treat each existing word

as a category of meanings, and whether a new meaning attaches to a particular word

becomes a categorization problem. Building on accounts of categorization from cognitive

psychology (e.g., Rosch, 1975; Nosofsky, 1986), this line of work treats different catego-

rization models as distinct mechanisms of extension and examines the extent to which

these mechanisms can account for attested extensions. For example, Ramiro et al. (2018)

propose a series of computational models that predict the order in which the attested

senses of a word emerged over time. These models predict that an existing word gains

new senses that are similar to a privileged existing sense, similar to all existing senses on

average, or maximally similar to any of the existing senses. By evaluating these models

on 5, 000 English words and their attested sense extensions that emerged during the past

millennium, the authors find that the last mechanism provides the best account for the

historical emergence of sense extensions.

More recent studies have combined categorization models with machine learning

methods to acquire a similarity space that may improve the accuracy of the models.

Sun et al. (2021) examine the extension of the conventional senses of a word to slang

senses. To predict attested extensions, the authors primarily apply a nearest neighbour

model and a prototype model that is based on the central tendency of a category (Reed,

1972), which are combined with neural encoders that capture the semantic similarity

between slang and conventional senses through contrastive learning (Le-Khac, Healy, &

Smeaton, 2020). Yu and Xu (2023) examine how existing words extend to new senses in

linguistic contexts. The authors explore a similar prototype model and a variant of the

generalized context model (Nosofsky, 1986), and they propose a learning algorithm that

transforms the similarity space so that it reflects the relations between new and existing
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senses in different types of extensions (e.g., metonymy and metaphor).

In sum, these studies provide a computational account of how emerging concepts are

lexicalized by reusing existing words since they suggest that attested extensions can be

predicted by categorization models from cognitive psychology. However, this line of work

has not directly addressed lexicalization strategies beyond reuse. In particular, some

studies have used this approach to examine the selectional restrictions of English verbs

and adjectives over time (Yu & Xu, 2021; Grewal & Xu, 2021; Yu & Xu, 2025), which

are arguably relevant to an account of V + N combinations (e.g., pickpocket) and A + N

combinations (e.g., solar energy). However, the same approach has not been applied to

an analysis of attested combinations in the English lexicon.

2.3.2.2 Word formation

In theoretical accounts of morphology, the role of analogy in creating new word forms

has been subject to extensive debate (Bauer, 2001; Arndt-Lappe, 2015). In particular,

proponents of rule-based accounts have argued that the general notion of analogy is

too permissive in generating new forms to distinguish attested forms from unattested

forms.5 One of the responses to this argument was to formulate analogy-based accounts

in computational terms. Given some linguistic element as input (e.g., a root), analogy-

based accounts that are computational treat the emergence of specific modifications to

the input (e.g., structural change in past tense formation) as a classification problem.

To quantitatively compare against rule-based predictions, these accounts make use of

computational models that predict specific modifications (or classes) to an input based

on its similarity with comparable items in the lexicon.

There are three models that have been widely applied in analogy-based studies of

morphology. The first model is Skousen’s analogical model of language (Skousen, 1989;

5Bauer (2001, p.76) states that the principle underlying the general notion of analogy is that “any
new form can be created as long as there is a suitable pattern for it to be formed on.”
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Daelemans, Gillis, & Durieux, 2013). This model uses an algorithm to select a set of

exemplars based on the features of the input, such that the selected exemplars are similar

to the input and have frequent combinations of features; moreover, selected exemplars

similar to each other also tend to have the same class. To make predictions, the model

selects the most frequent class or a random sample based on class frequencies in the

set. Next, the second model is the Tilburg memory based learner (Daelemans, Zavrel,

van der Sloot, & van den Bosch, 2004). The core of this model is a standard k-nearest

neighbour model that is combined with algorithms for feature weighting. On the other

hand, the third model is the generalized context model (Nosofsky, 1986). Unlike the first

two models, this model assigns a score to a class by using the similarity between the

input and all exemplars associated with that class instead of more specific selections of

exemplars (e.g., the nearest neighbour).

Analogy-based accounts of morphology have applied computational models to study

inflection in a considerable number of studies, but their application to word formation

has been relatively limited (e.g., see discussion by Arndt-Lappe, 2015). With regards

to derivational morphology, these models have been used to examine nominalization

in English and Spanish (Eddington, 2006; Arndt-Lappe, 2014; Plag, Kawaletz, Arndt-

Lappe, & Lieber, 2023; Hofmann, Weissweiler, Mortensen, Schütze, & Pierrehumbert,

2025), diminutive formation in Dutch and Spanish (Daelemans, Berck, & Gillis, 1997;

Eddington, 2002), English negative prefixes (Chapman & Skousen, 2005), English com-

paratives (Elzinga, 2006), and English adjectival suffixes (Arndt-Lappe, 2023). With

regards to compounding, analogy-based models have been applied to predict the use of

linking elements in Dutch and German compounds (Krott, Baayen, & Schreuder, 2001;

Krott, Schreuder, Baayen, & Dressler, 2007) and the position of word stress in English

noun-noun compounds (Arndt-Lappe, 2011). So far, analogy-based accounts of word

formation have not applied computational models to examine the selection of the base

in derived words or the head and modifier words in compounds.
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2.4 Models of compound interpretation

Since I emphasize the role of the listener in the later chapters, in this section I review the

literature on computational models of compound interpretation. Section 2.4.1 reviews

approaches that represent the meaning of a compound via head-modifier relations similar

to those reviewed in Section 2.2.2. Section 2.4.2 reviews approaches that represent the

meaning of a compound through real-valued vectors in semantic space.

2.4.1 Predicting semantic relations

A body of computational work assumes that the meaning of a compound is represented

by the relation between its constituents and aims to predict the intended relation of

a target compound form. The relations are usually obtained from a pre-defined list

(e.g., Table 2.2), but they may also take the form of a paraphrase which explicates

the connection between the two constituents and shares the same head with the target

compound (e.g., Nakov & Hearst, 2006; Hendrickx et al., 2013). This body of work

aims to create models that correctly assigns the intended head-modifier relation to a

compound.

In natural language processing (NLP), earlier approaches for compound interpretation

have relied on classic machine learning models and features derived from dictionaries or

corpus statistics (e.g., Lauer, 1995; Kim & Baldwin, 2005; Girju, 2007; Ó Séaghdha &

Copestake, 2009; Tratz & Hovy, 2010b). For example, Kim and Baldwin (2005) propose

a nearest-neighbour model based on the taxonomic distance between a pair of heads or

a pair of modifiers in WordNet (Fellbaum, 1998). Ó Séaghdha and Copestake (2009)

adopt the distributional hypothesis and use the co-occurrence statistics of individual

constituents and word pairs as features. They present kernel-based methods that are

suitable for these features and use them to classify the target compound into one of

six relations. Tratz and Hovy (2010b) implement a maximum entropy classifier with
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a very large number of binary features derived from WordNet, Roget’s Thesaurus, the

substrings in a compound, and n-grams in which the constituents of a compound co-

occur. Notably, the authors find that features based on words in WordNet definitions

had the biggest overall impact on model accuracy.

More recent NLP models for relation-based compound interpretation have increas-

ingly relied on neural networks (e.g., Dima & Hinrichs, 2015; Fares, Oepen, & Velldal,

2018; Ponkiya, Patel, Bhattacharyya, & Palshikar, 2018; Shwartz & Waterson, 2018). In

particular, these studies often place an emphasis on learning continuous representations

for target compounds and their potential paraphrases. For example, Ponkiya et al. (2018)

apply long-short term memory networks (LSTMs; Hochreiter & Schmidhuber, 1997) to

encode target compounds and potential paraphrases, respectively, so that paraphrases

can be ranked based on their similarity with the target. Liu et al. (2022) propose a more

complex method that learns the similarity between a target compound and a potential

paraphrase by using contrastive learning (Le-Khac et al., 2020) and encoders based on

contextualized language models. In a multitask setup, Shwartz and Dagan (2018) pro-

pose a model that encodes paraphrases that contain a missing head, modifier, or relation

(e.g., juice [relation] apple) with a bidirectional LSTM and predicts different kinds of

missing elements with multilayer perceptrons (MLPs).

Models for relation-based compound interpretation have also been proposed in other

areas of research. Gagné and Shoben (1997) propose the Competition Among Relations

In Nominals (CARIN) model, which scores how likely a head-modifier relation is the

correct interpretation of a target compound based on the frequency of the relation in

existing compounds that share a modifier with the target. Costello and Keane (2000)

propose the C3 model, which is a search algorithm that scans for the best paraphrase

for a target compound based on scores derived from three pragmatic constraints. These

constraints require that concepts intended by speakers are plausible to listeners and

that new compounds are made to be informative with respect to the intended concepts



Chapter 2. Background 27

while avoiding redundancy.6 Note that the C3 model can also produce paraphrases that

are headed by a non-constituent (e.g., “a fish with a horse-shaped head” for the target

seahorse), but it is nonetheless included in the current section as a more general solution

to problems tackled by the other models.

The models from this body of work generally inherit the limitations in traditional

accounts of compounding that were discussed in Section 2.2.2. First, with the exception

of the C3 model, these models assume that the meaning of a compound is fully captured

by its constituents and a head-modifier relation, but this assumption does not apply

in the case of exocentric compounds. Second, the representation of word meanings via

constituents and relations applies to compounds and certain similar constructions (e.g.,

genitive + N; Bauer & Tarasova, 2013) but cannot be readily applied to account for the

meanings of other types of expressions, such as the extensions of morphologically simple

words (e.g., mouse as a device).

2.4.2 Vector-based composition functions

Another body of computational work assumes that word meanings are represented by

vectors in semantic space and that the meaning of a compound can be obtained from

composing the vectors of its constituents. This body of work aims to create composition

functions that can produce new vectors for novel word combinations such that the new

vectors capture certain semantic properties of the combinations.

In cognitive science, this notion of composition has been investigated in research

on prototype theory. While earlier work suggests that the mental representation of

a known concept consists of a central exemplar known as the prototype (e.g., Rosch,

1975), E. E. Smith, Osherson, Rips, and Keane (1988) propose the selective modification

6Note that Costello and Keane (2000) use the label “informativeness” to refer to redundancy avoid-
ance. In the present thesis, the same label refers to the degree of information transfer in communication,
which is more closely related to the diagnosticity constraint in the C3 model.
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model to account for the prototypes of novel adjective-noun combinations. Their model

represents the prototype of a concept by using a list of attributes (e.g., colour) and a list

of values (e.g., red) for every attribute; each attribute has a degree of diagnosticity and

each value has a degree of salience.7 The prototype of the combination is obtained by

using the degrees of diagnosticity and salience of the adjective prototype to modify the

noun prototype. Beyond adjective-noun combinations, Hampton (1991) describes the

creation of prototypes for novel coordinative compounds (e.g., pet fish is a fish that is

also a pet), but he does not formulate this process in computational terms.

In NLP and computational linguistics, a large number of studies have combined com-

position functions with distributional semantic models (e.g., Guevara, 2010; Mitchell &

Lapata, 2010; Reddy, McCarthy, & Manandhar, 2011; Lazaridou, Vecchi, & Baroni, 2013;

Mikolov, Sutskever, Chen, Corrado, & Dean, 2013). Mitchell and Lapata (2010) propose

a general framework that summarizes two classes of common composition functions. The

first class consists of additive composition functions, which apply a linear transforma-

tion to each of the input vectors and return the sum of the transformed vectors. The

second class consists of multiplicative composition functions, which involve multiplying

both input vectors with a single tensor. The authors show that vectors produced by var-

ious composition functions are able to capture human judgments of phrase similarity far

better than simply representing a combination by its head word. In addition to inferring

vector representations for novel combinations, these classes of functions have been widely

used in psycholinguistics to derive measures for predicting human behavioural data on

the processing of both existing and novel word combinations (e.g., Vecchi, Marelli, Zam-

parelli, & Baroni, 2017; Günther & Marelli, 2016; Marelli, Gagné, & Spalding, 2017;

Hsieh, Marelli, & Rastle, 2025).

7Observe that this prototype representation can be restated in terms of vectors. As a result, the
modification model may be seen as a composition function since it takes two prototypes as input and
produces one prototype as output.
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Later studies in NLP have proposed more complex composition functions based on

neural networks (Socher, Huval, Manning, & Ng, 2012; Yazdani, Farahmand, & Hender-

son, 2015; Dima, 2015; Dima, de Kok, Witte, & Hinrichs, 2019). For example, Yazdani

et al. (2015) propose composition functions based on MLPs or quadratic transformations

of the input vectors. By applying them to model human ratings of compositionality,

the authors compare these functions to additive composition functions, finding that the

quadratic-based function performs best but is relatively close to both the additive and

MLP-based functions in performance. Dima et al. (2019) propose the transformation

weighting model, which transforms the input vectors with multiple non-linear functions

and returns a weighted combination of the outputs of these functions. The authors com-

pare the new model to seven composition functions from earlier work based on their accu-

racy in reconstructing phrase embeddings obtained from word2vec (Mikolov, Sutskever,

et al., 2013), and they show that the new model achieves the best overall performance.

Relative to head-modifier relations which form the basis of the models in the last

section, vector-based representations appear to be less interpretable and much more

detached from traditional accounts of compounding (see Section 2.2.2). However, the

combination of composition functions with distributional semantic models offers two ma-

jor advantages. First, distributional semantic models provide representations of both

compounds and non-compounds in semantic space, which is highly useful for a compu-

tational analysis of both compounds and reuse items. Second, distributional semantic

models are able to create meaning representations by leveraging historical and multilin-

gual text data, such that the representations reflect patterns of word usages in different

time periods and languages (e.g., Y. Xu & Kemp, 2015; Hamilton, Leskovec, & Jurafsky,

2016; Yamada et al., 2020).
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Word reuse and combination

support efficient communication

The contents of this chapter are based on the following publication:

Xu, A., Kemp, C., Frermann, L., & Xu, Y. (2024). Word reuse and combination support

efficient communication of emerging concepts. Proceedings of the National Academy of

Sciences, 121(46), e2406971121.

3.1 Introduction

The human lexicon is not static but evolves over time. A central role of the lexicon in this

evolutionary process is to lexicalize novel ideas, therefore serving as an adaptive system

which supports the symbolic encoding and communication of emerging concepts (Deacon,

1997; Pinker & Bloom, 1990). The most common strategies of lexicalization involve

reusing and combining existing words in the lexicon (Marchand, 1969; Algeo, 1980; Brin-

ton & Traugott, 2005; Ramiro et al., 2018), although other strategies such as borrowing

(e.g., tofu) and coinage (e.g., quark) also exist. Reuse refers to using the form of an exist-

ing word to express something new. For instance, mouse was reused to describe a “small

device that is moved by hand across a surface to control the movement of the cursor on a

30
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computer screen” (Oxford University Press, 2023). Combination refers to concatenating

two or more existing words to form a new word, typically known as a compound (e.g.,

armchair combines arm and chair to express a new type of chair).1 Word reuse and

combination are often viewed and studied separately as two distinct aspects of lexical

evolution. Here, we present an information-theoretic framework that accounts for both

strategies through the lens of efficient communication.

Word reuse has been traditionally discussed in the context of historical semantic

change (e.g., Traugott & Dasher, 2001) and word meaning extension (e.g., Williams,

1976). This body of work aims to identify regularities in how words take on new meanings

over time. More recent studies using large-scale historical and cross-linguistic data have

suggested that words tend to take on new meanings that are semantically related to

existing ones (Y. Xu et al., 2016; Ramiro et al., 2018), and the processes of word meaning

extension reflect cognitively economic ways of expanding the referential range of existing

words in the lexicon (Srinivasan & Rabagliati, 2015; Y. Xu, Duong, Malt, Jiang, &

Srinivasan, 2020). However, this line of research focuses almost exclusively on word

reuse (or extension) and treats it in isolation from word combination.

Word combination has been commonly studied in the literature on word formation

and morphology (e.g., Štekauer & Lieber, 2005). In particular, existing accounts focusing

on noun-noun compounds have suggested that compound interpretation involves select-

ing from a systematic list of predicate relations which in turn constrains possible noun

combinations produced by speakers (e.g., Levi, 1978; Lieber, 1983; Levin et al., 2019).

An alternative approach appeals to more functionally motivated principles arguing that

compounds should be semantically transparent while shorter forms are preferred if com-

pound constituents are redundant (Downing, 1977; Dressler, 2005; Costello & Keane,

2000). These principles have also been discussed in psycholinguistic work showing that

1In this chapter, the term “word combination” is used interchangeably with “compounding”.
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the semantic relatedness between a novel compound and its constituents predicts its ac-

ceptability, unless the relatedness is too high (Günther & Marelli, 2016). We believe

these functional principles might be equally applicable to explaining word reuse. How-

ever, to our knowledge there is no unified account that characterizes both word reuse and

combination (c.f. Blank, 2003; Grzega, 2011).

We propose a unified account of word reuse and combination by building on the view

that language is shaped to support efficient communication (e.g., Regier et al., 2015;

Kemp et al., 2018; Gibson et al., 2019; Hahn, Jurafsky, & Futrell, 2020). This line of

work suggests that linguistic structures are shaped by functional pressures to maximize

informativeness and simplicity (or ease of use) in communication. Efficiency-based ac-

counts have been shown to explain word meaning variation across languages (e.g., Kemp

& Regier, 2012; Regier et al., 2015; Y. Xu, Liu, & Regier, 2020; Zaslavsky et al., 2018),

the structures of word forms (e.g., Zipf, 1949; Mahowald et al., 2018; Bentz & Ferrer-i

Cancho, 2016; Hahn et al., 2022), and grammatical form-meaning mappings (Mollica et

al., 2021). We extend this growing body of research with the aim to understand the

general principles that shape the diverse strategies of lexicalization.

Here we extend existing efficiency-based accounts that assume speakers and listeners

use the same static lexicon by considering communicative interactions during the spread

of linguistic innovations (e.g., Labov, 2011; Milroy & Milroy, 1985). In particular, we

consider the labels of novel concepts that are yet to be encoded in the lexicon of a large

number of language users. We propose that when speakers communicate novel concepts to

these language users, word reuse and combination reflect a fundamental tradeoff between

speaker effort and information loss (or the inverse of informativeness): on the one hand,

speakers can minimize their effort by reusing short words that underspecify intended

concepts; on the other hand, information loss is minimized if speakers use relatively long

word forms that combine existing words in an informative way. We hypothesize that

as speakers repeat these communicative interactions, their encoding of novel concepts is
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Figure 3.1: Illustration of our theoretical proposal. Panel (A) illustrates the lexicalization
of emerging concepts using examples from English during the historical interval 1980-2000.
The existing lexicon L and the set of emerging concepts C∗ at time t1 are illustrated on the
left. At a later time t2, the attested encoding of the novel concepts E∗ enters the expanded
lexicon L′, which are shown on the right. Panel (B) illustrates the two opposing pressures in
a communicative interaction taking place before t2. Here, the speaker intends to convey the
emerging concept “cellphone” to a listener whose lexicon does not yet have a word for expressing
it, and grey bars illustrate probability distributions over a universe of concepts C that capture
uncertainty regarding the intended concept. Our proposal focuses on the pressure for minimizing
the length of the utterance, and the pressure for minimizing information loss, or the difference
between the speaker and listener distributions over concepts. Panel (C) illustrates possible
encodings of the novel concepts in Panel (A). Each point corresponds to the average length
and information loss of an encoding of the novel concepts, and the shaded area corresponds to
costs that are not attainable. We propose that word reuse and combination reflect a tradeoff
between these two costs, and that both attested reuse items and attested compounds achieve
tradeoffs that are relatively efficient. Here, the example encodings are simplified to contrast
reuse and combination, and in reality an encoding can consist of both strategies.

shaped by the pressure to minimize speaker effort and the opposing pressure to minimize

information loss, such that the word length and informativeness of both attested reuse

items and attested compounds efficiently trade off against each other. We illustrate this

idea in Figure 3.1.

Our proposal is consistent with other functional accounts of word reuse and combi-

nation. Previous accounts have separately suggested that combinations should be infor-

mative (Lieber, 2004; Clark & Berman, 1984; Downing, 1977) and reuse represents an

economical strategy (Štekauer, 2005; Piantadosi, Tily, & Gibson, 2012). Computational

studies of reuse items (Ramiro et al., 2018; Brochhagen, Boleda, Gualdoni, & Xu, 2023)
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and compounds (Günther & Marelli, 2016; Vecchi et al., 2017; Pugacheva & Günther,

2024) have shown that semantic transparency is preferred across both strategies, which

is consistent with a preference for using informative word forms to reduce communicative

error. In recent work on language evolution, a pressure for informativeness is often con-

sidered necessary for compositional or subword structure to emerge in the lexicon (e.g.,

Kirby, Tamariz, Cornish, & Smith, 2015; Carr, Smith, Cornish, & Kirby, 2017). Cru-

cially, prior studies have shown that a pressure for informativeness may be sufficient for

the emergence of subword structure when speakers have to communicate novel mean-

ings to a large community with limited shared history (Raviv, Meyer, & Lev-Ari, 2019a,

2019b). Here, we build on these existing studies to offer a unified functional account of

word reuse and combination.

In the following, we first specify our theoretical proposal in formal terms. We then

evaluate our efficiency-based proposal against a large historical dataset of reuse items

and compounds attested in English, French, and Finnish over the past century. Last, we

discuss the implications of our results and avenues for future work.

3.2 Computational formulation of theory

To specify our theoretical proposal, we formulate a scenario in which the attested encod-

ing of emerging concepts spreads within a speech community. Our formulation builds on

a standard approach in language change (e.g., Weinreich, Labov, & Herzog, 1968; Milroy

& Milroy, 1985; Traugott & Dasher, 2001; Brinton & Traugott, 2005; Labov, 2011), which

views the evolution of linguistic structures as a gradual process in which new structures

coexist with existing structures as the former spread among speakers.

We illustrate the setting for this scenario in Figure 3.1A. Here, we consider an encod-

ing of concepts as a set of form-concept pairs (or mappings), and we treat the lexicon as

an encoding of lexicalized concepts which may incorporate novel pairs over time. Suppose
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the existing lexicon L consists of form-concept pairs known by all speakers in the speech

community at time t1, and the set C∗ contains novel concepts emerging at t1 but not

encoded in the existing lexicon. We assume that the eventual attested encoding of novel

concepts, denoted by E∗, spreads among speakers until the expanded lexicon L′ = L∪E∗

has been acquired by all speakers at time t2. In the current study, we assume that forms

in E∗ always reuse or combine forms that exist in L.

In the following, we will focus on the time interval between t1 and t2 in which both

the existing and expanded lexicons coexist within the speech community. We first specify

an information-theoretic model of communication. We then build on the model to define

two types of communicative cost and specify our theoretical proposal regarding forms in

E∗.

3.2.1 Model of communication

To assess the role of communicative efficiency in shaping E∗, we first consider the com-

municative interaction between a speaker who uses the expanded lexicon L′ and a lis-

tener who uses the existing lexicon L. We model this interaction by extending previous

efficiency-based accounts of the lexicon (Kemp et al., 2018; Zaslavsky et al., 2018) that

are grounded in Shannon’s model of communication (Shannon, 1948).

We describe our model using an illustration of the interaction in Figure 3.1B. The

speaker’s mental representation is a speaker distribution mc over a universe of concepts

C. In general mc could capture speaker uncertainty, but we assume that mc corresponds

to a single intended concept c and picks it out with certainty. The intended concept c is

drawn from a need distribution p(c|L′) which captures the frequency with which different

concepts are communicated (e.g., Kemp et al., 2018; Zaslavsky et al., 2018), and here we

assume the speaker only communicates concepts encoded in her lexicon. To express c,

the speaker selects a form w according to her production policy p(w|c,L′) which captures

the frequency of using specific forms in her lexicon to communicate an intended concept.
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In turn, the listener uses w and his lexicon to deterministically construct his mental

representation which is a listener distribution m̂w,L that aims to reconstruct mc.

We define the listener distribution by using a variant of prototype-based categoriza-

tion models (e.g., Rosch, 1975; Ramiro et al., 2018).2 In our model, the listener treats

each form w as the label of a category of concepts, which is represented by the cate-

gory prototype qw. The listener uses the category to construct a distribution, so that

the probability of concept c is high if it is semantically similar to qw. We specify this

distribution via the similarity choice model (Luce, 1963; Nosofsky, 1986):

m̂w,L(c) ∝ exp {−γd(c, qw)} (3.1)

where d(·, ·) is semantic distance, and γ ≥ 0 is a sensitivity parameter that controls how

fast probability decreases with distance. We require the prototype to be a function of

form-concept pairs in L, but its exact definition depends on the specific dataset to which

we apply our framework.

3.2.2 Communicative costs

To specify our theoretical proposal, we now consider the speaker effort and information

loss incurred over repetitions of the above interaction. In reality, these interactions take

place across multiple speakers and repeatedly within the same dyads, but these dynamics

introduce heterogeneity among listener distributions as listeners adopt new form-concept

pairs into their lexicons. For simplicity, we consider the case in which a single speaker

interacts once with each of many distinct listeners, such that the listener distributions

are independent and identical across interactions. The speaker in this special case may

be construed as a leader in spreading linguistic innovations in local communities (e.g.,

2Although they are often used in related work (e.g., Zaslavsky et al., 2018; Mollica et al., 2021),
Bayesian listeners are not applicable in the current context because the dyad does not share the same
lexicon.



Chapter 3. Reuse and combination support efficient communication 37

Labov, 2011; Milroy & Milroy, 1985; Del Tredici & Fernández, 2018).

Following efficiency-based accounts of word length (e.g., Zipf, 1949; Mollica et al.,

2021), we measure the speaker effort in an interaction via the length of the produced

utterance. As the same speaker communicates with many listeners, the average speaker

effort over their interactions is given by expected word length:

E[l(W )|L′] =
∑
c,w

p(c, w|L′)l(w) (3.2)

where l(·) is the length of a form. Previous studies on coding efficiency have shown that

word frequency and length tend to be related in a way that is relatively efficient (e.g.,

Zipf, 1949; Bentz & Ferrer-i Cancho, 2016; Mollica et al., 2021). Here, we extend these

studies by examining the tradeoff between length and information loss in reused and

compound forms that express novel concepts.

Following Regier et al. (2015), we define the information loss in a single interaction

as the Kullback–Leibler (KL) divergence between the speaker and listener distributions.

In our case of a single speaker and many distinct listeners, the average information loss

over their interactions is given by expected KL divergence:

E[D(M ||M̂)|L′,L] =
∑
c,w

p(c, w|L′)h(m̂w,L(c)) (3.3)

where h(·) = − log2 (·). In contrast to previous efficiency-based accounts of the lexi-

con (e.g., Regier et al., 2015; Zaslavsky et al., 2018), we consider information loss when

the production policy and the listener distribution are conditioned on different lexicons.

3.2.3 Efficiency of attested encodings

Our proposal can be specified by considering how much the attested encoding E∗ con-

tributes to these communicative costs. This contribution can be summarized by a single
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objective function obtained from combining and simplifying Equations 3.2 and 3.3:

Lβ[E
∗|L] = E[D(M ||M̂)|L′,L] + βE[l(W )|L′] (3.4)

∝
∑

(c,w)∈E∗

p(c, w|L′) · (h(m̂w,L(c)) + βl(w)) (3.5)

where β ≥ 0 is a tradeoff parameter. As in previous efficiency-based approaches (Zaslavsky

et al., 2018; Mollica et al., 2021), optimizing Equation 3.5 for every β produces a Pareto

frontier that specifies the space of possible encodings of C∗, which we illustrate in Fig-

ure 3.1C. We hypothesize that the attested encoding is shaped by competing pressures for

minimizing speaker effort and information loss, which predicts that it will be relatively

close to the Pareto frontier in this space of possible encodings.

In Appendix, Section B.1, we provide a more detailed derivation of Equations 3.2-3.5.

We also provide a discussion on the limitations of previous efficiency-based accounts of

the lexicon in terms of accounting for attested combinations of words or morphemes.

3.3 Results

To test our proposal, we instantiated our scenario using Princeton WordNet (Fellbaum,

1998) and its multilingual extensions (Bond & Foster, 2013). These WordNets are concep-

tually organized dictionaries that map language-specific, orthographic forms to a common

set of word senses or lexicalized concepts. We focused on English, French, and Finnish

because they have the largest WordNets among alphabetical languages in terms of the

size of their sense inventory (Bond & Foster, 2013). For each language and one of five

consecutive intervals over the past century, we instantiated emerging concepts as Word-

Net senses, and we instantiated their attested encoding and the existing lexicon as sets

of form-sense pairs. We identified whether an English form-sense pair is an emerging

reuse item or compound by using its first citation in the Historical Thesaurus of En-
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Language Interval Strategy Form Sense Definition
English 1940+ R locker a trunk for storing personal ...

1940+ R printer an output device that prints the ...
1940+ R dish directional antenna consisting of a ...
1900+ C birthday card a card expressing a birthday ...
1940+ C urban renewal the clearing and rebuilding and ...
1980+ C spreadsheet a screen-oriented interactive ...

French 1900+ R antenne an electrical device that sends or ...
1920+ R publicité a commercially sponsored ad on ...
1960+ R émuler imitate the function of ...
1900+ C turbine à gaz turbine that converts the chemical ...
1900+ C galaxie spirale a galaxy having a spiral structure; ...
1940+ C bôıte noire equipment that records information ...

Finnish 1900+ R lähetys message that is transmitted by ...
1920+ R suodatin an air filter on the end of a ...
1940+ R ajaa carry out a process or program, as ...
1900+ C sotarikos a crime committed in wartime; ...
1900+ C taisteluväsymys a mental disorder caused by stress ...
1920+ C kauppa-apulainen a salesperson in a store

Table 3.1: Examples of reuse items (R) and compounds (C) that emerged in the past century;
sense definitions have been truncated for brevity

glish (Kay, Roberts, Samuels, & Wotherspoon, 2017), and we inferred whether a pair

is existing based on its estimated frequency in historical text (Davies, 2002; Michel et

al., 2011). We implemented the same components for French and Finnish by relabelling

emerging and existing senses in the English data with a language-specific form that was

attested in historical French or Finnish text (Michel et al., 2011; National Library of

Finland, 2014). For tractability, we ignored linking constituents in compounds and we

used compounds that have exactly two constituents. More details on data processing are

provided in Section 3.5.

To show that our approach applies to both reuse and combination, we controlled for

differences in sample size between strategies by instantiating each attested encoding such

that it only contains reuse items or compounds. Across our target intervals, we analyzed

518 reuse items and 2, 828 compounds in English, 529 reuse items and 409 compounds

in French, and 510 reuse items and 645 compounds in Finnish; sample sizes for specific

intervals are provided in Appendix, Section B.2. In Table 3.1, we show examples of reuse

items and compounds that make up these encodings.
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Attested Label Near-Synonyms
locker deedbox, strongbox, clothespress, storeroom
urban renewal renewal, renovation, urban-renovation
publicité réclame, annonce, pub, emballage
turbine à gaz turbine, générateur, turbine-fluide, moteur-gaz
lähetys lasti, rahti, toimitus, kuorma
sotarikos rikos, laittomuus, sota-laittomuus, hyökätä-rikos

Table 3.2: Samples of near-synonyms created for attested labels

Given the existing lexicon, we computed the average length and information loss in-

curred by a speaker communicating with an encoding of novel concepts as specified in

Equation 3.5. We used the orthographic length of word forms in our subsequent analy-

ses as a proxy for production effort. To estimate information loss, we implemented the

listener distribution in Equation 3.1 in three parts. We first represented each concept

or word sense by embedding the text of its WordNet definition (see Table 3.1 for exam-

ples) with a sentence encoder (Reimers & Gurevych, 2019), and we followed approaches

that construct the prototype as an average of the existing senses of a word or its con-

stituents (Reed, 1972; Mitchell & Lapata, 2008). For the sensitivity parameter, we set

γ = 10 based on the informativeness of existing words. These costs were computed for

each form-sense pair in the encoding, and then averaged according to their need and pro-

duction probabilities estimated from historical form-sense frequencies. We specify our

implementation in Section 3.5.

In the following, we first directly assess the average-case efficiency of attested reuse-

based and combination-based encodings. We then perform fine-grained analyses on the

efficiency of individual reuse items and compounds.

3.3.1 Average-case efficiency

In our first analysis, we compared attested items to optimal encodings on the Pareto

frontier and two sets of baseline encodings. The first baseline consists of alternate en-

codings created from replacing the label of each item in an attested encoding with a

near-synonym; examples of near-synonyms are shown in Table 3.2. To probe the space
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Figure 3.2: Illustration comparing (A) attested reuse items and (B) attested compounds to
the constructed baselines and the Pareto frontier. Every point corresponds to an encoding
of emerging concepts for a specific language and interval. Attested cases are marked in blue,
near-synonym baselines in light blue, and random baselines in grey. Black solid lines in the
bottom left show the estimated Pareto frontier, and the shaded areas show costs that are not
attainable.

of all possible alternatives, we created a second baseline by replacing each attested label

with a string uniformly sampled from labels in the existing lexicon and their combina-

tions. Details on estimating the Pareto frontier and creation of baseline encodings are

specified in Section 3.5.

Figure 3.2 summarizes the comparisons between attested and alternative encodings.

Each Pareto frontier shows the optimal tradeoff that can be achieved by any encoding of

the emerging concepts, and intuitively, the closeness of an encoding to the frontier ap-

proximates its efficiency. Across strategies, intervals and languages, we observe that both

attested encodings (blue) and near-synonym baselines (light blue) tend to be closer to

the frontier and more efficient than random baselines (grey), and attested encodings tend

to be more efficient than both baselines. By construction, attested and near-synonym

encodings tend to be shorter than random baselines because it is more likely to sample

a combination of long words than a single short word. The fact that attested labels also

dominate near-synonyms indicates the relative efficiency of attested labels does not arise

solely due to chance and the prevalence of longer word forms.
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Figure 3.3: Efficiency loss of attested encodings for (A) reuse items and (B) compounds relative
to the average loss of baselines. Attested loss is marked in blue, and the average loss of near-
synonym and random baselines is marked in light blue and grey, respectively. Error bars show
bootstrapped 95% confidence intervals.

Figure 3.3 compares attested encodings against baselines using a quantitative measure

of efficiency loss (see Section 3.5), which overall confirms our qualitative observations. In

Appendix, Section B.4, we show that attested reuse items and compounds remain more

efficient than the constructed baselines under different implementations of our scenario

of lexical evolution. First, we show our results are robust if we use a uniform distribution

over attested items and different values for the sensitivity parameter. Second, we show

the results hold up across different communication channels via an implementation that

represents word forms using phonemes instead of letters. Third, we describe an analysis

based on historical embeddings (Mikolov, Chen, Corrado, & Dean, 2013; Hamilton et al.,

2016) to address the concern that our approach may be biased by using contemporary

embeddings to study historical change. Last, we show these findings are robust to alter-

native datasets of lexicalized concepts by considering another English dictionary and by

assuming one-to-one correspondence between concept and form.

3.3.2 Item-level variation

In Figure 3.2, we observe non-trivial gaps between Pareto frontiers and attested encod-

ings. This suggests that the communicative efficiency of attested encodings could be
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galaxie spirale
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Figure 3.4: Efficiency loss of individual attested items for (A) reuse and (B) compounding and
randomly sampled labels. The distributions for attested and random are marked in blue and
grey, respectively. Examples in Table 3.1 are annotated.

improved by replacing some attested reuse items and compounds with more efficient

forms. We thus compared individual items to optimized forms by using the same imple-

mentation of our scenario, except we replaced full encodings with singletons that contain

individual items.

Figure 3.4 shows efficiency losses for individual items, which measure their deviation

from optimized forms, and each distribution is aggregated over all time intervals. As

in the previous analysis, the item-level loss is approximated by the distance between

attested items and Pareto frontiers, which is illustrated in Figure 3.5. We observe that

attested items tend to be much closer to optimized forms (loss = 0) than most randomly

sampled labels (grey), but nonetheless the right tails of attested items overlap with

random distributions. In Appendix, Section B.5, we show that item-level loss based on

orthographic forms strongly correlates with item-level loss based on phonemic forms. The

variation from near-optimal to near-random among attested reuse items and compounds

reveals that some items are more strongly shaped by our proposed tradeoff than others.

Here we characterize this variation using two well-studied subclasses of lexical items.

Endocentric compounds are the most well-studied subclass of compounds that are defined

by the relation between intended and existing constituent concepts (e.g., Downing, 1977;

Jackendoff, 2010). The head word of an endocentric compound encodes a superordinate
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accéléromètre
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Figure 3.5: Item-level illustration for (A) attested reuse items and (B) attested compounds.
Headers correspond to the examples in Table 3.1, with additional marking for literal items (lit.).
Each dark blue dot corresponds to an attested form. Black dots correspond to the item-level
Pareto frontier, and light blue dots correspond to the near-synonym set generated for this item;
the size of markers for attested items is larger than the size of other markers for improved
visibility. A sample of optimal labels and compound head words are shown as text. Note that
the axes are swapped relative to Figure 3.2 and the x-axis is truncated so there is more space
to display optimal labels.

category of the intended concept and is a literal expression of this concept (e.g., birthday

card is a card), in contrast to non-literal (or exocentric) compounds (e.g., blue-collar).

Similarly, a subclass of reuse items often expresses an intended concept that is more

narrow than an existing sense of the reused word (e.g., Bloomfield, 1933), for instance

the modern use of car as a motorized vehicle refers to a narrower set of concepts compared

to its original meaning of wheeled cart. Across strategies, these literal expressions may be

more efficient because they are more transparent to the listener than non-literal ones. For

example, in Figure 3.5, we observe that literal reuse items and endocentric compounds
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tend to be more efficient than their non-literal counterparts (e.g., birthday card vs dish

or antenne).

To test this hypothesis, we leveraged the WordNet taxonomic hierarchy to classify

reuse items and compounds into literal and non-literal cases. We performed a quantitative

analysis that compares the efficiency loss of literal and non-literal items; we supplemented

attested reuse items with additional data by using the head words of attested compounds,

since the original English WordNet does not explicitly encode literal items (Miller, 1998)

(see Section 3.5 for details). We find that in French and Finnish, literal reuse items are

significantly more efficient than non-literal items (t(527) = 4.70, p < .001; t(508) = 6.37,

p < .001), and the same trend holds between literal and non-literal head words in English

(t(2793) = 23.60, p < .001), French (t(396) = 7.32, p < .001), and Finnish (t(631) = 9.40,

p < .001); endocentric compounds also tend to be more efficient on average in English

(t(2826) = 17.26, p < .001), French (t(407) = 3.68, p < .001), and Finnish (t(643) = 7.58,

p < .001). We illustrate these comparisons in Appendix, Section B.5. These results

suggest our efficient tradeoff proposal applies more strongly to labels that encode novel

concepts in a literal way across both strategies.

In Appendix, Section B.5, we explore the variation in efficiency among attested reuse

items and compounds in two further analyses. In the first analysis, we used taxonomic

distance measures (Z. Wu & Palmer, 1994; Leacock, Chodorow, & Miller, 1998) as a con-

tinuous version of the literal and non-literal distinction. In line with our findings above,

we found that taxonomic distance measures are positively correlated with efficiency loss

across all languages and across both strategies. In the second analysis, we investigated

whether frequent items are closer to Pareto frontiers since this implies less total efficiency

loss. We did not find that frequency differentiates variation in item-level loss. This may

be due to frequency effects in lexicalization beyond the scope of our account. We return

to other factors that underlie lexical evolution in Section 3.4.

We demonstrate our findings with examples in Figure 3.5. Along each Pareto frontier,
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optimal labels gradually increase in length from the shortest but uninformative words

(e.g., be) to the most informative compounds. We observe that near-optimal items are

qualitatively similar to these optimal labels (e.g., locker and bunk locker; birthday card and

birthday postcard). On the other hand, suboptimal items like dish and spreadsheet tend

to relate to the intended concept in a less literal way when compared to optimal labels.

These examples showcase the finding that both attested reuse items and combinations

are in part explained by an efficient tradeoff between word length and informativeness.

3.3.3 Strategy comparison

In Figure 3.2, we also observe that reuse-based encodings and combination-based en-

codings tend to occupy different neighbourhoods in the space of possible encodings. To

compare differences between the two strategies, we compared informativeness and word

length between all attested reuse items and compounds, aggregated across intervals for

each language. We show the statistics in Appendix, Section B.5, finding that on average,

attested reuse items tend to be shorter than attested compounds across all three lan-

guages, and attested compounds tend to be more informative than attested reuse items

in English and French. This mirrors existing proposals that cast reuse as an economical

lexicalization strategy (Štekauer, 2005; Piantadosi et al., 2012) and compounding as an

informative strategy (Downing, 1977; Clark & Berman, 1984).

3.4 Discussion

We have presented evidence that word reuse and combination are shaped by competing

pressures of informativeness and length minimization that affect the lexicalization of

emerging concepts. We formulated this view in information-theoretic terms, and we

tested our proposal using large-scale resources over history and across languages. We

found that both attested reuse items and attested compounds that emerged over the
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past century in English, French, and Finnish are more efficient than random and near-

synonym baselines, and that literal items are generally more efficient than non-literal

items across both strategies.

Our work makes several contributions to efficiency-based accounts of language. First,

our work establishes a new connection between efficiency-based accounts and word for-

mation. Previous accounts have focused on form length and meanings (e.g., Mollica et

al., 2021) and morpheme ordering (Hahn et al., 2022), but not the specific combination

of certain morphemes as opposed to others in compositional words. In particular, one

account suggests that the presence of subword structures in word forms hinders efficient

length minimization (Pimentel et al., 2021). We show that in the case of compounding,

these structures may nonetheless support efficient communication in settings where the

speaker and listener do not fully share the same lexicon. Second, another line of investi-

gation uses ideas from information theory to show that existing form-meaning mappings

support accurate reconstruction of intended meanings under cognitive constraints (e.g.,

Regier et al., 2015; Zaslavsky et al., 2018). Our work shows that information-theoretic

formulations of efficiency can also account for generalizations to novel concepts not yet

encoded in the lexicon. Last, previous work has also examined the tradeoff between

simplicity and informativeness in the lexicon, but only within restricted domains (Kemp

& Regier, 2012; Y. Xu et al., 2016; Zaslavsky et al., 2018; Y. Xu, Liu, & Regier, 2020;

Denić, Steinert-Threlkeld, & Szymanik, 2020; Steinert-Threlkeld, 2021; Zaslavsky, Mal-

donado, & Culbertson, 2021; Chen et al., 2023). Our computational framework offers

a promising venue for extending simplicity-informativeness analyses toward the broader

lexicon beyond individual semantic domains.

Although we focused on the lexicalization strategies of reuse and compounding, the

functional principles invoked by our theory are general and our framework can be ap-

plied to other types of word formation. For instance, derived words are also highly

productive (Algeo, 1980) and previous work has suggested that they are subject to a
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preference for informativeness and brevity (Lieber, 2004; Marelli & Baroni, 2015). Since

derived words are combinations of existing words and morphemes, one way to extend

our approach might be to incorporate a representation of affix meanings and model their

combination with stem words (Marelli & Baroni, 2015; Westbury & Hollis, 2019). Deriva-

tional morphemes tend to be shorter than free morphemes and might yield more efficient

strategies for expressing emerging or novel concepts; for example, the derived word physi-

cist is more compact than the compound physics scientist. As a result, derivation may

sit at a midpoint between economy of production and informativeness, flanked by the

strategies examined in the current study along the Pareto frontier of efficiency.

Our account suggests that speakers select for more efficient reuse items and com-

pounds as they repeatedly communicate novel concepts to listeners, but it does not

capture all aspects of the historical evolution of the lexicon. First, while both strate-

gies can create efficient lexical labels, our account does not explain why certain concepts

are encoded via compounding but not reuse or vice versa. Consistent with Zipf’s law

of abbreviation (e.g., Zipf, 1949; Bentz & Ferrer-i Cancho, 2016; Pimentel et al., 2021;

Kanwal et al., 2017), one possibility is that concepts with high communicative need are

less likely to be expressed via compounds since they are relatively long and their morpho-

logical structure does not offer additional informativeness once they enter the listener’s

lexicon. Second, our account emphasizes the tradeoff between length and informative-

ness but there are complementary and potentially overriding factors. Recent work on

language learning suggests new meanings are more easily learned if they are encoded

by semantically transparent existing words (Floyd & Goldberg, 2021) or novel complex

words (Brusnighan & Folk, 2012). Since informative reuse items and compounds also

tend to be transparent, our results may be alternatively construed to reflect a cognitive

pressure for ease of learning (c.f. Brochhagen & Boleda, 2022). On the other hand,

frequent lexical innovations are more likely to be picked up by speakers (Bryden, Wright,

& Jansen, 2018) and subsequently these lexical items are more likely to persist (e.g.,
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Bybee, 1998; Pagel, Atkinson, & Meade, 2007; Lieberman, Michel, Jackson, Tang, &

Nowak, 2007; Hamilton et al., 2016). Frequent lexical innovations may outcompete al-

ternative, more efficient innovations that express the same concepts but emerged later

and were used less frequently by speakers.

Our work is limited in that meaning representations and concept emergence are de-

rived from historical data based on English. Recent work suggests that word meanings

across languages show considerable variation (e.g., Thompson, Roberts, & Lupyan, 2020;

Lewis, Cahill, Madnani, & Evans, 2023) and our analysis of French and Finnish items

may be revisited using representations entirely based on French and Finnish resources.

However, adapting these representations to a historical setting is non-trivial. For ex-

ample, unlike existing crosslinguistic studies on reuse that analyze word meanings on a

per-word basis (e.g., Fugikawa et al., 2023), our approach requires a large sample of exist-

ing form-sense pairs in a historical period. To apply our methodology for English to other

languages, a large dataset of historical documents and high-quality historical dictionaries

(e.g., COHA and the OED) are required, which is challenging in many languages.

For simplicity, we measured the informativeness of reuse items or compounds by using

representations that are derived from word sense definitions. This may have contributed

to the result that literal reuse items and compounds are more efficient than non-literal

cases, since the latter may reflect similarity and contiguity relations (Bloomfield, 1933;

Jackendoff, 2010) that are not always encoded in sense definitions. For example, com-

puter memory is a metaphorical extension of human memory, and the function of storage

is encoded in both definitions; in contrast, visual similarities in the metaphor computer

mouse and animal-related mouse are not directly encoded in their definitions. The situ-

ation for compounds is further complicated by the fact that the constituents may relate

in a non-literal way (e.g., ghost town) or the constituents may relate in a literal way but

their product may reflect non-literal extension (e.g., white-collar). Future work may build

on recent work on polysemy and multi-modality (Brochhagen et al., 2023) and integrate
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it with computational models of compound interpretation (e.g., Mitchell & Lapata, 2008;

Tratz & Hovy, 2010a; Nakov, 2013) to further differentiate genuinely inefficient labels

(e.g., homonyms and opaque compounds) from other non-literal cases.

In prior literature, word reuse and combination are typically treated as distinct ar-

eas of research. Our work provides a unified account of both lexicalization strategies by

appealing to the general idea that language supports efficient communication. Previous

efficiency-based approaches have focused on syntactic and semantic structures, but our

work shows that the same general approach can capture the tradeoff between communica-

tive pressures in different strategies for lexicalization. Our work therefore suggests that

the view that language is shaped to support efficient communication has the potential to

explain a wide spectrum of lexicalization strategies in the evolution of the lexicon.

3.5 Materials and methods

Treatment of data

We focused on five idealized historical intervals in the past century, setting t1 = 1900, 1920,

..., 1980 and t2 = t1 + 19. For each interval, we instantiated the components L and E∗

using form-sense pairs in language-specific WordNets (Fellbaum, 1998; Bond & Foster,

2013), and we set C∗ to be the concepts encoded in E∗. For tractability, we set the

universe C to be the union of C∗ and concepts encoded in L.

We first instantiated L and E∗ using the English WordNet (Fellbaum, 1998) for each

interval. Before setting up the components, we standardized word forms in the dataset to

facilitate estimation of frequency and word length. We assigned form-sense pairs to L if

their frequencies during [t1− 20, t2] exceeded certain thresholds, based on token frequen-

cies from the Google Ngrams corpus (English 2020 version; Michel et al., 2011) and sense

frequencies estimated using the Corpus of Historical American English (COHA; Davies,

2002) and a state-of-the-art word sense disambiguation algorithm, EWISER (Bevilacqua
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& Navigli, 2020). We obtained E∗ by first collecting reuse items and compounds with

first citations in [t1, t2] according to the Historical Thesaurus of English (Kay et al.,

2017), and we then took a coarse-grained approach that assumed these items emerged at

t1 and have entered the lexicon by t2. Last, we processed both L and E∗ to ensure they

are disjoint. We provide a full description of this data processing pipeline in Appendix,

Section B.2.

We instantiated the same components for each interval using French and Finnish

WordNets (Sagot & Fǐser, 2008; Lindén & Carlson, 2010). Here, we assumed concepts

encoded in the English lexicon L are also encoded in the French or Finnish lexicon L

for the same interval, and we implemented L by labeling these concepts with forms that

are attested in historical sections of the Google Ngrams corpus (French 2020 version;

Michel et al., 2011) and the Newspaper and Periodical Corpus of the National Library of

Finland (FNC; National Library of Finland, 2014). We also assumed the set of emerging

concepts C∗ is the same as the English set for the same interval, and we implemented

E∗ by pairing each c ∈ C∗ with one of its French or Finnish forms if the form is in L or

combines forms in L. We provide a full description of this data processing pipeline in

Appendix, Section B.2.

Need and production distributions

To implement the need distribution and the production policy, we rewrote their product

as p(c, w|L′) = p(w|L′)p(c|w,L′) and separately estimated the first and second terms on

the right-hand side in each language.

In the case of English, we estimated the first term using token frequencies in historical

texts that appeared during [t1, t2] in the English Google Ngrams corpus (Michel et al.,

2011). We defined the first term as p(w|L′) ∝ fw, where fw is the frequency of the form w.

We estimated the second term in two steps. If w is a unigram, we reused sense frequencies

based on text that appeared during [t1, t2] in COHA (Davies, 2002), so that given sense c
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with frequency fc,w, we have p(c|w,L′) ∝ fc,w. Otherwise, we used a uniform distribution

over concepts in L′ that are labeled by w since our sense disambiguation method did not

apply to open compounds. Last, we applied add-one smoothing to form-concept pairs in

L′.

In the case of French and Finnish, we used the same method to estimate the first

term, except we used historical text in the French Google Ngrams corpus (Michel et al.,

2011) and the FNC (National Library of Finland, 2014). We estimated the second term

based on how an English speaker would infer the distribution via Bayes rule. Specifically,

we first assumed that the speaker’s prior pe(c) is the need probability of c estimated from

English text during [t1, t2] and their likelihood is uniform over all labels of c in the

language-specific lexicon L′. We then defined the second term as the posterior, which is

given by p(c|w,L′) ∝ pe(c) if (c, w) ∈ L′ and zero otherwise. We also applied add-one

smoothing to form-concept pairs in L′.

Prototype model

Here, we specify our variant of prototype-based categorization models in Equation 3.1.

We first represented each c ∈ C by embedding its definition using a state-of-the-art sen-

tence encoder, Sentence-BERT (Reimers & Gurevych, 2019), yielding a semantic vector

for each concept c. Although WordNet definitions were compiled during the past cen-

tury (Fellbaum, 1998), the encoder was trained on contemporary natural language data,

and we view these vectors and the semantic space as an approximation of listener rep-

resentation of concepts in our target intervals. Throughout this study, we used cosine

distance for d(·, ·) following Reimers and Gurevych (2019).

Since the word w is either an existing word in the listener lexicon L or a combi-

nation of existing words, we defined the prototype qw,L in two parts. If w is in L, we

extended the model in Reed (1972) and defined the prototype as a weighted average of

category exemplars, i.e., the concepts encoded by w in L; alternatively, if w is a combi-
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nation of N constituents, we used the additive composition function (Mitchell & Lapata,

2008) to recursively define a composite prototype that combines the prototypes of its

constituents (e.g., E. E. Smith et al., 1988):

qw,L =


∑

c p(c|w,L)c if w ∈ L∑
i qwi,L else if w = w1...wN ∈ LN

(3.6)

Here the expression w ∈ L implies (c, w) ∈ L for at least one c ∈ C, and p(c|w,L) was

estimated from the relative frequencies of items in L. In Appendix, Section B.3, we

validated our embedding space and construction of prototypes using datasets of English

word similarity and compound meaning predictability.

Intuitively, the parameter γ simulates how much the listener prefers to infer the most

transparent interpretation of a word. In Appendix, Section B.3, we show that the average

information loss incurred over communicating existing concepts (i.e., part of the omitted

term in Equation 3.5) is minimized when γ ∈ [15, 20]. This suggests a reasonable range

for γ is (0, 15] since if γ is too low then the listener does not distinguish among concepts,

and if γ is too high then the listener will incur high information loss whenever the word

form expresses an extended sense. For this reason, in the main text we set γ = 10. We

note that our argument is based on the information loss of existing words, and we leave

more fine-grained modeling of the listener distribution for compounds for future work.

Estimating the Pareto frontier

For each tradeoff parameter β = 0, 0.01, ..., 10, we computed the optimal encoding E∗
β that

encodes concepts in C∗ and minimizes Equation 3.5. We assume that need probabilities

are constant with respect to how concepts are encoded. In this case, each novel concept

independently contributes to the overall cost in Equation 3.5, and this optimization is

equivalent to finding a form w for each c ∈ C∗ such that w jointly minimizes word length
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and surprisal for a certain β. That is, we want to optimize the following item-level

objective over existing words and possible combinations:

Lβ[w|c,L] = h(m̂w,L(c)) + βl(w) (3.7)

For tractability, we greedily selected a first string u ∈ L that optimizes Equation 3.7,

and we greedily selected a second string u′ ∈ L or the empty string such that the

concatenation of the selected strings minimizes Equation 3.7. The final concatenation is

the approximately optimal form for c and this form-concept pair is added to E∗
β.

Baseline encodings

We constructed near-synonym and random encodings as baselines for every attested

encoding E∗. To construct a near-synonym encoding, we started by constructing a near-

synonym set for every form-sense pair in E∗. Suppose that the form contains modifier w

and syntactic head u; we assumed all English and Finnish compounds are right-headed

and all French compounds are left-headed due to their relative prevalence (Lieber, 2011;

Hyvärinen, 2019; Van Goethem & Amiot, 2019). For the constituent w, we selected

the top k = 5 forms, among all existing forms x ∈ L that are closest to w in terms of

the cosine distance between qw,L and qx,L but are not antonyms of w in WordNet. We

repeated this procedure for u, except we also made sure the possible word classes of the

generated constituents overlap with the possible word classes of u. The near-synonym

set is defined as {xy : x ∈ Su, y ∈ Sw} ∪ Su, where Sw and Su are the forms generated

for w and u, respectively. We then created a near-synonym encoding by replacing the

form in each attested form-sense pair with a random sample from its near-synonym set.

We constructed random encodings for each E∗ similarly by replacing every attested label

with a form uniformly sampled from forms in L and their combinations. For every E∗,

we created 100, 000 near-synonym and random encodings, respectively.
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Efficiency loss

We compared each attested encoding E∗ against the generated baselines by computing

their efficiency loss relative to the Pareto frontier following Zaslavsky et al. (2018). Given

E∗
β for β = 0, 0.01, ..., 10, the efficiency loss of the encoding E∗ or its corresponding

baselines is defined as follows:

ϵ = min
β

(
Lβ[E

∗|L]− Lβ[E
∗
β|L]

)
(3.8)

This measures the deviation of the encoding E∗ from optimality, or its deviation from

the lowest possible amount of information loss given a specific value of average length.

Literal and non-literal items

We classified a reuse item (c, w) as a literal item if the novel concept c is a hyponym

of an existing sense of w, and otherwise we classified the pair as a non-literal item. We

classified a compound item (c, w) as an endocentric compound if c and the head word

constitute a literal item, and otherwise we classified the item as an exocentric compound;

we made the same assumptions on head positions as in our construction of near-synonyms.

Since Princeton WordNet was made to avoid linking a sense and its hyponyms to the

same word (Miller, 1998), there are few literal reuse items for English (N = 3) and we

supplemented attested reuse items for all languages with additional data by replacing the

compound in each attested compound-sense pair with its head word. A small number

of endocentric compounds with head positions different from our assumption were not

used in data augmentation. We provide hypernyms of literal items from Table 3.1 in

Appendix, Section B.5.

Data availability

All data and code used in analyses are available at https://osf.io/dmgh6



Chapter 4

Predicting strategy choice in

lexicalization

The contents of this chapter are based on the following publication:

Xu, A., Kemp, C., Frermann, L., & Xu, Y. (2023). Predicting strategy choice in word

formation: A case study of reuse and compounding. In Proceedings of the 45th Annual

Meeting of the Cognitive Science Society.

4.1 Introduction

In this chapter, we continue to examine the competition among reuse items and com-

pounds. The previous chapter suggests that this competition reflects a tradeoff between

informativeness and word length, and that efficient labels are preferred for lexicalizing

emerging concepts over inefficient labels. However, this account cannot explain why cer-

tain concepts are lexicalized by compounds but not by equally efficient existing words,

even if they differ in terms of informativeness and length (e.g., gas turbine and turbine).

Here, we ask what factors may predict the strategy for expressing an emerging concept,

and we address this question with a computational analysis of historical cases of reuse

and compounding in English.

56
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We begin our investigation by adopting a functionalist perspective which suggests

that language reflects communicative and cognitive efficiency (e.g., Zipf, 1949; Ramiro et

al., 2018). This view has received empirical support from previous studies on historically

attested cases of word meaning extension (Y. Xu, Malt, & Srinivasan, 2017; Ramiro et al.,

2018), conventionalized complex words (A. Xu, Kemp, Frermann, & Xu, 2022), and loan

words (Monaghan & Roberts, 2019), but these different lexicalization strategies have

typically been examined in isolation. We extend these previous studies by suggesting

that communicative and cognitive efficiency might also predict the strategy choice for

expressing an emerging meaning, and in this initial work we focus on the strategy choice

between reuse and compounding.1

One earlier account of communicative efficiency originates from the observation that

word frequency and word length tend to be anti-correlated (Zipf, 1949). This anti-

correlation reflects an optimization of the average word length in the lexicon, hence

allowing meanings frequently talked about to be expressed in shorter forms and those

rarely talked about to be expressed in longer forms. Recent work has formalized this

idea in information-theoretic terms and rigorously examined this tendency in attested

lexicons (Ferrer-i Cancho et al., 2022; Mollica et al., 2021; Pimentel et al., 2021). This

least effort account has also been supported by experiments on artificial language learn-

ing (Kanwal et al., 2017) and repeated reference games (Krauss & Weinheimer, 1964;

Hawkins et al., 2023). Here, we hypothesize that the lexicon adapts to the communica-

tive need of emerging meanings, i.e., the frequency with which the concept is encountered:

as meanings enter the lexicon, the lengths of their labels should be constrained by the

corresponding communicative need, so that the lexicon remains relatively compact in a

Zipfian sense. In particular, since the plausible compounds for expressing a given mean-

1In general, the lexicalization of an emerging concept may involve multiple strategies. For example,
car and automobile are synonymous; the former is a case of reuse because it used to refer to horse-drawn
carriages whereas the latter is a complex word. However, in the present study we focus on concepts that
are lexicalized by a single strategy.
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a) b)

motor car car heat radioactivity

… …

1896 1899

Figure 4.1: Illustration of our a) least effort hypothesis and b) novelty hypothesis. In panel
a), grey bars represent the distribution of communicative need for different concepts, and the
speaker prefers to reuse the form “car” for a meaning with high communicative need. In
panel b), each dot or symbol corresponds to a meaning in similarity space; red and blue dots
correspond to existing meanings and the meanings of possible compounds, respectively. Here
the speaker prefers a compound form for a meaning that is far from the meanings expressed
by existing words. In both panels, the upper right corner shows the year of first citation of the
emerging concept according to the Oxford English Dictionary (OED).

ing tend to be longer than plausible existing word forms (e.g., motor car is longer than

car), the view of least effort predicts that the lexicon should prefer expressing high-need

emerging meanings with word reuse instead of compounding.

We also consider an alternative account of efficiency rooted in earlier theories from

cognitive psychology and linguistics (Rosch, 1975; Lakoff, 1987; Geeraerts, 1997). Using

computational models and large-scale historical data, this line of work suggests that

the lexicon tends to express novel meanings with existing words that are semantically

related (Ramiro et al., 2018; Brochhagen et al., 2023), which is argued to reflect ease of

learning (Srinivasan, Al-Mughairy, Foushee, & Barner, 2017; Floyd & Goldberg, 2021).

However, certain emerging concepts (e.g., “radioactivity” or “nuclear winter”) may be

highly novel relative to the concepts expressed by the existing lexicon, thereby impeding

the learning or communication of those emerging concepts. We therefore hypothesize

that the lexicon should avoid reusing existing words to express highly novel meanings.

Intuitively, compounding might be a more efficient choice in the case of high novelty,

since there is a large number of possible compounds and some are likely to be more

semantically related to novel meanings than existing words.
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We illustrate our hypotheses in Figure 4.1. In the left panel, the least effort hypothesis

postulates that high-need meanings are more likely to be expressed by reuse than by

compounding. In the right panel, the novelty hypothesis postulates that high-novelty

meanings should prefer compounding to reuse. In the following, we first introduce our

datasets and operationalization of need and novelty. We then evaluate the least effort

and novelty hypotheses separately, and we conduct a predictive analysis to test whether

the two factors can jointly predict the attested lexicalization strategy of meanings that

emerged over the recent history of English.

4.2 Data

To investigate strategy choice in lexicalization, we used three sources of data. First, we

used large historical datasets of English text and word frequency. Second, we used an

English dictionary with records of word sense definitions for compounds and polysemous

words. To analyze historically emerging meanings, we identified a set of compounds and

reuse items that emerged in the last century.

Historical text data. We collected historical word usages from the Corpus of

Historical American English (COHA; Davies, 2002). The corpus contains English text

published between 1810 to 2009, spanning across four genres. To more accurately esti-

mate the frequencies of historically rare words, we supplemented COHA with unigram

frequencies provided by the Google Ngrams corpus (English 2012 version; Michel et al.,

2011). In total, we obtained 605K lemma types from COHA and 465B word tokens

between 1810 and 2012 from the Ngrams corpus.

Dictionary data. We primarily used a collection of established words and their

meanings provided by Hu, Li, and Liang (2019), which was originally based on the En-

glish version of the Oxford Dictionary (OD)2. This dataset consists of 3, 220 frequent

2Note that this is different from the OED.
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Word Time Sense Definition
rally 1911 A long-distance race for motor vehicles over public roads or rough terrain,

typically in several stages.
skirt 1912 A surface that conceals or protects the wheels or underside of a vehicle or

aircraft.
edition 1934 A particular instance of a regular radio or television programme.
crewman 1937 A member of a group of people who work on and operate a ship, aircraft, etc.,

particularly one who is not an officer.
kicksorter 1947 A device for analysing electrical pulses according to amplitude.
kidvid 1955 Children’s television or video entertainment.
mask 1956 A patterned metal film used in the manufacture of microcircuits to allow se-

lective modification of the underlying material.
software 1958 The programs and other operating information used by a computer.
application 1959 A program or piece of software designed to fulfil a particular purpose.
freeware 1982 Software that is available free of charge.
spreadsheet 1983 An electronic document in which data is arranged in the rows and columns of

a grid and can be manipulated and used in calculations.

Table 4.1: Examples of OD sense definitions and their year of emergence according to the
OED.

polysemous words, containing sense definitions and historical sense frequencies for every

decade between 1810 and 2009, which are estimated using COHA and supervised word

sense disambiguation. Since their dataset only contains polysemous words, we supple-

mented this dataset with monosemous words from two sources: 1) we obtained 3, 353

compounds that appear in the Large Database of English Compounds (LADEC; Gagné,

Spalding, & Schmidtke, 2019) and the online version of OD3, and 2) we obtained 43, 482

COHA lemmas and their definitions that appear in archived webpages of OD4. In total,

this provided us with a set of 77, 359 senses for 30, 760 words. Example sense definition

are shown in Table 4.1.

Word sense emergence. Since OD was created for contemporary English, we

manually timestamped the first occurrence of a subset of OD word senses that emerged

in the 20th century.5 We identified this subset by using sense definitions that contain

culturally salient keywords (Cook, Lau, McCarthy, & Baldwin, 2014). To identify these

keywords, we manually selected salient words that have changed the most in frequency

3https://www.lexico.com/
4https://archive.org
5Data can be found at https://github.com/johnaot/strategy-prediction-data
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Figure 4.2: Descriptive statistics for our dataset of 20th-century word senses that are lexicalized
by reuse and compounding.

aircraft, airport, broadcast, broadcasting, car, cinema, computer, data, elec-
tric, electrical, electronic, film, jazz, motor, phone, pilot, radio, software, tele-
vision, video

Table 4.2: Set of cultural keywords.

since 1900 in COHA; our keywords are shown in Table 4.2. We shortlisted the senses of

compounds from LADEC and the noun senses of polysemous words from Hu et al. (2019)

since LADEC only provides noun compounds. After timestamping the shortlist by using

the OED, we obtained 67 cases of reuse and 46 compounds, as well as their exact year

of first citation in the OED. To guarantee positive communicative need6, we filtered out

senses that have zero frequency for two decades after their emergence. This left us with

a final dataset of 63 meanings that are expressed via reuse, and 46 meanings that are

expressed with compounds.

Figure 4.2 shows descriptive statistics for our dataset. Observe that the senses we

collected emerged during the whole span of the 20th century, and that the orthographic

(word) lengths of reuse items tend to be shorter than the lengths of compound words in

the dataset.

6The main consideration here is related to presentation in Section 4.4, but regardless our results do
not change significantly.
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4.3 Computational methods

To evaluate our hypotheses on lexicalization strategies for emerging meanings, we first

define the space of meanings obtained from our datasets. We then define the measures

we used to quantify the factors involved in our hypotheses.

Meaning space. Let M = {m1,m2, ...,mk} be the set of meanings we used in our

analyses. We defined each meaning mi as a word sense that we obtained from OD.

We represented each meaning as a 768-d vector by embedding its sense definition with

Sentence-BERT (Reimers & Gurevych, 2019).7

We ensured that the embedding space reflects genuine semantic relatedness using

three datasets of pairwise word similarity ratings: WordSim-353 (Finkelstein et al., 2002),

SimLex-999 (Hill, Reichart, & Korhonen, 2015), and MEN (Bruni, Tran, & Baroni, 2014).

We compared our sense embeddings based on sentence-BERT to a sense representation

obtained by averaging the word2vec (Mikolov, Chen, et al., 2013; Mikolov, Grave, Bo-

janowski, Puhrsch, & Joulin, 2018) vectors of non-stopwords in sense definitions. We

also compared these representations against word similarity directly obtained from pre-

trained word2vec embeddings. The last representation solely serves an upper bound in

the context of our word similarity validation task, and it cannot be applied in our main

analyses which rely on sense-level representations.

To evaluate these representations, we computed the spearman correlation of human

ratings and the cosine distances between word meanings. For sense-level representa-

tions, we represented each word meaning by averaging the embeddings of the word’s

senses. The evaluation results are summarized in Appendix, Section B.3. We observe

that Sentence-BERT embeddings are significantly better than the sense-level word2vec

baseline, possibly because the former is able to better capture the dependencies among

7The model was trained on a corpus of contemporary texts, but here we make the simplifying as-
sumption that every word sense corresponds to the same meaning across time.
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words within each definition. While OD senses do not perform as well as the word-

level word2vec upper bound, both correlate consistently and significantly with human

similarity ratings. We proceeded with the Sentence-BERT representation, and leave its

improvement for future work.

Communicative need. We approximated the communicative need of a newly

emerged meaning through its observed frequency after its earliest known occurrence in

a diachronic corpus. Suppose that the meaning mi emerged in year t, and suppose w is

its attested label. Let px(w) be the relative frequency of w in year x obtained from the

Ngrams corpus, and let px(m|w) be the proportion of tokens of w that express sense m

in year x according to Hu et al. (2019). Since the frequency of new words tends to be

sparse when they just emerged, we estimated the communicative need of mi in year t,

denoted f(mi), by averaging its frequency over a specific time window X:

f(m) =
1

|X|
∑
x∈X

px(m|w)px(w) (4.1)

For robustness, we used two time windows: a historical window, where X = {t, t +

1, ..., t+19} for each mi; and a contemporary window, where X = {2000, 2001, ..., 2012}.

In our analyses, we multiplied the estimated need by a constant 106 to avoid numerical

issues.

Relative novelty. To quantify the novelty of an emerging meaning mi relative to

existing meanings, we first defined the existing lexicon Lt. We started by dividing up

the time period between 1880 and 2000 into consecutive intervals of 20 years, denoted

I1, ..., I6. We then identified the list of senses that existed in Ii−1 if year t ∈ Ii. Specifically,

we automatically selected every sense m such that 1) its attested label w is polysemous

and it satisfies px(m|w) ≥ 0.1 for some x ∈ Ii−1, or 2) otherwise its attested label w

occurs at least 10 times during Ii−1. We used these existing senses to define two versions

of the lexicon: 1) the set Lsense
t which consists of all existing senses, and 2) the set Lword

t
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which contains word meanings obtained by averaging the existing senses of each word.

We measured the novelty of mi relative to Lt via the cosine distance from mi to Lt:

d(mi,Lt) = min
m∈Lt

cos-dist(mi,m) (4.2)

This measure characterizes the upper bound on the semantic similarity between mi and

any existing meaning. Intuitively, a low novelty score (i.e., small cosine distance to the

nearest existing meaning) implies the opportunity to achieve greater cognitive efficiency

via reuse, and vice versa8.

4.4 Results

In this section, we first separately evaluate each of the two hypotheses we outlined pre-

viously. We then use the predictors motivated by these hypotheses to predict the histor-

ically attested choices of lexicalization strategy.

4.4.1 Evaluating the least effort hypothesis

Since the least effort hypothesis implies the lexicon prefers to express high-need meanings

with reuse, we expected a difference between the average communicative needs of reuse

meanings (e.g., “mouse”) and compound meanings (e.g., “spreadsheet”). The results are

illustrated in Figure 4.3. In both settings, reuse meanings tend to have higher commu-

nicative need compared to compound meanings. To assess the statistical significance of

this tendency, we compared the mean need of each group using independent t-tests. For

needs estimated from historical data, we obtained t(107) = 7.957, p < 0.001. For needs

estimated from contemporary data, we obtained t(107) = 4.920, p < 0.001. These results

provide support for our least effort hypothesis.

8This is graphically illustrated in Figure 4.1b.
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Figure 4.3: Communicative need estimated using a) historical data and b) contemporary data.
Each vertical line indicates the mean over attested cases of reuse (red) or compounds (blue).

Figure 4.4: Relative novelty measured using a) the nearest existing sense and b) the nearest
existing word. Each vertical line indicates the mean over attested cases of reuse (red) or
compounds (blue).

4.4.2 Evaluating the novelty hypothesis

Similar to the previous analysis, we compared the average novelty of reuse and compound

meanings to assess the novelty hypothesis. The results are illustrated in Figure 4.4. We

observe that on average, the novelty of meanings expressed by compounds tends to be

higher than the novelty of meanings expressed by reuse. We then compared the mean

novelty of each group using t-tests. For novelty relative to existing senses, we obtained
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Predictor β Z statistic p-value
Intercept −1.5353 −0.977 0.328
fhist(m) −2.8210 −3.488 < 0.001
fnow(m) 0.3194 0.618 0.537
ds(m,Lt) 3.7112 0.144 0.886
dw(m,Lt) −7.6745 −0.309 0.757

Table 4.3: Summary of logistic regression results.

t(107) = −0.801, p = 0.425. For novelty relative to existing word meanings, we obtained

t(107) = −0.538, p = 0.592. In both cases, we do not find evidence for our novelty

hypothesis.

4.4.3 Predicting strategy choice from need and novelty

After testing our hypotheses individually, we explored whether communicative need and

novelty can jointly predict attested lexicalization strategies. Since we focus on the choice

between reuse and compounding, we formulated this task as a binary prediction problem.

We proceeded by using a logistic regression model of the following form:

y(m) ∼
(
1 + exp(−(β0 + β1fhist(m) + β2fnow(m) + β3d(m,Lsense

t ) + β4d(m,Lword
t )))

)−1

(4.3)

Here, y(m) represents whetherm is expressed as a reuse item or a compound, and the pair

(fhist, fnow) represents communicative needs estimated using historical and contemporary

frequencies, respectively. We implemented the model using statsmodel (Seabold &

Perktold, 2010).

To evaluate the model, we trained it on meanings that emerged before year 1950

(n = 66), and we tested it using meanings that emerged after year 1950 (n = 43). The

accuracy of the model is 0.767, which is higher than the percentage of the most frequent

class, 0.558. We also tested the statistical significance of each individual predictor using

the Wald test. The test results are summarized in Table 4.3. We observe that fhist(m)

has the strongest effect size, while other predictors have no statistical significance.

To better understand how the predictors relate to reuse and compounding, we plotted
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Figure 4.5: Scatter plots showing the communicative need and novelty of each emerging mean-
ing. Each dot corresponds to an emerging meaning, and the extreme cases for each strategy
are annotated. Dashed lines correspond to one standard deviation away from the mean over all
meanings.

individual meanings in Figure 4.5; sense definitions for the labelled examples are shown

in Table 4.1. Since the two novelty measures are highly collinear (Pearson correlation

0.978, p < 0.001, n = 109), we created the plot with respect to sense-level novelty only.

In both panels of Figure 4.5, we observe that meanings tend to have a wide range of

novelty and communicative need. Aligned with our predictions, most meanings with

a need higher than one standard deviation away from the mean tend to be expressed

as reuse items, whereas in the other direction most meanings tend to be expressed as

compounds. In contrast, meanings with novelty much lower than the mean do not appear

to be dominated by a single strategy, and the same trend also applies to meanings with

high novelty.

We also observe that the separation between the two strategies created by fhist(m)

in Figure 4.5a is greater than the separation created by fnow(m) in Figure 4.5b. This is

demonstrated by the meanings at the extremes: for fhist(m), both the most needed and

least needed meanings in the reuse group (mask and edition) have higher need than their

counterparts in the compound group (spreadsheet and kidvid); however, for fnow(m), the

most needed meaning in the compound group (software) actually has higher need than

its counterpart in the reuse group (application). This suggests that communicative need

and strategy choice are sensitive to cultural changes over time.
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4.5 Discussion

In this study, we sought to explain the strategy choice between reusing an existing word

and coining a novel compound form. Building on previous functionalist accounts of the

lexicon (e.g., Ramiro et al., 2018; Mollica et al., 2021), we hypothesized that pressures

for communicative and cognitive efficiency may account for the choice between reuse and

compounding. Specifically, our least effort hypothesis predicts that new meanings with

high communicative need should be expressed via reuse, whereas our novelty hypothesis

predicts high-novelty meanings should be expressed via compounding. Using two oper-

ationalizations of communicative need, our results provided evidence for the least effort

hypothesis. Nonetheless, we did not find evidence that the novelty of a new meaning

predicts lexicalization strategy.

The lack of evidence for the novelty hypothesis may have originated from two limi-

tations. The first one is the size of our sense dataset, which only contains 109 English

word senses. In our analysis of relative novelty, we assumed that the senses we collected

are representative of the full range of novelty, so that the preference for expressing high-

novelty meanings with compounding may distinguish meanings lexicalized by different

strategies. However, it may be the case that most meanings in our dataset have relatively

low novelty, making it difficult to distinguish the strategies. Another possibility is that

high novelty disfavours compounding as well. Previous work suggests that the plausibil-

ity of a concept is crucial in compound interpretation (Costello & Keane, 2000). If high

novelty implies implausibility, then expressing a high-novelty concept with compounds

may harm communication, making compounding no more preferable than word reuse.

Besides communicative need and novelty, the context associated with an emerging

meaning may also contribute to strategy choice. In particular, reuse may be preferable

if the intended meaning tends to be predictable given the context in which it occurs,

thereby reducing information loss in communication. For instance, within the context

of programming, queue is an informative label because data structures are much more
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likely than a line of people. On the other hand, in a retail store during the 1980s, using

the same label for both landline phones and cellphones would likely lead to confusion.

Future work should evaluate this hypothesis in formal terms and clarify its relation to

existing accounts on the role of context in shaping word length (Piantadosi et al., 2011;

Mahowald, Fedorenko, Piantadosi, & Gibson, 2013) and colexification patterns (Karjus,

Blythe, Kirby, Wang, & Smith, 2021; Brochhagen & Boleda, 2022).

Our methodology builds on recent work in natural language processing that utilizes

large historical corpora to examine changes in the lexicon (e.g., Hu et al., 2019; Ryskina,

Rabinovich, Berg-Kirkpatrick, Mortensen, & Tsvetkov, 2020). In this line of work, most

closely related to ours is the study by Ryskina et al. (2020). Their work shows that

emerging meanings can be differentiated from existing meanings by the density and

rate of change in communicative need within their semantic neighbourhoods. Our work

examined similar factors, but we extended their analysis by examining the strategy choice

for expressing emerging meanings.

We presented an initial study on how strategies are chosen to express emerging mean-

ings, a topic that has not been investigated rigorously in previous work on lexical evolu-

tion. We connected strategy choice with existing theories of communicative and cognitive

efficiency, and found that a pressure for least effort predicts the lexicalization strategy

used to express new meanings. Future work may extend this study by refining its the-

oretical framework, by considering other lexicalization strategies such as morphological

derivation, and by testing it with historical data at a larger scale.



Chapter 5

Modelling compounding via

composition and analogy

The contents of this chapter are based on the following publication:

Xu, A., Kemp, C., Frermann, L., & Xu, Y. (to appear). Modelling compounding via

composition and analogy across languages. In Proceedings of 47th the Annual Meeting of

the Cognitive Science Society.

5.1 Introduction

In this chapter, we return to the issue of non-literal compound labels. In Chapter 3, our

results suggest that compound labels for emerging concepts reflect an efficient tradeoff

between informativeness and ease of use, but non-literal compound labels (e.g., spread-

sheet, blue-collar) tend to be less efficient than literal compound labels (e.g., birthday

card, urban renewal). Here, we explore how to provide a better account of non-literal

compound labels by seeking to understand and model the cognitive processes that un-

derlie compounding across languages.

We begin by considering traditional accounts of compounding that aim to identify

regularities in the relations between compound constituents (e.g., Levi, 1978; Lieber,

70
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1983; Jackendoff, 2010; Levin et al., 2019). For example, recall that Levi (1978) argues

that head-modifier relations in noun compounds tend to belong to one of nine meta-

relations, while other intended relations tend to be explicitly encoded in the compound

(e.g., eating should not be removed from fish-eating dinosaurs). Moreover, Levin et

al. (2019) show that English noun compounds denoting artifacts tend to invoke head-

modifier relations highlighting events of their creation or use, whereas noun compounds

denoting natural kinds tend to invoke relations highlighting their so-called essence (e.g.,

perceptual properties). The examples above show that traditional semantic analyses of

compounding differ in scope and granularity. However, these accounts tend to focus

on the semantic composition of compound constituents and ignore non-compositional

processes involved in compounding.

An alternate approach examines the semantics of compounding by considering the

general cognitive process of analogy (e.g., Ryder, 1994; Booij, 2010; Klégr & Čermák,

2010). In this view, one or more existing compounds that share the same constituent

can form a productive pattern that can be modified to create new compounds; these new

compounds are regarded as analogical compounds. Crucially, the shared constituent in a

productive pattern tends to develop bound meanings that shift away from its original lexi-

calized meaning, which are then inherited by new compounds based on the pattern (Booij,

2010). For example, blue-collar and white-collar form a productive pattern that led to

the creation of the new compound green-collar (Mattiello & Dressler, 2018). Here, the

pattern X + collar signifies membership in a certain profession, which is distinct from

compositional formations like dog collar. Compounding can create word combinations

that share no constituent with any existing compound and thus do not involve analogy,

but the non-compositional nature of analogical compounds suggests that analogy may

nonetheless complement compositional accounts of compounding.

In this study, we formulate a computational account of compounding that combines

both composition and analogy. Specifically, we hypothesize that speakers create new
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green-collar 1
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+
"green" "collar"

+
"green" "X + collar"
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B Intended conceptCombinations

green-collar

environment-job

environment-friendly

gas-driller
…

=

=

Figure 5.1: Analogy and composition in compounding. Panel (A) shows a listener that tries to
interpret the compound green-collar. The listener chooses between 1) a compositional strategy
and 2) an analogical strategy, in which the meaning of the pattern is based on blue-collar and
white-collar. Panel (B) illustrates predictions on possible compound expressions for the concept
“belonging to a green industry,” which is illustrated on the right. Grey bars on the left illustrate
the probability of choosing a compound, and the adjacent icons illustrate the corresponding
listener interpretations.

compounds by inferring how word combinations may be interpreted by listeners. Listener

interpretation may involve the composition of constituents, or in the case where one

constituent overlaps with existing compounds that form a productive pattern, it may

involve composing the bound meaning of the pattern with the other constituent. The

speaker finally chooses a compound with an interpretation that is very similar to the

intended concept. We illustrate this idea in Figure 5.1.

Our work builds on a line of computational work on vector-based semantic composi-

tion (e.g., Mitchell & Lapata, 2010; Dima et al., 2019). In this approach, word meanings

are represented by real-valued vectors in semantic space, and semantic composition is
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modelled by composition functions that take word vectors as input and produce a new

vector as output. In addition to using them to infer the meaning of novel combinations,

previous work has applied composition functions to derive measures to predict human

behavioural data on the processing of both existing and novel combinations (Vecchi et al.,

2017; Günther & Marelli, 2016; Marelli et al., 2017; Hsieh et al., 2025). Here we extend

these studies by using vector-based composition to reconstruct attested combinations

given their meanings.

Our work is related to but distinctive from existing computational models of anal-

ogy in morphology (e.g., Krott et al., 2001; Plag et al., 2023). With regards to com-

pounding, analogy-based models have been applied to predicting the use of linking mor-

phemes (Krott et al., 2001, 2007) and the position of word stress (Arndt-Lappe, 2011).

For a new compound, these models typically compute the preference for an outcome (e.g.,

stress position) based on the similarity between the new item and a group of existing

items in the lexicon that are associated with the outcome. In the current study, we

propose a model that computes the probability of a possible combination for an intended

concept by using the concept’s similarity with the meanings of existing compounds that

belong to a productive pattern.

In the following, we first formulate our account in computational terms. We then

compare our model to simpler models by using them to predict the constituents of attested

compounds in English, Chinese and German. Finally, we discuss the implications of our

work and future directions.

5.2 Computational formulation

Our account assumes the following setting. Let L be the lexicon which contains the set

of existing words, and let D be the set of existing compounds. Let C be a semantic space

of real vectors, such that each word w corresponds to the semantic vector cw ∈ C.
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We define a compound family as a set containing existing compounds with the same

head or modifier. We assume each family is partitioned into subfamilies, and each sub-

family corresponds to a distinct productive pattern.1 In this study, we focus on analogy

with respect to compounds sharing the same head word (e.g., X + collar), and we leave

modifier-based analogy for future work.

5.2.1 Probabilistic model of compounding

Given an intended concept c ∈ C that is not expressed by compounds in D, we wish to

predict an expression that consists of a head word h ∈ L and a modifier word m ∈ L.

We formalize this computational problem in probabilistic terms by applying Bayes rule:

p(m,h|c,D) ∝ p(c|m,h,D)p(m|D)p(h|D). (5.1)

There are three terms on the righthand side of Equation 5.1. The rightmost terms p(m|D)

and p(h|D) represent the prior probability of selecting a specific modifier and head with-

out considering the intended concept. The third term p(c|m,h,D) is the likelihood that

captures the similarity between c and listener interpretations of an observed combination.

Importantly, all terms are dependent on statistical tendencies among existing compounds

in the set D.

Likelihood. To formulate the likelihood, we first formalize listener interpretations via

composition and analogy. Since we assumed meanings are represented in semantic space,

a natural way to model composition is to use vector-based composition functions (e.g.,

Mitchell & Lapata, 2010). Let f(·, ·) be a general composition function that takes a

pair of head and modifier and outputs a vector in C that represents the compositional

interpretation. Similarly, let gi(·|h) be a function that composes a modifier and existing

1For example, the subfamily containing software and freeware is separate from the subfamily contain-
ing tableware and kitchenware.
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compounds in the i-th subfamily associated with head h, such that it outputs a vector

that represents an analogy-based interpretation. These functions correspond to processes

illustrated in Figure 5.1A.

We formulate the likelihood in Equation 5.1 by using the similarity between c and

listener interpretations of m and h. Because a listener may choose between the com-

positional interpretation and an analogy-based interpretation, if available, we define the

likelihood as an average of similarities:

p(c|m,h,D) ∝ q0sim(c, f(m,h)) +
∑
i

qisim(c, gi(m|h)) (5.2)

sim(c1, c2) ∝ exp(s · cos(c1, c2)) (5.3)

where 0 ≤ qi ≤ 1 is the probability of choosing a specific interpretation, s > 0 is a

sensitivity parameter, and cos(·, ·) is cosine similarity. We choose to use cosine because

it is standard in previous applications of composition functions (e.g., Mitchell & Lapata,

2010).2

We define the probability of invoking a specific interpretation by using the prevalence

of each pattern among lexicalized compounds. Let Nh be the size of the family associated

with h, and let Nh,i be the size of its i-th subfamily. We define qj by using family and

subfamily sizes:

q0 =
θ

Nh + θ
, qi>0 =

Nh,i

Nh + θ
(5.4)

where θ > 0 is a pseudocount that determines the frequency of invoking composition.

Equation 5.4 is inspired by previous work showing that the ease of understanding com-

bination w is sensitive to the frequency of head-modifier relations associated with the

constituents of w (Gagné & Shoben, 1997; Maguire, Maguire, & Cater, 2010).

2We assume every c is on the unit sphere, which makes Equation 2 a mixture of von-Mises-Fisher
distributions. In this case, the omitted normalizing constant is only a function of s.
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Priors. In principle, any open-class word in the lexicon can be chosen as the head

or modifier, but the distribution of compound family sizes also tends to be skewed. Pre-

vious work in psycholinguistics suggests that morphological family size facilitates pro-

cessing (e.g., De Jong, Feldman, Schreuder, Pastizzo, & Baayen, 2002; Mart́ın, Bertram,

Häikiö, Schreuder, & Baayen, 2004), and thus we hypothesize that words corresponding

to larger families tend to be preferred by speakers:

p(h|D) ∝ Nh + α, p(m|D) ∝ N ′
m + β (5.5)

where α, β > 0 are pseudocounts of compound families, and N ′
m is the number of com-

pounds in D with modifier m. Smaller pseudocounts increase the preferences for reusing

a word from a large family, and vice versa.

5.2.2 Functions of compound interpretation

We now specify the composition function f(·, ·) and the function gi(·|h) that captures

analogical reasoning with respect to the i-th pattern associated with h. Given a modifier

m and a head word h, we define their semantic composition using the simple additive

function (Mitchell & Lapata, 2008):

f(m,h) = cm + ch (5.6)

Because Equation 5.6 composes the lexicalized meanings of m and h, the resulting vector

represents a compositional interpretation (e.g., dog + collar).

If the head h is associated with a compound family in D, the interpretation may also

be obtained from analogy. Let rh,i be the bound meaning of the i-th pattern associated

with head h (e.g., the job-related meaning of X + collar). We define the interpretation via

analogy with respect to this pattern by composing its bound meaning with the modifier
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word:

gi(m|h) = cm + rh,i (5.7)

In contrast to Equation 5.6, here the interpretation is based on a bound meaning at the

pattern level.

The bound meaning rh,i should capture how existing compounds that form the cor-

responding pattern tend to relate to their modifiers.3 Here, we represent relations in

semantic space via vector differences (e.g., Rumelhart & Abrahamson, 1973; Vylomova,

Rimell, Cohn, & Baldwin, 2016). Let Sh,i be the i-th subfamily associated with head h,

and mw be the modifier of compound w. We define rh,i via the central tendency of these

relations:

rh,i =
µh,i

∥µh,i∥2
, µh,i =

∑
w∈Sh,i

cw − γcmw (5.8)

where γ ≥ 0 is an additional free parameter that governs the importance of the modifier in

contributing to relational meaning. Equation 5.8 normalizes rh,i to ensure its magnitude

is on par with cm in Equation 5.7.

Note that in the case where a pattern is based on a single existing compound w, Equa-

tion 5.8 reduces to a single vector difference. If we plug this difference into Equation 5.7

and disregard the coefficients on each semantic vector, we obtain the parallelogram-model

solution to a proportional analogy involving four concepts in semantic space (e.g., after

observing software, the listener may infer its meaning by solving “hard” : “hardware” ::

“soft” : ?).

3For example, X + ware may represent a computer program characterized by the modifier.



Chapter 5. Modelling compounding via composition and analogy 78

5.3 Materials and methods

In the current study, we evaluate a version of our model that assumes a single produc-

tive pattern per compound family.4 To do so, we first compiled datasets of compound

words drawn from English, Chinese, and German, which are commonly studied but show

crosslinguistic differences in morphology (e.g., J. Xu & Li, 2014; Günther, Smolka, &

Marelli, 2019). We then split each dataset into training and test sets, which simulate the

lexicon, the set of existing compounds, and the concepts to be expressed via compound-

ing.

Datasets. We compiled large datasets of English, Chinese, and German compounds.

The English dataset consists of closed English compounds from the Large Database of

English Compounds (Gagné et al., 2019) and entries that are labeled as etymologically

obtained from compounding in a scrape of Wiktionary (W. Wu & Yarowsky, 2020); these

compounds were intersected with Princeton WordNet (Fellbaum, 1998) after filtering out

combinations involving stopwords and chemical names in WordNet. The Chinese dataset

was obtained by using 2-character compounds in the Chinese Open WordNet (Wang

& Bond, 2013), and words that are chemical names according to WordNet were re-

moved. The German dataset was obtained from a large compilation of German com-

pounds (Günther, Marelli, & Bölte, 2020), CELEX (Baayen, Piepenbrock, & Gulikers,

1995), and the same scrape of Wiktionary. We removed combinations involving stop-

words or translations of English chemical names that were obtained from the Google

Translate API. All compounds in the datasets contain exactly two constituents; we ig-

nored linking elements in German and English compounds and we removed compounds

containing other compounds.

In all languages, we implemented the semantic space using word embeddings trained

4All code used in analyses is available at https://github.com/johnaot/Compounds-compose

-analogy
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on Wikipedia (Mikolov, Chen, et al., 2013; Li et al., 2018; Yamada et al., 2020); all

vectors were normalized. After ensuring the compounds and constituents map to vectors,

we obtained 5, 093 English compounds, 11, 420 Chinese compounds, and 42, 715 German

compounds. Note that this implies the remaining Chinese character constituents also

function as independent words.

Methods. For each language, we set the lexicon L to be the set of all constituent

words in the compound dataset. The lexicon contained 2, 646 words, 3, 535 characters,

and 9, 487 words for English, Chinese, and German, respectively. We then randomly

sampled at most 10, 000 compounds from the dataset and applied 5-fold cross-validation

to the subset. In all languages, we assumed all compounds are right-headed, except for

Chinese verbs which we assumed are left-headed.5

We used the training set to estimate model parameters. For each training set, we

randomly set aside 3/4 of compounds to initialize the set D. We used the remaining 1/4

as a development set to estimate the parameters via a limited grid search, searching over

{10n : n = −2,−1, .., 2} for α and β, {x/(1− x) : x = 0.5, 0.4, 0.3, 0.2} for γ, {1, 10, 100}

for θ, and {0.01−1, 0.02−1, ..., 1} for s. For every combination of α, β, γ and θ, we first set

s by maximizing the likelihood
∏

D′ p(c|m,h,D), where D′ contains compounds in the

development set, and then we ranked all possible combinations given the meaning of each

attested compound in D′ according to the score given by Equation 5.1. We chose the set

of values that maximizes the mean reciprocal rank (MRR) obtained from the ranks of

attested combinations.

We used the test set to evaluate the model by using Equation 5.1 to score each attested

combination given its meaning. The full model was compared with simpler baselines: 1)

a model that only involves composition, 2) a model that sets the priors to uniform, 3) a

model that combines the previous two settings, 4) a prior-only model, and 5) a uniform

5Ceccagno and Basciano (2007) estimates that about 75% of Chinese compound verbs are left or
two-headed. These words are usually combinations of V + V or V + N.
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Figure 5.2: Comparing the full model against simpler variants across languages. Each bar
shows the MRR averaged over five folds, and error bars indicate standard deviation across the
folds. Stars indicate the p-values obtained from comparing models that involve both processes
to composition-only models (“**” indicates p < .01 and “***” indicates p < .001).

distribution. The parameters of all baseline models were estimated in the same way as

the full model based on the training set.

5.4 Results

We first evaluate the model by reconstructing an attested combination given its meaning.

We then perform fine-grained analyses of bound meanings at the pattern level and across

compound types.

Model evaluation. Figure 5.2 summarizes model performance through MRR. We

observe that the full model obtained the best performance in all three languages. We

also observe that the priors tend to improve model performance across languages and

that the model with full likelihood but no prior is superior to composition-only models

in English and Chinese. Similar observations can be made if we used top-k accuracy to

evaluate the models.

Figure 5.3 shows the ranks predicted by the two models with priors and the (head-

based) family size of every attested compound. We observe that the full model tends to

dominate the simpler baseline across most family sizes. We also observe that predicted

rank tends to improve with family size for both models in the cases of English and

German, but this only applies to the full model in the case of Chinese. This is confirmed

by the correlations between predicted rank and family size in Table 5.1, and it may be

in part explained by the previous observation that including priors which encode family
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Figure 5.3: Comparing the full model and the composition-only model (including priors) in
terms of attested-compound rank across family sizes. Predicted ranks lower in magnitude
indicate better performance.

Language Model type Spearman ρ p-value
English comp-only −0.276 < .001

comp + analogy −0.491 < .001
Chinese comp-only −0.058 < .001

comp + analogy −0.421 < .001
German comp-only −0.240 < .001

comp + analogy −0.424 < .001

Table 5.1: Correlation between predicted rank and family size.

Head Lexicalized meaning NNs Bound meaning NNs
front rear, frontmost downtown, condo
head coach, helm dopy, cruelness

Table 5.2: Samples of nearest neighbours (NNs) of the lexicalized and bound meanings of
certain head words.

size information improves performance.

Bound meanings at the pattern level. Table 5.2 shows a sample of the neigh-

bours of the lexicalized meanings and bound meanings of the same head words, which

were retrieved from the vocabulary of our embeddings. We can see that X + front

clearly developed a property-related meaning (as in beachfront) distinct from the original

location-related meaning, and X + head obtained a meaning that is more related to per-

sonal character (as in metalhead). These English examples illustrate the semantic shift

of pattern-level meanings from the lexicalized meanings of head words.

We hypothesized that compounds tend to inherit the bound meanings of produc-

tive patterns to a degree greater than their degree of inheritance from the lexicalized

meanings of head words. We quantified the degree to which a specific meaning is inher-

ited by measuring the cosine similarity between the former and the intended meaning
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Language Spearman ρ p-value N
English −0.487 < .001 4, 187
Chinese −0.316 < .001 8, 625
German −0.413 < .001 7, 856

Table 5.3: Correlation between cosine similarity and model predicted rank.

of a compound. Figure 5.4A shows the distribution of differences given by subtracting

bound-meaning similarities from lexicalized-meaning similarities. We observe that bound

meanings are on average much more similar to intended compound meanings in English

(t(4, 186) = 29.57, p < 0.001), Chinese (t(8, 624) = 109.40, p < 0.001), and German

(t(7, 855) = 13.01, p < 0.001). A similar trend can be observed in Figure 5.4B. These

results may in part explain the better performance of the full model since higher simi-

larity between bound and intended meanings correlates with better predicted rank (see

Table 5.3).

In Figure 5.4, we can also observe that differences between lexicalized and bound

meanings in terms of their similarity with intended meanings tend to be smaller for

German compounds relative to English compounds. This is consistent with an earlier

empirical finding that German complex words tend to be more transparent than English

ones (Günther et al., 2019) and earlier observations by linguists suggesting that the

German lexicon is more motivated than the English lexicon (de Saussure, 1916; Ullmann,

1953).

Literal and non-literal head words. Recall that an advantage of analogy over

composition is that it is capable of addressing certain non-compositional compounds

(e.g., green-collar). We examined one type of non-compositional compound known as

exocentric compounds, in which the head is not a hypernym of the compound (e.g.,

seahorse is not a horse). Specifically, we hypothesized that the full model is able to better

account for exocentric compounds than the best-performing composition-only baseline.

Following our methods in Chapter 3, we used WordNet (Fellbaum, 1998) to categorize

English noun compounds into exocentric and non-exocentric (or endocentric) compounds.
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Figure 5.4: Semantic similarity between head and compound meanings. Panel (A) shows
the distribution of differences in similarity between intended compound meanings and different
meanings of the head; green lines show mean differences. Panel (B) shows the proportion of
compounds that are more similar to lexicalized meanings and the proportion of compounds
that are more similar to bound meanings.

Model type Compound type MRR N
comp-only endocentric 0.0482 1, 962

exocentric 0.0257 2, 818
comp + analogy endocentric 0.0660 1, 962

exocentric 0.0565 2, 818

Table 5.4: Comparing model performance across English endocentric and exocentric noun
compounds.

We compare model performance across compound types in Table 5.4. We observe that

both models tend to perform better for endocentric compounds. Although we observe

that the ranking of models remains the same across compound types, we also observe

that the performance gap across types appears to be smaller for the full model.

We demonstrate the relative advantage of the full model with English examples in

Table 5.5. Similar to a composition-only model, the full model is able to generate com-

positional expressions, which accounts well for compositional compounds like taxicab but

not for non-compositional and non-analogical compounds like mastermind. However,

the full model gains an advantage when an analogy-based interpretation of the attested

combination is highly similar to its intended meaning. This can be demonstrated by the
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Target F. size Rank Top model predictions
taxicab 0 23 taxi-car, taxi-bus
mastermind 0 13k evil-leader, shadow-leader
beachfront 3 1 beach-front, beach-land
metalhead 43 4 metal-boy, metal-man

Table 5.5: Examples of predictions from the full model. The second and third columns show
the family size and predicted rank of the attested compound (target), respectively.

examples of beachfront and metalhead: using the bound meanings of X + front and X +

head, the model assigned similar ranks to non-compositional attested combinations and

hypothetical combinations that have similar interpretations but are compositional (e.g.,

beach-land, metal-man).

5.5 Discussion

We have presented a computational account of compounding that integrates the cognitive

processes of composition and analogy. Using datasets of compounds from English, Chi-

nese, and German, we tested computational models that reconstruct these compounds

given their intended meanings. We showed that our full model, which integrates both

processes, performs better than simpler baselines across all three languages.

Our work connects two separate lines of research on compounding by integrating the

underlying cognitive processes. Specifically, traditional accounts focus on regularities

among compositional relations between the constituents of attested compounds (e.g.,

Levi, 1978; Jackendoff, 2010), which correspond to the composition process, while a

separate line of work appeals to the general cognitive process of analogy (e.g., Booij,

2010; Klégr & Čermák, 2010). In our account, a speaker creates a new compound by

choosing a word combination that has an interpretation similar to their intended concept.

Since compound interpretation may take place via the composition of the constituents or

via analogical reasoning with respect to existing compounds, both processes are naturally

integrated into our account.

Our account emphasizes the similarity between listener interpretations and intended
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meanings, and thus is closely related to functionalist accounts of compounding which

argue that new compounds are shaped by a pressure for informativeness (see Chapter 3).

However, these accounts typically assume that listeners interpret compounds via some

type of semantic composition, and thus they have limited applicability to the creation

of non-compositional compounds. Our findings suggest that functionalist accounts may

provide a better explanation for certain non-compositional compounds by considering

analogical processes in compound interpretation.

The full model examined in this paper can be extended in various ways. For example,

there are various composition functions that are more involved than our simple addi-

tive function (e.g., Mitchell & Lapata, 2010; Marelli et al., 2017), which may be able to

better capture the regularities of compositional compound interpretation. Moreover, we

made the simplifying assumption that every compound family corresponds to a single

productive pattern. In contrast, existing semantic analyses of compounding that empha-

size analogy tend to consider patterns that are subsets of a compound family or local

analogies based on a single existing compound (e.g., Booij, 2010; Mattiello & Dressler,

2018). One way to model productive patterns in a more fine-grained manner is to use

clustering to identify meaningful compound subfamilies, which can be straightforwardly

integrated into our computational model.

Since we formulated our account in computational terms, we were able to validate the

role of composition and analogy in compounding by reconstructing attested compounds.

In contrast, theoretical accounts of morphology have often associated analogy with un-

predictability (Arndt-Lappe, 2015). Although recent computational models have in part

addressed this concern (e.g., Krott et al., 2001; Plag et al., 2023), to our knowledge we

have presented the first computational account that specifies how analogy can predict the

head and modifier in new compounds. In the future, our approach may be extended to

analyze a more typologically diverse set of languages and datasets of recent neologisms.



Chapter 6

Conclusions and future directions

6.1 Thesis summary

In this thesis, I presented a large-scale, computational analysis of compound expressions

from the perspective that language is shaped by pressures from communication and

learning. Previous accounts of compounding have focused on literal compound labels and

treated them in isolation from word reuse. By building on efficiency-based and modelling-

based accounts of lexical items, I showed that the competition among compound labels

and reuse items can be in part explained by a drive for efficient communication, and that

non-literal compound labels can be predicted by modelling analogy and composition. My

work therefore establishes a new connection between compounding and computational

analyses of language in cognitive science.

In particular, I first presented a unified account of compounding and word reuse by

building on the idea that language is shaped to support efficient communication. I pro-

posed that compounds and reuse items reflect opposing pressures for informativeness

and ease of use, respectively, such that attested expressions achieve an efficient tradeoff

between the two pressures. I used a computational formulation of this idea to analyze

reuse items and compounds that emerged in English, French, and Finnish during the last

86
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century. I showed that attested labels are more efficient than hypothetical labels, which

suggests that these expressions are shaped by pressures from communication. Nonethe-

less, while this account applies to both literal and non-literal compound labels, I also

found that literal compound labels tend to be more efficient than non-literal labels.

The second study examined strategy choice in lexicalization. Although it predicts

that efficient labels are preferred over inefficient ones, the first study does not explain

why certain concepts are expressed by compounds but not by equally efficient existing

words. To address this issue, I hypothesized that established notions of communicative

and cognitive economy might predict the choice between word reuse and compounding

for expressing an emerging concept. I tested this hypothesis via a computational analysis

of English word meanings that emerged over the last century, and I found that strategy

choice may be explained partly by a pressure for least effort.

Finally, I further examined the creation of non-literal compound labels by adopting

a modelling-based approach and considering cognitive processes involved in compound

interpretation. Specifically, I hypothesized that jointly considering analogy and com-

position provides a better account of non-literal labels. I formulated a computational

model that integrates these cognitive processes to predict the compound label of a given

concept, and I showed that the model more accurately reconstructs both literal and non-

literal compound labels that are attested in English, Chinese, and German than simpler

baseline models.

6.2 Future directions

The perspectives and computational approaches that I developed in this thesis provide a

foundation for new lines of investigation into the creation of compound expressions and

other aspects of the temporal evolution of the lexicon. I conclude by outlining several

directions for future work.
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6.2.1 Additional speaker-level processes

In Chapter 5, I have examined how speakers create compounds to express specific con-

cepts by modelling analogy and composition in computational terms. However, there is a

broader space of processes that may be employed by speakers to create new compounds.

A natural direction for future work is to explore how the current model may be integrated

with these processes to provide a better account of the data.

While I have modelled composition as a form of averaging, existing studies in lin-

guistics suggest that compounding involves more specific forms of composition. This is

apparent in classes of compounds where the head-modifier relations tend to be system-

atic. For instance, in many cases of incorporation and synthetic compounds, the intended

meaning can be derived by treating the modifier as an argument of the verb contained

in the head (Mithun, 1984; Bauer, 2017). This is exemplified by house-hunt and taxi

driver, which refer to “hunting for a house” and “someone that drives taxi”, respectively.

Similarly, the intended meaning of an appositional compound is the intersection of the

constituents (Wälchli, 2005). One classic example of this is singer-songwriter, which

refers to someone that is both a singer and a songwriter. Future work may explore how

to integrate these processes into computational models of compounding; one possibility

is to devise a general composition function that captures all of these cases, whereas an

alternative solution is to model each case with a separate function.

Moreover, it is plausible that the formation of certain exocentric compounds involves

cognitive processes in word meaning extension. Recall that in Section 2.2.1.1, we saw

that the meanings of exocentric compounds may be derived from their constituents by

interpreting the latter in non-literal ways (Benczes, 2006; Bauer, 2010; Jackendoff, 2016).

Although some exocentric compounds may be better explained by analogy (e.g., green-

collar), others may have been created by speakers that chose to extend the meaning of

a word before combining it with a modifier. For example, firedog refers to “iron support

for burning logs” (Benczes, 2006, p. 175); to create this compound, the speaker may have
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first extended the meaning of dog such that it refers to a metal support. Future work may

explore how to model word meaning extensions in compounding; one intuitive starting

point is to adapt existing modelling work on the cognitive processes in extensions (e.g.,

Ramiro et al., 2018; Pinto Jr & Xu, 2021) to the current context.

6.2.2 Connections to lexical evolution

In this thesis, I have mainly viewed compounding as a strategy for lexicalizing emerg-

ing concepts and enriching the vocabulary of a linguistic community. Here, I describe

two extensions to the connections between communicative efficiency and lexicalization

strategies that were established in Chapters 3 and 4.

6.2.2.1 Efficiency and language change

In Chapter 3, I proposed that conventional compounds and reuse items are shaped by

competing pressures for informativeness and ease of use. By showing that these lexical

items reflect relatively efficient tradeoffs, this study adds to the growing line of work

suggesting that language is shaped to support efficient communication (e.g., Regier et

al., 2015; Kemp et al., 2018; Gibson et al., 2019; Futrell & Hahn, 2022). However, similar

to earlier efficiency-based accounts, a limitation of this study is that it did not specify

the mechanisms that gave rise to the efficiency that was observed.

As a starting point, it may be useful to consider the different ways in which speak-

ers relate to linguistic innovations. While some speakers adopt innovations from others,

other speakers, typically known as innovators, are responsible for introducing linguis-

tic innovations to the community (Labov, 2011; Milroy & Milroy, 1985; Del Tredici &

Fernández, 2018). These two types of speakers may also correspond to different mecha-

nisms that shape the efficiency of conventional labels. On the one hand, innovators may

be motivated to create labels that are efficient (e.g., by using processes in Chapter 5) to

achieve communicative success. On the other hand, non-innovators may be less prone
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to adopting inefficient labels. This is consistent with studies suggesting that transparent

form-meaning pairs are easier to retain (Rodd et al., 2012; Brusnighan & Folk, 2012) and

that language users often view compounds with redundant constituents (e.g., wind flag)

as unplausible (Downing, 1977; Günther & Marelli, 2016).

An important direction for future work is to examine the mechanisms that under-

lie efficient tradeoffs in lexicalization. To this end, it may be useful to examine how

expressions for emerging concepts achieve efficient tradeoffs in controlled experiments

with artificial languages: existing experimental work has successfully addressed many

related issues, including the mechanisms that underlie the efficiency of semantic cate-

gories (Carstensen, Xu, Smith, & Regier, 2015; Carr, Smith, Culbertson, & Kirby, 2020)

and word lengths (Kanwal et al., 2017), as well as the conditions that drive speakers

to create compositional forms (Kirby et al., 2015; Raviv et al., 2019a, 2019b) and reuse

items (Karjus et al., 2021; K. Smith, Bowerman, & Smith, 2025).

6.2.2.2 Additional lexicalization strategies

In Chapters 3 and 4, I have examined conventional labels produced by reuse and com-

pounding, which are among the most common lexicalization strategies. However, there

are various other strategies that play a non-trivial role in enriching the lexicon.

For instance, let us consider additional strategies that produce expressions similar

to compounds. In English and other European languages, neoclassical compounds are

lexical items with constituents from the vocabulary of Greek or Latin (Bauer, 1998).

These items are relatively common (e.g., field-of-study words ending in -logy), but they

are distinct from compounds because the Greek or Latin constituents are usually unable

to function as independent words. Other compound-like expressions involve connecting

word pairs through an additional grammatical element (Finkbeiner & Schlücker, 2019;

Pepper, 2022). These elements may involve the genitive case (e.g., Japanese kumo no so;

lit. spider’s nest, ‘spiderweb’), prepositions (e.g., part of speech, man-at-arms), or suffixes
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for deriving relational adjectives (e.g., Dutch stalen zenuwen; lit. made-of-steel nerves,

‘nerves of steel’). These expressions are less common than compounds but nonetheless

numerous, making up about 48% of a crosslinguistic sample of lexicalized expressions

that contain two nouns and potentially additional elements (Pepper, 2022).

Although they produce structurally different labels, the diverse lexicalization strate-

gies of human language share a common communicative function by enabling the ex-

pression of emerging concepts. From this perspective, it is natural to ask whether the

view that language is shaped to support efficient communication has the potential to

account for strategies beyond reuse and compounding. The studies in Chapters 3 and 4

provide a concrete starting point for addressing this question. For instance, it should be

straightforward to assess the efficiency of lexicalized English N + P + N constructions

(e.g., sense of humour), given that they are similar to compounds and are covered by the

lexical resources used in Chapter 3 (e.g., WordNet; Fellbaum, 1998).



Appendix A

Supplementary information for

Chapter 2

A.1 Exceptions to criteria for compounds

This section provides examples of languages which contain items that are commonly re-

garded as compounds but violate at least one of the typical compound-defining conditions

described in Section 2.1.

Condition 1: Compounds and phrases have distinct stress positions.

• Exception 1: In Romance languages, there is no distinctive word stress that distin-

guishes compounds from phrases (e.g., Rainer & Varela, 1992; Arnaud, 2015).

• Exception 2: In Hebrew, a noun-noun compound has the same stress pattern as a

noun-noun phrase (Borer, 2011).

Condition 2: Morphological inflection is carried by a single constituent.

• Exception 1: In Romance languages, it is typical to inflect both constituents in

coordinative compounds (Finkbeiner & Schlücker, 2019). For example, consider
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the pluralized French compound auteurs-compositeurs ‘songwriters’.

• Exception 2: In Finnish, both constituents of certain compounds are modified when

they are inflected (Hyvärinen, 2019). For example, the allative of the compound

nuoripari ‘newlyweds’ is nuorelleparille, which is modified by the suffix -lle.

Condition 3: Neither constituent is allowed to interact with other words in a sentence

as individual words that are independent of the compound.

• Exception 1: In Chinese, constituents in verb-noun compounds may be separately

modified by other words (Huang, Wang, & Chen, 2022). For example, the first

constituent of ĺı-hūn ‘divorce’ is modified in ĺı liǎng c̀ı hūn ‘divorce twice’.

• Exception 2: In Hungarian, auxiliaries may split up noun-verb compounds in sen-

tences (Kiefer, 1990). For example, the second constituent of levelet ı́r ‘letter-write’

is modified in Péter levelet akar ı́rni ‘Peter wants to write letters’.

A.2 Defining non-literal heads

Although the hypernymy-based definition of semantic heads is well-established for en-

docentric compounds (Bloomfield, 1933; Bauer, 2017), to my knowledge there is no

established notion of semantic heads for exocentric compounds. In this section, I develop

a notion of semantic heads for exocentric compounds, and I refer to constituents that

correspond to this notion as non-literal heads. Following the intuition that the head

is the more important constituent (Zwicky, 1985; Scalise & Fábregas, 2010), the main

desideratum is that non-literal heads should be intuitively more or equally important

relative to the non-heads in terms of their contribution to compound meanings. The

rest of this section defines non-literal heads for different types of exocentric compounds

based on the typology proposed by Bauer (2010): Section A.2.1 focuses on exocentric
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compounds that are subordinative, Section A.2.2 focuses on coordinative compounds,

and Section A.2.3 provides a brief discussion of the current definition.

A.2.1 Subordinative compounds

Following Bauer (2017), subordinative compounds are combinations in which one con-

stituent is in some sense subordinate to the other.1 Assuming that the meaning of an

exocentric compound can always be derived via a non-literal interpretation of the con-

stituents, I show that one can use the non-literal interpretation to treat the word com-

bination as an endocentric compound that contains a semantic head in the traditional

sense. This is achieved through one of two strategies:

• Strategy 1: If the meaning is derived by interpreting constituent B in a non-literal

way and modifying it with constituent A, then constituent B under its non-literal

interpretation functions as the traditional semantic head of the compound AB.

• Strategy 2: Otherwise, if the meaning is derived by interpreting the entire com-

pound AB in a literal way and extending its literal interpretation by a figure of

speech, then AB under the literal interpretation is an endocentric compound that

possesses a traditional semantic head.

For exocentric compounds that are subordinative, I define the non-literal head as the

traditional semantic head that is identified through one of the above strategies. In the

following, I discuss how these non-literal heads are identified with respect to the subclasses

of exocentric compounds proposed by Bauer (2010), except for coordinative compounds

which will be discussed in the next section.

1Based on Bauer’s discussion, this definition seems to at least subsume the non-coordinate subclasses
defined by Bisetto and Scalise (2005). For compounds in these subclasses, one constituent is subordinate
in the sense that it is an argument of the other constituent or it modifies the other constituent.
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A.2.1.1 Bahuvrihi

The compound AB is bahuvrihi or possessive if its intended meaning is “having AB ” or

“an entity that has AB ”. Because it originally refers to “having much rice” or “one who

has much rice” in Sanskrit, the compound bahuvrihi (lit. much-rice) itself is an example

of bahuvrihi compounds (Bauer, 2010). There are also various bahuvrihi compounds

in English, such as paleface, birdbrain, and white-collar. These compounds typically

consist of a noun that another entity possesses and a second constituent that modifies

the noun, and they are exocentric because none of the constituents is a hypernym of

the intended property or referent. Nonetheless, observe that the meaning of a bahuvrihi

compound can be derived from some literal interpretation of both constituents and its

metonymic extension, which would enable the identification of non-literal heads via the

second strategy. For example, observe that the non-literal head of bahuvrihi is vrihi

(lit. rice), and the non-literal heads of the preceding English bahuvrihi compounds are

face, brain, and collar, respectively.

A.2.1.2 Synthetic

In general, synthetic compounds contain a constituent that is derived from a verb such

that the compound meaning can be obtained by treating the other constituent as the

argument of the verb. English synthetic compounds are often endocentric, such as bus

driver, city employee, or pan-fried. In this case, the traditional semantic head contains

both a verb and a morpheme that indicates the word class of the intended concept. In

contrast, the verb-based constituent in exocentric synthetic compounds does not con-

tain any overt marking of the intended word class. For example, the French compound

gratte-ciel (lit. scratch-sky) refers to skyscrapers, and the Japanese compound tsume-

kiri (lit. nail-cut) refers to nail clippers; both compounds are nouns but their overall

word class is not indicated by the verb-based constituents. Nonetheless, observe that if

we view these synthetic compounds as endocentric by extending the meaning of their
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verb constituents (e.g., by treating kiri as something that cuts), then we would be able

to identify their non-literal heads via the first strategy. For example, observe that the

non-literal heads of gratte-ciel and tsume-kiri are gratte and kiri, respectively.

A.2.1.3 Transpositional

Bauer (2010) defines transpositional compounds as cases in which the word class of

the compound is not overt in either of the constituents. Based on the examples he

provides, a large portion of this subclass appears to be coordinative compounds where

both constituents have the same class that deviates from the class of the compound.

In his subordinative examples, it appears that the literal meaning of the compound

tends to capture an attribute of the intended referent: the Swahili compound ujauzito

(lit. come-heavy) refers to pregnancy but the literal meaning refers to the acquisition of

the fetus’s weight; the Mandarin compound zhuǎn-yǎn (lit. turn-eye) refers to instantly

but the literal meaning describes the time taken to complete an action. Similar to

bahuvrihis, the meanings of these transpositional compounds can be obtained from a

literal interpretation of both constituents and a further metonymic extension, which

would allow us to apply the second strategy for identifying non-literal heads (e.g., the

head of zhuǎn-yǎn is zhuǎn). However, it is unclear if all transpositional compounds are

instances of metonymy, and the generality of this pattern is left for future work.

A.2.1.4 Metaphorical

According to Bauer (2010) and later Bauer (2017), a compound is metaphorical if it

contains “a metaphor in their non-modifying element” or if the whole compound has a

metaphorical interpretation. Observe that we may identify the non-literal head in each

of these two cases by appropriately applying the two strategies. For example, firedog

refers to “iron support for burning logs”, where dog may be seen as a metaphor for a

thing that guards over the fire like a watchdog (Benczes, 2006, p. 175); the non-literal
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head is dog if we apply the first strategy. In contrast, dust bowl refers to “an area with

no vegetation” and may be seen as a metaphor in which the source domain is a literal

bowl full of dust; the non-literal head is bowl if we apply the second strategy.

A.2.2 Coordinative compounds

Coordinative compounds constitute a subclass of word combinations in which both con-

stituents “are on an equal footing, not one which is subordinate to the other” (Bauer,

2017, p. 83). According to Bauer (2010), most coordinative compounds are exocen-

tric, and the main exception is a subclass called appositional compounds, in which

the compound denotes an intersection of the constituents (e.g., hunter-gatherer, singer-

songwriter). These compounds are endocentric because both constituents are hypernyms

of the compound and may be seen as semantic heads in the traditional sense.2

The most prototypical coordinative compounds across languages express superordi-

nate categories relative to their constituents (Wälchli, 2005). For example, the Georgian

compound da-dzma (lit. sister-brother) denotes the union of the constituent categories,

and the Tagalog compound araw-gabi (lit. day-night) denotes “day and night” or “all

the time”, which is a generalization of the constituents. There does not seem to exist an

intuitive way to apply the standard, hypernymy-based notion of semantic heads to these

prototypical compounds because their constituents are hyponyms, but both constituents

nonetheless contribute to the meaning of the compound equally by definition. To fa-

cilitate the identification of heads, I define the non-literal head of a non-appositional

coordinative compound as the constituent in the general head position of endocentric

compounds from the same language.

2For simplicity, I assume that the head of an appositional compound is the constituent that shares the
same position with the heads of most endocentric compounds. For example, this implies that songwriter
is the head of singer-songwriter since English compounds are generally right-headed (Lieber, 2011).
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A.2.3 Discussion

In this section, I defined the notion of non-literal heads for various types of exocentric

compounds. Similar to the notion of semantic heads proposed by Scalise and Fábregas

(2010), non-literal heads may be seen as an extension of traditional semantic heads,

which are relatively well-defined for endocentric compounds. This is the case because

the traditional notion is directly incorporated into the definition of non-literal heads for

both subordinative and coordinative compounds.

A natural question to ask is whether non-literal heads are well-defined for every exo-

centric compound. This involves at least two considerations: 1) the head should be always

identifiable; and 2) the head should be unique. The first consideration is in part addressed

by the fact that the definition covers a wide range of exocentric compounds discussed in

the literature, but it is unclear if these compound types are exhaustive. Moreover, since

transpositional compounds were not as well specified as the other subclasses, future work

is required to fully specify how non-literal heads are defined for these compounds. The

second consideration is relevant when there exist different ways to derive the meaning of

the same exocentric compound (e.g., different figurative interpretations), and a problem

would occur if they lead to different assignments of head and modifier when applying the

strategies in Section A.2.1. It is possible to resolve this problem by prioritizing certain

interpretations over others during head identification, but an investigation of the extant

of this problem and its potential solutions is left for future work.
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Chapter 3

B.1 Additional information on computational for-

mulation

We provide additional information on the computational formulation of our theoretical

proposal. We first provide a formal derivation of the objective function we used to specify

the Pareto frontier. We then provide additional discussion on previous efficiency-based

accounts of the lexicon.

B.1.1 Derivation of the objective function

Here we provide a formal derivation of Equations 2-5 in the main text. Recall that the

expanded lexicon L′ is the union of the existing lexicon L and an encoding of emerging

concepts E∗. Now, consider the case in which the same speaker interacts once with each

of n distinct listeners, for a large number n. In the i-th interaction, the speaker samples

an intended concept from the need distribution Ci ∼ p(c|L′) and a word form from the

production policy Wi ∼ p(w|c,L′); if Wi = w, then the i-th listener approximates the

99
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speaker’s mental representation using the distribution m̂
(i)
w . We assume the listeners are

distinct but have the same listener distribution, i.e., for every w, m̂
(1)
w , m̂

(2)
w , ..., m̂

(n)
w

iid∼

m̂w,L. We will consider a large sample of these interactions, represented by the sequence

(C1,W1), (C2,W2), ..., (Cn,Wn).

B.1.1.1 Average word length

First, we relate the average length over the above interactions to the expectation of

length. Let Llength be the average length over these interactions. We define this random

variable by first multiplying the length of w with the fraction of times the form-concept

pair (w, c) shows up in the sample of interactions, and then summing over all possible

pairs:

Llength =
∑
c,w

l(w) ·
[
lim
n→∞

1

n

n∑
i=1

1[Wi = w,Ci = c]

]
=

∑
c,w

l(w) · p(c, w|L′) (B.1)

The last step shows the average length over many interactions converges to the expected

length with probability 1, which follows from the strong law of large numbers and a

property of the indicator function. We thus define average length as the expectation of

length.

B.1.1.2 Average information loss

Next, we relate the average information loss over the above interactions to the expecta-

tion of KL divergence. Let Lerror be the average information loss over these interactions.

Similar to Regier et al. (2015), because we assumed speaker distributions have perfect

accuracy, the information loss incurred in the i-th interaction reduces to the surprisal

h(m̂
(i)
w (c)) if c and w were selected by the speaker. Since listener distributions are inde-

pendent and identically distributed, the information loss incurred in any interaction is

h(m̂w,L(c)) if c and w were selected by the speaker. Thus similar to above, we define the

random variable Lerror by first multiplying the surprisal of c given w with the fraction

of times the form-concept pair (w, c) shows up in the sample of interactions, and then
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summing over all possible pairs:

Lerror =
∑
c,w

h(m̂w,L(c)) ·
[
lim
n→∞

1

n

n∑
i=1

1[Wi = w,Ci = c]

]
=

∑
c,w

h(m̂w,L(c)) · p(c, w|L′) (B.2)

The last step shows the average information loss over many interactions converges to the

expected surprisal with probability 1, which follows from the same steps used in Equa-

tion B.1. We thus define average information loss as the expectation of KL divergence

(which reduces to expected surprisal).

B.1.1.3 Objective function

To assess the role of communicative efficiency in shaping the encoding E∗, we combine

and simplify the average length and information loss as defined above. First, we make

two simplifying assumptions: 1) the frequency of concepts encoded in the existing lexicon

during the target interval between t1 and t2 remains proportional to their frequency at

time t1, the point at which all speakers use the existing lexicon by assumption; and 2) the

production policy for these concepts during the target interval remains the same as the

policy at time t1. These assumptions imply that for every concept-form pair (c, w) ∈ L,
we have p(c|L′) ∝ p(c|L) and p(w|c,L′) = p(w|c,L). The objective function for the

encoding E∗ can now be obtained as follows:

Lβ[E
∗|L] = E[D(M ||M̂)|L′,L] + βE[l(W )|L′] (B.3)

=
∑

(c,w)∈L′

p(c, w|L′) · (h(m̂w,L(c)) + βl(w)) (B.4)

=
∑

(c,w)∈L

p(c, w|L′) · (h(m̂w,L(c)) + βl(w)) +
∑

(c,w)∈E∗

p(c, w|L′) · (h(m̂w,L(c)) + βl(w))

(B.5)

∝
∑

(c,w)∈E∗

p(c, w|L′) · (h(m̂w,L(c)) + βl(w)) (B.6)

where the second last line follows from L′ = L ∪ E∗ and the fact that L and E∗ are

disjoint, and the last line follows from the fact that the first sum in the previous line is
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constant in terms of E∗ after applying our assumptions on the need distribution and the

speaker’s production policy.

B.1.2 Additional discussion

We have hypothesized that word reuse and combination reflect a tradeoff between speaker

effort and information loss, and that both attested reuse items and combinations are con-

strained by competing pressures to minimize these communicative costs. We formalized

this idea by extending previous models of communication (e.g., Regier et al., 2015; Za-

slavsky et al., 2018) to the setting in which new lexical items spread among language

users. One consideration is that existing frameworks or simpler variants are sufficient

for explaining both attested reuse items and compounds, such that it is less parsimo-

nious to use an extended framework. In particular, under an existing framework, Y. Xu

et al. (2016) has shown that a pressure for informativeness constrains the products of

word meaning extension in the domain of container names, and it may be likely that this

finding generalizes across domains. Here we briefly discuss why existing frameworks and

their underlying information-theoretic principles cannot also account for attested combi-

nations of existing words or combinations involving subwords in general. Our discussion

will focus on how subwords relate to expected word length and informativeness under

existing frameworks.

Word length. We consider the two-stage approach in Mollica et al. (2021) which

decomposes the speaker’s production policy into a meaning encoder and a form encoder

and mirrors earlier work in lossy data compression (e.g., Chou, Lookabaugh, & Gray,

1989). Under this approach, the meaning encoder maps each intended message to a

distribution over a finite list of indexes, and the form encoder maps each index to a unique

string. Given a fixed meaning encoder, the optimal form encoder that minimizes expected

word length can be obtained from classic results in lossless data compression (Cover &

Thomas, 2006), and the set of strings assigned by this encoder is likely to be shorter on
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average and less structured than an alternate set of strings that contains a high amount

of subword structure (Pimentel et al., 2021). However, under this existing approach, an

optimal form encoder does not impose systematicity between subwords and meaning even

at the item level. Crucially, the optimal string assignment to each index only depends

on the length of the string and the probability of the index. Observe that this condition

does not impose systematicity because exchanging any two forms of the same length does

not affect expected word length, even if these forms are substrings of longer forms whose

index assignment remained unchanged. For example, the strings fly and man have the

same length and are frequent compound head words; suppose that now fly expresses the

meaning of man and vice versa, but the meanings of all other words remain the same.

This change violates attested systematicity in endocentric compounds headed by these

words, e.g., fireman becomes a fly and firefly becomes a man, but the expected word

length of the lexicon remains the same as before.

An important feature of existing frameworks based on variable-length lossless data

compression is the use of entropy as the lower bound on expected length (Mollica et

al., 2021; Pimentel et al., 2021). This implicitly assumes that word forms are uniquely

decodable, which does not hold over the whole lexicon in general (Ferrer-i Cancho et al.,

2022). This is apparent in the case of compound words: for example, there are two ways

to decode the string black sea, since it can be parsed as a single named entity but also

as two separate words black and sea. In speech, distinctions in word stress are generally

helpful for disambiguating these cases in certain languages (e.g., English; Marchand,

1969) but not others (e.g., French; Van Goethem & Amiot, 2019).

Informativeness. In efficiency-based accounts of the lexicon that invoke the point-

to-point model of communication, the expected KL divergence between speaker and

listener distributions over world states has become the standard way to measure infor-

mation loss (Regier et al., 2015; Y. Xu et al., 2016; Zaslavsky et al., 2018; Y. Xu, Liu,

& Regier, 2020; Zaslavsky et al., 2021; Mollica et al., 2021; Chen et al., 2023; Aggarwal,
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Watson, Senapati, & Stevenson, 2024). The exact implementation of speaker and listener

distributions differs across studies, but a common assumption is that the listener has full

access to the speaker’s production policy (e.g., in Kemp and Regier (2012), the listener

distribution is a function of the shared lexicon as well as the need distribution used by

the speaker). Given this assumption and KL divergence-based information loss, optimal

reconstruction can always be obtained by only combining the meanings of the speaker’s

utterance that exist in the shared lexicon (Zaslavsky et al., 2018). This implies under this

general existing approach, subword information in word forms is irrelevant for accurately

reconstructing messages intended by speakers.

Differing from these existing accounts, in our approach the speaker may use word

forms that do not exist in the lexicon of the listener. The listener distribution for new

word forms depends on data-driven modelling decisions and is less general than listener

distributions that only depend on the mathematical formulation of the communication

model itself (e.g., Zaslavsky et al., 2018). Nonetheless, experimental studies on language

evolution (e.g., Raviv et al., 2019b, 2019a) and language production (e.g., Downing, 1977;

Pugacheva & Günther, 2024) show that listeners are able to accurately infer intended

messages using labels that combine subwords in an informative way, suggesting that

plausible listener distributions for new word forms will be dependent on subword level

information.

B.2 Historical data

Here we provide a full description of our data processing pipeline for instantiating our

scenario of lexical evolution. We first describe the pipeline for English analyses, which

builds towards and is followed by a description of the pipeline for French and Finnish

analyses. Lastly, we provide an evaluation of the historical sense frequencies used in this

study.
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B.2.1 Processing of English data

Here we describe the pipeline for processing the English data. It involves the following

steps: 1) standardizing word forms in WordNet (Fellbaum, 1998); 2) estimating the ex-

isting lexicon L; 3) identifying emerging reuse items; 4) identifying emerging compounds;

and 5) compiling L and the attested encoding E∗.

B.2.1.1 Standardizing word forms

We standardized the space of English word forms to facilitate measuring word length and

frequency. We defined a standard word form as a lemma (since WordNet only provides

lemma forms) that contains only alphabetical, lowercase characters or a delimiter in the

form of dash or hyphen and does not have alternate spellings from which it is vastly

dissimilar. To satisfy the second criterion, we removed any form-sense pair such that

1) the form is a synonym of a proper noun or an initialism, 2) the form is a number in

orthographic form, or 3) the sense definition includes the words slang or informal term.

We also removed forms that can be further lemmatized using the WordNet lemmatizer

in NLTK (Bird, Klein, & Loper, 2009).

B.2.1.2 Existing lexicon

To estimate the lexicon L existing at time t1, we first estimated the subset of form-

sense pairs that existed during the interval [t1, t1 + 19] and another subset that existed

during the interval [t1 − 20, t1 − 1], and then we set L to be the intersection between

the subsets. We estimated if a form-sense pair existed during interval [t, t′] by checking

if their frequencies in historical corpora exceed certain thresholds. We first obtained

sense frequencies from the Corpus of Historical American English (COHA; Davies, 2002).

From documents published between t and t′, we extracted contiguous sentences that

contain at least one ambiguous word and identified the intended sense of each ambiguous

word using the word sense disambiguation algorithm EWISER (Bevilacqua & Navigli,
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2020). In Appendix, Section B.2, we verify that the resulting sense frequencies reflect

historical changes in word meaning. Second, to more accurately estimate the frequencies

of historically rare words, we used unigram frequencies provided by the Google Ngrams

corpus (English 2020 version; Michel et al., 2011). Since infrequent word forms and senses

are more sensitive to noise, we included a form-sense pair in L only if 1) the unigram

frequency of the form exceeds τtoken = 10 and 2) the ratio between sense and unigram

frequencies, i.e., the proportion of times the sense is expressed by the word, exceeds

τsense = 0.1 during the interval.

B.2.1.3 Attested encoding via combination

As mentioned in the main text, we determined the set of emerging concepts and its

attested encoding for an interval [t1, t2] by collecting attested reuse items and compounds

that contain a first citation in the interval, and here we describe how these items and their

first citations were collected. The first step was to identify a list of WordNet lemmas that

are compound words. We identified a lemma as a closed compound if it is an entry that

is singular and correctly parsed in the Large Database of English Compounds (LADEC;

Gagné et al., 2019) or if it is etymologically formed via compounding in an extraction

of Wiktionary (W. Wu & Yarowsky, 2020); both sources also provided us with their

correct constituent segmentation. To identify open and hyphenated compounds, we took

an inclusive approach by extracting all WordNet lemmas that can be parsed into two

lemmas by underscore or hyphen. We only extracted compounds that have exactly two

constituents for tractability, and we removed lemmas in which the second constituent

is a preposition so that the compound head is usually on the right. Given this list of

compounds, the second step is to determine the first citation of form-sense pairs in which

the form is a listed compound. We used the Historical Thesaurus of English (HTE;

Kay et al., 2017) to determine the first citation of the compounds we collected, and if a

compound form w has first citation at year t, we assumed all form-sense pairs containing
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w also has first citation at t.

B.2.1.4 Attested encoding via reuse

As in the description of compound-based encodings, here we focus on describing how

we collected reuse items and their first citations. We used two methods to collect this

dataset. In the first method, we manually annotated the first citations of 1, 331 form-

sense pairs in WordNet by checking the HTE and the associated sense definitions in

the Oxford English Dictionary (OED). In the second method, we used first citations of

compounds to automatically estimate the first citations of compound constituents that

were reused to express the senses of compounds (e.g., cell and cellphone). In the following,

we first describe how we obtained the manually annotated form-sense pairs, and then we

describe the second automatic method.

To select the subset of form-sense pairs to annotate, we used two automatic methods

to shortlist pairs that are likely to have emerged in the past century and are expressed

by polysemous words. First, we used the HTE to find words such that all of their HTE

senses first appeared in the 20th century, and we shortlisted these words along with all

of their WordNet senses. Second, we used the HTE to find words that have at least

one HTE sense with a first citation before 1900 and at least one with a first citation

after 1900. Since the second list is large, we pruned the words in the list by checking

if the definitions of their senses overlap with culturally salient keywords useful for novel

word sense detection (Cook et al., 2014). Each sense definition is processed by removing

non-alphabetical characters, converting to lowercase, and lemmatizing its tokens using

the WordNet lemmatizer from NLTK (Bird et al., 2009). We kept a form-sense pair in

the list only if the processed sense definition contains one of the keywords, which yields

the second shortlist.

Since Cook et al. (2014) focused on senses emerging after year 2000, we selected a

new set of keywords that are culturally salient during the past century. We selected
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aircraft, airport, basketball, broadcast, broadcasting, car, choco-
late, cigarette, cinema, computer, data, electric, electrical, elec-
tronic, film, hockey, internet, jazz, motor, motorcycle, online, petro,
petroleum, phone, pilot, radar, radio, rocket, software, spaceship,
television, video

Table B.1: Set of cultural keywords

these keywords semi-automatically by first selecting keyword candidates based on fre-

quency information in COHA. Specifically, we first selected candidates using two kinds

of frequency information from five subcorpora of COHA (i.e., the full corpus plus the

four genres consisting of fiction, magazine, news, and non-fiction). For every subcorpus

of COHA, we first ranked all lemmas that appear in both the pre-1900 and post-1900

parts of the subcorpus by changes in their frequency. That is, let fh(w) and fm(w) be

the frequencies of lemma w in these two parts respectively; we followed Ryskina et al.

(2020) and ranked the lemmas by the ratio of their modern and historical frequencies,

fm(w)/fh(w). We then ranked all lemmas that only appear in the post-1900 part of

the subcorpus by their raw frequency. For both ranked lists, we selected the top 100

lemmas. We applied this method to all of COHA and its four genres, yielding in total

ten 100-word lists. Given these word lists, we then manually selected words that are 1)

related to technological or cultural innovations in the past century and 2) likely to exist

in the definitions of a large number of word senses. We also manually augmented the

selected words with additional ones that are etymologically related (e.g., electronic and

electric). In total, we identified 32 keywords, which are shown in Table B.1.

Finally, we used the first citations of English compounds to help supplement our

dataset of English reuse items. For each form-sense pair in our dataset of attested

English compounds, we checked if the compound has a synonym in WordNet that is also

a constituent of the compound (e.g., line and assembly line). We added these synonymous

constituents to our set of reuse items and assumed their first citation is the same as the

compound. Note that even though a word can be first formed via compounding and later

reused in the same interval, our setting does not allow the same word form to exist in
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Interval # existing forms # existing senses # reuse # combination
1900+ 47, 572 43, 649 136 766
1920+ 49, 876 45, 658 127 914
1940+ 51, 353 47, 194 142 627
1960+ 52, 317 48, 070 92 474
1980+ 52, 957 48, 555 21 47

Table B.2: Number of existing forms and senses, and novel items across intervals for English

both L and L′, and for simplicity we did not include emerging reuse items that are also

emerging compounds in the same interval.

B.2.1.5 Additional processing

After obtaining the existing lexicon L using frequency statistics from historical corpora

and obtaining the attested encoding of novel concepts E∗ by compiling reuse items or

compounds with a first citation in [t1, t2], we synced the encoding E∗ with the lexicon L so

that each novel item communicates a novel concept via reuse or combination. Specifically,

we first updated the lexicon L by removing every form-concept pair that is a reuse item

or compound in the encoding E∗. We then updated the encoding E∗ by removing form-

concept pairs if 1) the concept is encoded in the updated L, or 2) the form itself or one

of its constituents does not exist in the updated L. The descriptive statistics for each

final existing lexicon and attested encoding are summarized in Table B.2. Note that the

smaller sample sizes of the final interval are caused by the sparsity of post-1980 entries

in the HTE.

B.2.2 Processing of French and Finnish data

Here we describe the data processing pipeline for French and Finnish, involving two

steps: 1) estimating the existing lexicon; and 2) estimating attested encodings consisting

of reuse items or compounds.
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B.2.2.1 Existing lexicon

For each interval, we approximated the existing lexicon L by reusing historical English

data and language-specific historical corpora. Specifically, we first assumed the senses

that existed in the English lexicon also existed in French or Finnish. We then obtained

a candidate set of existing words by including the French or Finnish lemma forms of

every concept in the English existing lexicon and standardized them in the same way

we standardized the space of English word forms, except we did not remove word forms

that can be further lemmatized. The candidate set was further filtered to ensure each

word form exists at least τtoken = 10 times in the relevant historical interval of the

Google Ngrams corpus (French 2020 version; Michel et al., 2011) for French and the

Newspaper and Periodical Corpus of the National Library of Finland (FNC; National

Library of Finland, 2014) for Finnish. The descriptive statistics for each existing lexicon

are summarized in Tables B.3 and B.4. Note that fluctuations in the number of existing

words in Table B.4 are due to sparsity of the Finnish corpus for certain historical intervals.

B.2.2.2 Attested encodings of novel concepts

To obtain novel reuse items for an interval, we started with all language-specific form-

sense pairs in which the sense emerges in the same interval in the English data and the

form exists in the language-specific existing lexicon L. We removed pairs in which the

form is a stopword, and we removed duplicates by keeping only the shortest form in

every set of lemmas that express an identical set of senses. The remaining pairs were

added to the reuse-based encoding E∗. To obtain novel compounds, we started with all

pairs in which the sense emerges in the same interval in the English data but the form

is not in the language-specific existing lexicon L. We then selected pairs in which the

form is 1) a closed compound in Wiktionary (W. Wu & Yarowsky, 2020), 2) an open

or hyphenated compound according to our inclusive approach for English compounds,

or 3) a prepositional compound in the case of French. These compounds were added to
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Interval # existing forms # existing senses # reuse # combination
1900+ 19, 429 22, 840 147 124
1920+ 19, 948 23, 541 143 127
1940+ 20, 470 24, 235 141 78
1960+ 21, 121 24, 730 82 67
1980+ 21, 682 25, 160 16 13

Table B.3: Number of existing forms and senses, and novel items across intervals for French

Interval # existing forms # existing senses # reuse # combination
1900+ 17, 033 24, 552 149 209
1920+ 20, 221 27, 404 155 201
1940+ 19, 634 27, 487 118 128
1960+ 14, 340 23, 370 77 95
1980+ 13, 848 22, 968 11 12

Table B.4: Number of existing forms and senses, and novel items across intervals for Finnish

the combination-based encoding E∗ if their constituents do not contain stopwords. The

descriptive statistics for each attested encoding are summarized in Tables B.3 and B.4.

Note that the smaller number of novel items in the last interval is due to sparsity in the

English data.

We note that internally inflected compounds were excluded from our WordNet-based

data because only lemma forms are listed in the existing lexicons. This may have a

greater impact for the French and Finnish analyses since these languages are more mor-

phologically complex than English. We leave the investigation of the role of internal

inflection in our efficiency-based account for future work.

B.2.3 Evaluation of sense frequencies

Our main analyses depended on the frequency of English form-sense pairs in a historical

interval. Since historical text only provides the frequency of word forms, we used a

state-of-the-art word sense disambiguation algorithm, EWISER (Bevilacqua & Navigli,

2020), to determine the proportion of the usages of a word that corresponds to one

of its word senses. To validate whether the resulting sense proportions reflect variation

across different historical intervals, we used an existing evaluation framework for semantic

change detection (Gulordava & Baroni, 2011). The framework consists of a dataset of 100
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words that were rated by 5 annotators on a four-point scale, indicating the degree of word

meaning change between the 1960s and the 1990s. We followed previous computational

work (Cook et al., 2014; Hu et al., 2019) and compared these human ratings of meaning

change against scores computed from sense proportions.

Specifically, we computed a score for each word in the dataset by using novelty scores

for its word senses relative to the 1960s and the 1990s. Let w be a word with m senses

s1, s2, ..., sm in WordNet. Further, let ph(si) be the proportion of si in the historical

usages of w from the 1960s subset of COHA, and similarly let pm(si) be the proportion

from the modern 1990s subset of COHA. We computed a novelty score for si using the

following formula:

N(si) =
pm(si) + α

ph(si) + α
(B.7)

Here α is a constant that prevents division by zero, which we set as 0.01 following Hu et al.

(2019). Finally, the change score of w is defined as the maximum over sense-level novelty

scores; we applied a log transformation to the computed scores to reduce skewness. Since

WordNet consists of mappings between synsets and lemmas, we manually lemmatized

the entries in the dataset from Gulordava and Baroni (2011), and we computed change

scores for the lemmatized entries.

In Table B.5, we compare the correlation between our computed scores and averaged

human ratings against correlations obtained in previous studies that were also based on

the frequency distribution of word senses: 1) Frermann and Lapata (2016) used a col-

lection of historical corpora (Davies, 2002; Diller, De Smet, & Tyrkkö, 2011; Popescu &

Strapparava, 2015) and measured change following Cook et al. (2014) with a state-of-

the-art dynamic Bayesian model; 2) Hu et al. (2019) used the same data and methods

described above, except word senses were obtained from Oxford Dictionary1 and disam-

biguation was based on a nearest-neighbour approach; and 3) Giulianelli, Del Tredici, and

1https://www.lexico.com/
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Method Corpus Pearson Spearman
Frermann (2016) COHA, DTE, CLMET3.0 - 0.377

Hu (2019) COHA 0.520 0.428
Montariol (2021) COHA - 0.510

Our method COHA 0.472 0.435

Table B.5: Correlations between semantic change scores based on sense frequencies and human
ratings of change

Fernández (2020) and Montariol, Martinc, and Pivovarova (2021) used COHA and word

senses inferred from clustering BERT-based contextualized word embeddings (Devlin,

Chang, Lee, & Toutanova, 2019). Our method yielded Pearson (p < 0.001, n = 100) and

spearman (p < 0.001, n = 100) correlations significantly above zero, and we observe that

the performance of our method is comparable to previous results. This suggests that

the sense frequencies we computed reflect attested changes in frequency distributions of

word senses across historical intervals.

B.3 Listener distribution

We present further analyses on design choices involved in our implementation of the

listener distribution. First, we evaluated our semantic (or embedding) space and pro-

totype representations in two parts: 1) we evaluated prototypes of existing words by

using them to reconstruct human ratings of pairwise word similarity; and 2) we eval-

uated composite prototypes by using them to reconstruct human ratings of compound

meaning predictability. Then, we examined the sensitivity parameter γ when the speaker

communicates existing concepts to listeners.

B.3.1 Prototype and word similarity

Here we evaluate our WordNet-based semantic space and prototypes constructed by

weighted averaging. In the following, we first describe datasets of word similarity ratings,

an additional English dictionary, and baselines that involve other choices of semantic
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space and methods for prototype construction. We then use pairwise word similarity to

compare different combinations of embedding method and prototype construction.

B.3.1.1 Datasets

We used three datasets of pairwise word similarity ratings: WordSim-353 (Finkelstein et

al., 2002), MEN (Bruni et al., 2014), and SimLex-999 (Hill et al., 2015). WordSim-353

contains 153 English word pairs rated by 13 subjects and 200 English words pairs rated

by another 16 subjects; in both cases, the subjects are near-native English speakers and

the rating scale is between 0 (totally unrelated) and 10 (very much related or identical).

WordSim-353 was further divided into a set of 203 pairs focused on similarity and a set

of 252 pairs focused on relatedness (Agirre et al., 2009). MEN contains 3,000 English

word pairs, and each pair has a normalized relatedness score between 0 and 1; these

scores were obtained from MTurk crowdworkers who were presented with target and

control pairs and asked to judge whether the target pair is more related. SimLex-999

contains 999 English word pairs, and each pair has a score between 0 and 10 that was

transformed from a 0-6 rating (less to more similar) given by approximately 50 MTurk

crowdworkers. Compared to the earlier datasets, SimLex-999 more explicitly focuses on

pairwise similarity instead of relatedness or association.

In the main text, our primary source of word senses and sense definitions is Word-

Net (Fellbaum, 1998). For comparison, we used Oxford Dictionary as an alternate source

of word senses. We retrieved primary senses and corresponding definitions for words from

two word lists. First, we obtained a subset of the dictionary by recording 3, 353 com-

pounds that appear in both LADEC (Gagné et al., 2019) and the online version of Oxford

Dictionary2. Second, we obtained 43, 482 COHA lemmas and their definitions that ap-

pear in archived webpages of Oxford Dictionary3. In total, this provided us with a set of

2https://www.lexico.com/
3https://archive.org
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77, 359 senses for 30, 760 words.

B.3.1.2 Methods

In the main text, we mapped each word sense c to a vector by embedding the definition

of c with Sentence-BERT (Reimers & Gurevych, 2019). For comparison, we considered a

baseline approach where we embedded each word sense by using the bag of words in its

definition. For each word sense c, we first obtained its definition in WordNet or Oxford

Dictionary, and we recorded the words that are not stopwords and only contain alphabet-

ical characters. We then embedded c by averaging the word embeddings of these words.

We used a set of pre-trained word2vec embeddings that were trained on a 600B-token

corpus from Common Crawl using the continuous bag-of-words architecture (Mikolov,

Chen, et al., 2013; Mikolov et al., 2018).

We considered the following approaches to construct the prototype qw,L for an exist-

ing word w. For WordNet-based embeddings, as in the main text, we constructed the

prototype by taking the weighted average of the embeddings of its word senses; we set the

weights as sense frequencies obtained from the post-2000 subset of COHA. We also con-

sidered two baseline approaches where the weight is uniform or all weight is concentrated

on the most common sense (mcs) in WordNet. For Oxford Dictionary-based embeddings,

we only considered unweighted averages since we did not have easily accessible frequency

information that fully covers our dataset. Finally, since word similarity datasets are usu-

ally used to evaluate word embeddings, we directly used the same pre-trained word2vec

embeddings (Mikolov, Chen, et al., 2013; Mikolov et al., 2018) as prototype vectors. We

always set the existing lexicon L to be the full set of form-sense pairs in a dictionary

since we used contemporary datasets of human similarity ratings.

To evaluate our semantic spaces and prototypes, we first computed the cosine distance

between qw,L and qu,L for every word pair w and u in one of the word similarity datasets.

We then computed the correlation between cosine distances and human ratings of pairwise
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Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.834 < 0.001 −0.836 < 0.001 181
OD W2V (average) −0.456 < 0.001 −0.452 < 0.001 −
OD SBERT (average) −0.588 < 0.001 −0.576 < 0.001 −
WN W2V (mcs) −0.549 < 0.001 −0.497 < 0.001 −
WN W2V (average) −0.521 < 0.001 −0.506 < 0.001 −
WN W2V (weighted) −0.659 < 0.001 −0.628 < 0.001 −
WN SBERT (mcs) −0.617 < 0.001 −0.571 < 0.001 −
WN SBERT (average) −0.697 < 0.001 −0.695 < 0.001 −
WN SBERT (weighted) −0.764 < 0.001 −0.741 < 0.001 −

Table B.6: Evaluating semantic spaces and word-level prototypes using word similarity ratings
(WordSim-353 sim); W2V = word2vec, SBERT = sentence-BERT, OD = Oxford Dictionary,
and WN = WordNet

similarity. To directly compare different approaches, we ensured only word pairs that

exist in the vocabulary of every embedding method are used for evaluation. This yielded

a 181-pair subset of WordSim-353 focused on similarity, a 219-pair subset of WordSim-353

focused on relatedness, a 2647-pair subset of MEN, and 957-pair subset of SimLex-999.

B.3.1.3 Results

We summarize our results for the similarity subset of WordSim-353 in Table B.6, for

the relatedness subset of WordSim-353 in Table B.7, for MEN in Table B.8, and for

SimLex-999 in Table B.9. For all datasets, we observe that directly using word2vec

embeddings usually yields the highest correlations, and weighted averaging of WordNet

senses encoded by Sentence-BERT is the best sense-level approach. We can also observe

that simple averaging of WordNet senses performs better than simple averaging of Oxford

Dictionary senses, and Sentence-BERT encoded definitions outperform the bag-of-words

baseline. These results provide validation for our model of the listener distribution by

showing that the WordNet-based semantic space and weighted averaging approach reflect

human judgements of word similarity.
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Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.699 < 0.001 −0.728 < 0.001 219
OD W2V (average) −0.173 0.010 −0.190 0.005 −
OD SBERT (average) −0.283 < 0.001 −0.278 < 0.001 −
WN W2V (mcs) −0.344 < 0.001 −0.353 < 0.001 −
WN W2V (average) −0.308 < 0.001 −0.274 < 0.001 −
WN W2V (weighted) −0.439 < 0.001 −0.416 < 0.001 −
WN SBERT (mcs) −0.339 < 0.001 −0.303 < 0.001 −
WN SBERT (average) −0.424 < 0.001 −0.392 < 0.001 −
WN SBERT (weighted) −0.509 < 0.001 −0.493 < 0.001 −

Table B.7: Evaluating semantic spaces and word-level prototypes using word similarity ratings
(WordSim-353 rel); abbreviations follow Table B.6

Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.819 < 0.001 −0.838 < 0.001 2647
OD W2V (average) −0.388 < 0.001 −0.391 < 0.001 −
OD SBERT (average) −0.487 < 0.001 −0.493 < 0.001 −
WN W2V (mcs) −0.515 < 0.001 −0.515 < 0.001 −
WN W2V (average) −0.448 < 0.001 −0.445 < 0.001 −
WN W2V (weighted) −0.574 < 0.001 −0.580 < 0.001 −
WN SBERT (mcs) −0.568 < 0.001 −0.574 < 0.001 −
WN SBERT (average) −0.595 < 0.001 −0.600 < 0.001 −
WN SBERT (weighted) −0.666 < 0.001 −0.683 < 0.001 −

Table B.8: Evaluating semantic spaces and word-level prototypes using word similarity ratings
(MEN); abbreviations follow Table B.6

Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.457 < 0.001 −0.404 < 0.001 957
OD W2V (average) −0.074 0.022 −0.082 0.012 −
OD SBERT (average) −0.275 < 0.001 −0.288 < 0.001 −
WN W2V (mcs) −0.170 < 0.001 −0.181 < 0.001 −
WN W2V (average) −0.208 < 0.001 −0.194 < 0.001 −
WN W2V (weighted) −0.259 < 0.001 −0.246 < 0.001 −
WN SBERT (mcs) −0.293 < 0.001 −0.313 < 0.001 −
WN SBERT (average) −0.401 < 0.001 −0.378 < 0.001 −
WN SBERT (weighted) −0.438 < 0.001 −0.426 < 0.001 −

Table B.9: Evaluating semantic spaces and word-level prototypes using word similarity ratings
(SimLex-999); abbreviations follow Table B.6

B.3.2 Composite prototype and meaning predictability

Here we evaluate our WordNet-based semantic space and composite prototypes. We

first describe a compound dataset of meaning predictability and additional methods for

constructing prototypes for compounds. We then use predictability ratings to compare

different combinations of embedding method and construction of composite prototypes.
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B.3.2.1 Compound dataset

The Large Database of English Compounds (LADEC; Gagné et al., 2019) contains 8,957

English closed compounds compiled from the Brown, CELEX and COCA corpora and a

dataset of phrases from Costello, Veale, and Dunne (2006). Every entry in the database is

an adjective-noun or noun-noun compound and contains information on the segmentation

of the compound into head and modifier, whether the segmentation is correct, and the

corresponding human meaning predictability judgement. Meaning predictability was

obtained by asking 1, 772 native English speakers how predictable a compound meaning

is from its parts on a scale of 0 (not very predictable) to 100 (very predictable). As

before, we removed entries that are plural or incorrectly segmented.

B.3.2.2 Methods

As in the main text, here we construct composite prototypes by applying composition

functions to simple prototypes (i.e., the prototypes of lexicalized words instead of novel

compounds). Since we needed to compute information loss for and thus apply composi-

tion to a large number of potential compounds, we prioritized tractability and focused on

linear composition functions (Mitchell & Lapata, 2010). Let w = xy be a compound with

constituents x and y; the linear composition of the prototype vectors of its constituents

is defined as follows:

qw,L = Aqx,L +Bqy,L (B.8)

where qw,L is the composite prototype vector of w, and A and B are real-valued matrices;

as before we set L to be the full set of form-sense pairs. We considered a weighted addi-

tive version of Equation B.8 where the matrices are replaced by scalar weights (Mitchell

& Lapata, 2010). Here we replaced (A,B) with (1−λ, λ) for λ = 0, 0.25, 0.5, 0.75, 1; note

that λ = 0.5 is equivalent to the simple additive function used in the main text since

we used cosine distance throughout. We also considered a full version of Equation B.8
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by using a version of linear projection (Yazdani et al., 2015; Guevara, 2010; Marelli et

al., 2017). Specifically, we obtained matrices (A,B) by minimizing the mean squared

error between the simple and composite prototypes of every compound in LADEC. This

was implemented using batch gradient descent for 10, 000 iterations and the Adam op-

timizer (Kingma & Ba, 2015) with learning rate α = 0.001 and decay rates (β1, β2) =

(0.9, 0.999).

We first evaluated these composition functions by using the best-performing simple

prototypes in the previous section. After intersecting LADEC with WordNet and our

set of pre-trained word2vec embeddings, we obtained a set of 3, 336 compounds with

meaning predictability ratings. We then further evaluated our semantic space and sim-

ple prototypes from the previous section. After intersecting LADEC additionally with

Oxford Dictionary, we obtained a set of 2, 121 compounds with meaning predictability

ratings. In both cases, we computed the cosine distance between the composite and

simple prototypes of every compound in LADEC, and we correlated these distances with

human ratings.

B.3.2.3 Results

The correlations based on the best simple prototypes are shown in Table B.10. We observe

that both types of embeddings yielded similar results across composition functions, and

that the correlations tend to be relatively low when the weight on one of the constituents is

zero. For simplicity, we focused on the simple additive function (λ = 0.5) since it tends to

achieve the best results. In Table B.11, we further evaluate semantic spaces and simple

prototypes based on word2vec, Oxford Dictionary, and WordNet by using the simple

additive function, and we observe the same general trends as in the previous section.

These results provide further validation for our model of the listener distribution by

showing that our composite prototypes reflect human judgements of compound meaning

predictability.
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Method Pearson ρ p-value Spearman ρ p-value N
W2V Additive λ = 0 −0.353 < 0.001 −0.362 < 0.001 3336
W2V Additive λ = 0.25 −0.388 < 0.001 −0.394 < 0.001 −
W2V Additive λ = 0.5 −0.376 < 0.001 −0.384 < 0.001 −
W2V Additive λ = 0.75 −0.291 < 0.001 −0.306 < 0.001 −
W2V Additive λ = 1 −0.203 < 0.001 −0.218 < 0.001 −
W2V Linear −0.310 < 0.001 −0.315 < 0.001 −
WN Additive λ = 0 −0.330 < 0.001 −0.347 < 0.001 −
WN Additive λ = 0.25 −0.377 < 0.001 −0.390 < 0.001 −
WN Additive λ = 0.5 −0.385 < 0.001 −0.392 < 0.001 −
WN Additive λ = 0.75 −0.329 < 0.001 −0.341 < 0.001 −
WN Additive λ = 1 −0.258 < 0.001 −0.273 < 0.001 −
WN Linear −0.363 < 0.001 −0.370 < 0.001 −

Table B.10: Evaluating composition functions based on WordNet (WN) sense-level represen-
tations and word-level word2vec (W2V)

Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.385 < 0.001 −0.391 < 0.001 2121
OD W2V (average) −0.128 < 0.001 −0.109 < 0.001 −
OD SBERT (average) −0.256 < 0.001 −0.252 < 0.001 −
WN W2V (mcs) −0.154 < 0.001 −0.157 < 0.001 −
WN W2V (average) −0.172 < 0.001 −0.171 < 0.001 −
WN W2V (weighted) −0.267 < 0.001 −0.258 < 0.001 −
WN SBERT (mcs) −0.300 < 0.001 −0.317 < 0.001 −
WN SBERT (average) −0.346 < 0.001 −0.348 < 0.001 −
WN SBERT (weighted) −0.408 < 0.001 −0.417 < 0.001 −

Table B.11: Evaluating semantic spaces and simple prototypes using meaning predictability
ratings; abbreviations follow Table B.6

B.3.3 Sensitivity parameter

In the main text, we combined sense and word-level representations with the similarity

choice model (Luce, 1963; Nosofsky, 1986) to instantiate the listener distribution. The

model contains a single sensitivity parameter γ that determines how likely the listener

prefers to infer the most transparent interpretation of the word that was uttered by the

speaker. We focused on the communication of novel concepts, but in our framework

the speaker also communicates concepts in the existing lexicon L to listeners that use

identical listener distributions for existing words. Here we examine how the sensitivity

parameter influences the average information loss incurred in the latter case.

To do so, we reused our WordNet-based datasets for English, French, and Finnish,

except for each historical interval, we focused on the existing lexicon L instead of the
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encoding E∗. In other words, we computed the average cost of communicating existing

concepts by using the omitted sum in Equation 3.5:

Lβ[L] =
∑

(c,w)∈L

p(c, w|L) · (h(m̂w,L(c)) + βl(w)) (B.9)

We used two implementations of the weight p(c, w|L) and the listener distribution m̂w,L.

First, following the main text, we implementing each weight using sense frequencies from

COHA (Davies, 2002) and token frequencies from the Google Ngrams corpus (Michel

et al., 2011) and the FNC (National Library of Finland, 2014), and we used the same

definition of the listener distribution as in the main text. Second, we repeated the first

implementation by changing the weight to a uniform distribution over existing form-sense

pairs while keeping the listener distribution constant.

Since word length is independent of γ in Equation B.9, we only computed the av-

erage information loss across five intervals for English, French and Finnish. We set the

sensitivity parameter γ as 0, 1, 2, ..., 29. The results are summarized in Figure B.1. As

expected, information loss is high when γ is small since that implies the listener does not

distinguish among senses. However, loss decreases with γ until it reaches [15, 20]. This is

because an overly large γ puts most probability mass on a single sense that is the nearest

neighbour of the prototype qw,L, which increases information loss when the same word

is used to express multiple senses. We can also observe that French and Finnish tend to

have higher information loss when the weight p(c, w|L) is uniform. This is because large γ

penalizes words with many senses more severely when the weight is uniformly distributed

as opposed to being concentrated on frequent senses, which are close to frequency-based

prototypes by construction. Similarly, the difference between English (uniform) and the

other languages (uniform) is because the greater coverage of lexical items in the original

Princeton WordNet caused the English lexicons to have more monosemous words (aver-

age percentage of monosemous words = 82.1%) than French lexicons (average percentage
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Figure B.1: Information loss incurred over communicating existing concepts. Triangles indicate
the lowest information loss for a specific language and interval. Legend on the right indicates
the starting year of the interval.

of monosemous words = 61.1%) and Finnish lexicons (average percentage of monosemous

words = 50.8%).

B.4 Additional average-case analyses

We present additional average-case analyses of attested reuse items and compounds.

First, we present analyses using variants of the main-text implementation with different

sensitivity parameters and a uniform frequency distribution of attested items. Second,

we present an average-case analysis that uses phonological representations of word forms.

We then present an analysis of the English data by representing concepts with historical

word embeddings. Finally, we present two analyses on alternative datasets of lexicalized

concepts.

B.4.1 Parameter variation

We tested the robustness of our main-text results by computing average-case efficiency

loss under different settings of the sensitivity parameter γ and the joint distribution
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Figure B.2: Efficiency loss of attested reuse items and compounds relative to the average
loss of baselines. As in the main text, blue bars correspond to attested items, light blue bars
correspond to near-synonym baselines, and grey bars correspond to random baselines. Error
bars show bootstrapped 95% confidence intervals.

over communicative need and speaker’s production. We used γ = 5, 6, ..., 15 and both

frequency-based and uniform distributions. For tractability, unlike the main text we used

a small number of tradeoff parameters, setting β = 0, 0.15, 0.5, 1, 10, and we reduced the

number of baselines created per attested encoding to 1, 000. All other procedures follow

the methods in the main text. Figure B.2 summarizes the efficiency loss of attested

items and baselines. Each bar corresponds to the average over all languages, intervals,

and strategies. We observe the same trend as in the main text: attested encodings are

more efficient relative to both baselines, and near-synonym baselines are more efficient

than random baselines. We can also observe that efficiency loss tends to increase with

γ. This is likely because larger γ increases the gap in information loss between any

non-optimal encoding and the Pareto frontier.
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B.4.2 Phonological representation

In the main text, we used orthographic representations of word forms to approximate

speaker production effort. Here we present the same analysis by using a better approxi-

mation that represents word forms using phonemes. We focused on English and French

since the Finnish grapheme-phoneme mapping is essentially one-to-one (Aro, 2017).

B.4.2.1 Sound dictionaries

To test our proposal using phonological representation of word forms, we used the fol-

lowing sound dictionaries. For English, we used the unstressed version of the CMU

Pronouncing Dictionary (Lenzo, 2014) which is commonly used to evaluate models for

grapheme to phoneme conversion. The dictionary contains 133, 854 unique entries, and

each entry is an English word in orthographic form paired with a phonemic form. The

phoneme inventory of the dictionary contains 39 unique phonemes. For French, we used

the Lexique database (version 3.83; New, Pallier, Brysbaert, & Ferrand, 2004). This

database contains 142, 694 unique entries. Each entry contains a series of variables that

describe a lexical item, but we focused on each item’s orthographic form, phonemic

form, and part of speech. The phoneme inventory of the dictionary contains 38 unique

phonemes. For both dictionaries, we removed entries in which the orthographic form

contains non-alphabetical characters. For French, if entries with the same orthographic

form and part of speech map to multiple phonemic forms, we used the first phonemic

form in the dictionary’s default ordering. We did the same for English except we did not

consider part of speech as it was not provided by the dictionary. This provided us with

116, 507 unique entries for English and 137, 819 unique entries for French.

We note that these sound dictionaries were compiled relatively recently and thus do

not account for sound changes that took place over the target periods of our study. While

chain shifts preserve form-concept mappings, other types of sound change (e.g., deletions

or mergers) may affect the length of a word form or the distinction between phonemes
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and thus the informativeness of a word form (Labov, 2011). We leave more fine-grained

phonological representations and their application to an efficiency-based analysis of reuse

and combination for future work.

B.4.2.2 Out of vocabulary words

Although these sound dictionaries are large, they only cover a limited subset of lemmas

in the English and French WordNets because many entries correspond to inflected forms.

To ensure a comprehensive analysis of our historical data, we obtained the phonemic

form of a word w not in the above sound dictionaries in one of two ways. If w is a

compound in some attested encoding E∗, we approximated its phonemic form using

the concatenation of the phonemic forms of its constituents. Otherwise, if w is a word

in the existing lexicon L, we approximated its phonemic form using a state-of-the-art

grapheme-to-phoneme model that is based on the transformer (Vaswani et al., 2017;

S. Wu, Cotterell, & Hulden, 2021). We first evaluated the model by applying it to the

sound dictionaries described above and using 10-fold cross validation. We obtained an

accuracy of 0.694 and a phoneme error rate of 0.0831 for English, and an accuracy of

0.960 and a phoneme error rate of 0.0831 for French; the English accuracy is slightly

worse than the accuracy reported in S. Wu et al. (2021) for the same dataset and the

high French accuracy is likely due to a large number of inflected forms in the data, but

nonetheless we take this as evidence that the model is able to generalize well. We thus

trained an English model and a French model on the full dictionaries respectively, and

used them to map every form in existing lexicons to a phonological representation.

B.4.2.3 Results

We used these phonological representations of English and French words to test our pro-

posal. We reused the implementations of the scenario described in the main text, except

for changes in form-concept mappings. For both languages, we replaced the orthographic
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Interval # existing forms # existing senses # reuse # combination
1900+ 45, 919 43, 649 136 766
1920+ 48, 101 45, 658 127 914
1940+ 49, 534 47, 194 140 627
1960+ 50, 452 48, 070 92 473
1980+ 51, 061 48, 555 21 47

Table B.12: Number of existing forms and senses, and novel items for English after mapping
orthographic forms to phonemic forms

Interval # existing forms # existing senses # reuse # combination
1900+ 18, 531 22, 840 147 124
1920+ 19, 031 23, 541 143 127
1940+ 19, 530 24, 235 140 77
1960+ 20, 121 24, 730 82 67
1980+ 20, 643 25, 160 16 13

Table B.13: Number of existing forms and senses, and novel items for French after mapping
orthographic forms to phonemic forms

form in every original form-concept pair with its unique corresponding phonemic form;

for French, some orthographic forms have multiple phonemic forms corresponding to dif-

ferent parts of speech, and in these cases we assigned the correct phonemic form based

on the part of speech of the WordNet sysnet for the concept. For both the existing lexi-

con L and the attested encoding E∗, we removed duplicate form-concept pairs after the

conversion to phonemic forms. We removed compounds in E∗ if their phonemic forms

were contained in the phoneme-based existing lexicon, but this only removed a very small

number of attested compounds. We summarize descriptive statistics for our final datasets

in Tables B.12 and B.13.

To assess the efficiency of a phoneme-based encoding E∗, we measured the word

length of each phonemic form using the number of phonemes in the string. We measured

the information loss of a form-concept pair by reusing our implementation of the listener

distribution in the main text, after finding that γ behaves similarly when existing con-

cepts are communicated via phonemic forms. These costs were then averaged by reusing

frequencies from the main text and combining the frequencies of homophones. As in

the main text, we compare attested encodings of reuse items or compounds to Pareto

frontiers and baseline encodings. These comparisons are summarized in Figure B.3. We
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Figure B.3: Illustration comparing (A) attested reuse items and (B) attested compounds to the
constructed baselines and the Pareto frontier using an implementation based on phonological
representations of word forms.

Figure B.4: Efficiency loss of (A) attested reuse items and (B) attested compounds based on
phonological representations of word forms relative to the average loss of baselines. Error bars
show bootstrapped 95% confidence intervals.

observe that similar to the main text, attested encodings tend to be closer to the fron-

tier than both near-synonym and random encodings. We show quantitative measures of

efficiency loss in Figure B.4 which confirms our qualitative observations. These results

show that our tradeoff proposal is robust to different channels of communication.

B.4.3 Historical embedding-based implementation

In the main text, we implemented the listener distribution by assuming the similarity

between any pair of concepts is constant across time, and we used a sentence encoder

trained on contemporary text and sentence similarity ratings (Reimers & Gurevych,
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2019). Here we relax this assumption by measuring conceptual similarity with historical

word embeddings (Mikolov, Chen, et al., 2013; Hamilton et al., 2016), and we analyze a

subset of the English data used in the main text under this alternative implementation.

B.4.3.1 Methods

We used pre-trained English historical word embeddings provided by HistWords (Hamilton

et al., 2016). Specifically, we used the version that was based on the Google Ngrams cor-

pus (All English version 2; Michel et al., 2011), which covers the most frequent 100, 000

words in the 1800-2000 period of the corpus. For each decade in that period, a set of

word embeddings is trained solely on the corresponding subset of the corpus using the

skip-gram architecture (Mikolov, Chen, et al., 2013). After training, these sets of em-

beddings were aligned across time periods while preserving the cosine similarities among

embeddings from the same decade. Importantly, the embedding space for each decade

is not influenced by novel word sense extensions or novel words that emerged in future

decades.

To apply these embeddings to our efficiency analysis, we reused our method in Ap-

pendix, Section B.3 to represent WordNet senses by taking the bag of words in their

definitions and averaging the corresponding word embeddings. We evaluated these rep-

resentations by reusing the same method and datasets of pairwise word similarity and

compound meaning predictability ratings in Appendix, Section B.3. More specifically,

for each word in the evaluation datasets, we represented the word by embedding its most

common sense (mcs) in WordNet, by using the simple average of the embeddings of all

definitions, or by using the weighted average of the embeddings of all definitions. In the

case of compound meaning predictability, we focused on using simple additive composi-

tion. In all evaluations, we used HistWords embeddings from the decade of 1990 since

this is the most recent available decade in HistWords and the evaluation datasets are

contemporary; we compared the HistWords-based sense representations to two alternate
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Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.715 < 0.001 −0.716 < 0.001 194
WN W2V (mcs) −0.540 < 0.001 −0.508 < 0.001 −
WN W2V (average) −0.577 < 0.001 −0.536 < 0.001 −
WN W2V (weighted) −0.664 < 0.001 −0.644 < 0.001 −
WN SBERT (mcs) −0.616 < 0.001 −0.576 < 0.001 −
WN SBERT (average) −0.694 < 0.001 −0.688 < 0.001 −
WN SBERT (weighted) −0.761 < 0.001 −0.738 < 0.001 −

Table B.14: Evaluating semantic spaces using word similarity ratings (WordSim-353 sim);
W2V = word2vec using HistWords, SBERT = sentence-BERT, and WN = WordNet

Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.604 < 0.001 −0.614 < 0.001 235
WN W2V (mcs) −0.327 < 0.001 −0.323 < 0.001 −
WN W2V (average) −0.362 < 0.001 −0.334 < 0.001 −
WN W2V (weighted) −0.411 < 0.001 −0.399 < 0.001 −
WN SBERT (mcs) −0.340 < 0.001 −0.308 < 0.001 −
WN SBERT (average) −0.407 < 0.001 −0.377 < 0.001 −
WN SBERT (weighted) −0.489 < 0.001 −0.474 < 0.001 −

Table B.15: Evaluating semantic spaces using word similarity ratings (WordSim-353 rel);
abbreviations follow Table B.14

approaches: 1) sense representations based on sentence-BERT (Reimers & Gurevych,

2019), and 2) a simple approach in which we computed the cosine similarity between

static word embeddings from HistWords.

We summarize our evaluation results for the similarity subset of WordSim-353 in Ta-

ble B.14, for the relatedness subset of WordSim-353 in Table B.15, for MEN in Table B.16,

for SimLex-999 in Table B.17, and for LADEC compound meaning predictability ratings

in Table B.18. Here we observe that the representation we used in the main text (WN

SBERT) is the best sense-level representation across all datasets, but we can also ob-

serve that the HistWords-based representation that is weighted by sense frequency tends

to outperform several baselines. These results provide evidence that our HistWords-based

representation of word senses reflect human judgements of word similarity and compound

meaning predictability to a reasonable extent.
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Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.685 < 0.001 −0.698 < 0.001 2911
WN W2V (mcs) −0.482 < 0.001 −0.483 < 0.001 −
WN W2V (average) −0.528 < 0.001 −0.520 < 0.001 −
WN W2V (weighted) −0.583 < 0.001 −0.590 < 0.001 −
WN SBERT (mcs) −0.570 < 0.001 −0.574 < 0.001 −
WN SBERT (average) −0.598 < 0.001 −0.601 < 0.001 −
WN SBERT (weighted) −0.671 < 0.001 −0.686 < 0.001 −

Table B.16: Evaluating semantic spaces using word similarity ratings (MEN); abbreviations
follow Table B.14

Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.234 < 0.001 −0.231 < 0.001 989
WN W2V (mcs) −0.182 < 0.001 −0.180 < 0.001 −
WN W2V (average) −0.245 < 0.001 −0.228 < 0.001 −
WN W2V (weighted) −0.272 < 0.001 −0.246 < 0.001 −
WN SBERT (mcs) −0.303 < 0.001 −0.316 < 0.001 −
WN SBERT (average) −0.399 < 0.001 −0.373 < 0.001 −
WN SBERT (weighted) −0.441 < 0.001 −0.424 < 0.001 −

Table B.17: Evaluating semantic spaces using word similarity ratings (SimLex-999); abbrevi-
ations follow Table B.14

Method Pearson ρ p-value Spearman ρ p-value N
Word-level W2V −0.190 < 0.001 −0.200 < 0.001 1208
WN W2V (mcs) −0.185 < 0.001 −0.187 < 0.001 −
WN W2V (average) −0.283 < 0.001 −0.273 < 0.001 −
WN W2V (weighted) −0.327 < 0.001 −0.318 < 0.001 −
WN SBERT (mcs) −0.293 < 0.001 −0.300 < 0.001 −
WN SBERT (average) −0.341 < 0.001 −0.331 < 0.001 −
WN SBERT (weighted) −0.417 < 0.001 −0.415 < 0.001 −

Table B.18: Evaluating semantic spaces using compound meaning predictability ratings; ab-
breviations follow Table B.14

B.4.3.2 Results

We used English historical word embeddings to further test our proposal. We reused the

implementations in the main text except we represented each word sense via the averaging

method described above and word embeddings from the decade of t0 = t1 − 10. To make

sure the sense representations do not misrepresent the corresponding word senses, we

removed every word sense in the existing lexicon L and attested encoding E∗ if any non-

stopword word in its definition does not exist in the vocabulary of the embeddings from

t0. The descriptive statistics of our final datasets are summarized in Table B.19.

As in the main text, we assessed the efficiency of an attested encoding by measuring
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Interval # existing forms # existing senses # reuse # combination
1900+ 34, 886 31, 538 60 366
1920+ 37, 249 33, 655 54 474
1940+ 37, 691 34, 197 57 341
1960+ 40, 680 37, 042 50 287
1980+ 43, 938 40, 137 15 30

Table B.19: Number of existing forms and senses, and novel items across intervals after inter-
secting with HistWords

Figure B.5: Illustration comparing attested reuse items and compounds to constructed base-
lines and Pareto frontiers using an implementation based on HistWords.

orthographic length and measuring information loss with γ = 10. These costs were

averaged using the same frequencies from the main text plus normalization. We compared

the attested reuse-based and compound-based encodings to Pareto frontiers and the same

types of baseline encodings, which are summarized in Figure B.5. Similar to the main

text, we observe that attested encodings tend to be closer to the Pareto frontier than

both the near-synonym and random baselines. Figure B.6 shows comparisons based on

the quantitative measure of efficiency loss, and we observe a trend that is consistent with

our qualitative observations. These results suggest that our findings cannot be explained

by potential systematic biases in using contemporary embeddings.
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Figure B.6: Efficiency loss of (A) attested reuse items and (B) attested compounds relative
to the average loss of baselines, under an implementation of our framework using HistWords.
Error bars show bootstrapped 95% confidence intervals.

B.4.4 Alternative datasets of lexicalized concepts

Here we present two further analyses to show our findings are robust to datasets of

lexicalized concepts that are alternative to WordNet. We first describe an implementation

of our framework based on Oxford Dictionary. We then describe an implementation that

assumes one-to-one correspondence between concept and form.

B.4.4.1 Oxford dictionary

In Appendix, Section B.3, we showed that WordNet-based semantic representations tend

to be better at reconstructing human ratings of word similarity than Oxford Dictionary-

based representations, but the latter nonetheless significantly correlated with human

ratings. We thus tested the robustness of our findings and performed an analysis of

English reuse items and compounds using Oxford Dictionary (OD) definitions. We first

describe how we processed OD-based form-sense pairs, and then we describe how we

adapted our methods and assessed the efficiency of attested items.

We first obtained candidates of novel reuse items and compounds by using our OD

dataset from the previous sections and intersecting it with the HTE (Kay et al., 2017). To

obtain novel reused items, we used the same keyword matching method (see Appendix,

Section B.2) and obtained 325 candidate form-sense pairs, which were then manually

checked against the OED and yielded 149 pairs that emerged during the past century.
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Interval # existing forms # existing senses # reuse # combination
1900+ 27, 533 31, 121 30 46
1920+ 28, 471 32, 214 28 62
1940+ 29, 167 33, 047 37 48
1960+ 29, 753 33, 696 31 53
1980+ 30, 287 34, 197 23 14

Table B.20: Number of existing forms and senses, and novel items across intervals for the
Oxford Dictionary-based analysis

To obtain novel compounds, we focused on closed compounds since we only retrieved

unigrams from OD and we identified these compounds using LADEC (Gagné et al.,

2019) and Wiktionary (W. Wu & Yarowsky, 2020). As in the WordNet implementation,

we assumed each compound-sense pair emerged at the first citation year of the compound

form, which provided us with 399 compound-sense pairs from the past century.

To obtain emerging and existing concepts and their encodings for each interval, we first

filtered form-sense pairs that contained unknown, abbreviation, or proper noun in their

part of speech information, and we then reused the procedures for processing WordNet-

based English data. We used COHA-based frequency data for OD senses provided by Hu

et al. (2019) to estimate the sets of existing form-sense pairs; polysemous words not in

their dataset were excluded to simplify the calculation of form-sense frequencies. The

total number of existing forms, existing senses, and novel items are summarized in Ta-

ble B.20.

To assess the efficiency of these attested items, we reused the main-text implemen-

tation with the exception of the need and production distributions and the semantic

space. The need and production distributions were estimated using the Google Ngrams

corpus (Michel et al., 2011) and add-one smoothing as in the main text, but sense fre-

quencies were estimated using the dataset from Hu et al. (2019). The listener distribution

was also implemented in the same way, but here we used sentence embeddings of OD

sense definitions and used the frequencies of these senses to construct prototypes. Note

that reusing the same implementation implies we set γ = 10. We also created the near-

synonym and random baselines in the same way. We approximated every Pareto frontier



Appendix B. Supplementary information for Chapter 3 134

Figure B.7: Illustration comparing attested reuse items and compounds to constructed base-
lines and Pareto frontiers under an Oxford Dictionary-based implementation.

Figure B.8: Efficiency loss of (A) attested reuse items and (B) attested compounds relative
to the average loss of baselines, under an implementation of our framework using the Oxford
Dictionary. Error bars show bootstrapped 95% confidence intervals.

via our greedy method that scanned over β = 0, 0.01, ..., 10.

We compare these English reuse items and closed compounds to baselines in Fig-

ure B.7. As in the main text, each point corresponds to an encoding of novel concepts

within a certain interval, and the closer a point is to the Pareto frontier the more efficient

it is. For this smaller set of English reuse items and compounds, we observe that attested

items tend to be more efficient relative to both baselines as in the main results, except

for reuse items in the 1960+ interval. Figure B.8 shows the average-case efficiency loss

of these items which confirms our qualitative observations. Taken together, these results

suggest our findings are generally robust to different dictionaries of word senses.
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B.4.4.2 One-to-one correspondence

A more coarse-grained way to implement our framework is to assume one-to-one corre-

spondence between concept and form instead of using word senses. An intuitive extension

of this assumption is to operationalize novel concepts as new forms, which would be based

on more accessible and accurate first citation and frequency information as it does not

require sense-level information. In the following, we describe how we adapted this alter-

nate implementation to our methods for the main-text analyses and used it to assess the

efficiency of novel items in English.

First, for each historical interval used in the main text, we listed the sets of existing

words, novel compounds, and reuse items. For an interval starting at year t1, we set

the list of existing words as all word forms in the HTE (Kay et al., 2017) that existed

in the year t1 − 1 and do not contain non-alphabetical or uppercase characters; the size

of these lists range from 91, 816 to 112, 094. We obtained novel English compounds

by using closed compounds in LADEC (Gagné et al., 2019) and Wiktionary (W. Wu

& Yarowsky, 2020) and checking their first citation in the HTE (Kay et al., 2017);

we removed compounds in which the rightmost constituent is a preposition, and this

provided us with 565 compounds that emerged in the past century. One drawback of the

one-to-one assumption is that we no longer have access to word senses, but we can still

examine the subset of reuse items that involve existing words gaining the meaning of a

new word. We thus used compound head words to approximate reuse items that express

the meanings of attested novel compounds; we assumed the rightmost constituent of each

novel compound is the head word.

Instead of using word sense definitions and their embeddings to implement the lis-

tener distribution, a natural approach in this word-level analysis is to use word embed-

dings (e.g., Mikolov, Chen, et al., 2013). Here, we used the same pre-trained word2vec

embeddings (Mikolov, Chen, et al., 2013; Mikolov et al., 2018) that we validated against

human ratings of English word similarity and compound meaning predictability in a pre-
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Interval # existing forms # compounds
1900+ 60, 055 98
1920+ 62, 601 114
1940+ 65, 936 117
1960+ 68, 895 114
1980+ 71, 182 27

Table B.21: Number of existing forms and novel compounds across intervals for the word-level
analysis

vious section. We intersected these embeddings with the lists of existing words and novel

compounds, and for each interval we removed a form from the set of novel compounds if

one of the constituents is not an existing word. The total number of existing forms and

novel items are summarized in Table B.21.

To assess the efficiency of these attested compounds and approximate reuse items,

we used a simplified version of the implementation in the main text that is based on

word-level statistics. Since each form corresponds to a single concept, we estimated the

need and production distributions using unigram frequency from the Google Ngrams

corpus (Michel et al., 2011) and add-one smoothing. We used the same settings for the

listener distribution except we used a single pre-trained word2vec embedding (Mikolov et

al., 2018) to represent the prototype of an existing word. Lastly, for simplicity we used

γ = 10, but we note that due to the one-to-one assumption, the information loss incurred

over communicating existing concepts is minimized when γ → ∞ instead of the lower

values observed in Appendix, Section B.3. The baselines were created in the same way

as in the main text. We estimated Pareto frontiers using the same method that scanned

over β = 0, 0.01, ..., 10.

Figure B.9 shows the average information loss and word length of attested closed

compounds and approximate reuse items. As usual, the closer an encoding is to the

Pareto frontier the more efficient it is, but here the frontier is the same for both reuse

and compound in the same historical interval because the set of novel concepts is the

same. Figure B.10 shows the quantitative efficiency loss that intuitively corresponds

to how far each encoding is away from the Pareto frontier. Overall, we observe that
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Figure B.9: Illustration comparing attested reuse items and compounds to constructed base-
lines and Pareto frontiers under the one-to-one assumption.

Figure B.10: Efficiency loss of (A) approximate reuse items based on head words and (B)
attested compounds relative to the average loss of baselines, under an implementation of our
framework using word embeddings. Error bars show bootstrapped 95% confidence intervals.

attested items are more efficient than the corresponding baselines. We can also observe

that approximate reuse items tend to have lower values of efficiency loss than attested

compounds. This may be due to the fact that our word embeddings were trained on

contemporary text in which the historically dominant meanings of reused words were

replaced by historically emerging concepts (e.g., phone gaining the sense of cellphone and

losing the sense of rotary dial phone).
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Group Spearman ρ p-value N
English reuse 0.925 < 0.001 518
English compound 0.967 < 0.001 2828
French reuse 0.950 < 0.001 529
French compound 0.958 < 0.001 407

Table B.22: Correlations between orthography-based item-level efficiency and phoneme-based
item-level efficiency

B.5 Additional item-level analyses

We present additional analyses in which we analyze individual reuse items or compounds

as opposed to encodings (or sets of form-concept pairs). We first compare item-level

efficiency loss between orthographic and phonemic representations of the same attested

items. The remainder of the section focuses on our implementation in the main text. We

provide examples of novel items that we classified as literal items, and we illustrate the

main-text literal vs non-literal comparisons. We next examine distributions of item-level

efficiency loss alongside distributions of information loss and word length. Lastly, we

explore two additional factors as predictors of variation in item-level efficiency.

B.5.1 Comparing orthographic and phonemic forms

Here we examine the item-level variation in efficiency based on phonemic forms. We

reused our implementation in Appendix, Section B.4 and replaced each attested en-

coding E∗ with a singleton containing a single attested item as in the main text. We

performed two analyses: 1) we tested whether item-level efficiency differs between rep-

resentations on average, and 2) we tested whether the relative rank of an attested item

in terms of efficiency differs across representations. In the first analysis, we did not

find there are significant differences in efficiency for English reuse items (t(1034) =

−0.660, p = 0.509), French reuse items (t(1056) = 1.063, p = 0.288), English compounds

(t(5654) = −0.565, p = 0.572), or French compounds (t(812) = 0.273, p = 0.785). In the

second analysis, we found that item-level efficiency is highly correlated across represen-

tations. The correlation statistics are summarized in Table B.22. Overall, we did not
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Label Head Head hypernym definition
printer printer a machine that prints
birthday card card a rectangular piece of stiff paper used to send messages
publicité publicité a message issued in behalf of some product or cause or idea or

person or institution
turbine à gaz turbine rotary engine in which the kinetic energy of a moving fluid is

converted into mechanical energy by causing a bladed rotor to
rotate

suodatin suodatin device that removes something from whatever passes through
it

sotarikos rikos activity that transgresses moral or civil law

Table B.23: Examples of literal items and their hypernyms in existing lexicons

Figure B.11: Averages of item-level efficiency loss for literal and non-literal (A) reuse items
and (B) compounds. For each plot in row (A), the left shows attested non-literal reuse items
and additional non-literal reuse items based on exocentric compounds; the right shows attested
literal reuse items and additional literal reuse items based on endocentric compounds. Error
bars indicate bootstrapped 95% confidence intervals.

find significant differences in item-level variation between the representations, and thus

we focused on analyzing item-level variation using orthographic forms.

B.5.2 Examples of literal items

Table B.23 shows examples of literal items from the main text.

B.5.3 Efficiency in literal and non-literal items

Figure B.11 illustrates the comparisons between literal and non-literal items presented

in the main text.
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B.5.4 Strategy comparison

We compare distributions of item-level costs between reuse and compounding, separately

for the languages examined in the main text. Figure B.12 summarizes the distributions

for English: on average, there is no evidence that item-level efficiency loss is significantly

different between reuse and compounding (t(3346) = −0.130, p = 0.897), but reuse items

tend to have higher information loss than compounds (t(3346) = 13.046, p < 0.001)

and lower word length (t(3346) = −34.908, p < 0.001). Distributions of item-level costs

for French and Finnish are summarized in Figures B.13 and B.14. A similar trend is

observed for French: reuse items do not differ significantly from compounds in efficiency

loss (t(936) = −0.498, p = 0.618), but they have higher information loss (t(936) =

5.784, p < 0.001) and lower length (t(936) = −31.907, p < 0.001). However, Finnish

reuse items are both lower in efficiency loss (t(1154) = −5.225, p < 0.001) and length

(t(1154) = −26.909, p < 0.001), while information loss is not significantly different

(t(1154) = 0.0202, p = 0.984).

In sum, reuse items have lower word length than compounds on average in all lan-

guages, and information loss is lower in compounds relative to reuse items in English and

French. Nonetheless, differences between strategies are smaller in terms of information

loss compared to differences in length across all languages, and Finnish compounds are

not more informative on average. Since our listener distributions for compounds were

implemented using very simple models, we hypothesize that it could have systematically

underestimated the informativeness of compounds and their relative advantage over reuse

items.

B.5.5 Taxonomic distance measures

In the main text, we classified both reuse items and compounds into literal and non-

literal items by using hyponymic relations in the WordNet taxonomy. However, there

are two limitations with this approach: 1) literal reuse items may be diminished be-
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Figure B.12: Distributions of item-level efficiency loss, information loss, and word length for
English (A) reuse items and (B) compounds. In each plot, the vertical line indicates the mean
of the distribution.

Figure B.13: Distributions of item-level efficiency loss, information loss, and word length for
French (A) reuse items and (B) compounds. In each plot, the vertical line indicates the mean
of the distribution.

Figure B.14: Distributions of item-level efficiency loss, information loss, and word length for
Finnish (A) reuse items and (B) compounds. In each plot, the vertical line indicates the mean
of the distribution.
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cause the original Princeton WordNet avoided linking a sense and its hyponyms to the

same word (Miller, 1998), and 2) hyponymic relations can be taxonomic but also func-

tional (Wierzbicka, 1984). Here we attempt to address the second limitation by us-

ing conceptual similarity measures to approximate hyponymic relations not captured in

WordNet. To this end, we used Leacock-Chordorow similarity (Leacock et al., 1998) and

Wu-Palmer similarity (Z. Wu & Palmer, 1994). These taxonomic similarities are based

on the position of the lowest common hypernym of any pair of senses, and may help

to approximate hyponymic relations not encoded in WordNet while preserving encoded

relations. For example, poker is a type of metal rod used as fire iron, and even though

poker is not a hyponym of rod in WordNet, they are closely associated by their common

hypernym implement (a piece of equipment or tool).

To assess how these similarity measures are related to item-level efficiency, we ex-

tended our binary classification in the main text. Let c be a novel sense, w be an existing

word, and c1, ..., cn be the existing senses of w. If a reuse item consists of novel sense

c and existing word w, then we measured the taxonomic similarity of the item as the

maximum between novel and existing senses:

sim(c, w) = max{wn-sim(c, ci) : i = 1, ..., n} (B.10)

Here wn-sim(·, ·) is either Leacock-Chordorow or Wu-Palmer similarity. If a compound

item consists of a novel sense c and head word w, we plugged c and w into the similarity

measure in Equation B.10 to obtain an extension of endocentricity. We excluded reuse

and compound items where there is no path between c and the existing senses from our

analysis.

We summarize the spearman correlations between item-level efficiency loss and Leacock-

Chordorow similarity across languages and strategies in Tables B.24, and summarize

analogous results based on Wu-Palmer similarity in Table B.25. In all cases, we observe
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Group Spearman ρ p-value N
English reuse −0.202 < 0.001 414
English compound −0.368 < 0.001 2505
French reuse −0.254 < 0.001 485
French compound −0.277 < 0.001 395
Finnish reuse −0.413 < 0.001 465
Finnish compound −0.323 < 0.001 637

Table B.24: Correlations between Leacock-Chordorow similarity and item-level efficiency loss

Group Spearman ρ p-value N
English reuse −0.193 < 0.001 414
English compound −0.383 < 0.001 2505
French reuse −0.249 < 0.001 485
French compound −0.292 < 0.001 395
Finnish reuse −0.413 < 0.001 465
Finnish compound −0.367 < 0.001 637

Table B.25: Correlations between Wu-Palmer similarity and item-level efficiency loss

that a novel item tends to be more efficient when it is closer to the existing senses of a

reused word or head word. This is consistent with our results in the main text which

showed literal items tend to be more efficient.

B.5.6 Item frequency

Usage frequency is often correlated with the economy of use of a word form (e.g., Zipf,

1949; Mahowald et al., 2018). Here we explore whether frequency also predicts item-level

efficiency in attested reuse items and compounds. Intuitively, we expect frequent items

to be more optimized than infrequent items, so that the total efficiency loss aggregated

over many communicative interactions tends to be lower than otherwise.

To investigate the relation between frequency and efficiency loss, we reused the his-

torical frequencies of form-concept pairs that were used to implement the need and pro-

duction distributions. We removed items that had no frequency before applying add-one

smoothing, and we normalized the frequency of each item over the total frequency of

both emerging and existing items in the same interval. The results for reuse items are

summarized in Table B.26 and the results for compounds are summarized in Table B.27.

Contrary to our prediction, we do not observe any significant correlation between item-
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Language Pearson ρ p-value Spearman ρ p-value N
English −0.0606 0.242 −0.0488 0.346 375
French −0.0549 0.209 −0.0646 0.140 524
Finnish 0.0261 0.558 0.0564 0.206 505

Table B.26: Correlations between the relative frequency of reuse items and item-level efficiency

Language Pearson ρ p-value Spearman ρ p-value N
English −0.00599 0.775 −0.00647 0.757 2284
French 0.0770 0.177 0.0357 0.531 310
Finnish 0.0257 0.641 0.00123 0.982 332

Table B.27: Correlations between the relative frequency of compounds and item-level efficiency

level efficiency and frequency. One possible reason is that our frequency estimates are

not sufficiently accurate; for example, a small amount of noise in word sense disambigua-

tion may inflate the frequency of a peripheral sense drastically if the corresponding word

is highly frequent. Another possible reason is that there are frequency-related factors

beyond the scope of our account, and future work should investigate how these factors

and our account are connected.



References

Aggarwal, J., Watson, J., Senapati, P., & Stevenson, S. (2024). The (in) efficiency

of within-language variation in online communities. In L. Samuelson, S. Frank,

M. Toneva, A. Mackey, & E. Hazeltine (Eds.), Proceedings of the annual meeting

of the Cognitive Science Society (Vol. 46).

Agirre, E., Alfonseca, E., Hall, K., Kravalova, J., Paşca, M., & Soroa, A. (2009, June).
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handbook of compounding (pp. 357–369). Oxford University Press.

Lieber, R. (2016). Compounding in the lexical semantic framework. In P. ten Hacken

(Ed.), The semantics of compounding (p. 38–53). Cambridge University Press.
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Štekauer, P. (2016). Compounding from an onomasiological perspective. In P. ten

Hacken (Ed.), The semantics of compounding (pp. 54–68). Cambridge University

Press Cambridge.
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