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Abstract

Prior work has demonstrated that distributional dependencies between word or morpheme-
like entities in artificial and naturalistic language can detect clusters of words which broadly
conform to the categories of the adult language (Brent & Siskind, 2001} Mintz, 2002; Redington
& Chater, [1998). In this work, we examine the hypothesis that the distributional statistics
useful for the discovery of the noun category are more useful in speech to younger children
compared to older children (approximately 1-3 vs. 3-6 years of age). First, using a novel method
for quantifying the extent that nouns occur in mutually shared contexts, we demonstrate an
advantage for speech to younger compared to older children. Second, we develop a theoretical
framework for understanding why caregiver speech might be scaffolded in this way, and test
its predictions against an array of information theoretic patterns computed on child-directed
speech. Our account, based on entropy-maximization, and anchoring originally proposed by
(Cameron-Faulkner et al., 2003), clarifies issues in incremental learning from non-stationary
input - the problem faced by language learners - and paves the way towards integrating the
scaffolded organisation of children’s early language environment into computational models of

acquisition.
I. INTRODUCTION

Language acquisition is often studied as if
it were a static process: There is some built
in knowledge or representational structure
(whether that be a universal grammar or a
neural network architecture with defined in-
puts and outputs), and a learning mechanism
that operates over a relatively consistent input.
With the right kind, or with the right amount
of input, the system will acquire a set of repre-
sentations that allow for linguistic behavior. Of
course, no one actually argues that the learning
process or the input is in fact static. This is usu-
ally adopted as a simplifying assumption while
considering and modeling different learning
and representational mechanisms. But adopt-
ing this assumption of a static process and
static input (e.g. sampling language data from

a stationary distribution) can lead to a serious
mischaracterization of the learning problem
that children face.

Language development unfolds over the
course of many years and involves a multitude
of factors that are changing over the course
of development. During that time, many neu-
rological changes take place, that shape chil-
dren’s computational capacities (Casey et al.,
2000). For example, the brain of a newborn
is vastly different from that of a six-year-old.
Perceptual systems are changing, as visual acu-
ity improves over the first two years of life
(Graven & Browne, 2008). Auditory perception
begins prenatally while the auditory system is
still developing (Seebach et al.,[1995), and the
bodies of children are themselves developing
and changing, in ways that affect learning and
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representational capacities (Byrge et al., 2014).

In addition to these physical changes, as
children’s knowledge increases, the knowledge
they acquire reshapes their perceptual and pro-
cessing capacities. There is at this point a
tremendous amount of evidence that children
use prior knowledge to bootstrap further learn-
ing, and that each learning episode does not
exist in isolation from all others (Estes et al.,
2007; Fisher et al., [2010; Lany & Saffran, [2010).
For example, Fernald and Marchman (2012)
have argued that children with higher vocab-
ularies process language more quickly at an
early age. Closely associated is the “less-is-
more” hypothesis proposed by E. L. Newport
(1990) which claims that children’s’” developing
cognitive abilities provides a crucial process-
ing advantage for early language learning. For
instance, young children’s limited memory ca-
pacity is thought to break apart the speech
stream into more useful smaller chunks. It
has also been proposed that children’s devel-
oping cognitive system predisposes them to
regularize language to a greater extent than
adult learners (Cochran et al., 1999; Hudson
Kam & Newport, 2005; K. Smith et al., [2017).

One underappreciated way in which the
language acquisition process is changing over
the course of development is the way in which
the input itself is changing. The fact that the vi-
sual and auditory systems are changing means
that the nature of the data from which chil-
dren are learning is not static or uniformly
distributed across time, but instead is chang-
ing in structured ways. As infants bodies” de-
velop (as they go from laying to sitting to crawl-
ing to walking, or gain the ability to hold ob-
jects), their perceptual input undergoes dra-
matic changes as well (Bertenthal et al., [1997;
Jayaraman et al., 2017; Kretch et al., 2014).
Further, qualitative aspects of language input,
such as type token ratio and other measures of
lexical diversity, are known to change as chil-
dren encounter more data, and especially as
they spend more time reading (Cunningham &
Stanovich, 1998; Montag et al., 2015; Montag &
MacDonald, [2015; Schwering et al., 2021).

In this paper, we focus on another im-

portant way in which input is changing dur-
ing language acquisition: the lexical distribu-
tional signals that predict noun-membership
in child-directed speech. We discuss in detail
the unique learning problem that arises when
conceptualizing the discovery of word classes
as incremental learning from non-stationary
input. Previous work has described several
learning mechanisms by which children might
use a distributional information to discover
lexical classes (J. L. Elman, 1991; Freudenthal
et al., [2013). We will show that any method
that does not take into consideration the non-
stationary aspect of children’s language en-
vironment is potentially subject to a particu-
lar kind of learning trap, called fragmentation
(Jakulin & Bratko, 2003). Fragmentation can
occur when the distributional signals associ-
ated with a single category (like nouns) con-
flicts with the distributional signals associated
with the presence of potentially multiple sub-
categories (nouns that refer to animals, foods,
people, tools, etc.). The tug-of-war between dis-
tributional patterns generated by subordinate
categories and other lexically specific idiosyn-
crasies pull apart ("fragment") the lexical rep-
resentations of the superordinate category. In
this paper, we provide an intuitive visual expla-
nation of fragmentation, and develop quantita-
tive tools for assessing fragmentation in speech
to children, and how it varies over develop-
mental time. Notably, our results demonstrate
that the distributional signals that are diagnos-
tic of noun-membership are less fragmented
in speech to younger compared to older chil-
dren. Our follow-up analysis indicate that re-
duced fragmentation in speech to younger chil-
dren is made possible by anchor points, lexical
contexts that are particularly suitable for ab-
stracting over sub-category variation within
the noun category.

I. Implications for Learning

The corpus analyses we report in this chapter
were specifically developed to better our under-
standing of how incremental changes in quali-
tative aspects of language might influence the
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hypotheses acquired by distributional learn-
ing models. Because we examine lexical dis-
tributions, and study how they change over
time, our results have implications for models
that learn 1) incrementally, and 2) by track-
ing distributional similarities between words.
For example, many distributional models learn
by predicting which words occur with which
nearby words in large text corpora, and ad-
justing their parameters to better fit the tar-
get distribution. A particularly well-known
model that learns in this way is the recurrent
neural network of Elman (J. L. Elman, [1991)
which outputs the probability that a word oc-
curs after a sequence of words that has been
provided to the model as input. In order to ad-
vance the field, we discuss ideas for developing
distributional learning systems that can take
advantage of the non-stationary nature of frag-
mentation in speech to children, and avoid its
pitfalls. In particular, our work suggests that
distributional learning systems can avoid frag-
mentation if they acquire representations via
progressive differentiation (Keil, 1981} Rogers
& McClelland, 2008) - first learning the larger,
more superordinate categories, and then break-
ing those categories into progressively smaller
subcategories. But the implications of our work
also extend beyond neural networks and the
computational learning literature; children are
known to track distributional regularities in
the speech they hear (Hohle et al., 2004; Shi &
Melancgon, 2010; Yuan et al.,[2012) and use this
information to predict upcoming words dur-
ing language comprehension (Rabagliati et al.,
2016) and when assigning novel labels to ref-
erents (Gelman & Taylor, [1984). To the degree
that children base their linguistic hypotheses
on distributional evidence - if only partially -
our analyses can shed light on how such hy-
potheses are shaped and revised over time.

II. BACKGROUND

I. Incremental Learning

In computational work, learning from one ex-
ample at a time is often called "incremental”

learning, and is distinguished from "batch"
learning in which a large chunk of data is used
to simultaneously update the parameters of a
model. This distinction is especially important
in language acquisition research because chil-
dren do not wait patiently to build an inventory
of distributional information before attempting
to assign category labels; rather, they assign
what they can when they can (Gleitman et al,,
2005} Pinker, 2009; Seidenberg & MacDonald,
1999). Similarly, diary (Tomasello, [1992), prim-
ing (Kemp et al., 2005), and word learning
studies (Mintz & Gleitman, 2002) indicate that
young children form their knowledge of ab-
stract categories, such as verbs, nouns, and ad-
jectives, gradually and contingent on what in-
formation has been made available in the past
(but see Valian, [1986). Apart from grammatical
development, similar observations have been
made in children’s acquisition of concepts. For
example, studies of children’s early vocabu-
lary have shown that children tend to learn
about basic level words before superordinate
or subordinate items (Mervis, [1983). Along
the same lines, Clark (1973) found that chil-
dren learn the meaning of words gradually by
adding more features to their lexical entries.
Both studies indicate that the linguistic repre-
sentations learned by children are fashioned
incrementally, and potentially via "progressive
differentiation” - that is, integrating informa-
tion about increasingly finer-grained semantic
distinctions. Collectively, these findings sug-
gest that children’s early knowledge - based on
very little language exposure - is incomplete
and requires continuous revision as more infor-
mation becomes available. While incremental
learning is potentially useful for children to
quickly acquire a foothold, this strategy risks
susceptibility to falling into a learning trap,
from which recovery can be costly. For in-
stance, one could imagine that early exposure
to input that is particularly skewed may make
it much more difficult for a learner to overcome
the initial bias of their early statistical analyses.
The first few instances of language input could
thus have a disproportionately large influence
on the course of learning than subsequent in-
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put. This is not a problem when the data is
sampled from a stationary distribution (the pa-
rameters of the underlying process generating
the data do not change over time), because ini-
tial samples will be equally representative of
the data as all future samples. However, as
our discussion above suggests, the language
input to children (in all languages where it
has been documented and analyzed) is non-
stationary, and consequently, a learner’s ini-
tial distributional analysis without inductive
biases or strong priors may produce particu-
larly skewed hypotheses. As we shall see, this
can either help or hurt learning, depending on
the hypotheses licensed by the initial exposure.

Provided we take seriously the non-
stationary aspect of children’s language envi-
ronment, what might be the consequences for
the learner? In other words, how might shifts
in the complexity or co-occurrence relation-
ships between words impact what representa-
tions are required? Would learning outcomes
differ between systems trained on data that is
ordered differently, for example? Only a hand-
ful of computational works have addressed this
question (J. L. Elman, [1993; Freudenthal et al.,
2016). For example, J. L. Elman (1993) showed
that a recurrent network trained on syntacti-
cally simplified pseudo-English sentences first
was better able to model syntactically more
complex dependencies involving embedded
relative clauses compared to a model trained
on fully complex input right away (but see Ro-
hde and Plaut, [1999). Freudenthal et al. (2016)
exposed their model to input by gradually ex-
panding access to contexts in a developmen-
tally plausible way, and found that this results
in the development of a noun category before
a verb category in line with child data. While
other work has explored the consequences of
incremental as opposed to batch-based learn-
ing systems (Alishahi & Chrupala, [2012)) - an
important topic by itself - much of this work
does not combine incremental learning with
non-stationary input, a crucial next step for
building more veridical models of acquisition.
In order to support research on this front, we
require tools and conceptual frameworks that

facilitate working with and quantifying aspects
of non-stationary language data.

I.1 Developmental Changes in Input Quan-
tity and Quality

An obvious consequence of the incremental
nature of language acquisition is that more lan-
guage data becomes available with time. It is
important to distinguish the quantity from the
quality of the input, as these two factors may
change independently from one another. While
quantity must increase with time, the quality
of the input, such as syntactic complexity, ex-
posure to novel accents or pronunciations, and
lexical diversity among many others (see next
section), may increase, or decrease as a func-
tion of time, or not change at all. Because
distributional analysis relies on limited sam-
ples of language data, large amounts of data
are needed. Inferences about, say, word seg-
mentation, or the assignment of words in a
sentence to parts-of-speech categories, requires
large quantities of information about transition
probabilities between specific pairs of syllables
or words. Given the large number of such pairs
in natural languages, language experience is
critical for distributional learners to succeed
at such tasks. More data is not only helpful
for sampling novel co-occurrences, but also
for distinguishing which co-occurrences are
co-incidental or linguistically relevant.

But children are not just accumulating
larger quantities of input with time; the quali-
tative nature of the input also changes. Many
infants begin the process of acquisition in a
simplified language environment, and are not
fully exposed to the statistics of adult language
until many years later, during young adult-
hood. Evidence for such incremental changes
in the language environment of children comes
from studies that compare speech directed to
children to speech between adults. For exam-
ple, when talking to children, caregivers tend
to employ larger pitch contours, lengthened
vowels (Fernald & Kuhl, 1987) and less com-
plex constructions (Broen, |1972; Furrow et al.,
1979; E. Newport et al., [1977; Snow & Fergu-
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son, |1977). Further, when speaking to children,
caregivers are more likely to restrict the range
of conversational topics, limit lexical diversity
and grammatical constructions (Huttenlocher
et al., 2010; Lieven, [1994; Snow & Ferguson,
1977), and make longer pauses at utterance
boundaries (Gallaway & Richards, 1994). For
reviews, see (Pine, 1994} Richards, [1994). Each
are thought to bestow distinct learning advan-
tages on the language learner, such as more
accurate speech segmentation, and word recog-
nition (Golinkoff & Alioto, [1995) [l Given
the supporting role of child-directed speech
in facilitating various aspects of language ac-
quisition, we considered the possibility that
distributional signals in the language environ-
ment of younger learners could, by extension,
better support the discovery of lexical classes
compared to speech to older children. If so,
our findings would lend support to a grow-
ing list demonstrating the importance of early
language input for supporting future learning
outcomes.

Prior corpus studies have revealed that lex-
ical diversity and mean utterance length are
both strongly age-related (Broen, 1972; Foushee
et al., 2016; Hayes & Ahrens, [1988; Kirchhoff
& Schimmel, 2005; Phillips, [1973). But few re-
searchers have examined how such changes in
language complexity may affect the distribu-
tional cues for distinguishing between part-of-
speech classes. Hills et al. (2010) have shown
that child-directed language amplifies the as-
sociative structure and contextual consistency
of the earliest learned words (Hills et al., 2010).
While Hills and colleagues did not examine lex-
ical categories directly, their findings provide
the theoretical motivation for our work: If it
is true that the association between words and
their contexts is more consistent in the early
language environment, then this should facili-
tate learning more general categories first. Pre-
liminary computational support for this idea
was provided by Borovsky and Elman (2006),
who found that simpler grammatical construc-

tions aid early category formation in the sim-
ple recurrent network. However, Borovsky
and Elman (2006) employed artificial language
which was under tight experimental control,
and therefore left unanswered whether a simi-
lar benefit would apply to input that children
actually receive.

At the earliest stages of language learn-
ing, when the quantity of input is lim-
ited, a learner’s initial hypotheses and proto-
categories may be particularly sensitive to qual-
itative aspects of the input. As a learner is ex-
posed to more language data and can therefore
increasingly rely on statistical power for mak-
ing inferences, sensitivity to qualitative aspects
of the data are likely to become less important.
However, little is known about the persistence
of early acquired linguistic abstractions (e.g.
how much data is needed to refute inaccurate
hypotheses?) and the role of such biases in
the formation of novel abstractions (e.g. how
might inaccurate hypotheses influence how dis-
tributional information is used to group words
into word classes?). Further, it is not unreason-
able to assume there exist qualitative aspects in
language data that are particularly helpful for
avoiding inaccurate hypotheses during early
acquisition. But many of these questions re-
main unanswered and are in many cases never
asked.

II. Distributional Learning of Word
Classes

An important milestone in language develop-
ment is the acquisition of word classes. Predict-
ing that a novel word in a sentence is, for ex-
ample, a noun, or refers to an animal, enables
language learners to make many inferences
about the kinds of events and relations that
will also occur. While semantic categories are
essential for organizing our understanding of
and making inferences about the world, gram-
matical categories, such as part-of-speech (e.g
nouns, verbs), enable the systematic re-use of

1Despite numerous benefits on language acquisition, cross-linguistic examination revealed that some children appear
to learn language just as well when their primary caregivers do not employ child-directed adjustments (Lieven, [1994;

Schieffelin & Ochs, |1986).
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words to express and understand novel ideas.
In this chapter, we are concerned with the dis-
tributional signals in speech to children that
cue the presence of a noun category, and specif-
ically, explore how the quality of these lexical
cues changes across the developmental period
during which children acquire language.

Many studies have established that infants
and children exploit lexical co-occurrence dis-
tributions in their input to support the for-
mation of part-of-speech representations. Be-
cause of the predictable structure of natural
languages, words that belong to the same part-
of-speech category tend to occur in similar lex-
ical contexts, whereas members of different
categories tend to occur in different contexts
(Braine, [1963; Firth, [1961; Harris, [1954). These
distributions over contexts can be exploited to
infer the category membership of previously
heard or novel words. Numerous corpus and
computational studies have shown that there
is sufficient distributional information in child-
directed language for the induction of part-of-
speech categories (Mintz, 2003; Redington &
Chater, 1998), and that cognitively plausible al-
gorithms can capitalize on this information to
infer category membership (Alishahi & Chru-
pala, 2012; Freudenthal et al., 2013; Kodner,
2018). Further, distributional models previ-
ously trained on artificial input by J. L. Elman
(1991)) scale to corpora with millions of words
of naturalistic and noisy speech to children
(Huebner & Willits, [2018).

Importantly, behavioral evidence is mount-
ing that children are in fact sensitive to and
use this information in their acquisition of
lexical category representations. First, stud-
ies of "syntactic bootstrapping" show that chil-
dren make inferences about the transitivity of
a novel verb based on the number of noun ar-
guments with which it co-occurs (Yuan et al.,
2012). Second, looking time studies show that
14 month-olds are sensitive to distributional
violations in which nonsense words appear in
linguistic contexts different from the context in
which they appeared previously (Hohle et al.,
2004; Shi & Melancgon, 2010). Third, phono-
logical competition effects on word learning

can be eliminated by experimentally manipu-
lating expectations about what class of words
is likely to appear next in a sentence (Dautriche
et al., 2015). Fourth, artificial-grammar learn-
ing studies, controlling for prior (possibly non-
linguistic) experiences with words, show that
distributional regularities imposed on non-
sense words can be learned by both adults and
children (Gomez, 2002} Lany & Saffran, 2010).

II.1  Anchoring

Corpus studies have shown that speech to
English-speaking children consists of "anchor
points", highly repetitive, lexically-specific
frames such as In X, What do X, Are you X,
It’s X, Let’s X, Look X, I think X, If X (Cameron-
Faulkner et al.,2003). Moreover, morphological
markers such as -ing are also highly frequent
units that are known to strongly differentiate
between part-of-speech categories, such as be-
tween nouns and verbs (Willits et al., [2014).
Cameron-Faulkner et al. (2003) suggested an-
chor points are starting points from which chil-
dren enter into the more complex and formal
aspects of language acquisition. This view of
acquisition opposes the central dogma of na-
tivism which claims that the learner has avail-
able from birth knowledge about abstract syn-
tactic categories, and that there is no need
- in fact, that it is impossible - to construct
such abstractions via experience alone (Chom-
sky, 2002). From the point of view of usage-
based theories of language acquisition, anchor
points represent a critical way-point for lan-
guage learners between mastery of lexically-
specific and fully abstract knowledge. Usage-
based theorists hold that partially abstracted
constructions, formed by exposure to individ-
ual language examples, guide learners towards
abstract linguistic knowledge (Tomasello, 2001).
While any variable slot construction, or any
other type of distributional signal can be ex-
ploited for learning linguistic abstractions by
the learner, anchor points are particularly use-
ful due to their frequent occurrence and highly
abstracted variable slot. Additionally, due to
the small number of anchor points compared
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to the number of possible contexts in which
words can occur, they are particularly useful
to a young learner with limited memory and
experience. Because anchor points represent a
very small fraction of possible grammatical con-
texts, a learner with limited experience is more
likely to break into the regularities of their
language by tracking anchor points than less
frequent - possibly equally predictive - cues.

How might anchoring influence the course
of learning word classes from distributional
data? The most straightforward answer is that
early discovery of highly predictive dependen-
cies between lexical frames and variable slots
could provide stronger demarcations between
learned word clusters. Because anchor points
are highly predictive relationships between lex-
ical frames and groups of words that occur in
those frames, the word clusters based on an-
chor points are more powerful and consistent
cues to part-of-speech categories than clusters
based on other distributional information. As
such, anchor points are ideal cues for inferring
category labels of novel items heard in idiosyn-
cratic, ambiguous, or misleading (e.g. gram-
matical violation on part of the speaker) lexical
contexts. Additionally, they could protect chil-
dren from making inferences based on partial
or incorrect perception or segmentation of the
speech stream. For example, an infant with
imperfect auditory perception may analyze the
utterance Where is your dog ? as something
that more closely resembles Where did you dog
? which would suggest, incorrectly of course,
that dog should be clustered alongside other
verb-like as opposed to noun-like forms. An
error of this sort could delay the acquisition of
the word dog, as a child might require many
more experiences with the word to revise her
initial interpretation. Had the same child heard
dog in the context of an anchor point (e.g. Look
at the X), this error could have been prevented,
or perhaps, reversed more quickly. The high

confidence provided by anchor points means
that a learner 1) can be more selective in incor-
porating information from noisy examples, 2)
may be less reliant on (or more robust against)
noisy examples, and 3) can potentially recover
from erroneous inferences more quickly.

Due to their high frequency in language
use, distributional anchor points are more
likely to be indicative of principled, or more
broadly useful distinctions than other distri-
butional cues. In fact, in the distributional
learning literature, an important question is
which co-occurrence dependencies are most
useful for language acquisition? At the word
level, a large number of possible relationships
can be tracked, such as those between adja-
cent words or non-adjacent words, spanning
phrases, clauses, or even across sentences. Is it
better to track co-occurrences in the forward or
backward direction, or in both directions simul-
taneously? While some work has shed light
on some of these questions (Mintz, 2002, 2003;
Redington & Chater, |1998), early exposure to
anchor points could guide a learning system
to discover these facts by itself, yielding repre-
sentations that favor more robust distinctions
between lexical categories.

II.2 Fragmentation

Whereas anchoring can provide useful con-
straints for learning more accurate linguistic
abstractions from non-stationary data, a phe-
nomenon, which we refer to as "fragmenta-
tion", can lead a learner astray. We borrow
the term "fragmentation" from the statistics
and machine learning literature, in which it is
defined as a learning trap that arises from as-
suming an interaction between inputs that are
in fact independent (Jakulin & Bratko, 2003ﬂ

To illustrate how fragmentation might
make it more difficult for distributional learn-
ers to arrive at useful representations, we re-

2While we adopt the term "fragmentation" from the learning literature verbatim, we will use it slightly differently to
refer to a property of the data, and not assumptions made by a learner - even when such assumptions were prompted by
the data in the first place. It is important to keep this distinction in mind when reading our work, because the discovery of
fragmentation in the data (we will provide a technical definition in section [[IT), does not require that a learner will actually
be influenced by it. A learner may have built-in assumptions or inductive biases that reduce or eliminate the impact of

fragmented data on the knowledge that is acquired.
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turn to the noun category, the topic of this
work. Because many nouns often occur after
determiners, and often precede verbs, it is rel-
atively straightforward for distributional anal-
ysis to recover the set of words that linguists
have termed nouns. However, while they are
members of the same category, nouns nonethe-
less differ in meaning, and individually enter
into distinct lexical relationships that are not
shared by all members of the category. If this
were not so, there would be no need for differ-
ent words that refer to different objects. More-
over, nouns are not a homogeneous category,
but can be divided into virtually infinite num-
bers of smaller subordinate categories, to distin-
guish, say, animate from inanimate objects, or
fast food from vegan food. Even these smaller,
and often semantic, subcategories leave behind
unique distributional signatures that can be
detected via distributional analysis of large
corpora. For example, the recurrent neural
network based language model used by Hueb-
ner and Willits (2018) was able to distinguish
between 30 semantic sub-categories of nouns,
such as labels for animals, toys, and planets.
Each noun is characterized by a mixture of
distributional information, which identify its
membership not only in the noun category,
but also in numerous subcategories. By defi-
nition, distributional information that helps to
distinguish between subcategories of nouns, in-
terferes with the ability to learn that those sub-
categories all belong to a single superordinate
category. Because the discovery of a noun cate-
gory is contingent on exposure of nouns that
occur in similar contexts, difficulties may arise
when a learner is initially exposed to nouns in
lexically or subcategory-specific contexts that
obscure the presence of the superordinate cate-
gory.

It can be useful to think of fragmentation
as the opposite of anchoring. Whereas input
with anchor points prioritizes distinctions be-
tween broad categories, fragmentation priori-
tizes finer-grained distinctions by flooding the
learner with lexically specific information that
obscures the presence of the broader category.
Invariably, the hierarchically organized sub-

category structure of language data contains
statistical regularities of each kind; while some
co-occurrence information is more anchor-like,
other regularities highlight structure at the sub-
ordinate or lexical level. These conflicting cues
produce a tug-of-war between encoding regu-
larities at super- vs. sub-ordinate category lev-
els - the stronger a learner encodes the distinc-
tions that exist within a category, the weaker
the representation of the category, and vice
versa. Therefore, the ideal situation for the in-
cremental learner is to be exposed as early as
possible to anchor points that can reduce the
effects of fragmentation. After the broadest dis-
tinctions have been acquired, a learner will be
less influenced by fragmentation, and therefore
will be less reliant on anchor points to combat
fragmentation.

Fragmentation, as we have defined it, ex-
ists on a theoretical continuum, with both ends
representing idealized scenarios. On one end
of the spectrum, fragmentation is nonexistent
because all lexical distributions associated with
all members of a particular category are iden-
tical - they are maximally similar. In essence,
all words within the category are indistinguish-
able from one another in terms of their distribu-
tions. On the other end of the spectrum, frag-
mentation is maximal, and this occurs when
the lexical distributions of words belonging to
the same category are maximally different, and
have no overlap. In such situations, there is no
basis for hypothesizing that the words belong
to a common category. The precise degree of
fragmentation of a particular category can vary
dramatically, depending on the corpus under
study, the amount of data available, and the
complexity and lexical diversity of the corpus.
Because speech to children differs dramatically
from that between adults, it is reasonable to
assume that fragmentation changes over devel-
opmental time, and in this way implicitly con-
tributes to the shaping of linguistic hypotheses.
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II.3 A visual demonstration of fragmenta-
tion

To illustrate fragmentation, we constructed and
visualized three hypothetical co-occurrence ma-
trices that differ in fragmentation, shown in
Figure|l] Before discussing the demonstration,
some housekeeping. First, in all of our anal-
yses rows correspond to nouns, and columns
correspond to the contexts in which they oc-
cur. It follows that the co-occurrence matrices
need not be symmetric, as there are likely to be
a different number of contexts than there are
nouns in a corpus. Further, because all our co-
occurrence matrices are labeled by types rather
than tokens, for simplicity we will refer to row
and column labels as nouns and contexts rather
than noun types and context types, respectively.
Second, the black and white elements in the
three co-occurrence matrices shown in Figure
indicate that either a noun co-occurs with a
context (black) or that it does not (white).Third,
Our use of binary matrices is for simplicity
of demonstration, but our claims hold for co-
occurrence values of any range.

In (A), each of the 16 nouns occur with
each of the 16 contexts and in exactly the same
pattern (uniform here, but can be any other pat-
tern). This co-occurrence pattern is extremely
improbable in natural language, and therefore
should be considered no more than an idealiza-
tion of nouns. Nonetheless, the idealisation of
nouns represented by the co-occurrence matrix
in (A) is a useful construct for explaining frag-
mentation, because it exemplifies the most ex-
treme left end of the fragmentation continuum,
where fragmentation is totally absent. Any
departure from this idealized pattern must re-
sults in fragmentation because the rows will
no longer be identical to each other.

One way in which the co-occurrence pat-
tern may depart from (A) is shown in (B). Here,
nouns do not occur with each possible context
systematically, but with a smaller number of
contexts, and with no apparent sub-category
pattern - indeed, the matrix was generated by
randomly populating each element with either
a 0 or 1. As such, (B) is more fragmented than

(A) - the ability to learn that each word belongs
to the same category is impaired.

The co-occurrence matrix (C) is even more
fragmented than (B). Just like (B), the words
in (C) are not identical in terms of their co-
occurrence patterns, but unlike (B), the ways
in which the words vary is systematic, forming
two distinct subcategories. In keeping with the
noun example, this situation can occur when
there are two highly coherent subcategories of
nouns (like animate and inanimate nouns), and
where the distributional contexts of the nouns
perfectly predicted this difference. For instance,
we can think of lexical contexts as picking out
specific categories of nouns: Contexts such as
happy X or grumpy X are much more likely to
be used in combination with animate than inan-
imate nouns. This strong sub-category division
makes it even more difficult - if not impossible
- to learn that members of both sub-categories
also belong to the same larger category.

Lastly, consider the co-occurrence matrix
(D), in which every noun co-occurs with ex-
actly one context. Like (A), the simulated co-
occurrence matrix in (D) is extremely unlikely
to realize in natural language corpora, and as
such is useful only as a theoretical construct.
But (D) is useful as a demonstration of maximal
fragmentation, in that there is no distributional
overlap between any of the words. As in (C),
there are no cues that group the words together
into a single noun category. However, (D) is
more fragmented than (C), because overlap
between nouns is entirely absent, precluding
any grouping into intermediate subcategories
present in (C).

Fragmentation of lexical co-occurrence data
can be either advantageous or disadvanta-
geous, depending on the learner’s goal. If,
for instance, the goal of distributional analysis
is to discover broader categories, such as the
grammatical categories like nouns and verbs,
a learner would benefit the most by being ex-
posed to data that is minimally fragmented (as
close as possible to (A) for each part-of-speech
category). However, such a learner would not
have access to distributional evidence of sub-
category structure. Consequently, the fragmen-
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tation continuum reveals a fundamental trade-
off between super-ordinate and sub-ordinate
category cues in lexical distributional data: If
the co-occurrence patterns at a sub-ordinate
or lexical level (idiosyncrasies associated with
usage of individual words) are stronger than
those at a super-ordinate level, the discovery
of the larger category is impaired. Conversely,
a corpus with more formulaic constructions
and/or limited lexical diversity, can produce
strong distributional regularities at a superor-
dinate level that can obscure the presence of
structures below. It is precisely this aspect of
caregiver speech which prompted the ques-
tion motivating our work: Does the formulaic
nature of speech to younger children provide
distributional patterns that are better suited for
the discovery of the noun category than speech
to older children?

III. Goals and Outline

Our primary goal in this chapter is to quan-
tify how fragmented the lexical distributional
patterns in speech to children actually are,
and how fragmentation might change over the
course of development. To answer these ques-
tions, we conducted a longitudinal analyses
of child-directed speech by measuring frag-
mentation of the noun category in speech to
children at two different ages. The outline
of this paper is as follows. First, we discuss
technical preliminaries relating to our novel
method for quantifying fragmentation, corpus
pre-processing, co-occurrence collection, and
experimental design in section In section
we report basic descriptions of the data
we have collected in each of our conditions
and propose preliminary hypotheses. In sec-
tion [V} we then apply our novel technique to
determine whether the noun category is less
fragmented in speech to younger compared to
older children. A positive result would imply
that an incremental, and distributional learn-
ing system trained on age-ordered input will
be more likely to discover the noun category
than a system trained in random order. A neg-
ative result would imply that an incremental
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learner would not benefit by being exposed
to age-ordered input, and might be better of
trained in random order. In section we
used information-theoretic analyses to better
understand the potential causes of age-related
fragmentation observed in the previous experi-
ment. Borrowing from the related ideas such as
anchoring (Cameron-Faulkner et al., 2003) and
slot entropy (Matthews & Bannard, 2010), we
developed a testable hypothesis to explain why
fragmentation is reduced in speech to younger
compared to older children. Briefly, we rea-
soned that entropy-maximizing contexts - fre-
quently occurring contexts which are shared
by a large proportion of category members -
can shield against fragmentation, and that the
prevalence of entropy-maximizing contexts in
speech to younger children would provide bet-
ter protection than speech to younger children.
We implemented our hypothesis in a set of
quantitative simulations and tested its predic-
tions using child-directed speech data. Lastly,
we summarize and discuss the implications of
our results in section and end with con-
cluding remarks in section

III. TooLs FOR ANALYZING
NON-STATIONARY INPUT

I. The AO-CHILDES Corpus

A study of the distributional patterns in the
early language environment requires language
data that accurately reflects what children ac-
tually hear. As a representative sample of nat-
uralistic speech to children, we selected the
CHILDES database, a large collection of tran-
scripts of interactions with children (MacWhin-
ney, 2014). It contains a mixture of tran-
scriptions of structured in-lab activities (such
as book-reading, mealtime, and playing with
toys), free play in the lab, and in-home record-
ings.

To create the corpus used in all subsequent
analyses, we first obtained all transcripts in the
CHILDES database that involve children 0 to 6
years of age from American English speaking
households and excluded those for which no
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age information was availableﬂ After removal
of non-adult speech, we obtained 3,251 tran-
scripts containing 272,250 unique word types,
and 5,245,298 total word tokens. Considering
that a typical American child receives approx-
imately 6.5-11.0 million words per year (Hart
& Risley, 2003), the corpus represents approx-
imately 8-14% of lexical input of the average
6-year-old child.

The transcribed corpus was tokenized by
splitting on spaces and contractions, and
sentence-boundary punctuation (periods, ex-
clamation marks, and question marks) was left
in the corpus as individual tokens. This was
intended to serve as a very crude way for rep-
resenting the pauses and prosody that tend to
accompany utterance boundaries. The result-
ing corpus is similar to that used by Huebner &
Willits (Huebner & Willits, 2018) in their mod-
eling studies, except that we did not perform
any morphological parsing in order to leave
intact as many naturalistic properties of the
corpus as possible. Lastly, the transcripts were
ordered by the age of the target childﬂ For sim-
plicity we will refer to the resulting corpus as
AO-CHILDES to indicate that the transcripts
it contains are ordered by the age of the target
child (AO is short for age-ordered).

While the CHILDES database is no doubt
a useful resource to language researchers, it is
important to mention several limitation. First,
the CHILDES database is not perfect as a rep-
resentative sample of the full range of activities
that parents participate in with their children
or the variety of language used during those
activities, but is instead a useful approximation.
Second, the CHILDES database is comprised of
speech from many hundreds of speakers, and
is thereby not ideal for drawing conclusions
about the language environment of a single
child. Further, due to the large number of dif-
ferent child-caregiver interactions available for
a given age, the corpus is less likely to exhibit
a consistent scaffolded organization because
caregivers scaffold their speech based on the

development of a specific child rather than uni-
versally by age - which would be required to
achieve consistent scaffolding across children.
But similar to the first issue, this should make
age-related fragmentation more difficult to de-
tect, and thus make an observed age-related
effect more impressive. Third, due to transcrip-
tion irregularity, the same word is often tran-
scribed many different ways (e.g. playdough,
playdoh, play-dough, play-doh). In our analyses
different transcriptions of the same word were
left as originally transcribed, and as such are
treated as completely separate words in our
analyses. Due to the textual as opposed to
spoken representation, this means our corpus
is nosier than the input that children actually
receive (assuming perfect word recognition).
Lastly, it is important to note that most of the
unique properties of child- as opposed to adult-
directed speech, such as prosody, gestures, or
joint attention, are not captured by the text-
based representation of AO-CHILDES. As is
true of any corpus study, we are limited to a
textual representation of speech, which poten-
tially misses many important extra-linguistic
factors that might further contribute to the scaf-
folding of children’s language input.

II. Partitioning by Age

The number of transcripts in AO-CHILDES are
not uniformly distributed across age. For ex-
ample, there is an order of magnitude more
data for children 800-1000 days old compared
to children 200-400 days old. That is, AO-
CHILDES is extremely biased towards 2-year
olds. This is not surprising, as many studies
used to populate the CHILDES database re-
cruited children when they were right around
2 years of age. Due to the lack of data for
children at the youngest ages, when speech
is likely to be the most different (e.g. more
anchoring), the results of our analysis would
likely underestimate the scaffolded organiza-
tion of children’s language environment. Fur-

3Transcripts were obtained from childes-db.stanford.edu on Dec 1, 2017 and processed using code available at
https:/ /github.com/UIUCLearningLanguageLab/AOCHILDES
*Transcripts associated with the same age were ordered randomly amongst themselves
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ther, the non-uniformity of the age distribu-
tion prevented us from splitting the corpus to
produce two equally-sized sub corpora repre-
senting similarly-sized age ranges. Splitting
the corpus in half based on number of words
would have resulted in one sub-corpus with
primarily speech to 1 and 2 year olds, and
another with speech to 2-6 year olds. This un-
equal representation of age in the two halves
of AO-CHILDES required us to explicitly split
by age, rather than by the number of tokens.
To do so, we searched for two equally sized
age ranges (in days) that produced two ap-
proximately equally sized sub-corpora. This
resulted in a first sub-corpus that contains 1635
transcripts (2.7M tokens), and a second that
contains 1665 transcripts (2.5M tokens). The
resulting two sub-corpora contain speech to
children between the age of 90-1090 days and
1140-2140 days, consisting of 1639, and 1665
transcripts, respectively. We will refer to them
as sub-corpus 1 and 2, and the age groups they
represent as age group 1 and 2, respectively.

[II. Selection of Nouns and Non-
nouns

In order to collect co-occurrence data, we cre-
ated a list of frequent nouns in AO-CHILDES.
This list was created as follows: First, we
part-of-speech tagged AO-CHILDES (using the
Python package spacy v2.1), and collected all
words that were tagged as a noun at least
once. Next, we manually inspected the re-
sulting list by removing words that cannot or
are extremely unlikely to be used as nouns
in child-directed speech. We also excluded
plural nouns, proper nouns, interjections, num-
ber words, and gerunds. We further excluded
words which did not occur at least 10 times in
AO-CHILDES. The resulting lists contains 707
singular noun types. Importantly, when col-
lecting co-occurrence data, we do not simply
collect data for any occurrence of a word that
is in our noun list. Instead, the tagger must
have first assigned a word as a noun in the sen-
tence in which it occurs, before it is checked
against our noun list. This 2-step procedure
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has the advantage of 1) using only words that
are tagged as nouns in the sentences in which
they actually occur, and 2) reducing false posi-
tives produced by the tagger.

Additionally, we created a list of non-nouns,
which we used as "control" words. We used
these words in the same way as nouns to exam-
ine if any age-related trend observed for nouns
are also true of non-nouns, which would in-
dicate a more global shift in the distribution
of the data, rather than a noun-specific effect.
We did so by pairing each noun with a ran-
domly selected word from AO-CHILDES that
is approximately matched in frequency.

IV.  Collecting Co-occurrences

The foundation of all our analyses is the co-
occurrence matrix (one for each condition),
which we constructed as follows: First, we first
collected all sliding windows of size 3 for both
sub-corpora (i.e. a word and the immediately
adjacently co-occurring words in both the for-
ward and backward direction). Next, we sepa-
rated the windows based on whether the center
word met our criteria for noun or non-noun
membership: If the word was in our non-noun
"control" word list, it was used for the construc-
tion of a non-noun co-occurrence matrix. On
the other hand, if the center the word was a
noun, it was used to construct the noun co-
occurrence matrix. In both cases, the center
word (noun or non-noun) labeled the rows of
the co-occurrence matrix, and contexts labeled
the columns. For both nouns and non-nouns,
we created two co-occurrence matrices, one in
which the context is defined as the word pre-
ceding the center word (backward direction),
and another in which the context is defined as
the word following the center word (forward
direction). We did not include a combined con-
dition, because the presence (or absence) of
fragmentation in one or the other condition ne-
cessitates its presence (or absence) in the com-
bined condition. To make this point clear, in a
combined condition, the co-occurrence matrix
would simply be a horizontal concatenation
of the matrices collected in the forward and
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backward directions, and therefore, fragmenta-
tion in one or the other (or both) would persist
in the combined condition. An additional rea-
son not to examine a combined condition is
the finding by Freudenthal et al. (2013) who
showed that independent contexts can classify
items with a higher degree of accuracy than
combined contexts. Next, because of the un-
equal size of the two sub-corpora and the un-
equal number of nouns in each (noun density
is higher in age group 1), we stopped collect-
ing co-occurrences when their number reached
a threshold. This threshold was determined
based on the number of nouns (non-nouns) in
the sub corpus with the fewest nouns (non-
nouns). Because there are far more nouns in
age group 1, we had to drop approximately
30K noun occurrences to equate the number of
nouns in age group 1 with the maximum num-
ber of nouns in age group 2 (77,677). Similarly,
we dropped about 3K non-noun occurrences
in age group 2 to equate the number of non-
nouns across the two age groups (104,394). We
did so to remove any confound of frequency
when comparing age groups.

We investigated the influence of additional
variables, treating each as a factor in our ex-
perimental design. The full list of factors and
factor levels are shown in Table[I] For example,
we varied whether we collected original words
or their lemmatized forms (rule-based removal
of all inflectional morphemes). We included
this factor because it is known that children
can pool evidence across morphological inflec-
tions when making linguistic generalizations.
Doing so also reduces biases due to the fact
that all of the measures depend on the counts
of many rare, atomic events. Additionally, we
investigated the influence of including versus
excluding punctuation, which can be consid-
ered textual markers of prosodic and temporal
boundaries in fluent speech. One consequence
of punctuation removal, is that when collecting
co-occurrences between a word and its right
neighbor, it was possible that a word’s right
neighbor would be the first word in the subse-
quent sentence as opposed to the punctuation
symbol which would have been collected had

punctuation not been removed. We also tested
for any influence of using the raw vs. nor-
malized co-occurrence matrix (each element
divided by its column sum), given that nor-
malization is a routine procedure in compu-
tational linguistics and a pre-processing step
before multivariate analysis. Normalizing by
the column-sum scales the variance in each col-
umn such that its proportion of the total vari-
ance is the same as every other column, and
this can reduce the influence of columns which
prior to normalization accounted for dispro-
portionately more variance than other columns.
Lastly, for each condition, we also collected a
"control” co-occurrence matrix for randomly-
selected non-nouns matched in type and token
frequency to our noun lists. This was done to
test whether any age-related trends observed
for nouns are also more generally true of other
words in the corpus. If so, there may be noth-
ing special about changes in the distributional
statistics of nouns in and of themselves.

V. Quantifying Fragmentation

As we have discussed before, the ideal data
for the distributional learner tasked with dis-
covering the noun category is one without any
fragmentation (an idealisation which does not
occur in practice), where all members pattern
identically with their contexts. We refer to any
departure from this idealization as fragmenta-
tion. It follows that the presence of any lexi-
cally specific pattern (applying to sub-groups
of or to individual nouns) obscure the target
hypothesis, which is that "all nouns are iden-
tical in terms of their co-occurrence patterns".
Because virtually all work related to distribu-
tional analysis and word classes has focused
on evaluating algorithms of category induction,
there is a paucity of methods evaluating the
data itself, and especially in terms of fragmen-
tation. To rectify this, we developed our own
measure for quantifying fragmentation.
Because fragmentation measures the de-
gree of lexically-specific relationships that are
unique to one or more nouns, but are not
shared across all nouns, we cannot use bivari-
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ate similarity metrics (e.g. Pearson correla-
tion coefficient). Bivariate metrics do not take
into account overlap across multiple vectors
(e.g. row vectors for all words in a category);
instead, they measure overlap between pairs
only, and this completely ignores the global
pattern - multivariate (higher order) correla-
tions - exhibited by a larger set of vectors. Even
via pairwise aggregation, the use of bivariate
correlations is a poor choice for identifying
multivariate correlations, because there is no
guarantee that all higher-order correlations are
captured. Because our goal is to quantify the
degree to which a set of co-occurrence vec-
tors instantiate a single, shared co-occurrence
pattern, we require a multivariate tool. For
example, multiple correlation is the correlation
between one variable’s observations (i.e. is the
word a nourﬁ?) and the best predictions that
can be computed linearly from a set of predic-
tive variables (i.e. co-occurrence frequency). In
order to account for the highest possible vari-
ance, the best linear transformation must iden-
tify the co-occurrence pattern that is shared by
all observations (i.e. nouns). It follows that
the variance not explained by the best linear
transformation can be used as an operational
definition of fragmentation. We can think of
the best linear transformation as the prototype
co-occurrence pattern for a particular category,
or as the category’s baseline co-occurrence fre-
quency pattern that is hidden beneath a myriad
of "fragmenting" lexically specific patterns.

V.1 Singular Value Decomposition

To identify the best linear transformation, we
opted for singular value decomposition of the
noun co-occurrence matrixﬂ For simplicity, we
will refer to the best linear transformation as
the prototype co-occurrence pattern, or just
prototype vector. This prototype vector is con-
sidered "best" because it maximizes, roughly
speaking, its overlap with all row vectors in
the co-occurrence matrix. When the rows of

a co-occurrence matrix correspond to distri-
butional patterns of nouns, we can think of
the prototype vector as the prototypical noun
pattern. There’s only one such vector, and it
is equivalent to the first singular vector - the
basis vector which accounts for the highest
amount of variance in the data. Singular value
decomposition (SVD) enables us to compute
this singular vector straightforwardly. SVD is
a tool for decomposing a matrix into left and
right singular vectors, which separate the vari-
ance in the rows and columns into orthogonal
dimensions (also referred to as singular dimen-
sions or basis vectors). Additionally, for each
singular vector, SVD provides a correspond-
ing singular value which is proportional to the
amount of variance explained by it. Because
we are interested in the amount of variance
explained by the first singular dimension, we
can obtain our results directly using SVD, as
opposed to a two-step procedure consisting of
1. the computation of the prototype vector, and
2. the computation of how much variance it
accounts for using multiple correlation.

Our proposed method is consistent with
work on basis vectors of large lexical co-
occurrence matrices by Lee (2015) who con-
cluded that the first basis vector is the “defin-
ing” vector that encodes the most general in-
formation about a category, and that all other
subsequent basis vectors encode more “spe-
cific” information pertaining to subsets of or
individual words. Because the singular dimen-
sions identified by SVD are ordered by the
amount of variance explained, the sub-spaces
spanned by each subsequent singular dimen-
sion can be considered prototype vectors for
distinguishing between sub-categories within
a larger category.

Because the first singular value quantifies
the extent to which a co-occurrence matrix can
be explained in terms of a single dimension
(e.g. noun-ness), we subtracted the first singu-
lar value from the sum of all singular values
to compute a measure of fragmentation - the

5In our case, this variable would simply be a vector of ones, indicating that each word in our noun co-occurrence

matrices is a noun.

%We could have used multiple regression, but it explicitly models error and intercept terms which we did not require.
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amount of variance not explained by the proto-
type vector. Let fragmentation = f, then

(X)) —s1 5i
f= =1- (1)
Li=15i Li=18i

where s; is the i-th singular value.

Given the novelty of our technique, we
preemptively provide some notes of caution
for how not to interpret and use our method.
First, our measure of fragmentation was not
developed for the evaluation of a distributional
learning system; it requires full access to the
raw data, and is therefore a method for evaluat-
ing the data itself, not what a system can learn
from it. Second, our measure does not quan-
tify the extent to which members of one lexical
category can be discriminated or are distinct
from words that belong to another category.
Fragmentation is defined separately for each
category because it quantifies how much the
members of a single category are distinct from
each other and not from members of another
category. Lastly, fragmentation shares little
with common metrics such as accuracy (e.g.
the percentage of words classified as nouns
that are actually nouns), or completeness (e.g.
the percentage of words that are actually nouns
that are classified as such). That said, our mea-
sure of fragmentation should strongly predict
the classification success of distributional learn-
ing systems.

VI. Information Theoretic Tools

In addition to the multivariate analysis pro-
vided by our measure of fragmentation, we
also evaluated bivariate relationships between
pairs of individual lexical distributions. To do
so, we adopted standard quantities from infor-
mation theory.

We can quantify the statistical strength be-
tween two random discrete variables (such as
two lexical distributions) by computing how
their entropy - the amount of uncertainty about
the outcome of a variable - changes when the
outcome of one variable is known. For exam-
ple, the entropy of randomly retrieving a word

from a bucket of nouns, which we will refer
to as the variable X, is the amount of uncer-
tainty we have about the exact noun that will
be chosen. But nouns usually occur in lexi-
cal contexts which help us predict them, and
this means that our predictions are often bet-
ter than random. With this in mind, let us
refer to observations of the lexical context (in
the forward or backward direction, it does not
matter) as Y. The outcome of Y should provide
information that reduces our uncertainty about
the outcome of X. The uncertainty about the
outcome of X that remains is referred to as the
conditional entropy of X given Y, written as
H(X|Y). In other words, by conditioning X on
Y, we are effectively measuring the amount of
uncertainty left over after accounting for our
knowledge of Y. If the outcomes of Y strongly
predict the outcomes of X, the conditional en-
tropy would be small, and vice versa. The
conditional entropy is given by

H(X|Y) = Y p(x,y) log, p(lw) )

where p(x,y) is the joint probability, the
probability of observing outcome x and y to-
gether, and p(x|y) is the conditional proba-
bility, the probability of observing outcome x
given that y has already occurred. This for-
mula makes it clear that the conditional en-
tropy is simply a weighted average of the log-
transformed inverse of the conditional prob-
abilities. Due to the inverse (which converts
probabilities into the number of equally likely
outcomes), the higher the conditional probabili-
ties, the lower the resulting conditional entropy.
We hope this helps readers who are familiar
with conditional probability make the leap to
entropy based measures.

The relation between fragmentation and
conditional entropy is as follows. Because
the conditional entropy is a bivariate measure
(there are only two variables, X and one Y),
and fragmentation is a multivariate measure
( each column is a distinct variable), the two
are only related in the case when there are
no multivariate correlations - that is, when
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nouns do not systematically occur in mutually
shared contexts. This can occur if fragmen-
tation is driven purely by lexical, rather than
sub-category specificity. Under such circum-
stances, fragmentation and conditional entropy
would be inversely associated. To elaborate, if
fragmentation is driven entirely at the lexical
level, higher fragmentation would make it eas-
ier to predict observations of one variable (X
or Y) from the other, and this would reduce
the conditional entropy. On the other hand, if
fragmentation is low (i.e when nouns are more
likely to occur in the same contexts as other
nouns), predictability is sacrificed, this would
increase the conditional entropy. A similar re-
lationship has been demonstrated empirically
by Cassani et al. (2018), who found a negative
correlation between the average conditional
probability - inversely related to conditional en-
tropy - and lexical classification accuracy. Their
conclusion that "categorization works best for
words which are [...] hard to predict given
the co-occurring contexts" is closely associated
with our claim that high predictability below a
superordinate category (high fragmentation) is
disadvantageous for a distributional learner
tasked with the discovery of the superordi-
nate category. The novelty of our work lies in
demonstrating how this predictability changes
over developmental time.

Estimates of conditional entropy, and other
measures based on entropy, are influenced by
the number of possible outcomes of X, and
Y. The number of possible outcomes (i.e. the
number of word types) of X and Y corresponds
directly to the number of rows and columns in
our co-occurrence matrices, respectively. For
example, an increase in the number of columns
in our co-occurrence matrices, which would
increase the number of types in Y, would pro-
duce - everything else being equal - smaller
estimates for H( X|Y), while an increase in
the number of rows would not influence esti-
mation. Similarly, an increase in the number
of rows would produce larger estimates for
H(Y| X), while an increase in the number of
columns would not influence estimation. Be-
cause we plan to compare conditional entropies
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across our two sub-corpora, we must take the
necessary steps to map estimates of conditional
entropy onto the same scale. Toward that end,
we normalize each conditional entropy by di-
viding it by the joint entropy.

IV. SimprLE StATISTICS OF NOUNS IN
CAREGIVER SPEECH

In this section, we carefully examine the shapes
and sums of the co-occurrence matrices gen-
erated in each of our conditions. We report
these quantities because they are important
methodological and theoretical considerations
for interpreting subsequent demonstrations,
and because they provide an overview of the
data which we will re-visit in the remainder
of this chapter. As a reminder, we collected
co-occurrence data varying in 6 factors: 1) the
age of the target child, 2) context direction (for-
ward vs. backward), 3) lemmatization (True
vs. False), 4) punctuation (intact vs. removed),
5) normalization (dividing each element by its
column sum vs. none), and 6) whether co-
occurrences were collected for nouns ("experi-
mental" words) or a frequency-matched set of
non-nouns ("control" words).

The number of rows that make up our co-
occurrence matrices are equivalent to the num-
ber of noun types or non-noun types, depend-
ing on whether we are collecting the lexical
context of nouns or non-nouns. Similarly, the
number of columns is equivalent to the number
of context word types. These values are shown
in Table 2| In the table, each pair of rows con-
trasts age group 1 and age group 2 (shown in
column 1), for a particular combination of con-
text direction, lemmatization, and punctuation
(whose values are shown in columns 2-4). For
simplicity, in the tables below we did not in-
clude normalization as a factor because it does
not influence the collection of co-occurrence
data. Normalization, however, will play a cru-
cial role In the analysis of fragmentation in the
next section.

The quantities in the table indicate several
facts worth noting. First, the total number of co-
occurrences collected (equivalent to the sum of
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No fragmentation Intermediate-low fragmentation Intermediate-high fragmentation Maximal fragmentation

]
I

Noun Types

I
11

Context Types Context Types

Context Types Context Types
() (B) © (D)

Fragmentation Continuum

Figure 1: A visual demonstration of the fragmentation continuum, with hypothetical co-occurrence matrices
(nouns in rows, contexts in columns) that exhibit either no fragmentation (A), intermediate-low
fragmentation (B), intermediate-high fragmentation (C), or maximal fragmentation (D).

age(days) noun context lemma punctuation normalization
90-1090 True forward  True intact none
1140-2140 False backward False removed divide by column sum

Table 1: Factors influencing the construction of co-occurrence matrices.

Condition Nouns Non-Nouns
age direction lemma punctuationrows columns  rows columns
group1l  backward False intact 653 1,998 688 3,494
group 2  backward False intact 679 2,571 662 3,788
group 1 backward False removed 653 2,732 688 4,668
group 2  backward False removed 679 3,066 662 4,957
group1l  backward True intact 653 1,857 713 2,917
group 2  backward True intact 680 2,339 691 3,106
groupl  backward True intact 653 2,454 713 3,900
group 2 backward True intact 680 2,737 691 4,047
groupl  forward  False intact 653 2,150 688 3,925
group2  forward  False intact 679 2,727 662 4,359
group1l  forward  False removed 653 3,514 688 4,721
group 2 forward False removed 679 3,790 662 4,907
group 1 forward True intact 653 1,767 713 3,128
group 2 forward  True intact 680 2,151 691 3,402
groupl  forward  True removed 653 2,971 713 3,848
group 2 forward True removed 680 3,082 691 3,880

Table 2: Number of word types captured by co-occurrence matrix in each condition.
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a co-occurrence matrix) was purposefully lim-
ited in order to enable fair comparisons across
age groups. As noted in the previous section,
this was done by counting the number of co-
occurrences obtained from each sub-corpus,
and then using the smaller of the two counts
to limit the number of co-occurrences that is
collected for the other (larger) sub-corpus. This
control measure ensured that the number of
co-occurrences were equal across age groups,
and resulted in 77,677 total co-occurrences of
nouns with their contexts, and 104,394 total co-
occurrences of non-nouns with their contexts.

Second, the shape of each co-occurrence ma-
trix varied freely across conditions. We thought
it best not to artificially constrain which co-
occurrences should be collected in order to
capture the statistics of nouns and non-nouns
in each sub-corpus with the least amount of
intervention as possible. Because we did not
limit our word lists or the set of possible con-
text words such that each must occur at least
once in each sub-corpus, it was possible that
the resulting co-occurrence matrices varied
in the number of types that were captured.
For example, it is in principle possible that
our procedure for collecting co-occurrences
would have returned perfectly disjoint sets of
co-occurrences, meaning that neither any noun
(or non-noun) or context word needed to be
present in both co-occurrence matrices. In prac-
tice, however, we observed a large - though not
perfect - amount of type overlap. Variation
in shapes must be considered when interpret-
ing the results of comparisons across matrices
with different shapes. More importantly, the
number of rows and columns can be used as
a first approximation of the lexical diversity of
each sub-corpus. For example, Table 2| shows
there are consistently fewer noun types in age
group 1 compared to age group 2 (speech to
younger vs. older children). This can be ex-
plained in terms of reduced lexical diversity
- noun diversity in particular - in speech to
younger children. This is a common finding in
corpus analyses of child-directed speech. We
also noted a consistent increase in the num-
ber of contexts in which nouns occur from age
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group 1 to age group 2. For example, there
are roughly 600 more context types (1998 vs
2571; row 1 and 2) in age group 2 when co-
occurrences of non-lemmatized word forms
are collected in the backward direction. This
means that, as children grow older, they en-
counter nouns in an increasingly more diverse
set of lexical contexts. This is a first indicator
that the distributional pattern of nouns has the
potential to be more fragmented in speech to
older children. Fragmentation is in part driven
by lexical specificity - the tendency of specific
words to pair with specific other words - and
greater lexical diversity is a prerequisite for
greater lexical specificity.

Finally, we wish to draw attention to the in-
fluence that the removal of punctuation has
on the number of context types in which
nouns occur. For example, Table [2| shows the
removal of punctuation adds approximately
700 non-lemmatized context types when co-
occurrences are collected in the backwards di-
rection (compare rows 1 and 3) and approx-
imately 1,300 non-lemmatized context types
(compare rows 9 and 11) when co-occurrences
are collected in the backwards direction . This
trend holds across conditions, and suggests
utterance boundaries may play a critical role
in the discovery of the noun category in child-
directed speech. Punctuation also markedly
increases - but to a lesser extent - the number
of contexts of randomly selected non-nouns.
This is evidence that punctuation symbols are
more prevalent in the context of nouns relative
to non-nouns, a finding which we will revisit
in the following sections.

To summarize: First, our demonstration
points to a substantial increase in lexical di-
versity at age group 2 compared to age group
1, consistent with prior findings that speech
to younger children is less lexically diverse
(Broen, [1972; Foushee et al.,, 2016; Hayes &
Ahrens, [1988; Kirchhoff & Schimmel, [2005;
Phillips, [1973). Second, nouns occur with a
smaller set of contexts than do non-nouns,
and this difference between nouns and non-
nouns is greatly magnified at age group 1 com-
pared to age group 2, and is also magnified
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when punctuation symbols are considered a
unit in the analysis of lexical context. The con-
sequences of these differences will be further
explored in the next sections.

V. AGE-RELATED FRAGMENTATION OF
Nouns

Next, we investigated how fragmented the
noun category is in speech to younger chil-
dren compared to older children. Given prior
work which has shown that speech to younger
children is more repetitive, less lexically di-
verse (Foushee et al., |2016; Hayes & Ahrens,
1988; Kirchhoff & Schimmel, [2005)), and more
template-like (Cameron-Faulkner et al., 2003),
we predicted that the noun category would
be less fragmented in speech to younger chil-
dren. Furthermore, given the privileged sta-
tus of nouns in children’s early learning, we
predicted that the pattern of increasing frag-
mentation with age is specific to nouns, and
therefore would not extend to our control word
list (non-nouns).

As described in a previous section, fragmen-
tation is obtained using SVD by computing the
amount of variance in the word co-occurrence
matrix that is not explained by the first singular
value of the co-occurrence matrix. The results
of our fragmentation experiment is shown in
Figure[2| Each panel contrasts two conditions:
the effect of age group (90-1090 days in blue,
1140-2040 days in orange), and the effect of us-
ing the lexical contexts of nouns vs. non-nouns.
The different normalization conditions (raw
frequency vs. normalization by column sum)
are separated horizontally, and the remaining
three combinations of conditions (context di-
rection, lemmatization, and punctuation) are
separated vertically across the different panels.
We are primarily interested in a potential effect
of age group, and whether such an effect is
influenced by any of the other manipulations.

I. Results

We begin by focusing on the 16 comparisons
shown in the left panels only - that is, for co-

occurrence matrices that were not normalized.
As predicted, we found reduced fragmenta-
tion of nouns in speech to younger children
(blue bars tend to be lower than orange bars),
and this held true in all but two conditions.
The average absolute difference in fragmenta-
tion across these experimental conditions was
0.38+/- 0.021 (std). Intuitively, this means that
for age group 1, 3-4% more of the total variance
in the co-occurrence patterns of non-nouns is
explained by the first singular dimension - the
prototype co-occurrence pattern that best fits
the category "noun". Moreover, the age-related
increase in fragmentation appears to be noun-
specific: In each control condition, non-nouns
were more fragmented in speech to younger
compared to older children (see pairs of bars
marked "non-nouns" on the x-axis). The aver-
age absolute difference in fragmentation across
these control conditions was 0.35+/- 0.018 (std).
Zooming in, we found that fragmentation was
reduced with and without lemmatization, and
regardless of whether co-occurrences are col-
lected in the forward or backwards direction.
The only conditions in which we did not find a
noticeable difference in fragmentation between
age groups are those in which only forward co-
occurrences are counted, and punctuation had
been removed (notably, punctuation would of-
ten occur in the forward direction if it were not
removed). This interaction between forward
contexts and punctuation suggests that utter-
ance boundary markers, such as periods, ex-
clamation marks, and question marks are not
only frequent right neighbors of nouns, but
also play an important role in helping to group
nouns together into a category, and thereby
protecting them from fragmentation in speech
to younger children. In fact, the absence of a
difference in fragmentation in the conditions
in which punctuation was removed, suggests
that punctuation symbols are the primary, if
not the only, reason for reduced fragmentation
at age group 1.

Next, we focus on the 16 comparisons
shown in the right panels of Figure 2] in which
fragmentation was computed on co-occurrence
matrices where the co-occurrence counts were
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Figure 2: Fragmentation of the noun category (left panels), and a random set of non-nouns (right panels) for
each condition. The factors context direction (forward vs. backward), lemmatization, and punctua-
tion vary across rows, and age, word list, and normalization vary across rows. Fragmentation is
the proportion of variance explained by all but the first singular dimension of the co-occurrence
matrix, and therefore is bounded between 0 and 1.
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normalized by their column sums (i.e. the to-
tal number of co-occurrences for that context).
Normalization, such as dividing by the sum
of an element’s row and/or column sum (or
more sophisticated methods like point-wise
mutual information) is standard practice in
computational models of language and tends
to improve distributional semantic models (Bul-
linaria & Levy, 2007; Turney & Pantel, 2010),
and for this reason we included normaliza-
tion as a factor in our comparisons. Notably,
whereas we have seen marked differences in
fragmentation across age groups when no nor-
malization was applied, these differences were
completely abolished by normalization. Rather
than casting aside this finding as a null-effect,
we think it reveals an important clue related
to the similar null-effect we observed in condi-
tions in which punctuation had been removed.
This will be discussed further below, and in
Experiment 3.

II. Comments and Follow-up Ques-
tions

In a previous section, we established the intu-
ition that the proportion of variance explained
by the first singular dimension is conceptu-
ally equivalent to the proportion of variance
accounted for by a "category-defining", shared
co-occurrence pattern. Because subsequent sin-
gular dimensions are aligned with respect to
the first dimension, subsequent dimensions can
be thought of as deviations from this shared
frequency pattern. We can think of these sub-
sequent dimensions as a fragmentation of the
underlying shared frequency pattern. Hence,
one way to interpret our demonstration is that
as children grow older, the nouns they hear
occur in increasingly more divisive lexical con-
texts which obscure the fact that nouns belong
to the same class of words.

Part of the reason why we included so
many conditions 2x2x2x2x2x2=64) is because
our measure of fragmentation produces a
single value per condition, which precludes
testing for statistically significant differences.
Nonetheless, the fact that we observed the

same trend across multiple conditions for our
experimental noun word list, and a different
but consistent trend for our non-noun word
list, suggests that our results are likely not a
chance fluctuation or an idiosyncrasy of our
setup.

As predicted, we found that the noun cate-
gory is less fragmented in speech to younger
compared to older children, and that this effect
is not due to a shift in global corpus statis-
tics (the opposite trend was observed for non-
nouns). This reinforces the notion that there is
something special about nouns, not necessarily
just in how they are conceptually processed by
children (Gentner, |1982), but also in how their
distributional statistics change across develop-
mental time. Not knowing ahead of time that
nouns exist, our demonstration suggests that a
statistical learner tracking the lexical contexts
in which words occur is more likely to dis-
cover the noun category in speech directed to
1-3 year-olds compared to 3-6 year-olds. This
makes ecological sense in that incremental ex-
posure - to superordinate category information
before subordinate category information - tem-
porally separates the conflicting distributional
signals generated at different levels in the hi-
erarchy of lexical classes: It is easier to learn
that nouns are a distinct category before learn-
ing that nouns are sub-divided into smaller
classes (e.g. animates vs in-animates, or birds
vs. mammals).

Lastly, we think that the two null effects,
in conditions in which punctuation was re-
moved or the columns of the co-occurrence
matrices were normalized, are worth further
investigation. The null-effect due to normaliza-
tion suggests that the age-related difference in
fragmentation is driven by a small number of
contexts that explain a disproportionately large
amount of variance in the data. Interestingly,
this pattern of results is precisely what one
might predict based on a stronger presence of
anchor points in speech to younger children.
In the next section, we explore this possibil-
ity, by diving deeper into the potential forces
that drive the observed age-related increase in
fragmentation.

21



Using lexical context to discover the noun category e Philip A. Huebner & Jon A. Willits e

VI. THE ENTROPY-MAXIMIZATION
HyroTtHEs1s

I. Converging Evidence

In the previous section, we demonstrated re-
duced fragmentation of the noun category in
speech to younger compared to older children.
A natural follow-up question is: How are the
lexical distributions changing over develop-
mental time to produce this result? We have
already identified two important clues, namely
that the effect of age-related fragmentation re-
quires the presence of punctuation symbols (at
least in the forward direction), and the preser-
vation of the relative differences in total vari-
ance accounted for by different contexts (i.e.
no column normalization). We think these two
observations are pointing towards the same ex-
planation. Given that punctuation symbols are
extremely frequent in the AO-CHILDES cor-
pus, and much more frequent in the age group
1 portion of the corpus, their corresponding
columns in the co-occurrence matrices must ex-
plain a lot more variance than other columns.
Preserving this relationship may be required to
observe an age-related increase in fragmenta-
tion - at least in the forward direction. It is less
clear that punctuation alone can explain dif-
ferences in fragmentation in the backward di-
rection, because removing punctuation did not
have the same effect on fragmentation when
co-occurrence was counted in the backward
direction as it did when it was counted in
the forward direction. However, it is possi-
ble that a similar type of explanation exists for
the backward co-occurrences as well, but in-
volving anchor tokens other than punctuation.
In our next demonstration, we are testing for
the existence of such anchor tokens that can
explain the difference in fragmentation in the
backwards direction that punctuation does in
the forward direction.

I.1 Conditional Entropy

To start, we will focus on developing a bet-
ter understanding of how the distributions of
co-occurrences in the forward direction are
changing with age, and then extend our under-
standing to explain fragmentation more gener-
ally. We begin by noting the results of corpus
studies of child-directed speech, which have
demonstrated that nouns frequently occur in
the utterance-final position (Brent & Siskind,
2001; Swingley & Humphrey, 2018). In the
AO-CHILDES corpus, the boundaries of ut-
terances are marked by punctuation, which
in most cases is a period, and less frequently
an exclamation or question mark. Because
nouns frequently occur in utterance-final po-
sition, a large portion of co-occurrences in the
forward direction involve nouns followed by
punctuation symbols. When punctuation is re-
moved, however, the right neighbor of a noun
in utterance-final position is the first word in
the subsequent sentence, and, importantly, this
makes the forward-direction context distribu-
tions of nouns more diverse, and much less
predictable El

This change in the distributional relation-
ship between nouns and their neighbors can be
quantified using conditional entropy. By itself,
entropy measures the average difficulty of pre-
dicting the outcomes of a random variable. In
our case, we are dealing with two random vari-
ables; underlying our observations of nouns
and their context are two discrete random vari-
ables which we will refer to as X and Y, respec-
tively °| We can compute either the entropy of
contexts conditioned on nouns (H(Y| X)), or
the entropy of nouns conditioned on contexts
(H(X|Y)). In the former, we observe which
noun has occurred and use this information
to predict which context will occur, while in
the latter, the relationship is reversed. To illus-
trate the difference, consider a noun followed

7This may appear to some a minor point about the idiosyncrasies of textual data - after all, punctuation is not explicitly
represented in speech. However, punctuation in text data can mark prosody, and/or prolonged periods of silence between
utterances in fluent speech. To the extent that punctuation symbols correlate with the presence of these acoustic markers,
children do have access to the distributional patterns represented in AO-CHILDES by punctuation symbols.

8In our co-occurrence matrices, we treat rows as samples drawn from an unknown discrete random variable X, and
columns as samples drawn from a different unknown discrete random variable Y.
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by a period. Because periods frequently follow
nouns in AO-CHILDES, this results in high
predictability and therefore a small value of
H(Y|X). However, due to the semantically un-
informative nature of punctuation, it is incredi-
bly difficult to predict in the reverse direction,
and this results in a large value of H(X|Y). In
other words, it is extremely difficult to predict
which noun occurred when the only informa-
tion available is that it preceded a punctuation
symbol.

I.2 Entropy-maximizing Contexts

Punctuation symbols present an intuitive op-
portunity for explaining how conditional en-
tropy should change as structural factors un-
derlying lexical context distributions evolve
over developmental time; but they are likely
not the only contexts to be affected. There are
potentially many other highly frequent noun
contexts that behave similarly, but are less fre-
quent. We will refer to all such contexts as
entropy-maximizing contexts. These are con-
texts that occur relatively indiscriminately with
many members of a category. By doing so,
these contexts drive up H(X|Y), the difficulty
of predicting which member is likely to oc-
cur given that we have already observed the
entropy-maximizing context. We can think of
many context words that are likely to have this
property with respect to the noun category:
Forward co-occurrences such as and, to, with,
and backward co-occurrences such as the, a,
that, and my. These contexts are all relatively
semantically uninformative, and can therefore
occur with most nouns with relatively similar
likelihood.

The idea behind entropy-maximizing con-
texts has much in common with the notion of
anchor points, which are thought to facilitate
the discovery and abstraction of a set of linguis-
tically similar words. However, we prefer the
term entropy-maximization for two reasons.
First, it is more descriptive of their function
than the relatively abstract notion of anchoring.
Second, an anchor point is a relatively discrete
notion; it implies a context is either an anchor

point or it is not, and provides no prediction
or mechanism for how anchor points may dif-
fer quantitatively in their value as a cue to
categorization. By contrast, entropy is a quanti-
tative concept, which enables us to empirically
measure - on a graded scale - how entropy-
maximizing a context actually is (Matthews &
Bannard, 2010).

The reason we think entropy-maximizing
contexts are important for explaining the
reduced fragmentation in age group 1 are
twofold: First, entropy-maximizing contexts
- just like anchor points - are likely over-
represented in speech to younger compared
to older children. We can infer that punctu-
ation symbols more frequently follow nouns
in speech to younger compared to older chil-
dren based on studies which have demon-
strated that nouns are more likely to occur
in utterance-final positions, and we have con-
firmed this in an offline analysis. Second,
the absence of age-related fragmentation of
nouns observed when the columns of the co-
occurrence matrix were normalized is pre-
dicted by the notion of entropy-maximizing
contexts: Because a pre-requisite for entropy-
maximization is high frequency, the columns
corresponding to entropy-maximizing contexts
in the co-occurrence matrix must account for
disproportionately large amounts of variance
relative to other non-entropy-maximizing con-
texts. Collectively, these two lines of evi-
dence point towards an explanation of the age-
related increase in fragmentation of nouns in
terms of a disproportionate number of entropy-
maximizing contexts in speech to younger chil-
dren.

1.3 Predictions

Our hypothesis essentially requires that over
development, there is a distribution shift from
nouns occurring in entropy-maximizing con-
texts (e.g. anchor points like punctuation sym-
bols and other contexts that occur relatively
equally often with all nouns) to "fragmenting"
contexts (e.g. contexts that provide information
specific to individual nouns or specific to noun
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subcategories, such as delicious X , fluffy X). This
shift can be empirically tested using our data.
To test this hypothesis, we first translate this
general notion into precise quantitative predic-
tions about the pattern of conditional probabili-
ties we expect to observe under the assumption
that our hypothesis is correct. We obtained our
predictions from a set of simulations in which
artificially generated co-occurrence matrices,
modeled after those we have been using in our
previous experiments, were compared under
different assumptions about the number and
importance of entropy-maximizing contexts.
Specifically, we compared the conditional en-
tropy H(X|Y) across the conditions described
below.

The comparison we simulated is the dif-
ference in the conditional entropy, H(X|Y),
between age group 1 and 2. We first simulate
this difference, and then compare simulated
results to actual results. First, to simulate this
difference, we generated co-occurrence matri-
ces for each group in an experimentally con-
trolled fashion. As a starting point for each
matrix, we adopted the average shape and sum
of the co-occurrence matrices obtained for age
groups 1 and 2. However, rather than using
actual co-occurrence data, we filled each ma-
trix using a random sampling procedure. We
divided this procedure into two steps, one for
entropy-maximizing contexts, and one for the
remaining contexts. Importantly, columns cor-
responding to non-entropy-maximizing con-
texts were filled by sampling from a pseudo-
Zipfian distribution ﬂ In contrast, columns
corresponding to entropy-maximizing contexts
were filled by sampling from a random uni-
form distribution, given that as the number
of observations increases, the random uniform
distribution maximizes entropy — the pseudo-
Zipfian does not. In order for entropy max-
imization to take place, however, one addi-
tional parameter needed to be set: The pro-
portion of total co-occurrences that are due to

entropy-maximizing contexts vs. non-entropy-
maximizing contexts. We set this proportion
to 0.9 (for both age groups), given that most
nouns in naturalistic data occur with canonical,
high-frequency neighbors (e.g. the, an, etc.).
Let’s call this proportion p, where b stands for
baseline. Given that p; is above 0.5, this means
that, during the generation of co-occurrence
matrices, columns corresponding to entropy-
maximizing contexts were filled much more fre-
quently. This was also influenced by the num-
ber of entropy-maximizing contexts, which
was varied from 1 to 100. As this number
is decreased, and holding the p; constant, the
columns corresponding to entropy-maximizing
contexts become more densely populated, and
are therefore more likely to be more entropic
than non-entropy-maximizing contexts.

We simulated 4 conditions, each of which
differs in p, the proportion of co-occurrence
observations that involve entropy-maximizing
contexts in addition to p;, for age group 1. For
instance, given p, = 0.90 and p = 0.01, the
proportion of total co-occurrence observations
that involve entropy-maximizing contexts in
age group 1 would be 0.91 (and 0.90 in age
group 2). The size of p therefore is of pri-
mary theoretical interest: We predicted that
when p = 0.00, we would not observe a no-
ticeable difference in H( X|Y') between the two
age groups; however, we predicted that as p
is increased — and therefore the importance
of entropy-maximizing contexts in age group
1 — we should observe a positive difference in
H(X]|Y) between the two age groups.

The results of our simulations are shown
in Figure ] First, we observed that as the
number of entropy-maximizing contexts is re-
duced (from right to left across the x-axis), the
difference in the conditional entropy H( X|Y)
between age group 1 and 2 increases monoton-
ically (except when p = 0.00). This is expected,
because as the number of entropy-maximizing
contexts is reduced, and p;, is held constant,

9The frequency of each pseudo-type is simply proportional to the inverse of its rank, which is arbitrarily defined as its
order in the simulated vocabulary. However, the results of the simulation are invariant to the choice of distribution for

non-entropy-maximizing contexts.

10Remember that the total proportion of co-occurrences that involve an entropy-maximizing context, pp, is held constant
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the remaining entropy-maximizing contexts are
more densely populated and therefore more
likely to maximize entropy@ Next, the rate
at which the difference in H(X|Y) increases
depends on p. When p is small, the differ-
ence in H( X|Y) rises more slowly; when p is
larger, the difference rises more quickly. This
makes sense from the perspective of entropy-
maximization: As the importance of entropy-
maximizing contexts is dialed up in one sub-
corpus, contextual information becomes less
predictive about the identity of the target word
compared to an otherwise identical sub-corpus
where entropy-maximizing contexts are less
important.

To summarize, our simulations show that
as the contribution of entropy-maximizing con-
texts is increased in age group 1, the more
likely it is that H( X|Y) is larger in age group
1 compared to age group 2. Therefore, if
entropy-maximizing contexts play a prominent
role in the distributional patterns of nouns to
younger children, we expect that H( X|Y) will
be greater for sub-corpus 1 compared to sub-
corpus 2 of AO-CHILDES. If, on the other
hand, we find no difference or the opposite
pattern, we would have to either revise our un-
derstanding of entropy-maximizing contexts,
or conclude that their role in combating frag-
mentation in input to younger children is un-
warranted. Finally, we do not have specific
predictions for how H(Y|X) should vary be-
tween age groups, under our hypothesis.

II. Results

The results of our conditional entropy analyses
of AO-CHILDES are shown in Figure @ We
excluded conditions in which co-occurrence
matrices were normalized because conditional
entropy requires raw frequency as input. Our
analyses include both the conditional entropy
computed by conditioning on contexts (labeled
H(X]|Y) on the x-axis), or by conditioning on

nouns (labeled H( Y| X) on the x-axis). Y-axis
units correspond to bits, the number of binary
logical states required to encode the amount of
"uncertainty" about the outcome of a random
variable. The more bits that are needed to rep-
resent the information in a random variable,
the more uncertainty exists when predicting its
outcomes.

First, we examined differences for H(X|Y),
for which we developed predictions. These
values are represented by the first group of
bars in the left panels. Across all conditions in
which punctuation was left intact, we observed
a larger H(X|Y) for age group 1 compared
to 2, as predicted. The average difference was
0.016 +/- 0.004 (std) normalized bitd!]] Be-
cause this difference is non-zero and in the
direction predicted from the perspective of
greater entropy-maximization in age group 1,
we interpret this as preliminary evidence for
the entropy-maximizing contexts hypothesis.
Lastly, as predicted, this effect appears strongly
correlated with the presence of punctuation.
When punctuation is intact, the conditional
entropy is higher for age group 1; conversely,
when punctuation is removed, the conditional
entropy is higher for age group 2. Further-
more, in accordance with the idea that punc-
tuation symbols are important entropy maxi-
mizing contexts, we found a greater difference
in H(X|Y) in conditions in which forward co-
occurrences (rows 4-8) as opposed to backward
co-occurrences (rows 1-4) were collected.

Next, we compared H(Y|X) across age
groups, shown in the second group of bars in
the left panels. The theoretical framework that
underlies entropy-maximizing contexts does
not make specific predictions here, but this set
of results are nonetheless valuable for better
understanding how lexical distributional pat-
terns change with age. We found that H( Y| X)
is overall lower and differences between age
groups are in the opposite direction compared
to H(X|Y) across all eight conditions. This is

across conditions, at 0.9. Given this constant proportion, columns corresponding to entropy-maximizing contexts were
more densely filled; this, in turn, means that their entropy is approaching the maximum theoretical value of the uniform

distribution.

11 Analyses of statistical significance are impractical if not unwarranted due to the fact that estimation of conditional
entropy produces a single value for each condition, and each condition is an independent experiment.
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Figure 3: Simulated differences in H( X|Y) between age group 1 and 2 based on theory. Each line shows
the expected relationship between the difference in H( X|Y) (age group 1 - 2) and the number of
entropy-maximizing contexts, given p. H( X]|Y) is the conditional entropy of pseudo-nouns, X,
given the contexts, Y, in which they occur. p is the additional proportion of total co-occurrences
that involve an entropy-maximizing context for age group 1 relative to age group 2. For instance,
when p = 0.00, the artificial co-occurrence matrices were generated identically, and only differed
in shape (650 rows and 2000 columns for age group 1; 680 rows and 2600 columns for age group
2; modeled after sub-corpus 1 and 2 in AO-CHILDES). In contrast, when p = 0.01, the total
number of co-occurrences that involve an entropy-maximizing context in age group 1 is 1% greater
relative to age group 2. Co-occurrence matrices were generated by randomly filling one of two
types of columns: Entropy-maximizing columns were filled by sampling from a random uniform
distribution; all other columns were filled by sampling from a pseudo-Zipfian distribution (which
does not maximize entropy as the number of observations increases).
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Figure 4: Comparison of conditional entropies between age group 1 and 2. Left panels are for nouns, and
right panels for non-nouns. The three factors punctuation, lemmatization, and context direction are
varied across rows. The y-axis units are bits.
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in agreement with the idea that sentence-final
nouns are difficult to predict and, as punctu-
ation becomes less frequent with age in AO-
CHILDES, nouns increasingly occur in non-
sentence-final positions with contexts that en-
able more accurate predictions.

Interestingly, the patterns we have so
far discussed also hold when tracking co-
occurrence statistics of non-nouns (shown in
the right panels of Figure [). Despite that
the entropy estimates are overall smaller, their
qualitative pattern across conditions is very
similar (except for a handful of exceptions)
compared to those observed for nouns. This
clearly demonstrates a corpus-wide shift in co-
occurrence statistics that extends beyond the
noun category, and could potentially influence
learning of many other lexical classes.

Opverall, the results of comparing H(X|Y)
and H(Y|X) across age groups show that,
when punctuation is left intact, over the course
of developmental time, it becomes increasingly
less difficult to predict nouns given their lexi-
cal contexts and increasingly more difficult to
predict lexical contexts that surround nouns.
More importantly, we have shown that a theo-
retical framework based on the idea of entropy-
maximizing contexts can account for the pat-
tern of age-related differences in H(X|Y) in
speech to children. The increase in syntactic
complexity associated with age, such as lexi-
cal and constructional diversity are all likely
to be involved in this shift, and cumulatively,
peel away the protective layers of entropy-
maximizing contexts that present nouns as a
more coherent category in children’s early lan-
guage input.

In order to have any effect, entropy-
maximizing contexts must be relatively rare - if
every context were entropy-maximizing, then
each column of the co-occurrence matrix would
be as minimally populated as possible, and
this would prevent contexts from actually max-
imizing their entropy. Indeed, our simulations
show that entropy-maximization in speech to
younger children only predicts our results un-
der a limited range of conditions, those in
which the number of entropy maximizing con-

28

text is kept relatively small relative to the total
number of contexts (approximately less than
10 contexts, see Figure ). This relates to our
previous finding that the age-related difference
in fragmentation disappeared when normaliz-
ing the co-occurrence matrices prior to anal-
ysis. Normalization removed differences in
the amount of total variance that each column
could account for, which could have eliminated
the potentially disproportionate contribution
of a potentially small set of contexts - those
that are entropy-maximizing.

VII. GENERAL DiscussioN

Language acquisition unfolds incrementally
over a time span covering many years from
infancy to early adulthood, and is accompa-
nied not only by changes in neural, cognitive,
and social development, but changes in lan-
guage input. This chapter addresses questions
of broad interest in language acquisition re-
garding the ways in which caregiver input
may be structured to scaffold the learning pro-
cess. In particular, our work emphasizes the
importance of viewing language acquisition
as an incremental learning problem. The in-
cremental nature of learning introduces novel
questions and problems that few researchers
have addressed in the past. For example, in-
cremental learning systems are vulnerable to
distribution shifts, that occur when language
samples are generated from a non-stationary
distribution. These distribution shifts are well
documented in the child language acquisition
Literature (Gallaway & Richards, 1994} Lieven,
1994; Montag et al., 2015; Pine, [1994; Richards,
1994; Snow & Ferguson, 1977), but are largely
ignored in most models of language learning.
In order to build more ecologically and devel-
opmentally plausible models of language ac-
quisition, we first require a better understand-
ing of the incremental organization of language
input. Toward that end, we presented a novel
technique for measuring qualitative shifts in
co-occurrence data across time, and applied
it to co-occurrence patterns of nouns in child-
directed speech.
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Our method is based on the notion of "frag-
mentation", which occurs when the context
word distributions of a lexical category, such as
nouns, are made less similar in terms of their
distributional co-occurrence statistics. It can
be helpful to think about different factors that
make the statistical regularities of nouns less
similar. These can be idiosyncratic phonologi-
cal and morphological factors (e.g. consonant-
initial nouns frequently co-occur with a and
vowel-initial nouns frequently co-occur with
an instead), but more often these are due to
syntactic and semantic constraints, resulting
in co-occurrence patterns that divide the noun
category into subcategories. These distribu-
tional patterns invariably reduce the similarity
between these subcategories, and thereby ob-
scure the fact that members of different sub-
categories are still members of the larger noun
category. In such a situation, a distributional
analysis may be able to identify only separate
sub-categories (fragments) of the larger noun
category rather than the noun category itself.
We have suggested this can be detrimental in
the early stages of language acquisition, during
which initial representations have the potential
for influencing (negatively or positively) later
learning.

Our novel analysis method revealed that
the distributional patterns within the noun
category is less fragmented in speech input
available to younger compared to speech input
available to older children. As we have de-
scribed, this fragmentation is disadvantageous
for the discovery of larger lexical classes from
co-occurrence data. To explain how speech to
younger children is less fragmented, we de-
veloped a hypothesis building on the idea of
anchoring (Cameron-Faulkner et al.,2003) (and
the closely related "slot entropy" discussed at
length by Matthews and Bannard (2010)). To
reduce fragmentation of the noun category -
inevitable in large corpora of natural language
data - nouns must repeatedly and systemati-
cally occur with a small subset of lexical con-
texts, which we termed entropy-maximizing
contexts. This is precisely what anchor points
do in speech to children. Working with a

model in which entropy-maximizing contexts
are allowed to "anchor" nouns in a small subset
of frequent contexts, we generated quantita-
tive predictions for the difficulty of predict-
ing which noun occurred given information
about its lexical context. The predictions of
this model aligned with the actual results ob-
served in child-directed speech. Overall, our
work supports the idea that 1) the noun cate-
gory is less fragmented in speech to younger
children, and that 2) entropy-maximizing con-
texts provide a strong theoretical framework
for understanding this difference in age-related
fragmentation.

I. Implications for theories and mod-
els of language acquisition

Our hope is that a better understanding of how
distributional regularities in speech to children
change across development sets the stage for
more developmentally plausible models of lexi-
cal category acquisition. In particular, there are
two age-related phenomena in the acquisition
literature which clearly illustrate the need for
models and explanations based on gradual and
scaffolded formation of linguistic representa-
tions. These two phenomena are progressive
differentiation, and the noun bias. We will
discuss each in turn.

I.1 Hierarchically-structured  Knowledge
and Progressive Differentiation

A number of factors have led researchers to
propose that semantic memory is organized
taxonomically, such as semantic organization
in recall from memory (Bower, 1970), category-
aligned systematic decline in memory perfor-
mance in patients with semantic dementia
(Warrington, [1975), and patterns of inductive
inference about semantic features and category
membership, both in development (Clark et al.,
1985; Keil, [1981) and adults (Collins & Quillian,
1969; Rips, [1975). These and other findings
have led cognitive scientists to propose a the-
ory of concept acquisition known as progres-
sive differentiation (Keil, 1981). According to
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progressive differentiation, superordinate con-
cept categories (e.g. fish vs mammal) are ac-
quired before finer-grained conceptual distinc-
tions (e.g. trout vs salmon). This idea received
much attention in the work by Rogers and Mc-
Clelland (2004), who demonstrated that a sim-
ple feed-forward neural network first learns to
differentiate between concept categories with
the least feature overlap, before distinguishing
concepts with greater feature overlap. This no-
tion was formalized by Saxe et al. (2019) who
plotted the learning trajectories of linear feed-
forward networks obtained from closed-form
solutions of their learning dynamics. Briefly,
Saxe et al. (2019) showed that the learning dy-
namics of the network used by Rogers and Mc-
Clelland (2004) is equivalent to progressively
encoding singular dimensions that account for
increasingly less variance in the mapping from
input to output. Importantly, those dimensions
that account for the most variance are learned
faster than dimensions accounting for less vari-
ance. The authors also showed that progressive
differentiation can account for many phenom-
ena from the child language acquisition litera-
ture, such as U-shaped learning and periods of
over-regularization.

Our work relates to this line of inquiry be-
cause it shows that language data itself - and
not just the learning strategy employed by chil-
dren or neural networks - may be organized to
facilitate progressive differentiation. It is possi-
ble that as of yet unknown but beneficial con-
sequences would result from combining learn-
ers that operate via progressive differentiation
with input that is itself scaffolded in a way that
supports progressive differentiation. Because
the distributional patterns of nouns provide
conflicting information about their member-
ship in the noun category vs. membership in
potentially numerous smaller sub-categories,
input that progressively reveals the existence
of finer-grained categories can help a learner
discover the complex subcategory structure in
a step-by-step fashion. An incremental learner
exposed to this kind of input could partially
avoid the interference between super- and sub-
ordinate category signals by discovering the
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statistics underlying each category at a time.

Our work also indicates that as children be-
come more familiar with broad linguistic dis-
tinctions such as part-of-speech, their language
environment gradually reveals finer-grained
distinctions that might otherwise slow learn-
ing at an early age. Our notion of entropy-
maximizing lexical contexts suggests that the
highly repetitive and simple constructions in
speech to younger children may play an impor-
tant role in concealing these finer-grained dis-
tinctions during the earliest stages of learning.
In this light, the benefit of anchor points and
other entropy-maximizing lexical contexts goes
beyond supporting specific linguistic abstrac-
tions (Cameron-Faulkner et al., 2003): Such
distributional cues could help learners avoid
complex hypotheses that are unproductive at
an early stage of acquisition or are costly to re-
vise. We think that novel insights can be gained
from conceptualizing language acquisition not
as a straight march towards abstract knowl-
edge, but as a process that uses abstraction as
a tool to shape and revise existing knowledge
and to make predictions about and organize
new information. Abstract linguistic knowl-
edge, such as lexical categories, need not be
considered as mere output of acquisition, but
also as stepping stones that support the forma-
tion of novel hypotheses, and, critically, help
a learner avoid certain inferences that might
otherwise lead them astray.

1.2 The Noun Bias

An important debate in the language acquisi-
tion literature which our work relates to is the
question of why nouns are among the most
early acquired category of words. For instance,
nouns pre-dominate in children’s early lexi-
con, and are much more frequently produced
than other word classes (Dromi, [1999; Gentner,
1978} Jackson-Maldonado et al., 1993 Nelson
et al., [1993). Further, children make fewer er-
rors related to nominal compared to adjectival
meanings, both in production and comprehen-
sion (Carey, |1982; Huttenlocher & Smiley, |1987;
Maratsos, [1988; Naigles & Gelman, [1995). Sim-
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ilarly, children as old as 4 years are much less
likely to correctly extend a novel word when
presented in an adjectival frame (e.g., this is a
daxy one) than when it is presented in a nom-
inal frame (e.g., this is a dax) (Au & Lafram-
boise, [1990; Imai & Gentner, [1997; L. B. Smith
et al., [1992). Overall, experiments in which
novel adjectives are taught to children often
produce less successful results and are often
more dependent on context than experiments
in which novel nouns are taught. To account
for these and many other related findings, col-
lectively pointing to the so-called noun bias,
many researchers have argued that children
have built-in expectations about how to map
words onto their referents. Most prominently,
Gentner (1982) proposed that children’s per-
ceptual systems are biased to pick out whole
objects as opposed to parts or properties which
are less readily individuated. If children are
endowed with systems that bias their percep-
tion towards whole objects, this would explain
their greater success in learning novel nouns
relative to other words that pick out properties
or actions.

A different line of work, more concerned
with age-related biases present in children’s
learning environments than those already
present at birth, has demonstrated that nouns
themselves are privileged. In speech to chil-
dren, nouns are more likely to occur in
utterance-final positions (Freudenthal et al.,
2013), in contexts with more high-frequency
words (Goldfield, 1993) relative to other classes,
and in contexts that contain more familiar
words (Cameron-Faulkner et al., 2003). More
strikingly, Aslin et al. (1996)) have shown that
when speaking to 12-month-olds, caregivers
are twice as likely to violate grammaticality
when placing a noun in utterance-final position
compared to talking to adults. This is strong
evidence that caregivers go to great lengths
to make nouns more salient when speaking
to their children. Some researchers interpret
such findings as a potential explanation why
children find it easier, initially, to learn nouns.
For example, Cameron-Faulkner et al. (2003)
pointed out that the fact that English-speaking

children hear nouns within syntactic contexts
that are much more consistent than those in
which they hear verbs, challenges competing
accounts of the noun bias based on cognitive
factors. Another example is the connection-
ist model of Gasser and Smith (1998) which -
without built-in perceptual biases - learned cat-
egories resembling nouns faster than it learned
categories resembling other word classes. Our
findings further support such claims by high-
lighting the privileged status of nouns in the
statistical structure of speech to children. Be-
cause the noun category is less fragmented
in speech to younger children, and nouns are
more likely to occur in entropy-maximizing
contexts that make individual nouns difficult
to predict, nouns may be easier, at first, to
discover and abstract from their distributional
contexts. Preliminary support for this claim
can be found in the work by Freudenthal et al.
(2016) who showed that a distributional learn-
ing system sensitive to age-related changes in
the lexical contexts of nouns was able to simu-
late the noun bias in children’s word learning
in the absence of built-in perceptual or concep-
tual biases.

II. Limitations and Future Directions

Our work has limitations that could be fol-
lowed up with further research. For instance,
we have examined a relatively restricted set
of lexical contexts. While we have examined
both forward and backward co-occurrences,
our analysis of context were limited to imme-
diately adjacent context words. Prior work
has shown that words are predictable at much
longer distances, including distances of at least
dozens of words (Bullinaria & Levy, 2007). We
have not included non-adjacent context words
because this opens up many questions about
the best way to represent those contexts. For
instance, should word order be preserved?
Should the representation context words be
adjusted in proportion to their distance to the
target word? Variations along these dimension
can make a large difference in the ability of dis-
tributional semantic models to capture perfor-
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mance on a variety of semantic tasks (Bullinaria
& Levy, [2007). Analyzing co-occurrences span-
ning greater distances would likely make analy-
ses of fragmentation more sensitive. For exam-
ple, Bullinaria and Levy (2007) showed that the
kinds of subcategory-specific co-occurrences
that would encourage fragmentation of the
noun category are more like to occur at greater
distances. This idea, combined with the fact
that sentence length and syntactic complexity,
factors that tend to contribute to fragmentation,
are more frequent in speech to older children
(Foushee et al., 2016; Hayes & Ahrens, 198§;
Kirchhoff & Schimmel, [2005), suggests that
our analysis is underestimating the extent to
which speech to younger children helps protect
against noun category fragmentation. Nonethe-
less, our results - using only limited context
information - provide an important existence
proof which we hope will motivate future work
on this topic.

However, our exclusion of context words at
greater distances has an additional, more sub-
tle, consequence: When using only information
about adjacent contexts, we cannot distinguish
between situations in which a signal that is
diagnostic of superordinate category member-
ship is truly absent, and situations in which the
same signal is present, but at a greater distance
from the target word. For instance, consider
the distinction between count vs. mass nouns,
the latter of which is signaled by the presence
of the context some X. Consider also sentences
(1.) and (2.) below, which both provide the
diagnostic signal some X for the mass nouns
juice and coffee.

1. Can I have some juice please?
2. [ want some more of that coffee!

The difference is that the diagnostic signal
in (2.) is not adjacent to the target word as in
(1.). Should this be counted as an example of
fragmentation of the mass noun category? One
could argue that it should not. But analyses of
contexts restricted to adjacent words are blind
to the possibility that category diagnostic sig-
nals - while absent nearby - may be present
elsewhere in the sentence.
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A second question for further research con-
cerns the relationship between fragmentation
and learnability. While the output of our frag-
mentation analysis is highly interpretable (par-
tially due to being bounded between 0 and
1), it is not necessarily the case that higher
fragmentation conclusively implies that a par-
ticular dataset is more difficult to learn from.
In the contrary, higher fragmentation could in-
dicate a rich set of hierarchical relationships
that do not necessarily obscure or eliminate
the discover-ability of the super-ordinate cat-
egory. In practice it is possible that the su-
perordinate category is perfectly signaled by
the presence of one or a small set of context
words, and all other context words simply en-
rich the superordinate category by signaling
finer grained distinctions. Put differently, frag-
mentation does not necessarily imply that the
statistical cues that underlie sub-ordinate cat-
egories occur at the expense of superordinate
category cues - different sets of cues can co-
exist without necessarily coming into conflict
with each another. The precise relationship be-
tween learnability and fragmentation would
require specifying formal learning models and
how they would handle these intermixed su-
perordinate and subordinate category cues.

This leads to a third potential avenue for
future research. While many of our corpus
analyses predict that distributional learning
systems would benefit by being trained in the
order in which children actually experience
language, in this chapter we did not actually
perform any simulations that demonstrate a
benefit for learning from less fragmented data
first. The idea that learning from input ordered
by increasing complexity may facilitate learn-
ing of lexical categories was first explored by
J. L. Elman (1993), who found that syntax acqui-
sition in an artificial grammar was only possi-
ble when training a recurrent network on input
that "starts small" in terms of the syntactic com-
plexity of sentences in the input. However, it
is not yet known whether this finding can be
replicated using larger, and more naturalistic
language corpora. We are currently testing this
prediction using computational modeling. Ad-
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ditionally, not every learning algorithm is likely
to benefit from input that is scaffolded in the
way we have demonstrated. For instance, batch
learning (non-incremental) algorithms can be
excluded on first principles, but what about
more subtle differences between incremental
learning systems, such as whether distributed
versus localist representations, or supervised
versus. unsupervised systems are used?

Another potential research direction is to
better characterize the source of fragmentation.
Does fragmentation in speech to older children
originate in linguistically relevant distinctions,
or is fragmentation simply the inevitable result
of the messiness of natural language - a com-
bination of the large vocabulary and the virtu-
ally infinite potential for combining words? In
other words, does the increase in fragmentation
over time actually reveal important syntactic or
semantic distinctions, or is fragmentation the
result of lexically-specific idiosyncrasies irrele-
vant to theories of semantic or syntactic devel-
opment? Similarly, what does the increase in
syntactic complexity in speech to children have
to do with fragmentation, if anything? Does
the age-related increase in syntactic complexity
drive fragmentation, or are the two indepen-
dent?

Our corpus analysis were purposefully re-
stricted to nouns in child directed speech be-
cause they are among the earliest learned
words and therefore the most likely candidate
for age-related fragmentation. However, our
analyses of the change in conditional entropy
of non-nouns in child directed speech suggest
that other word classes might be similarly influ-
enced by fragmentation. Toward that end, an-
other future direction is a more systematic sur-
vey of fragmentation that includes a broader
set of word classes. Such work has the poten-
tial to reveal whether age-related increase in
fragmentation is a noun-specific phenomenon,
and whether there are principled differences in
fragmentation between, for instance, function
words, and content words.

Because our methodology for evaluating
fragmentation is compatible with any co-
occurrence data, not just lexical co-occurrences,

it might be useful to apply our method for
quantifying fragmentation in other domains
in psychology (e.g. learning visual concepts).
Further, our method could be extended or em-
ployed in novel ways, such as for identifying
subsets of data that are particularly fragmented
(e.g. in a data pre-processing step). To make
our method more appropriate for analyzing co-
occurrence data which is discrete rather than
continuous, it would be useful to improve our
method with a matrix decomposition method-
ology other than standard singular value de-
composition, which respects the discrete na-
ture of co-occurrence data (Buntine & Jakulin,
2004).

Further, while we have developed and em-
pirically tested a hypothesis for explaining the
qualitative shift in the co-occurrence data in
speech to children, our explanation makes lit-
tle contact with questions about the psychology
and ecology of caregivers who are actually pro-
ducing the speech we have been examining.
Questions about the constraints on producers,
and the child-caregiver dyad are interesting di-
rections to pursue in the future. For example,
are caregivers purposefully avoiding certain
constructions when speaking to children, and
do they adjust the complexity of their speech
in accordance with the linguistic competence
of their child?

VIII. CoNCLUSION

While modeling efforts have greatly advanced
our understanding of the possible mechanisms
underlying learning from lexical context, most
work has disregarded the role that the slowly
changing language environment of children
plays in organizing and scaffolding language
acquisition. With rare exceptions (J. L. El-
man, [1993; Freudenthal et al., |2016; Hueb-
ner & Willits, [2018), most distributional mod-
els of lexical category acquisition are trained
without regard to the dramatic changes in lan-
guage complexity that accompany the period
between early infancy and school-age. In this
chapter, we demonstrated the non-stationary
aspect of child-directed speech in terms of age-
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related increase in fragmentation of nouns, and
developed a theoretical framework for under-
standing the qualitative shift in lexical distri-
butions that underlie age-related fragmenta-
tion. Our results have broad implications for
developmentally-plausible training of models
of language learning. For example, providing
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language input to incremental learning sys-
tems in the order in which children actually ex-
perience it, should endow learners with strong
inductive biases for navigating the complex co-
occurrence signals in natural language data.
As Aristotle said, “Well begun is half done.”
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