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1Department of Computer Science, University of Toronto, Toronto, Canada
*Department of Language Studies, University of Toronto Mississauga, Mississauga, Canada

Abstract

Much research has shown that lexical semantic systems are
shaped by a drive for efficient communication, which yields de-
sirable structure at the level of individual lexical categories (i.e.,
the semantic coherence of words). Less attention has been given
to what we call semantic systematicity: structural regularity that
exists across lexical categories, where different words make the
same semantic distinctions. We develop the first model of the ef-
ficiency trade-off that captures both category- and system-level
regularity using the same domain-general information-theoretic
underpinning. We also propose a stricter evaluation method for
comparing alternative formalizations of the efficiency trade-off.
Our model that integrates the pressures for category-level struc-
ture and semantic systematicity explains crosslinguistic varia-
tion better than previous approaches in two semantic domains,
shedding new light on how a pressure for efficiency shapes the
structure of language.

Keywords: efficiency; information theory; semantic typology

Introduction

A drive for efficient communication has been shown to con-
strain crosslinguistic variation in how languages use words to
carve up semantic domains into lexical semantic categories
(e.g., Gibson et al., 2019; Kemp et al., 2018). In this view,
languages optimally trade off between the two competing pres-
sures of simplicity and informativity. For example, Spanish
has separate pronouns for referring to the 2nd-person singular
(1) and plural (vosotros), while English uses a single word
(you) to cover both. Here, English is simpler, by minimiz-
ing the cognitive load on speakers (with a single word), but
Spanish is more informative, by enabling more precise com-
munication to listeners. This efficiency trade-off has been
shown to constrain crosslinguistic variation across a range
of domains (e.g., Chen et al., 2023; Kemp & Regier, 2012;
Regier et al., 2015; Xu et al., 2020).

Work on efficient communication has emphasized the role
of category-internal structure — how each word refers to a
contiguous (i.e., convex) part of the semantic space — in the
efficient representation and interpretation of the set of words
for a domain. Only recently has work also begun to explicitly
address the role of higher-level structure across categories
(Chen et al., 2023; Hallam, Jordan, et al., 2025), where dif-
ferent words consistently encode similar high-level semantic
distinctions — a property we call semantic systematicity.

Figure 1 illustrates semantic systematicity in the domain
of spatial deictic demonstratives. English is maximally se-
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Figure 1: Variation in semantic systematicity in the spa-

tial deixis domain. Green lines indicate consistent semantic
distinctions, red lines indicate inconsistent distinctions that
violate systematicity. Languages in orange are hypothetical.

mantically systematic: its words consistently distinguish the
Source orientation from Goal and Place, and the Near dis-
tance from Medial and Far (see the green lines in the figure).
In contrast, Unsystematic English makes different semantic
distinctions between Near and Medial/Far locations depend-
ing on the orientation (compare the red lines); this leads to a
kind of misalignment between the terms here/there and from
herelfrom there that is generally not seen in attested languages.

While many languages exhibit semantic systematicity, such
a pressure for higher-level structure cannot alone explain vari-
ation. First, not all real languages are maximally semantically
systematic; for example, see Czech in Figure 1, where the
red line indicates finer-grained distinctions for just one dis-
tance value. Moreover, if languages were only optimizing for
higher-level structure, then systems like those of Dhimal and
Non-Convex English in the figure should both be commonly
attested. However, Non-Convex English is highly unlikely,
as it lacks category-level structure: the words here and from
here refer to non-convex regions of space. This suggests that
pressures for both category-level structure and semantic sys-
tematicity constrain linguistic variation.

Despite its key role in supporting learnability, generaliza-
tion, and communication (Ackerman & Malouf, 2013; Hal-
lam, Jordan, et al., 2025; Kirby et al., 2015), semantic system-
aticity is rarely addressed in existing formalizations of efficient
communication. The influential Information Bottleneck (IB)
framework — as originally described in Tishby and Zaslavsky
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(2015) and Zaslavsky et al. (2018) — has not been shown to
account for structure above the level of individual categories.
Other approaches are better able to capture semantic system-
aticity, but are either difficult to generalize across semantic
domains (e.g., MDL-based approaches require a tailored de-
scription language for each domain; Kemp and Regier, 2012;
Xu et al., 2020), or lack a unified approach for explaining both
category- and system-level structure (Chen et al., 2023 [an
extension to IB]; Hallam, Jordan, et al., 2025).

Building on preliminary work (Aggarwal et al., 2026), we
present a novel information-theoretic account of crosslinguis-
tic variation that models both category- and system-level struc-
ture in a mathematically principled, domain-general manner,
couched in a generalized version of the IB framework (Slonim
et al., 2006). We also propose a novel evaluation framework
for comparing different formalizations of communicative ef-
ficiency that, unlike previous approaches, penalizes overly
permissive models. Using this evaluation framework, we find
that our integrated approach to the efficiency trade-off ex-
plains linguistic variation better than existing methods in two
domains: spatial deictic demonstratives (Chen et al., 2023)
and personal pronouns (Zaslavsky et al., 2021). Our find-
ings shed new light on how pressures for cognitive efficiency
interact to shape the structure of language.

Related Work

The Information Bottleneck (IB) framework (Tishby & Za-
slavsky, 2015; Zaslavsky et al., 2018) is a domain-general
formalization of the efficiency trade-off which encourages
appropriate category-level structure, in the form of convex
categories that group together maximally similar meanings
(Gérdenfors, 2000; Koshevoy & Szymanik, 2025).! How-
ever, the standard formulation of the IB trade-off has not yet
been shown to account for the cross-category regularities of
semantic systematicity. This is to be expected; while the
standard IB trade-off encourages grouping similar meanings
together, it does not seem to enforce grouping similar kinds of
meanings together consistently across the semantic space.
Minimum Description Length (MDL) approaches to effi-
ciency have the potential to account for category-level struc-
ture as well as semantic systematicity: in some description
languages, semantically systematic languages have a shorter
(simpler) encoding, achieving greater efficiency (Kemp &
Regier, 2012; Rissanen, 1989; Xu et al., 2020). However,
not all description languages capture semantic systematicity;
thus, the explanatory power of MDL approaches rests in the
choice of description language, which is often tailored to a spe-
cific domain. A desirable goal is to reliably capture semantic
systematicity in a more domain-general model component.
Some recent work on communicative efficiency has devised
alternative measures of the kind of system-level regularity we

'IB computes meaning similarity in the semantic space of refer-
ents; we measure convexity in this space as well. Recent work has
shown that IB may not encourage convexity if convexity is instead
measured in a meaning space that differs from the referent space
(Imel & Zaslavasky, 2026; Ranjan & Steinert-Threlkeld, 2026).

call semantic systematicity. Both approaches tap into the no-
tion of consistent splitting patterns across words illustrated
in Figure 1, in the domains of spatial deictic demonstratives
(Chen et al., 2023) and kinship (Hallam, Jordan, et al., 2025).
However, both measures lack a common theoretical grounding
with existing formalizations of the efficiency trade-off. Here,
we propose a domain-general, mathematically-principled for-
mulation of efficiency that captures both category- and system-
level structure in a uniform way.

Computational Framework

All relevant code and data can be found here: https://github.
com/jaikaggarwal/cogsci_2026_integrated_ib.

Background on Standard 1B

To build the intuition for our approach, we first review the IB
framework, which models the trade-off between simplicity and
informativity as an information-theoretic trade-off between
compression and prediction, respectively.

In IB, each meaning m € M, the set of all meanings, is a
noisy mental representation of an intended referent u € U,
the universe of all referents (i.e., |M| = |U|). The aim is
to compress the meanings M into a set of words W (where
maximum compression requires one word that refers to all
meanings), while ensuring the words are predictive of the ref-
erents U (where maximum predictiveness requires one word
per meaning). Compression is measured as I(M; W) — the
mutual information between meanings and words — which de-
creases with greater compression. The goal is to minimize
I(M;W); the more compressed the meanings are into words,
the simpler the system, as speakers need to remember fewer
bits of information. Prediction is measured as I(W;U) — the
mutual information between words and referents — which in-
creases with greater predictiveness. The goal is to maximize
I(W; U); the more predictive words are of referents, the more
informative they are to the listener. Languages are optimal if
they are as informative as possible at a given level of simplicity
(or vice versa). The goal then in IB is to minimize:

Jip = 1(M;W) - BI(W;U) (D

The trade-off is parameterized by (3, a language-specific bias
for prioritizing informativity over simplicity in the domain.
Higher 8 values may arise due to increased cultural impor-
tance for precise communication in a domain, leading to finer-
grained (less compressed) categories (Zaslavsky et al., 2020).

Capturing Semantic Systematicity

As previously mentioned, the IB framework is unable to cap-
ture semantic systematicity: higher-level regularity in how
words map to meanings across the system. We propose ac-
counting for such regularity by considering higher-level se-
mantic features that capture semantic distinctions relevant
to a language. For example, Figure 1 shows that English
consistently distinguishes nearby locations (using here and
from here) from others (using there and from there). Us-
ing higher-level features Near = {Near} and Not NEArR =
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Figure 2: Generalized IB: Bayes graphs and their mutual information terms for each model we consider. Orange variables have
language-independent relationships with meanings M (in grey). Purple variables represent language-specific compressions of
another variable. Grey arrows represent relationships that are constant with respect to the compression problem, red arrows
(and text) represent compression relationships, and blue arrows (and text) represent predictive relationships.

{Medial, Far}, we can see that English is systematic because
its words are informative about these higher-level semantic
distinctions. However, the words in a less systematic lan-
guage, like Czech or Unsystematic English in Figure 1, cannot
be consistently mapped to any such higher-level features.

As in Standard IB, this intuition can also explain linguistic
variation as a simplicity/informativity trade-off, but one that
operates over higher-level features instead of referents. For
example, languages like Dhimal in Figure 1 may prioritize be-
ing informative about distance more than English, leading to
finer-grained semantic distinctions along this dimension (this
effect is analogous to having a higher S value in the IB frame-
work). However, this gain in informativity requires Dhimal
speakers to trade off simplicity, as they need to remember a
larger set of higher-level semantic features (one per distance
level). While this intuition broadly mirrors the structure of
the Standard IB trade-off, accounting for the relationships be-
tween meanings, words, features, and higher-level features
requires a more general modelling framework.

Formalizing Systematicity with Generalized 1B

Here, we present a theoretically-grounded model that draws
on the Generalized IB (GIB) framework (Slonim et al., 2006),
which can account for probabilistic dependencies between
larger sets of variables than Standard IB. GIB formalizes the
problems of compression and prediction using two Bayes
graphs:  Geompress Specifies the compression problem, and
G predgic: specifies the predictive information to be maintained
after compression. In generalizing Standard IB, the efficiency
trade-off here requires minimizing (G compress) While maxi-
mizing I (G predict), Where I(G) is simply the sum of the mutual
information terms between each variable and its immediate
parent in G (Slonim et al., 2006). This is modelled as the
following minimization problem, which generalizes the Stan-
dard IB objective in Eq. 1, with constraint 5 again capturing
the language-specific importance of prediction (informativity)

over compression (simplicity):
JGIB = I(Gcompress) - IBI(Gpredict) (2)
Slonim et al. (2006) show how Standard IB can be derived
in this framework. As seen in Figure 2a, Gompress Specifies
the Standard IB compression problem: each language com-
presses meanings M into words W (see red arrow), where
meanings M have a universal mapping to referents U (see
grey arrow), which is constant with respect to compression.
The total information (G compress) is thus I(M;W). G pregict
specifies that after compression, words W should retain as
much information as possible about the referents U. The total
information I(G predic:) is 1(W; U). Substituting these values
into Eq. 2 yields the Standard IB objective function in Eq. 1.
We can now turn to Figure 2b, which illustrates our model
that optimizes semantic systematicity. Here, G compress Speci-
fies three kinds of relationships. First, analogous to the map-
ping in Standard IB of meanings M to referents, here meanings
have a universal mapping to their n component features; i.e.,
each m € M maps to the value it has in semantic dimension
Fi. Giompress also specifies two language-specific compres-
sions: of meanings M into words W (as in Standard IB), and
of each dimension F; into a set of higher-level features Zr,. In
line with the intuition presented earlier about these high-level
features, Gpredicr specifies that words W should be as infor-
mative as possible about Z, 2 Substituting 1 (G compress) and
I(Gpredict) for these graphs into Eq. 2 yields our Systematic
IB model (Aggarwal et al., 2026):
n

Jsip = I(M;W)+ZI(Fi;ZF,;)—ﬁZ IW;Zg) Q)

I(G('Umprfxs) I(Gpredirt)
As a concrete example of how this model captures semantic
systematicity, consider the spatial deixis domain, character-

ized by F; = D(istance) and F, = O(rientation); here, we

2This use of mutually informative clusters (W and Zr) can be
seen as an instance of co-clustering (Kemp et al., 2006).
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Figure 3: The grey boxes list all possible clusterings of fea-
tures F into higher-level features Zr on each feature dimen-
sion. The optimal Zr for English and Non-Convex English
on each feature dimension is shown in red boxes.

focus on the distance dimension D. In the universal mapping
between M and D, each meaning has the same feature value
across languages (e.g., m = Near+Goal always maps to the
feature d,, = Near). The main difference across languages
is how they compress D into Zp, as exemplified in Figure 3.
The red boxes in the Zp column show that English and Non-
Convex English differ in the higher-level features that best fit
their set of words W. As the words in both languages predict
their higher-level features perfectly, they both optimize Eq 3,
which only captures the pressure for semantic systematicity.
Importantly, only English would also optimize the Standard
IB equation Eq. 1, as Non-Convex English has poor category-
level structure, with words covering disjoint semantics.

Integrating Category Structure and Systematicity

Given that lexical semantic systems have been shown to ex-
hibit both category-level structure and semantic systematicity
(Chen et al., 2023; Hallam, Jordan, et al., 2025), we pro-
pose a novel model that can account for both pressures simul-
taneously, by integrating the Bayes graphs for Standard 1B
and Systematic IB; see Figure 2c. Substituting the relevant
I(G compress) and I(G predic:) terms from the graphs in Figure 2¢
into Eq. 2, and introducing a new parameter « (explained just
below), gives rise to our Integrated IB model:

Jup =1(M; W) + ZI(Fi;ZF,-)—
:

1 (Gcnmpres.v )

BLL =) [(W;U) +a[ ). I(W: Zp)]]l ()

I(Gpr«diz't)

Here, given a fixed number of bits to compress the system,
languages should be maximally predictive about both referents
(promoting category-level structure) and higher-level features
(promoting semantic systematicity). A question then arises of
whether a pressure for one kind of structure plays a greater role
in driving crosslinguistic variation. To quantify this, we intro-
duce the parameter « in Eq. 4. While Slonim et al. (2006) only
consider 8, which captures the importance of prediction over
compression, the introduction of @ helps isolate the impor-
tance of the kind of information to be predicted. Specifically,

do languages prioritize finer-grained prediction about individ-
ual referents (indicated by a lower «) or higher-level semantic
distinctions (indicated by a higher @)? We assume that « is
constant across languages to investigate the extent to which
there is a universal cognitive preference for semantic system-
aticity. We also explore whether varying a across semantic
domains reveals domain-specific biases towards systematicity.
Note that Integrated IB yields Standard IB and Systematic
IB at the extreme values of @ = 0 and « = 1, respectively.’

Evaluation Framework

To assess whether the efficiency trade-off constrains linguis-
tic variation, prior work tests whether attested languages are
closer to optimal than a set of hypothetical systems on aver-
age (e.g., Zaslavsky et al., 2018, 2021). However, a model
can meet this standard while being underconstrained: it may
assess a large number of hypothetical (i.e., unattested) lan-
guages as near-optimal. We propose an evaluation in which
an apt set of constraints should find both that attested systems
are near-optimal (i.e., have high recall), and that near-optimal
systems are truly attested (i.e., have high precision).*

Formally, we first compute a language’s deviation from
optimality €;, where e, = ming é [JL - J;], and J;; is the
objective function value achieved by a maximally optimal lan-
guage at a particular 8 (Zaslavsky et al., 2018).> To capture
precision and recall, we frame the efficiency trade-off as a
binary classification task, where systems within a certain de-
viation from optimality € are classified as positive (expected
to exist), and the rest are classified as negative (not expected to
exist). Near-optimal attested systems are true positives, while
near-optimal hypotheticals are false positives. We then pro-
duce precision-recall (PR) curves by computing the precision
and recall values for each model at increasing values of €.

To explore whether category-level structure or semantic sys-
tematicity plays a more important role in shaping linguistic
systems, we produce PR curves for J;;p with @ values in the
range [0, 1]. We compare model performance both by (1)
visually comparing PR curves (better curves have higher pre-
cision across a large range of recall values, leading to higher
arches), and (2) quantitatively comparing the best F1 score
of each model across its PR curve. If models with higher «
values achieve better PR results, this suggests that systematic-
ity plays a more important role in explaining variation than
category-level structure.

3Ata = 0, Jyzp is minimized when each I(F;; Zr,) = 0 (as there
is no longer a pressure to maximize I(W; Zr,)), yielding J;5.

4Qur evaluation may be overly strict, as some near-optimal hypo-
theticals may correspond to realistic languages, but are simply not
attested. In ongoing work, we are analyzing the naturalness of near-
optimal hypotheticals as a way to balance this evaluation approach.

>We do not compute the theoretically optimal curve; we approx-
imate €7 using the set of most-optimal systems in each case study.

®Bruneau—Bongard et al. (2025) recently proposed a similar eval-
uation framework, using ROC curves instead of PR curves. PR curves
are more appropriate in settings like ours, and others (e.g., Chen et
al., 2023; Kemp & Regier, 2012), where the number of negative
examples far outweighs the number of positive examples.
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Figure 4: Spatial Deixis. (a) PR curves for Integrated IB at various values of @ (¢ = 0 and @ = 0.1 overlap). The simplicity-
informativity trade-offs are visualized for (b) Standard IB (@ = 0) and (c) the best performing model, Integrated IB at @ = .9.

Spatial Deictic Demonstratives

Our first case study aims to explain crosslinguistic variation
in the domain of spatial deictic demonstratives (cf. Figure 1).
Chen et al. (2023) provide preliminary evidence that seman-
tic systematicity constrains variation in this domain. Here,
we show that our theoretically-grounded model accounts for
attested variation better than both Standard IB and the model
used by Chen et al. (2023) (referred to as Chen IB below).

Model Instantiation Standard IB requires two probability
distributions: the need probabilities p(m) (the relative fre-
quency of needing to refer to each meaning), and the meaning-
referent mapping p (u|m) (the probability that a meaning rep-
resents a particular referent). p(u|m) is defined such that it
captures the similarity between referents in a semantic space
(Zaslavsky et al., 2018). We define p(m) and p(u|m) as in
Chen et al. (2023) for all three models.

Chen IB extends Standard IB with the term S[W : M],
defined as the number of distinct higher-level patterns a lan-
guage exhibits in each feature dimension. For example, in
Figure 1, Unsystematic English has two distinct patterns in
the Distance dimension, while English only has one. Adding
S[W : M] to Eq. 1 penalizes less systematic languages, but
loses the information-theoretic grounding of Standard IB.

Our Integrated IB model captures semantic systematicity in
a more integrated manner by instantiating the J;;p formula in
Eq. 4 with F; = D(istance) and F, = O(rientation); Figure 3
shows the possible Zp and Zp compressions.

Data We consider 193 of the languages used by Chen et al.
(2023), drawn from typological data compiled by Nintemann
et al. (2020).” We compare the efficiency of these systems to
the exhaustive set of 21, 147 hypothetically possible partitions
of the space of 9 meanings.

Analyses & Results We compare the explanatory power of
the Integrated IB model at 11 values of @, evenly spaced across
[0, 1]. If semantic systematicity plays a meaningful role in

"We removed 27 languages from Chen et al. (2023), as they
contained N /A values that can misrepresent a language’s structure.

shaping linguistic variation, then the best PR performance
should occur when « is substantially higher than 0.

Figure 4a provides evidence in favour of this. We see that
as « increases, the PR curves steadily improve (i.e., have
higher-arches) suggesting that languages are optimizing for
semantic systematicity. However, languages do not seem to
purely optimize for semantic systematicity, as the best results
are achieved when o = .9 in Integrated IB (best F1= .91),
indicating that a slight pressure for category-level structure
remains. The lowest precision occurs when0 < @ < .1 (@ =0
is the Standard IB model, best F1= .51). Figure 4b shows that
under Standard IB, the attested systems are fairly close to
optimal, but a large number of hypotheticals are near-optimal
as well. Conversely, Figure 4c shows that when prioritizing
semantic systematicity within Integrated IB (@ = .9), far fewer
hypotheticals are considered as near-optimal as the attested
systems, thereby increasing precision.

While Chen IB (dashed line in Figure 4a; best F1= .80)
exhibits a much better PR curve than Standard IB, it performs
worse than our Integrated model when .5 < @ < 1. Manual
inspection reveals that this occurs because their semantic sys-
tematicity term S[W : M] outweighs the Standard IB trade-
off. This captures semantic systematicity at the expense of
convexity, a key property of attested categories.

To show that our model simultaneously captures both con-
vexity and semantic systematicity, we perform a follow-up
analysis: for each model, we explore whether attested and
hypothetical languages that are closer to optimal are more
convex by computing the Spearman correlation between each
language’s deviation from optimality (er) and its convexity
(computed using the method of Steinert-Threlkeld and Szy-
manik, 2020). We find that our best model, Integrated IB at
a = .9, captures convexity (with p = —.60) almost as well as
Standard IB (p = —.64), and much better than the Chen IB
model (p = —.20); all correlations are significantat p << .001.

Taken together, these results demonstrate the explanatory
power that our Integrated IB model obtains over previous
work by simultaneously accounting for both category-level
structure and semantic systematicity.’

8In general, we find that our model captures convexity (and thus,
category-level structure) well across domains.
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Figure 5: Personal pronouns domain. a) Example systems. Green and red lines can be interpreted as in Figure 1. b) PR curves
for Integrated IB at various values of @ (@ = 0 and @ = 0.1 overlap). See code repository for simplicity-informativity trade-offs.

Personal Pronouns

Here, we turn to the domain of personal pronouns, illustrated
in Figure 5a. While Zaslavsky et al. (2021) show that attested
pronoun systems exhibit optimal category-level structure us-
ing Standard IB, we aim to show that our Integrated IB model
(which also captures semantic systematicity) readily general-
izes to this domain, and can better account for the data.

Model Instantiation We derive the need probability distri-
bution p(m) from data released by Zaslavsky et al. (2021) (see
their paper for details). To define the meaning-referent map-
ping p(u|m), we adapt the Egocentric model from Zaslavsky
et al. (2021), modelling grammatical number as a three-
valued ordinal feature (singular, dual, plural), but simplify-
ing the representation of grammatical person to the two fea-
tures they found to be important: those that indicate the pres-
ence/absence of the speaker and addressee (see Figure 5a).”

To capture semantic systematicity within Integrated IB, we
instantiate the formula in Eq. 4 with F; = S(peaker), F, =
A(ddressee), and F3 = N(umber).

Data Weuse the dataset compiled by Zaslavsky etal. (2021),
of 10 person systems from well-documented languages across
various language families. We also follow the same procedure
as in their work to generate our 2101 hypothetical systems.

Analyses & Results We investigate whether models with
higher values of @ (indicating a greater pressure for semantic
systematicity) achieve better PR curves than the Standard IB
model (o = 0). Figure 5b illustrates that our Integrated IB
model again shows better PR results than Standard IB; the PR
curve is worst when 0 < @ < .1 (best F1= .22), and improves
as @ increases until .6 < @ < .8 (Figure 5b shows @ = .7, best
Fl1= .67). This suggests that semantic systematicity plays
an important role in determining the structure of pronoun
systems, though to a lesser extent than in the domain of spatial
deixis (where @ = .9); we expand on this in the Discussion.

Defining p(u|m) as in previous work yields similar results.

Discussion

We develop a novel information-theoretic objective function
that jointly captures pressures for category-level structure and
semantic systematicity in a theoretically-unified framework.
In two semantic domains, we find that both pressures are
necessary to best explain patterns of crosslinguistic variation,
providing a more complete view of how a drive for cognitive
efficiency shapes lexical semantic systems.

The explicit weighting of the two pressures in our model
(using the parameter @) revealed that semantic systematicity
played a weaker role in pronouns than in spatial deixis. This
raises the question of why domains might differ in their re-
liance on systematicity. For our two domains, we suggest this
difference may be due to social forces counteracting system-
aticity, given that pronouns communicate a speaker’s relation
to others. For example, English became less systematic over
time when it lost the distinction between second person singu-
lar and non-singular (as seen in Figure 5a), likely due to social
pressure to use the formerly non-singular you to convey polite-
ness to a single addressee (Dury, 2011). This illustrates how
social factors may need to trade-off against cognitive factors
in efficiency analyses (cf. Aggarwal et al., 2024).

Another key next step is to extend the efficiency trade-off
to account for compositionality (Gibson et al., 2019), where
parts of word forms systematically convey particular seman-
tic distinctions. For example, in Figure 1, Dhimal might be
considered simpler if we analyze it at the level of morphemes,
as it systematically reuses the suffix -so to convey the Source
orientation. Though such reuse has been shown to support
efficient communication in principle (Hallam, Kirby, et al.,
2025; Kirby et al., 2015), compositionality has yet to be in-
tegrated directly into the efficiency trade-off. Our model has
the potential to capture compositionality by means of an ad-
ditional layer in the Bayes graphs: analogously to how we
imposed additional organization on the semantics side, by
compressing features into higher-level semantic distinctions,
we can also augment the Bayes graphs to relate word forms to
their component pieces. In this way, our model could extend
the efficiency trade-off to jointly capture similar processes
over both meaning and form.
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