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Language as we know it, be it spoken or written, is always presented in linear
form; words are strung together like beads on a thread. This superficially linear
ordering of information, however, hides the latent information on paradigmatic
categories and hierarchical dependencies that constitutes grammar. In many languages, such relations are expressed by changing the form or the lexical environment of words. When, where and which marker is used and what these markers
express is a great challenge to first language learners. One such potent marker is
case, which indicates the roles in a sentence and how constituents relate to each
other in a hierarchical structure. How are the paradigmatic relations of a case system learned? How do children learn to adapt different forms to a desired context,
i.e., how do they learn to choose the appropriate case? How do they realize how
to code roles with a specific case and use the hierarchical dependencies among
constituents?
Children have been shown to extract information from the input they hear and
initially develop a language that is item-specific, where grammatical phenomena
are centered around specific lexical items (e.g., Lieven & Tomasello 2008; Goldberg 2006; Abbot-Smith & Tomasello 2006; Tomasello 2000; MacWhinney 1999).
Starting from item-specific learning, children must, however, be able to eventually
abstract grammatical categories, i.e., they must be able to use these grammatical
categories independent of the lexical items. A natural hypothesis about how this
is accomplished is that of a gradually emerging productivity of, for example, verbal inflections or case, starting from presumably rote-learned item combinations
found in the input (Ambridge & Lieven 2011).
As an instance, at an early age host-case combinations are learned item- specifically, e.g., a Turkish speaking child may learn radyoda as a chunk, although it can
theoretically be segmented into the host (the lexical element that case is attached
to) radyo and the locative case marker da. Only as the child grows to have more
language experience is the combination of the lexical item and case marker abstracted into “slots”, allowing for a potentially gradual increase in combinations.
At this stage, the child realizes that radyoda is made up of radyo and da and starts
applying the locative marker da to other hosts.
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Previous studies have focused on the lexically restricted use of constructions
in the earliest stages of acquisition, and only touched upon the consequent emergence of continuously more abstract structures during the later stages of acquisition. These studies have, indeed, found compelling evidence for lexically restricted use of transitivity (e.g., Theakston et al. 2001; Akhtar 1999; Tomasello
& Brooks 1998), determiners (Mariscal 2009; Kirjavainen et al. 2009; Pine &
Lieven 1997), verbal paradigms (Mueller Gathercole et al. 1999; Rubino & Pine
1998; Pizzuto & Caselli 1992; Berman 1982) and complex sentences (Diessel &
Tomasello 2005) in young children. There are fewer studies characterizing the
phase in which item-specific elements are generalized to rules. Dąbrowska (2000)
qualitatively investigated the development of interrogative structures in one English speaking child and found gradually more generalized structural schemata of
question formation. Mazara & Stoll (2019), in a quantitative study, found an increase in the variability of Russian past tense verb forms that are marked for aspect
as children grow older. Dąbrowska (2000)’s study cannot, however, be generalized due to its qualitative character and Mazara & Stoll (2019)’s results could also
be explained by vocabulary learning, i.e., the increase in variability in past verb
forms marked for aspect might simply derive from the acquisition of novel (and
thus item-specific) hosts.
We present here the first thorough empirical characterization of generalization from item-specific constructions to abstract schemata, in the context of the
acquisition of host-case paradigms.
On the one hand, studying this phenomenon in its general form requires relatively dense longitudinal samples of naturalistic data from languages with typologically different kinds of case systems. For these purposes, we rely on the
ACQDIV database (Moran et al. 2016). This database contains samples of childdirected and child-produced speech from maximally typologically diverse languages (Stoll & Bickel 2013b). We chose Chintang (Sino-Tibetan, Nepal), Russian (Indo-European), Japanese (Japanese), and Turkish (Turkic) (Chintang: Stoll
et al. 2015; Russian: Stoll & Meyer 2008; Japanese: Miyata 2012; Nisisawa &
Miyata 2010; Miyata & Nisisawa 2010; Nisisawa & Miyata 2009; Miyata & Nisisawa 2009; Miyata 2004a,b,c; Turkish: Küntay et al. Unpublished) due to case
prevalence and corpus size.
On the other hand, in order to test the hypothesis of a gradual generalization
of host-case combinations towards abstract schemata, we need a mathematical
model of how a case paradigm would evolve under this hypothesis and possible
alternatives.
We start by approximating such a model through simulations, by using conditional entropy as a measure of host-case variability (Study 1). The simulations
model the acquisition of a case paradigm according to different hypotheses (itemspecific or instant generalization, see Section 2) and serve to derive precise predictions from these.
In a second step (Study 2), we measure host-case variability in actual naturalistic acquisition data via conditional entropy in our 4 ACQDIV languages, and show
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that host-case combinations are gradually generalized towards abstract schemata
by comparing these patterns to those resulting from the simulations.
In the following sections we present conditional entropy, its relation to our
research question and we formulate our hypotheses. This is then followed by the
simulation study. Subsequently, we analyze host-case variability in naturalistic
data and conclude with a discussion on typological variables that may influence
case acquisition.
1. Measuring Case Productivity with Conditional Entropy
The information-theoretic entropy measure (Shannon 1948) has been used in
language acquisition studies to quantify the amount of predictability/variability
of probabilistic variables (e.g., Mazara & Stoll 2019; Lester & del Prado Martín
2016, 2015; Stoll & Bickel 2013a). Shannon (1948) defined entropy as
H(X) =

n
∑

P (xi )logP (xi )

i=1

where n is the number of distinct types and P(x) the probability of occurrence
of a type. If the probability of types is relatively uniform (i.e., all types are more
or less equally likely to occur), then this results in a relatively high entropy value.
Consequently if, for instance, the entropy of the hosts of a case is comparatively
high, this indicates a more variable use of hosts, or, equivalently, their low predictability. In terms of acquisition, an increase in entropy then implies that the
hosts of this case no longer consist of few predictable elements, but are used with
greater flexibility.
Following this intuition, we could, for example, track entropy of the hosts
of a specific case - say dative - in the development of a child. We may observe
that the entropy of dative hosts increases over time. However, such an increase in
entropy could cue two different phenomena. First, it might cue the extension of
known forms to the dative case, which would indicate gradual generalization (the
phenomenon we are after). However, it could also simply be due to vocabulary
learning, where a new noun is first acquired in the dative and used in the dative only
(the case-specific acquisition of hosts). In this case, entropy increases because a
larger number of hosts can now occur in the dative, but there is no true paradigmatic
generalization and only item-specific acquisition of hosts.
Since our interest lies in characterizing the flexibility of a case system as a
whole, that is, how the interaction between the relevant hosts of a language and the
possible case markers develop, it is more appropriate to use conditional entropy,
which quantifies the degree of variability in relation to two variables – in our case,
hosts and case.
More precisely, conditional entropy allows to quantify the predictability or
variability of cases when we know the hosts or, conversely, the variability of hosts
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when we know the cases. Conditional entropy then allows us to capture the variability of the two slots in host-case combinations conditional on each other, and
thus lends itself to the evaluation of item-specificity of such combinations (for
other uses of conditional entropy see Lester et al. 2018; Lester 2018).
Conditional entropy is calculated as follows. First, a case system is defined
by the two variables case and host and has the joint entropy:
H(case, host) =

∑

∑

P (x, y)log2 [P (x, y)]

x∈hosts y∈case

Joint entropy quantifies the overall variability of host-case combinations, and
is affected by factors such as vocabulary learning and the fact that certain hosts are
more likely to appear with certain cases for independent reasons (e.g., geographical
names are more likely to appear in a locative). Hence, we do not rely on joint
entropy directly as a measure of generalization.
To calculate the conditional entropy of cases given hosts, H(case|host), the
entropy of the hosts H(host) is subtracted from the joint entropy H(case, host):
H(case|host) = H(case, host) − H(host)
Intuitively, conditional entropy measures how much uncertainty is left about
the case-host distribution once the uncertainty in hosts is taken into account. If
this distribution is entirely accounted for by hosts, conditional entropy would be
0, indicating that the case distribution is entirely predictable by the hosts.
Due to the fact that conditional entropy is not symmetrical, both H(case|host)
and H(host|case) can be calculated and have different interpretations. H(host|case)
measures the entropy of hosts if the case is known. In other words, it measures the
average variability of hosts given the cases. Conversely, H(case|host) measures
the entropy of cases if the host is known, that is, it measures the average variability
of case marking across hosts, thus indicating case productivity.
We use H(case|host), that quantifies the variability of case marking for the
specific hosts. This is most informative, as the item-specificity hypothesis predicts
that hosts only appear in one (or very few) cases in an early stage of acquisition.
Only in the subsequent development hosts are marked more variably with different cases. Using H(host|case) is less informative, as it quantifies the variability
of hosts for the given cases. This measure is, again, not only affected by the generalization process that allows a specific host to be marked more variably for case
as the child grows older, but also by vocabulary learning.
Special attention was paid to the calculation of entropy, as entropy estimations according to Shannon’s original formula correlate with sample size (Paninski
2003; Carlton 1969; Basharin 1959). We use two recent entropy estimators, PYM
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and NSB (Archer et al. 2014; Nemenman et al. 2004), that are accurate even when
applied to very small sample sizes.1
2. Hypotheses
The null hypothesis, H0 , assumes that as soon as a host is acquired, it can
be used in all cases (Legate & Yang 2007; Yang 2004). According to this view, a
parameter [±CASE] is probabilistically set depending on the evidence in the input.
From a child’s point of view, case acquisition immediately amounts to learning
abstract rules that are not tied to specific lexical items. In effect, this (almost) full
combinatoriality of hosts and cases results in a constant value of H(case|host).
This number must be above zero, because case cannot be predicted by the hosts.
The null hypothesis thus is: H(case|host) shows a constant value above zero.
If, however, case acquisition proceeds by item-specific memorization followed by progressive generalization towards abstract schemata, we predict the following behaviour: In an early stage of acquisition, where host-case co-occurrences
are perfectly item specific, H(case|host) will be zero. This indicates that the predictability of case given a host is perfect. This is so, because each host type is
uniquely associated with only one case at this stage. When the child starts using
the same host in several cases, the predictability of case given hosts diminishes,
leading to an increase in H(case|host).
The alternative hypothesis, H1 , thus predicts: H(case|host) starts at zero and
is followed by a gradual increase.
3. Study 1: Simulating case acquisition
In order to ensure that our methodology can reliably distinguish between H0
and H1 and derive precise predictions from these hypotheses, we computationally
simulate case acquisition. These simulations assume different settings according
to the hypotheses: (1) any case may be used as soon as a host is learned (fullproductivity from start) and (2) case is first acquired item-specifically and then
progressively generalised. The exact procedure is illustrated in the schema.

1

The NSB estimator is a Bayesian estimator that takes an infinite mixture of Dirichlet
priors, with a parameter to be specified by the experimenter corresponding to the number
of types that can theoretically be observed. This estimator is accordingly well-suited to
estimate H(case), because we (generally) know how many cases a specific language has.
However, it is typically difficult to decide a priori the number of host types that a language could possibly have. We thus use the PYM estimator to compute H(host). This latter
method relies on a family of priors in countably infinite space with an agnostic cardinality
via the Pitman-Yor process. The choice to use both estimators is due to the fact that in our
simulations NSB more reliably corrects for sample size on samples with a low cardinality (number of unique observable types) and entropy values as we see in the CASE slot,
whereas PYM is more reliable on distributions with higher cardinality and entropy values.

677

Figure 1: Schematic representation of simulations
Both simulations start out with an assumed noun inventory of 185 types, which
is roughly expected from a three year old (e.g., Pérez-Pereira & Cruz 2018). In
order to create tokens from these types we multiply each with a number sampled
from a Zipfian distribution, which was chosen because it most closely reflects
word frequencies in natural language. This results in a sample of 185 nouns, as
they may be used in natural language.
After generating nominal tokens, the full-productivity hypothesis randomly
assigns one out of five cases to each nominal token (number of cases was chosen
arbitrarily). To recreate a corpus sampling procedure in the following step, between 0.6% and 0.8% of these tokens are sampled (this roughly corresponds to the
“real” samples of a corpus with 4 hours of recording per month). Case productivity is then calculated on this reduced set of host-case co-occurrences. In a final
step, the simulation learns 185 novel host types, which roughly corresponds to the
number of new hosts a child learns in a month (e.g., Pérez-Pereira & Cruz 2018).
At this point, the second cycle starts: The simulation now “knows” 370 types, and
iterates over the steps described starting by creating tokens from the 370 types and
then randomly assigning case and so on. This is repeated 30 times.
The item specific simulation on the other hand, creates the initial 185 hosts
case-specific, i.e., each host type is uniquely associated with one of five cases.
From these types of host-case combinations, tokens are created using the Zipfian
distribution. As before, a corpus-recording regime is then simulated by sampling
between 0.6% and 0.8% of the tokens, and case productivity is calculated on this
reduced sample. This procedure of strictly learning host-case combinations is repeated for 10 cycles to simulate the item-specific phase. Starting in cycle 11, an
additional step of case extension is added: After learning 185 novel host types,
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7% of the overall known types at this point are extended to another case, i.e., 7%
of host types can appear in one more case than initially learned2 . This cycle of
learning novel host types and expanding 7% of all learned hosts to a novel case is
repeated 20 times.
These simulations result in two patterns that visualize the exact prediction of
case productivity for each hypothesis (see top of figure 2).
4. Study 2: Cross-linguistic acquisition of case
4.1. Case Systems
In order to compare the simulated patterns to naturalistic data, we investigate
case acquisition in Chintang, Russian, Turkish and Japanese.
Chintang has the cases nominative, genitive, ergative, locative, directionalis,
commitative, modus, method, finalis and perlative, with various sub-cases especially in the locative. These cases are marked with bound morphemes, whose
shape is dependent on the phonological environment. Additionally, the nouns in
this language show polysynthetic morphology, which allows a host to be marked
by several cases at once. These constituents are, however, not as frequent as Chintang allows for subject and object dropping if they can be inferred from context (the
environment where they most frequently would occur) (Schikowski et al. 2015).
unambataŋbamubaŋa
unambataŋ
-bamu
house.of.parents.in.law -loc.down
’from the in-laws’

-ba
-loc

-ŋa
-erg.s

Japanese has 8 different cases: nominative, topical marker, genitive, dative,
accusative, lative, ablative and instrumental. In some cases a single noun may be
marked by a combination of two case markers. The cases are, however, regularly
marked via a post-nominal particle (Martin 2003).
densha de
train loc
On the train.
In contrast, Russian has the six cases nominative, accusative, genitive, dative,
locative and instrumental. There are three main declension classes that roughly
correspond to syntactic gender, with various sub-classes. Cases are marked with
a bound morpheme that marks case and number together (polyexponence), which
allows for 12 possible derivations of a single noun (Timberlake 2004). While the

2
As we are entirely agnostic about the rate of extension, several settings were tested.
We only show the setting with 7% of types being extended in each cycle.
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form of the host is (mostly) stable, the case markers vary greatly from one (sub-)
paradigm to another and forms are often subject to complete suppletion.

nominative
genitive

singular
chelovek
cheloveka

plural
ljudi
ljudej

Lastly, Turkish features the 5 cases accusative, dative, locative, ablative and
genitive that are derived via suffixation. This suffixation is defined by vowel harmony, i.e. the exact shape of the suffix is conditional on the vowel in the stem
(Göksel & Kerslake 2004), as shown on the locative.
radyoda
radio-loc
’on the radio’

sepette
basket-loc
’in the basket’

To summarize, these case systems differ in a number of variables that may influence acquisition: (1) number of cases, (2) pervasiveness in language (input), (3)
number of paradigmatic rules per case, (4) presence of phonological form adjustments, (5) number of case marker a host can take, (6) presence of polyexponence.
4.2. Corpora
Our language sample comes from the ACQDIV database (Moran et al. 2016)
that contains typologically diverse longitudinal child-language data. A summary
of relevant statistics on the used corpora can be found in the table.

Chintang
Russian
Japanese (1)
Japanese (2)
Turkish

Children
4
5
4
3
8

Age range
0;7 - 4;3.14
1;3.26 - 6;8.12
2;11.27 - 5;4.18
1;5.7 - 3;1.29
1;0.2 - 2;9.13

Recording rhythm
4h per month
1h per week
70min per week
40-60min per week
1h every 2 weeks

Environment
outside
home
home
home
home

All our corpora contain three or more children that have been recorded for
approximately 4h per month (except Turkish, 2h) and cover a total age range from
0;7 to 6;8.12. For Russian, Japanese and Turkish, the children were recorded at
home. Chintang children, however, spend most of their time outside in the presence of other children and were thus recorded in this environment.
4.3. Method
In order to gauge case productivity of speakers (both adults and children),
conditional entropy H(case|host) is calculated as described for each recording
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session. This value is cross-indexed with the child name and child age (of each
specific recording session), the language spoken and the type of speech (child or
child-directed speech).
We then use a linear Bayesian model (Bürkner 2018) to predict H(case|stem)
with a first order interaction between child age and type of speech (child or childdirected) and a main effect for type of speech. Additional random intercepts are
added for speaker, type of speech and language.
5. Results
We created simulations of a child’s use of case in order to derive precise predictions of the hypotheses. H0 predicts that children use case fully productively
from early on (Legate & Yang 2007; Yang 2004), whereas H1 suggests that caseuse is first constrained to lexically specific items, and is only subsequently gradually generalized (Lieven & Tomasello 2008).
The simulations (see figure 2) result in clearly distinguishable predictions: H0
results in constant case productivity, while H1 shows a constant increase in case
productivity after the item-specific phase.

Figure 2: Results of simulation (top) and cross-linguistic study (bottom).
The comparison between the learning trajectories in naturalistic longitudinal
data and those from the simulations reveals that the item-specific hypothesis with
subsequent gradual generalization best explains our results. The specific trajectories of the four typologically diverse languages all show a gradual increase of
case productivity, albeit following language specific trajectories: the Chintang
and Turkish case systems are acquired slower whereas Russian and Japanese ones
are acquired more rapidly.
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The results of the cross-linguistic regression analysis are summarized in Table
1. We predict case productivity, operationalized as H(case|host), with a first order
interaction between child age and type of speech (child or child-directed) and a
main effect for type of speech with additional random intercepts for speaker, type
of speech and language.
Table 1: Cross-linguistic Regression Analysis
Effects
Intercept
Child Speech
Child-directed Speech : Age
Child Speech : Age

Estimate

Est. Error

l-95% CI

u-95% CI

-0.05
-0.49
0.10
0.26

1.75
2.52
0.03
0.03

-3.46
-5.59
0.04
0.20

3.66
6.04
0.16
0.31

The point estimate for child speech shows that their case productivity is lower
than that for child-directed speech, although the 95% compatibility interval is extremely large. This point estimate serves as a sanity check, where the large variance is expected as there are huge cross-linguistic and inter-child differences. Interestingly, child-directed speech shows an increase in case productivity as children grow up. This may indicate that adults adjust their case use to the needs of
children, and use case more variably as children grow up. Most importantly, however, there is a statistically credible increase of case productivity in child speech
as children grow older. Tellingly, this increase is steeper in child than in childdirected speech, suggesting a convergence of child and child-directed speech in
terms of their case productivity.
6. Discussion
The use of item-specific structures in early child speech is well attested in the
literature. Children have to, however, become productive at some point. Here, we
show how a grammatical category like case evolves from item-specific constructions and slowly becomes productive.
In a first step, we derive precise predictions from the item-specific hypothesis with subsequent generalization versus the full-productivity hypothesis, using
simulations. Second, we investigate child case usage in four typologically diverse
languages: Chintang, Japanese, Russian and Turkish. Third, and finally, by comparing the results of the simulation with those of the cross-linguistic study, we can
show that the item-specific hypothesis followed by gradual generalization best explains our data.
While we do find cross-linguistic support for this hypothesis, children also
show language specific learning trajectories. These may be explained by a number
variables that influence the difficulty of abstracting a specific case system.
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Chintang, as an instance, features 14 different cases, allows subject and object
dropping, requires phonological form adjustments and can mark a single host with
several cases. In effect, these children have to learn 14 different syntactic roles
and their function, in a language where the environment that most frequently gives
direct evidence, is rather scarce due to the subject and object dropping. Moreover,
recognizing patterns that allow the recognition of case markers is difficult, as there
are phonological form adjustments that may hinder a case marker being recognized
as such, especially when they occur in concatenation with other cases. These could
be factors that may explain why Chintang case is learned comparatively late.
Similarly, Turkish case is also acquired relatively slowly. Contrary to Chintang that features many possible variables that may complicate the acquisition of
case, Turkish “only” features 5 cases that are marked with regular case markers.
However, the vowel (and in some cases the consonant) in these morphemes is
conditional on the phonological form of the host. The fact that Turkish case is
acquired comparatively late, may indicate that children are extremely reliant on
stable surface forms and struggle to recognize patterns if these are adjusted to the
surrounding phonological environment.
Compared to this, the 6 Russian cases are acquired relatively quickly. This
is interesting, as the Russian case system is rather complex: There are three main
declension classes that imperfectly correlate with syntactic gender, and contain
various sub-classes that contain many idiosyncrasies (e.g., indeclinable common
nouns, compounds, appositives, names) and irregularities (e.g., suppletion). However, the surface form of most morphemes is stable, as they do not show any phonological adjustments. This may indicate that the ability to recognize (stable) patterns is much more detrimental than pure number of case and/or paradigms and
their complexity.
Lastly, the Japanese system that contains 8 cases is also acquired rather quickly.
Although it contains more cases than Russian, this system is extremely regular and
would thus allow for easy recognition of surface patterns.
Overall then, the gradual abstraction of grammatical categories and specifically case, may be mitigated by a number of variables. A main detrimental factor,
however, that influences speed/ease of acquisition seems to be the ability to recognize surface patterns via the phonological forms of morphemes and words. To
further investigate typological effects, we plan a multi-variate regression analysis
with a number of typological variables. In doing this, we hope to sharpen our understanding of the mechanisms that children rely on to detect patterns in the input
and infer complex grammatical rules.
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