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Abstract

Phoneme frequency distributions exhibit robust
statistical regularities across languages, includ-
ing exponential-tailed rank-frequency patterns
and a negative relationship between phonemic
inventory size and the relative entropy of the
distribution. The origin of these patterns re-
mains largely unexplained. In this paper, we
investigate whether they can arise as conse-
quences of the historical processes that shape
phonological systems. We introduce a stochas-
tic model of phonological change and simulate
the diachronic evolution of phoneme invento-
ries. A naive version of the model reproduces
the general shape of phoneme rank-frequency
distributions but fails to capture other empiri-
cal properties. Extending the model with two
additional assumptions —an effect related to fre-
quency and a stabilising tendency toward a pre-
ferred inventory size— yields simulations that
match both the observed distributions and the
negative relationship between inventory size
and relative entropy. These results suggest that
some statistical regularities of phonological sys-
tems may arise as a result of diachronic sound
change instead of —or in addition to— explicit
optimisation or compensatory mechanisms.

1 Introduction

The frequency distributions with which different
phonemes occur in a language can provide insights
into the nature, representation, and processing of
human language. Nevertheless, despite its im-
portance, only a handful of studies have investi-
gated the nature of these distributions; most inves-
tigated these distributions from a macroscopic (in
the sense of Mandelbrot, 1957) perspective, consid-
ering the shape of the rank-frequency plots (Sigurd,
1968; Good, 1969; Martindale et al., 1996; Martin-
dale and Tambovtsev, 2007; Macklin-Cordes and
Round, 2020; Moscoso del Prado Martin and Sal-
han, 2026).

Recently, it has been reported (Moscoso del
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Prado Martin and Salhan, 2026) that —at both
macro- and microscopic levels of description—
phoneme frequency distributions exhibit detectable
effects consistent with the ‘Compensation Hypoth-
esis’ (Hockett, 1955; Martinet, 1955). This hy-
pothesis predicts that increased complexity in one
domain of language is offset elsewhere in the lan-
guage. Several studies had previously found evi-
dence for this hypothesis involving balancing as-
pects of the phonological system with other aspects
of language structure (Moran and Blasi, 2014; Pi-
mentel et al., 2020, 2021). It is, however, remark-
able that compensation is already detectable by
examining the unigram phoneme frequency distri-
butions alone.

An important related question has received little
attention: How do phoneme frequency distributions
arise in diachronic terms? In particular, one could
also ask whether what appear as compensation ef-
fects might in fact be unexpected consequences
of the historical processes that have shaped the
phoneme inventories. This would open the possibil-
ity of compensation phenomena being epiphenome-
nal, rather than the result of any actual optimisation
process. Inspired by the predictions of Evolution-
ary Phonology (Blevins, 2004), Ceolin and Sayeed
(2019) and Ceolin (2020) introduce a stochastic
split-and-merger model of sound change in which
phoneme inventories evolve through repeated split-
ting and merging events. Their simulations show
that statistical patterns commonly associated with
phonological markedness can emerge from simple
diachronic processes, without assuming marked-
ness as a primitive property of phonological sys-
tems. In a similar vein, in this study, we introduce a
model of phoneme change based on Hoenigswald’s
(1965) typology of phonological changes. We use
this model to investigate whether two simple di-
achronic principles —frequency and a stabilising
tendency in phoneme inventory size— are sufficient
for generating both the observed phoneme rank-
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frequency distributions and the negative relation-
ship between phonemic inventory size and relative
entropy.

In what follows, we first describe the empiri-
cal properties of phoneme frequency distributions
that our model aims to explain (Section 2). We
then introduce a stochastic model of phonological
change (Section 3). We examine three incremental
versions of the model of increasing complexity: a
naive baseline (Section 3.3), a version incorporat-
ing effects related to frequency (Section 3.4), and
a model further introducing a central tendency in
phonemic inventory size (Section 3.5). We show
that the latter reproduces both the observed rank-
frequency patterns of phoneme frequencies and
the negative relationship between phonemic inven-
tory size and relative entropy, suggesting that these
macroscopic patterns may arise as natural conse-
quences of diachronic phonological dynamics.

2 Properties of Phoneme Distributions

Exponential tails: Contrary to arguments for
power-law distributions of phonemes (Sigurd,
1968; Martindale et al., 1996; Martindale and
Tambovtsev, 2007; Ceolin and Sayeed, 2019; Ce-
olin, 2020), phoneme frequency distributions ex-
hibit rank-frequency plots typical of exponential-
tailed distributions (Good, 1969; Macklin-Cordes
and Round, 2020; Moscoso del Prado Martin
and Salhan, 2026): In the double-logarithmic
plane, the right tails of these distributions fall
abruptly, quickly deviating from the straight lines
that are characteristic of power-law-tailed distribu-
tions (e.g., word frequency distributions; Condon,
1928). These patterns are illustrated in Figure 1a for
the 166 languages of Macklin-Cordes and Round’s
(2020) dataset of Australian language varieties,!
and for the 107 languages in the NorthEural.ex
database (Dellert et al., 2019).

Correlation between phonemic inventory size
and relative entropy: In a recent study,
Moscoso del Prado Martin and Salhan (2026) re-
port that —across the world’s languages— there is a
negative correlation between a language’s Phone-
mic Inventory Size (PIS), and the relative entropy
(Shannon, 1948) of its phoneme distribution. The
entropy of the phoneme distribution is an indi-

'Downloaded from https://zenodo.org/records/
4104116 on May 1, 2025.

2v0.9, downloaded from the LexiBank Project at https:
//github.com/lexibank/northeuralex on March 3, 2026.

cator of the per-phoneme informational content
of a language (Cherry et al., 1953). Generally
speaking, increasing the PIS increases the potential
value of the distribution’s entropy. However, the
reduction in relative entropy attenuates the effect
of increasing the PIS on the inventory’s entropy,
as would be predicted by the Compensation Hy-
pothesis (Hockett, 1955; Martinet, 1955). This is
illustrated in Figure 1b. The figure plots the nega-
tive correlation between PIS and relative entropy
across the languages in the Australian languages
and NorthEuralex datasets mentioned above. Note
that this relation is rather robust, it is present on
the Australian language dataset —which was one of
the datasets used by Moscoso del Prado Martin and
Salhan—, however, the relation also extends to the
NorthEuralex languages —not used in the previous
study. In fact, as shown in the figure, the precise
prediction made by Moscoso del Prado Martin and
Salhan (dashed line in the figure) extrapolates into
the NorthEuralLex observations remarkably well.

3 Modelling Phonological Change

3.1 Phonological changes

Phonological changes (also known as phonemic
changes) are diachronic changes within a lan-
guage’s system of contrastive sounds. Such
changes go beyond mere shifts in pronunciation,
which are referred to as phonetic changes. They af-
fect the oppositions among phonemes, and may re-
sult in changes to a language’s phoneme inventory:
Contrasts may arise, disappear, or be reorganised,
resulting in a restructuring of the language’s sound
system.

Phonological changes can be of different types.
Using Hoenigswald’s (1965) systematisation, we
can distinguish between three main types: Primary
splits (also known as conditioned mergers) occur
when some instances of a phoneme A become an
already existing phoneme B in particular contexts.
In these cases, the number of phonemes remains
the same, but their distribution changes. Secondary
splits (also known as phonemic splits) occur when
some instances of A become a new phoneme B.
Changes of this type result in new contrast being
created. In turn this increases the size of phone-
mic inventories. Finally, unconditioned mergers
(also known simply as mergers) occur when all in-
stances of phonemes A and B collapse into a single
phoneme A. In these cases, a contrast is eliminated
and the number of phonemes decreases. Note that,
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Figure 1: (a) Rank-frequency plots (note the log-log scale) for the phoneme frequency distributions across
the languages in Macklin-Cordes and Round’s (2020) dataset of Australian language varieties, and those in
NorthEuraLex. Each line plots one language. (b) Relationship between PIS and relative entropy for the languages
in Macklin-Cordes and Round’s (2020) dataset of Australian language varieties, and those in NorthEural.ex. Each
point plots one language. The solid line plot a log-linear regression, and the shading plots its 95% C.I.. The dashed
line plots the relation as predicted by Moscoso del Prado Martin and Salhan (2026).

within this classification, there is no specific type
for phoneme losses; these are just considered un-
conditional mergers with a zero phoneme.

3.2 The general model

Consider language at a particular time point
T in its history. It uses V, distinct con-
trastive phonemes 7y, ma,...,my,. The prob-
abilities with which each phoneme occurs in
the language at time 7 are given by the vec-
tor p, = {p-(m1),pr(m2),...,pr(7v,)}, where
ZZVQ pr(m;) = 1. Time is treated as a discrete se-
quence of phonological changes c,. Each change is
of one of three types: primary split (p), secondary
split (s), or merger (m). Formally, ¢, is sampled
at each time step from the alphabet ¥ = {p, s, m}.
Time intervals are defined so that each contains
exactly one change event.

‘We construct stochastic models in which, at ev-
ery time point 7, the change type c; is sampled
randomly from 3, with probabilities P;(p), P-(s),
and Pr(m), so that P-(p) + P-(s) + P;(m) = 1.
Independently, a phoneme m; € {m1,...,my, }is
sampled (according to some predefined scheme,
details below) as the target of change. In the case
of primary splits and mergers, a second phoneme
7; is also sampled, representing the phoneme to-
ward which 7; shifts (primary split) or with which
it merges (merger). In addition, a proportion param-
eter o € (0, 1] is sampled to determine how much
probability mass is transferred between phonemes.

We assume «; is uniformly distributed, reflecting
the fact that phonological changes can affect con-
trasts to varying degrees.

The three types of changes are defined as trans-
formations on the probability vector:

Primary split: a proportion «; of p(m;) is reas-
signed to an existing phoneme 7;:

PT+1(7Ti) = (1 - aT)pT(ﬂ-i)’

(D
pT+1(7Tj) = pT(Trj) + a; pr(m;).

For 0 < a, < 1, the inventory size remains
Viv1 = Vi if ar = 1, m; disappears and V1 =
V:—1.

Secondary split:
ated by splitting 7;:

a new phoneme 7y, 1 is cre-
-+

pT+1(7Ti) = (1 - O‘T)pT(ﬂ-i)v
pT+1(7TV-,-+].) = Qr pT(ﬂ'i)-

(@)

ForO<oa, <1,V =Ve4+1Lifa, =1, m
disappears and V1 = V;

Unconditioned merger:
m; collapse completely:

two phonemes m; and

p‘r+1(7rj) = p‘r(ﬂ-j) + p'r(ﬂ-i)a (3)

and 7; is removed, therefore V1 = V. — 1.
Over time, this process generates stochastic tra-

jectories both in inventory size V; and in the in-

ternal distributional structure of the phonological
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system (the probability vector). As we show be-
low, the method by which the change probabilities
P;(p), P-(s), and P;(m), the choice of phonemes,
and the a, are chosen at each time point can sub-
stantially affect the behaviour of these models. In
summary, this model treats phonological change
as a stochastic process redistributing probability
mass across phonemes while allowing contrasts to
be created or eliminated.

3.3 Simulation 1: a naive model

As a baseline, we simulated the basic model in Sec-
tion 3.2, using its simplest instantiation. We consid-
ered constant equal probabilities P-(p) = Pr(s) =
P.(m) = 1/3 for all timepoints 7. At each time
step, the phonemes involved in the change (7; and
7; in the notation above) were randomly sampled
from the current phoneme inventory with uniform
probabilities (i.e., any phoneme was equally likely
to be chosen), and the proportion of phonemes in-
volved in the change («;), when necessary, was
sampled from a uniform [0,1] distribution. We sim-
ulated the evolution of 400 distinct languages, each
for 1,000 time steps. Initially, all languages were
set to uniform distributions of 34 phonemes (this
number was taken as the approximate mean PIS for
the world’s languages according to PHOIBLE 2.0;
Moran and McCloy, 2019).

As shown in Figure 2a, even this naive simu-
lation already generates rank-frequency patterns
resembling those observed in empirical phoneme
distributions (Figure la). This is so even when
all distributions started out as uniforms. However,
examining the simulated distributions in more de-
tail reveals crucial differences with real phoneme
frequency distributions. Figure 2b plots the corre-
lation between (log) PIS and the relative entropy
of the distribution, which is significant (Pearson’s
r = .47, p < .01). However, this goes in exactly
the opposite direction than it did in real phoneme
distributions: Whereas simulated data show a pos-
itive correlation, in actual distributions it is neg-
ative. This difference indicates that, in order to
capture the properties of phoneme frequencies, our
diachronic models need to consider further details.

3.4 Simulation 2: considering frequency

Simulation 1 was too naive in assuming that all
phonemes are equally likely to take part in phono-
logical change. This is in fact known not to be the
case. The Functional Load Hypothesis —tracing
back to Gilliéron (1918)— proposes that phonolog-

ical contrasts that distinguish many words (i.e.,
have high functional load) are less likely to be
lost through sound change, whereas contrasts that
contribute little to lexical differentiation are more
prone to merger (for details see, Hockett, 1955,
1967). This hypothesis has received empirical sup-
port (Wedel et al., 2013a,b). Our models are too
coarse-grained to explicitly consider a direct mea-
sure of functional load (see Surendran and Niyogi,
2003). We can however, indirectly take it to ac-
count to some degree: Wedel et al. (2013b) showed
that —in general— a phoneme’s functional load is
positively correlated with its frequency of occur-
rence.

In order to take phoneme frequency into consid-
eration, we ran new simulations. As before, we
considered constant equal probabilities Py (p) =
P.(s) = P;(m) = 1/3 for all timepoints 7, and
the proportion of phonemes involved in the change
(ar), when necessary, was sampled from a uniform
[0,1] distribution. Again, we simulated the evolu-
tion of 400 distinct languages, each for 1,000 time
steps. Initially, all languages were set to uniform
distributions of 34 phonemes.

This time, however, at each time step, the
phonemes involved in the change were randomly
sampled from the current phoneme inventory with
different probabilities. The phonemes that would
be split or merged into another one (i.e., the
phonemes whose probabilities are decreased in
Equations 1, 2, and 3) were sampled with proba-
bilities directly proportional to their surprisals (i.e.,
less frequent phonemes were sampled more often).
On the other hand, the phonemes whose probabil-
ities would increase (in Equations 1 and 3) were
sampled uniformly (i.e., all phonemes are equally
likely to be chosen). In this way, we have increased
the probability that the less frequent phonemes are
lost in historical change.

The resulting distributions retain the characteris-
tic shape of phoneme rank-frequency curves ob-
served in real languages, albeit with a substan-
tially increased variance; the introduction of the
frequency bias causes a rich-get-richer effect, re-
sulting in many extremely skewed distributions
with close to zero relative entropies (see Figure 3a).
The modification did not fix the incorrect sign
of the PIS—relative entropy correlation (Pearson’s
r = .68, p < .01; see Figure 3b).
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Figure 2: (a) Rank-frequency plots (note the log-log scale) for the final phoneme frequency distributions in
Simulation 1. Each line plots one language. (b) Relationship between PIS and relative entropy for the final
distributions in Simulation 1. Each point plots one simulated language. The solid line plots a log-linear regression,

and the shading plots its 95% C.I..
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Figure 3: (a) Rank-frequency plots (note the log-log scale) for the final phoneme frequency distributions in
Simulation 2. Each line plots one language. (b) Relationship between PIS and relative entropy for the final
distributions in Simulation 2. Each point plots one simulated language. The solid line plots a log-linear regression,

and the shading plots its 95% C.I..

3.5 Simulation 3: adding a central tendency

Simulation 2 still presents two problems with re-
spect to actual phoneme frequency distributions.
First, it does not show the correct relationship be-
tween PIS and relative entropy. By itself, this
might not be so much of a problem. It could
very well be that this correlation truly arises as
a consequence of actual compensation. Indeed,
Moscoso del Prado Martin and Salhan (2026) find
that such correlation could be explained microscop-
ically by compensation at the level of phonotactics,
by which languages with larger inventories tend
to have phonemes that appear in more predictable
contexts. As our models do not include any mi-
croscopic details on phonotactics, it could be the

case that we are not able to model the emergence
of compensation.

Second, and more critically, in Simulations 1 and
2, PIS values evolve as random walks on the posi-
tive integers. At each step, the step size probabili-
ties depend on the probabilities of the three change
types. In the idealised case in which 0 < a; < 1
almost surely,

Vi = Ve = AV,
P(AV; =0) = P-(p),
P(AV: = +1) = Pr(s),
P(AV, = 1) = P, (m).

If a; can take the boundary value 1, primary splits
and secondary splits may also reduce or preserve

“)
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Figure 4: Convergence of the PIS in the simulations. The blue and orange lines respectively plot the maximum and
minimum values at each time point across the 400 simulated languages. The solid green lines plot the mean PIS at
each time point, the dashed green lines are the predicted mean p, and the shaded areas contain 95% of the runs in

each of the simulations.

V., through elimination of the source phoneme.
Moreover, mergers are only defined when V.- ex-
ceeds a minimal value, which induces a reflecting
constraint at small inventories. Whether this ran-
dom walk has a stationary mean or it has a drift
depends on the specific values of the different pa-
rameters. However, as long as the probabilities
P;(p), P:(s), and P-(m) remain constant in time,
the variance of V_ is bound to increase with time.
As a consequence, in this situation, as time goes
on, there is no limit to the size that V, can take,
and the minimum goes all the way down to two
phonemes.? The resulting random walks for Simu-
lations 1 and 2 are summarised in Figure 4. Notice
that in both simulations, even after 1,000 time steps
the ranges of PIS values keep increasing without
any upper bounds.

This property is not desirable for a model of
phonological change. First, there is no evidence
that the range of values in the PIS is increasing
with time in the world’s languages. Previous work
has noted that the number of phonemic contrasts
across languages is concentrated within a relatively
narrow range. Extremely small or large invento-
ries are rather rare (Maddieson, 1984; Anderson
et al., 2023). For instance, according to Phoible
v2.0 (Moran and McCloy, 2019), the minimum
value of the PIS is that of some variants of Ro-
tokas, which may have as few as eleven contrasts
(if vowel length is not considered), and the max-
imum is capped at the 160 contrasts attributed to
East Taa. Were the range of PIS left to increase
freely in an unconstrained random walk, we would
expect more extreme values to be observed among
thousands of languages. Also as a result, as can be

>This was set as a hard limit in the simulations, as it
wouldn’t make any sense to have languages with a single
contrastive phoneme.

appreciated comparing Figure 1a with Figures 2a
and 3a, the variability in the lower rank phonemes
is substantially larger in the simulations than in the
real language data.

The only way of avoiding such growing variance
of the V7 is to make the P values dependent on the
value of V- itself. We assume there is some optimal
value of V., which we denote by . The further V;
is from p, the less likely it should be to get even
further. From Equation 4 we see that Py (s) should
decrease in value when V; > p, and in turn, when-
ever V; < p, it is P;(m) that should be lowered.
We implemented this adaptive strategy using ex-
ponential functions, implementing a smooth bias
toward p while preserving positive probabilities,

Pr(p) = k(lT)
P.(s) = k:(lr) e(h=Vr)/n -
P.(m) = k’(lT) e(Vr—n)/u

We modified Simulation 2 to include the adaptive
scheme above, with ;4 = 34 (the mean PIS across
the world’s languages). As before, we simulated
400 languages for 1,000 time steps. Figure 4 shows
that the simulations have now converged in terms
of maximum, minimum and range of values of the
PIS.#

Figure 5a plots the rank-frequency distributions
of the simulated inventories. Notice that the vari-
ability on the lower ranks has considerably de-
creased in relation to Simulations 1 and 2 (compare
with Figures 2a and 3a), the distributions are more

“Note that, as seen is the results of Simulations 1 and 2,

convergence in terms of the shape of the rank-frequency plot
is achieved in all cases, whether the PIS has converged or not.
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Figure 5: (a) Rank-frequency plots (note the log-log scale) for the final phoneme frequency distributions in
Simulation 3. Each line plots one language. (b) Relationship between PIS and relative entropy for the final
distributions in Simulation 3. Each point plots one simulated language. The solid line plots a log-linear regression,
and the shading plots its 95% C.I.. (c¢) Sensitivity analysis as for parameter ;: mean and standard error of the
Pearson correlation coefficient between PIS and relative entropy for different values of  across ten simulations for

each of the p values.

similar to those observed in real languages (com-
pare with Figure 1a). Most crucially, as Figure 5b
plots, a significant negative correlation between
PIS and relative entropy has now emerged (Pear-
son’s 7 = —.12, p = .02). In short, both of the
problems in the previous simulations have been
solved by introducing the central tendency. Ad-
mittedly, this is a very slight correlation, substan-
tially weaker than that obtained for real languages.
Nevertheless, it is quite robust: Repeating the sim-
ulation 100 times resulted in a negative r value
every single time (7 = —.15 &£ .005), and these
correlations reached significance in 78 out of the
100 runs. In addition, as shown by the sensitivity
analysis summarised in Figure Sc, this negative cor-
relation seems to arise irrespective of the value of
the central tendency parameter .

One could fit the different simulation parame-
ters to make the resulting values match human lan-
guages more closely, but this is not necessary for
the general patterns to arise. Remarkably, the nega-
tive relationship between PIS and relative entropy
can arise without any actual compensation mech-
anisms being involved. In our simulations, it is
just an unexpected side effect of the interaction
between phonological changes, and a central ten-
dency towards a specific number of contrasts. In
this sense, what appears as compensation could in
fact be epiphenomenal.

4 Discussion

The simulations presented here show that sev-
eral macroscopic properties of phoneme frequency
distributions can arise from relatively simple di-
achronic mechanisms. In particular, stochastic

phonological change acting on phoneme invento-
ries naturally generates rank-frequency distribu-
tions with exponential tails similar to those ob-
served in real languages. Such distributions arise
naturally from the historical processes that contin-
ually reshape phonological systems. Our results
should be interpreted as providing a generative ex-
planation for the statistical patterns. The goal of the
models is not to capture all mechanisms involved in
phonological change. Rather, we test whether sim-
ple diachronic processes are sufficient to generate
the observed macroscopic regularities of phoneme
frequency distributions.

Naive versions of the model fail to capture impor-
tant empirical patterns. In particular, they predict
a positive relationship between phonemic inven-
tory size (PIS) and relative entropy —contrary to
the findings of Moscoso del Prado Martin and Sal-
han (2026)— and they produce unbounded variation
in inventory sizes over time. Introducing a cen-
tral tendency in the evolution of PIS substantially
improves the models. This constrains the random
walk behaviour of inventory size, producing sta-
tionary dynamics that are more consistent with the
observed range of phoneme inventories across lan-
guages.

Not including a central attractor —as in Simu-
lations 1 and 2, or in the models of Ceolin and
Sayeed (2019) and Ceolin (2020)- results in phone-
mic inventory sizes that are too broadly distributed.
Instead, our assumption of a central tendency in
phonemic inventory size is consistent with previous
research on phonological systems. Typological sur-
veys have long noted that the number of phonemic
contrasts across languages is concentrated within

144



a relatively narrow range, with extremely small or
extremely large inventories being rare (Maddieson,
1984; Anderson et al., 2023). At a theoretical level,
models such as Adaptive Dispersion Theory pro-
pose that phonological systems evolve under com-
peting pressures for perceptual distinctiveness and
articulatory economy, which tend to produce stable
configurations of contrasts (Liljencrants and Lind-
blom, 1972; Lindblom, 1986; Lindblom and Mad-
dieson, 1988). From this perspective, a stabilising
tendency in the evolution of phonemic inventories
can be interpreted as a coarse-grained reflection
of underlying pressures shaping phonological sys-
tems. Our model does not attempt to represent
these mechanisms explicitly, but instead captures
their aggregate effect through a simple probabilistic
bias toward a preferred inventory size.

5 Conclusion

Taken together, these results suggest that some sta-
tistical properties of phonological systems may
emerge from the interaction of diachronic pres-
sures —in line with the results of Ceolin and Say-
eed (2019) and Ceolin (2020). In particular, the
negative relationship between PIS and relative en-
tropy was previously interpreted as evidence for
compensatory organisation within the phonologi-
cal system (Moscoso del Prado Martin and Salhan,
2026). However, it could also arise —perhaps in
part— as a by-product of stochastic sound change
operating under a stabilising tendency toward a
preferred inventory size. In this possibility, rather
than balancing complexity across organisational
tiers, compensation might arise in diachronic time
from balancing pressures between perception and
articulation. This does not rule out the possibility
that genuine compensatory mechanisms between
tiers could exist. However, it highlights the impor-
tance of considering whether apparent optimisation
effects may instead reflect epiphenomenal conse-
quences of the dynamics of sound change, much
in the spirit of Evolutionary Phonology (Blevins,
2004, 2019).
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