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ABSTRACT

How do languages become the way they are today? An influential view is that languages
are shaped by pressures towards communicative efficiency: languages optimize getting the
meanings across with only a few distinct words to memorize, and they minimize difficulty in
production and comprehension. It has been proposed that the mechanism towards efficient
communication is bottom-up: language users do not explicitly optimize for efficiency; instead,
they favor a less costly form if it conveys a similar meaning, which becomes conventionalized
through repeated individual choices. In this thesis, we investigate the robustness of this
bottom-up mechanism in three studies, examining cases where top-down institutional pressures
are imposed on language use. The first study is a baseline case, where we show how systems
of spatial demonstratives (e.g., “here”, “from there”) vary across languages by pressure towards
communicative efficiency. The second study investigates how regulations on personal name
systems may have affected the information structure of names. Despite surface differences
between East Asian and Western traditions, historical data reveal a shared information
structure: the first element (e.g., “Chen”, “Edward”) is less informative than the second (e.g.,
“Sihan”, “Gibson”), enabling efficient individual distinction. However, sociopolitical processes
transformed different components into hereditary patronyms, first in East Asia, second in
the West, reshaping name informativeness. The third study concerns the effectiveness of
government efforts to simplify legal language. Legal language is often difficult to understand
because of long-distance syntactic dependencies, but it remains unclear why laws are written
in such a convoluted way. We hypothesize that it is syntactically transparent to describe
a complex legal concept in one complex sentence, which is harder to comprehend. Indeed,
we found like modern American laws, legalese texts in ancient China also contain more
convoluted structures than contemporary non-legalese ones, possibly because these legal
texts often include the offense and the punishment in the same sentence. On the other
hand, we found a much smaller difference in dependencies between the two genres in modern
Chinese than previously observed in American English. This is possibly because China went
through a drastic change from ancient China in legal tradition, and lawmakers adopted
simpler alternative ways to convey the same meaning. Taken together, our results suggest
the mechanism towards communicative efficiency can be interfered with by institutional
constraints.

Thesis supervisor: Edward Gibson
Title: Professor
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Chapter 1

Introduction

The use of language to convey information is ubiquitous to ordinary human existence: language
is used to socialize, to give and receive instructions, to learn about current a airs, and to share
thoughts and experiences across space and time. The communicative function of language
[1] thus enables knowledge to accumulate across individuals, and is thought to be a key
component to the evolution of human society and culture [2].

Language conveys information in many diverse ways. For example, speakers of sign
languages communicate with each other using hand signs. Inhabitants of La Gomera in the
Canary Islands use a special whistle language called Silbo Gomero, which enables them to
talk to each other while being miles apart. While most of us convey and process information
through speaking and writing, how we achieve this also varies. Some languages utilize only
two vowels, such as Buwal [3], whereas others can have up to 14, such as Danish [4]. Some
languages divide up nouns into many classes, such as Swahili [5]. Some languages put the
verb rst in a sentence, such as Irish [6], while others put the verb last in a sentence, like
Turkish [6]. This prompts us to ask: what a ects the range and diversity of human language?

Researchers have examined many di erent factors a ecting language diversity. One class
of such factors is the type of interactions between humans and their physical environment.
For example, climate conditions have been proposed to in uence the sounds that languages
prefer to use. Languages spoken in colder or drier areas are less likely to develop complex
tones [7] or to include more vowels in their phonetic inventory [8], since aridity hinders
vocal cord movement, which is necessary to articulate these sounds. Languages spoken in
areas with dense vegetation are found to favor sounds characterized by lower frequencies, as
higher frequency sounds are more likely to be absorbed by the surroundings and hence fail
to reach the listeners [9]. As a second example, subsistence level has also been studied: the
development of agriculture alters human bite con guration, making certain sounds easier
to produce and therefore increasing their prevalence across languages [10,11]. A second
kind of factor beyond interactions with the environment involves how interactions occur
among humans. For example, languages spoken by more people or with more L2 speakers are
suggested to have simpler morphology [12 14] (but cf. [15]). And vocabulary size in semantic
domains is suggested to be in uenced by the communicative need: societies where colors are
more useful in distinguishing objects tend to develop more ne-grained color categorization
[16], and societies where expressing exact quantities is not necessary may not have number
words [17].
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In addition, because language is a tool for communication [1], an in uential view is that
the structures of language are shaped by pressures towards e cient communication (See [18]
for a review), where the notion e ciency has been used in two kinds of ways. One sense of
e ciency is to partition a meaning space into words such that language users can convey
meanings accurately with only a few distinct words to memorize. Many studies have been
conducted on how di erent languages label colors (e.g. [19 22]). For example, Zaslavsky et al.
[21] formulated e ciency as optimal trade-o between two competing pressures: informativity
and simplicity. A maximally informative color system requires a unique name for each
humanly distinguishable color, which will result in millions of color words to memorize and
use. Meanwhile, in a maximally simple color system, all possible colors are labeled by the
same word, which is not informative at all. Zaslavsky et al. [21] showed that attested color
systems achieve maximal informativity, given a complexity. In addition to color systems,
studies applying such a framework on other semantic domains also yielded the same results:
kinship systems [23], personal pronouns [24], tense [25], modal verbs [26], and numerals [27].

According to the second sense of e ciency, language users minimize production and
comprehension di culty. One metric of processing diculty is the length of syntactic
dependencies [28]. The meaning of a sentence is formed by its syntactic dependencies: the
connections between words to give rise to compositional meanings. Dependency length
measures how far apart words are when they combine to form meanings. It is easier for the
producer and comprehender if the words that combine meanings are close together, as longer
dependencies add to production and comprehension cost [29]. Indeed, many studies (e.g.
[28,30 34]) have shown that languages prefer structures that minimize dependency length.

How does communicative e ciency emerge? It has been proposed that e ciency emerges
from an organic process, as if languages were shaped by an invisible hand [35]: a language
user chooses the less costly form if multiple forms can express the same meaning [36]. For
example, in a context where a long word is predictable from context, speakers tend to
articulate a shorter form of the word, such as saying math instead of mathematics [37]. If
many language users make the same choice, the less costly form may become conventionalized
in a language. lIterative-learning experiments have been used to study how features of
languages get conventionalized in arti cial languages (e.g. [38 40]). Participants in [40]
were asked to learn an arti cial language where both word order and cases were required
to mark the agent and the patient, but after several iterations, participants became less
likely to produce case markings, since word order alone was already su cient to convey the
information.

The mechanism towards e cient communication is organic: each speaker does not have
the overall goal of maximizing communicative e ciency in their mind. It is also individual:
each speaker independently favors a less costly form when it conveys a similar meaning.
However, we are not just a collection of individuals; instead, we live in societies, which are
kept in order by various institutions. These institutions operate in a top-down manner, and
each of them has an explicit goal. For example, in the US, the Internal Revenue Service
was established to collect taxes, and the Environmental Protection Agency was set up to
protect the environment. They also operate beyond an individual level, by establishing rules
that people are expected to follow, regardless of their preferences. Language is one domain
where the two mechanisms can come into con ict, as there are language users spontaneously
choosing how to express their meanings, as well as institutions that may prescribe how people
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speak, according to objectives unrelated to communicative e ciency.

In this thesis, we ask: to what extent can the bottom-up mechanism towards communica-
tive e ciency withstand the top-down institutional pressures? We focus on the institutional
pressure implemented in the form of policies. Many policies are being implemented in order
to make rules in various aspects of our lives. For instance, some policies are intended to
lay out how much tax should be collected from everyone in order to pay for public services.
Notably, there are policies that have been carried out that have impact on how languages
are used. For example, after the French Revolution in 1789, the dialect of French spoken in
Paris was made the standard French, which became the language of education, in place of
other languages spoken in France such as Occitan. A second example comes from Turkiye in
1928, where a reform was implemented to introduce a new writing system, and as a result,
Turkish changed from being written in an Arabic-based script to a Latin-based script. While
many studies have been conducted on how language policies interact with factors such as
literacy rates (e.g. [41]), it still remains unclear on how such policies can potentially a ect
the communicative e ciency of a language. After policies are implemented, can language
users still continue to nd less costly ways to express the same meaning, or will the policies
restrict their abilities to do so?

Speci cally, here we study two policies that a ected how language is used. The rst
policy regulates personal names. Historically, across cultures, personal names were exible
and context-dependent: the same person John may have been called John Smith or John
Short so that he could be distinguished from other John's who were bakers or were tall [42,43].
Later, in order to better collect taxes and account for properties, governments in the West
passed laws to make the second part of the name hereditary: for example, the descendants
of John Smith all carried the name Smith as their second part of the name, regardless
of their occupations. The second policy attempts to simplify legal language. Throughout
history, laws have been subject to numerous complaints on how hard they are to understand
[44 48]. As a result, many governments have tried to make laws easier to understand, such
as the British Parliament in the 1850s [44] and the U.S. government in the 1970s [47].

How have these policies a ected the communicative e ciency of language? This thesis
provides three preliminary results. First, in Chapter 2, we investigated a baseline case: how
systems of spatial demonstratives (i.e. here and from there) vary across languages
by pressure towards communicative e ciency. Some languages have simple systems, only
di erentiating distances; in contrast, other languages have more complex systems, di er-
entiating both distances and orientations (e.g. to, at, from a location). Using tools
from information theory and a database of 200 genealogically and geographically diverse
languages, we show that among all the theoretically possible spatial demonstrative systems,
those adopted by real languages lie near an e cient frontier, balancing between two competing
communicative pressures: informativity and complexity. Moreover, languages also vary in
the relative weight they place on informativity and complexity.

Then, in Chapter 3, we investigate how regulations on personal name systems may have
a ected the information structure of names. Despite di erences in naming traditions in East
Asia and the West, using census records and historical datasets, we show from an information-
theoretic perspective that East Asian names and Western names historically shared a similar
structure: the name appearing rst (e.g. Chen, Franklin) is less informative than the name
appearing second (e.g. Sihan, Roosevelt). This way enables a large number of individuals
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to be distinguished, without needing a large number of names. Such information structure
also allows full usage of the communication channel. However, regulations in these societies
transformed di erent parts of the names into hereditary patronyms: the rst name in East
Asia and the second name in the West. We show how these changes altered such e cient
information structure of names in order to keep distinguishing a large number of individuals
possible. In scienti ¢ publishing, following the Western conventions, authors are indexed by
their given name initials and hereditary patronyms. While such a practice makes sense for
Western authors, it undermines the distinguishability of East Asian authors by compressing
the more informative given names into initials.

Finally, in Chapter 4, we study the e ectiveness of government e orts to simplify legal
language. American legal texts are notoriously di cult to understand, largely due to complex
sentence structures. What is the origin of such complexity? Is it possible to make American
laws simpler to read? In this chapter, we hypothesized the complex meanings that laws
need to convey naturally lead to complex grammar. To evaluate this hypothesis, drawing on
corpora from the 7th century Tang Code, we examined linguistic complexity of legal texts in
ancient China, which were created independently of the laws in Western civilizations. We
found that classical Chinese legalese exhibits substantially greater grammatical complexity
(longer inter-word dependencies) than non-legalese texts from the same time period, which
suggests that the complexity may stem from the complexity of the intended meanings. Then,
we analyzed linguistic complexity of legal texts in modern China, which went through a
drastic change from ancient China in legal traditions in the early 20th century. Our analysis of
modern Chinese legalese texts shows that grammatical complexity is much reduced compared
to both the Tang Code and to modern American English legalese. This reduced complexity
is likely due to modern-day Chinese lawmakers adopting alternative drafting strategies aimed
at reducing syntactic complexity while conveying the same meaning, by breaking down single
sentences into multiple simpler clauses. This is possibly a result of the Chinese government's
broader e ort to make Chinese more accessible to the general public.
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Chapter 2

An Iinformation-theoretic approach to the
typology of spatial demonstratives

Note This chapter is adapted from the following publication (published under a CC-BY-4.0
license):

Chen, S., Futrell, R., & Mahowald, K. (2023). An information-theoretic approach to the
typology of spatial demonstratives. Cognition, 240, 105505.

Abstract We explore systems of spatial deictic words (such as "here' and "there') from the
perspective of communicative e ciency using typological data from over 200 languages [49].
We argue from an information-theoretic perspective that spatial deictic systems balance
informativity and complexity in the sense of the Information Bottleneck [21,50]. We nd
that under an appropriate choice of cost function and need probability over meanings, among
all the 21,146 theoretically possible spatial deictic systems, those adopted by real languages
lie near an e cient frontier of informativity and complexity. Moreover, we nd that the
conditions that the need probability and the cost function need to satisfy for this result are
consistent with the cognitive science literature on spatial cognition, especially regarding the
source goal asymmetry. We further show that the typological data are better explained by
introducing a notion of consistency into the Information Bottleneck framework, which is
jointly optimized along with informativity and complexity.

2.1 Introduction

When Shakespeare's Hotspur says Whither | go, thither shall you go too, he's using whither
as an interrogative meaning to where and thither as a spatial demonstrative meaning to
there. When Edgar in King Lear says Men must endure / Their going hence, even as
their coming hither, hence means from here and hither to here. This suite of spatial
demonstrative (here, hither, hence, there, thither, thence, where, whither, whence) is largely
lost in modern English aside from here and there, some specialized use cases, and some
fossilized expressions like hither and yon and henceforth. English speakers now use there
both to refer to a static location and for the to directional meaning. That is, one says |
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was going there, not | was going to there. In e ect, the old meaning of thither has been
entirely subsumed under the auspices of the word there.

Spatial demonstrative systems are a source of cross-linguistic variation [49,51 53] and
have been studied as part of a broader body of work exploring how cross-linguistic variation
a ects, and is a ected by, spatial cognition across cultures [54 60]. Some languages have more
complex spatial demonstrative systems than others. Whereas English has only two levels to
re ect distance in spatial demonstrative (here and there), Spanish has aqui (here), ahi (there,
close by), alli (there, medium distance), and alla (there, far away). Other languages, like
Malagasy, have systems that draw distinctions between spatial locations in which an item is
visible or invisible. For instance, the su x -éto is used to mean here when the object is
visible but -ato when it is invisible. Moreover, some languages de ne spatial words in terms
of landmarks (mountains, rivers, etc.), whereas others de ne space in terms of people (e.g.,
here means near the speaker and there means near the hearer), whereas others de ne spatial
words in reference to a hypothetical deictic center [51], meaning what constitutes here and
there varies based on the imagined center of the particular discourse.

Why should languages converge on similar solutions? At the same time: why should
some languages have more complicated spatial word systems than others? We argue that
this convergence is an instance of a general functional pressure for e ciency in language
[18,61]. We argue that as in other semantic domains [e.g., 19,22,25,62 65], there is a tradeo
between complexity and informativity. This tradeo can be quanti ed using the information
bottleneck [22,50,66,67]. Drawing on a typological database of spatial demonstratives across
languages [49], we undertake an information-theoretic analysis of the cross-linguistic variation
of place demonstrative systems across 5 major world regions.

To study the communicative e ciency of spatial demonstratives, we have to make a
number of assumptions about both the world and about language users. Speci cally, we have
to estimate quantities like: How often do people refer to items that are close as opposed to
far away? How often do people talk about where things were, as opposed to where they are
going? How costly is it to confuse a word like here with a word like there, as opposed to
confusing a word like here with a word like hence (from here)?

Here, we ask whether spatial demonstrative systems are optimized relative to statistical
baselines and, if so, what assumptions must hold for that to be true. To fully characterize
spatial demonstratives of the world's languages, we show that we must account for something
not previously dealt with in information bottleneck work: a preference for consistency
in paradigms. Introducing a notion of consistency, we show that a number of plausible,
communicatively e cient systems are ruled out because they lack the consistency that
characterizes real-world systems. We also show that, in an e ciency-based theory, the strong
source/goal asymmetry found in many natural languages does not appear to originate from
usage frequency, but rather from a stronger communicative penalty for confusing source
words with place words than for confusing goal words with place words, this pattern emerges.
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2.2 Background

2.2.1 Background on spatial demonstrative

The elements of language that we are concerned with are the class of deictic expressions
used for space: meanings like here and there which are closely related to deictic spatial
interrogatives (e.g., where/whether/whence) and to deictic demonstratives (e.g., this/that/the-
se/those) [68 81]. While there has been considerable work on and debate about what it
means to be a deictic expression, it is generally agreed that deictic are sensitive to context
and involve joint attention between the communicators [74,75].

Although these words may be naively interpreted in terms of referring to con gurations in
actual physical space, a variety of evidence from discourse analysis and experiments [69,73,82]
suggests that they rather refer to positions within a subjective space de ned by a particular
discourse and in particular the body of the speaker (but see [83] for arguments against the
body-centered view, a position going back to [81]). An important part of this position is
that attention in a physical scene (e.g., eye gaze, pointing) has a major e ect on the deictic
expressions used [84,85]. And, when physical expressions are less available, deictic language
is a ected [85 87].

This body of work has also shown a particularly prominent boundary between the more
proximal levels and all other distal levels, perhaps because the more proximal language refers
in particular to that which is within reach [69,73,88,89].

For our purposes, we use a notion of distance to formalize the meanings underlying deictic
words. But this distance need not be thought of as a purely physical distance, but can instead
represent the subjective distance between distal levels.

Following [52] and [49], we de ne the notion of spatial deictic demonstratives as ex-
pressions that encode relative spatial properties. Many of these expressions are adverbs (e.g.
here, there in English; odavde in Serbo-Croatian), but can also be adpositional phrases (e.g.
from here in English; cong zhé | in Mandarin Chinese). The spatial relation encoded in these
expressions can be divided into 2 dimensions: distal level the distance of the referent with
respect to the speaker, listener, or both, and orientation the relative movement of the
referent with respect to that deictic level. The key orientations we consider include place,
in which the referent is at a given distal level (e.g., here, there), goal, in which the referent
is moving towards a distal level (e.g., hither and thither in archaic English), and source
(e.g., hence and thence), in which the referent is moving from a distal level. We will discuss
each of these 2 dimensions in detail below.

In Table 2.1, we show examples for two languages (English and Maltese) which, despite
having very di erent words, have similar deictic systems. Both Maltese and English share
the same strategy to partition the 3-by-3 meaning space using these terms: they use one
term to represent D1-place and D1-goal (the word “here' in English), one term for place
and goal in both D2 and D3 (the word “there' in English), one term only for D1-source
(‘from here"), and one term for source in both D2 and D3 (‘from there").

Variation of distal levels in demonstrative systems Much work on typological deixis
[49,52,68,90] draws a distinction between person-oriented and deictic-center-oriented systems.
A deictic-oriented system posits a deictic center around which the conversation is centered
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Table 2.1: English (left) and Maltese (right)) spatial demonstratives

goal | place | source goal | place | source
D3 | there | there | from there D3 | hemm | hemm | minn hemm
D2 | there | there | from there D2 | hemm | hemm | minn hemm
D1 | here | here | from here D1 | hawn | hawn | minn hawn

and that which is proximal is proximal to that center. Other systems are based more clearly

on the position of the listeners. For instance, in Tagalog, dito is used when the referent

is at a position near the speaker; diyan is used if the referent is at a position near the

listener; and doon is used when the referent is far from both the speaker and the listener.
[74] complicates this picture, showing that systems with more than 2 deictic levels can have
more complicated relationships with the position of the speaker and listener.

Moreover, some languages (e.g., Khwarshi, a language spoken in the Caucasus) use a
combination of modalities. Di erent words are used if the referent is close by in general, close
to the speaker, close to the listener, far away in general, far away from the speaker, and far
away from the listener, respectively. The word also takes di erent forms depending on the
grammatical genders. There are various other ways to categorize distal levels based on spatial
and geographic features, such as altitude, upstream/downstream of a river, and visibility. We
leave it to future work to incorporate speaker/listener systems and more geographic-based
systems into this modeling framework.

For simplicity, we focus our analysis here on deictic-centric systems as categorized by [49],
in which spatial demonstratives are used relative to an imagined deictic center. Note that, by
shoehorning all such systems into the same modeling framework, we are necessarily collapsing
over meaningful variation that exists among languages which are deictic-centered . In future
work, we believe it will be possible to more richly incorporate speaker/listener systems into
this framework, as well as variation among languages on these dimensions.

Orientation: Place, Goal, and Source In these spatial demonstrative systems, the form
most likely to be formally marked is the source form (e.g., from here, from there ). When
there is syncretism, it is most likely to be between place and goal, or between all three.
This pattern is not limited to just spatial demonstratives: across domains, languages tend
to be more likely to mark sources than goals [91 95]. [96] gives a diachronic overview of
how this played out historically in Greek, where goal markers were lost earlier than source
markers. This pattern may fall out of a more general asymmetry between movement from a
source and movement towards a goal.

There is robust evidence of a relationship between linguistic spatial reference systems
and cognitive ones [51,54,56,97 102]. Thus, the linguistic distinction is likely related to the
fact that humans have an overall cognitive bias towards goals, as opposed to sources. They
describe goals with more ne-grained distinctions [103,104], and, in experiments, are more
likely to focus on goal-directed movement than source movement [92,105,106]. Children in
particular seem to display a strong goal bias [107] and overextend goal-directed meanings
(e.g., assuming weed the garden means putting weeds into the garden, even when that
contradicts evidence from world knowledge [108]). Children also seem to produce goal
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markers earlier than source markers (See [108], for Greek and English, [109] for Hungarian,
and [110] for Hebrew).

Nikitina [93], drawing on cross-linguistic evidence, suggests that the meaning of Goal
seems to be closer' to the meaning of Place than to the meaning of Source. In our work, we
operationalize this by placing place, goal, and source on a line, with goal and source
as endpoints and with place in the middle; we nd that this con guration gives the best tto
the typological data. But, as Nikitina [93] notes, there is an asymmetry. Do et al. [111] show
that, although goals are conceptually privileged, the frequency of source mentions increases
when source is not in the common ground. Thus, there are likely pragmatic/communicative
factors that underlie the source/goal asymmetry, while Chen et al. [112] points out that the
asymmetry might be due to an online attention bias, because it seems both source and
goal are encoded in memory.

Does this mean that there is, in general, a greater penalty for confusing source words
with place/goal words than for confusing place and goal? Or does the pattern fall out of the
empirical need probability of discussing source events (which are, overall, less likely than goal
events)? This is a question we address using the Information Bottleneck approach: whether
the observed distribution of spatial adverb paradigms across languages can be explained
merely by the prior probability of the various categories or whether there is evidence for a
cognitive cost that di erentially penalizes confusing source words with place words.

2.2.2 Past work on the e cient structure of semantic spaces

A large body of work has explored the way that languages e ciently break up semantic
categories. This work typically quanti es a trade-o between complexity and informativity
earlier by measuring complexity and informativity explicitly [20] and, more recently, through
the information bottleneck [22,50,66,67]. There is strong evidence that languages e ciently
navigate this tradeo by being maximally informative, given the complexity of the system.

One rich domain for these explorations has been color words [16,19,21]. Some languages
have more color words than others, with more precise boundaries. As a result, these languages
can more precisely pick out particular parts of the color space. But that precision comes at a
cost: greater complexity. If languages are e cient, there should be no languages that have
more complex color systems but have less precision. And, broadly, this seems to be the case.

Through typological comparison, it has been shown that there is e cient structure in the
semantic spaces of kinship terms [23], numerals [27], names of animals [64], and season words
[65]. There has also been work showing evidence for e cient structure in the organization
of various grammatical systems, including inde nite pronouns [113], tense systems [25,63],
guanti ers [114], and person systems [24].

2.2.3 Typological database

We use a database of spatial demonstratives that appears in [49]. Their work's methodology
draws on [52], which explores spatial interrogatives (e.g., where, whither, whence) typologically.
Nintemann et al. [49] report on the spatial demonstrative systems of languages across 5 major
world regions (Africa, Americas, Asia, Europe, Oceania), drawing on reference grammars for
the majority of evidence. For each language, they report the wordforms for each relevant
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distal level and by place, goal, and source. They also annotate whether the system has simple
distal levels (e.g., proximal, medial, distal) or if it further sub-divides the spatial system
along other dimensions, such as visible/invisible.

Nintemann et al. [49] were interested, in part, in comparing the spatial demonstrative
system to the spatial interrogative system. Because we are primarily interested in the
structure of the spatial demonstrative system, we do not consider the spatial interrogative
system. Nintemann et al. [49] test several hypotheses in their work, focusing in particular on
syncretism in orientations: that is, whether and how di erent orientations are referred to by
the same form.

Nintemann et al. [49] use the following schema for identifying syncretism in the spatial
demonstrative system:

1. P6=G6=S
2.P=G6=S
3. P6=G=S
4. P=S6=G
5. P=G=S

In the list above, an equal sign indicates that the two orientations on both sides of the
sign are referred to by the same demonstrative. For instance,= G 6 S means that Place
(P) and Goal (G) are referred to by the same demonstrative, but not Source (S) and Goal
(G). For example, in English, "here' can refer to both “at here' (Place) and "to here' (Goal),
but “from here' only refers to Source.

Nintemann et al. [49] hypothesize that languages employ the same syncretism pattern in
spatial demonstratives across di erent distal levels. For instance, if a language has syncretism
for Place and Goal at one distal level, it tends to also have syncretism at other distal levels.
We will address this prediction and its relation to framework in Section 2.6.1. They also
hypothesize that most languages employ one of three syncretism patterns: using the same
demonstrative for all orientations (Pattern 5 above), using di erent demonstratives for all
orientations (Pattern 1 above), or using the same demonstrative for Place and Goal but
another for Source (Pattern 2 above). As a third hypothesis, they o er that there is a rise in
length of forms from Place via Goal to Source.

We argue that certain of these hypotheses fall out of information-theoretic motivations and
can be tested using our framework. The last of these, that construction length rises from Place
to Goal to Source, falls straightforwardly out of the general relationship between frequency
and length [115,116] and, because Nintemann et al. [49] show this relationship robustly in
their work, we do not focus on it here. But we note that this pattern is broadly consistent
with communicatively e cient patterns. We focus on two key hypotheses: that certain
paradigms are much more common across languages than others and that languages prefer
consistency in their syncretism patterns within spatial demonstratives. This second point,
which we refer to as consistency, requires an additional step beyond the pure information
bottleneck approach that we develop in Section 2.6.1.

Below, we re-formulate these hypotheses into two key factors that we aim to explain using
an information-theoretic approach.
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Orientation Syncretism Patterns As mentioned above, the third hypothesis states that
Patterns 1, 2, and 5 are widely attested in world languages. It is indeed the case in [49]: it is
common for languages to have a three-way split between Place, Goal, and Source (Pattern 1),
common to have no split (Pattern 5), and common for syncretism between Place and Goal
with Source marked separately (Pattern 2). Meanwhile, it is rare for there to be syncretism
between source and goal (with place as an outlier) or between source and place (with goal as
an outlier). In spite of being rare, they are indeed attested in [49]. Balese for Pattern 3, and
Northern Saami for Pattern 4. We show that in the information bottleneck approach, if a
language values informativity more compared with complexity, Pattern 1 emerges, whereas if
a language values complexity more than informativity, Pattern 5 emerges. Pattern 2 is likely
to stem from the cognitive phenomenon of source-goal asymmetry mentioned in previous
sections and operationalized here as a higher penalty for confusing Place and Source than for
confusing Place and Goal.

Consistency The second hypothesis states that the same syncretism pattern is likely
to occur in both near distals and far distals. That is, it is unlikely (but not impossible)
to be the case that a language follows one pattern (e.@, = G = S) in the near distals
and another pattern (e.g.,P 6 G = S) in the far distals. We show that the information
bottleneck approach, as currently proposed, does not necessarily lead to this result. Thus, in
our third experiment, we propose adding a consistency component to the system. By adding
a preference for consistency, this pattern emerges.

2.3 Information-theoretic formulation

We aim to model spatial demonstratives using the Information Bottleneck (IB) framework
which was introduced into linguistics by [21]. The IB model has its ultimate origins in the
physics literature [50] and is a special case of the general theory of lossy compression [117 119].
In this section, we review the framework and how we will apply it to our domain. We also
discuss a number of extensions to the Information Bottleneck that will prove necessary to get
an adequate model of the typological data.

2.3.1 Basic information bottleneck

Applied to natural language, the Information Bottleneck is a model of a communicative
system: a mapping from mental representations of meaning to discrete forms. These discrete
forms may be distinguished from each other by syntactic, morphological, or lexical means.
On its own, the Information Bottleneck fundamentally provides a model of what distinctions
are made without specifying how they are made.

The Information Bottleneck formalizes the intuition that an “optimal' communicative
system balances informativity on one hand with complexity on the other. Schematically, an
optimal system should minimize an objective function of the form:

Complexity  Informativity; [2.1]
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where is a scalar value that determines how much a unit of Complexity should be traded
o with a unit of Informativity. The scalar  can be seen as a conversion factor that converts
Informativity into a common currency with Complexity. The meaning of Eq. 2.1 is that
languages minimize Complexity and maximize Informativity.

The Information Bottleneck allows us to give precise de nitions for both Informativity and
Complexity in terms of information theory. Thus, it allows us (1) to evaluate the comparative
optimality of real systems, by plugging them into Eq. 2.1, and (2) to derive mathematically
optimal systems to which real systems can be compared, by nding minima of Eq. 2.1. The
key information-theoretic concept behind the IB framework is mutual information, de ned
below.

Mutual information Both the Informativity and Complexity terms in the 1B framework

will be de ned in terms of mutual information: a statistical quantity that gives the most
general measure of dependence between two random variables [120]. Given two random
variables X and Y, the mutual information betweenX and Y is an average log-likelihood
ratio:

X X i
X:Y]= " " pecy)log PYIX
.y P(Y)
where the x and y are possible values of the random variables X and Y respectively.
Intuitively, Eq. 2.2 quanti es how much the uncertainty about Y decreases when you know
the value of X. When X and Y are independent such that knowing X gives no information
at all about Y their mutual information is zero. The more dependent they are on each
other, the higher their mutual information. As we will see below, mutual information admits
a number of di erent interpretations, allowing it to serve both as a measure of Informativity
and Complexity when applied to di erent variables.

: [2.2]

Mathematical setup Following the convention of [21], we de ne the information bottleneck
using three random variables:

1. U, a random variable over world states. In the case of deictic demonstratives, a world
state is a pairhr; i of a distal levelr, consisting of one of a set dD discrete distal
levels, and orientation , consisting of one of place, goal, and source. Thus, there
are 3 D world states. In this work we set the number of distal levels t® = 3.1 The
world state may refer to an objective physical space, or to a shared subjective space
within a discourse.

2. M, a random variable over meanings: mental representations of world states. Each
meaning corresponds to a distribution on world states, parameterized as below in
Section 2.3.2. We assume that the relationship between world states and meanings is
xed and independent of language; presumably it is set by perceptual systems that
map between world states and mental representations.

In order to model actual world states, the distal levelsr should likely vary continuously. We use a discrete
number of distal levels for mathematical tractability.
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3. W, a random variable over discrete words. A communicative system ¢ consists of a
stochastic mapping from meanings to words:

qg:MI!IWw,

or equivalently a conditional distribution g(wjm) on words given meanings. The
Information Bottleneck allows us to derive optimal systems g for a given M and U.

Following previous work [21], we assume that the "need distribution' on meaning@n)
and the conditional distribution on world states given meaning®(ujm) which re ects
the perceptual relationship between cognitive meanings and world states are xed across
languages. In reality, di erent cultural or geographic constraints may mean that the need
distribution is not xed across languages. Indeed, at least in the domain of color, studies
such as [121] do suggest the need distribution varies across languages, and such variations
seem to be related to geographic location and ecologic region. We leave it to future work to
incorporate these di erences into this approach.

Given this setting, the IB optimality of a systemq with respect to meaningsM and world
states U is the di erence of mutual information.

Jalal =M W] W T 23]

Complexity Informativity

In the equation, the mutual information between words and world state§W : U] plays the
role of Informativity, while the mutual information between meanings and word$[M : W]
plays the role of Complexity. Below, we review the meanings and motivations for these terms.

Motivation: Informativity The Informativity term uses the interpretation of mutual
information as quantifying the amount of information contained in one variable about another.
In this case, it gives the amount of information in the wordW about the world state U.
This interpretation is valid because mutual information quanti es the average reduction in
uncertainty about the world state U that happens upon observation of a word W.

Motivation: Complexity The complexity of a system, on the other hand, is de ned using

the mutual information of meanings and words. In its appearance here, mutual information
represents the complexity of the mapping between meanings and words. It can be interpreted
the number of distinctions about meaning encoded in the system.

Mutual information has been used in this sense in neuroscience as a general measure
of complexity for action policies, that is, mappings from states to actions as implemented
by agents (Seelfi2021policy ,122] for a review). It correlates with empirical measures of
cognitive e ort [123], and plays a role in models of the complexity of language production
[124]. Under this measure, a communicative system has complexity O when all meanings are
mapped to a single word in that case, no computation at all is required to specify the word.

A system has maximal complexity when each meaning is mapped to an individual unique
word (See Figure 2.1 for an illustration).

In the plain Information Bottleneck, complexity is quanti ed only by mutual information
between meanings and words. However, it is possible that a more complete theory of
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Figure 2.1: An illustration of the complexity-informativity tradeo . The horizontal axes
indicate the orientation (place/goal/source distinctions. The vertical axes indicate the

distal level. Each color represents a word. Left: a system with maximal informativity. In
this case, each meaning has its own unique word. For a listener, there will be no confusion
on what a speaker means when she utters a word. However, this system is also maximally
complex, as it contains a total of 9 words. Right: a system with maximal simplicity (or
minimal complexity). In this case, all 9 meanings are expressed by only 1 word. This system
is the simplest but also the least informative.

communicative systems in natural language will require some more elaborate notion of
complexity. Below, we will see that there is evidence that a full model of deictic words will
require further constraints on nondeterminism and consistency, which can be implemented
as an additional terms in an extended optimization objective.

Notion of optimality We study the optimality of systems where optimality is de ned
using Eq. 2.3. This is a multi-objective optimization problem, meaning that multiple
notions of optimality (informativity and complexity) are being optimized simultaneously.
Furthermore, since informativity and complexity are related to each other mathematically,
they trade o with each other. In particular, informativity is upper bounded by complexity:

WL

Informativity Complexity

so it is not possible to achieve arbitrarily high informativity with a system of low complexity.
Essentially, by maximizing the mutual information of words and world states while minimizing
the mutual information of meanings and words, we are nding a system which encodes only
those distinctions of meaning which are relevant for distinguishing world states.

When we plot a space de ned by informativity and complexity, as we will do in Fig. 2.5,
we see two regions: (1) an achievable region of possible systems below the black line, and
(2) an unachievable region above the black line where there is no possible systegithat
simultaneously achieves the given value of informativity and complexity. The black line
between these regions is the e cient frontier, de ning a set of systems which are the best
possible within the bounds of what is achievable in terms of IB optimality.
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2.3.2 Parameterization

Summarizing the above, an Information Bottleneck model of a communicative system requires
that we formulate two distributions: (1) a prior distribution on meaningsp(m) indicating how
often a speaker needs to express a meaning, and (2) a conditional distribution on world states
given meanings p(u j m). We can then study the optimality of di erent systems g(w j m).

Need distribution p(m) We model the set of possible meanings using a three-way dis-
tinction of orientation (place vs. goal vs. source) and a three-way distinction of distance
(proximal, distal, and far-distal), giving 3 3 = 9 total possible meanings.

We set the prior probabilities on meaningg(m) empirically, estimating the probability of
each meaningp(m) from the frequencies of the corresponding words in Finnish in Lexiterfa.
We use these word frequencies because Finnish has a full unambiguous33distinction
in its deictic words. In particular, it does not have syncretism of place and goal. The
resulting probabilities are shown in Table 2.2. We use Finnish data in our main analyses for
convenience, but it should not be assumed that the distribution of these terms will be the
same across languages as they are in Finnish. The particular choice of our prior is not crucial
to our ndings, as discussed below, where we compare among priors.

goal place source

D3 | tuonne 0.073| tuolla 0.030| tuolta 0.006
D2 | sinne 0.185 | siella 0.072 | sielta 0.017
D1 | tanne 0.393 | taalla 0.160 | taalta 0.065

Table 2.2: The need distributionp(m) based on spatial deictic demonstrative frequency in
Finnish, provided along with the actual spatial demonstratives.

Conditional distribution on world states p(ujm) A world state is a tuple of a distance
d and an orientationn. We model the distribution on world states conditional on meanings
using cost functions which de ne a cost for confusing one distanced with another distance
d® or one orientation n with another orientation rf.
The cost for confusing distanced and d° is simply the absolute value of the di erence
between them:
Cap=jd d §: [2.4]

The cost for confusing two orientationsh and n®is given by three cost value€pg, Cps,
and Cgs which are non-negative real numbers that de ne the cost for confusing place and
goal, place and source, and goal and source respectively:

g 0 ifn=no
_ " Cpg if n=place and n°= goal or vice versa
B 3 Cps if n = place and n°= source or vice versa

Css if n=goal and n°= source or vice versa.

Cnno

2https://lexiteria.com/word_frequency_list.html
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Parameter Meaning

Tradeo between informativity and complexity
Decay in p(ujm)

Crc Cost for confusing place and goal
Cps Cost for confusing place and source
Cas Cost for confusing goal and source

Table 2.3: Free parameters of the information bottleneck and our model of the semantic
domain of spatial demonstratives.

In addition, we have the constraint that the three cost values fall on a line (that is, the
maximal cost of the three must be equal to the sum of the smaller two). We experiment with
di erent values for the orientation costs in Experiment 2.

Finally, the costs are combined to form the probability distribution on world states given
meanings using exponential decay with a decay rate parameter :

p(ujm)/  Ca*Cmo: [2.5]

This means that a meaningm which corresponds to distance and orientation n will give
probability primarily to world states with matching d®and n® and also to other world states
that are similar in distance and orientation. A sample distributionp(u j m) under two
di erent decay parameters is illustrated in Figure 2.2.

Summary of parameters Table 2.3 shows the free parameters of the model. The need
distribution p(m) has additional parameters which are set empirically.

2.3.3 Generalizing the Information Bottleneck with Further Con-
straints

In order to model spatial demonstratives, the simple Complexity constraint of the basic
Information Bottleneck will not be enough. This is for a combination of reasons involving
the way that spatial demonstrative data is coded, as well as genuine linguistic phenomena
that depart from the predictions of the basic Information Bottleneck.

Determinism The Information Bottleneck generally predicts that optimal systems are
nondeterministic: the mapping from a meaning to a word is a probabilistic function. This
is an advantage in the case of semantic domains such as color words, where the mapping
from perceptual space to color categories is indeed nondeterministic both across and within
speakers: many speakers are unable to produce consistent color names for regions "on the
boundary' between color categories, and this variability is re ected straightforwardly in data
sources such as the World Color Survey which give trial-level information on color labels
provided by participants to color stimuli [125].

In the case of spatial demonstratives, however, the available data sources such as [49]
provide only the mapping from distal levels and orientations to words. While in many
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Figure 2.2: Sample distributions of world statet) (in x- and y-axes), conditioned on meaning
M (in each facet), when the decay parameter = 0:1 (top) and = 0:3 (bottom). The color
represents the conditional probability, from O (bright) to 1 (dark). Values in each facet sum

to 1.
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cases this is a nondeterministic one-to-many mapping, we do not have data from which we
could estimate the probability of using one particular word given one particular location
described. The general IB framework does make ne-grained probabilistic predictions about
how words will be used to describe meanings stochastically, but the available data do not
allow these predictions to be tested. We believe that the full probabilistic structure of spatial
demonstrative systems could only be investigated through quantitative experiments with a
highly controlled meaning space.

In order to model the existing categorical descriptions of spatial demonstrative systems,
we introduce a determinism constraint into the IB framework: we constrain systems to
have a deterministic mapping from meanings to words. This Deterministic Information
Bottleneck has been studied in the machine learning literature by [67]. When considering
only deterministic systems, the Information Bottleneck objective reduces to

Jog =H[W] I[W :UJ]; [2.6]

where the Complexity term is replaced with the entropy over words produced, H[W .

In order to nd optimal deterministic systems, we can simply iterate through all the
possible mappings from meanings to words and nd the ones that score the highestJy .
The number of all possible unique systems mapping meanings to words can be calculated
as the Stirling number of the second kind (Sequence A008277 in the Online Encyclopedia of
Integer Sequences, in [126])

For example, the number of possible systems given 9 meanings (3 distal levels and 3
orientations) is 21,146. We enumerate all these systems and compute their respective e ciency
and informativity. Since these are all possible systems under the xed number of meanings,
the real systems will be a subset of them.

Consistency Another factor that constrains spatial demonstrative systems, but which is

not encompassed in the basic IB framework, is consistency or naturalness [127]. This notion
captures the idea that not all paradigms are equally easy for humans to learn and use, even
if they have similar complexity. In particular, it has been shown that paradigms with various
kinds of similarity in their structure (what are often called natural patterns, as in [128 130])

are more common [131,132] and easier to learn [128,133 138], which has been posited to drive
typological patterns [53,127,133,134,139 142]. These constraints re ect a kind of "system
pressure’ which may be distinct from communicative pressures [143].

We operationalize these ideas as consistency. We say a deictic system is consistent
when it has the same pattern of distinctions in each distal level and in each orientation.
For example, in English, the word here is used to refer to both place and goal in the
proximal level; similarly, the word there is used to also refer to both place and goal in
the distal level. In addition, to indicate the orientation source, at both distal levels, the
preposition from is used; similarly, to indicate orientations source or goal, no preposition

P

3The entropy H[W] = : w P(w) log p(w) represents the uncertainty in the random variable W. The
IB objective reduces to Eq. 2.6 for deterministic systems because (1) the mutual information[M : W] =
H[W] H [W jM]and (2) for deterministic systems,H[W j M ]=0. The DIB objective can also be thought
of as adding another termH[W j M ] to the plain IB objective in Eqg. 2.3, thus penalizing systems with
nondeterminism [67].
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Figure 2.3: Examples of consistent (left) and inconsistent (right) paradigms. The horizontal
axis indicates the place/source/goal distinctions. The vertical axis denotes the distal
level. English (left) has syncretism for place and source at all 3 distal levels, whereas a
simulated paradigm (right) does not.

is required. Therefore, English spatial demonstratives are consistent. In contrast, most of the
enumerated deterministic systems are not consistent. An example is shown Figure 2.3: here
the consistent paradigm of English is juxtaposed with a random inconsistent paradigm with
the same number of words.

It is not necessarily the case that optimization of the IB objective will produce consistent
systems. This is because in the IB framework, complexity of a system is measured using
mutual information, which does not explicitly penalize inconsistency. We will ultimately nd
that the attested linguistic systems are best modeled by an extended IB optimization that
includes consistency as an additional constraint.

In order to quantify consistency of real and simulated systems, we introduce a consistency
score, de ned as the sum of the number of unique source / place / goal patterns plus
the number of unique distal level patterns in a given language, similar to the enumerative
complexity in [144]. For instance, since English only has the pattern of ABB (using the same
word to refer to both place and goal) in all deictic levels and CDD in all orientations,
English has a consistency score of 2, whereas the simulated system in Figure 2.3 has a
consistency score of 6. Hence, a lower consistency score indicates higher degree of consistency.

We use the consistency score for two purposes: (1) to quantify the actual consistency
of attested system when compared to random simulated systems and to optimal simulated
systems, and (2) to derive optimal systems where consistency is included as an additional
constraint. The (deterministic) IB objective including consistency is

Jconsistency = HIW] I[W:U]+ S[M:W]; [2.7]

where M : W] is the consistency score, and is a scalar parameter indicating how strongly
inconsistency is penalized. When = 0, the consistency constraint has no e ect. To preview
the results below, we nd a good t to the attested deictic systems with = 1.
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2.4 Experiment 1. Basic Information Bottleneck

In the rst experiment, we compute the information plane for each of the real systems in our
data set, as well as for simulated systems. The information plane plot reveals how close real
deictic systems are to optimal systems as predicted by the basic Information Bottleneck, as
described in Section 2.3.1.

We used the Appendices from [49] in order to construct a machine-readable database of
place demonstratives. We only analyzed languages where spatial demonstratives are used
solely relative to an imaginary deictic center (Section 2.2.1) and left out languages that
employ a speaker/listener-centric system or those that adapt a combination of deictic-centric
and speaker/listener-centric approach. For instance, languages such as English and Maltese
are included in our analysis, whereas languages such as Japanese are not. This left 220
languages for analysis (See Figure 2.4 for the geographical distribution of the 220 languages).

Figure 2.4: Geographic distribution of the 220 languages investigated in this study, generated
in R [145]. Colors denote language families. The coordinates are taken from Glottolog [146].

2.4.1 Data processing

When there are multiple options for a particular cell, we concatenate those options together.
For instance, Distal Il in Tok Pisin is longwe liklik or longwe for each of place, goal, and
source. When we concatenate these together, we see that there is syncretism between place,
goal, and source. In Yuracaré, on the other hand, proximal Place is ani and Source is ani

or an=chi. Because the language has the option to distinguish place and source, we consider
these cells as separate. Note that, for the analysis, all that matters is whether a particular
cell is the same or di erent from another cell.
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We highlight one coding choice which will have relevance for interpreting our gures:
when a language has fewer than three distal levels, we assume as a convention that the second
distal level encompasses both D2 and D3. This was motivated purely by the need to have a
convention for the representation of two-level languages, and not motivated by any particular
linguistic consideration.

Table 2.4a shows the deictic system for Tamil as presented by [49], and Table 2.4b shows
the same information re-coded, as it is presented to our model: the only thing that matters is
whether a particular form is the same or di erent to another form in the paradigm. For our
purposes, distinctions of form may be syntactic (involving multiple words) or morphological.

Table 2.4: Tamil place demonstratives (a) and coded demonstratives (b)

goal | place | source goal | place | source
distal angee| angee| angeyrundu distal C C D
proximal | ingee | ingee | ingeyrundu proximal | A A B

2.4.2 Choice of prior and parameters

We set the need distribution over meanings using the frequencies derived from Lexiteria for
Finnish. We chose Finnish because it has canonical separation between three distal levels
and between place/goal/source, with a single word associated with each. We consider a
number of alternative need distributions below, and two alternative corpora besides Lexiteria
in Appendix A.3.

In our main analysis in Section 2.4.3, we rst set our maximum number of distal levels to
be 3, decay parameter to be 0.2, orientation confusion cosCpg and Cps to be 0.8 and
1.32, respectively. These parameters are selected because they broadly re ect the properties
of attested spatial deictic systems. The maximum number of distal levels are set as 3 because
most of our attested systems have fewer than 3 distinct distal levels. The confusion cGsts
is set to be larger thanCp s because of the rich literature on the asymmetry between source
and goal, as discussed in Section 2.2.1. The speci c numbers @ps and Cpg are tted to
the data, that is, they are the ones that place the attested systems as close to the optimal
frontier as possible. The choice of decay parameterdoes not a ect the results for < 0.7,
as demonstrated in Appendix A.1. Later in Section 3.2.2, we will explore the e ect of each
parameter separately and see how they a ect the e ciency of attested deictic systems.

2.4.3 Results: E cient frontier

In Figure 2.5, we plot the information plane for the set of 220 real systems, along with 21,146
random simulated ones. The black line indicates the e cient frontier if we allow the systems
to be non-deterministic. As also pointed out in [21], allowing non-determinism extends the
e cient frontier by o ering additional degrees of freedom that can be used to generate more
e cient systems than are available under a deterministic approach. We also calculated the
expected Informativity among simulated systems, under a given Complexity, which is plotted
as the blue dashed line in the gure.
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Figure 2.5: Each colored point on the information plane represents an attested deictic system,
and the gray points represent all the 21,146 hypothetically possible deterministic systems.
The e cient frontier is marked by the black line. The points are jittered to avoid overlap.
The blue dashed line represents the expected informativity among simulated systems given a
complexity. Some languages close to the frontier or far from the frontier are labeled as an
illustration. Since the points are heavily clustered, a zoomed-in view of two of the clusters
are presented in the two panels: spatial deictic systems sharing similar complexity and
informativity of English (left) and Finnish / Fijian (right).

The real systems typically fall close to the optimal frontier, although there are some
exceptions. Of the 220 systems in the sample, only 4 of them have below-expected Informa-
tivity relative to their Complexity ( I[M : W]). These languages are Balese, Doromu-Koki,
Bunoge Dogon, and Abau. Balese, the language that falls farthest from optimal on the plot,
is noteworthy for being the only language in [49]'s sample in which goal/source syncretism is
required. Doromu-Koki, Bunoge Dogon, and Abau all have varying degrees of goal/source
syncretism, as well. As we will see in Experiment 2, the reason that these languages appear
sub-optimal is that we assume higher cost for confusing goal with source than for any
other orientation confusion, and so a language with goal/source syncretism is dispreferred.

Relative to the majority of simulated systems, what causes the apparent optimality of real
systems? One major factor is that natural language deictic systems rarely have jumps in distal
levels. That is, a language is unlikely to use the same word for here as for far over there
but a di erent word for there. From the perspective of our information-theoretic framework,
that makes sense since the cost of confusing meanings which are spatially distant is high.
But the cost of confusing two nearby distal levels is relatively lower. This analysis further
raises the question: which of the parameters in our model are driving these relationships? In
Experiment 2, we undertake a series of explorations to uncover which choice of parameters
would make the real systems appear most optimal.

In addition to asking what makes deictic systems closer to the e cient frontier than the
random systems, we can ask why real deictic systems are often not exactly on the e cient
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frontier. We will take up this question in Section 2.6.1 where we discuss an additional
constraint that appears to be operative in natural language the constraint of consistency.

2.5 Experiment 2: Exploring factors that a ect optimality

Experiment 1 found that natural deictic systems are very often closer to the e cient frontier
than random systems for a particular setting of the IB model parameters. But what drives
these results? Does the apparent e ciency of real systems emerge mostly from assumptions
about the need distribution of the words? Or does it depend more on the cost parameters
that penalize confusing, e.g., place with goal or goal with source? We take up these questions
here.

In order to better characterize how di erent parameters a ect the apparent optimality of
communicative systems, we perform here comprehensive searches through parameter space,
and study how the apparent optimality of systems changes under di erent parameter settings.
Our goal here is to determine the minimal requirements on the parameters such that natural
languages are well-modeled by the IB optimization.

In order to compare di erent model con gurations, we need a metric for the optimality
of a set of systems under those con gurations. With such a metric, we can compare the
score across di erent sets of parameters. We adopt the metric of a generalized version of
Normalized Information Distance (gNID) proposed in [21]. gNID, bounded by 0 and 1,
re ects the distance between an attested system and the closest optimal system.

As shown in [21], we can match each attested spatial deictic syst&pfwjm) representing
language™ with an optimal, non-deterministic spatial deictic systemq . (wjm) by nding
the trade-o parameter - that minimizes the di erence in the e ciency score between the
attested system and the optimal system (Equation 2.8):

~=argmin((lq W;M] 1 g [U;M]) (I [W;M] T 4 [U;M]): [2.8]

Then, the gNID betweeng (wjm) and q . (wjm) can be calculated by Equation 2.9, whergV?°
and W° denote random variables of other possible spatial deictic demonstratives that could
be produced given a meaning m:

W, W ]
maxfl[W ; WJ; I[W .;W°]g

The lower gNID an attested system has, the closer it is to the optimal frontier. For
example, Kodiak Alutiig (see Figure 2.5) has a gNID of 10, corresponding to the fact
that it lies nearly on the optimal frontier, occupying the point of maximal informativity
and maximal complexity. On the other hand, Balese (see Figure 2.5) has a gNID of 0.446,
corresponding to the fact that it is far away from the optimal frontier.

Using the methods described above, for each set of parameters, we compute the average
gNID over all attested spatial deictic systems and then compare gNID across di erent sets of
parameters. Below we report how varying each parameter will a ect the average gNID, or
the information distance to the optimal frontier, of attested spatial deictic demonstrative
systems.

gNID(W,; W ) =1

[2.9]
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Factor 1: place/goal/source Costs First, we can ask about the cost functions for
confusing place, goal, and source. Based on the prior literature, there are two major
claims to consider. First, there is reason to believe that place is intermediate between
goal and source, meaning the penalty for confusing source and goal should be high
[93]. Second, we predict that it is less costly to confuse goal with place than to confuse
source with place. This prediction falls out of the cognitive science literature [103,106,147]
suggesting that source-directed movement tends to be more marked.

Factor 2: Choice of need distribution In Experiment 1, the need distribution p(m) is
based on Finnish word frequency data. The resulting distribution exhibits two important
properties: 1) the frequency decreases as the distal level increases, indicating that we tend to
talk about things happening further away less, and 2) the frequency of place is greater than
the frequency of goal, which is itself greater than the frequency of source. To investigate
the role of the need distribution in our model of deictic systems, we measure the average
gNID among all attested systems under di erent permutations of the marginal place /
goal / source distribution, while keeping the marginal distal level distribution constant.

For instance, suppose the marginal distribution used in Experiment 1 ig(place ) = a,
p(goal ) = b, and p(source ) = ¢, wherea > b > ¢ (henceforth denoted as place >
goal > source). One of the permutations could be source > place > goal, where
p(source) = a, p(place) = b, and p(goal) = c.

2.5.1 Methods

In this analysis, we keep all other parameters identical to those in Experiment 1 and grid
search di erent combinations of place/goal/source confusion costs and need distribution
permutations.

For the confusion costs, instead of varyin€pc and Cps, which implicitly assumes the
rst claim, we represent place, goal, source as coordinates on a 1D line. Without loss
of generality, we assign the coordinate of place Cp) as 0. We vary the coordinates of
source ( Cs) and goal ( Cg) in the interval [ 5;5] and calculate the confusion cosE; as
Cij = JC;i C jj, wherei;j 2 fP;G; Sg . Regarding the rst claim, in our formulation, if Cs and
Cs have opposite signs, place lies in the middle between source and goal ( place-centric
henceforth); otherwise, place is said to lie outside source and goal ( place-marginal
henceforth). For the second claim, iCrs > Cpg, the cost setting is favoring goal over
source, and otherwise, it is favoring source over goal.

Meanwhile, under each permutation of {place / goal / source}, we compute the
average gNID among attested systems. In addition, we also repeat the same analysis with
two additional types of need distributions: a uniform distribution, where each meaning has
an equal need probability (coded as uniform prior ), and a distribution where we keep the
decay with the distal levels but even out the need distribution within each distal level (coded
as place = place = place).
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2.5.2 Results

The results for the major qualitative categories of parameter con gurations are shown in
Figure 2.6. Here, the black dots represent the average gNID among attested deictic systems of
a potential arrangement of Cg; Cs), categorized by which orientation is favored and whether
it is place-centric or place-marginal. The horizontal axis shows the relative coordinates of
place (gray), goal (blue), and source (red) on a number line. Overall, the results show
that the IB model best ts the typological data if 1) place is in the middle of source
and goal, and 2) the cost of confusing place and goal is set to be lower than that of
confusing place and source both of which patterns have been independently observed
and motivated in the typological and psycholinguistic literature.

The results of permuting the need distribution are shown in Figure 2.7. Interestingly, the
need distribution we encounter in reality, place > goal > source, is the second worst in
terms of optimality and only better than a uniform distribution.

2.5.3 Which matters more: need distribution or place/goal/source
costs?

To summarize, we found that 1) when the cost of confusing place/goal/source with

one another isCgs > Cps > Cpg, Which is the con guration that re ects the cognitive
bias towards goal found in the literature, spatial deictic demonstrative systems attested
in real languages are closest to the optimal frontier; and 2) when the need distribution of
place/goal/source is place > goal > source, which is the con guration demon-

strated in text corpora, spatial deictic demonstrative systems attested in real languages are
merely second to last closest to the optimal frontier, compared with other permutations of
place/goal/source need distributions. This leaves one question open: which factor a ects

the average distance to the optimal frontier more? To answer this question, we take the
results from the grid search and perform a Bayesian random-e ects regression, using the
brms package [148] and the formula below:

gNID (1 j place/goal/source cost) + (1 j need distribution permutation):  [2.10]

We use a random-e ects regression so that separate variances are t to describe the e ects of
need distribution vs. cost con guration? If the absolute value of random intercept for one
factor is greater than that for another, we can say the former matters more compared with
the latter, since the gNID is a ected by the former factor to a greater extent.

The results are shown in Figure A.5. In each facet, a green dot represents the case
where the random intercept of confusion cost is larger than the random intercept of need
distribution orientation, under a combination of the two factors. There are a total of 192,000
data points in the gure, 154,403 of which are green, indicating that in most cases, the
confusion cost a ects the optimality of attested spatial demonstrative systems more than the
need distribution. The relatively small e ect of the need distribution mirrors the nding in
[21] that color naming systems appear optimal under several choices of need distribution.

4In the model, we set the priors as weakly informative ones, 4 chains, and 2000 iterations per chain,
including 1000 iterations for warming up. To this end, for each combination of the confusion costs and the
need distribution permutation, we obtain 4000 sets of tted random intercepts for each factor.
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Figure 2.6: Each black point represents the average gNID of attested spatial deictic systems,
in an increasing order, under aCg; Cs) combination, categorized by the relative position of
Cg (blue dot), Cs (red dot), and Cp (gray dot) on a number line. The error bar represents
95% bootstrapped con dence interval. First column (shaded dark gray, actually observed in
human languages): goal favoring, place centric ( Cgs > Cps > Cpg); Second column: no
favoring, place centric ( Cgs > Cps = Cpg); Third column: goal favoring, place marginal
(Cps > Cpg; Cps > Cgs); Fourth column: source favoring, place centric ( Cgs > Cpg >
Cps); Fifth column: source favoring, place marginal ( Cpg > Cps;Cpg > Cgs); Sixth
column: no favoring, place marginal (Cpg = Cps > Cgs = 0). The results show that if
place is in the middle of source and goal, and the cost of confusing place and goal is

set to be lower than that of confusing place and source (i.e. Cgs > Cps > Cpg), attested
systems tend to be closer to the optimal frontier. The number shows thevalue in at-test
comparing the mean for the con guration observed in human languages (dark gray) with
others.

2.5.4 Discussion

Varying the parameters of the IB model, we found that the attested spatial demonstrative
systems behave more similarly to optimal systems predicted by the model when the cost of
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Figure 2.7: Each black point represents the average gNID of attested spatial deictic systems, in
an increasing order, under each need distribution. The error bar represents 95% bootstrapped
con dence interval. First column: goal > source > place; Second column: source

> goal > place; Third column: place > source > goal; Fourth column: source >

place > goal; Fifth column: place = place = place; Sixth column: goal > place >

source; Seventh column: place > goal > source (the actual need distribution); Eighth
column: uniform need distribution. The numbers represent the-value of at-test comparing
the mean of place > goal > source with those in other con gurations.

confusing source and goal is greater than that of confusing place and source, which

then is bigger than that of confusing place and goal, a realistic constraint reported in

the cognitive science literature. Although another realistic constraint on need distribution
that place is more frequently used than goal, which is more frequently used than source
does not make the attested spatial demonstrative systems behave more similarly to predicted
optimal systems, we demonstrate that the second constraint plays a minor role in a ecting
the optimality of attested systems, compared with the rst constraint.

Our results also shed light on which model components are more important in terms of
explaining deictic patterns. In particular, the results are relatively invariant to changes in
the need probabilities (with the uniform prior performing better than the place> goal >
source prior), whereas the model t is dramatically worse when the orientation confusion
costs are misspeci ed. This nding suggests that the reason for the goal source asymmetry
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in typology arises from asymmetries in the cost function and not from need probability.

2.6 Experiment 3: Information bottleneck with consis-
tency

In all the simulations above, there often emerge optimal systems that are unlike real systems.
These are not consistent: e.g., they have di erent place/goal/source paradigms for one
distal level as compared to another. Examples are shown in Figure 2.8.

There are no parameters in our model, nor in prior work on the information bottleneck,
that can account for the fact that these inconsistent paradigms are dispreferred. In this
section, we propose a new framework to account for this preference for consistency within
the IB framework, through the addition of a new constraint.

2.6.1 Consistency

In this section, we examine whether the systems considered optimal under the information
theory framework are the ones actually attested in real languages.

Although the demonstratives in di erent languages vary, how they are used to encode
di erent meanings shows some commonality. For example, recall Table 2.1, which lists
the spatial deictic demonstratives in English and Maltese, respectively. They partition the
space in the same way: one word for proximal place and goal, one word for distal place
and goal, and a separate set of words for conveying source information. We now call a
particular strategy to partition the meaning space a paradigm. Each simulated system has
only one paradigm, whereas many real systems might share the same paradigm. In fact, the
220 real systems in the database only utilize 34 out of the 21,146 possible paradigms. As we
will demonstrate below, these real paradigms vary in their frequency.

The bottom panel Figure 2.8 shows all the simulated paradigms located on the optimal
frontier. The top panel shows all 5 real paradigms closest to the optimal frontier. Among
the 5 simulated paradigms on the optimal frontier, only three (21119, 21128 and 21145)
are attested in our database. Simulated paradigm 21119 merges place and goal in distal
level D3 while keeping other meanings distinct, similar to Bengali and 3 other languages.
Simulated paradigm 21145 gives every meaning its own word, which is the paradigm Fijian
and 49 other languages adopt. Simulated paradigm 21128 gives every meaning its own word
except merging source in D2 and D3. The other 2 simulated paradigms are not attested.
This is to say, only a few of the possible optimal paradigms are actually adopted by real
languages.

Meanwhile, if real languages are optimized in communicative e ciency, we would expect
the paradigms closest to the optimal frontier to all be adopted by many languages. However,
we see a clear disparity in terms of the number of languages adopting each paradigm. For
instance, in the top panel of Figure 2.8, Fijian shares the same paradigm with 49 other
languages, whereas Maybrat, Bengali, and other 4 languages are the only languages utilizing
their respective paradigm, despite being very close to the optimal frontier. This indicates
that information theory alone fails to predict why some paradigms are favored but not others,
suggesting that some other factors might be a ecting such preference.
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Figure 2.8: The 5 most e cient real paradigms (top) and the optimal simulated paradigms
(bottom) from Experiment 1. The horizontal axis indicates the place / source / goal

distinctions, whereas the vertical axis denotes the distal level. The real paradigms are
exempli ed by their languages. The number in the parenthesis indicates the number of
languages in a given paradigm. gNID denotes the distance to the frontier for each paradigm.
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One of the additional factors appears to be consistency: the extent to which a paradigm
is consistent. Consistent paradigms that are close to the optimal frontier tend to be adopted
by more languages, compared with inconsistent paradigms. In this section we adopt the
consistency score de ned in Section 2.3.3.

2.6.2 Basic analysis

We calculate the consistency score of the real systems and the random systems generated
in Experiment 1, using the same set of parameters. In Figure 2.9, we plot the consistency
as well as the distance to the optimal frontier for each real paradigm and the simulated
paradigm, faceted by the number of words used. The size indicates the number of languages
in that paradigm. The most frequent real paradigms (shown as bigger-sized circles), utilized
by a majority of the real languages in our database, fall into the bottom left corner in each
facet, indicating that they tend to be consistent in addition to being e cient in balancing
informativity and complexity. In contrast, infrequent paradigms (shown as smaller-sized
circles) are generally located away from the lower-left corner in each facet, meaning that
they are either not consistent or e cient. Meanwhile, simulated paradigms are scattered
across the plot. The graph suggests that consistency, combined with the distance to the
information-theoretic optimal frontier, is a good predictor of the typological frequency of real
language deictic demonstrative paradigms.

2.6.3 Constructing optimal paradigms

Now we examine whether the optimal paradigms considered by both information-theoretic and
consistency constraints would be utilized by most languages. To do so, we extend Equation 2.6
by adding a consistency term. The new optimality score is shown in Equation 2.11:

Jois [A] = \—I%\M |[V|V_i{g]_ + S1[ﬂ{izl\/|_]; [2.11]

Complexity Informativity Consistency
where S[W : M] is the consistency score from Section 2.3.3.

Then, we search for the most e cient simulated system under each pair of;( ) values,
where we let (; ) 2 [1;10] [1;10]. The paradigms located on the new optimal frontier are
shown in Figure 2.10. The optimal paradigms now resemble real systems much more closely.
For example, the optimal paradigm under ( ) = (5:012 1), where goal and place are
merged in each distal level and the by-distal level distinction is kept, is shared by Irish and
15 other languages.

One di erence between real systems and the optimal systems under Eq. 2.11 is that the
optimal systems with fewer words show a clear preference in merging distal levels D1 and
D2, instead of merging D2 and D3 as natural languages do. We believe this disparity stems
from the way our data is coded: in particular we assumed that, if a language distinguishes
fewer than 3 distal levels, the last distal level extends out to D3 (see Section 2.4.1). This can
possibly be resolved in reformulating the world state, a possible direction for future research.

In Figure 2.10, we label optimal systems that di er from attested ones only by merging D1
and D2 instead of D2 and D3 with a su x -like, and a total of 34 languages, including English,
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Figure 2.9: Paradigms utilized by most real languages tend to be both consistent and close to
the optimal frontier. Each blue dot represents one of the 34 unique paradigms attested in the
real languages, whereas each gray dot represents all the possible paradigms. The horizontal
axis is its distance to the optimal frontier, and the vertical axis is its consistency (high to
low). The size indicates the number of languages in each paradigm. The plot is faceted by
the number of words used in the paradigm.
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Figure 2.10: The most optimal and consistent simulated paradigms. Theand values
on each facet indicate the smallest( ) pair corresponding with that system. Gray boxes
indicate an example language and the number of languages utilizing that paradigm. A like
su x is attached when the real paradigm only di ers from the simulated paradigm by merging
D1 and D2 instead of merging D2 and D3. About half of real languages fall into one of these
patterns.

belong to this category. Interestingly, the paradigm under () =(1:738 1) is not attested

in any language, probably because this paradigm does not make distal level distinctions
at all, while all the languages in [49] have at least 2 distal levels. This suggests that in
real languages, distinguishing distal levels might be more prioritized than distinguishing
orientations. Meanwhile, the most popular paradigm shared by 71 languages, where all 3
orientations are distinguished and D2/D3 are merged, is hot among the optimal paradigms,
since distinguishing all orientations adds to the paradigm's complexity.

2.7 Discussion

Spatial deictic demonstratives, a class of adverbs or adpositional phrases that encode spatial
relations, vary both in forms and meanings they encode across languages in the world
[51]. But there exist common patterns in how meanings are expressed by spatial deictic
demonstratives [49]. Why are certain paradigms preferred over others? In this work, from an
information-theoretic perspective [21,50,66,67], we have argued that spatial demonstrative
systems in natural languages are communicatively optimized, relative to random statistical
baselines. We have demonstrated that a deviation from appropriate parameter choices results
in a less good t to real languages, as measured by the residual complexity; the optimal choice
of parameters re ects ndings from past studies [92,93,103,104,107,111,112] that humans
exhibit a strong bias towards goal compared with source. Then, we show that in addition

to informativity and complexity within the information-theoretic framework, consistency is
another constraint real languages tend to satisfy, in that real languages tend to be consistent,
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in addition to balancing between informativity and complexity.

2.7.1 Why consistency?

As we have demonstrated in Section 2.6.1, most real languages have some degree of consistency
in their paradigms, which our information-theoretic approach alone does not predict. In fact,
languages could be more e cient by, e.g., having access to the additional degrees of freedom
that come with being able to use di erent syncretism patterns at di erent distal levels.

There are several possible explanations for the consistency preference. From a learning
perspective, consistent spatial deictic paradigms tend to have low Kolmogorov complexity:
in other words, fewer words need to be used to describe the pattern in the paradigm [149],
leading to relative ease and readiness of acquisition of paradigms in natural languages [150]
and those in novel, arti cial languages [53,133,134]. Broadly speaking, the tendency towards
minimizing the description length of a paradigm is often re ected in historical linguistics,
where, for example, in Indo-European historical linguistics, analogy seems to frequently play
a role in shaping how ancient or archaic languages evolve into its modern descendants, in
that irregular in ection / declension patterns are often replaced by regular ones [151]. Such
tendencies have also shown in the lab: that structures gradually emerge as languages are
passed down between generations [39].

2.7.2 Limitations of our consistency formulation

The consistency metric used in this work is rudimentary in that it only broadly classi es

di erent paradigms in terms of the number of distinct distal level patterns and the number

of distinct orientation patterns. However, this metric still lacks granularity, in that it fails to
take the need distribution into account. For example, if a particular meaning is rarely used
in everyday conversation, a lack of syncretism in this meaning should be considered more
consistent than a lack of syncretism in a meaning that is frequently used. Hence, in future
studies, a more frequency-based metric, preferably an information-theoretic one, should be
developed to operationalize consistency.

2.7.3 What in uences the evolution of spatial deictic demonstratives

Past studies have been focused on the evolution of communicative systems in semantic
domains such as colors. Since it is impossible to conduct experiments on speakers from
hundreds or even thousands of years ago, [152] instead investigate a rapidly-evolving language:
Nafaara, spoken in Ghana and Coéte d'lvoire. They show that the language has acquired
several new color terms while keeping the trade-o between informativity and complexity
optimal. Spatial deictic demonstratives in languages today, albeit merely speculative, might
have been through the same process of traversing along the optimal frontier. For instance, as
mentioned in the beginning of this paper, English used to have 6 distinct spatial deictic words,
distinguishing between 3 di erent orientations and 2 di erent distal levels. However, the
goal demonstratives hither and thither merged with here and there, respectively, whereas
the source demonstratives hence and thence were replaced with prepositional phrases from
here and from there. Meanwhile, all the 3-way orientation distinctions in other Germanic
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languages (such as Dutch, German, Danish, and Icelandic) are very much preserved. This is
possibly because English has been extensively acquired as a second language, and the vast
presence of L2 speakers leads to a simpli cation in the paradigm [153]. Both paradigms, as
shown in Figure 2.5, are very close to the optimal frontier (the archaic English paradigm is
the same as Dyirbal).

2.7.4 The continuous nature of distal levels

One limitation of our approach is that we assume that the space of distal levels is xed and
discrete, and that the mapping from meanings to words is deterministic. In reality, the space
is likely continuous and word usage is likely to be stochastic. For instance, while objects that
are extremely close to the deictic center are likely to be referred to by a D1 word (and never
D2 or D3 words), it is likely objects that are somewhat farther away may be referred to using
D1 or D2 in a way that is random or depends on the situation.

We believe that the Information Bottleneck approach could be used to make quantitative
predictions about where boundaries between words would be found in this continuous,
stochastic setting. Such a study would require data on the usage characteristics of these
spatial words in a known spatial layout and situation, which is not currently available to the
best of our knowledge.

2.8 Conclusion

Overall, we have shown that the information bottleneck can explain major patterns in
the typology of spatial demonstratives. Supplementing the information bottleneck with a
preference for consistent paradigms, a preference motivated by the human preference for
regularity in learning and memorizing, improves the explanatory performance of the model.
Our analyses also show that there is value not just in asking whether observed features
of languages can be explained by a drive towards e ciency, but by examining how model
assumptions a ect the ability of an e ciency-based model to t the linguistic data. We found
that using a cost function motivated by the observed source/goal asymmetry in cognition
more generally led to real languages that looked more e cient. This match between cognitive-
plausible model assumptions and t to linguistic data not only provides further validation for
the hypothesis that communicative e ciency drives linguistic behavior,it also suggests that
e ciency-based approaches to linguistics can provide novel insight on underlying cognitive
processes and can, as with our cost functions, provide evidence convergent with evidence
from cognitive behavioral experiments.

2.9 Data Availability

All the materials can be found at https://github.com/mahowak/deictic_adverbs.
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Chapter 3

Cross-Cultural Structures of Personal
Name Systems Re ect General
Communicative Principles

Note This chapter is adapted from the following publication (published under a CC-BY-4.0
license):

Ramscar, M., Chen, S., Futrell, R., & Mahowald, K. (2026). Cross-cultural structures of
personal name systems re ect general communicative principles. Nature Communications.

Abstract The structure of personal names appears to di er widely across cultures. Using
census records and historical datasets, we present an information-theoretic analysis of name
systems that shows how the scope of this variation is more constrained than it might appear.
We identify two constraints name systems must satisfy: encoding large numbers of identities,
and ensuring these encodings are usable. We show that, historically, the world's languages
satis ed these constraints using structurally similar, near-optimal codes. They did so by
combining sets of name-speci ¢ words with existing vocabulary items, allowing unlimited
numbers of identi ers to be created while keeping vocabulary sizes stable. Today, many
natural name systems have been transformed into o cial codes based on hereditary patronyms.
We show how, globally, these changes di erentially altered the information structure of codes,
leading to cross-cultural di erences in the way names function as individuators that can have
tangible e ects in domains like scienti ¢ publishing.

3.1 Introduction

Personal names (which may comprise a word or set of words to form an identi er) provide a
means for constructing identities and signaling information about individuals. For this latter
function to be achieved, name systems must provide encodings that can allow individuals to
be identi ed in communication, while also being organized to enable these encodings to be
shared and used. An obvious strategy for achieving the rst requirement would be to use a
unique name word for each individual. However, although this approach might work for the 82
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principal characters in Game of Thrones (who almost all have unique rst names), it would
fail the second requirement in any large-scale modern society, where it would require millions
of pronounceable yet not already used words to be generated. Given the limited coding
resources of natural languages, many names would end up being both very long and highly
confusable, making the resulting system impossible to learn or use. Perhaps unsurprisingly,
instead of employing unique name words, cultures satisfy the lexical demands of naming by
creating combinatoric identi ers[42,154 156]. These combine small sets of lexical items that
are often name speci ¢ with preexisting vocabulary elements to encode individual identities
as phrases, as in the names of the badminton player Simon Archer and the basketball player
Yao Mindlll  (Simon and Yao are names, whereas Archer is an English word for someone
who shoots arrows with a bow, and Ming is Chinese word meaning brightness).

We present an information-theoretic analysis of personal names that reveals historical
commonalities in the systems of combinatoric identi ers used in di erent cultures, following
the approach in [154]. We use this analysis to examine the di erent ways in which the
legalization of names which occurs as societies become more organized and bureaucratic
[43] has changed these systems, and show how legalization can impede the communicative
e ciency of name systems by imposing top-down structures on what had been organically
evolved systems. Finally, taking international scienti ¢ publishing as an example, we show
how the adoption of arbitrary standards that are blind to these di erences can di erentially
impair the way the names of authors from di erent cultures function as individuators.

Since our focus will be on the coding function and information structure of name systems,
we describe the parts of name-phrases that are spoken or written rst as "pre x-names', and
the parts that follow them as "bynames' (see Figure 3.1). Pre x-names can be specic
lemmas (proprial lemmas [42]) or other vocabulary items marked by a xes [157]. The
semantics of lemma pre x-names are typically opaque, such as John or Mary in English, or
Lid  in Chinese [42], or else they are irrelevant in use, as in the English names Victor, Rose
or Destiny. When a xing is used, for example, in Nganba, names are made by marking
preexisting vocabulary items with pre xes, such as Ma for females and Ta for males [158].
Again, marking existing words as names changes their semantics, and often renders them
irrelevant in use.

When it comes to bynames, across cultures name systems have largely either re-employed
pre x-names for this purpose (e.g., Rhys ap Llywelyn where ap means ‘son of' is a fairly
typical patronym in the Welsh naming system [159]; see also Johnson in English, Jonsdéttir
in Icelandic, etc.) or else re-deployed existing vocabulary items. For example, HOfg
Goch, Roth, and ferveny, which have often been used as bynames in Mandarin, Welsh,
German, and Czech, respectively, are simply forms or derivatives of the word for red. From
a communicative perspective, this is notable because it enabled these systems to generate
enormous numbers of individual identi ers while simultaneously avoiding the need to add
huge numbers of extra words to linguistic inventories.

The relative bene ts of redeploying old words versus adding new words in this way can
be operationalized and measured using information theory [160], which provides a means
for formalizing notions such as information and e ciency in communication, and has been
fruitfully applied to a variety of questions in linguistics [18,21,23,161,162] by treating languages
as information-theoretic codes. Formally, information (or entropy) is de ned in terms of the
uncertainty associated with an event or distribution of events. E cient codes minimize the
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Figure 3.1: Western names and East Asian names, despite di erences in naming
traditions, share a similar information structure. (A) Two forms of the same name,

movie director Woo Yu-Sen / John Woo. In Mandarin, the (inherited) pre x-name Woo comes
rst in speech. However, in its conventional Westernized form, Woo becomes the byname.
This convention aligns the given and xed (inherited) parts of EACS and Western names
(because Western pre x-names are given and bynames inherited, whereas EACS bynames
are given and pre x-names inherited), however it misaligns their information structures. In
both Western and EACS name-phrases, pre x-names are systematically less informative than
bynames, thus in (B): Chinese pianist Fou Ts'ong's inherited name is his pre x-name Fou,
while Canadian pianist Glenn Gould's inherited name is his byname Gould; Fou's given name
is his byname Ts'ong, whereas Gould's given name is his pre x-name Glenn.

complexity of codewords while maximizing their informativity about underlying messages
[160]. Pre x-names seem to o er this kind of e ciency: If 33% of people are named John,
and 1% Gerald, Gerald will be more informative than John (Gerald better discriminates
individuals than John). Simultaneously, not only will John be easier to recognize and process
[163], but the large number of Johns will reduce the total number of names, making the
system as a whole easier to learn and use. Intuitively, a system where frequent pre x-names
like John are distinguished by further optional codewords conditioned on them (i.e., John
Adams, John Hancock...) may seem simpler and more e cient than a system in which
everyone has a unique name. Information theory provides tools for assessing whether this
is the case or not (and assessing the impact of changing the relative numbers of Johns and
Geralds in systems).
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Historically, across cultures, pre x-names served as the primary historical means for
referring to individuals [43,164]. However, these names were not always xed in the modern
sense. Rather, the name by which an individual was known depended on the context in which
it was used. This tendency is still evident in indigenous Australian pre x-names, which can
change as people age or undergo major life events [165], or Yupik and Inuit pre x-names,
which can change throughout a person's life (and have even been documented as changing
after a serious illness [166]). It was also evident in the vernacular names of pre-modern
Europe, which were similarly context-dependent [42]: the same John might have been John
(the) Smith to distinguish him from John (the) Baker but John Short in other contexts
[43]. In use, it even remains true for modern U.S. names: e.g., the 44th President of the
U.S. is Barack Hussein Obama on his birth certi cate, Barry (a childhood nickname) to
intimates, Barack to others, bo on Twitter, etc.

All of which raises a question: why have the context-dependent vernacular name systems
that characterize most of human history now been replaced by o cial, xed name systems?
The answer seems to lie in the way that the context-dependence of vernacular names con icted
with the needs of bureaucracies and governments which, as they developed, required that
their citizenries be ever more legible [43] (i.e., that their activities be amenable to top-down
observation and management). Fixed context-free o cial names o ered bureaucracies an
objective, tractable technology for managing citizens and their property [43], making tasks
such as taxation, conscription, etc., far more manageable. Historically this con ict is most
clearly visible in the laws that were used to x the naming practices of particular populations,
such as those that led to the enforcement of patronymic-bynames on Native Americans [167],
Jewish people in Europe [43], and on the Inuit population in Canada (including attempts
to assign each individual a unique number [168]). Meanwhile, the resolution of this con ict
in favor of the needs of governments can be seen in the fact that today most states have
legalized their citizens' names: across the globe, the vernacular naming practices that may be
as old as languages themselves have now been replaced with o cial, xed name codes. [168]
summarizes it starkly: Clashes [...] between di erent traditions and practices of naming,
especially in the context of slavery and empire, illuminate with clarity the relevance of names
as technologies of exclusion and belonging.

Critically, the legal imposition of xed names (as hereditary patronyms) was implemented
di erently in the East Asian Cultural Sphere (EACS) as compared to the West. In particular,
whereas laws in the EACS made pre x-names hereditary (and thus xed), Western laws
transformed bynames into hereditary, xed patronyms (Figure 3.1). These di erences provide
a natural way of exploring whether name systems serve to communicate identities in the
way we propose, because our information-theoretic analysis provides clear predictions about
the way we should expect vernacular name systems to have been structured across cultures
historically, and how they should subsequently have developed over time, given the changes
that have been imposed.

Notably, from this perspective, it has been shown that the sets of pre x-names employed
in China were historically quite small (in China, hokaixing ~O old hundred names
is the colloquial term for the masses, such that historically 50% of the population shared just
six of them [43,169]) with their overall distribution being exponential [170].

Not only does this provide an e cient way of organizing variable-length codewords [171],
but it has also been shown that Korean pre x-name distributions had (and have) similar
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properties [172,173]. It is thus notable that in every 50 year period between 1550 1800,
records reveal that roughly 50% of the UK population shared 3 female pre x-names (Elizabeth,
Anne and Mary) and 3 male pre x-names (John, William and Thomas) [174], and that the
stocks of pre x-names in communities also typically approximated 100 [175]. Other historical
pre x-name distributions across Europe were similar [174].

In China, people were assigned patronymic xed hereditary pre x-names after population
registration e orts in the Qin dynasty [176], and similar systems later developed in other
EACS states. In contrast, when European nation states issued laws that xed names from
the 18th century onward, they turned bynames (already associated with property inheritance)
into xed hereditary patronyms (hereditary bynames) [43]. Importantly, because bynames
rather than pre x-names were xed in the West, it followed that if populations were to grow

as they did in response to industrialization then the total number of unique identities
encodable in European name-systems could only be increased by adding more pre x-names,
the information structure of which appears to have been generally stable across Western
cultures up to this point [173,174].

Here, we empirically test several hypotheses related to the communicative e ciency of
names. In our rst study, we collect and analyze the properties of historical name data
from birth records, census records, and other historical sources. Our rst key hypothesis is
that, given that Western cultures largely retained vernacular name systems until the 19th
century, we should expect pre-modern pre x-names distributions in these cultures to re ect
this common system and show relatively low entropy on pre x-names. First, we establish that
vernacular name systems across cultures show a similar low-information pro le. Moreover,
in countries where pre x-names were hereditary xed patronyms i.e., EACS countries
where laws served to x a small relatively invariant information system we should expect
distributions of pre x-names to largely resemble vernacular name systems, regardless of any
subsequent population increases. Thus, empirically, we should expect modern distributions
of EACS pre x-names to resemble those of pre-modern Western cultures. On the other hand,
we expect that, once hereditary bynames were implemented in the West, as populations
grew, Western pre x-name distributions would shift to communicate more information in
proportion to this growth. In Study 1, we con rm these hypotheses using historical data.

In Study 2, to provide a more detailed test, we examine a dataset of church records from
Finland (in the period roughly 1700 to 1900, a period during which the population grew from
less than 500,000 people to over 2.5 million). These provide a particularly useful means for
testing our proposal, rst because hereditary xed bynames were adopted during this time,
and second because their adoption was asymmetrical across the country, occurring rst in
eastern Finland and then increasingly in the west of Finland.

Accordingly, given that this system enables us to observe the introduction and development
of the use of hereditary xed bynames in a name system, based on our rst hypothesis, we
predicted that we would observe a corresponding increase in the entropy of pre x-names
across this period. Further, we predicted that if the increase in information in pre x-names is
a result of the transformation of exible bynames into hereditary xed patronyms, pre x-name
information entropy should increase as a function of the degree to which xed hereditary
bynames are used. To foreshadow our ndings, we observe the predicted correlation with
the entropy of Finnish pre x-names both over space (higher entropy rst names in the east)
and time (higher entropy rst names later in time, as hereditary xed bynames become more
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prevalent).

Taken together, these results enable us to derive another main hypothesis which we
test in Study 3. We have argued that naming systems have evolved to yield name phrases
that have low-information pre x-names and high-information bynames, and shown how
di erent cultures have made di erent parts of these phrases into hereditary xed patronyms.
Accordingly, it follows that forcing names from di erent cultures into alignment according to
their hereditary patronymics as opposed to their information structure (i.e. making names
from EACS countries adopt the Western convention of putting the hereditary patronym at
the end of a name phrase) could have the e ect of seriously undermining the communicative
function of some name-phrases as compared to others.

We show that this is the case in academic publishing in the Anglophone world by
considering a sample of names from academic honor societies from 6 countries (China, Korea,
Finland, France, Russia, and the U.S.). Under the Western convention, publications are often
cited in papers by the hereditary patronym of the rst author (where this is a high-information
byname, such as Einstein et al.), whereas in China and Korea, publications are often cited
by the full name of the rst author (e.g., Li Zhaoping et al.). As predicted, we show that
forcing names from China and Korea into the Anglophone maodel, in which only the hereditary
patronym is given in full (which in both cases is a low-information pre x-name) and in which
bynames are initialized (e.g. X. Li) induces unnecessary name ambiguity that can be resolved
if other conventions are employed.

3.2 Results

3.2.1 Study 1: Name distributions across culture and time

Our rst hypothesis predicted that the distribution of pre x-names in pre-modern Western
populations (i.e., before bynames were turned into xed patronyms) would have been similar,
communicating relatively low levels of information (operationalized as Shannon entropy
[160]); that they will resemble modern EACS pre x-names (which are themselves hereditary
patronyms); and that modern Western pre x-names will have communicated increasingly
higher levels of information as populations grew.

To test this, we examined the pre x-name distributions of birth-records in four pre-
modern Scottish parishes: Earlston, Govan, Dingwall, Beith, between 1700-1800 [175],
analyzed individually and collectively. We also examined the birth records from Finland
from the same period, along with marriage registers in the counties of Northumberland and
Durham in Northern England (again covering the same period [177]). Our EACS pre x-name
distributions were taken from 2015 South Korean census data [178], 2018 Taiwanese census
data [179], and Vietnamese-American population data extracted from the 2010 U.S. census
[180]. It is worth noting that although pre x-names are patronyms in Taiwan, Korea, and
Vietnam, the languages spoken in the three countries belong to di erent linguistic families:
many of the major languages spoken in China and Taiwan are part of the Sino-Tibetan
language family, [181], modern Korean is a language isolate [182], and Vietnamese is an
Austroasiatic language, albeit with signi cant vocabulary borrowings from China [183].

For our modern Western analyses, we used post-1900 data taken from a larger genealogical
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set of Finnish name records [184], covering the period after hereditary patronyms had become
common in Finland [185], and data from the United States Social Security records between

1910 and 2010 [186], focusing on a representative large state, California, and a small state,
Delaware. Table 3.1 lists the number of names and population in each dataset (see [154] for
a smaller-scale analysis comparing just the US and Korea). No data were excluded from the
analyses.

Locale Name count Cut-os Sample LB UB
California 17638 5 27517342 10.16 14.40
Delaware 1534 5 597042 8.57 12.72
All US, 1910 2010 28638 5 286605557 9.80 11.22
Finland Post-1900 1066 1 75814 7.20 7.20
Taiwan 500 135 23543563 568 5.71
Finland Pre-1800 1833 1 1748523 543 5.43
Korea 533 5 49705663 482 541
Northern England 225 1 25797 493 4.93
Dingwall 81 1 1685 4.87 4.87
Earlston 79 1 3121 485 4.85
Govan 121 1 12086 470 4.70
Scottish 361 1 23792 465 4.65
Vietnamese-American 62 100 1527654 435 459
Beith 80 1 6900 435 4.35

Table 3.1: Summary of several unique names and the entropy estimates of the pre x-name
distribution in each dataset. The inclusion threshold, namely the least frequent pre x-name
included, along with the total number of people sampled, is included. The lower bound
entropy (LB in the table) re ects the observed sample (in bits) while the upper bound (UB
in the table) re ects an estimate assuming that all unobserved names are unique (i.e., it
assumes the maximum entropy for the unobserved portion of the distribution).

The information communicated by each pre x-name distribution was calculated as follows:
if there are N pre x-names in a given distribution, each with a frequency of;, the entropy

of the distribution is:
b\

H= pi log, pi: (3.1]
i=1

Note that although there is a large amount of data on personal names and their distribu-
tions in existence, studying it is complicated by several related factors: nhame data tend to be
the preserve of state governments, and responsible governments require that publicly released
data relating to individuals be anonymized [187]. This last point necessarily con icts with the
sui generis function of names and especially xed, legally de ned names which make the
identi cation of many individuals from full name data trivial. Accordingly, most of our data
do not contain the pre x-name of every individual and contains a cut-o number, re ecting
these concerns (see also Study 1 in the Methods Section). If the number of people sharing a
pre x-name is lower than the cut-o, the pre x-name is not part of the data. Therefore, the
entropy calculated from our data is only a lower bound of the true entropy of the population.
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To estimate an upper bound, we assume an extreme (if unlikely) scenario, namely that
everyone not included in the database has a di erent pre x-name. For example, the 2015
Korean census data do not contain the pre x-names of approximately 1.1 million people. To
estimate an upper bound of Korean pre x-name entropy, we assume these 1.1 million people
have 1.1 million di erent pre x-names and calculate the entropy of the population under this
assumption.

Figure 3.2 plots the 100 most common pre x-names (dividing the frequency of each name
by the frequency of the most common name) from each distribution. As predicted (Table 3.1),
the di erent pre x-name distributions in our pre-modern Western samples communicated
relatively small and similar amounts of information: Earlston, Govan, Dingwall, Beith have
entropies of 4.85, 4.70, 4.87, and 4.35 bits, respectively (4.65 bits when aggregated together);
the Northern English sample had an entropy of 4.93 bits; and the Finnish pre x-name
distribution taken from the same period had an entropy of 5.43 bits.

Also as predicted, the entropies of our Viethamese American and Korean samples (where
92% of the population share the 50 most common pre x-names) were in the same range (4.35
and 4.82 bits, respectively), as was the entropy of our sample of Taiwanese pre x-names (5.68
bits).

Critically, the US name distributions have by far the highest entropies (10.16 bits in
California and 8.57 bits in Delaware), and the pre x-name entropy in our Finnish sample
rises to 7.20 bits after 1800, approaching the range observed in our US data (this change is
analyzed in detail below). It should be emphasized that higher entropies in these results do
not simply re ect larger population sizes: the Korean sample is far bigger than the Delaware
sample, but even the upper bound of the Korean name entropy is much lower than the
lower bound of the name entropy for Delaware. In addition, results from a study on Korean
family records [173] indicated that, despite a large growth in population between 1510 and
1990, and the inclusion of many pre x-names in this period, pre x-name entropy remains
largely unchanged. Similarly, the entropy of our aggregated Scottish sample is lower than the
individual entropies of 3 of the 4 parishes it comprises.

3.2.2 Study 2: Relationship between xing patronyms and pre x-
name distributions

Since industrialization, the world's population has grown considerably [189]. The population
of 19th-century Britain grew rapidly [190] and as it did, the distribution of pre x-names
changed: in 1800> 50% of children were given the most frequent 6 pre x-names; by
1900, it was< 25% (Figure 3.2). This pattern is consistent with pre x-name information
increasing to o set the development of hereditary xed bynames. However, to make a more
detailed assessment of these changes we examined a set of Finnish birth records covering the
period 1600-1917 (from the same dataset examined in Study 1 [184]). Because of the late
implementation of name laws in Finland (1929), and the fact that hereditary xed bynames
became dominant in eastern Finland earlier than western Finland [185], these data o er a
unique opportunity to explore the association between information pro les in exible byname
systems as opposed to in hereditary patronymic-byname systems, for a system in transition.
We divided the records, which comprise a baby's pre x-name, parish of birth and, where
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Figure 3.2: Frequencies of most frequent names across places and time. a): The

100 most frequent pre x-names by rank in the pre x-name distributions analyzed

in testing hypothesis 1 (plotted as a proportion of the most frequent name): four parishes

in Scotland, 1701-1800 (Beith, Dingwall, Earlston, and Govan), two counties in Northern
England (Durham and Northumberland) between 1701 and 1800, Finland pre 1800 and
post 1900, South Korea (2015 census data), Viethamese-American (reconstructed from US
census 2010), Taiwanese (2018 census data), and US names between 1910 and 2010 from
Delaware and California. They axis is logarithmic. Ciritically, before the introduction

of naming laws, the pre x-name distributions of the Scottish parishes, Northern England,
and pre-1800 Finland are highly skewed, and similar to those of Taiwanese, Korean, and
Vietnamese-American pre x-names. By contrast, after laws required people in the West to
inherit their bynames, these distributions began to change as the information conveyed by
the pre x-name increased, as revealed by the longer, atter tails of the modern pre x-name
distributions in California, Delaware, and post-1900 Finland. b) The frequency at which

the top three male and female pre x-names were given in England by decade

1800 1880 and 1900. As can be seen, these frequencies declined as the population grew,
which is again consistent with our prediction that xed bynames and population growth will

be associated with atter name distributions, and concomitant increases in the information
conveyed by pre x-names (data from Table 1 in [188], plotted against the total population at
each time point.)
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available, a paternal byname (e.g., relating to the farm or village of the father) into 5 di erent

year bins: pre-1730, 1730-1780, 1780-1830, 1830-1880, and post-1880. Due to the uneven
number of records in each birth year bin (Table 3.6), from each birth year bin and parish we
randomly sampled 50 births, from 473 parishes.

Birth Year East West

upto 1730 72% 29%
17301780 67% 37%
17801830 71% 45%
18301880 81% 57%
post1880 94% 79%

a b~ wWwdNPF

Table 3.2: Percentage of births registered with a paternal byname. Patronymic-byname use
in the East starts high and increases from 72% to 94% in the period 1700 1900. By contrast,
this increase is much sharper in the West, where it is 29% at the beginning of this period
and increases to 79% by its end.

Taking the rates of occurrence of paternal bynames in records as a proxy for the use of
hereditary xed bynames, we rst examined whether the transition from exible to xed
bynames actually occurred in this period. Before 1730, 42% of birth records included a
paternal byname. After 1880, this proportion had increased to 89%. We also observe a clear
east/west gradient in these data, which changes over time, as shown in Table 3.2. To assess
signi cance, we computed the proportion of the births for which a paternal byname was
present, in each parish, in each time period. Then we t a mixed-e ect linear regression
model predicting this proportion based on the longitude, binned birth year (coded 1 to 5),
and their interaction. We included a random intercept for parish, with a random slope for
birth year, following a maximum appropriate random e ect structure from the nature of the
dataset, as recommended in [191]. We found signi cant main e ects of longitude (farther
east means more paternal bynames; two-taileg381:8) = 8:758,p < 0:001, =0:073, 95%
con dence interval=[0.057, 0.090]) and birth year (more paternal bynames overall as time
progresses; two-tailed(3504) = 5:505,p < 0:.001, = :259, 95% con dence interval=[0.167,
0.351]), and an interaction between them (which we take to mean that the e ect of longitude
gets smaller as birth year increases; two-tailef{3524) = 3:913,p < 0:.001, = 0:001,
95% con dence interval=[-0.011, -0.004]). We also tted the data with a null model without
the interaction term between longitude and birth year, and we found the model with an
interaction term explained the data signi cantly better than the model without one (one-tailed

2(1) = 15:059; p < 0:001).

We then examined how the adoption of hereditary xed bynames a ected the informativity
of pre x-names. We expected that pre x-name entropy would increase along an east/west
gradient, initially increasing more in the east than the west. Figure 3.3 projects the entropy
of pre x-name name distributions on a map of Finland. Each panel is a di erent time period
and, moving from left to right, reveals an overall increase in pre x-name entropy modulated
by an east/west cline that becomes less prominent over time.

Our results are not dependent on the particular sample presented here. In Appendix B.1,
we repeat these random sampling procedures and analyses 500 times, and show that the
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