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Abstract

This paper provides a vector space characteri-
zation of regular transductions. We use finite
model theory to characterize objects like strings
and trees as relational structures and origin
graphs to characterize input-output relations
generated by transducer. We show detailed pro-
cesses of using multilinear maps as function
application for evaluation to compile regular
transductions characterized by MSO definable
origin graphs into a tensor embedding.

1 Introduction

The mathematical theory of automata provides a
way to explicitly tie the complexity of linguistic
patterns to specific claims about memory organiza-
tion and thus provides an direct way of measuring
the cognitive demands of language. Transducers,
i.e. automata that produce outputs beyond “yes”
or “no”, have been around since the beginnings
of automata theory, and have a long history in lin-
guistics and NLP for modeling the complexity of
various linguistic processes (Mohri, 1997; Heinz,
2018; Roark and Sproat, 2007).

One particular class of interest is the regular
transductions, which generalize the class of regular
languages. Regular languages are one of the most
well-studied objects in computer science, character-
ized by regular expressions, finite-state automata,
and statements in Monadic Second-Order logic,
among others (Thomas, 1997). Linguistically, the
regular class has been shown to sufficiently charac-
terize phonological and morphological phenomena
(Kaplan and Kay, 1994; Rawski et al., 2023; Dola-
tian et al., 2021).

The regular transductions have become far better
understood in recent years. Engelfriet and Hooge-
boom (2001) showed that MSO-transducers, a log-
ical model of transducers studied in the general
context of graph transductions (Courcelle, 1994;
Courcelle and Engelfriet, 2012), exactly character-
ize the transductions realized by two-way transduc-
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ers. A model of one-way transducers with registers,
called streaming string transducers, has also been
shown to capture the same class of transductions,
which were then called regular functions (Alur and
Cerny, 2010).

This paper considers logical characterizations of
regular functions over structures that are defined
using finite model theory. Model theory has been
used for comparisons of particular grammatical
theories in phonology and syntax (Rogers, 1998;
Pullum, 2007; Graf, 2010), and for studying the
nature of linguistic structures and processes them-
selves (Heinz, 2018; Payne et al., 2016). Linguistic
structures like strings and trees are modeled us-
ing relational information which holds among the
elements characterizing a particular structure.

It is of interest to see how these models may be
characterized in vector spaces. Vector space ap-
proaches to language and symbolic cognition in
general have become increasingly popular during
the last two decades. There is work dealing with
conceptual spaces for sensory representations (Gar-
denfors, 2004), multilinear representations for com-
positional semantics (Blutner, 2009; Aerts, 2009),
and dynamical systems for modeling language pro-
cesses (Beim Graben et al., 2008; Tabor, 2009).

One particularly significant contribution in this
area is Tensor Product Representation (Smolen-
sky, 1990). Here, subsymbolic dynamics of neural
activation patterns in a vector space description
become interpreted as symbolic cognitive compu-
tations at a higher-level description by means of
“filler/role" bindings via tensor products. These
tensor product representations form the symbolic
foundation of Harmonic Grammar and Optimality
Theory, and have been successfully employed for
phonological and syntactic computations (Smolen-
sky and Legendre, 2006).

Tensor methods and (sub)regular gram-
mars/automata have been used to evaluate and
interpret neural networks (Rabanser et al., 2017).
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McCoy et al. (2018) showed that recurrent neural
networks (RNNs) implicitly encode tensor product
representations, and Strobl et al. (2023) survey
work using regular languages to test transformer
language models. Nelson et al. (2020) used regular
string transductions to test the generalization
capacity of RNNs, finding that they failed to
successfully learn them unless explicitly given
machinery which enabled them to approximate the
underlying two-way finite-state transducer.

There has also work on embedding logical cal-
culi using tensors. Grefenstette (2013) introduces
tensor-based predicate calculus that realizes logical
operations. Yang et al. (2014) introduce a method
of mining Horn clauses from relational facts repre-
sented in a vector space. Serafini and Garcez (2016)
introduce logic tensor networks that integrate logi-
cal deductive reasoning and data-driven relational
learning. Sato (2017) formalizes Tarskian seman-
tics of first-order logic in vector spaces. Rawski
(2019) employed Sato’s method to translate model-
theoretic representations and languages definable
in first-order logic (the star-free and locally thresh-
old testable sets) into tensors. This paper extends
that work to consider transductions.

2 Transductions as origin graphs

Model theory, combined with logic, provides a
powerful way to study and understood mathe-
matical objects with structures (Enderton, 2001).
This paper only considers finite relational mod-
els (Libkin, 2004).

Definition 1. A model signature is a tuple S =
(D; R1, Ry, ..., Ry,,) where the domain D is a fi-
nite set, and each R; is a n;-ary relation over the
domain.

In this paper, the relations are at most binary.

Definition 2. A model for a set of objects M is
a total, one-to-one function from M to structures
whose type is given by a model signature S.

The flexibility gven by model-theoretic repre-
sentations allows them to consider many things as
objects, including relations between inputs and out-
puts. Bojanczyk (2014), attempting to solve the
problem of how to decide whether two transduc-
ers generate the same input-output pairs, created
a novel way to describe transductions as model-
theoretic structures by using an origin mapping.
Informally, an origin mapping, which is a total func-
tion from output positions to input positions show-
ing which input position(s) are used for a given

output symbol. Bojaniczyk et al. (2017) directly
considered this relation between inputs and outputs
as a structure, called an origin graph, for which
they defined the corresponding idea of an origin
transduction.

Definition 3. (Bojariczyk et al., 2017) An origin
string-to-string transduction (origin transduction
for short) consists of an input alphabet ¥, an out-
put alphabet 1, and a set of origin graphs over
these alphabets specifying the input position used
to produce each output position.

An origin graph with input w and output v con-
sists of:

* The domain which is the disjoint union of po-
sitions in w and positions in v;

* Two binary predicates for the successor rela-
tions in w and v;

* a binary predicate, the origin mapping, which
is a total function from output position to input
positions;

* a unary predicate for each a € ¥ U T which
identifies positions with label a.

a— p —a
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Figure 1: Visualizations of two string-to-string trans-
ductions differing only on the origin mapping.

Consider two transductions from the input string
aba to the output string abaaba visualized in fig. 1.
In addition to the pair of input and output string
(aba — abaaba) involved in the transduction, the
origin input position of each output position differ-
entiates origin transductions, especially in terms of
their recognizability by automata (see e.g. Dolatian
et al., 2021). In fig. 1, input positions are denoted
by circles. Output positions are denoted by squares.
And the arrows from an output position to an in-
put position represents the origin information of
the output position. The upper figure can be seen



as the result of reduplication computed by a two-
way automaton which goes back-and-forth over the
input.

Origin graphs present an intriguing way to take
concepts used to define classes of formal languages,
and apply them to transductions by considering
them as structures. This has a history in linguis-
tics, namely through evaluations of phonological
ideas. Various recent works have used formalisms
resembling origin semantics to discuss Correspon-
dence Theory (Payne et al., 2016) and rewrite-rule
interaction (Meinhardt et al., 2024).

3 Logical Languages and Transduction
Classes

Usually a model signature provides the vocabu-
lary for some logical language .#, which contains
N constants {eq, ..., en}. Following notation of
Sato (2017), amodel M = (D, I) is thus a pair of
domain, a nonempty set D and an interpretation I
that maps constants e; to elements (entities, indi-
viduals) I(e;) € D and k-ary predicate symbols
to k-ary relations I(r) C D¥.

An assignment « is a mapping from variables x
to an element a(z) € D. It provides a way of eval-
uating formulas containing free variables. Syntac-
tically terms mean variables and/or constants and
atomic formulas or atoms r(t1,...,%;) are com-
prised of a k-ary predicate symbol r and k terms
t1,...,tx some of which may be variables. For-
mulas F' in . are inductively constructed as usual
from atoms using logical connectives (negation —,
conjunction A, disjunction V) and quantifiers (3, V).
First-order formulas allow only quantification over
elements. Monadic Second-Order (MSO) formulas
additionally allow countably many second-order
set variables X,Y,... with x € X, which can
be quantified over VX, 3X. In this case, a is a
mapping from set variables variables X to a set of
elements a(X) € D.

Sentences in this logical language define sets
of strings/trees as follows. The language of a for-
mula F' is all and only those graphs whose models
satisfy F. For any formula F, [F], ., € {1,0}
and when [F]; , = 1, we write M E, I to mean
the model satisﬁes F'. However when F' is closed,
since [F7]; , does not depend on the assignment a,
we just write [F'] and M E F if F is true in M.

There are several well-known connections be-
tween logical statements and languages classes.
Most famous is Biichi (1960)’s result that lan-

guages characterizable by finite-state machines, the
regular languages, are equivalent to statements in
Monadic Second-Order Logic over the precedence
model for strings (and successor, since precedence
is MSO-definable from successor).

Courcelle (1994) lifted the idea of MSO to trans-
ductions, creating the MSO-definable analog of
the regular languages. Engelfriet and Hoogeboom
(2001) showed an equivalence between MSO-
transducers and two-way transducers (where the
read head can move back and forth on the in-
put). Later, Alur and éerny (2010) showed an-
other equivalence with streaming string transduc-
ers (where the two-way read head is replaced with
a finite number of registers), giving the following
result:

Theorem 1 (Engelfriet and Hoogeboom, 2001;
Alur and Cerny, 2010; Courcelle, 1994). A trans-
duction is regular iff it is realized by a 2-way
Deterinistic Finite-state Transducer or an MSO-
transducer or a Streaming String Transducer.

This convergence of results led to particular prob-
lems of deciding whether a given transducer is
equivalent to another one, or whether two transduc-
ers compute the same string relation in the same
way. This is analogous to the concept of weak ver-
sus strong capacity in linguistics (Miller, 1999).
Bojanczyk et al. (2017), using the origin graphs
defined earlier, showed another characterization:

Theorem 2. (Bojariczyk et al., 2017) Let G be an
origin transduction, i.e., an input alphabet, an out-
put alphabet, and a set of origin graphs over these
alphabets. G is a regular function (recognized by
a streaming string transducer) iff:

bounded origin: there is some m € N such that in
every origin graph from G, every input position is
the origin of at most m output positions;
k-crossing: in every origin graph from G, every in-
put position is crossed by at most k output positions
(An output position j crosses an input position i if
the origin of j is no greater than i, and either j is
the final output position, or the successor of j has
its origin greater than i.);

MSO-definable: there is an MSO formula which is
true in exactly the origin graphs from G.

The main goal of this paper, extending Rawski
(2019), is to characterize the origin graphs with
these properties via tensor calculus in order to em-
bed transductions in vector spaces.



4 Tensor Representations of Logical
Constraints

We first want to show how to embed a model do-
main and signature into a vector space, using ten-
sors to encode relational information. We then
show how the ingredients of a logical language
(specifically, First-Order and Monadic Second-
Order logics) translate to operations over tensors.

Scalars are denoted with lower case letters like
a. Vectors mean column vectors and we denote
them by boldface lower case letters like a and a’s
components by a;. 2’ = {e1,...,en} is the stan-
dard basis of N-dimensional Euclidean space RY
where e; = (0---,1,---,0)7 is a vector that has
one at the i-th position and zeros elsewhere. Such
vectors are called one-hot vectors. For set variables
are denoted

1 is a vector of all ones. We assume square ma-
trices, written by boldface upper case letters like A.
I is an identity matrix, and 1 is a matrix of all ones.
Order-p tensors A € RP”, are also denoted by
{ail’,,,’ip} (1 <iy,...,i, < N). A’s component
iy ,...i, is also written as (A);, ... ;,. (aeb) = a’b
is the inner product of a and b whereas acb = ab”’
is their outer product. 10--- o1 is a k-order tensor,
andlo---o01l(ej,...,e;) =(lee;)---(1e
eik) = 1. Scalars, vectors, and matrices are tensors
of order 0, 1, and 2 respectively.

There exists an isomorphism between tensors
and multilinear maps (Bourbaki, 1989), such that
any curried multilinear map

fVi=s. .. =V,=V,

can be represented as a tensor 7y € V, @ V; ®
...® V4. This means that tensor contraction acts as
function application. This isomorphism guarantees
that there exists such a tensor 7/ for every f, such
that for any v; € Vi,...,v; € Vj:

fvl...vjzvk:fole...xvj (1)

Following Sato (2017), we first isomorphically
map a model M to a model M’ in RY. We map
entities e; € D to one-hot vectors {e;}. So D
is mapped to D’ = {ey,...,en}, the basis of
RN. We next map a k-ary relation r in M to a
k-ary relation v’ over D’ which is computed by an
order-k tensor R = {r;, . ; }, whose truth value
[r(eiys- -, e€i,)] in M is given by

[[T(eiu ) elk)]]

= R(eil, e ,eik)

=R X11€; X12 - X14, €,

= Tiy,ik S {1, 0} (Vih ... 7i1€ c {1, ... ,N})

2

We identity r" with R so that R encodes the M-
relation 7. Let M’ be a model (D', I') in R™ such
that I’ interprets entities by I'(e;) = ¢;(1 < i <
N) and relations r by I'(r) = R.

For the purposes of this paper, we restrict our-
selves to binary relations and predicates. When r
is a binary predicate, the corresponding tensor R
is a bilinear map and represented by an adjacency
matrix R as follows:

[(ei e/)] = (e - Rej) = ef Re; = 7y € {1,0}
(3)

Note that when r(z,y) is encoded by R as
(xeRy), 7(y,z) is encoded by R”, since
(y e Rx) = (x « RTy) holds

We next inductively define the evaluation
[F]r o of aformula Fin M. Let a be an assign-
ment in M and o’ the corresponding assignment
in M’, so a(x) = e; iff ’(z) = e;. For a ground
atom r(e;,, ..., €;, ), define

. 76%]]/ = E(eil, ..
(Viy, ..

. eik)
Like{l,...,N}. @
where R = {r;, _; }is a tensor encoding the M-
relation r in M. By definition [F];, = [F]ia
holds for any atom F'. Negative literals are evalu-
ated using —'R defined as

[r(e, ..

el = R(en,. .. eq)
k ()
def "
where "R =1o0---01-R

[—r (eil, ..

—R encodes an M -relation —r;. Negation other
than negative literals, conjunction, disjunction, and
quantifiers are evaluated in M’ as follows.

[-F] =1-[F] (6)

[Fin- AR =[A] - [F) )
[Fiv---VvE] = mlin([[Flﬂl + .+ [F])

€))

N
BoF) =i lRe) O

Here the operation min; (z) = min(z,1) = x
if x < 1, otherwise 1, as componentwise applica-
tion. F, ., means replacing every free occurrence



of y in F' with e;. Universal quantification over
individual elements is treated as Vo F' = —Jz—F.
Monadic second order logic allows variables
over sets of elements in addition to first order for-
mulas discussed above. A set variable X consist-
ing of k entities e;,, €;,, . . ., €;, can be represented
as the sum of the corresponding one-hot vectors,
ex = ) .y € which is a k-hot vector. Notice
here the subscript is a set of numbers X instead of
a number indicating the position, e.g. i. The eval-
uation of ground atoms like r(E; , ..., E; ) can
stay the same, which is also true of other first order
evaluations. The existential quantification of set
variables can be evaluated in M’ as follows.

[3XF]’ = min O [Fxed)  (10)

ICD

Similarly, universal quantification over sets can
be treated as VX F' = -3 X F.

We can now define the properties over origin
graphs using this formulation as in Theorem 2. For
an origin graph, the set of its input positions is NV
and the set of its output positions is M. Binary
relation Roigin defines the origin information be-
tween N and M. Rorigin(%,j) = 1 when the output
position j has the input position ¢ as its origin.

For every input position x, the condition of k-
crossing is equivalent to

|M]

> Rosigin(,8) < k (1)
=1

The condition of bounded origin is equivalent to

|M]

Zcross(m,z’) <k (12)
i=1

Equating input positions withe natural numbers
1 to |N| and output positions with natural numbers
1 to |M]|, the function cross (see theorem 2 for
definition) can be defined as

1 3k(k<znR(k,i))N
NGE=|M|U3l(z <IN
NR(l,i+1)))

0 otherwise

cross(x,1) =

Intuitively, cross(z, ) returns 1 if an output posi-
tion ¢ has origin at some input position k preceding
an input position z, such that ¢ is either the last
output position or its successor has origin to the
right of z. It returns 0 otherwise.

S Examples

This section presents detailed processes of com-
piling MSO definable origin graphs into a tensor
embedding, based on Sato (2017); Rawski (2019).
MSO formulas are first converted into prenex nor-
mal form. Then the formula is translated into its
corresponding tensor representation by applying
evaluations rules discussed in section 4. For read-
ability, we often collapse multiple sequential 3
quantifiers into one.

5.1 -tinsertion

We begin with a simple process of concatenating a
symbol -¢ onto the end of an output word, akin to
suffixation or epenthesis. This process of - inser-
tion maps, for example, the input string ba to bat.
The process can be captured by an MSO formula
(in fact, a first order formula):

F_y = Va(Rinput(z) —

Fy(Rorigin (T, Y) A Requat (7, y) A ((Ruas-i(z)A
32(Ruce-o (Y, 2) ARorigin (%, 2) AR (2) ARiast-0(2)))
V 3z, y (Reuce-i (%, ') A Rsuce-o(y, 4 )A

A Roigin(2',9/)))))  (13)

We assert that for any input position z
(Rinput(z) = 1), there exists an output position
y whose origin is & (Rorigin(, y) = 1) and the la-
bels of 2 and y are the same (Requai (z,y) = 1). We
follow Bojanczyk et al. (2017) in distinguishing the
set of input alphabet and the set of output alphabet.
For example, Ry_oupui(2) checks whether position
z is an output position and whether its label is ¢. In
this way, unary predicates Rinput, foupur and the
binary predicate Requa can all be defined with no
difficulty.

Additionally, if = is the last input position
(Rpasti(z) = 1), then y has a successor z. The
origin of z is & (Rorigin(,2) = 1). Its label is ¢
in the output alphabet (Rioupui(2) = 1). And it is
the last position in the output (Rjase.0(2) = 1). Oth-
erwise z has its successor ' (Rgyeci(z,2') = 1)
and y also has its successor ' (Rsueco(y,y') = 1),
whose origin is 2’ (Rorigin (2, y) = 1).

The adjacency matrix defined by the binary rela-
tion Rorigin in this case is almost an identity matrix.
Suppose the input has a length of n. Then for any
i less that n, (4,7) is 1. (n,n + 1) is also 1. All
other entries are 0. It satisfies the constraints of
bounded origin and k-crossing naturally, as each



input position is the origin of at most 2 output posi-
tions and is crossed by at most 2 output positions.
And thus the origin transduction of -f insertion is
recognizable by a streaming string transducer with

k registers.
b
b E—

Figure 2: Visualizations of the origin graph of suffixiat-
ing -t to ba.
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Because the formula of -t or any suffix inser-
tion is properly first order (in fact it’s subsequential
(Mohri, 1997)), its origin graph has a straightfor-
ward embedding into tensor operations following
results from Rawski (2019) (see also section 4).

First, the formula can be converted into prenex
normal form:

VxElyElelx'Ely/(—'Rmpm(x) V (Rorigin (2, y)A
A Requal(xv y) A ((Rlast—i(x)/\
/\(Rsucc—()(ya Z)/\Rorigin(xa Z)AR1—0<Z)/\Rlast-o(Z)))\/
\/(Rsucc-i(xv -T/)/\Rsucc»o(ya yl)/\Rorigin (37/’ y/>))))
(14)

Compiling the prenex formal formula into tensor
notation, we get

N N
T,tzl—mling (1—mlin E
z=1 y,2,@ sy’ =1

(Inlln( ( 1 _Rinputex ) + (egRoriginey ) ° (egRequaley)
° Hllln( (Rlast—iex) ° (eZRsucc—oez)
o (el RYENe, ) o (R'e.) o (R, )+

) (15)

Here we can see how each of the ingredients
of the logical formula maps, straightforwardly, to
ingredients of the tensor formulation. Note that
sz/\,{ =1 collapses the four existential quanti-
fiers, for ease of readability.

5.2 Copying

Next we demonstrate an MSO formula for the pro-
cess of copying the input word, which is of more

linguistic significance. Copying, known as redupli-
cation in linguistics, is a common morphological
process which is often argued to be among the
most complex phenomena in linguistics. Copying
is properly a regular function, and is one of the
standard characteristic functions used to define the
properties of the class, namely the linear growth
property (see Rawski et al. (2023) for details).

Feopying = V& (Rinput () —
— 3Y, Z(Rouput-parn (Y Z)A
Ay, 2(Rorigin (%, Y) A Rorigin (2, 2)A\y € YAz € ZA
A (" Riast-input () —
32’,y', 2 (Rsucc-input (%, ') A Rsucc-output (Y, Y )A
A Rguec-ouput (25 2') A Rorigin (@', ') A Rorigin (@', 2')

) (16)

The binary predicate Rougput-path (Y, Z) holds when
Y and Z partition the output positions, in which Y
and Z are two paths and the first position of Z is
the successor of the last position of Y. It can be
formalized by the conjunction of three predicates:
1) Y and Z together cover all output positions, with
each position belonging exclusively to either Y or
Z; 2) Both Y and Z must be paths. A path is
defined as a connected graph where every position,
except one, has a successor within the path, and
every position, except one, is a successor of another
position in the path; 3) the tail of Y has the head
of X as its successor in X (the tail of a path can
be defined as the only position without a successor
in the path; the head of a path is not a successor of
any position in the path).

The formula thus states that for every input po-
sition z, there are two output positions ¥y € Y and
z € Z, whose origin is z. The part requires they
bear the same label is omitted for the ease of un-
derstanding. Whenever z is not the last position
in the input, y and z are also not last positions in
Y and Z. Their successors ¢’ and 2’ both have the
successor of z, 2’ as their origin.

In this way, each input position is mapped to
exactly two output positions and bounded origin
is satisfied. The last input position is only crossed
once by the last output position. Every other input
position is crossed twice by the two output posi-
tions it mapped to. And therefore k-crossing is
satisfied as well. Importantly, the number of copies
must be linearly bounded (i.e. some pre-specified
number of copies of an input string) in order to
remain MSO-definable. Unbounded copying vio-



lates both constraints and is not MSO definable, nor
is bounding the number of copies to some higher
order, say polynomially. (Rawski et al., 2023).

RN

a b a a b a

Figure 3: Visualizations of the origin graph of copying

aba
Converting the formula into prenex normal form:

Fcopying = VxHYHZHyﬂzﬂx’Hy'Hz’ (_‘RINPUT (.%')

\ (Routput-path(}/y Z )
A (Rorigin(%,Y) A Rorigin(7,2) Ny €Y ANz € Z

A (Rlast—input (I) \ (Rsucc—input (LE7 ml) ARsucc—output (y, y’)

A Rsucc—output(zv Z/) A Rorigin(xlv y,) A Rorigin(:pla Z/)

) a7

The formula can be compiled into tensor nota-
tion as follows:

%opying =
N N

1- mlin(Z(l - mlin Z (mlin( Z
=1 Y, ZCD y,z,x’ Y2/ =1

mlin((l o Roriginey/) + (Rsucc—output X ey X eZ)‘

(el Rigne, Yo(el REIe, Yo (e, 0ey )0 (e, 0ey )0
HlliH(RlaSt_inpmer + (egRsuCC—inputex, ) °
(egRsucc—outputey,) ° (eersucc»outputez, ) °

(e REMey ) o (€, RENe,)))))))  (18)

5.3 First-Last to Even-Odd mapping

In this subsection we show that in contrast to the
previous example, the origin graph of First-Last to
Even-Odd mapping does not satisfy the condition
of k-crossing. Patterns of this type are unattested
linguistically, though they are reminiscent of cer-
tain types of spreading patterns.

Consider the origin transduction exemplified in
fig. 4. Every odd position in the output has the
last input position as its origin. Every even output
position has the first input position as its origin.
The length of the output can be arbitrary. All input
positions are then sandwiched between the origins
of each neighboring even-odd output position pair.

a b ¢ d €
e a () a e

Figure 4: Visualizations of the origin graph of reversing
abcde

And thus these input positions are crossed by each
even position in the output. Suppose the length
of the output is n. The crossing number is [n/2],
which grows with n and is unbounded.

The essential property of origin graphs of first-
last to even-odd mapping can be defined by the
following MSO formula:

Frigo =
IYoutput-o, Youtput-e (Routput-ofe (Youtput-os Youtput-e)
AVY(y € Youpuro — 3% £ ( Rerst-input (T £)
A Rosigin(zf,y)) N (Y € Youput-e —
327 ( Riasteinput (1) A Rorigin(77,7)))))  (19)

The MSO definable binary predicate
Routput—o/e(}/output—oa Y;)utput—e) is true when Y;)utput—o
and Yougpuee constitute a partition of the set of
output positions and Yoyugput-o is the set of all odd
output positions while Yoyput-e denotes the set of
all even output positions (see e.g. Filiot, 2015).
The formula asserts that every even output position
has the last input position as its origin while every
odd output position has the first input position as
its origin position. The part requires they bear the
same label is omitted for the ease of understanding.

We can convert this formula into prenex normal
form as follows:

E|Youtput-o E|Youtput-evy5|$ f Jz; (
Routput—o/e (Youtput—oa Y;Jutput-e) A
A (—\'y S Y:)utput-o\/ (Rﬁrst.inpm (l’f ) /\Rorigin (J;f , y) ) A

A (_‘y S YZ)utput—eV<Rlast-input (371 ) /\Rorigin (xl , y) ) ) ) )
(20)

We can compile this into a tensor formula as
follows:
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N
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zf,:m:l

° mlin((l —e, o€y, mpm_o) + (Rﬁm_inputexf)o
° (egf Roriginey)) ° mlin((l — ey ® ey, .t
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6 Conclusion

This paper showed how to embed transductions in
a vector space via operations over tensors. In par-
ticular, by using the idea of origin graphs, which
represent input-output relations computed by some
transducer, we embedded these graphs into tensors
via finite model theory, and introduced Monadic
Second-Order logical operations to compile the
connectives and quantifiers. We showed how a
class of origin graphs with these properties charac-
terizing the regular transductions fits this exactly,
and gave several examples motivated from linguis-
tics.

There are several further directions this work
could take. The most obvious is to consider the
class of First-Order transductions on its own term.
First-Order functions generalize the star-free lan-
guages (definable in first-order logic) to transduc-
tions, and correspond to restricting the underlying
automaton of the transducer to be aperiodic (see
Filiot et al. (2019)).

Transductions have also been extended to other
structures besides strings, such as trees, which are
relevant data structures in syntactic and semantic
phenomena. The concept of origin information
can be extended from string transducers to tree
transducers, by considering the input and output
graphs as tree structures ordered by dominance
(Filiot et al., 2018; Winter, 2021). Therefore, tree
transductions can be embedded into vector space
using the same methods.

In general, the flexibility given by model the-
ory, as well as the precision given by classes of
transductions, allows for multiple characterizations
of structures of interest to linguistics, computer
science, and cognitive science.
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Abstract

The syntactic log-odds ratio (SLOR), a
surprisal-based measure estimated from pre-
trained language models (LMs) has been pro-
posed as a linking function for human sentence
acceptability judgments, a widespread measure
of linguistic knowledge in experimental linguis-
tics. We test this proposal in three steps: by
examining whether SLOR values estimated by
GPT-2 Small predict human acceptability judg-
ments; by asking whether satiation effects ob-
served in human judgments are also exhibited
by fine-tuned LMs; and by testing whether sati-
ation effects generalize in qualitatively similar
ways in the model compared to humans. We
show that SLOR in general predicts acceptabil-
ity, but there is a significant amount of variance
in acceptability data that SLOR fails to capture.
SLOR also fails to capture certain patterns of
satiation and generalization. Our results chal-
lenge the idea that surprisal alone, via a SLOR
linking function, constitutes an accurate model
for human acceptability judgments.

1 Introduction

Judgments of a sentence’s acceptability are com-
monly interpreted as a reflection of linguistic
knowledge. For example, native English speak-
ers find sentences like *What did John hear the
rumor that Mary ate? much less acceptable than
sentences like What did John hear that Mary ate?.
These kinds of acceptability judgments by native
speakers have been widely used to inform linguis-
tic theories. For example, based on the acceptabil-
ity contrast in the aforementioned two sentences,
linguists have proposed syntactic constraints (in
this case, the “complex-NP island constraint™) to
rule out the first sentence as ungrammatical (Ross,
1967).

Despite the widespread use of acceptability judg-
ments as a source of evidence to inform linguis-
tic theories, the cognitive mechanisms involved in

“These authors contributed equally.
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generating these judgments are rather poorly un-
derstood (Schiitze, 1996; Sprouse, 2018; Francis,
2022). Past linguistic research has identified var-
ious factors that affect a sentence’s acceptability,
including but not limited to its grammaticality, the
frequency of observed lexical items and structures,
task-related factors such as presentation order, and
subject-related factors such as literacy and prior
linguistic training (Schiitze, 1996). However, there
is no clearly spelled-out model that captures how
these factors interact to give rise to an acceptability
judgment. More recently, some studies hypoth-
esized that there is a “surprisal bottleneck™ for
acceptability judgments: just as surprisal serves
as a causal bottleneck for online processing diffi-
culty (Levy, 2008), surprisal may also be the causal
bottleneck for sentence acceptability (Lau et al.,
2017, 2020; Culicover et al., 2022). If pre-trained
language models (LMs) capture human linguistic
knowledge, some studies argue that surprisal-based
metrics estimated by LMs may serve as linking
functions for human sentence acceptability judg-
ments (Lau et al., 2017, 2020). In one prominent
study, human sentence acceptability judgments
were found to be best predicted by the syntactic log-
odds ratio (SLOR, shown in Equation 1) values, a
sentence’s model-given log probability normalized
by its length and its probability based on its lexical
items’ unigram probabilities (Lau et al., 2017): !

Zu}Es log pu(w)
5]

log pim(s) —

SLOR = (1)

Here, p,,,(s) is the probability of a sentence s as
estimated by the model (calculated as the product
of the model-estimated transition probability for
each word), p,(w) is the unigram probability of
a word w in s, and |s| is the sentence’s length in
words. SLOR achieved the best correlation with

'SLOR was first proposed by Pauls and Klein (2012) for a
different task.
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sentence acceptability ratings among a variety of
surprisal-based metrics.

In the present study, we revisit the hypothesis
that SLOR estimates from pre-trained LMs pro-
vide a good linking function for acceptability judg-
ments. We do so in three ways: first, we replicate
the correlation between SLOR and sentence accept-
ability ratings using a more up-to-date LM than
that used by Lau et al. (2017). Second, we move
beyond one-shot acceptability ratings and investi-
gate whether the changes in SLOR after fine-tuning
predict the changes in human acceptability judg-
ments in response to exposure (i.e. the “satiation
effect”: Snyder, 2000; Chaves and Dery, 2019; Lu
et al., 2021, inter alia). Third, we test whether fine-
tuning the model with one sentence type leads to
SLOR increase in a different but structurally re-
lated sentence type, replicating the generalization
of satiation effects found in human acceptability
judgment data (Lu et al., 2022).2

If the pre-trained LM approximates human lin-
guistic knowledge and its SLOR estimates consti-
tute a good linking function for human sentence ac-
ceptability judgments, SLOR values should corre-
late with acceptability judgments and demonstrate
both human-like satiation effects and the general-
ization of satiation effects — both of which are phe-
nomena that have been shown to reliably emerge in
human acceptability judgment tasks (Snyder, 2000;
Chaves and Dery, 2019; Lu et al., 2021, 2022).

2 Experiment 1: SLOR Predicts
Acceptability

Experiment 1 aims to replicate Lau et al. (2017)’s
finding that SLOR predicts sentence acceptability
judgments using GPT-2 Small. We chose GPT-2
Small as opposed to other larger pre-trained LMs
because GPT-2 Small’s surprisal estimates have
been shown to best predict human reading time
data among the GPT family (Oh and Schuler, 2023),
suggesting that it is a more plausible candidate for
a model that captures human linguistic knowledge
than its relatives. Furthermore, it has been shown
that GPT-2 demonstrates more human-like perfor-
mance in forced-choice judgment tasks with mini-
mal pair sentences involving island violations than
other LLMs such as LSTM and Transformer-XL
(Warstadt et al., 2020).3

2All datasets and scripts can be found here:
https://github.com/jmerch/slor-acceptability-satiation.

In Lau et al. (2017), the models tested were 2/3/4-gram
models, BHMM, 2-tier BHMM, LDAHMM, and RNNLM,
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2.1 Method and Procedure

We obtained the SLOR values for a wide range of
sentences selected from recent studies that reported
human acceptability judgment results (examples
shown in Table 1). All SLOR values were calcu-
lated based on the surprisal estimates for the test
sentences from a pre-trained GPT-2 Small model
(Radford et al., 2019).* If GPT-2 Small indeed cap-
tures human linguistic knowledge, and if the SLOR
values estimated by LMs constitute a good linking
function for sentence acceptability judgments as
suggested in previous studies, the computed SLOR
values should predict the acceptability judgments
from the human experiments.
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complex-NP island
dative-match-gap
dative-match-nogap
dative-mismatch-gap
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®- disjunction-match
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ungrammatical 1
ungrammatical 2
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Figure 1: Plot of human acceptability judgments against
model SLOR values. Error bars represent 95% boot-
strapped confidence intervals. Points representing the
three sentence types used as critical conditions in Ex-
periments 2 and 3 (Complex-NP island, subject island,
and whether-island) are labelled with text.

2.2 Results and Discussion

For the purpose of analysis, all human acceptability
judgments from the original studies were linearly

pre-trained on the BNC corpus and the English Wikipedia.

“We used the implementation of the 124M-parameter GPT-
2 model from the Transformers library released by Hugging-
Face (Wolf et al., 2019).
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Figure 2: Experimental design of Experiment 2a
Condition Example Source

polar question
whether-island
subject island
complex-NP island
grammatical-question
ungrammatical 1

Does the teacher think that the boy found a box of diamonds?

What does the tourist wonder whether the lion attacked __ ?

What does the janitor think a bottle of __ can remove the stain?

Who does the king believe the claim that the prince envied __?

Who thinks that the doctor decided to treat the mysterious condition?
‘Who inspection did not restaurant pass health believes the claim that?

Lu et al. (2021, 2022)

dative-match-nogap
dative-match-gap
dative-mismatch-nogap
dative-mismatch-gap
locative-match-nogap
locative-match-gap
locative-mismatch-nogap
locative-mismatch-gap

Kevin gave the children toys and Maria gave the teachers books.

Kevin gave the children toys and Maria __ the teachers books.

Kevin gave the children toys and Maria gave books to the teachers.
Kevin gave the children toys and Maria __ books to the teachers.

Jacob brushed milk onto the pastry and Emily brushed oil onto the dough.
Jacob brushed milk onto the pastry and Emily __ oil onto the dough.
Jacob brushed milk onto the pastry and Emily brushed the dough with oil.
Jacob brushed milk onto the pastry and Emily __ the dough with oil.

Lu and Kim (2022)

disjunction-match
disjunction-mismatch
grammatical
grammatical-disjunction
ungrammatical 2

Either Juan or Marie are making the decision.

Either Juan or these teachers are making the decision.
Julia will perform the surgery tomorrow morning.
Either Juan or Marie is making the decision.

The scientists a discovered solution groundbreaking to

Lu and Degen (2023)

Table 1: Example stimuli for each sentence type used in Exp. 1. Bolded types are critical conditions used in Exps. 2

and 3.

transformed to a value between 0 and 1 through
min-max scaling, with O representing the “com-
pletely unacceptable” endpoint of the scale, and 1
representing the “completely acceptable” endpoint.
Figure 1 shows the mean SLOR values against
the mean human acceptability judgments for all
the tested sentence types. In a linear regression,
SLOR values significantly predicted the human
judgments (8 = 0.080, SE = 0.005,t=17.64, p <
0.001), replicating the previous findings reported
in Lau et al. (2017). The R2 value of the model was
0.30, comparable to the best-performing model re-
ported by Lau et al., an RNNLM as implemented by
Mikolov (2012), trained on the English Wikipedia,
and tested on a set of English Wikipedia sentences
after round trip machine translation: R? = 0.32).
The results suggest that the SLOR is a predictor
of acceptability. However, we should also note
that there is a significant amount of variance in
the acceptability data that SLOR failed to capture,
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challenging the hypothesis that the SLOR values es-
timated by the pre-trained GPT-2 Small constitute
a full linking function for sentence acceptability.

3 Experiment 2a: Deriving Satiation
Effects

One crucial property of human acceptability judg-
ments is their malleability: ratings for initially de-
graded sentences tend to increase with repeated
exposure. This effect has been called the “satiation
effect” and has been reliably replicated in various
sentence acceptability judgment studies (Snyder,
2000; Hiramatsu, 2001; Francom, 2009; Crawford,
2012; Chaves and Dery, 2014, 2019; Brown et al.,
2021; Lu et al., 2021, 2022). Crucially, not all sen-
tence types are equally susceptible to satiation: it
has been repeatedly observed that certain sentence
types resist satiation, and among those that do sati-
ate, satiation rates vary by sentence type (Snyder,
2022; Lu et al., 2023). For example, complex-NP



island sentences show a lower satiation rate than
other island sentences, such as subject and whether-
island sentences (examples shown in Table 1).

In Experiment 2a, we further test whether SLOR
provides a good linking function for acceptabil-
ity judgments in two ways: first, by examining
whether SLOR values exhibit the satiation effect
(like human acceptability judgments); and second,
by investigating whether the varying rates of sati-
ation of different sentence types are predicted by
changes in SLOR values after fine-tuning. We fol-
low van Schijndel and Linzen (2018) in using fine-
tuning to induce change in surprisal-based metrics
from LMs, though our study differs from theirs in
that we are interested in the linking function from
surprisal to acceptability judgments, rather than to
reading times.

3.1 Method and Procedure

This experiment aims to replicate the satiation ex-
periment reported by Lu et al. (2021) using GPT-2
Small. In Lu et al. (2021), human participants were
asked to rate the acceptability of three different
types of sentences that violated island constraints:
complex-NP island sentences, subject island sen-
tences, and whether-island sentences. The ratings
for all three sentence types increased with increas-
ing presentation order, thus demonstrating the sa-
tiation effect. The results from Lu et al. (2021)’s
human experiment are shown in Figure 3a.

Importantly, the complex-NP island sentences
showed a lower rate of satiation than the other two
sentence types. Although it is unclear what makes
the complex-NP island sentences satiate at a slower
rate, this rate difference has been observed repeat-
edly and is unlikely to be an artifact of the design
(Lu et al., 2022, 2023).

To simulate the repeated exposure in acceptabil-
ity judgment experiments that gives rise to satiation
effects, we fine-tuned GPT-2 Small models using
the sentences from Lu et al. (2021). The schematic
sketch of the experimental design is shown in Fig-
ure 2. For each of the three island types, we fine-
tuned a GPT-2 Small model with 45 sentences from
the human experiment, consisting of 15 grammati-
cal fillers, 15 ungrammatical fillers, and 15 critical
island sentences. The motivation for including the
fillers in the training set was to simulate the human
experimental experience as closely as possible.
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3.2 Results and Discussion

Figure 3b shows the pre- and post-exposure SLOR
values. The model-estimated post-exposure SLOR
values were higher, by a factor of almost 3, than
the pre-exposure values for all three sentence types.
This suggests that GPT-2 demonstrates satiation-
like behavior in response to exposure to degraded
sentences. However, the relative ranking of sa-
tiation rates observed in the human results (Fig-
ure 3a) was not replicated: in the human exper-
iment, complex-NP island sentences exhibited a
significantly lower satiation rate than the other two
sentence types; in contrast, the SLOR values for
complex-NP sentences increased at a similar rate as
whether-island sentences, which was higher than
the subject island sentences. Thus, the change in
SLOR values from by fine-tuning does not reflect
the qualitative patterns of change in acceptability
ratings through satiation beyond generally showing
an increase. This poses a challenge to the proposal
to treat SLOR values estimated from LMs as a full
linking function for acceptability judgments.

However, there is a caveat to the interpretation
of these results: the sentences used for fine-tuning
and the sentences in the post-exposure test set con-
tained considerable lexical overlap. In particular,
all the complex-NP island sentences from Lu et al.
(2021) contained the word sequence “...believe
the claim that ...”. There was much less lexical
overlap between training and test sentences in the
other two conditions. It is thus possible that the
large increase in SLOR for the complex-NP island
condition was mostly driven by lexical repetition.
To test this hypothesis, we adopt the same design
as Experiment 2a in Experiment 2b but with a mod-
ified set of training sentences that controlled for
lexical repetition.

4 Experiment 2b: Lexical Repetition
Control

In this experiment, we test whether the model sa-
tiation pattern observed in Experiment 2a persists
when we adopt a modified set of training sentences
that control for lexical repetition.

4.1 Method and Procedure

The same design as Experiment 2a was adopted.
The only difference was that the training set sen-
tences were modified to maximally reduce the rep-
etition of lexical items without changing the sen-
tence’s syntactic structure. Whereas the complex-
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Figure 3: Comparison of human acceptability judgments reported in Lu et al. (2021) showing satiation effects (a),
and model results from Exps. 2a and 2b (b-c).

NP sentences in the original training set all con-  ones that GPT-2’s surprisal estimate is sensitive to.
tained the word sequence “believe the claim that”,  Either way, these results challenge both the hypoth-
the complex-NP sentences in the modified training  esis that LM-derived SLOR estimates provide a full
set all contained different matrix predicates. Simi-  linking function for human sentence acceptability
lar modifications were also applied to the subjectis-  judgments, as well as the idea that GPT-2 Small
land sentences and the whether-island sentences to  fully captures human linguistic knowledge.
minimize lexical repetition (see the design schema

in Figure 4). 5 Experiment 3: Generalizing Satiation

4.2 Results and Discussion Effects

The pre-exposure and post-exposure SLOR values  Another key property of human sentence accept-
for all three island sentence types are shown in  ability judgments is that the acceptability increase
Figure 3c. The SLOR values increased for all three ~ gained through satiation generalizes across syntac-
sentence sentence types post-exposure by abouta tically related sentence types (Lu et al., 2022). In
factor of 2, i.e., at a lower rate than in Experiment  a series of acceptability judgment experiments em-
2a. This suggests that lexical repetition did indeed  ploying the same exposure-and-test paradigm as
contribute to the large satiation rates observed in  described above, Lu et al. (2022) exposed partic-
Experiment 2a. However, the relative order of the  ipants to one of three sentence types: subject is-
three sentence types’ SLOR increases remained  land sentences, whether-island sentences, and polar
the same as in Experiment 2a: the SLOR increase  questions. In the test phase, participants were asked
for the complex-NP sentences was comparable to  to rate the acceptability of either subject island sen-
that of the whether-island sentences, and higher  tences or whether-island sentences. Exposure and
than that of the subject island sentences. Thus, the  test sentence types were fully crossed. The results
comparatively lower satiation rate for complex-NP  are shown in Figures 6a and 6b. Conditions where
island sentences observed in the human results was ~ participants were exposed to one island sentence
once again not replicated. type and tested on the other (e.g., exposed to sub-

In sum, the results from Experiments 2a and 2b ~ ject island sentences and tested on whether-island
demonstrate that GPT-2 Small exhibits satiation-  sentences) are labeled “between-category”’; condi-
like behavior with repeated exposure to degraded  tions where participants were exposed to and tested
sentences. However, the magnitude and particular ~ on the same sentence type are labeled “within-
patterns of the SLOR increase do not mirror the  category”. Acceptability ratings on test sentences
human satiation effects. There are at least two po-  were lower in the between-category than in the
tential explanations for this discrepancy. First, itis ~ within-category condition, but significantly higher
possible that the cognitive processes underlying the  than in the control condition, where participants
satiation effect observed in humans is qualitatively =~ were exposed to polar questions (i.e., non-island
different from the fine-tuning process for LMs. Sec-  sentences) and tested on island sentences. Lu et al.
ond, it is possible that the set of linguistic features ~ (2022) concluded from these results that the ab-
that affect human satiation are different from the  stract linguistic features shared between the two
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Training set

|
Complex-NP } Who does the bartender know the fact that the brother of the mayor invited?
island | What does the president doubt the prediction that the senate will review?

L

r

| What does the pianist believe that two hours of per day leads to perfection?
Subject
ileand } What does the headmaster guess that an expert in wrote the manuscript?

| What do the delinquents say that another group of was arrested?

L

What does the mechanic assess whether a tank of biofuel can power?

island What does the biologist doubt whether researchers will eventually find?

(
|

Whether - |
|
| Who do the delinquents discuss whether the police arrested?
¢

Who does the detective state the hypothesis that a bottle of poison killed? |

Test set
What does the mechanic believe the claim that a tank of biofuel can power?
Who do the activists believe the claim that government officials bribed?

i
|
|
. X |
What does the musician believe the claim that the company will buy? |
J

What does the doctor think that the proposal for was vetoed by the mayor?
What did the pharmacist think that a pack of could cause nausea?
Who does the pilot think that the description of matches the suspect?

What does the actor wonder whether the famous scholar wrote?
What does the chef wonder whether the food critic will publish?
What does the spy wonder whether the commander initiated?

Figure 4: Modified training and test sets used in Experiment 2b to control for lexical repetition

syntactically-related island sentence types (e.g., the
existence of long-distance wh-movement, the ex-
istence of dependencies violating the subjacency
condition, and others) can be used by participants
as representational targets for satiation. The polar
question sentences are less syntactically similar to
the island sentences than the island sentences are
to each other. As a result, when participants were
exposed to polar questions in the exposure phase,
there were fewer shared linguistic representations
between the exposure and test sentences that could
serve as representational targets for satiation, thus
resulting in a smaller satiation generalization effect.

In this experiment, we adopted a similar design
as Lu et al. (2022)’s human experiment with GPT-2
Small, with the aim to test whether the SLOR value
estimates demonstrate the satiation generalization
effect.

5.1 Method and Procedure

The schematic sketch of the experimental design
is shown in Figure 5. We fine-tuned a pre-trained
GPT-2 Small model with 12 exposure sentences
(one of the three sentence types: subject island sen-
tences, whether-island sentences, and polar ques-
tion sentences) and 12 fillers in the training phase.
In the test phase, we calculated the fine-tuned
models’ SLOR estimates for two test sets con-
sisting of subject island and whether-island sen-
tences respectively. If the model demonstrates
human-like satiation generalization effects, the
post-exposure SLOR values should be higher than
the pre-exposure values, the SLOR increase in the
between-category condition should be smaller or
equal to the SLOR increase in the within-category
condition, and the SLOR increase in both the
between- and within-category condition should be
larger than in the control condition.
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5.2 Results and Discussion

The results of Experiment 3 are shown in Figures
6¢c and 6d. In both test sets, the post-exposure
SLOR values were higher than the pre-exposure
SLOR values (indicated by the dashed lines in the
figures) for all conditions. The SLOR increase
for the between-category condition is numerically
smaller than the within-category condition, similar
to the pattern observed in the human results.

However, there was one unexpected observation.
The SLOR increase for the control training condi-
tion (i.e., when the model was fine-tuned on polar
questions and tested on either of the island sentence
types) was comparable to the between-category
condition when the model was tested on whether-
island sentences, and even numerically larger than
the between-category condition when the model
was tested on subject island sentences. This sug-
gests that for the model, the satiation generalization
effect from polar questions to the island sentence
types was comparable to, if not larger than, the sati-
ation generalization between the two syntactically
closely related island sentence types. By contrast,
in the human results reported by Lu et al. (2022),
the satiation generalization effect from polar ques-
tions to island sentences was the smallest among
all training conditions.

In sum, we observed satiation generalization ef-
fects in the SLOR values estimated by GPT-2 Small.
However, the control condition (i.e., the model fine-
tuned on polar questions) showed an unexpectedly
large satiation generalization effect that was even
numerically larger than the between-category con-
dition (at least when testing on subject island sen-
tences). This suggests that the model treats the
polar questions as more similar to the subject is-
land sentences than the whether-island sentences.
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Figure 5: Experimental design of Experiment 3

By contrast, the human results suggest that there
are more shared representations between the two
island sentence types than between polar questions
and either of the island sentence types. There are
several possible explanations for this difference
between the human and the model results: it is pos-
sible that the linguistic features that humans and the
model pay attention to during fine-tuning/satiation
are different; it is also possible that the three tested
sentence types are represented in vastly different
ways between humans and the model. Either way,
these results again challenge both the hypothesis
that LM-derived SLOR estimates provide a full
linking function for human sentence acceptability
judgments, as well as the idea that LMs fully cap-
ture human linguistic knowledge.

6 General Discussion

In this study, we aimed to test the hypothesis that
SLOR values estimated by LMs can provide a link-
ing function for human sentence acceptability judg-
ments. We did so by testing pre-trained GPT-2
Small models in experiments following similar
designs as various human sentence acceptability
judgment studies, following the recent trend in the
computational linguistic literature to treat LMs as
subjects in experimental syntax and psycholinguis-
tic experiments (Leong and Linzen, 2023; Futrell
et al., 2018, 2019; Wilcox et al., 2023; Arehalli
et al., 2022, inter alia). We compared the model
performance against human results along three di-
mensions: (1) whether the model-estimated SLOR
values predicted human acceptability judgments,
(2) whether the increase in SLOR values through
model fine-tuning exhibited the same qualitative
patterns as the satiation patterns observed in human
acceptability judgment experiments exposing par-
ticipants to degraded sentences, and (3) whether the
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increase in SLOR values through model fine-tuning
exhibited the same qualitative generalization pat-
terns across sentence types as observed in humans.

In Experiment 1, we showed that the SLOR
values estimated by the pre-trained GPT-2 Small
model predict sentence acceptability judgments
given by human participants across a broad range
of sentence types, replicating previous results that
did not use Transformer models (Lau et al., 2017,
2020). This result suggests that the SLOR val-
ues estimated by GPT-2 Small is a plausible link-
ing function for human acceptability judgments
broadly. However, there was a lot of variance left
unexplained by the SLOR values, suggesting that
the linking function proposal is limited.

In Experiments 2a and 2b we showed that the
SLOR values estimated by GPT-2 Small for de-
graded sentence types increase when the model is
fine-tuned on sentences of the same structure, akin
to the satiation effect observed in human partici-
pants. However, the magnitude of SLOR increase
did not predict the magnitude of acceptability in-
crease for the sentence types we tested. In Experi-
ment 3, we further showed that models fine-tuned
on one sentence type showed increased SLOR val-
ues for other sentence types, similar to the satiation
generalization effect observed in human accept-
ability judgments experiments. However, the fine
patterns of the generalization effect in the models
was crucially different from the human results: fine-
tuning on polar questions led to a greater SLOR in-
crease for subject island sentences than fine-tuning
on whether-island sentences, which are more syn-
tactically similar to subject island sentences than
polar questions.

In sum, we found that SLOR, a surprisal-based
metric, generally predicts sentence acceptability.
Fine-tuning LMs as a way of exposing them to
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Figure 6: Comparison of the satiation generalization effect observed in the human experiments in Lu et al. (2022),
shown in sub-figures (a-b), and the model results from Exp. 3, shown in sub-figures (c-d).

novel sentences leads to satiation and generaliza-
tion effects, but the model results crucially differ
from the human results in the fine patterns of the
satiation and generalization effects. Our results sug-
gest that LMs, like humans, are sensitive to abstract
linguistic representations beyond lexical identity
and particular sentence structures. However, the
discrepancies with the human results highlight the
differences in the relevant linguistic representations
or the learning mechanisms between humans and
language models, challenging the claim that pre-
trained LMs like GPT-2 Small can fully capture
human linguistic knowledge, or that SLOR esti-
mated by such LMs can fully account for sentence
acceptability judgments.

Finally, the results of the current study point to
some possible directions for future research. Al-
though we showed that SLOR estimated by GPT-2
does not fully capture human acceptability judg-
ments, this does not definitively reject the hypothe-
sis that surprisal is a causal bottleneck for accept-
ability (Lau et al., 2017, 2020; Culicover et al.,

2022). In order to further investigate the validity
of the surprisal bottleneck hypothesis, future stud-
ies should examine LMs other than the ones we
and the previous literature tested with the aim to
gain surprisal estimates that more accurately cap-
ture human linguistic knowledge, and also examine
metrics other than SLOR that may serve as better
linking functions between surprisal and sentence
acceptability.
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Abstract

We propose an interactive approach to language
learning that utilizes linguistic acceptability
judgments from an informant (a competent lan-
guage user) to learn a grammar. Given a gram-
mar formalism and a framework for synthesiz-
ing data, our model iteratively selects or synthe-
sizes a data-point according to one of a range
of information-theoretic policies, asks the in-
formant for a binary judgment, and updates
its own parameters in preparation for the next
query. We demonstrate the effectiveness of our
model in the domain of phonotactics, the rules
governing what kinds of sound-sequences are
acceptable in a language, and carry out two
experiments, one with typologically-natural
linguistic data and another with a range of
procedurally-generated languages. We find
that the information-theoretic policies that our
model uses to select items to query the infor-
mant achieve sample efficiency comparable to,
and sometimes greater than, fully supervised
approaches.

1 Introduction

In recent years, natural language processing has
made remarkable progress toward models that can
(explicitly or implicitly) predict and use represen-
tations of linguistic structure from phonetics to
syntax (Mohamed et al., 2022; Hewitt and Man-
ning, 2019). These models play a prominent role in
contemporary computational linguistics research.
But the data required to train them is of a vastly
larger scale, and features less controlled coverage
of important phenomena, than data gathered in
the course of linguistic research, e.g. during lan-
guage documentation with native speaker infor-
mants. How can we build computational models
that learn more like linguists—from targeted in-
quiry rather than large-scale corpus data?

We describe a paradigm in which language-
learning agents interactively select examples to
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Figure 1: Overview of our approach. Instead of learning
a model from a static set of well-formed word forms
(left), we interactively elicit acceptability judgments
from a knowledgeable language user (right), using ideas
from active learning and optimal experiment design. On
a family of phonotactic grammar learning problems,
active example selection is sometimes more sample-
efficient than supervised learning or elicitation of judg-
ments about random word forms.

learn from by querying an informant, with the goal
of learning about a language as data-efficiently as
possible, rather than relying on large-scale corpora
to capture attested-but-rare phenomena. This ap-
proach has two important features. First, rather
than relying on existing data to learn, our model
performs data synthesis to explore the space of
useful possible data-points. But second, our model
can also leverage corpus data as part of its learn-
ing procedure by trading off between interactive
elicitation and ordinary supervised learning, mak-
ing it useful both ab initio and in scenarios where
seed data is available to bootstrap a full grammar.
We evaluate the capabilities of our methods in
two experiments on learning phonotactic gram-
mars, in which the goal is to learn the constraints
on sequences of permissible sounds in the words
of a language. Applied to the problem of learn-
ing a vowel harmony system inspired by natural
language typology, we show that our approach
succeeds in recovering the generalizations gov-
erning the distribution of vowels. Using an ad-
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ditional set of procedurally-generated synthetic lan-
guages, our approach also succeeds in recovering
relevant phonotactic generalizations, demonstrat-
ing that model performance is robust to whether the
target pattern is typologically common or not. We
find that our approach is more sample-efficient than
ordinary supervised learning or random queries to
the informant.

Our methods have the potential to be deployed
as an aid to learners acquiring a second language
or to linguists doing elicitation work with speakers
of a language that has not previously been docu-
mented. Further, the development of more data-
efficient computational models can help redress
social inequalities which flow from the asymmetri-
cal distribution of training data types available for
present models (Bender et al., 2021).

2 Problem Formulation and Method

Preliminaries We aim to learn a language L com-
prising a set of strings x, each of which is a con-
catenation of symbols from some inventory ¥ (so
L C ¥). (In phonotactics, for example, ¥ might
be the set of phonemes, and L the set of word forms
that speakers judge phonotactically acceptable.) A
learned model of a language is a discriminative
function that maps from elements x € X" to val-
ues in {0, 1} where 1 indicates that z € L and
0 indicates that © ¢ L. In this paper, we will
generalize this to graded models of language mem-
bership f : ¥ + [0, 1], in which higher values
assigned to strings z € X1 correspond to greater
confidence that z € L (cf. Albright, 2009, for data
and argumentation in favor of a gradient model of
phonotactic acceptability in humans).

We may then characterize the language learning
problem as one of acquiring a collection of pairs
(x1,11), (x2,9y2), ..., (Tn,yn) Where z; € T,
and y; € {0, 1} correspond to acceptability judg-
ments about whether x; € L. Given this data, a
learner’s job is to identify a language consistent
with these pairs. Importantly, in this setting, learn-
ers may have access to both positive and negative
evidence.

Approach In our problem characterization, the
data acquisition process takes place over a series
of time steps. At each time step ¢, the learner uses
a policy 7 according to which a new string x; € X
is selected; here X is some set of possible strings,
with L C X C X*. The chosen string is then
passed to an informant that provides the learner
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Algorithm 1: Iterative Query Procedure

Input: policy 7, total timesteps T
(z,y) < [t 0
while t < T do
xy —m(z | z,y);
y¢ < informant(xy);
append (z¢, y¢) to (z,y);
t+—t+1;
end

a value y; € {0,1} corresponding to whether x;
is in L. The new datum (z, y;) is then appended
to a running collection of (string, judgment) pairs
(z, y), after which the learning process proceeds to
the next time step. This procedure is summarized
in Algorithm 1.

Conceptually, there are two ways in which a
learner might gather information about a new lan-
guage. One possibility is to gather examples well-
formed strings already produced by users of the
language (e.g. by listening to a conversation, or
collecting a text corpus), similar to an “immersion”
approach when learning a new language. In this
case, the learner does not have control over the spe-
cific selected string x;, but it is guaranteed that the
selected string is part of the language: x; € L and
thus y; = 1.

The other way of collecting information is to
select some string z; from X, and directly elicit
a judgment y; from a knowledgeable informant.
This approach is often pursued by linguists work-
ing with language informants in a documentation
setting, where their query stems from a hypothe-
sis about the structural principles of the language.
Here, examples can be chosen to be maximally in-
formative, and negative evidence gathered directly.
In practice, learners might also use “hybrid poli-
cies” that compare which of multiple basic policies
(passive observation, active inquiry) is expected
to yield a new datum that optimally improves the
learner’s knowledge state. Each of these strategies
is described in more detail below.

Model assumptions To characterize the learn-
ing policies, we make the following assumptions
regarding the model trained from available data
(x,y). We assume that the function f : ¥T —
[0, 1] acquired from (z, y) can be interpreted as a
conditional probability of the form p(y | x,z, y).
We further assume that this conditional proba-
bility is determined by a set of parameters 6



for which a(n approximate) posterior distribution
P(6 | z,y) is maintained, with p(y | z,z,y) =
Jo P(ylz,0)P(0 | z,u) db.

3  Query policies

In the framework described in Section 2, how
should a learner choose which questions to ask
the informant? Below, we describe a family of
different policies for learning.

3.1 Basic policies

Train The first basic policy, miwin (2 | z,y), cor-
responds to observing and recording an utterance
by a speaker. For simplicity we model this as uni-
form sampling (without replacement) over L:

7'(train(37|§7 y) ~ U({l’ €L - Q})

Uniform The second basic policy, muif(x|z, ¥),
samples a string uniformly from X" and presents it
to the informant for an acceptability judgment:

Tunif(z]2, ) ~ U({z € X'}).

Label Entropy The Tpapelent (7|2, y) policy se-
lects the string z* with the maximum entropy H
over labels y under the current model state:

¥ =argmax H(y | z,z,y).
rEX

Expected Information Gain The 7.is(z|z,y)
policy selects the candidate that, if observed, would
yield the greatest expected reduction in entropy
over the posterior distribution of the model param-
eters . This is often called the information gain
(MacKay, 1992); we denote the change in entropy
as Vig(, y; 2, u):

Vig(z,y; 2, y)

1
—HO | 2y) - HO | yzy).

The expected information gain policy selects the
x* that maximizes Eyc(o,1] Vic(z, y; 2, 1), L.e.:

¥ =arg max
reX
Vig(z,y = Liz,y) - ply=1|z,2,9)
+Vic(z,y = 0;2,y) - py =0 | z,,y),
7reig(x@a y) = d(z%),

where §(z) denotes the probability distribution that
places all its mass on x.

3.2 Hybrid Policies

Hybrid policies dynamically choose at each time
step among a set of basic policies IT based on some
metric V. At each step, the hybrid policy esti-
mates the expected value of V' for each basic policy
m € II, chooses the policy 7= that has the high-
est expected value, and then samples x € XV ac-
cording to *. Here, we study one such policy:
IT = [Train, Teig), With metric V' = Vig. We refer
to the non-train policy as 7 and the metric used to
select m* € [T, Main] at each step as V.

We explore two general methods for estimating
the expected value of V' for each policy 7*: history-
based and model-based. We also explore a mixed
approach using a history-based method for iy
and a model-based method for 7.

History In the history-based approach, the model
keeps a running average of empirical values of V'
for candidates previously selected by 7, and 7.
For instance, for history-based hybrid policy
Teig-history (]2, ¥), V' = Wi (see Table 1b). Sup-
pose at a particular step, the basic policy 7* se-
lected by Teig-nistory Chose query x, which received
label y from the informant. Then the history-based
Teig-history WoOuld store the empirical information
gain between p(0 | z,y),p(0 | z,y,z,y) for the
chosen 7*; in future steps, it would then select the
7T € [Miain, 7] With the highest empirical mean
of V, in this case the empirical mean information
gain, over candidates queried by each basic policy.
More formally, let SEMP(7: 2 y) refer to the
mean of observed values V for candidates x; se-
lected by 7 before step ¢, where © € [myain, 7]

Zz’elﬂ V@i, yis 2<;)
| x| ’
where I, = {i | x; was selected by 7,4 < t}.

SEMP (

X, Y) =

V (24, yi; £ ;) denotes Vs score for the i’th data-
point z; selected by 7w under a model that as ob-
serveddata z_;, y ;.

Then at step ¢, the history-based hybrid policies
sample 77* according to:

7 = argmax S*MP(; 2, ).
TE [ﬁ'vﬂ'(rain]

For t < 2, we automatically select 7y, and 7
in a random order, each once, to ensure we have
empirical means for both policies.



Model The model-based approach is prospective
and involves using the current posterior distribution
over model parameters to compute an expected
value for the target metric under the policy. We
define two ways of computing these expectations.
SEXP(Y) computes an expectation over possible
labels y for the candidate x* that will be chosen by
policy 7. We use SPXP®) to score non-train basic
policies 7 because they select z* deterministically
given X, i.e., selecting the inputs that maximize
the objectives described in §3.1. More formally:

SEXPW) (2, y) = E V(e yz,u), 2" ~ 7.
y€[0,1]

SEXP(z) computes an expectation over possible
inputs © € L and assumes a fixed label (y = 1).
We score the train basic policy Tymin With SEXP(2)
because the randomness for 7., 1S over forms in
the lexicon that could be sampled by 7yin, and
labels are always 1. More formally:

SR (rgin; 2, y) = B V(w,y = 1;2,1).
el

In practice, however, we approximate this expecta-
tion with samples from X, since we do not assume
that the model has access to the lexicon used by the
informant. In particular, we model the probability
that a form x is in the lexicon as p(y = 1 | x; 2, y).

Using the policy-specific expectations defined
above, the model-based approach selects the policy
m* according to:

7" = argmax S(m; 2, y).
71'6[7:"771'lra\in]

Mixed Finally, the mixed policies combine
the retrospective evaluation of the history-based
method and the prospective evaluation of the
model-based method. In particular, we use the
model-based approach for non-train 7 (i.e., scor-
ing with SEXP(®)) and the history-based approach
for train policy Ty (i.e., scoring with SEMP):

S(#;z,y) = SEPW (7 2, y),

S(ﬂ'traim Z, l.l) = SEMP (Wtrain§ xz, Zi)v

7" = argmax S(m; 2, y).
TE[R, Mirain]

For ¢t = 0, we always select i, to ensure we
have an empirical mean for 7ry,i,. Table 1 provides
an overview of the query policies described in the
preceding sections.
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4 A Grammatical Model for Phonotactics

We implement and test our approach for a sim-
ple categorical model of phonotactics. The gram-
mar consists of two components. First, a finite set
of phonological feature functions {¢;} : 3T
{0,1}; if ¢i(x) = 1 we say that feature 7 is ac-
tive for string x. This set is taken to be universal
and available to the learner before any data are ob-
served. Second, a set of binary values 8 = {0},
one for each feature function; if #; = 1 then feature
¢ is penalized. In our simple categorical model,
a string is grammatical if and only if no feature
active for it is penalized. 6 thus determines the
language: L = {z : >, 0;(x)¢pi(x) = 0}. We
assume a factorizable prior distribution over which
features are active: p(6) = Hejeg p(#;). To en-
able mathematical tractability, we also incorporate
a noise term « which causes the learner to perceive
a judgment from the informant as noisy (reversed)
with probability 1 — a.

This model is based on a decades-long research
tradition in theoretical and experimental phonology
into what determines the range and frequency of
possible word forms in a language. A consensus
view of the topic is that speakers have fine-grained
judgments about the acceptability of nonwords (for
example, most speakers judge blick to be more ac-
ceptable than bnick; Chomsky and Halle, 1968),
and that this knowledge can be decomposed into
the independent, additive effects of multiple prohi-
bitions on specific sequences of sounds (in phono-
logical theory, termed MARKEDNESS constraints).
Further, speakers form these generalizations at the
level of the phonological feature, since they ex-
hibit structured judgments that distinguish between
different unattested forms: speakers systematically
rate bnick as less English-like than bzick, despite no
attested words having initial bn- or bz-. We reflect
this knowledge in our generative model: to deter-
mine the distribution of licit strings in a language,
we first sample some parameters which govern sub-
sequences of features which are penalized in the
language.

In our model we take {¢;} to be a collection of
phonological feature trigrams: an ordered triple
of three phonological features with values that pick
out some class of trigrams of segments in the lan-
guage (see §5.1 for more details and examples).
Since our phonotactics are variants on vowel har-
mony, these featural trigrams are henceforth as-
sumed to be relativized to the vowel tier, regulat-



Ba§ic Que.lnt.ity Hybrid Basic Basic Policy Selection
Policy ~ Maximized Policy Choices IT | Method  Metric V' yin Score  Non-train score
Train - - EMP EMP
Treig-history HlStOfy I . S
Tunif - ; ) ! nfo gain EXP(z) EXP(y)
Tlabelent  Label entropy Teigrmodel  Ttrain, Teig M?del (Vig, Eq 1) S EMP SEXP(Z)
Teig Expected info gain Teig-mixed Mixed S S
(a) Basic policies (§3.1). (b) Hybrid policies (§3.2).
Table 1: Summary of query policies (§3). SEMP refers to empirical mean. SPXP(¥) and SFXP(*) refer to the

expectation metrics for the non-train 7 and train 7, strategies, respectively. Basic policies select inputs to query
the informant. Hybrid policies choose between a set of basic policies II by scoring them with a metric V' and one of

the scoring functions.

ing vowel qualities in three adjacent syllables. In
order to capture generalizations that may hold dif-
ferently in edge-adjacent vs. word-medial position,
we pad the representation of each word treated by
the model with a boundary symbol “#° — omit-
ted generally in this paper, for simplicity — which
bears the [+ word boundary] feature that the tri-
gram constraints can refer to (following the practice
of Hayes and Wilson, 2008, inspired by Chomsky
and Halle, 1968).

4.1 Implementation details

Our general approach and specific model create
several computational tractability issues that we
address here. First, all policies aside from i,
and 7y in principle require search for an opti-
mal string x within X'. In practice, we consider
X =X1{2,5},i.e, X is the set of strings with 2-5
syllables. This resulting set is still very large, so
we approximate the search over A’ by uniformly
sampling a set of k£ candidates and choosing the
best according to V. We sample candidates by uni-
formly sampling a length, then uniformly sampling
each syllable from the inventory of possible onset-
vowel combinations in the language (with replace-
ment). We then de-duplicate candidates and filter
z, excluding previously observed sequences and
those that were accidental duplicates with items in
the test set.

Second, although the model parameters 6 are
independent in the prior, conditioning on data
renders them conditionally dependent and com-
puting with the true posterior is in general in-
tractable. To deal with this, we use mean-field
variational Bayes to approximate the posterior as
p(0 | z,y) =~ [lpcoall; =1 [ z,u). Weuse
this approximation to both estimate the model’s
posterior (used by Tiapel-ent and Teig) and to make
predictions about individual new examples. See
Appendix D for details.
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5 Experiments

We now describe our experiments for evaluating
the different query policies. We evaluate on two
types of languages. We call the first the ATR Vowel
Harmony language (§5.1), which has grammar that
regulates the distribution of types of vowels, in-
spired by those found in many languages of the
world. The purpose of evaluating on this language
is to evaluate how well our new approach, and
specifically the various non-baseline query poli-
cies, work on naturalistic data. We also evaluate
on a set of procedurally-generated languages (§5.2)
that are matched on statistics to ATR Vowel Har-
mony, i.e., they have the same number of feature tri-
grams that are penalized, but differ in which. This
second set of evaluations aims to determine how
robust our model is to typologically-unusual lan-
guages, so we can be confident that any success
in learning ATR Vowel Harmony is attributable
to our procedure, rather than a coincidence of the
typologically-natural vowel harmony pattern.
These experiments lead to three sets of analy-
ses: in the first (§5.4), we both select hyperpa-
rameters and evaluate on procedurally-generated
languages through k-fold cross validation. These re-
sults can be interpreted as an in-distribution analy-
sis of the query policies. In the second set of results
(§5.5), we evaluate the policies out-of-distribution
by selecting hyperparameters on the procedurally-
generated languages and evaluating on the ATR
Vowel Harmony language. In the last analysis
(§5.6), we evaluate the upper bound of policy per-
formance by selecting hyperparameters and evalu-
ating on the same language, ATR Vowel Harmony.

5.1 ATR Vowel Harmony

We created a model language whose words are
governed by a small set of known phonological
principles. Loosely inspired by harmony systems



common among Niger-Congo and Nilo-Saharan
languages spoken throughout Africa, the vowels
in this language can be divided into two classes,
defined with respect to the phonological feature Ad-
vanced Tongue Root (ATR); for typological data,
see Casali (2003, 2008, 2016); Rose (2018), among
others. In this language, vowels that are [+ATR]
are {i, e}, and have pronunciations that are more
peripheral in the vowel space; those that are [-ATR]
are {1, ¢}, and are more phonetically centralized.
For the sake of simplicity, we restrict the simu-
lated language to only have front vowels. A fifth
vowel in the system, [a], is not specified for ATR.
This language has consonants {p, t, k, q}, which
are distributed freely with respect to one another
and to vowels with the exception that syllables
must begin with exactly consonant and must con-
tain exactly one vowel, a typologically common
restriction. Since consonants are not regulated by
the grammar we are working with, the three binary
features (leaving out [word boundary]) create a set
of 512 possible feature trigrams which characterize
the space of all possible strings in the language.
The syllable counts of words follows a Poisson
distribution with A\ = 2.

The single rule active in this language governs
the distribution of vowels specified for the feature
[ATR]: vowels in adjacent syllables had to have the
same [ATR] specification. This means that vowel
sequences in a word can be [i...e] or [¢...1], but
not [e ...¢e] or [e ...1]. Since [a] is not specified
for ATR, it creates boundaries that allow different
ATR values to exist on either side of it: for ex-
ample, while the vowel sequence [e ...¢€] is not
permitted, the sequence [e ...a ...¢] is allowed,
because the ATR-distinct vowels are separated by
the unspecified [a]. This yielded sample licit words
like [katipe], [tep1], and [qgekatr], and illicit ones
[kekiqal], [titagike], and [qiqika].

Feature trigrams were composed of triples of
the features and specifications shown in Appendix
Table 3, any one of which picks out a certain set of
vowel trigrams in adjacent syllables.

Data We sampled 157 unique words as the lexi-
con L, and a set of 1,010 random words, roughly
balanced for length, as a test set. The model was
provided with the set of features in Appendix Ta-
ble 3, and restrictions on syllable structure for use
in the proposal distribution.
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Informant The informant was configured to re-
ject any word that contained vowels in adjacent
syllables that differed in ATR specification (like
[pekite] or [getatikipe]), and accept all others.

5.2 Procedurally-Generated Languages

We also experimented with languages that share the
same feature space, and thus the same set of 512
feature trigrams, as ATR Vowel Harmony (§5.1)
but were procedurally generated by sampling 16
of the 512 total feature trigrams to be “on” (i.e.,
penalized) and set all others to be off, creating
languages with different restrictions on licit vowel
sequences in adjacent syllables.

Data For each “language” (i.e., set of sampled
feature trigrams to be penalized), we carried out
a procedure to sample the lexicon L, as well as
evaluation datasets. For each set of 16 6 values rep-
resenting penalized phonological feature trigrams,
we created random strings as in Experiment 1, fil-
tering them to ensure that the train and test set are
of equal size, and the test set is balanced for length
of word and composed of half acceptable and half
unacceptable forms.

5.3 Experimental Set-Up

Hyperparameters The model has several free
parameters: a noise parameter « that represents the
probability that an observed label is correct (versus
noisy), and Opyior, the prior probability of a feature
being on (penalized), i.e., pprior(f; = 1). There are
also hyperparameters governing the optimization
of the model: we denote by s the number of op-
timization steps in the variational update." When
s = 00, we optimize until the magnitude of the
change in 6 is less than or equal to an error thresh-
old € = 2¢~7 We also experiment with s = 1, in
which we perform a single update.

We ran a grid-search over the parameter space
of log(log(er)) € {0.1, 0.25, 0.5, 1, 2, 4, 8},
Oprior € {0.001, 0.025, 0.05, 0.1, 0.2, 0.35}, and
s € {1,00}. We ran 10 random seeds (9 for the
procedurally generated languages)? and all query
policies in Table 1 for each hyperparameter setting.
Each experiment was run for 150 steps.

For non-train policies, we generated £ = 100
candidates from X.

!These optimization parameters govern both the model’s
learning and the evaluation of candidate queries for prospec-
tive strategies, i.e., Teig, and the hybrid strategies.

?For the generated languages, seed also governed the “lan-
guage,” i.e., phonological feature trigrams sampled as “on.”



Evaluation At each step, we compute the AUC
(area under the ROC curve) on the test set. We then
compute the mean AUC value across steps, which
we refer to as the mean-AUC; a higher mean-AUC
indicates more efficient learning. We report the
median of the mean-AUC values over seeds.

5.4 In-Distribution Results

Assessing the in-distribution results, shown in the
left column of Figure 2, we see that interactive elic-
itation is on par with, if not higher than, baseline
strategies (top left plot). The difference between
the train and uniform baselines was not significant
according to a two-sided paired #-test, and the only
strategy that performed significantly better than
train after correcting for multiple comparisons was
Info. gain / train (model). This difference is more
visually striking in the plot of average AUC over
time (middle left plot), where Info. gain / train
(model) both ascends faster, and asymptotes earlier,
than train, although with greater variance across
runs. In the bottom left plot of Figure 2, we see
that the numerically-best-performing Info. gain /
train (model) strategy moves rather smoothly from
an initial train preference to an Info. gain prefer-
ence as learning progresses. That is, information in
known-good words is initially helpful, but quickly
becomes less useful as the model learns more of the
language and can generate more targeted queries.

5.5 Out-Of-Distribution Results

The out-of-distribution analysis on the ATR Vowel
Harmony language found greater variance of me-
dian mean-AUC between strategies, and also
greater variance within strategies across seeds (top
center plot). We note that this performance is lower
than what is found in the upper-bound analysis,
since the hyperparameters (listed in Appendix Ta-
ble 2) were chosen based on the pooled results of
the procedurally-generated languages. As in the
in-distribution analysis, we found no statistical dif-
ference between the two baselines, nor between the
Info. gain strategy and uniform, although Info. gain
performed numerically better. In terms of average
AUC over time (middle center plot), we find again
that the top two non-baseline strategies rise faster
and peak earlier than uniform, but exhibit greater
variance.

5.6 Upper Bound Results

Greedily selecting for the best test performance in
a hyperparameter search conducted on ATR Vowel
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Harmony yields superior performance compared
to the out-of-distribution analysis hyperparameters,
as seen in the top right plot in Figure 2. Appendix
Table 2 lists the hyperparameter values used. How-
ever, we found no significant difference between
the stronger baseline (uniform) and any other strat-
egy after correcting for multiple comparisons.

6 Related Work

The goal of active learning is to improve learn-
ing efficiency by allowing models to choose which
data to query an oracle about (Zhang et al., 2022).
Uncertainty sampling (Lewis and Gale, 1994) meth-
ods select queries for which model uncertainty
is highest. Most closely related are uncertainty
sampling methods for probabilistic models, in-
cluding least-confidence (Culotta and McCallum,
2005), margin sampling (Scheffer et al., 2001), and
entropy-based methods.

Disagreement-based strategies query instances
that maximize disagreement among a group of mod-
els (Seung et al., 1992). The distribution over a
single model’s parameters can also be treated as
this “group” of distinct models, as has been done
for neural models (Gal et al., 2017). Such methods
are closely related to the feature entropy querying
policy that we explore.

Another class of forward-looking methods in-
corporates information about how models would
change if a given data-point were observed. Previ-
ous work includes methods that sample instances
based on expected loss reduction (Roy and McCal-
lum, 2001), expected information gain (MacKay,
1992), and expected gradient length (Settles et al.,
2007). These methods are closely related to the
policies based on information-gain that we explore.

Our hybrid policies are also related to previous
work on dynamic selection between multiple active
learning policies, such as DUAL (Donmez et al.,
2007), which dynamically switches between den-
sity and uncertainty-based strategies.

The model we propose is also related to a body
of work in computational and theoretical linguis-
tics focused on phoneotactic learning. Much of
this work, largely inspired by Hayes and Wilson
(2008), seeks to discover and/or parameterize mod-
els of phonotactic acceptability on the basis of only
positive data, in line with common assumptions
about infant language acquisition (Albright, 2009;
Adriaans and Kager, 2010; Linzen and O’Donnell,
2015; Futrell et al., 2017; Mirea and Bicknell, 2019;
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Figure 2: We report three analyses of the toy ATR Vowel Harmony language and our procedurally-generated
languages: in-distribution (left column, see §5.4), out-of-distribution (center column, see §5.5), and an upper-bound
assessment (right column, see §5.6). For each, we report the median and standard error of the mean-AUC over steps
aggregated across runs (top row; numerical values and hyperparameters reported in Appendix Table 2), average
AUC at each step aggregated across runs (middle row), and at each step the proportion of runs where the basic train
strategy was selected by the hybrid strategies (bottom row). Results: In terms of median mean-AUC (top row), our
query strategies are numerically on par with, if not beating, the stronger of the two baseline conditions; statistically,
only the difference between Info. gain / train (model) and uniform was significant in the in-distribution analysis (top
left). Average AUC over time (middle row) shows a similar pattern across all three analyses, with the non-baseline
strategies rising faster and asymptoting sooner than baseline strategies, but usually with greater variance. Finally,
though all hybrid strategies prefer non-train some portion of the time, the Info. gain / train (model) exhibits an
interpretable shift from early preference for frain data to later preference for its own synthesized queries in all three

analyses.

Gouskova and Gallagher, 2020; Mayer and Nelson,
2020; Dai et al., 2023; Dai, to appear). Our work
differs from these in that we are explicitly not seek-
ing to model phonotactic learning from the infants’

point of view, instead drawing inspiration from the
strategy of a linguist working with a competent
native speaker to discover linguistic structure via
iterated querying. Practically, this means that our
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model can make use of both positive and negative
data, and also takes an active role in seeking out
the data it will learn from.

7 Conclusion

We have described a method for parameterizing a
formal model of language via efficient, iterative
querying of a black box agent. We demonstrated
that on an in-distribution set of toy languages, our
query policies consistently outperform baselines
numerically, including a statistically-significant im-
provement for the most effective policy. The model
struggles more on out-of-distribution languages,
though in all cases the query policies are numer-
ically comparable to the best baseline. We note
that a contributing factor to the difficulty of the
query policies consistently achieving a significantly
higher performance than baselines is the small num-
ber of seeds, which exhibit nontrivial variance, par-
ticularly in hybrid policies. Future work may ad-
dress this with more robust experiments.
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A Phonological features for Toy
Languages

As described in §5.1, the ATR Vowel Harmony
language is based on the categorization of vowels
as [+ATR], [-ATR], or unspecified. The features
[high] and [low] also serve to distinguish vowels in
the language, but are not governed by a phonotac-
tic. In contrast, any of the 512 logically possible
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trigrams of specified phonological features may be
penalized for the procedurally-generated languages.
Table 3 displays the phonological features for each
of the vowels in the languages.

B Hyperparameters for
out-of-distribution and upper-bound
analyses

In §5.3, we described the hyperparameters of our
grammatical model and the process by which val-
ues were selected for the out-of-distribution anal-
ysis. These selected hyperparameter values are
presented in Table 2.

C Query Policy Implementation

We now revisit the query strategies introduced in
§3 and describe how they are implemented for the
model described in §4. In particular, under the
described generative model, p(y = 1 | ,z,y) =
Hqub(ac) q(0; =0 | x,z,y), as described above.

Let g, = Hj€¢(z)q(9j =0 xzz,y),ie, g
is the probability of label y = 1 for input x under
the variational posterior; this is equivalent to the
probability of all features in ¢ () being “off”. Let
q9; = q(0; = 1| z,y) indicate the probability of
parameter ¢; being “on” (i.e., penalized) under the
current variational ¢(0). For this model, the quanti-
ties used by the query policies in §3 are computed
as follows:

Label Entropy Policy misperent selects * accord-
ing to:

x* = argmax H(q,), where
rzeX
H(p(y |z, z,u)) = — qylog gy
-1~ Qy) log(1 — Qy)-

Expected Information Gain Policy 7, selects
x* according to:

r* = argmax Vig(z,y = 1;2,y) - gy
reX

+ ViG(%y - 07&72[) : (1 - Qy)7
where V|G is given by

Vie(z, y;z,u) = (H(Q(ej | z,u))
Jjelel

— H(q(0; | x,y,z,y))>,



Out-of-distribution analysis

Upper-bound analysis

Policy log(log(w)) prior s x::;?ZUC Std. err. Policy log(log(ax)) prior s l:rn/lee::f:UC Std. err.
Info. gain / train (model) | 0.5 0.1 oo 0.973 0.004 Info. gain / train (mixed) | 0.25 0.1 oo 0.977 0.010
Info. gain / train (history) | 1 0.1 oo 0.970 0.006 Information gain 0.1 0.025 oo 0975 0.002
Info. gain / train (mixed) | 2 0.2 oo 0.969 0.005 Info. gain / train (history) | 0.1 0.05 oo 0974 0.013
Information gain 0.25 0.025 oo 0.966 0.004 Info. gain / train (model) | 1 0.001 1 0973 0.009
Label entropy 0.1 0.1 oo 0.964 0.009 Label entropy 0.5 005 1 0968 0.011
Train (baseline) 1 0.1 oo 0.947 0.007 Uniform (baseline) 0.5 0.025 1 0.958 0.010
Uniform (baseline) 1 0.1 1 0.940 0.008 Train (baseline) 8 0.35 1 0.932 0.003

Table 2: Hyperparameters for the out-of-distribution analysis (§5.5) and upper-bound analysis (§5.6).

and H is given by

H(q(9;)) = —qo, log qo,

— (1= qo,) log(1 — gp; ).
D Derivation of the Update Rule

We want to compute the posterior p(f|y, x, @),
which is intractable. Thus, we approximate it with
a variational posterior, composed of binomial dis-
tributions for each 6;. We further assume that the
individual dimensions of the posterior (the indi-
vidual components of ¢) have values that are not
correlated. This allows us to perform coordinate as-
cent on each dimension of the posterior separately;
thus we express the following derivation in terms
of ¢q(0;), where i is the index in the feature n-gram
vector.

The variational posterior is optimized to mini-
mize the KL divergence between the true posterior
p(0)X,Y, ) and ¢(0); we do this by maximizing
the ELBO.

The coordinate ascent update rule for each di-
mension of the posterior, that is, for each latent
variable, is:

q(0;) o exp [ Eq-ilog p(6;,0-,y, )]
Given the generative process, we can rewrite:

p(0;,0-i,y, ) = p(6;) - p(0-i) - p(yl|z, 0;,0).

[high] [low] [ATR]
i + - +
I + — —
e — - +
P — — —
a — + 0

Table 3: Phonological features for vowels used in the
toy languages. The feature [word boundary] is omitted
for simplicity, as it has the value ‘-’ for all segments.
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Eq4-i log p(#-;) is assumed to be constant across
values of 6; (expressing the lack of dependence
between parameters), so we can rewrite the update
rule as:

q(6s) o exp [ Eqi[log p(6;)+log p(ylx, 0;, 0-4)]] -

Further, since log p(6;) is constant across values of
q—t, We can rewrite it once more:

q(0;) o< exp [log p(6;) + Eg-i log p(ylx, 0;,0-:)] .

Since our approximating distribution is binomial,
we describe in turn the treatment of each of the two
possible values of 6. First, we derive the update
rule for when the label y is acceptable (y = 1).

We know that there are two subsets of g—¢ cases
where this can happen. In « proportion of them,
vy is a correct label, which can only happen when
0; = 0 forall j # i € ¢(x). This occurs with
probability pay_off = H]’;ﬁiqu(m) q(‘gj = O) There
is also, then, the 1 — « proportion of cases in which
y is an incorrect label, and the true judgement is
unacceptable. Under this assumption, at least 1
feature is on, which occurs with probability 1 —
Pall_oft-

We can rewrite the expectation term to get ap-
proximate probabilities for both the §; = 0 and
0; = 1 cases when y = 1:

q(0; = 0) o< exp [log p(f; = 0)
+ (Pait_oft - 1og @ + (1 — pan_ofr) - log(1 — a))].

If ; = 1, we know that log p(y|z, 8;,0-;) =
log(1 — «) for all g—i, since we know that y must
be a noisy label. Thus:

q(0; = 1) x exp [log p(6; = 1) + log(1 — @)].

We can normalize these quantities to get a proper
probability distribution, i.e. we can set g(6; = 1)
to the following quantity:




Using the expression ¢(6;) as shorthand for
q(6; = 1), this results in the following update rule:

a(6; = 1) = o (logp(6:) — log(1 — p(6,))
1-— oz)'

In practice, we update over batches of in-
puts/outputs rather than single datapoints, i.e.,

— Pall_off - log

a
m;j = Z log(1 — p(6})) + loglog ] ,
J#jEP(ws)

q(6;) = o(logp(6;) — log(1 — p(6;))
— ) yi - exp(myy)).

i<t

We update each ¢(6;) either for a fixed number
of steps s, or until convergence, i.e., when:

5+1 )
Z G — 4| <6
J€lo]

where € is an error threshold.
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Abstract

Even though languages can express a wide
range of quantifiers, only a small number are
ever realized as morphologically simplex de-
terminers: every, no, some, and most. This is
puzzling because 1) most is much more com-
plex than the other three, and 1) quantifiers like
an even number are simpler than most yet can-
not belong to this class. Building on concepts
from subregular complexity, I present a new
way of measuring a quantifier’s complexity in
terms of its verification pattern. The quanti-
fiers every, no, some, and most all have strictly
2-local (SL-2) verification patterns, but quanti-
fiers like an even number do not. This suggests
that subregular complexity, and in particular
strict locality, plays a crucial role for how much
meaning can be packed into morphologically
simplex expressions.

1 Introduction

The literature on generalized quantifiers (see
Keenan and Westerstahl 1996, Peters and West-
erstahl 2006 and references therein) considers a
wide range of quantificational expressions, from
every, no, and some to not all, all but one, most, at
most half, an even number, a third, between two
and eight, or more - than. It is noteworthy, though,
that across languages the majority of these expres-
sions are structurally complex, involving multiple
words or morphemes. For instance, there seems
to be no language with a single word that has the
same meaning as not all. This is particularly well-
documented in the case of determiners. Among
D-quantifiers, i.e. quantifiers that function as deter-
miners, the only simplex ones (modulo agreement
markers) are realizations of every, no, some, and
most, although not all of them are instantiated in
every language.

Surprising as this may be, it becomes even
more puzzling once one considers the complex-
ity of these quantifiers. Semantic automata theory
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(van Benthem, 1986; Steinert-Threlkeld and Icard,
2013) allows us to determine a quantifier’s posi-
tion in the Chomsky-hierarchy of string languages
(Chomsky, 1956, 1959; Chomsky and Schiitzen-
berger, 1963). Many quantifiers are regular, in-
cluding simplex every, no, and some, but also the
morphologically complex expressions not all, all
but one, and an even number. On the other hand,
most belongs to the more complex class of context-
free string languages. If most can be a morphologi-
cally simplex D-quantifier (MSDQ), why isn’t this
possible for some quantifiers of lower complexity?

Recently, I set out to refine this picture in Graf
(2019b) by drawing from work on the subregular
complexity of patterns in phonology, morphology,
and syntax (see Chandlee 2017, 2022, Heinz 2018,
Dolatian and Heinz 2020, Graf 2022a,b, Hanson
2023a,b, and references therein). I argued that
among the regular quantifiers, every, no, some, not
all, and all but one are particularly simple because
they belong to the subregular class of tier-based
strictly local languages (Heinz et al., 2011; Lam-
bert and Rogers, 2020), whereas an even number
does not. While this explains how an even number
differs from these quantifiers, it still does not ex-
plain why not all and all but one cannot be MSDQs,
and it actually widens the complexity gap between
most and the other MSDQs.

In this paper, I propose that the contradictory
complexity results are resolved by adopting verifi-
cation patterns as a new string model of quantifier
interpretation. A verification pattern for quantifier
@ encodes instructions for how the elements of
the domain can be arranged to easily determine
whether the statement expressed by () is true. The
complexity of () is equated with the complexity
of the simplest possible verification pattern for Q).
The MSDQs every, no, some, and most all have
strictly 2-local verification patterns, but an even
number does not. Verification patterns thus place
the attested MSDQs within the same complexity
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class while correctly excluding many other quanti-
fiers.

The paper is laid out as follows. After a brief dis-
cussion of the notion of quantifier languages from
semantic automata theory (Sec. 2.1), I define what
it means for a string language to be strictly k-local
(Sec. 2.2). I then define verification patterns as an
alternative to quantifier languages (Sec. 3.1) and
show that all MSDQs have SL-2 verification pat-
terns, in particular most (Sec. 3.2 and 3.3). But not
all quantifiers with SL-2 verification patterns are
MSDQs, and Sec. 3.4 proposes several conditions
that separate the MSDQs from the other quantifiers
in this class. The paper concludes with some ten-
tative observations on how this approach could be
extended to handle infinite domains, various prag-
matic effects, capture typological frequency effects,
and cognitive parallels to syntax (Sec. 4).

2 Background

2.1 Semantic automata and the typology of
quantifiers

Generalized quantifiers like every, no, some, and
most are formally modeled as type (1,1) quanti-
fiers, i.e. as functions that take two sets A and B
as arguments and return a truth value depending on
whether a specific relation holds of A and B.

Example 1. The quantifier every corresponds to the
function fepery : £ x E — {0,1} (where E is
some fixed set of entities) such that feyery (A, B) =
1iff A C B. In the sentence every cat sneezed, A
is the set of cats and B is the set of entities that
sneezed. The sentence is true iff the set of cats is a

subset of the set of sneezers. J

The semantic automata approach (van Benthem,
1986; Steinert-Threlkeld and Icard, 2013) makes
it possible to recast any type (1,1) quantifier Q
as a string language L over the alphabet {0, 1}.
We also call Lg a quantifier language. Intuitively,
one constructs a binary string s’é such that each
position ¢ of sg corresponds to a distinct element
a; € A, and the symbol at position 7 is 1 if a; €
B and 0 otherwise. Given a quantifier @), then,
fo(A,B) = 1iff s§ € Lg. Crucially, for all
quantifiers discussed in this paper this must hold
no matter how elements are associated to positions,
SO sg € Lg iff Lg contains every permutation of

55.
Example 2. Continuing the previous example, sup-
pose that the discourse salient set A of cats consists
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of Mocha, Murli, and Cinderella, whereas the set
B of sneezers consists of Mocha and Mary. In
this scenario, it is false that every cat sneezed, and
the semantic automata approach expresses this as
follows.

First, Mocha is replaced with 1, whereas Murli
and Cinderella are each mapped to 0. With one 1
and two Os, we can build three binary strings: 100,
010, and 001. The quantifier language of every
consists of all strings that do not contain 0. For if
some element a € A is replaced by 0, then a ¢
B and thus A € B. And in the other direction,
A ¢ B entails that there is at least one a such
that a ¢ B, and hence sg must contain at least
one 0. None of the three binary strings above are
members of Leyery, and thus every cat sneezed
is correctly predicted to be false for the specific

scenario described above. J

With semantic automata, the cognitive complex-
ity of quantifiers can be measured in terms of the
complexity of the computational machinery that is
needed to generate the corresponding quantifier lan-
guages. Tab. 1 lists some well-known complexity
results. Note that many quantifier languages actu-
ally belong to a proper subclass of the class listed
in the table. For example, most could be more ad-
equately classified as a deterministic context-free
language, or even more tightly as a one-counter
language. In Graf (2019b) I showed that every and
no are strictly 1-local (SL-1), whereas some, not
all, and exactly one are tier-based strictly 2-local
(TSL-2) — a large reduction in complexity with
connections to phonology (McMullin and Hansson,
2015; McMullin, 2016; Jardine and Heinz, 2016;
Burness et al., 2021; Mayer, 2021). These refine-
ments do not change the fact, though, that com-
plexity tells us little about what quantifiers may be
MSDQs.

Only four MSDQs are attested across languages:
every, no, some, and most (English one does not
belong in this category because it is a numeral, and
Russian has morphologically simplex half but its
syntactic behavior is that of a noun rather than a de-
terminer). Why should these be the only MSDQs?
Why is it impossible for, say, an even number of to
ever be realized as an MSDQ? Complexity consid-
erations make this even more puzzling: the class
of attested MSDQs contains two that are SL-1, one
that is TSL-2, and one that isn’t even regular, while
excluding many quantifiers of similar or lesser com-
plexity.



Quantifier Definition String constraint Complexity MSDQ?
every ACB no 0 regular Yes/No
every (existential import) ACB&A#0D no 0 and at least one 1 regular Yes/No
no ANB=10 no 1 regular Yes
not all AZB at least one 0 regular No
some/at least one ANB#0 at least one 1 regular Yes
exactly one [ANB|=1 exactly one 1 regular No
an even number of |[ANB|mod2 =0 an even number of 1s regular No
half |[ANB| =|A— B| an equal number of 1s and Os context-free No
most |[ANB| > |A— B more 1s than Os context-free Yes
less than half |[ANB| < |A- B| fewer 1s than Os context-free No
at least one third 3-|[ANnB| > |4| at most three times more Os than 1s context-free No
a prime number of |AN B| is prime a prime number of 1s context-sensitive No

Table 1: A list of common quantifiers with their set-theoretic definition, the string constraint instantiated by their
quantifier languages, the complexity of said quantifier language, and whether the quantifier can be expressed as a

morphologically simplex determiner

While the goal of Graf (2019b) was to resolve
this tension, it actually exacerbates it. On the pos-
itive side, the paper showed that an even number
is more complex than every, no, some, and not all,
and it observes that among those four, not all differs
from the three MSDQs with respect to a specific
monotonicity property. But the existence of mor-
phologically simplex most is still very surprising
considering that its quantifier language is not even
regular, let alone SL-1 or TSL-2. Following the
credo that one person’s modus ponens is another’s
modus tollens, Graf (2019b) presents this as addi-
tional evidence for the proposal by Hackl (2009)
that most is built up from multiple parts and hence
not an MSDQ. But this just begs the question why
this option of camouflaging multiple parts as an
MSDAQ is unavailable for, say, not all or an even
number. The account in (Graf, 2019b) thus fails
to reconcile the absence of morphologically sim-
plex not all with the existence of morphologically
simplex most, in particular as the latter has a much
more complex quantifier language than the former.

As I will show in Sec. 3, though, the complexity
landscape changes greatly if quantifier languages
do not need to be closed under permutation. While
the complexity of an even number remains the
same, most becomes SL-2 and now is a natural
fit for the other three MSDQs. In order to fully
appreciate what this means, we have to properly
define what it means for a string language to be
SL-2.

2.2 Strict locality over strings

Intuitively, a string language is strictly k-local (SL-
k; k > 1) iff it can be described by a finite set of
permissible substrings of length k.
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Example 3. Consider the string language L
x(10)*x, which contains the strings xx, x10x,
x1010x, x101010x, and so on. We can describe
L in terms of five permissible bigrams: xx, X1,
10, 01, and 0. Every string in L contains only
these permissible bigrams (though not necessarily
all of them), and every string outside L necessarily
contains at least one bigram that is not one of these
five permissible bigrams. Since the permissible
substrings are of length 2, L is SL-2.

_I

There is an equivalent characterization of SL-k
in terms of forbidden substrings (as long as k >
1), but the definition with permissible substrings
will be easier to use for the purposes of this paper.
More specifically, we will define SL-k in terms of
positive SL-k grammars.

Given a (finite) alphabet 3, we use >* to denote
the set of all possible strings over X, including
the empty string €, and X7 for X* without . We
furthermore use X g to denote X U {x, x }, where
X, X ¢ X are left edge and right edge markers,
respectively. For any k& > 1, 2% C % is the
set of all strings over X whose length is exactly
k. If ¥ contains exactly one symbol o, then we
write 0%, o*, o+ instead of {o}*, {¢}*, and {5} T,
respectively. Given a string s, w is a k-factor (or
k-gram) of s iff w € E’fg and there exist (possibly
empty) strings v and v over X g such that s = uww.
We write f}(s) for the set of all k-factors of string
s; if the length of s is strictly less than &, then f(s)
is undefined.

Definition 1 (Strictly k-local). A (positive) SL-k
grammar over alphabet X is a (possibly empty)
set G C YK . The string language generated by G
is L(G) := {s | fu(x""1sx*1) C G}. A string
language L is SL-k iff there is an SL-k grammar



G such that L(G) = L. A string language L is
strictly local (SL) iff there is some k such that L is
SL-k.

_l

Every strictly k-local string language is regular
as it can be recognized by a deterministic finite-
state automaton where each state memorizes the
k — 1 most recent symbols. However, not every
regular string language is strictly local.

Example 4. Consider the string language L :=
(0* 1 0* 1 0%)*, which consists of all strings over
{0,1} that have an even number of 1s. This in-
cludes ¢, 11, 1111, 111111, and so on. Sup-
pose this language were strictly k-local for some
even k. Then 1¥ € L but 1¥*! ¢ L. But all
the k-factors of x*~11%+1 k=1 (which are x?17
and 17x? for all 4,5 > O such that i + j = k)
are also k-factors of x*~11Fx*=1  With k =
2, for instance, fa(x111x) = {x1,11,1x} =
fa(x11x). Hence every strictly k-local grammar
that generates 1¥ € L also generates 1**1 ¢ L,
and thus L cannot be strictly k-local. Since k was

arbitrary, L is not strictly local. g

In fact, the class SL of strictly local string lan-
guages is maximally weak in the sense that no other
class has been proposed that includes infinitely
many infinite languages and is properly subsumed
by SL. The class SL on its own instantiates an infi-
nite hierarchy — the class of SL-k string languages
is a proper subclass of the class of SL-(k + 1) lan-
guages for all £ > 1. In this paper, I focus on the
very bottom of this hierarchy, i.e. SL-1 and SL-2.!
Since every SL-1 string language is also SL-2, the
latter is the more important class for this paper.
I argue that all MSDQs are maximally simple in
the sense that they have SL-2 verification patterns,
thus resolving the puzzle posed by most.

3 The verificational simplicity of most

We are now ready to formulate the central insight
of this paper: the complexity of quantifiers can
be measured in terms of their verification patterns
(Sec. 3.1), and doing so reveals all attested MSDQs
to form a natural class in the sense that they are
SL-2 verifiable, which means that their verification

'The class SL-0 can be defined but is pathological. The
only possible SL-0 grammar is the empty set (). Depending on
whether one interprets () as a positive grammar or a negative
grammar (i.e. a set of forbidden O-factors), it generates either
the empty language or all of . This is the only case where
the generative capacity of positive and negative SL grammars
diverges, which provides good reason not to include SL-0 in
the definition of SL.
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Figure 1: By rearranging the marbles such that there
never are two white marbles next to each other, Mary
can verify whether most marbles are black without
counting all the marbles or calculating their relative
proportions.

patterns are SL-2 string languages (Sec. 3.2). Ad-
mittedly, this hinges on defining most as at least
half instead of more than half (Sec. 3.3), and addi-
tional restrictions are needed to rule out unattested
MSDQs (Sec. 3.4). But this still marks a significant
step away from the status of most as a complexity
outlier among MSDQs.

3.1 From quantifier languages to verification
patterns

The complexity results in Tab. 1 hold with respect
to quantifier languages that are closed under per-
mutation. The idea behind permutation closure is
that the conditions that a quantifier Q(A, B) im-
poses on A and B hold irrespective of what linear
structure one imposes on A. From a linguistic per-
spective, however, this may distort the cognitive
complexity of quantifiers.

Example 5. Suppose the Assistant Dean of the Of-
fice of Deranged Tasks has taken a bag with an
odd number of marbles in two colors, black and
white, and has meticulously arranged them in a line
that spans across all the rooms of said office. Mary
is then tasked by the Assistant Dean to determine
whether most of the marbles are black. Mary can-
not eyeball the whole line at once or rely on other
heuristics. At first she considers counting, but after
a long day of work she does not want to spend the
mental effort required to keep track of numbers.
Instead, Mary opts for a simpler solution that
does not require counting. She puts all marbles
back into the bag and then builds a new line accord-
ing to the following rules: The first marble must
be a black, and each white marble must be immedi-
ately to the right of a black marble (see Fig. 1). If
Mary ever reaches a point where these rules cannot
be met, then it is not the case that most marbles
are black. She happily reports her findings to the
Assistant Dean, who fires her on the spot for having

altered the meticulous marble arrangement. a

While Mary in our example was under an im-
plicit obligation to keep the order of elements undis-
turbed, this requirement does not hold for the in-
terpretation of quantifiers. The complexity of Lg



expresses how difficult it is to determine the value
of fo(A, B) given an arbitrary order of A. An al-
ternative measure would look at how difficult it is
to define a verification pattern for fg, i.e. a pat-
tern that guarantees that fg(A, B) is true iff the
elements of A can be arranged according to that
pattern.

Definition 2 (Verification pattern). Let Lg be
the (permutation-closed) quantifier language of
some type (1,1) quantifier Q. We call a set Vg
of strings over {0, 1} a verification pattern for Q
iff the permutation closure of Vg is Lg. Given a
class C of string languages, we say that Q is C'
verifiable iff () has some verification pattern V in

C.

Note that while quantifier languages are unique,
a quantifier may have many distinct verification
patterns, which in turn may differ in complexity.

_

Example 6. The set 110* is a verification pattern
for some as its permutation closure is the set of
all strings that contain at least one instance of
1. The set 0*110* is also a verification pattern,
but it is more complex. The verification pattern
170* is SL-2 as it is generated by the positive
grammar {x1, 11,10, 00, 1x,0x }. But 0¥*1T0* is
not SL: for any choice of k, fi(x*~10*xk~1) C
fr(x*=10%F 1 0Fx*~1), and thus every SL-k gram-
mar that generates 0F 1 0¥ € 0*170* also gener-
ates OF ¢ 0*170*. Nonetheless, the existence of
an SL-2 verification pattern for some entails that
this quantifier is SL-2 verifiable.

As we will see next, the shift from quantifier lan-
guages to verification patterns greatly alters the
complexity landscape and brings the complexity of
most in line with other MSDQs.

3.2 SL-2 verification patterns cover the
typology

The class of SL-2 string languages is extremely

restricted in terms of its expressivity. For example,

many phenomena in phonology are strictly local,

but not all of them are strictly 2-local.

Example 7. Intervocalic voicing can be construed
as a phonotactic constraint against sequences where
a voiceless sound occurs immediately between two
vowels. This is SL-3: the set of permissible tri-
grams does not contain any xyz such that z and
z are vowels and y is a voiceless sound. But it is
not SL-2 because, say, illicit asola only contains
bigrams that also occur in as or sola, neither one

of which violates intervocalic voicing. J
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Quantifier 1 0
|Al =0
every v
no v
always true v v

Table 2: All four SL-1 grammars over {1,0} and the
quantifiers that they generate verification patterns for

The verification patterns for MSDQs, however, all
seem to be SL-2.

Consider first the class of SL-1 string languages
over ¥ := {0,1}. For SL-1 languages, we do
not need to add edge markers to the alphabet be-
cause for k = 1, xFlgxh—1 = x1-1gx1-1 =
x9sx9 = s for every string s. Hence there are
only four distinct SL-1 grammars over this alpha-
bet, each one a subset of 3. The empty grammar
allows nothing at all and generates the empty lan-
guage. The grammar {0, 1} allows everything and
thus generates >*. Both are pathological from a
linguistic perspective. The empty language is a
verification pattern for the quantifier that requires
|A| = 0 irrespective of how B is chosen, which
is unlike any generalized quantifier in natural lan-
guage. Similarly, 3* is the verification pattern of
a tautological quantifier @ with Q(A, B) = 1 for
all A and B. The two remaining grammars are
{1} and {0}, which are more interesting. The for-
mer generates all members of 1*, and the latter
generates all members of 0*. These are the veri-
fication patterns for every (without existential im-
port) and no, respectively (since these verification
patterns are already closed under permutation, we
have Veyery = Leyery and Vi, = Ly,). The class
of SL-1 string languages over {0, 1} thus already
furnishes verification patterns for every and no (see
also Tab. 2), and thus every and no are both SL-1
verifiable.

The space of SL-2 grammars is significantly
larger. There are 42 = 16 distinct bigrams in X .
Even though 7 of them can never be members of
f2(xsx) for any string s (e.g. 0, x1, and X X),
this still leaves us with 9 useful bigrams, and hence
29 = 512 distinct grammars. The total number
of verification patterns is smaller because some
grammars generate the same string language, for
instance {xx} and {xx, x1}. Nonetheless the
range of options is too large to discuss all of them
here. Instead, I only consider grammars where
strings must always start with 1 (the grammar con-
tains %1 but not X0 or xx) and strings can end



in 1 or O (the grammar contains both 1x and 0x).
This leaves us with 16 distinct grammars which
differ only with respect to which of the following
four bigrams they contain: 11, 10, 01, 00. Surpris-
ingly, this is enough to generate the verification
patterns for all MSDQs that aren’t SL-1 verifiable,
including most.

Table 3 lists each grammar and the quantifier that
corresponds to the generated verification pattern.
Out of those sixteen grammars, five generate verifi-
cation patterns for unnatural quantifiers: 1), 3), 4),
5), and 11). In addition, all four of 2), 7), 8) and 14)
generate the same verification pattern, which is for
every with existential import (due to the mandatory
1 at the beginning of each string). Finally, 13) and
16) generate distinct verification patterns — 110*
and 1{0,1}", respectively — but since both im-
pose no requirements beyond the presence of at
least one 1, they are both verification patterns for
some. The remaining verification patterns are for
five distinct generalized quantifiers: all except for
at most one, half, exactly one, at most half, and
crucially, at least half/most. So even though we
saw in Sec. 2.1 that L, is much more complex
than Leyery, Lo, and Lgome, their verification pat-
terns are of similar complexity. The property that
holds of every attested MSDQ () is that Vy is SL-
2. In other words, every attested MSDQ is SL-2
verifiable.

3.3 most = at least half?

The reader may object that the discussion so far
incorrectly conflates most with at least half. The
truth-conditional definition of most is usually given
as |[AN B| > |A — B rather than |[A N B| >
|A — BJ; or equivalently, as |A N B| > 3| A| rather
than [A N B| > 3|A|. The standard definition
thus equates most with more than half rather than
at least half. There are several responses to this
challenge.

First, the verification pattern identified with ar
least half/most in Tab. 3 is 17(017)*(0) — the
string must start with 1, may end with 1 or 0, and
1s can be followed by 1 or 0, but 0 cannot be fol-
lowed by 0. If | A| is odd, this pattern necessarily
contains more 1s than 0. Hence the discrepancy
between the verification pattern and the standard
definition only arises with domains of even cardi-
nality. But it is unclear whether the association with
at least half rather than more than half is at odds
with native speakers’ judgments in this case. This
is because native speakers generally expect most
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to indicate that |A N B is noticeably larger than
|A — B|. Hence the standard definition needs to be
augmented with a mechanism such as pragmatic
strengthening or a theory of vagueness in order to
account for the observed behavior (see Carcassi
and Szymanik 2021 for a recent discussion). Once
that modification is made, though, the difference
between |ANB| > |A—B|and |ANB| > |A— B]
becomes immaterial.

Second, it may be the case that speakers expect
verification patterns to use all bigrams in the gram-
mar. In that case, the verification pattern for most
will always include at least one instance of 11 and
thus contain more 1s than Os. This approach will
be discussed in greater detail in Sec. 4.2.

Finally, we could consider a modified verifica-
tion pattern where strings can only end in 1. This,
too, would ensure that there are always more 1s
than Os, and it would not change the fact that most
has an SL-2 verification pattern. However, this un-
dermines one advantage of SL. grammars relative
to finite-state automata, namely that they can easily
be viewed as generators of infinite strings as long
as they impose no constraints on how a string may
end. As will be discussed in Sec. 4.1, this furnishes
a new way to analyze statements like “most nat-
ural numbers are not a multiple of three”, which
are challenging for definitions based on cardinal-
ity. Requiring the verification pattern of most to
both start and end with 1 thus addresses the minor
mismatch in definitions over finite domains, but it
does so at the cost of making it harder to work with
infinite domains.

3.4 Fitting the typology

The shift from quantifier languages to verification
patterns has revealed most to be no more complex
than other quantifiers such as some. Quantifiers
such as a third of or an even number of, on the
other hand, are not SL-2 verifiable (and an even
number of isn’t even SL verifiable, cf. Example 6).
This explains why most mirrors every, no and some
in that at least some languages have morphologi-
cally simplex realizations of most whereas no such
realizations are attested for a third of or an even
number of. What distinguishes every, no, some,
and most from a third of and an even number of is
that the former are SL-2 verifiable.

SL-2 verifiability does not entail, though, that
a quantifier can be an MSDQ. We already saw in
Sec. 3.2 that the class of SL-2 verifiable quantifiers
includes at least five highly unnatural quantifiers.



Quantifier 11 10

1) |[Al=]AnB|=1

2) every (existential import) v

3) 1<|A|<2&|ANB|=1 v

4) |[Al=]ANnB|=1

5) |[Al=]ANnB|=1

6) all except for at most one v v

7) every (existential import) v

8) every (existential import) v

9) half (-/ — 1) v
10) exactly one v
11) |[Al=]AnB|=1
12) at least half/most v v
13) some v v
14) every (existential import) v
15) at most half v
16) some v oV

01 00 Dead ends?  Useless bigrams?
v
v
v v v
v v v
v
v v
v v
v
v
v v v v
v
v
v v v
v v
v v

Table 3: List of quantifiers whose verification pattern only contains strings starting with 1

This was under the additional restriction that strings
must start with 1. If strings are allowed to start with
0, then many more quantifiers are SL-2 verifiable,
including some that are attested but never have a
morphologically simplex realization.

Example 8. The quantifier not all is SL-2 verifiable
as its verification pattern is generated by the SL-
2 grammar {x0, 00,01, 11,0, 1 }. This makes
not all a counterpart to 14) for every in Tab. 3 where
%1 has been replaced with 0. J

It follows that SL-2 verifiability is a necessary prop-
erty but not a sufficient one.

It is tempting, then, to look for additional re-
strictions that prune down the set of all SL-2 veri-
fiable quantifiers to just those that can be realized
as morphologically simplex determiners. Perhaps
unsurprisingly, there are multiple options that differ
slightly in what set they pick out. This is illustrated
in Tab. 3 for those verification patterns that must
start with 1.

If every SL-2 grammar must contain 11, this
rules out all unnatural quantifiers and leaves only
(several versions of) every and some, as well as
most and all except for at most one.

Alternatively, one could require that only the
bigrams with edge markers may be dead ends,
i.e. bigrams that make it impossible to continue
the string.

Example 9. The verification pattern for all except
for at most one is generated by the SL-2 grammar
{x1,11,10,1x,0x }. Here 10 is a dead end. Once
we encounter 10 in a string, we know that we have
reached its end.

Now consider the minimally different SL-2
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grammar {x1,11, 10,00, 1x,0x }, which gener-
ates a verification pattern for some. Here 10 is not
a dead end. If one encounters 10, it is still possible
for the string to continue with an arbitrary number
of 0s. The only dead ends are 1x and 0. J

The intuition behind the ban against dead ends is
that a verification procedure should not be at risk of
getting stuck before all elements have been evalu-
ated. This requirement rules out all unnatural quan-
tifiers and all except for at most one, but leaves half
and exactly one. Interestingly, half has a simplex
realization as a noun in Russian, and depending on
one’s semantic priors exactly one could be taken
to be realized by the numeral one. One character-
ization of MSDQs, then, is as the class of SL-2
verifiable quantifiers whose verification patterns
must start with 1 and whose SL-2 grammars must
not contain dead ends (other than 1x and 0x).

This is just one of many conceivable character-
izations. As an illustration, Tab. 3 also indicates
whether a given SL-2 grammar contains useless bi-
grams. A bigram is useless if it does not appear in
any string generated by the grammar. Forbidding
grammars with useless bigrams eliminates some
but not all unnatural quantifiers, and it rules out sev-
eral variants of every with existential import. This
is not necessarily a good thing as it undermines
some analytical options that are briefly explored in
Sec. 4.5.

Yet another approach would limit the focus to
just the SL-2 grammars 2) for every, 6) for all
except for at most one, 12) for most, and 16) for
some. These can be picked out by positing a hier-
archy 11 < 10 < 01 < 00 such that a grammar
may contain a bigram y only if it also contains



all z to the left of y. Monotonicity requirements
of this kind seem to be common across language
modules (Keenan and Comrie, 1977; Keine, 2016;
Graf, 2019a, 2020; Moradi, 2020, 2021a,b). In
combination with the ban against dead ends, this
monotonicity requirement would only leave every,
no, some, and most, but again at the cost of losing
the analytical options in Sec. 4.5.

In sum, it is certainly possible to formulate ad-
ditional restrictions on SL-2 verifiability to pick
out specific subclasses that more closely match
the attested typology. More work is needed to de-
termine which set of restrictions is the most ele-
gant and insightful. Even without these restrictions,
though, SL-2 verifiability provides a very tight up-
per bound on quantifier complexity while readily
accommodating a large number of natural language
D-quantifiers, including all that can have morpho-
logically simplex realizations.

4 Exploratory remarks

4.1 Claims over infinite domains

One problem of the semantic automata approach is
that it represents the domain A as a string, which
must be finite. Infinite domains would require the
switch to w-automata (Perrin and Pin, 2004). This
issue does not arise with SL-k grammars. Since
SL-k grammars determine the well-formedness of
each string based on its set of k-grams, they can be
easily generalized to also generate infinite strings.
An infinite binary string is a mapping s from the
set N of natural numbers into {x, 0,1} such that
s(n) = x iff n = 0. Infinite strings have no right
edge and thus contain no right edge marker x, but
this does not matter for the SL-2 grammars in Tab. 3
because they contain both 1x and Ox and thus put
not restrictions on the end of a string.
Interestingly, this means that the meaning of
most generalizes immediately from finite domains
to infinite domains. With respect to SL-2 verifiabil-
ity, most states that it must be possible to arrange
the elements of the domain A in such a manner that
0Os are never repeated. Technically this is the case
for both “most natural numbers are not a multiple
of three” and “most natural numbers are a multi-
ple of three”, but the latter requires a much greater
rearrangement of elements relative to the standard
order of natural numbers. Under the plausible as-
sumption that finding such a suitable rearrangement
is cognitively taxing, it is not surprising that speak-
ers are likely to consider the former statement true
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and the latter false.

4.2 Pragmatic strengthening

Quantifiers are subject to pragmatic strengthening.
For example, most is usually interpreted as most
but not all, presumably because the speaker could
have said all instead. Pragmatic strengthening can
be modeled as the requirement that the verification
string must contain all the bigrams listed in the
grammar (assuming the bigram is not useless and
does not contain edge markers). Then a string like
111 would still be a verification pattern for most,
but since it does not contain any instance of 10
or 01, it would also be infelicitous.? In terms of
formal language theory, this corresponds to a step
up from SL to the class of locally testable languages
(McNaughton, 1974).

4.3 Modifying proportions

The proportion of 1s required by most can
be modified by changing the locality do-
main. For instance, the SL-3 grammar {x X
1,%11,111,110,101,011,11%,10x,01x,1 x
X, 0 X X } requires that the number of 1s is at least
double that the number of 0s. This might be yet
another instance of pragmatics going beyond the
limits of SL-2 verifiability in order to strengthen
the meaning of quantifiers. Perhaps the strategy
could also be used to model vague quantifiers such
as many and few.

4.4 Existential import

The analysis in Sec. 3 posits two different versions
of every, one with existential import (with multi-
ple options in Tab. 3), and one without (listed in
Tab. 2). Existential import can be removed from
the SL-2 grammar for a given quantifier by adding
X X to it. Similarly, pragmatics can add existential
import by removing x x. The proper modeling of
existential import has to be left to future work, but
SL verifiability seems to be well-equipped to deal
with the problem.

4.5 Typological frequency

Whereas every and some are common across lan-
guages, no and most are comparatively rare. This
roughly matches the number of verification patterns
we identified for each one of these quantifiers: 5

“This proposal requires that quantifier 6) be treated as yet
another variant of some so that one can correctly capture the
pragmatic strengthening of some to some but not most/all in
cases where only one element of A is not an element of B.



for every, 2 for some, 1 for no, and 1 for most. De-
pending on which constraints on SL-2 grammars
one adds or drops, these numbers may change sig-
nificantly. Additional work is needed before a link
between a quantifier’s typological frequency and
its number of verification patterns can be deemed
plausible, but the possibility is intriguing.

4.6 Parallels to syntax

The key difference between quantifiers languages
and verification patterns is that the latter express the
best case complexity of a given dependency where
the linear order of symbols in the string does not
introduce additional complications. This is compa-
rable to a well-known split in computational syn-
tax that underlies Parikh’s theorem (Parikh, 1966),
the two-step approach (Morawietz, 2003; Monnich,
2006), subregular syntax (Graf, 2022a,b), and also
Minimalist syntax (Chomsky, 1995). They all ob-
serve that the complexity of syntactic dependencies
is contingent on choices of linearization, recasting
syntax as a system of fairly simple dependencies
that interact with a complex system of linearization
requirements.

Example 10. Consider the string language (abc)™,
which is regular. By moving all instances of ¢ to
the end of the string, we obtain the context-free
language (ab)™c™ instead. If in addition we order
all as before all bs, the result is the tree-adjoining
language a™b"c”. Finally, if we allow every pos-
sible permutation, then we get the MIX language,
which is a 2-MCFL (Salvati, 2015). Each one of
these orderings represents a marked step up in com-
plexity.

.

Something similar may hold for quantifiers, with
verification patterns capturing the underlying de-
pendency imposed by quantifiers modulo the ad-
ditional complications of actual verification in a
given scenario.

4.7 The cognitive status of verification
patterns

The parallel to syntax also highlights why verifica-
tion patterns should not be equated with verification
procedures. A verification procedure parses an in-
put into a form that yields a verification pattern. As
experimental results such as Lidz et al. (2011) and
Kotek et al. (2015) arguably observe verification
procedures, not verification patterns, it is not trivial
to make any inferences from the former about the
latter.
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This again mirrors the situation in syntax: a
given grammar formalism, say Minimalist gram-
mars (Stabler, 1997, 2011a), has many different
parsing algorithms ranging from CKY and Ear-
ley (Harkema, 2001) to recursive descent (Stabler,
2011b, 2013) and left-corner parsing (Stanojevi¢
and Stabler, 2018), which in turn must be combined
with one of many conceivable linking theories in
order to obtain predictions for human sentence pro-
cessing (Kobele et al., 2013; Gerth, 2015; Graf
et al., 2017; Lee, 2018; De Santo, 2020; Pasternak
and Graf, 2021; Liu, 2023). Verification patterns
provide a similarly rigorous approach to experi-
mental findings. Instead of intuitive stories about
the processing of quantifiers, we need I) a parsing
algorithm that translates stimuli into strings match-
ing a given verification pattern, and II) a rigorous
linking theory that translates the operations of the
parser into predictions about human behavior.

5 Conclusion

Among morphologically simplex quantifiers that
are determiners (MSDQs), most is an outlier due
to the complexity of its quantifier language. The
picture painted by quantifier languages is mislead-
ing, though. If one does away with permutation
closure and considers verification patterns instead,
complexity is lowered significantly. All MSDQs
have SL-2 verification patterns, and SL-2 gram-
mars furnish several parameters that allow us to
home in on just the class of typologically attested
MSDQs. In addition, SL-2 patterns are extremely
simple and also play a central role in phonology,
morphology, and syntax, revealing quantifiers to be
yet another facet of a very general piece of subreg-
ular machinery that drives language.

The approach presented in this paper is reason-
ably flexible and could possibly be extended to
account for pragmatic strengthening, vague quan-
tifiers and typological frequency effects, among
other things. It is not limited to MSDQs, either.
Future investigations of numerals, modals, and ad-
verbial quantifiers might well confirm (or refute)
the central status of SL verifiability in quantifica-
tion and thus offer deep insights into how complex
a meaning can packed into simplex expressions.
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Abstract

This paper examines the limits of the learn-
ing model for syntactic islands from Pearl and
Sprouse (2013), which challenges linguistic na-
tivist perspectives by suggesting that island ef-
fects can be learned from language input and
domain-general or learned abilities. Our in-
vestigations focus on sentences that would be
ambiguous if there were no island constraints,
where one conceivable interpretation violates
an island constraint. A learner without any
knowledge of islands could incorrectly treat
the island-violating parses of such sentences
as grammatical. We conducted simulations in-
troducing these sentences in the model’s input
and also analyzed their frequency in the child-
directed speech corpora used as the model’s
input. The results show that a small number
of potentially island-violating sentences in the
model’s input impairs its ability to exhibit is-
land effects, and potential island violations oc-
cur frequently enough in children’s input to
degrade the model’s performance.

1 Introduction

Island effects have played a central role in contro-
versies around nativism in linguistics. While many
linguists have argued that they are entirely a con-
sequence of innate linguistic knowledge, Pearl and
Sprouse (2013) offer a different viewpoint. They
developed a computational model that suggests that
these effects can be learned through language in-
put and various abilities which might be learned
or domain-general, such as parsing sentences and
calculating probabilities. This model warrants thor-
ough scrutiny as it represents the first serious at-
tempt to explain how knowledge of islands could
possibly be learned. Understanding the limitations
of this model could be helpful in developing im-
proved models of the acquisition of islands, poten-
tially leading to a more comprehensive understand-
ing of islands overall.
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This paper explores the limits of Pearl and
Sprouse’s model through computational simula-
tions and an examination of children’s linguistic
input. It specifically focuses on how different as-
sumptions about the learner’s intake might affect
the model’s performance. Originally, Pearl and
Sprouse tested their model with adult-like parses
of sentences. Our analysis considers the possibility
that learners could misparse sentences that would
be ambiguous if there were no island constraints.

To understand this issue, consider the sentences
in (1). Sentence (la) is ambiguous because the
wh-phrase could relate to either verb, leading to
different interpretations about thinking or smiling.
In contrast, sentence (1b) only allows the inter-
pretation where “why” is associated with “wonder”
because an island structure blocks the alternative in-
terpretation. But a learner without any knowledge
of islands might not know this about sentence (1b)
and could misparse it in a way where the wh-phrase
relates to the verb inside the island.

(1) a. Why does Leo think that Meredith
smiles?

b. Why does Leo wonder whether Meredith
smiles?

Throughout the rest of this paper, we will use the

term “potential island violation” for a sentence like

(1b), which is unambiguous in English but would

be ambiguous if English had no islands.

Our results indicate that a very small number
of potential island violations in the model’s input
hinders its ability to display island effects, and
children’s input contains a large enough number
of these sentences to degrade the model’s perfor-
mance.

2 A description of syntactic islands

Languages allow certain dependencies to extend
over any number of words or phrases; however,
these dependencies can still be restricted by partic-
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ular structures. The examples in (2) demonstrate
that wh-dependencies can span many clauses, but
example (3) shows that the same type of depen-
dency cannot cross even a single wh-clause. In
these examples and subsequent examples, the un-
derscore represents the position associated with the
wh-phrase (called the gap position).
(2) a. What does Meredith like  ?
b. What does Leo think that Meredith likes
?
c. What does the teacher believe. . . that Leo
thinks that Meredith likes _ ?

(3) * What does Leo wonder why Meredith likes
?
The structures that constrain these dependencies
are called syntactic islands (Ross, 1967). Many
types of structures have been identified as islands,
including complex noun phrases, subjects, coor-
dinate structures, adjuncts, and wh-clauses. Ex-
amples of these are shown in (4)-(8). The island
structure in each example is shown in brackets.
(4) Complex NP: * What did he make [the claim
that the teacher celebrated  1?
(5) Subject: * What do [pictures of ___] make
you happy?
(6) Coordinate structure: * What did she see [the
elephantand __ ]?
(7) Adjunct: * What did you smile [after she said
_
(8) Wh-clause * What did you ask [why she said
_
While these examples focus on wh-dependencies,
islands also affect other kinds of dependencies, in-
cluding tough movement, relative clauses, com-
parative deletion, and clefting. (Chomsky, 1977;
Bresnan, 1975).

Many attempts have been made to create gen-
eral theories explaining a variety of island effects.
These theories vary, with some attributing islands
to grammatical knowledge and others to factors
like pragmatics of questions or sentence process-
ing difficulties. Among the grammatical theories,
one particularly noteworthy example is the Subja-
cency Condition (Chomsky, 1973), which restricts
dependencies to positions separated by no more
than one bounding node. A paraphrased version of
its original definition is given in (9).

(9) Subjacency Condition:
No rule can involve X and Y in the structure:
X b YT
where a and b are bounding nodes.
Often, island phenomena are used to support
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linguistic nativist perspectives because comprehen-
sive theories of islands are stated in terms of highly
abstract linguistic properties which are not directly
observable to learners. Island structures and island-
sensitive dependencies vary widely in their surface-
level characteristics, which makes them difficult to
explain using directly observable properties. How-
ever, a potential concern with such abstract theories
is the learning puzzle they present. Learners must
somehow converge on the same abstract represen-
tations even though many representations can be
compatible with their experience (cf. Chomsky,
1975, Goodman, 1955). Nativist theories address
the puzzle of acquiring such abstract knowledge by
considering it a component of an innate language
faculty.

3 Pearl and Sprouse’s model

Contrasting with theories that attribute island ef-
fects mostly or entirely to innate linguistic knowl-
edge, Pearl and Sprouse (2013) suggest that a sub-
stantial portion of the knowledge resulting in island
effects can be learned through experience. Instead
of relying on innate linguistic knowledge, their
model requires several biases that are possibly ei-
ther learned and domain-specific, or innate and
domain-general. Since linguistic nativism depends
on biases that are both innate and domain-specific
at once, their model could possibly challenge this
perspective.

3.1 The learning process

At the beginning of the learning process, the learner
is able to identify wh-dependencies, which means
knowing that a wh-phrase must correspond to a
gap elsewhere in the sentence. When a sentence
with a wh-dependency is encountered, the learner
parses the sentence into a phrase structure tree and
extracts a sequence of “container nodes,” which are
phrasal nodes in the tree that contain the gap but
not the wh-phrase. While parsing sentences, CP
nodes are subcategorized according to the lexical
item that introduces the CP. Next, the sequence of
container nodes is broken into smaller sequences of
three container nodes, called trigrams. The learner
records the individual frequencies of trigrams and
the total number of trigrams observed throughout
a period of time. A small smoothing constant of
0.5 is added to all trigram frequencies, so even
unobserved trigrams have a frequency of 0.5.

A “grammaticality preference” for a sentence



is calculated by multiplying the probabilities of
all trigrams in its container node sequence. The
probability of a trigram is estimated by dividing its
frequency by the total number of observed trigrams.

Below is a walk-through of the process of learn-
ing and calculating a grammaticality preference,
demonstrated with a specific sentence example.'
(10) Sentence: What do you think she saw?

Parsed sentence:
[cp What do [1p [np you] [vp think [cp
[ip [np she] [vp saw __ 11111
Container node sequence:
IP-VP-CPy-IP-VP
Trigrams:
start—IP-VP
IP-VP-CPpyj
VP-CPy—1P
CPyu—1P-VP
IP-VP-end
Updating trigram counts:
add 1 each trigram count
add 5 to the number of trigrams observed
Calculating a grammaticality preference:
Grammaticality preference =
P(start-IP-VP) x P(IP-VP-CPy) X
P(VP-CPy—IP) x P(CPy—IP-VP) X
P(IP-VP-end)

These learning biases enable the learner to gen-
eralize beyond the input while still avoiding un-
grammatical sentences. Focusing exclusively on
wh-dependencies and container node sequences
ensures that the learner avoids learning from ir-
relevant information. Subcategorizing CPs is a
necessary step in distinguishing certain island vi-
olations from grammatical sentences. Without
this information, whether and adjunct island viola-
tions, which are characterized by CPypetner and CPig
nodes, would be indistinguishable from grammati-
cal dependencies that include CPy, or CPpyp nodes.
Keeping track of trigram probabilities and calcu-
lating the grammaticality of a dependency from
the probabilities of its trigrams allows the learner’s
knowledge to extend beyond the specific sentences
that have been observed. If a new sentence has a
dependency containing frequent trigrams, it is per-
ceived as grammatical even if the whole sentence
or container node sequence has never been encoun-
tered before. Pearl and Sprouse note that although
these biases are conducive to learning, some of

! Grammaticality preferences are not necessarily calculated
after each sentence observation, but the calculation process is
included here for clarity.

them have no other obvious motivation. It’s not
obvious that a learner would know to pay close
attention to small sequences of nodes involved in
wh-dependencies without any prior knowledge that
islands exist. Still, this model is important because
it appears to demonstrate the possibility of acquir-
ing knowledge of islands without innate island con-
straints.

3.2 The model’s input

The input for the model consists of 200,000 con-
tainer node sequences, randomly selected from
a frequency distribution that represents approxi-
mately 21,000 wh-dependencies from four child-
directed speech corpora: the Adam and Eve cor-
pora from the Brown dataset (Brown, 1973), the
Valian corpus (Valian, 1991), and the Suppes cor-
pus (Suppes, 1974). The number 200,000 is
Pearl and Sprouse’s estimate of the number of wh-
dependencies a child would encounter between the
ages of 2 and 5. According to Pearl and Sprouse,
this period spans the time from when children start
recognizing wh-dependencies to when they exhibit
knowledge of islands.

3.3 Measuring the success of the model

Pearl and Sprouse compared the model’s grammati-
cality preferences to adult acceptability judgements
in experiments from Sprouse et al. (2012). Here,
island effects were defined as superadditive interac-
tions between two factors: gap position (MATRIX
or EMBEDDED) and structure (ISLAND or NON-
ISLAND). Example (11) includes different combi-
nations of gap position and structure for whether
islands. The interaction is measured using the
differences-in-differences score, which is calcu-
lated by subtracting the difference in the MATRIX
conditions from the difference in the EMBEDDED
conditions.
(11) a. MATRIX | NON-ISLAND:
thinks that Leo plays piano?
b. EMBEDDED | NON-ISLAND: What does
Meredith think that Leo plays __ ?
c. MATRIX | ISLAND: Who ___ wonders
whether Leo plays piano?
d. EMBEDDED | ISLAND: * What does

Meredith wonder whether Leo plays
?

Who

In addition to whether islands, Sprouse et al.
also tested complex NP islands, subject islands,
and adjunct islands. The results of these experi-
ments show superadditive interactions for all four



Island type MATRIX | EMBEDDED | MATRIX | EMBEDDED | Differences-in-
NON-ISLAND NON-ISLAND ISLAND ISLAND differences

Subject -1.21 -7.89 -1.21 -20.17 12.28

Complex NP -1.21 -13.84 -1.21 -19.81 5.97

Whether -1.21 -13.84 -1.21 -18.54 4.7

Adjunct -1.21 -13.84 -1.21 -18.54 4.7

Table 1: Model’s grammaticality preferences and differences-in-differences for four island types. To maintain
consistency with Pearl and Sprouse’s reported results, all values in this table are presented as log probabilities.

island types. Similarly, Pearl and Sprouse tested
their model on the same sentence types and found
superadditive patterns in the model’s grammati-
cality preference scores for all island types tested.
These scores and their differences-in-differences
are shown in Table 1.

4 Interpreting the model’s results

Before examining the model’s response to poten-
tial island violations, it is important to clarify the
extent of its success to begin with. Although the
original results demonstrate the model’s success
at displaying island effects for four specific island
types, it remains unclear whether it achieves a true
separation of island structures from all other struc-
tures.

The model’s probability-based grammaticality
preference scores are used as replacements for both
acceptability and grammaticality at once, although
the exact relationships between these concepts are
not straightforward (see Phillips, 2013 for discus-
sion). Since the model is not designed to encom-
pass all aspects of acceptability judgements, there
are noticeable differences between its scores and
true acceptability judgements. For example, ex-
periments from Sprouse et al. (2012) show that
the presence of an island structure outside a wh-
dependency affects acceptability, but the model
does not display this pattern because it ignores all
properties of a sentence other than the nodes in
its dependency. This might be appropriate if the
model is only supposed to detect differences in
grammaticality; however, the model also seems to
capture some acceptability judgement patterns that
go beyond grammaticality alone, such as the effect
of a dependency’s length. In general, the model as-
signs lower scores to longer dependencies because
it involves multiplying many probabilities between
0and 1.2

>The model’s preference for shorter dependencies might
initially seem desirable, since acceptability judgements share
this pattern. However, the underlying reasons for these prefer-

ences are quite different. Long dependencies are rated as less
acceptable because of parsing difficulties that are unrelated
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Since it is unclear which exact components of ac-
ceptability judgements the model’s scores are sup-
posed to represent, it could be more productive to
focus on the broader idea that learning to identify is-
lands involves separating them from all other struc-
tures in some way. If there is a detectable pattern in
the input that distinguishes islands from non-island
structures, then the model’s scores should reflect
this distinction somehow, regardless of how exactly
they relate to acceptability and grammaticality. Ac-
cording to Pearl and Sprouse, the definition of an
island effect is a superadditive pattern. So, islands
should be associated with stronger superadditive
patterns than non-island structures if the model is
successful.

Using this definition, the model does not achieve
a perfect separation of islands from other structures.
Superadditive patterns appear even when compar-
ing sentences without island violations, suggesting
that this measure is susceptible to false positives.
Because the model is unaffected by island struc-
tures outside of wh-dependencies, the differences-
in-differences measurement effectively reduces to
a single difference, and a superadditive pattern ap-
pears with any difference at all between two prob-
abilities. Since the model prefers shorter depen-
dencies, and trigram probabilities naturally vary
widely, these differences appear in nearly any pair
of sentences compared. Table 2 presents a variety
of similarly acceptable sentence pairs whose differ-
ences in grammaticality preference scores exceed
those associated with island violations.> Although
it might be impractically difficult to create a com-
plete model of acceptability judgements, verifying
the model’s success still requires an explanation of
why its superadditive effects are relevant in situa-
tions involving island violations but not in others.
Without this explanation, it seems that the model

to probability (Gibson, 1998; Sprouse, 2020). By attributing
these low ratings entirely to probability, the model possibly
overestimates the impact of probability on acceptability.

3 Although we haven’t run experiments showing that these
sentences are similar in acceptability, it seems unlikely that
they would show differences as large as true island effects.



Sentence 1 Sentence 2 Difference in grammaticality preferences
What did she think he saw? What did she think that he saw? 6.61
IP-VP-CPy;—IP-VP IP—VP-CPyy—IP-VP

What did she think about? What did she think about seeing? 10.43
IP-VP-PP IP-VP-PP-IP-VP

What did she see? What did she see a picture of? 9.93
IP-VP IP-VP-NP-PP

What was she hoping to see? ‘What was she happy to see? 14.77
IP-VP-IP-VP IP-VP-AdjP-IP-VP

What did she want him to see? What did she hope for him to see? 11.08
IP-VP-IP-VP IP-VP-CPyo—IP-VP

What did she allow him to see? What did she give him a chance to see? 11.64
IP-VP-IP-VP I[P-VP-NP-IP-VP

What did she think he saw? ‘What did she feel like he saw? 7.83

IP-VP-CP,u—IP-VP

IP-VP-PP-CP;i—IP-VP

Table 2: Differences in log probabilities of similarly acceptable sentences. Below each sentence is its container

node sequence.

cannot easily distinguish between these.

4.1 Unobserved trigrams

It is possible that slight adjustments to the learning
procedure could result in a clearer separation of
islands from other structures. Pearl and Sprouse
mention an important distinction between island
violations and grammatical dependencies: island
violations always contain at least one trigram that
has never been observed, whereas grammatical de-
pendencies consist of trigrams that have been ob-
served previously, even if infrequently. To differ-
entiate these cases, they suggest calculating gram-
maticality preferences in ways that penalize unseen
trigrams more strongly. For example, instead of
taking the product of trigram probabilities, gram-
maticality preferences could be calculated using
the geometric mean instead, which moderates the
impact of multiplying many probabilities. Another
possible solution is to lower the smoothing constant
to a much smaller number, which further decreases
the probabilities of unobserved trigrams, and con-
sequently any dependencies containing these tri-
grams. A third idea is that the learner could “simply
note the presence of a very low-probability trigram,”
instead of aggregating trigram probabilities.

However, a potential remaining problem with all
of these suggestions is that they all depend on is-
land violations containing unobserved trigrams. If
the model’s input includes even a single island vio-
lation, the model could still fail to differentiate the
island violation from other rare grammatical depen-
dencies even after employing these strategies. This
is particularly likely if potentially island-violating
sentences are parsed incorrectly. The next section
focuses on this issue.
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5 Addressing potential island violations

We explored the impacts of potential island viola-
tions in the model’s input using two approaches.
First, we conducted simulations where we incorpo-
rated varying numbers of possibly island-violating
sentences in the model’s input, regardless of their
presence in children’s actual input. The purpose of
these simulations was to assess the model’s capac-
ity to handle potential island violations and identify
the number of potential island violations that would
cause it to be unable to display island effects. Sec-
ond, we searched through the four child-directed
speech corpora used as input for potential island vi-
olations and included their island-violating parses
in the model’s input. This analysis was intended
to determine the frequency of potential island vi-
olations in children’s input and whether a model
with limited tolerance for island violations could
still succeed.

In both of these investigations, it was necessary
to modify the model’s process for selecting input
container node sequences so that it could accom-
modate ambiguous sentences. Originally, each sen-
tence was represented by a single container node
sequence, and 200,000 sequences were randomly
chosen one at a time from this collection. In our
new setup, sentences are represented as groups of
container node sequences, and the selection pro-
cedure involves selecting a sentence and one of
its possible container node sequences randomly,
meaning each parse for a particular sentence has
an equal chance of being selected. This might over-
estimate the chance that a learner would misparse
potential island violations, but we want to consider
the worst-case scenario to understand the full range



of possibilities (contrasting with Pearl and Sprouse,
who focused on the best-case scenario). In the abso-
lute worst case, learners would consistently choose
island-violating parses, but this situation seems un-
likely. Instead, we are considering a more realistic
worst-case scenario where learners are completely
unbiased.

5.1 Simulations

For each island type, we attempted to include po-
tential island violations with the exact EMBEDDED
| ISLAND container node sequences used by Pearl
and Sprouse. This regime required sentences with
adjunct wh-phrases and verbs inside island struc-
tures. Consequently, it was possible to find such
sentences for all island types except subject islands,
which are typically nominal. Examples of the types
of potential island violations identified are shown
in (12), (13), and (14), along with the container
node sequences of the island-violating parses.
(12) Complex NP island:

Why did Meredith make the claim that Leo

plays piano?

Grammatical: [IP-VP

Island-violating: IP—-VP-NP-CPy,,—IP-VP
(13) Whether island:

Why does Meredith wonder whether Leo

plays piano?

Grammatical: [IP-VP

Island-violating: IP—VP—CPypether—IP—VP
(14) Adjunct island:

How does Meredith smile if Leo plays piano?

Grammatical: [IP-VP

Island-violating: IP-VP-CPy—IP-VP
We conducted a separate simulation for each is-
land type and examined the model’s grammaticality
preference scores for each pair of EMBEDDED | IS-
LAND and EMBEDDED | NON-ISLAND sentences af-
ter including different numbers of island-violating
parses. We ignored the MATRIX gap position con-
ditions because the model always rates them as the
same. The EMBEDDED | NON-ISLAND baseline
for these three island types is IP-VP-CPy,-IP-VP.
The results are displayed in Figure 1 and explained
below.

For whether islands and adjunct islands, includ-
ing just five island violations of each type results
in higher scores for island-violating sentences than
the grammatical baseline. Complex NP island ef-
fects might better withstand island violations in the
input for two reasons. First, the grammatical sen-
tence has an advantage because of its shorter con-
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Figure 1: Grammaticality preferences with varying num-
bers of island violations in the input. Each pair of
points represents the average of 50 repetitions of the
model. Colored areas represent 95% confidence inter-
vals. These charts display raw probabilities instead of
log probabilities for clearer visualization.

tainer node sequence. Second, the two container
node sequences share many trigrams, so observing
island violations actually increases the score of the
grammatical sentence. As a result of these two is-
sues, this island effect is quite persistent; it remains
until approximately 90 potential island violations
are inserted. However, when using alternative mea-



surements that do not favor shorter dependencies,
like the geometric mean, the complex NP island
effect disappears with just five potential island vio-
lations.

While these simulations clearly demonstrate that
whether and adjunct island effects disappear with
a small number of island violations in the input,
interpreting the results for complex NP islands de-
pends heavily on the exact method used to calcu-
late grammaticality preferences. Using Pearl and
Sprouse’s original approach, it might seem like a
small number of island violations has no serious
impact on the complex NP island effect. However,
as explained in Section 4, this approach leads to
difficulties in differentiating between true island
violations and uncommon grammatical dependen-
cies. To achieve a clearer separation, several solu-
tions were suggested which all focus on penalizing
unseen trigrams, since this is the only unique char-
acteristic of island violations that this model can
detect. Because these solutions depend on island
violations containing unseen trigrams, introducing
even very few potential island violations lands us
back at the original problem. For this reason, even
a small number of island violations in the input
might present problems for the model overall.

The reason only five potential island violations
are required to eliminate these island effects is be-
cause the baseline grammatical sequence includes
a rare container node, CPy,, which only appears
twice in the entire input corpus. We selected this
container node sequence to remain consistent with
Pearl and Sprouse’s original tests, but it’s worth
considering what might have happened if we had
used a more common baseline, such as one with
CPpyy1- In this situation, more potential island vio-
lations would be required to undo the island effects,
but the challenge of distinguishing island violations
from rare grammatical dependencies would remain
the same.

5.2 Children’s input

After examining the child-directed speech corpus
used as the model’s input, we found several differ-
ent types of potential island violations, presented
in Table 3.

We included the island-violating container node
sequences for each potential island violation and
retested the model with this revised input. We
tested various island types, including two of the
four types tested by Pearl and Sprouse, excluding
subject and whether islands because of their ab-
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Island type Example sentence Count
Complex NP Adam, how would I 24
know that those are the
wheels that go on here?
Adjunct How can he sit 69
comfortably if you take
all the pillows oft?
Wh How do you know what 35
we find at the carnival?
Extraction from What do you build a 68
NP ship with?
Coordinate How can the tiger be so 151
structure healthy and fly like a
kite?

Table 3: Types and frequencies of potential island viola-
tions in children’s input, with examples from the input
corpus
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Figure 2: Differences in average grammaticality prefer-
ences (transformed to log probabilities) before and after
inserting island-violating parses from children’s input.
Each bar represents the result from 1,000 model runs.

sence in the input corpus. Each test involved a
single comparison of an island violation and a sim-
ilar grammatical sentence. The complete list of
test sentences is shown in Table 4. Figure 2 dis-
plays the model’s grammaticality preferences for
these test sentences before and after inserting the
island-violating parses. These results indicate that
the potential island violations in children’s input
can impair the model’s ability to recognize several
island types, although some island effects remain.

The results for complex NP and adjunct islands
are consistent with the simulation results presented
earlier. The island effect for adjuncts beginning
with “if” disappears entirely because the input con-
tains many instances of these. Adjuncts beginning
with “when,” “while,” and “so” are similarly af-



Island type Non-island sentence Island sentence

Complex NP What did he claim that she saw? What did he make the claim that she saw?
IP-VP-CPy-IP-VP IP-VP-NP-CPyy-IP-VP

Adjunct What did he think that she saw? What did he worry if she saw?
IP-VP-CPyy-IP-VP IP-VP-CPj-IP-VP

Wh What did he think that she saw? What did he wonder when she saw?

IP-VP-CPa-IP-VP
What did he see with?
IP-VP-PP

What did he see?
IP-VP

Extraction from NP

Coordinate structure

IP-VP-CPyhen-IP-VP

What did he see the elephant with?
IP-VP-NP-PP

What did he see an elephant and hear?
IP-VP-VP

Table 4: Test sentences and container node sequences

fected. Other adjuncts exhibit small island effects
with score differences less than 2. The complex
NP island effect only partially remains. The score
difference decreases to 2.31, which is smaller than
many differences found between grammatical sen-
tences.

Similar to adjuncts, wh-islands are also affected,
but not uniformly. Because CPs are subcatego-
rized by their initial words, certain wh-words form
islands while others do not.* Our test sentence con-
tains an embedded clause beginning with “when,”
which appears often enough in the input that the
model does not consider it an island. However, em-
bedded “why” questions are rare, so the model still
treats these as islands.

Some extractions from NPs are grammatical
while others are not, as shown by the examples
in (15), and linguists have not conclusively deter-
mined the underlying distinctions between these
(Davies and Dubinsky, 2003).

(15) a. What did you see [a picture of ___ ]?

b. * What did you see [the elephant with
_
Since they share identical container node se-
quences, the model is unable to differentiate be-
tween grammatical and ungrammatical extractions
from NPs and instead generally rates them low
because they contain uncommon trigrams. This
effect partially remains despite many potential un-
grammatical extractions from NPs in the input, al-
though its size is smaller than some differences
between grammatical sentences. If the model were
enhanced in such a way that it could differentiate
between grammatical and ungrammatical extrac-

*It’s not entirely clear that this is how CPs are subcatego-
rized. According to Pearl and Sprouse, the category depends
on the word that “introduces” the CP, which could mean either
the complementizer or the first word. However, using the
complementizer would cause the model to fail to recognize all
wh-islands because wh-words are not complementizers.
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tions from NPs, potential island violations could
become problematic. There are 68 potential un-
grammatical extractions from NPs compared to
only 8 grammatical ones. The larger number of
ungrammatical extractions suggests that they could
interfere with learning.

The model’s ability to recognize coordinate
structure island violations is uncertain to begin
with. Although our test shows a large difference
for this island type, the probability of a coordi-
nate structure island violation even before adding
island violations to the input is higher than that
of many grammatical dependencies, such as two-
clause dependencies. The difference in our test sen-
tences partially remains after inserting island viola-
tions, probably because the baseline container node
sequence is shorter and overlaps with the island-
violating sequence, similar to complex NP islands
and extractions from NPs. However, its size di-
minishes to a value smaller than some grammatical
sentences display. Every grammatical sentence pair
in Table 2 from Section 4 exhibits a larger score
difference.

In summary, the impact of incorporating island-
violating parses varies: certain adjunct and wh-
island effects disappear entirely; complex NP, co-
ordinate structure, extraction from NP, and other
adjunct and wh-island effects are substantially re-
duced; and subjects and whether-clauses continue
to display island effects. It is important to recog-
nize that these tests were conducted using Pearl and
Sprouse’s original method for calculating gram-
maticality preferences. If we had used alterna-
tive approaches, particularly ones that focus on
unobserved trigrams, any potential island viola-
tions would have removed the island effects en-
tirely. In this situation, only subject and whether
island effects would remain, because only these
islands contain unobserved trigrams.



6 Conclusion

This paper has concentrated on exploring the limits
of Pearl and Sprouse’s model, focusing on sen-
tences with potential island violations. Undertak-
ing this analysis is important because their model
represents a serious effort to explain how knowl-
edge of islands could be learned from experience.
Two potential problems have been identified here:
the challenge of distinguishing true island viola-
tions from grammatical dependencies with low
probabilities, and the possibility that sentences with
potential island violations could be misparsed. Re-
solving these issues is important for a comprehen-
sive understanding of island acquisition.

Of course, our simulations reflect a kind of worst
case scenario by treating each potential island vio-
lation as though each parse had an equal chance of
being selected. It may be that the impact of these
sentences could be reduced by semantic and prag-
matic factors. For example, we can imagine a learn-
ing scenario in which the child uses the discourse
context to estimate the intended interpretation in-
dependent of the parse. Such a child could then
use that interpretive estimate as a factor in deciding
on a parse, possibly lessening the impact of the
potential island violations.

It is also worth noting that the majority of the
potential island violations come from adjunct ques-
tions, where there is not an independent source
(such as argument structure) to identify the extrac-
tion site. It could be that learners down-weight
evidence from adjunct questions precisely because
they lack an independent means of verifying the ex-
traction site. We can also imagine an enriched ver-
sion of the Pearl and Sprouse model that tracks ex-
traction paths separately for argument wh-phrases
and adjunct wh-phrases. Such a model could also
down-weight evidence from extraction paths that
only occur for adjunct wh-phrases, on the assump-
tion that the locality domains for adjunct wh-phrase
should not be less restrictive than the locality do-
mains for argument wh-phrases. Of course, such
a model would be quite distinct in spirit from the
original Pearl and Sprouse model.
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Abstract

We construct two models that encode varying
degrees of context to predict noun phrase or-
der in English dative constructions from their
BERT embeddings. The models can success-
fully predict dative alternations, even without
access to context. They are sensitive to features
such as animacy, definiteness, and pronomi-
nality, suggesting that BERT embeddings en-
code such information. The best-performing
model also shows reasonable success in zero-
shot transfer to predicting genitive alternations,
indicating some understanding of the shared
factors that shape the two alternations. How-
ever, the effects of features on the transfer re-
sults are not always consistent with known in-
fluences on genitive alternations, suggesting
that the model may also be drawing from other
information encoded in BERT’s embeddings.
These findings provide insights into the extent
to which BERT exhibits human-like word or-
der preferences and demonstrate the potential
application of large language models in replac-
ing hand-annotated features for corpus-based
studies of syntactic knowledge.

1 Introduction

In the literature on language and cognition, much
attention has been paid to syntactic alternations:
situations where language users have an apparent
choice between two ways of putting together the
same words without radically altering meaning.
Two such situations that have gained prominence
are the English dative (Bresnan et al., 2007; Bres-
nan and Ford, 2010; Gropen et al., 1989; Theijssen
et al., 2013) and genitive (Rosenbach, 2014; Szm-
recsanyi et al., 2017; Szmrecsanyi and Hinrichs,
2008) alternations, exemplified in (1) and (2).

(1) Dative alternation

a. NP-dative: Bob gives [Alice]iecipient [the
mONEY lheme
PP-dative: Bob gives [the money]iheme

to [A]ice]recipiem
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Genitive alternation

(2)
a. s-genitive: [a car]possessor 'S
[tires]possessum are very durable
b. of-genitive: [the tires]possessum Of [a
car]possessor are very durable

In this paper, we study the processing of the
dative alternation in BERT (Devlin et al., 2019),
in two ways. First, we ask whether pre-trained
BERT embeddings can be used to predict alternant
choice in dative constructions in a corpus of New
Zealand English. We compare models based on
BERT embeddings with different degrees of con-
text to a model based on the array of features identi-
fied as relevant in the linguistic literature, and find
that all models are similarly successful, showing
that BERT embeddings encode information that is
relevant to the dative alternation. Second, we use
the BERT embeddings to assess how the underpin-
nings of the dative alternation may relate to that
of the genitive alternation, by asking how well a
model trained to predict the dative alternation can
be zero-shot transferred to predict the genitive al-
ternation. The degree to which transfer is possible
reflects the degree to which the two alternations are
shaped by shared factors, including both general-
purpose considerations such as accessibility and
construction-specific considerations that are paral-
leled between them (Diessel, 2020).

Studying the dative and genitive alternations
through the lens of BERT has both theoretical and
practical implications. On the theoretical side, it
can help us to model the cognitive basis of prob-
abilistic sentence production and processing pref-
erences, including the extent to which such prefer-
ences are construction-specific and how they can
be learned in a highly general way. On the practical
side, it can allow us to assess the potential of using
large language models to replace time-consuming
hand-annotation of features for corpus-based stud-
ies of syntactic knowledge.

Proceedings of the Society for Computation in Linguistics (SCiL) 2024, pages 52-62.
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2 Background

2.1 The dative and genitive alternations

The dative and genitive alternations have figured
into many proposals about the nature of the cog-
nitive representations and processes that under-
pin syntactic knowledge, production, and process-
ing. For example, rule- (Gropen et al., 1989)
and construction-based approaches (Gries and Ste-
fanowitsch, 2004) to the dative alternation have
appealed to subtle differences in meanings repre-
sented by the verb in each alternant, giving cogni-
tive representations of lexical semantics a central
role. At the other extreme, accessibility-based ap-
proaches (Bock, 1982; MacDonald, 2013) have
appealed to the cognitive bottleneck of serial lex-
ical retrieval and highlighted a tendency to pre-
fer alternants that order easily-retrieved arguments
first, thus downplaying the role of the precise na-
ture of representations in comparison to general
information-processing constraints. In recent years,
corpus, experimental, and modeling investigations
(Bresnan, 2007; Bresnan and Ford, 2010; Theijssen
et al., 2013) have generally supported a middle
ground, in which syntactic production and process-
ing are seen as probabilistic, influenced by an array
of features including both lexical semantics and
determinants of accessibility.

Extensive work has been done in understanding
what factors drive these alternations (Bresnan et al.,
2007; Rosenbach, 2014; Szmrecsanyi et al., 2017;
Szmrecsanyi and Hinrichs, 2008) and how humans
learn these alternations (Bresnan, 2007; Bresnan
and Ford, 2010; Campbell and Tomasello, 2001;
De Marneffe et al., 2012). For both datives and gen-
itives, the alternation can be predicted with high
accuracy through a logistic regression model on
hand-labeled features including the animacy, defi-
niteness, givenness, pronominality, and length of
noun phrase arguments (Bresnan et al., 2007; Szm-
recsanyi and Hinrichs, 2008). While these features
are universally important in determining these alter-
nations in English, they are sensitive to the variety
of English and the era that it is spoken in (Szmrec-
sanyi et al., 2017).

The similarity between datives and genitives is
evident in terms of both semantics and predictive
modeling. In terms of semantics — at least for the
instances that are typically included in alternation
analyses — both can attribute one nominal argument
to another in a possession-type relation: prototyp-
ical genitives state such a relation, while datives
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often express a change in such a relation (Wolk
et al., 2013). This semantic overlap is further evi-
denced by the fact that the dative and the genitive
cases have merged into one in some Indo-European
languages such as Greek or Bulgarian (Catasso,
2011; Stolk, 2015). In terms of predictive model-
ing, both alternations are sensitive to a common
set of features, in similar ways, which is reflected
in qualitatively similar coefficients for such fea-
tures in logistic regression models (Szmrecsanyi
et al., 2017; Wolk et al., 2013). In both datives
and genitives, there are probabilistic tendencies to
order short, animate, and/or definite noun phrase
arguments before long, inanimate, and/or indefinite
ones.

2.2 BERT and syntactic knowledge

BERT (Bidirectional Encoder Representations
from Transformers; Devlin et al., 2019) utilizes
a bidirectional attention-based architecture to cap-
ture dependencies between words. Its design is
particularly well suited for capturing relations be-
tween words that are linearly distant in a stream
of text, which can present issues for traditional
sequence-to-sequence (RNN and LSTM) models.
Such long-distance relations are invoked in prob-
abilistic accounts of the dative and genitive alter-
nations through the comparison of features across
phrasal arguments (e.g., animacy of the recipient
and theme), since those features are typically pri-
marily cued by just one word in a phrase that may
be arbitrarily long. We expect BERT to possess an
understanding of English word order preferences
because previous work has shown that they can
be learned by structurally-simpler RNN models
(Futrell and Levy, 2019).

Past studies have established that BERT’s embed-
dings encode information about syntactic structure
and semantic roles (Jawahar et al., 2019; Manning
et al., 2020; Rogers et al., 2021), including at the
construction level (Tayyar Madabushi et al., 2020).
They also encode information about higher-order
organization of the grammatical system that cannot
be inferred from any single sentence (Papadim-
itriou et al., 2021). This information is represented
in a multifaceted and gradient manner, much like
is posited for human syntactic knowledge, suggest-
ing that insights from human syntactic knowledge
may help us understand BERT embeddings and that
modeling based on BERT embeddings may help us
test hypotheses about human syntactic knowledge.



3 Methods
3.1 Data

Our experiments make use of dative constructions
(for training and testing) and genitive constructions
(for transfer). To control for effects of variety and
era, we restrict our focus to constructions taken
from contemporary New Zealand English, as repre-
sented by the Canterbury Corpus component of the
Origins of New Zealand English corpus (ONZE;
Gordon et al., 2007). These constructions occurred
in sociolinguistic interviews with New Zealand En-
glish speakers born between 1926 and 1987, which
were conducted between 1994 and 2007.

Our data consists of 790 datives (680 NP-datives
and 110 PP-datives) and 1842 genitives (664 s-
genitives and 1178 of-genitives). These are largely
the same constructions contained in the data shared
by Szmrecsanyi et al. (2017), with minor differ-
ences in numbers due to slightly different inclusion
criteria. There are two main differences between
our data and Szmrecsanyi et al.’s: (1) for the da-
tives, our data is focused on contemporary construc-
tions across a wide range of dative verbs, whereas
Szmrecsanyi et al.’s data includes historical con-
structions and is restricted to datives involving the
verb give; and (2) for both the datives and gen-
itives, our data contains a brief context for each
construction, consisting of the entire line in the
corpus from which the construction was extracted,
whereas Szmrecsanyi et al.’s data has no context
for New Zealand English constructions.

We preprocessed the data by removing transcrip-
tion annotations that marked pauses, hesitations,
and disfluencies. We kept filler words such as ‘um’
and ‘uh’, which are argued to be planned compo-
nents of an utterance (Clark and Fox Tree, 2002).

3.2 Models

We use two models to predict the relative order
of two arguments in a dative construction. Both
models consist of a binary classifier that uses pre-
trained BERT embeddings as input. The embed-
dings used by each model represent different syn-
tactic entities and have access to different amounts
of context. The contextless model uses embeddings
that represent the phrasal arguments, each taken in
isolation without consideration of the construction
or any broader context. The preference model uses
embeddings that represent different alternants of
the entire construction, considered within a broader
context. The corresponding formulations of the
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Figure 1: Extraction of embeddings for the contextless
model (a)

prediction task undertaken by each model are as
follows:

(a) CONTEXTLESS: predict phrase order from
out-of-context phrasal embeddings. Given
the BERT embeddings of the recipient and
theme extracted in isolation, i.e. the embed-
dings of BERT("[CLS] [recipient] [SEP]") or
BERT("[CLS] [theme] [SEP]"), determine the
order in which the noun phrases appear in a
dative construction. See Figure 1 for an illus-
tration of the recipient and theme embeddings.

(b) PREFERENCE: predict attested alternant
from contextual construction embeddings.
Given the BERT embeddings of both alter-
nants of a dative construction extracted in
context, i.e. the average of embeddings
over the bolded tokens in BERT("[CLS] [con-
text] [verb] [recipient] [theme] [SEP]") and
BERT("[CLS] [context] [verb] [theme] to [re-
cipient] [SEP]"), determine which alternant
is attested. See Figure 2 for an illustration of
the attested and unattested construction em-
beddings.

The classifier in each model is implemented as a
multilayer perceptron with a single hidden layer of
size 64 and a sigmoid output layer. For the context-
less model, the input is the embedding of the theme
concatenated to the embedding of the recipient, and
the expected output is O if the input is from an NP-
dative and 1 if the input is from a PP-dative. For
the preference model, the input is the embedding
corresponding to the PP-dative concatenated to the
embedding corresponding to the NP-dative, and the
expected output is 0 if the NP-dative is attested and
1 if the PP-dative is attested.

Each classifier is trained with a binary cross-
entropy loss function, via stochastic gradient de-
scent with learning rate 0.01 over 25 epochs. The
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Figure 2: Extraction of embeddings for the preference model (b)

training set for each classifier consists of the same
fixed sample of 50 NP-datives and 50 PP-datives,
and the held-out test set consists of the same fixed
sample of 60 NP-datives and 60 PP-datives. These
sizes were chosen to maintain a balance between
NP- and PP-datives in training and testing; they are
forced to be small by the fact that the data contains
only 110 PP-datives. Despite the small size of the
training set, we show that the dative alternation can
still be reliably predicted without overfitting.

3.3 Embeddings

The embeddings used as input to the models are
obtained from the pretrained BERT-base-uncased
model. To obtain a single embedding for a phrase
or construction, we average the embeddings of all
tokens it contains.

For both models, the embeddings are obtained
from text sequences that are not single, com-
plete sentences. Since BERT is trained on com-
plete sentences, the embeddings therefore repre-
sent unaccounted-for situations and may not be
entirely robust. Nevertheless, this situation is un-
avoidable for various reasons. In the contextless
model, embeddings are obtained from phrases, par-
alleling the use of decontextualized phrases in anal-
yses using hand-labeled features; using complete
sentences would introduce context, breaking this
parallelism, and would allow the model to ‘cheat’
by referring to information about the relative posi-
tion of the phrases in position embeddings. In the
preference model, embeddings are obtained from
lines in the transcripts of a spoken conversational
corpus, which may correspond to a fragment of
a sentence or several sentences; using complete
sentences is not feasible as the transcripts do not
indicate sentence boundaries, since utterances in
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spontaneous speech are not consistently structured
into sentences (e.g., Miller and Weinert, 1998).

The BERT model has a lexical layer (layer 0)
and 12 Transformer layers (layers 1-12), meaning
that it can produce 13 embeddings for each token,
each integrating context to different extents. Our
analysis compares the results of using these differ-
ent embeddings in each model. Thus, we train 26
distinct classifiers in total, corresponding to each
of the two prediction tasks (a) and (b), and each
BERT layerl =0,1,---,12.

4 Experiment I: Predicting the dative
alternation

In our first experiment, we examine how well the
two BERT models are able to predict the dative
alternation in the test set. In this examination, we
consider the BERT models relative to a logistic
regression model based on hand-labeled features,
which is the predominant model used to analyze
and interpret the alternation in past literature (e.g.
Bresnan et al., 2007; Szmrecsanyi et al., 2017).
This baseline both establishes how to interpret the
performance of the BERT models and highlights
the features that are particularly predictive in our
training data.

4.1 Baseline logistic model

The baseline logistic regression model is trained
on the same balanced training set of 100 dative
constructions as the BERT models. Like the con-
textless BERT model, it receives representations of
the recipient and theme as input and must predict
the order in which they occur, where the expected
output is 0 if the recipient comes first (NP-dative)
and 1 if the theme comes first (PP-dative). How-
ever, unlike the contextless model, the input repre-



sentations it uses are not machine-learned embed-
dings but rather vectors of hand-labeled features,
derived from variables that have been established
as relevant in past work. These variables include
definiteness (indefinite or definite), pronominality
(nonpronoun or pronoun), animacy (inanimate or
animate), and number (plural or singular) of both
the recipient and the theme, person (nonlocal or lo-
cal) of the recipient, concreteness (nonconcrete or
concrete) of the theme, and the length difference in
orthographic words between the recipient and the
theme (log recipient.length — log theme.length).!

For each categorical variable listed above, the
italicized level serves as the reference level; that is,
the italicized level has a feature value of 0, while
the non-italicized level has a feature value of 1. In
each case, the non-reference level is the one that
has been argued to be ‘easier’ for lexical retrieval in
production planning. Consequently, according to
accessibility-based approaches such as Easy First
(Bock, 1982; MacDonald, 2013), in which ‘easy’
elements are ordered before ‘hard’ ones, we ex-
pect recipient-oriented coefficients to be negative
when significant and theme-oriented coefficients
to be negative when significant. Similarly, given
that shorter phrases are ‘easier’ than longer ones,
we expect the length difference coefficient to be
positive when significant.

The coefficients learned by the logistic regres-
sion model are shown in Table 1. They are quali-
tatively consistent with results from Bresnan et al.
(2007) in terms of both directionality” and signifi-
cance. There is only one difference, in that recip-
ient definiteness is significant in Bresnan et al.’s
results but not in ours; this is likely due to the differ-
ences in training data size. This difference notwith-
standing, the coefficients are consistent with expec-
tations from Easy First, indicating that Easy First
preferences are learnable from our training set.

4.2 Results: model comparison

The baseline logistic regression model achieves
an accuracy of 0.86 on the test set. The context-
less BERT model achieves a similar accuracy and
the preference BERT model far exceeds it, in both
cases regardless of the BERT layer that is used to

'Note that our list of variables differ from that of Bresnan
et al. (2007), since we have only included variables pertain-
ing to the recipient and theme and have omitted variables
pertaining to the dative verb.

2Note that our coefficients are designed to have the oppo-
site signs to those reported by Bresnan et al. (2007), because
we have chosen opposite reference levels.
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Table 1: Logistic regression coefficients learned from
the training set; bolded coefficients are significant at
p < .05

Coeff z
constant 1.71
rec.def -0.20 -0.65
rec.pron -231 4.5
rec.person 0.31 0.67
rec.anim -0.67 -2.23
rec.number 0.62 1.55
thm.def 1.00 1.99
thm.pron 095 232
thm.anim 0.00 0.03
thm.number -0.15 -0.37
thm.conc -0.25 -0.50
length diff (log) 142 1.69
1.00
0.95
g 0.90
<
é 0.85
0.80 -
—A— Contextless
Preference
0.75 T T T T T T
0 2 4 6 8 10 12

Figure 3: Dative alternation prediction accuracy on the
test set by layer

provide input embeddings (Figure 3). In all cases,
the accuracies are far above those expected from
random chance (0.5), indicating that any overfitting
due to the small size of the training set is limited.

At the best BERT layers, the contextless model’s
prediction accuracy is 0.88, which exceeds that
of the baseline logistic regression model. As the
confusion matrices in Table 2 show, the pattern of
responses from the contextless model is very sim-
ilar to the pattern from the baseline model. Thus,
the use of contextless BERT embeddings yields
classifications that are equivalent to, or better than,
the use of hand-labeled features, at a fraction of the
annotation cost.

The predictions made by the contextless model
are also highly consistent with those made by the



Table 2: Confusion matrices for the logistic model and
contextless model on the dative test set

True Labels
NP PP | Total
Logistic NP 53 10 63
Predictions | PP 7 50 57
Contextless | NP 56 10 66
Predictions | PP 4 50 54
Total 60 60 120

logistic model. The models agree on all but 7
constructions in the test set, consisting of 5 NP-
datives that are correctly predicted by the context-
less model but not by the logistic model and 2 PP-
datives that are correctly predicted by the logistic
model but not by the contextless model. Thus, the
similarity in overall accuracy reflects a similarity
in predicting individual alternations, which may
imply that the contextless model is self-discovering
sensitivities to a similar set of features as the logis-
tic model (i.e., those listed in Table 1).

The preference model does even better than the
contextless model, with near-perfect3 accuracy on
the test set over several BERT layers. We suspect
that this increase in performance of the preference
model over the contextless model is due to its in-
corporation of information about the dative verb
and the broader context. Because the accuracy is
so high, we do not decompose it further.

5 Experiment II: Zero-shot transfer to
genitives

Section 4 showed that the BERT models could suc-
cessfully predict the dative alternation. In particu-
lar, the preference model showed near-perfect clas-
sification performance on the test set. Here, we ask
whether this best-performing model seems to have
learned preferences that are specific to the dative
alternation or more general preferences that also
apply to the genitive alternation.

5.1 The transfer setup

To enact transfer, we created input embeddings for
the genitive data in the same way as for the dative
data Section 3.3, under the alignment of s-genitives
with NP-datives and of-genitives with PP-datives.

3We do not interpret accuracies of 1 as ‘perfect’ due to the
limited sample size of the test set. In a larger and more diverse
test set, we expect the preference model’s accuracy to be high
but not quite this extreme.
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Table 3: Confusion matrices for the adjusted outputs of
the preference model on the genitive dataset

True Labels
S Of | Total
Preference | S 489 312 801
Predictions | Of 175 866 | 1041
Total 664 1178 1842

That is, for each attested genitive in our dataset,
we manually created its unattested alternant and
obtained embeddings for both the attested and unat-
tested alternants in context. We then formed the
input to the preference model by concatenating the
embedding corresponding to the of-genitive to the
embedding corresponding to the s-genitive.

We measure the success of the transfer by how
well the classifier separates the s- and of-genitive
constructions. To do so, we manually move the
decision threshold by applying an additional linear
translation before the final sigmoid layer. We pick
the threshold value that yields equal accuracy for
s- and of-genitives and treat the overall accuracy
obtained under this threshold as our measure of
success.

5.2 Results: transfer accuracy

The preference model trained on layer 2 of BERT
achieves the best adjusted transfer accuracy of
0.74, which is significantly better than the baseline
accuracy of 0.64 achieved by only predicting of-
genitives (p < 0.001 by exact binomial test). The
confusion matrix of the transfer is shown in Table 3,
and a graph of its prediction outputs over the entire
genitive dataset is shown in Figure 4. While the
model is able to separate s- and of-genitives fairly
well, suggesting that it has learned general order-
ing constraints from datives that are applicable to
genitives, its output probabilities are compressed,
suggesting that these general constraints may yield
only weak preferences that could be further adapted
for specific constructions.

5.3 Association between labels and features

To dig into the general constraints underpinning
the transfer performance, we now consider how
the preference model is influenced by the features
that have been recognized as (potentially) relevant
for predicting both dative and genitive alternations.
These target features are animacy and definiteness
of the possessor (recipient), animacy of the posses-
sum (theme), and difference in argument lengths
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(possessor — possessum)*.

For each target feature, we restrict attention to
a subset of constructions differing only in that fea-
ture, to minimize confounds. The other features
are fixed at levels that maximize the size of this
subset and ensure that each level of the target fea-
ture is (maximally) attested. Then, for each level
of the target feature, we calculate its pointwise
mutual information (PMI) with both the BERT la-
bels predicted by the preference model and true
labels of the chosen alternant in each construction
in the subset. If the associations are consistent
with the principle of Easy First, we expect animate
and definite possessors, inanimate possessums, and
small/negative length differences to yield positive
PMI with s-genitives and negative PMI with of-
genitives, and vice versa for the opposite levels of
each feature. If the preference model has learned
associations that are present in genitives, despite
being trained on datives, then we expect the PMIs
with the BERT labels to pattern similarly to the
PMIs with the true labels.

The results are shown in Tables 4 to 7. The as-
sociations between features and genitive alternant
choice do not consistently align with expectations
from Easy First, either for the alternant labels pre-
dicted by the preference model or for the true labels.
It is hard to know whether this unexpected behavior
indicates a real quirk of New Zealand English or is
just an artifact of the sparse data and/or the specific

*“In order to permit alternation, genitive constructions must
have a definite possessum (Rosenbach, 2014). This definite-
ness can be marked by determiner in of-genitives, but not in
s-genitives (e.g., [the tires] of the car vs. the car’s [tires]). To
account for this difference when calculating length, we fol-
lowed past work (e.g., Szmrecsanyi and Hinrichs, 2008) in not
counting the at the beginning of the possessum in of-genitives.
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levels at which non-target features were fixed.

Regardless, the PMIs with the model’s labels
almost always agree in sign and relative magnitude
with the PMIs with the true labels, which suggests
that the model has learned general associations that
are transferable between the dative and genitive
alternations. The associations seem to be weaker
for the model than for the true labels, consistent
with the idea that general constraints on order pref-
erences are weaker than construction-specific con-
straints. However, the associations with possessor
definiteness (Table 6) appear to be stronger for the
model than for the true labels, which is especially
surprising given that recipient definiteness was not
strongly correlated with alternant choice in the da-
tives training data (Table 1).



Table 4: Transfer accuracy and PMIs on genitive con-  Table 6: Transfer accuracy and PMIs on genitive
structions differing only in possessor animacy. These  constructions differing only in possessor definiteness.
constructions all have definite possessors, inanimate These constructions all have animate possessors, inani-

possessums, and a length difference of 1. mate possessums, and a length difference of 1.
Possessor animacy Possessor definiteness
s-genitive Inanim Anim || Total s-genitive Indef Def Def-pn || Total
# Correct 8 78 86 # Correct 30 78 5 113
# Total 15 100 115 # Total 35 100 10 145
Accuracy 0.53 0.78 || 0.75 Accuracy 0.86 0.78 0.50 || 0.78
of-genitive || Inanim Anim || Total of-genitive || Indef Def Def-pn || Total
# Correct 379 23 402 # Correct 4 23 2 29
# Total 457 28 485 # Total 8 28 3 39
Accuracy 0.83 0.82 || 0.83 Accuracy 0.50 0.82 0.67 || 0.74
BERT-labels PMI || Inanim Anim BERT-labels PMI || Indef = Def Def-pn
s-genitive -0.63  1.20 s-genitive 0.24 -0.04 -0.53
of-genitive 0.19 -1.03 of-genitive -0.66  0.08 0.70
True-labels PMI Inanim  Anim True-labels PMI Indef  Def Def-pn
s-genitive -2.59 2.03 s-genitive 0.05 -0.01 -0.03
of-genitive 0.26 -1.89 of-genitive -0.19  0.05 0.12

Table 5: Transfer accuracy and PMIs on genitive con-  Table 7: Transfer accuracy and PMIs on genitive con-
structions differing only in possessum animacy. These  structions differing only in length difference (possessor

constructions all have animate and definite possessors — possessum). These constructions all have inanimate
and a length difference of 1. and definite possessors and inanimate possessums.
Possessum animacy Length difference
s-genitive Inanim Anim || Total s-genitive <0 =1 >2| Total
# Correct 78 35 113 # Correct 3 8 3 14
# Total 100 46 146 # Total 11 15 5 31
Accuracy 0.78 0.76 || 0.77 Accuracy 0.27 0.53 0.60 || 0.45
of-genitive || Inanim Anim || Total of-genitive <0 =1 >2/|| Total
# Correct 23 1 24 # Correct 88 379 90 557
# Total 28 2 30 # Total 130 457 127 714
Accuracy 0.82 0.50 || 0.80 Accuracy 0.68 0.83 0.71 || 0.78
BERT-labels PMI || Inanim Anim BERT-labels PMI <0 =1 >2
s-genitive -0.06  0.15 s-genitive 048 -0.33 040
of-genitive 0.12 -0.37 of-genitive -0.18 0.09 -0.14
True-labels PMI Inanim Anim True-labels PMI <0 = >2
s-genitive -0.09  0.21 s-genitive 091 -039 -0.14
of-genitive 0.36 -2.03 of-genitive -0.06  0.01 0.01

59



6 Discussion & Conclusion

In this paper, we have presented two models de-
signed to predict dative alternations from BERT
embeddings. In Section 4, we found that the da-
tive alternation can be predicted with high accuracy
from BERT embeddings, and in a manner mostly
consistent with traditional logistic regression mod-
els based on hand-annotated features. In Section 5,
we explored the zero-shot transferability of our
context-aware dative alternation model to genitive
alternations. The transfer was relatively successful,
and we explored both its success and limitations
by analyzing the pointwise mutual information be-
tween assigned labels and features. Our findings
suggest that BERT-based alternation models per-
form comparably to traditional approaches utilizing
hand-annotated features, and that they are capable
of recognizing general principles that yield similar-
ities between the dative and genitive alternations.

Our experiments showcase potential approaches
for understanding how word-order preferences are
encoded in BERT’s embedding space and the ex-
tent to which they are construction-specific. The
success of our preference model in the zero-shot
transfer from datives to genitives suggests that it is
not solely relying on (dative) construction-specific
constraints to derive word-order preferences, but
rather appealing to more general constraints. One
possible such general constraint is Easy First (Bock,
1982; MacDonald, 2013), which showed reason-
able explanation of patterns of alternant choice in
our datives training set. However, the fact that
the transferred model captures the apparent pat-
terns in genitive alternant choices even when they
do not seem to be consistent with Easy First sug-
gests that the general constraints it learned from
the datives cannot be boiled down just to Easy First.
Given that the preference model utilizes pre-trained
embeddings of entire alternants, which plausibly
reflect in some way the extent to which lexical sub-
sequences within that alternant are evidenced in
BERT’s training data, it is possible that the model’s
choices may be influenced by local surprisal statis-
tics based on the different lexical subsequences that
are formed when the noun phrase arguments are
placed in different orders. That is, the general con-
straints being invoked may involve some degree
of ‘episodic memory-matching’ based on BERT’s
pre-training data, as well as consideration of more
abstract features.

One interesting future study could consider a
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direct comparison between the alternation prefer-
ences of the preference model with that of humans.
In the present work, we focused on analyzing the
extent to which our BERT-based models can deter-
mine the order in which humans produce two noun
phrases in dative and genitive constructions. To
what extent does learning to match these categori-
cal production preferences enable the prediction of
gradient human perceptual preferences? Humans
have preferences about reading the arguments in
one order relative to the other, which varies be-
tween individuals and across contexts (Bresnan
and Ford, 2010). By evaluating the similarities and
differences between these preferences and the prob-
abilities output by the preference model, we may be
able to further understand both BERT embeddings
and human syntactic knowledge.

7 Limitations

Although a small training set of 100 dative construc-
tions appears to be sufficient for predicting dative
alternations and for zero-shot transfer to genitive
alternations, we ideally want a larger training set to
improve the robustness of our models. Also, due to
the strong correlation between animacy and alter-
nation type in both the dative and genitive datasets,
obtaining a sufficient number of constructions that
differ minimally in features for the PMI analysis
is challenging. Some of the feature labeling in our
dataset may also be too coarse to capture the gra-
dient nature of the features. For instance, rather
than treating animacy to be binary, Szmrecsanyi
et al. (2017) considers human and animals, collec-
tive, temporal, locative, and inanimate as distinct
categories. All of these data-related issues can add
variability to our analysis.

On the model side, our interpretation of re-
sults has generally made the assumption that our
models are actually making predictions from self-
discovered versions of the features that the liter-
ature has shown to be relevant to the dative and
genitive alternations, rather than from something
else entirely. Although our models’ predictions
are consistent with known associations between
features and alternations, it does not necessarily
imply that they are learning to be sensitive to those
features, since the training labels are themselves
correlated with the features. In addition, we have
interpreted our results very generally, but the re-
striction to contemporary New Zealand English
may limit the generalizability of our findings.
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Abstract

The massive relevance of large language mod-
els, static, and contextualized word embeddings
in today’s research in NLP implies a need for
accounts of how they process data from the
point of view of the linguist. The goal of
the present article is to frame language mod-
eling objectives in structuralist terms: Word
embeddings are derived from models attempt-
ing to quantify the probability of lexical items
in a given context, and thus can be understood
as models of the paradigmatic axis. This re-
framing further allows us to demonstrate that,
with some consideration given to how to formu-
late a word’s context, training a simple model
with a masked language modeling objective can
yield paradigms that are both accurate and co-
herent from a theoretical linguistic perspective.

1 Introduction

It is a truism to say that field of natural language
processing (NLP) has seen profound changes over
the past decade. The development of static neural
word embeddings, the introduction of contextual-
ized embeddings, and their re-branding as large
language models are as many steps along this tran-
sition, and each have yielded many impressive tech-
nical advancements over the prior state of the art.

It is also a truism to say that this technical
progress stems for the most part from an engineer-
ing culture, and that the concerns stressed as more
prominent in NLP have primarily to do with the
maturing technology of deep learning—much of
the ongoing background discussion in NLP cen-
ters on questions such as scaling up (Sutton, 2019),
or defining tasks to solve and metrics to optimize
(Tedeschi et al., 2023; Ganesh et al., 2023). The
current concerns of NLP pertain not to language,
but to what can be achieved through language.

At the same time, there is a sizable body of work
interested in discovering what aspects of language
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are encoded in language models and word embed-
dings alike. Many adopt as their main angle of
research treating language models as or compar-
ing them to language speakers (e.g., Linzen et al.,
2016)—to identify whether they encode some spe-
cific linguistic information (e.g., Hewitt and Man-
ning, 2019; Chi et al., 2020); contrast these models
with what actual speakers do (Bender and Koller,
2020); or characterize what they can and cannot
capture (Merrill et al., 2022; Bouyamourn, 2023).
Underlying all this work on evaluating NLP mod-
els is the linguistic framework they are instances
of—namely, distributional semantics. Tackling this
subjects are technical accounts and surveys (a.o.,
Lenci, 2018), pieces discussing their usefulness to
theoretical linguistics (e.g., Boleda, 2020), works
underscoring the theoretical limitations of distribu-
tional models (e.g., Emerson, 2020), historical re-
views of how this framework has evolved (Brunila
and LaViolette, 2022). Yet, conceptual discussions
of the distributional framework itself are surpris-
ingly hard to find: Proposed extensions of distribu-
tional semantics more often than not focus on in-
corporating extraneous elements from more strictly
formalized frameworks (e.g., Baroni et al., 2014;
McNally, 2017; Herbelot and Copestake, 2021),
rather than conceptualizing and formalizing distri-
butional methods in and of themselves. This fact
is all the more surprising once we factor in that the
impressive successes of modern language models
are achieved through purely distributional means.
In this paper, we build upon Sahlgren (2008),
Gastaldi (2021) and Gastaldi and Pellissier (2021),
who keenly analyzes the links between word em-
beddings, distributional semantics and structural-
ism. We argue here that systems trained on lan-
guage modeling objectives can be understood in
structuralist terms as models of the paradigmatic
axis. Sahlgren, Gastaldi and Gastaldi and Pellissier
also stress the link between structuralism and distri-
butionalism. Unlike Sahlgren and Gastaldi, we do
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not conflate distributional models with vector space
semantics; and whereas Gastaldi and Pellissier con-
nect paradigms and word embeddings through a
reformalization of the concept of paradigm with the
explicit goal of deriving structural representations,
we argue that there is an obvious and immediate
link between the language modeling objective and
a paradigmatic axis and that this relationship can
be attested empirically.

We first include a short historical account of dis-
tributionalism and a more substantiated description
of our suggested framework for embeddings and
language models in Section 2. We then provide
empirical demonstrations of how basic linguistic
considerations can shape the properties observed
in language models in Section 3.

2 Language models and paradigms

We first start by gathering here some key elements
of structuralist theory to provide the reader with
all the relevant context; more thorough accounts
can be found in Brunila and LaViolette (2022),
Sahlgren (2008) and Gastaldi (2021).

Structuralism and the paradigmatic dimension
of language. The birth of structuralism in linguis-
tic is usually attributed to Saussure (1916). One
chief concern underpinning it is the study of lan-
guage for language’s sake (Gastaldi, 2021), which
it achieves by making its central object of study
the structure of the language. In short, the struc-
turalist program, as framed by Saussure (1916),
involves the following tenets: (i) that a language
has a structure relating sound and meaning; (ii)
that this structure can be established by isolating
the signs of this language; and (iii) that to isolate
signs, one needs to show that variation in sound (or
meaning) entails variation in meaning (or sound).
Signs can be related to one another in a variety
of ways; one we are especially vested in is that of
a paradigmatic relation, as formalized by Hjelm-
slev (1971). Simply put, words that compete for
the same position in a context are said to form a
paradigm. Consider for instance ex. (1):

)]

Notice how the word ‘teaching’ could have been
replaced by some other word not attested in ex. (1),
be it ‘writing’, ‘dancing’ or ‘fabulous.” The rela-
tionship between ‘teaching’ and these other candi-
date words is one “in absentia,’ that is, between

I am teaching.
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‘teaches’, ‘teacher’, ‘teach’, ...

terms as members of the sign inventory of a lan-
guage, rather than between terms co-occurring in
a context. This contrasts with relationships that
hold between terms in the same context, usually
referred to as “syntagmatic”’—consider for instance
how in ex. (1) the word ‘T’ is necessary because of
how it relates to the word ‘am,’ that is to say, this
relationship holds “in praesentia.”

The notion of paradigm found in Hjelmslev
(1971) builds upon Saussure’s (1916) conception
of associative series: Saussure highlights that we
can associate series of words based on whether
they share common formal elements (‘teaching’,
), have similar
meanings (‘teaching’, ‘learning’, ‘education’, ...),
or display formal similarities by happenstance
(‘teach’, ‘peach’, ‘beach’, ...). As noted by van
Marle (1984), this entails that Saussure’s (1916)
view is “that the paradigmatic dimension of lan-
guage is simply highly indefinite and undetermined”
(p- 12). The position we defend here is that a
fruitful application of the structuralist concept of
paradigms or series to modern NLP only requires
a Hjelmslevian take on paradigms. In practice, we
will consider a paradigm to be a relationship in
absentia between terms that are equally syntagmat-
ically constrained.

Distributionalism. Distributionalism is a spe-
cific strand of American structuralism best exempli-
fied by the figures of Bloomfield and Harris. Their
main contribution to structuralism is a deeper focus
on what the study of co-occurrences of items (be
they signs, words, morphemes or phonemes) and
their distributional regularities can highlight.

Harris, in particular, had a keen interest in for-
malizing linguistics as an empirical, objective sci-
ence, for which he deemed imperative that obser-
vations be carried out as methodically as possible
(Léon, 2011). A seminal example was provided in
Harris (1954), where he argued that the analysis
of co-occurrences of linguistic elements suffices to
establish a structural description of a language.

One notion of interest in Harris’s work is that of
distributionally substitutable elements: It consists
in the iterative and methodological construction of
sets of predictably interchangeable words. To take
a concrete example, consider the context:

@)

On , the office is open from
9AM through 5PM.

Across a large corpus analysis, we expect that we



might attest several possible nouns referring to days
of the week in the position left blank in ex. (2)—but
nothing else. If, across all contexts we encounter
them, these words are in fact substitutable, we can
group them into a substitution set. This process can
be iterated: For instance, if we have already estab-
lished that days of the week form a substitution set,
we can consider examples such as

3
“

The university is closed this Wednesday.

The library is closed this Sunday.

Here, the contexts of the terms (underlined) can be
equated as their differences only involve variation
within a substitution set; which would therefore al-
low us to group the terms ‘university’ and ‘library’
in another substitution set. Remark that elements
in a substitution set correspond to different paradig-
matic choices (Sahlgren, 2008): In other words,
distributional substitutablity is an operationaliza-
tion of the concept of paradigmatic relationships
based on the distributions of words in context.

Vector space semantics and distributional se-
mantics models. One early key success of the
distributionalist approach was the discovery that
distributional similarity correlates well with word
similarity judgments (Rubenstein and Goodenough,
1965). This is often referred to as the distributional
hypothesis: similar words will occur in similar
contexts.! This novel perspective eventually gave
rise to distributional semantics, the field studying
how (word) distribution differences correlates with
(word) meaning differences. However, to make
good of this insight, one hurdle to overcome was
the computational challenges entailed by a distribu-
tional analysis of an entire corpus. The advent of
vector-based means of representing linguistic items
(Salton et al., 1975; Landauer and Dumais, 1997)

"Harris himself was fundamentally invested in not rely-
ing on meaning and speaker cognition in linguistics (Brunila
and LaViolette, 2022), and conceived distributional as strictly
distinct from (though correlated with) meaning. This sheds
an interesting light on literature surrounding the cognitive
plausibility of distributional accounts of language (Miller and
Charles, 1991; Landauer and Dumais, 1997; Mandera et al.,
2017). Harris’s position is fundamentally at odds with many
of the more successful and better studied linguistic frame-
works: In particular, Chomsky (1965) frames linguistic as a
branch of psychology, which has to be understood as a depar-
ture from distributionalism and structuralism. In that respect,
approaches attempting to reconcile generativism and distribu-
tionalism (e.g., Baroni et al., 2014; Herbelot and Copestake,
2021), have to be put in the light of the distributional seman-
tics enterprise, and have to be understood as departures from
the purely distributional approach of Harris (1954).
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provided the means necessary to carry out distribu-
tional analyses at this scale. As a result, modern ex-
positions of distributional semantics often conflate
vector space semantics and distributional models
(e.g., Lenci, 2018; Boleda, 2020; though not al-
ways, e.g., Erk, 2012). The relation between vector
representations and distributional analyses is, how-
ever, of a contingent nature—while the usefulness
of high-dimensional space for semantic representa-
tions was established early on in computationally
oriented research communities (Salton et al., 1975;
Schiitze, 1992), this need not be the sole means by
which a distributional analysis can be carried out.

The language modeling objective(s). If vector
space models and distributional models should not
be conflated, why then should the current spate
of embedding and language models be construed
as distributional models? A number of the neural
models that are discussed in NLP—and in particu-
lar most embedding and language models—are de-
rived from word—context co-occurrences. In prac-
tice, they try to quantify the probability of a term
given its context, or formally:

p(tlc) )]

where ¢ corresponds to a target term, and c stands
for a context. What constitutes a term and a context
can in principle vary quite a lot: Contexts have
been defined by means of sentences, documents,
paragraphs, or syntactic trees; whereas terms have
been defined either as word, or increasingly com-
monly as word-pieces, and may or may not factor
in spelling information.

Models that do not directly capture the above
often instead compute a related quantity, or an
information-theoretic variant thereof. For instance,
while the CBOW objective of Mikolov et al. (2013)
is explicitly eq. (1), the counterpart skip-gram ar-
chitecture instead models p(c|t); moreover, in prac-
tice, the exact objectives used to trained word2vec,
the negative sampling and hierarchical softmax ob-
jectives, differ from eq. (1). Note however that the
former is simply a reformulation of the probabil-
ity definition, whereas the latter has already been
the subject of much analysis, starting with Levy
and Goldberg (2014) who related it to PMI-based
models. Looking at more recent works, it is also
straightforward to identify the masked language
modeling introduced by Devlin et al. (2019) as
an instance of eq. (1); it also corresponds to the
sentinel-based objective of T5 architectures (Raffel



et al., 2020); whereas the ELECTRA architecture
of (Clark et al., 2020) is explicitly linked to the neg-
ative sampling objective. As for causal language
models, it can be identified as a formulation of the
usual autoregressive objective p(w;|w<;).

In short, many neural and non-neural NLP sys-
tems, as they can be construed as word generators
conditioned on other text, fall within the scope of
eq. (1). That similar objectives have been used to
develop the most prominent tools across the last
decade, from static word embeddings to language
models,? appears an obvious consequence of the
very limited amount of annotations necessary to
set up this objective: The sole requirement is that
terms be identified within their context—i.e., that
the corpus be presegmented in linguistic units.

A definition of distributional models. In what
follows, we consider a distributional model to be
any system that satisfies the following criteria:

(i) given a context, it produces a distribution of
terms, following eq. (1);

(ii) this distribution is derived from corpus data;

(iii) this distribution is applicable beyond the cor-
pus data it was derived from.?

One could consider, as a fourth criterion, requir-
ing that the context does not contain the term—out
of concern that the probability p(¢|c) would degen-
erate to assigning 1 to the attested term ¢ and O to
all other terms. Such a case can only occur if the
context is itself segmented (or segmentable) in lin-
guistic units. Document models (e.g., Salton et al.,
1975; Landauer and Dumais, 1997) would be ruled
out by this fourth criterion.

Distributional models are models of the paradig-
matic axis. This can be established by consider-
ing the following three facts.

First, that the language modeling objective is
fundamentally ambiguous: While it is reasonable
to expect that a well-formed model of eq. (1) tends

2One family of models conspicuously absent are those
trained with human feedback, such as ChatGPT.

3This third criterion might seem somewhat trivial, but it
both reflects the actual practices of the community that builds
said models (assessing generalization capabilities on held-
out data is a central tenet of the NLP methodology), and
constitutes a departure from strict corpus-based accounts of
distributional semantics, including Harris (1954) as well as
more recent developments. For instance, Baroni et al. (2014)
state (p. 247) that “the meaning of content words lies in their
distributions over large spans of texts.”
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to assign greater probabilities to the terms that are
indeed attested in their respective contexts, this ex-
pectation is however defeasible, since speakers may
elect to use terms that are less common or surpris-
ing. Consequently, a model will assign non-zero
probability scores to words other than the actual
attested term: If we were to provide ex. (2) to a
language model, we would not expect it to assign
all its mass to a single term (say “Tuesday”) as
some other terms could also fit this context (unless
we are faced with an acute case of overfitting).

Second, that the model’s learned distribution
should be syntagmatically (and semantically) con-
strained. If we assume our distributional model
assigns probabilities in a manner that reflects what
humans are likely to produce, then, while we might
expect some fundamental ambiguity between pos-
sible terms, this ambiguity is not absolute. Going
back to what a model would do of ex. (2), we can
strongly conjecture that its probability mass would
indeed be accumulated on a narrow class of terms,
including mostly days of the weeks. Words belong-
ing in this class will necessarily share a number of
semantic traits—since by construction all of them
are equally adequate in this context, they also have
to be semantically compatible with it: In short, the
relationship between terms described by the con-
textual distribution in eq. (1) should in principle
capture some aspect of their semantics, as per the
distributional hypothesis. We can also point out
that the distribution for this context ought to char-
acterize determiners as much more unlikely than
nouns, i.e., this contextual constraint is not just
semantic in nature, but rather syntagmatic.

Third, that the learned distribution is a relation-
ship in absentia. Which actual term ¢ is attested
in a given context c is in fact somewhat irrelevant,
as we are dealing a distribution over ambiguous
terms. The relation between the output probability
distribution and the attested word is thus only a
loose indicator of our model’s validity. What we
really expect of a language model is that it properly
encodes the underlying ambiguity of possible terms
in a manner that is coherent with the syntagmatic
constraints of the context. As a consequence, the
probability distribution therefore encodes a rela-
tionship between abstract terms that compete for
a given position, and not the relation between the
one attested term and its context.

In short, the objective of eq. (1) entails (i) associ-
ating a series of ambiguous terms (ii) with similar
semantics constrained by the syntagmatic relation-



ships encoded in the context (iii) as a relationship
in absentia. Thus, the output probability distribu-
tion of a language model describes a relationship
between words that is conceptually similar to Saus-
sure’s (1916) associative series, Hjelmslev’s (1971)
paradigms and Harris’s (1954) distributionally sub-
stitutable elements—or more simply put, distribu-
tional models are models of the paradigmatic axis.*

Connections with prior works. That word em-
bedding models are related to the structuralist con-
cept of a paradigmatic axis is not an entirely novel
idea: Sahlgren (2008) already identified that some
(non-neural) word embedding models, especially
those which define contexts as windows of words
around the target term, instantiate paradigmatic re-
lations. A very similar connection between distribu-
tional models and paradigms was also established
by Gastaldi and Pellissier (2021), but they do not
equate the model’s objective with the structuralist
concept. Instead, Gastaldi and Pellissier identify
paradigms as a supplementary construct to explain
why specific terms co-occur across varied contexts.
Their notion of paradigms departs from the usual
structuralist concept in two ways: (i) they propose
to formalize paradigms by means of syntactic, in-
formational and characteristic content; and (ii) they
explicitly formulate paradigms as sets (rather than
terms that may be more or less directly associated)
that can exhibit some form of hierarchical subclass
structure. These theoretical additions are more than
justified when considering what they yield: some
means of deriving a linguistic structure from pure
distributional analysis. However, they also obfus-
cate the relationship between language modeling
objectives and paradigms, which limits the applica-
bility of their conception of paradigmatic relation
as an analytical tool for modern NLP systems.

It is worth stressing that the objective eq. (1) also
entails some differences with respect to the tradi-
tional notion of a paradigm. In particular, the inclu-
sion of a term in an associative series is quantified
by the probability assigned to it through eq. (1).
While this is in line with the “highly indefinite
and underdetermined” view of Saussure (1916),
this also starkly contrasts with later developments
of this concept—chief of which Harris’s (1954)—

*It is tempting to include syntagmatic relations in what
distributional models describe (e.g., Sahlgren, 2008). Yet syn-
tagmatic relations are expected to hold between words in the
context, given as input. A more appropriate characterization
would be that they constrain paradigmatic series: Syntagmatic
relations are implicitly captured to explicitly model paradigms.
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where for any term we may say whether or not it
is part of a paradigm. Distributional models, in
contrast, construe the relevance of a term to a spe-
cific paradigm as a matter of fuzzy set membership:
Some terms are more likely members than others.

3 Empirical confirmation

While the notion that systems designed to satisfy
the language modeling objective are models of the
paradigmatic axis is an appealing one, we still re-
quire some empirical confirmation of its validity.

Our approach will be as follow: train neural net-
works with a language modeling objective; and
then verify whether their output distributions over
terms describe reasonable paradigms. To showcase
whether this re-framing of language models as mod-
els of the paradigmatic axis can be helpful to the
linguist, we can also discuss whether manipulating
what linguistic information is provided as context
modifies performances in a theoretically coherent
way. In practice, our focus will be on positional
information: This has been one of the features sep-
arating static embedding models such as word2vec
from contextual embedding models such as BERT,
and we can strongly expect that models where con-
text is captured as a bag-of-word yield much less
accurate representations of the paradigmatic axis
than models that properly factor word order. Very
relevant prior work by Sinha et al. (2021) already
found this positional information to be necessary
for high downstream performances.

A direct comparison of off-the-shelf static and
contextual embedding models is somewhat mean-
ingless to our particular endeavor, since they vary
on many aspects—including but not limited to
the data they have been trained on, the number
of parameters they contain and the complexity of
the computations they perform. As such, we will
start by describing in Section 3.1 two closely re-
lated architectures for position-aware and position-
agnostic language models which we will then train
on the same data, so as to provide a meaningful
comparison of their outputs in Sections 3.2 and 3.3.

3.1 Architectures

To facilitate our empirical investigation of whether
language modeling objectives lead to models of the
paradigmatic axis, let us lay out a few design re-
quirements as to how our language models should
be conceived. First, to simplify any judgments on
the resulting distributions over terms, it is prefer-



able to study models trained on data pre-segmented
in words, rather than word-pieces or other types of
linguistic units. Second, it is preferable to keep
the model conceptually simple so that its com-
putations remain interpretable, although it is also
necessary to ensure that the model is expressive
enough to produce non-trivial representations of
the paradigmatic axis. Third, the model needs to be
lightweight enough to guarantee the replicability
of our experiments. Fourth and last, as we focus on
positional information, we should make sure that
ablating all position information does not require a
massive overhaul of the network.

Factoring in all these design requirements, we
propose two architectures loosely inspired from on
the Transformer architecture (Vaswani et al., 2017),
one position-agnostic and the other position-aware.
In both cases we consider words as terms, contexts
are defined as all other words in a sentence (i.e., we
consider some form of masked language modeling).
Formally, our position-agnostic network can be
described as:

p(tile, 0) = softmax (W(Pmi)o) Q)
0=¢ (W<°ut>¢ () 3)
h = softmax (O‘;ET> \% @)
q = LayerNorm (W<que‘"Y>¢ (t)) 5)
K = LayerNorm (W<kew¢ (X)) 6)
V = LayerNorm (W<Value)¢ (X)) )

where W (") is of shape [d x 2d], WP is of
shape [d x V] (with V' the number of word types
in our vocabulary), and all other matrices of shape
[d x d]; ¢ is a nonlinear activation function. The
input X corresponds to layer-normalized input em-
beddings for the words in the context of the attested

word ¢, i.e., all tokens ¢1,...,t;—1,ti41,...,tp i0
the sentence except for ¢;:
xi ]
_ Xty
X = LayerNorm (8)
Xtiy1
L Xt" -

The position-aware model is highly similar to
the position-agnostic model, except that we replace
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eq. (5) with
q = LayerNorm (W<query)¢> (pi)) )
and the input X in eq. (8) is now defined as
[ Xty + P1
X = LayerNorm Xtioy T Pi-1 (10)

Xtit1 + Pi+1

L th + pn i

In detail, these models are centered on the use of
a scaled-dot attention mechanism (Bahdanau et al.,
2016; Vaswani et al., 2017) as shown in eq. (4):
the hidden representation h in eq. (4) is an average
of the value representations in eq. (7), weighted
by how similar key and query representations are
(egs. (5), (6) and (9)). Keys and values are com-
puted from the context (eqs. (6) to (8) and (10)),
whereas the query is derived from minimal input in-
formation about the term: In our position-aware ar-
chitecture, this input is simply the index of the term
(eq. (9)); in the position agnostic model, we use a
default input vector t for all terms, learned along
with the other model parameters (eq. (5)).> To fur-
ther bolster the expressiveness of these language
models, we include specific subnetworks linked to
the computations of keys, values and queries, as
well as a final computation block after the atten-
tion head (eq. (3)) and before projection onto the
vocabulary space (eq. (2)).

As a useful reference point, we also include a
word2vec CBOW model (Mikolov et al., 2013)—
which, while not directly comparable, has been
extensively studied in prior literature. For each
model (including word2vec), we replicate training
with three different seeds. Models are trained on
a corpus of 20M sentences, half of which are sam-
pled from Wikipedia, whereas the other half comes
from BookCorpus (Zhu et al., 2015). Further de-
tails are available in Appendix A.

3.2 Accuracy

The first item we focus on is whether our models
are accurate: How often is the most likely term
according to p(t|c) in fact the one we attest in our
held out evaluation set?

SUsing an attention mechanism allows us to dynamically
weight the different value vectors based on the query and
keys’ vectors. This is therefore more expressive than the basic
CBOW scheme of Mikolov et al. (2013), where all context
items are always averaged with equal weights.



arch. dataset acc. E[p(t|c)]
o8 bookcorpus  0.450£0.001 0.346 +0.003
P wikipedia ~ 0.397£0.001 0.290+0.003
HOPOS bookcorpus  0.289£0.001 0.200 £0.002
P wikipedia ~ 0.193+0.000 0.103+0.002
Wy bookcorpus  0.033 £0.000 0.003 £ 0.000
wikipedia ~ 0.033+£0.001 0.005 = 0.000

Table 1: Model accuracy and mass assigned to the at-
tested term (average of 3 runs).

Corresponding results are displayed in Table 1,
which lists performances both in terms of accuracy
(the proportion of terms ranked as first by the lan-
guage model) and average probability assigned to
the attested term ¢, noted E[p(¢|c)]. First, metrics
on BookCorpus are always higher than their coun-
terpart on Wikipedia—this likely stems from the
higher average sentence length in the latter, along
with the more diverse vocabulary it uses. None
of the model pass the threshold of 50% accuracy,
suggesting that most of the time, the most proba-
ble term (as ranked by our models) is not in fact
the one we attest in the corpus. Second, we find
a clear distinction between the three models con-
sidered: Word2vec fares significantly worse than
the other two more complex models, but the addi-
tion of position also clearly improves both accu-
racy probability mass metrics as compared to the
position-agnostic model. Third, we can see a fairly
low standard deviation across all three runs—i.e.,
results are generally stable.

Overall, these results suggest a nuanced take:
We do not find these models to be highly accurate,
but we do see some confirmation of our hypothesis
that linguistically informed context (in our case,
positionally informed contexts) fare better.

3.3 Syntagmatic compatibility

It is however worth remembering that model accu-
racy is a flawed metric, and should not serve as a
means of evaluating language models as models of
the paradigmatic axis—since speakers and writers
can and do elect to use unlikely terms. Instead, we
ought to look at whether the words highlighted as
relevant for a paradigm are compatible with the
syntagmatic constraints of its context. As a simpli-
fied first step towards answering this, we consider
looking at part of speech information: If the term
we attest in our context is a noun, we should ex-
pect that the most likely terms according to p(t|c)
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should all be nouns.®

A first technical question to solve, then, con-
cerns how to establish which set of likely terms one
should focus on: Given that paradigms retrieved
from language models are probabilistic in nature,
we need some means of deciding which words to
rule in or out of a paradigmatic set. In practice,
we need some manner of restricting the output vo-
cabulary to the most likely terms. In the present
work, we consider two simple approaches. The
first consists in simply taking the top k£ = 10 most
likely terms according to the model. The second,
consists in using conformal prediction sets (CPS;
Vladimir Vovk, 2005), a principled way of select-
ing a subset of the possible output terms so as to
guarantee a coverage of N = 80%. Simply put, a
coverage of 80% entails that that selected subsets
each have 80% chances of containing the attested
term. In practice, we use a least-ambiguous set-
valued classifier method (Sadinle et al., 2019): We
(i) measure the probability mass assigned to each
attested term on a held out calibration set; (ii) com-
pute the 1 — N quantile ¢ of these probability
scores; and (iii) build sets from term distributions
p(t|c) by considering all values above that thresh-
old quantile ¢, or 7 = {t' : p(t'|c) > ¢q}. Assum-
ing symmetry and iid. between test and calibration
data, the probability of the attested term ¢ should
be greater than g for N% of the test examples, and
thus included in 7" with a likelihood of N %.

Having decided on how to select paradigm sub-
sets, we can now turn to a second technical ques-
tion: how to measure whether terms in a paradigm
have the correct part-of-speech. POS-tagging sys-
tems that rely on full sentences to label words are
not suitable to our purposes, since they could bias
the labeling of terms in a paradigm towards the part-
of-speech of the attested term by sheer virtue of the
syntagmatic constraints of the context. Instead, our
inquiry requires a context-independent means of
establishing possible parts-of-speech for selected
terms. We therefore fall back to a lexical resource—
namely Wiktionary, owing to its large coverage;

81t is perhaps more common to evaluate distributional mod-
els on semantic tasks, given the distributional hypothesis ex-
pects contextual similarity to be linked to semantic similar-
ity (Rubenstein and Goodenough, 1965; Miller and Charles,
1991; Hill et al., 2015). We depart from this tradition as this
aspect of distributional representations seems to be somewhat
consensual. While assessing the POS-tagging capabilities of
language and embedding models alike has been studied ex-
tensively prior to this work (e.g., EIman, 1990; Lenci et al.,
2022), little has been done to study whether the full output
distribution of a language model is syntagmatically coherent.



method arch. dataset % valid POS
baseline bookcorpus  47.135
wikipedia ~ 47.385

os bookcorpus  87.250 £ 0.207

P wikipedia  84.087 £ 0.239

bookcorpus  76.895 +0.198

CPS NOPOS - ikipedia  71.981 4 0.093

WV bookcorpus  60.337 4 0.097

wikipedia ~ 60.775+0.079

os bookcorpus  81.929 4+ 0.254

P wikipedia  80.490 % 0.367

Tob 10 1nopoS bookcorpus  72.074 £0.180

P POS  Gikipedia  68.820 4 0.233

W2y bookcorpus 71.961+0.111

wikipedia ~ 71.551 +£0.058

Table 2: Proportion of syntagmatically compatible likely
paradigm terms, according to the POS tag of the attested
term (average of 3 runs).

we rely on the English RDF parse by Sérasset and
Tchechmedjiev (2014). This wide coverage, how-
ever, comes at the expense of leniency and accuracy.
We therefore consider as a baseline using the full
vocabulary as a paradigm subset: This gives us a
strict lower bound for model performances. For
simplicity, we ignore terms (both attested and in
the paradigms) for which we find no Wiktionary
entry; any term in a given paradigm is counted as
syntagmatically compatible as long as one of its
reported parts of speech could match one of the re-
ported parts of speech of the attested term. We then
report the average proportion of paradigm members
that are syntagmatically compatible.

An overview of the corresponding results is dis-
played in Table 2. A few key observations need to
be made. First, we can take notice of the very high
lower bound suggested by our baseline—this can
be explained in part by the leniency of our proce-
dure as well as the noisiness of the POS-tag inven-
tory derived from Wiktionary, although the categor-
ical flexibility exhibited by the English lexicon may
also play a role. We also highlight that all our ex-
periments are clearly on average more compatible
than this baseline—suggesting that, although our
methodology suffers from its limitations, we can
observe some evidence that the language modeling
objective corresponds to establishing linguistically
meaningful paradigms.

Furthermore, we see that terms in paradigms
are generally more syntagmatically compatible
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for BookCorpus paradigms rather than Wikipedia
paradigms. This nuances our earlier discussions
with respect to accuracy: Our language models
appear indeed fundamentally less adequate when
it comes to modeling paradigms in Wikipedia.
A wider lexicon might entail a lesser ability to
construct lexically meaningful representations of
paradigmatic distributions: Exposing a language
model to more numerous but rarer words might
lower its average performance.

Lastly, we see that positional information signif-
icantly improves the syntagmatic compatibility of
terms in paradigms. In a few cases, the word2vec
baseline models are comparable to the position-
agnostic language models. This hinges on the cri-
terion used to establish paradigms: Selecting the
top-10 highest probability scores yields less com-
patible sets than the quantile-based conformal set
approach, except for word2vec. This should come
as no surprise, given that the conformal sets are
constructed based on the likelihood of an attested
term. Word2vec models, as shown in Table 1, are
generally not accurate in this regard; in particu-
lar, the probability mass they assign to the attested
term tends to be low. Less accurate models there-
fore yield larger conformal sets, which we expect
to be less syntagmatically compatible. This can be
verified by looking at the average size of the con-
formal prediction sets: While the position-aware
models yield conformal sets containing ~ 42 terms
in average, and the position agnostic ~ 285, this
number rises to ~ 26 441 for wordvec—i.e., more
than a quarter of the vocabulary is included in the
conformal set.

Sizes of the conformal prediction sets can in-
terest us for another reason. We can expect that
conformal prediction sets should be larger when
paradigms can contain more words. In terms of
parts-of-speech, we therefore expect that open
grammatical categories like noun, verbs and adjec-
tives should yield larger sets than closed categories,
such as articles, conjunctions and prepositions.’
An overview of the CPS sizes, broken down per
part-of-speech, is provided in Table 3, along with
the number of relevant conformal sets. Open cate-
gories (verbs, nouns, proper nouns, adjectives) tend
yield the largest sets, whereas closed categories

’ Angelopoulos and Bates (2022) suggest that conformal
prediction set sizes can be used as proxies for model uncer-
tainty: A larger conformal set is more ambiguous as to what
the target should be. In short, we expect CPSs to capture

the uncertainty inherent to the ambiguity of different parts of
speech.



number avg. CPS size

of CPSs w2v nopos pos
adjective 106908 26386.5 306.1 46.1
adverb 91442 26897.5 297.0 34.7
article 27229 26693.2 2945 21.3
conjunction 28683 26840.7 286.8 34.7
determiner 31388 27024.4 284.5 30.9
infix 7 269173 3144 71.0
interjection 30691 26765.7 287.9 35.6
noun 241535 26443.9 308.6 46.6
numeral 19047 26226.1 2371 223
particle 27708 26855.1 208.4 19.0
phr. unit 6563 26832.1 294.3 28.7
postposition 868 26596.1 316.8 47.9
prefix 1400 26721.6 82.1 8.2
preposition 80831 26824.7 291.5 27.3
pronoun 45210 26922.3 277.7 28.7
propernoun 13776 26489.7 303.4 42.6
suffix 19321 26583.3 297.6 26.7
symbol 19906 26414.7 282.0 24.4
verb 159314 26489.1 319.0 51.0
all 354388 26440.6 285.0 42.0

Table 3: Conformal prediction sets size per part of
speech (averages of 3 runs).

(aside from the two least represented, infixes and
postpositions) yield smaller conformal prediction
sets. In fact, the difference in CPSs sizes between
nouns, verbs, adjectives, adverbs and proper nouns
vs. those for all other parts of speech is statistically
significant.®

4 Conclusion

In the present article, we have argued that language
models and word embeddings can be understood
through a structuralist lens as models of the paradig-
matic axis, as long as we factor in the inherent am-
biguous nature of language modeling objectives.
We have highlighted how this conception builds
upon prior work (Sahlgren, 2008; Gastaldi, 2021;
Gastaldi and Pellissier, 2021), and where it dis-
tinguishes itself from these prior approaches—in
terms of the range of models it considers, as well
as by explicitly embracing the departures from
the earlier formulations of this structuralist con-
cept. The position we endorse here is to minimize
the assumptions necessary to frame language mod-
els in structuralist terms: With fewer assumptions
comes broader application. In contrast, Gastaldi

$Mann-Whitney U tests: p < 10732, common-language

effect size f > 0.66 in position-aware models and f > 0.57
in position-agnostic models
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and Pellissier’s (2021) position can be understood
as a narrower form of the present argument de-
signed to allow the emergence of structural repre-
sentations of the context—but it is worth asking
whether one should really expect of distributional
models that they yield explicit structural represen-
tations (Rumelhart and McClelland, 1986; Buder-
Grondahl, 2023).

One crucial point we have left out of our discus-
sion concerns whether purely linguistic paradigms
actually exist. The data we use to train distribu-
tional models are not in fact linguistic in nature,
but sociolinguistic; they encode social variation
and biases, and consequently distributional mod-
els do as well (Bolukbasi et al., 2016; Garg et al.,
2018). We should expect the paradigms that the
language modeling objective obtains to not purely
encode linguistic relationships. As such, it is cru-
cial to evaluate the extent to which we can abstract
away from the sociolinguistic aspect of the training
data.

Hence, one contribution of the present work
is to propose a preliminary empirical verification
of whether this conception of language models
(and therefore word embeddings) as models of the
paradigmatic axis is coherent. To that end, we
have demonstrated how manipulating the linguistic
information in the input contexts of conceptually
simple architectures yields predictable effects, and
how conformal prediction sets can be leveraged to
select paradigm terms in a linguistically meaning-
ful way—in that selected terms are syntagmatically
compatible with the context from which we derive
them.

In the present work, we have striven to provide
a basis that is easy to comprehend and straight-
forward to build upon—which comes at the cost
of our experiments and models being simplistic in
many regards. This work also leaves a number of
research questions open for future inquiries: Do
larger models yield more accurate representations
of the paradigmatic axis? What other linguistic
information should we include or remove from our
contexts? How do these models behave with re-
spect to other pre-segmentations of the training
corpora—and especially the ubiquitous word-piece
segmentations? How can a model of the paradig-
matic axis be leveraged to study other linguistic
phenomena, and what methodological steps should
we take to mitigate its potential lack of accuracy?
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A Implementation details

For the position-aware and position-agnostic mod-
els, we use a latent dimension of d = 256 and a
GELU activation function (Hendrycks and Gim-
pel, 2016). We optimize cross-entropy between the
model output and the attested term at each position,
using the Adam optimization algorithm with decou-
pled weight decay (Loshchilov and Hutter, 2019),
using a learning rate of 0.001, 3 = (0.9,0.999),
and a weight decay of 0.01.

Models are trained on a corpus of 20M sentences,
half of which are sampled from Wikipedia, whereas
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the other half comes from BookCorpus (Zhu et al.,
2015): These corpora corresponds to the sources
used for training BERT (Devlin et al., 2019), but
the amount of data we consider here is orders of
magnitude lower. We also select 20k sentences
for testing, and 2k for further calibration in Sec-
tion 3.3; likewise, half of the sentences in both
sets are sampled from Wikipedia and half from
BookCorpus. We pre-segment the corpus in words
using nltk (Bird and Loper, 2004), using a vocabu-
lary comprising the 100k most frequent words; we
pre-process all sentences by lowercasing, stripping
accents, and normalizing to the NFKD unicode
norm. Models are trained for one epoch over these
data, by minibatches of 50 sentences truncated to a
maximum length of 128 tokens.

The word2vec baselines are trained on the same
data using a vector size of 100, window of 5, and
5 negative examples per target. For our language
models, training requires 12 to 16h hours on a RTX
3080 GPU, and about half an hour on CPUs for the
word2vec baseline.
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Abstract

This paper introduces an algorithm for learn-
ing positive and negative grammars with en-
riched representational models. In conventional
model-theoretic treatments of strings, each po-
sition belongs to exactly one unary relation.
Strother-Garcia et al. (2016) introduce uncon-
ventional string models, in which multiple po-
sitions can have shared properties, and demon-
strate their utility for grammatical inference.
Chandlee et al. (2019) develop this approach
for learning negative grammars. Here, we show
that by fixing & — the size of the elements in
the grammar — Chandlee et al.’s approach can
be further generalized to learn both positive and
negative grammars over unconventional string
models. We prove that this algorithm finds the
most general grammars which cover the data.

1 Introduction

A great deal of work on learning formal languages
has made use of conventional string models, in
which each position in a string belongs to exactly
one unary relation (Heinz, 2010b; Heinz et al.,
2012, i.a.). In this paper, we focus on learning over
unconventional string models, in which positions
in a string can have multiple, shared properties
(§2.3; Strother-Garcia et al., 2016; Vu et al., 2018).
For phonological applications, we can think of con-
ventional string models as operating exclusively
over segments — atomic, undecomposable, units
— while unconventional string models operate over
phonological features.

We focus on the learning of formal languages
that can be defined by a set of banned (under a
negative grammar, Rogers et al. 2013) or allowed
(under a positive grammar, Heinz et al. 2012) sub-
structures. These include the Strictly k-Local and
Strictly k-Piecewise classes (Rogers et al., 2010;
Rogers and Pullum, 2011, i.a.); many phonologi-
cal and phonotactic generalizations fall into these
classes (e.g., Heinz, 2018). While Strother-Garcia
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et al. (2016), Chandlee et al. (2019), and Rawski
(2021) develop algorithms for learning negative
grammars with unconventional string models, how
to learn positive grammars with these models re-
mains an open question. Recent work on language
acquisition suggests that the child may construct
positive phonological (Belth, 2023) and phonotac-
tic (Payne, 2023) grammars, in line with evidence
for positive syntactic and morphological grammars
(e.g., Marcus et al., 1992; Yang, 2016; Belth et al.,
2021; Li and Schuler, 2023). While arguments have
also been made for negative phonologicial gram-
mars (e.g., Prince and Smolensky, 1993; Hayes and
Wilson, 2008), these findings demonstrate that the
learning of positive grammars from unconventional
string models warrants further exploration.

When learning over conventional string mod-
els, positive and negative grammars are straightfor-
wardly interdefinable (Heinz, 2010b); we may learn
a positive grammar simply by learning a negative
one and applying a post-hoc conversion. However,
such a conversion is exponentially more expensive
for unconventional string models (§4.3). What’s
more, the polarity of the grammar to be learned has
implications for the learning trajectory: while the
language of the grammar continuously shrinks as a
negative grammar grows, it continuously expands
as a positive grammar grows (§8). Hence, there
exist independent psycholinguistic and computa-
tional motivations for learning positive grammars
directly from unconventional string models.

In this paper, we adapt the learning algorithm
of Chandlee et al. (2019) to learn both positive
and negative grammars over unconventional string
models. Specifically, Chandlee et al. exploit the
partially-ordered hypothesis space given by uncon-
ventional string models to learn the most general
negative grammars. We demonstrate that if the
size of substructures in the grammar is fixed to be
exactly k, then we can immediately adapt this al-
gorithm to learn both the most general positive and
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negative grammars. What’s more, for any negative
grammar learnable by the Chandlee et al. algo-
rithm, our algorithm learns an equivalent negative
grammar (§4.2). This paper is organized as follows:
§2 provides preliminaries of model theory, §3 in-
troduces subfactors and maxfactors, and §4 defines
positive and negative grammars and their languages
in terms of these structures. §5 defines the learn-
ing criteria, adapted from Chandlee et al., and §6
introduces a generalized learning algorithm that
provably satisfies these criteria. The algorithm is
applied to the example of Samala sibilant harmony
in §7 and implications are discussed in §8.

2 Preliminaries

This section and the next follow closely from §2-3
of Chandlee et al. (2019), since the current work
builds closely on their algorithm.

2.1 Formal Language Theory

Formal language theory allows us to study lan-
guages as mathematical objects which exist inde-
pendently of the specific grammar (Heinz, 2016)
The set of all possible finite strings generated from
a finite alphabet X is denoted ¥*, and the set of
all strings of length k is given by ¥, In formal
language theory, languages are defined as subsets
of X*. The length of a string w is denoted |w]|.

2.2 Finite Model Theory

Finite model theory provides a unified vocabulary
for representing many kinds of objects as relational
structures, allowing for algorithms that are largely
agnostic to the choice of linguistic representation
(Enderton, 2001; Libkin, 2004; Chandlee et al.,
2019; Lambert et al., 2021; Rawski, 2021). We
consider finite relational models of strings in >*.

Definition 1 (Models). A model signature is a set
of relations R = { Ry, Ry, ..., R, } where each R;
is an m;-ary relation. An R-structure is a tuple
of elements S = (D; Ry, Ry, ..., Ry,), where D is
a finite set of elements, the domain, and each R;
is a subset of D™:. The size |S| of an R-structure
S corresponds to the cardinality of its domain. A
model for the set of objects €2 is a total, one-to-one
function from €2 to R-structures.

Consider the precedence model for strings in 3%,
defined as M<(w) = (D"; <,[R¥]secx) Where
D" = {1, ..., |wl|} is the domain of positions in w
and <:= {(4,7) € D¥x D" | i < j}is the general
precedence relation (Biichi, 1960; McNaughton
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a)

b

a

Figure 1: The precedence (M<, subfigure a) and succes-
sor (M<, subfigure b) models of the string abba.

Figure 2: A visualization of the R-structure given by
Sab,ba <D: {17273’4};<] = {(172)7(374)}7Ra =
{1,4}, Ry = {2,3},R. = 0).

and Papert, 1971; Rogers et al., 2013). With this
model and ¥ = {a, b, ¢}, we have:

M= (abba) = (D = {1,2,3,4};
<= {(17 2)7 (17 3)7 (174)a
(2,3),(2,4),(3,4)},
R, ={1,4}, Ry = {2,3}, R. = 0)

6]

The successor model differs from the precedence
model only in the ordering relation, given by < :=
{(i,i 4+ 1) € D" x D™}. The precedence and
successor models of abba are shown in Figure 1.

Since R-structures may be any mathematical
structure conforming to a model signature, not all
possible R-structures are valid models of strings:
the R-structure in Figure 2 is not a model of any
w € Y*. To limit the R-structures we consider, we
introduce the notion of connectedness.

Definition 2 (Connected R-Structure). An R-
structure S = (D; Ry, Ry, ..., Ry,) is connected
iff (Vz,y € D)[(z,y) € C*], where C* is defined
as the symmetric transitive closure of:

C={(z,y) € Dx D |
Jie{l.n},3I(r1...xm) € R;
ds,t € {l..m},x = x5,y = x4}

2

Intuitively, domain elements = and y of S belong
to C'if they belong to some non-unary relation R;
in S. It is easy to see that Sy 3, (Figure 2) is not
connected: neither (2, 3) nor (3, 2) is contained in



C and thus none of (1,3), (1,4), (2,3), (2,4), etc. are
contained in C*. In contrast, both M <(abba) and
M < (abba) in Figure 1 are connected R-structures.

2.3 Unconventional String Models

The models shown in Figure 1 are conventional
string models: besides the ordering relation, they
include only mutually-exclusive unary relations
(e.g., Ry) which label each domain element with a
single property of being some ¢ € ¥. In con-
trast, unconventional string models recognize
that distinct alphabetic symbols may share proper-
ties and expand the model signature by including
these properties as non-exclusive unary relations
(Strother-Garcia et al., 2016; Vu et al., 2018).
Unconventional string models allow for more
generalized representations, and thus have a num-
ber of useful linguistic applications. Consider the
example of sibilant harmony in Samala: subse-
quences such as [s...s] that agree in ZANTERIOR
are allowed but subsequences such as [s...J] which
disagree are banned, so [hasxintilawas] is licit but
[hasxintilawa[] is not (Hansson, 2010). Under a
conventional string model, we must separately rep-
resent that [s...[], [z...[], [s...3], etc. are banned,
or equivalently that [s...s], [z...z], []...3], etc. are
allowed. Under an unconventional string model,
however, we can simply represent that [+STR,
+ANT][+STR, -ANT] subsequences are banned,
or that [+STR, +ANT][+STR, +ANT] and [+STR,
-ANT][+STR, -ANT] subsequences are allowed.

3 Subfactors and Maxfactors

We define a partial order over R-structures by estab-
lishing the notions of restrictions, subfactors, and
maxfactors, building on Chandlee et al. (2019).

Definition 3 (Restriction). An R-structure A is a
restriction of an R-structure B if D4 C D? and
for each m-ary relation R; in the model signature,
RA = {(z1,...,xm) € RP | 21, ...,z € DAY,

A restriction is made by identifying a subset
D4 of the domain of B and retaining only those
relations in B whose elements are wholly within
DA, For example, Figure 3 shows the restriction
of M<(abba) as defined in Equation 1 to D’ =
{1, 2, 3}. This restriction is given by: M <(abb) =
<l)I:: {1,2,3}; <= {(1,2),(1,3),(2,3)}, Ry =
{1}7Rb = {2a3}7Rc = ®>

Definition 4 (Subfactor). A connected R-structure
A is a subfactor of an R-structure B (notated
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Figure 3: A restriction of M <(abba) shown in Fig. la.

A C B) if there exists a restriction B’ of B and a bi-
jection h such that for all R; € R, if R;(x1, ..., Ty)
holds in A, then R;(h(z1), ..., h(xy,)) holds in B'.
If A C B, B is a superfactor of A.

Definition 5 (Maxfactor). A connected R-structure
A is a maxfactor of an R-structure B (notated
A < B)iff A C B and for each m-ary re-
lation R;, whenever R;(z1,...,Z;,) holds in B,
R;(h~Y(x1),...,h Y (x,,)) holds in A. Equiva-
lently, A < Bif A C B and there is no R-structure
A’ non-isomorphic to A and B such that | A| = |A'|
and AC A CB.!

Intuitively, A is a subfactor of B if there is a
mapping between D and some subset of D and
all relations that hold in A also hold over the corre-
sponding elements in B. Note that this requirement
is unidirectional. By contrast, maxfactors addition-
ally require that all relations that hold in B also
hold over the corresponding elements in A. We can
thus think of maxfactors as the maximally specified
subfactors of an R-structure. We use factor when
the distinction between subfactor and maxfactor is
irrelevant. This is true for conventional string mod-
els: since there is no underspecification in these
models, any subfactor must also be a maxfactor.

If AC Band |A| = k, then A is a k-subfactor
of B, and if A < B and |A| = k, then A is k-
maxfactor of B. Let the set of k-subfactors of an
R-structure B be given by:

SFACL(B) ={A| AC B,|A|=k} (3)
and the set of k-maxfactors of B be given by:
MFac,(B) ={A| A< B,|Al=k} @)

For all w € ¥* and any model M of ¥*, the k-
subfactors and k-maxfactors of w are given by
SFACK(M (w)) and MFACE (M (w)), respectively;
we also write SFACy (M, w) and MFAC (M, w) for
readability. Finally, we define:

SEACK(M, %) = | ] SFACL(M,w)
wen*

&)

'In model-theoretic terms, Definition 5 simply means that
A is a connected substructure of B (Libkin, 2004).
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Figure 4: A visualization of M <(Jst) (a) and three 2-
subfactors; only subfactor (b) is also a 2-maxfactor.

and likewise for MFACy (M, ¥*). From Definitions
(4) and (5), we have:

MFAC (M, w) C SFACL (M, w) 6)

Note that our definition of SFACy () differs from
the that of Chandlee et al. (2019) in that Chan-
dlee et al. require the size of the subfactors to be
bounded by k rather than equal to k. This differ-
ence is due to the constant size needed to define a
positive grammar, discussed in §4.1. To differenti-
ate between our definition of SFAC() and that of
Chandlee et al. (2019), we denote the latter as:

SFAC<i(B) ={A| AC B, |A| <k} ()

Returning to Samala sibilant harmony (§2.3),
consider the precedence model of [sft] given by:

M<(sft) = (D = {1,2,3};
<= {(17 2)7 (1’ 3)’ (2’ 3)}7
Rgrr = {1,2}, Ranr = {1,3})

This model, along with three of its 2-subfactors, is
shown in Figure 4. The R-structures (b), (c), and
(d) are subfactors of M <(sft), since they are all
connected and the relations that hold within them
also hold in M <(sft). However, only (b) is a 2-
maxfactor: it is the only subfactor for which all
relations that hold in M <(sft) also hold within it.

We now introduce two lemmas that will be used
to define grammars and their languages in §4.

®)

Lemma 1 (Maxfactor-Subfactor Containment).
Let k be some positive integer and let M be some
model of ¥*. For any w € X* and for any
F' € SFACy(M,w), we have that:

[3G € MFAC,(M,w)](F E G) )

Proof. Let G be the restriction of M (w) to h(DF),
where h : F' — M (w) is given by Definition 4.
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Clearly, G C M (w), and by Definition 3, RZ.G =
{@1, . xm) € R | 2y, 2 € W(DF)}
for all R; € R. Thus, G C M(w) and when-
ever R;(z1, ..., Ty ) holds in M (w), Ri(x1, ..., Tm,)
holds in G. By Definition 5, G < M (w).

By Definition 4, forall R; € R, if R;(x1, ..., Ty)
holds in F, then R;(h(z1),..., h(xy,)) holds in
some restriction M’ of M (w), and thus in M (w)
by Definition 3. But since G is defined over h(D¥")
and contains all relations in M (w) defined over
D, it must also be the case that if Ri(x1, .oy Tm)
holds in F, then R;(h(x1), ..., h(xy,)) holds in G.
By Definition 4, this means that F' C G. ]

Lemma 2 (Union of Subfactors of Maxfactors).
Let k be some positive integer and let M be some
model of ¥*. For any w € ¥*, we have that:

U

SEMFAC (M,w)

SFACL(S) = SFACL(M,w) (10)

Proof. (C) Consider some f € SFAC(.S), where
S € MFACL(M,w) C SFACL(M,w) and thus
f E S € SFACk(M,w). By Equation 3, this
means that f T S C M(w), and thus that
[ C M(w). Since f C M(w) and |f| = k, by
Equation 4, f € SFAC, (M, w).

(2) Consider some g € SFACL(M,w). By
Lemma 1, (3¢’ € MFAC,(M,w)](g C ¢'), and
since ¢ C ¢’ and |g| = k, Equation 3 tells us
that g € SFACk(g’). Since g € SFACk(g') and
g € MFAC,(M,w), it must be the case that

ge USEMFACk(M,w) SFACK(S). [
4 Grammars and Their Languages

4.1 Positive vs. Negative Interpretations

We define a grammar G as a finite set of subfac-
tors; the language that GG defines differs based on
whether we interpret it as a positive or negative
grammar. We first discuss these interpretations
informally, then formalize them in Definitions 6-7.
Under a negative interpretation (notated G™),
the elements of G~ are forbidden, and strings in
L(G7) contain no forbidden subfactors. This ap-
proach has parallels to logical expressions which
are "conjunctions of negative literals" (Rogers et al.,
2013; Chandlee et al., 2019): the forbidden subfac-
tors are simply interpreted as the negative literals.
Returning to Samala sibilant harmony (Figure 4), if
(c) is in the grammar (i.e., [+ ANT][-ANT] € G7),
this is sufficient to determine that sft ¢ L(G™),
since [+ANT][-ANT] C M <(sft) (Figure 4a).



Under a positive interpretation (notated G™T),
the elements of G are permissible, and strings
in L(G™") are those which are covered by these
elements; we can think of the subfactors in GT
as tiling the strings in L(G ™) (Rogers and Heinz,
2014). Returning to Figure 4, if both (c) and (d)
are in G (i.e., [+STR][-STR] € GT, [+ANT][-
ANT] € G), then st € L(G™T), since (c) covers
[s/] and (d) covers [ Jt]. However, if (d) but not (c)
is in G, then sft ¢ L(G™), because there is no
subfactor in G that covers the first two indices of
M =<(sft). The notion of tiling is greatly simplified
when the subfactors used to tile are of equal size,
as in Rogers and Heinz (2014). As such, our defini-
tions of negative and positive grammars and their
languages below operate over fixed values of k.
Definition 6 (Negative Grammar). Let k be some
positive integer and M be a model of ¥*. A neg-
ative grammar G~ is a subset of SFAC, (M, X*),
and the language L(G~) of G~ is given by:

L(G™) ={w € * | (VS € MFaCk(M, w))

(1)
[SFack(S)NG™ = 0]}

or equivalently by:

L(G™) ={w € " | (3S € MraC, (M, w))

(12)
[SFACL(S)N G~ # 0]}

The class of such languages is defined as:

£~ (M, k) ={L | (3G~ C SFaC(M,%"))

(13)
L(G) = L]}

Definition 7 (Positive Grammar). Let k be some
positive integer and M be a model of ¥*. A pos-
itive grammar G is a subset of SFAC, (M, X*),
and the language L(G ™) of G is given by:

L(GY) ={w € =% | (VS € MFACk (M, w))

[SFACKL(S) NG # 0]} 1

or equivalently by:

L(GT) ={w € &* | (3S € MFacy, (M, w))

[SEACL(S) N GT = 0]} (15)

The class of such languages is defined as:

LT M, k) ={L | (3GT C SFac,(M,x*))

(16)
[L(GT) = L)}

Defining the languages of positive and neg-
ative grammars in terms of quantification over
MFAC (M, w) allows us to tile a word w with k-
subfactors. We can think of Equations 11 through
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eqG Z¢G
Positive Grammar | Negative Grammar
V| (Bquation 14) (Equation 11)
3 Negative Grammar | Positive Grammar
(Equation 12) (Equation 15)

Figure 5: Positive and negative grammars and their
languages, organized by quantification and attestation.

15 as realizing two primary distinctions: quan-
tification (V vs. J) and membership in G. For
universal quantification (V), if all k-maxfactors of
w are superfactors of some k-subfactor in GT, then
w € L(G™T) (Equation 14), and if all k-maxfactors
of w are not superfactors of some k-subfactor in
G~, then w € L(G™) (Equation 11). For existen-
tial quantification (3), if there exists a k-maxfactor
of w that is a superfactor of some k-subfactor in
G, thenw ¢ L(G™) (Equation 12). If there exists
a k-maxfactor of w that is not a superfactor of some
k-subfactor in G, then w ¢ L(G™) (Equation 15).
Figure 5 illustrates how these distinctions define
the languages of positive and negative grammars.

To further illustrate the differences between neg-
ative and positive grammars, consider a grammar
G such that L(G) ¥*, and let k 1. If
G is positive, then it must contain subfactors of
all possible 1-maxfactors of any w € 3*. The
empty 1-subfactor [ ] satisfies this, so we have
Gt ={[]} and L(G") = £*. Conversely, if we
have G~ = {[]}, we will have L(G~) = 0, since
there is no w € ¥* whose 1-maxfactors are not su-
perfactors of [ ]. To define a negative grammar ac-
cepting X*, we must instead ensure that no possible
1-maxfactor of any w € ¥* is a superfactor of an el-
ement in G~ ; this is easily achieved with G~ = ().
At the same time, if we have G = (), then no word
w € X* will have its 1-maxfactors contained by
elements in G, and thus L(G™) = 0.

4.2 Equivalence to Chandlee et al. (2019)

In contrast to the current work, Chandlee et al.
(2019) focus only on the learning of negative gram-
mars, defined as follows:

Definition 8 (Chandlee et al. Negative Grammar).
Let k be some positive integer and M be a model
of ¥*. A negative grammar GG~ is a subset of
SFAC<j (M, ¥*), and the language L(G™) is given
by:

L(GT)={we X"

SFAC<(M,w) NG~ = 0} (an



Since Chandlee et al. consider negative gram-
mars, they need only to set an upper bound on k.
To learn both positive and negative grammars, how-
ever, we fix k. We thus wish to demonstrate an
equivalence between the grammars and languages
in Definition 8 and in Definition 6, namely:

Theorem 1. Let L7 refer to L(G™) as in Equa-
tion (17) and Lq; refer to L(G™) as in Equation
(11). For any G| C SFAC<y(M,X¥*), 3G; C
SFACK(M, X¥) such that L17(G| ) = L11(G5).

A full proof is provided in Appendix A.

4.3 The Cost of Interdefinability

When defined over conventional string models, neg-
ative and positive grammars are straightforwardly
interdefinable: G+ = ¥¥\ G~ and G~ = ¥¥\ G+
(Heinz, 2010b). However, there are two complica-
tions for unconventional string models that make
the interdefinability significantly more costly.

Firstly, the number of potential k-subfactors is
significantly larger for unconventional string mod-
els: consider a model with n binary features, defin-
ing s < 2" segments. Under a conventional string
model, the number of k-factors is no more than
(s)* < (2™)*, since one segment is chosen at each
position (Heinz, 2010b). Under an unconventional
string model, however, a feature can be either pos-
itive, negative, or underspecified at each position,
yielding (3™)* possible k-subfactors, exponentially
more than for the conventional string model.

Secondly, the conversion itself is less straight-
forward for unconventional string models. To illus-
trate this, we again consider Samala sibilant har-
mony (§2.3). For conventional string models, we
must simply check whether some k-factor f € %*
is in G~ to determine if it is added to G if [s...[]
€ G, for example, then [s.../] ¢ G*. For un-
conventional string models, however, this is not
sufficient. Returning to Figure 4, if subfactor (c)
is in G, then we should not include (b) in the
corresponding G, even though b ¢ G, since
c C b. Likewise, if b € G, then ¢ € G Thus, to
determine whether some k-subfactor f should be
added to G for an unconventional string model,
we must check not only if f € G, but also if
(39 € G7)[f C gV g C f]. Hence, both the
number of possible k-subfactors and the method
of conversion indicate that interdefinability is pro-
hibitively costly for unconventional string models,
further motivating the learning of positive gram-
mars directly from these models.
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5 The Learning Problem

Heinz (2010b) and Heinz et al. (2012) demonstrate
that positive grammars like those in Definition 7
are learnable in the limit from positive evidence in
the sense of Gold (1967), as well as PAC-learnable
(Valiant, 2013) in some cases. In this work, G
is defined as the collection of all k-factors in the
data sample, and a word w is in L(G™) if and only
if all of its k-factors are in GT. Because Heinz
(2010b) and Heinz et al. (2012) are not working in
the model-theoretic framework, it is sufficient to
check that the k-factors are in the grammar, rather
than superfactors of elements in the grammar.
Chandlee et al. (2019) learn negative grammars
from positive evidence with unconventional string
models. Rather than convergence to a correct gram-
mar in the limit, Chandlee et al. define the learning
problem in terms of returning an adequate gram-
mar given a finite positive sample, in the sense of
De Raedt (2008). We adapt Chandlee et al.’s def-
inition of the learning problem to apply to both
negative and positive grammars as follows:

Definition 9 (The Learning Problem). Fix X,
model M, positive integer k, and polarity p. For any
language L € £P(M, k) and for any finite sample
D C L, return a grammar GP such that:

1. GP is consistent, that is, D C L(GP).

2. L(GP) is a smallest language in .27 (M, k)
which covers D, so that for all L € £P(M, k)
where D C L, we have L(GP) C L.

. GP includes R-structures S that are restric-
tions of R-structures .S’ in other grammars G’
that also satisfy (1) and (2). That is, for all
G’ satisfying (1) and (2) and for all S € G/,
there exists some S € GP? such that S C S’.

The first criterion is self-explanatory: we want to
at least cover the training data. Following Chandlee
et al., the second criterion is motivated by Angluin
(1980)’s analysis of identification in the limit. The
third criterion requires us to learn the most general
subfactors: for positive grammars, this means the
subfactors that most generally encompass the al-
lowed maxfactors, while for negative grammars, it
means the most general constraints. In the case of
Samala sibilant harmony (§2.3), for example, if we
see [[...J] and [3...3], but not [s...[], [z...3], [s...3],
or [z...[], then we would add to our positive gram-
mar [-ANT, +STR][-ANT, +STR], rather than the



Algorithm 1 A generalized bottom-up learning
algorithm for positive and negative grammars

Require: positive sample D, size k, and polarity p
0 Q« {so}
G0
V0
while |Q| > 0 do
s < Q.dequeue()
V + VU{s}
if (p=—) A (3s' € EXTi(s),3z € D)[s' < z])V
(p=+) A (3¢’ € EXTi(s))[Vz € D : s’ £ z] then
S+ NextSupFact(s)
S {seS|(Hge@)lgCslnsgV}
Q.enqueue(S”)
else
G+ GU{s}
end if
: end while
: return G

RN

two more specified factors. From the same data,
we would add to our negative grammar [+ANT,
+STR][-ANT, +STR], rather than the four more
specified factors. The third criterion is specific
to unconventional string models: as discussed in
§3, maxfactors and subfactors are equivalent for
conventional string models, so there is no parallel
notion of generality when learning over them.

6 A Generalized Learning Algorithm

The learning algorithm we present is based closely
on that of Chandlee et al. (2019). Since our goal
is to add the most general subfactors to our gram-
mar, the algorithm is bottom-up in the sense of
De Raedt (2008): we begin with the most general
subfactors and traverse upwards in the partial order
during learning. Indeed, once a subfactor has been
identified as an element of the grammar, none of
its superfactors need to be considered: all of them
will be banned in the case of a negative grammar
or allowed in the case of a positive grammar.

A bottom-up learner that learns both positive and
negative grammars is given in Algorithm 1. As in-
put, this algorithm takes a positive data sample D,
an integer k corresponding to the size of the sub-
factors, and a polarity p indicating whether to learn
a positive or negative grammar. As in Chandlee
et al. (2019), Algorithm 1 makes use of a queue @),
which initially contains just the empty structure of
length k, s (Line 1). The algorithm also initializes
two empty sets: G (Line 2), the grammar to be
returned, and V' (Line 3), the set of subfactors that
have already been visited. Algorithm 1 considers
the subfactors in () one at a time in first-in-first-out
order, and as each subfactor s is considered, it is
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added to the set of visited subfactors V' (Line 6).
Depending on the polarity p of the grammar to be
learned, we condition as follows for a given s (Line
7): For a negative grammar, we check whether any
of the possible extensions of s is a k-maxfactor of
some element in D. For a positive grammar, we
check whether any of the possible extensions of
s is not a k-maxfactor of any element in D. The
extensions of s are defined as follows:

EXTi(s) ={A € SFAC,(M,X") |

/ ! ! (18)
SCANBA)|A|=kAAC A}

In other words, the extensions of s are all k-
maxfactors that are superfactors of s. For example,
if we have s = [+ANT] and the only two fea-
tures available are =ANT and £STR, then we have
EXTk(s) = {[+ANT, -STR], [+ANT, +STR]}.

Given Definitions 6 and 7, if the conditions on
Line 7 are not satisfied, we add s to G (Line 13). If
either of the conditions are satisfied, however, we
must consider more specified subfactors than s. For
a negative grammar, this is because the potential
constraint s is violated by some w € D and thus
cannot be added to G. For a positive grammar,
this is because at least one k-maxfactor licensed by
s is unattested in D, and thus s cannot be added
to G. We extract the more specific superfactors
of s by calling NextSupFact(s) (Line 9) where
NextSupFact() is defined as follows:

NextSupFact(s) ={A € SFAC,(M,X") |

sCAAFA)[sT A' T A]} )

Intuitively, NextSupFact() returns the least super-
factors for s. The set S of superfactors is then
filtered (Line 10) to contain only those that have
not been previously visited and contain no element
of G as a subfactor. This is because if there is some
g € G such that g C s, then for any word w for
which s C w, we have g C s C w and thus g C w,
and by Definitions 6 and 7, s will not add any new
information to the grammar. The structures that
pass this filter are then added to Q.

Note that Algorithm 1 is nearly identical to the
algorithm of Chandlee et al. except that Line 7
conditions for both positive and negative grammars,
and we consider subfactors of exactly size k rather
than bounded in size by k. As discussed in §4.1,
it is the latter modification that allows us to learn
both positive and negative grammars in the same
way. We now demonstrate that Algorithm 1 meets
the criteria outlined in Definition 9.



Theorem 2. For any p € {+, —}, positive integer
k, any L € £P(M, k) and any finite set D C L
provided to Algorithm 1, it returns a grammar GP
satisfying Definition 9.

Proof. (Condition 1) Assume towards contradic-
tion that there exists some w € D, w ¢ L(GP).

If p = +, then by Definition 7, there is some x €
MFAC (M, w) such that (Vy € SFACk(z))y €
GP]. By Algorithm 1, this means that for all y €
SFAC(z) there is some z € EXTg(y) such that
(V' € D)[z £ w']. However, © € SFACk(x) by
Definition 4, and since © € MFAC,(M,w), we
have EXTg(x) = {z}. Thus, if z € G, then
(Vw' € D)[z £ w'], sow ¢ D, a contradiction.

If p = —, then by Definition 6, there is some = €
MFAC (M, w) such that (3y € SFACk(z))[y €
GP]. Since y € SFACk(x) and © € MFAC, (M, w),
we have x € EXTy(y). By Algorithm 1, y € G~
means that (Vy' € EXTy(y),Vw' € D)y £ w'],
but since x € EXTg(y), this means that (Vw' €
D)[z £ w'], and w & D, a contradiction.

(Condition 2) Consider any L' € £P(M, k)
with D C L' and any w € L(GP). Since
w € L(GP), we have SFACL(M,w) C
SFACK(M,D) and since D C L', we
have SFACL(M,D) C SFACk(M,L'). Thus,
SFACL(M,w) C SFACE(M,L’),and w € L'. As
such, (Vw € L(GP))[w € L'],and L(GP) C L'.

(Condition 3) Assume towards contradiction
that there is some GP learned by Algorithm 1
such that for some s € GP, 3s' C s that should
be included in GP: either p + and (Vz €
EXT(s"))Fw € D,z < w], or p = — and
(Vr € ExTg(s'))[fw € D,r < w]. Since
s’ C s, s’ will be added to Q before s’ is gener-
ated by NextSupFact() under Algorithm 1, and
since ) is a first-in-first-out queue, s’ will be
removed from () for consideration before s is
generated. Since we have either p + and
(Vx € EXTi(s)[Fw € D,z < w],orp = —
and (Vo € EXTy(s'))[pw € D,z < w)], s’ will be
added to G by Line 7. Then, when s is generated
by NextSupFact(), it will not pass the filter in Line
10, since s’ C s and s’ € GP. As such, s is never
added to GP, and s ¢ GP, a contradiction. ]

7 Example: Samala Sibilant Harmony

We illustrate our learning algorithm by applying
it to a toy example based on Samala sibilant har-
mony (§2.3; Hansson, 2010). For simplicity, we
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use only two features: £ ANT and +VOI; the for-
mer is necessary to define the phonotactic restric-
tion and the latter is not. We define the size of the
subsequences to be £ = 2, and assume that all licit
subsequences are attested in D (c.f. Heinz, 2010a).
The partially-ordered structure of the hypothesis
space is shown in Figure 6, with lines indicating
subfactor-superfactor relations (see Chandlee et al.
2019 for further discussion).

Following Line 1, we initialize () to contain only
the empty 2-subfactor [][], shown at the bottom
of Figure 6. Learning begins by dequeuing and
considering [][] (Lines 5-6). If we are learning a
negative grammar, we check whether there is any
element in EXTg([][]) which is a 2-maxfactor of
some x € D. By definition, EXT([][]) will con-
tain all fully-specified 2-factors that are superfac-
tors of [][]. This means, for example, that [+VOI,
+ANT][+VoOI, +ANT] € EXT;([][]), and this cor-
responds to the licit subsequence [z...z] which is
attested in D. If we are learning a positive grammar,
we check whether any element in EXTy([][]) is not
a 2-maxfactor of any z € D. We have, for example,
[+VolL, +ANT][+VoO1, -ANT] € EXT4([][]), and
this corresponds to the illicit subsequence [z...3]
which is not attested in D. As such, the condition
on Line 7 is satisfied for either polarity.

Following Line 9, we then extract the least super-
factors of [][]; these are shown in the level above
[1{] in Figure 6. Since none of these subfactors have
been seen and G is empty, they are all added to @
(Lines 10-11). However, as each is dequeued and
considered, it still satisfies the criteria in Line 7:
any subfactor with only =ANT specified in a single
position will have both licit and illicit maxfactors
in its extension (e.g., [+ANT][]C [+ANT][+ANT]
means that Line 7 will be satisfied for negative
grammars, but [+ANT][]C [+ANT][-ANT] means
that it will also be satisfied for positive grammars).
Similarly, any subfactor with only £VO0I specified
will have both licit and illicit maxfactors in its ex-
tension. As such, specification of the subfactors
under consideration will be increased once more,
corresponding to the third level in Figure 6.

It is here that we are able to add subfactors to G.
When [+ANT][+ANT] is dequeued for the positive
grammar, every factor in EXTy ([+ANT][+ANT])
(namely [s...s], [z...z], [s...z], and [z...s]) is attested,
so Line 7 is not satisfied, and [+ANT][+ANT] is
added to G (Line 13). Similarly, when [+ANT][-
ANT] is dequeued for the negative grammar, no fac-
tor in EXTy([+ANT][-ANT]) (i.e., none of [s...[],



[+ANT][+ANT]

[+ANT][-ANT]

[-ANT][+ANT] [-ANT][-ANT]

[+ANT][]
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GGy

[

Figure 6: A partial illustration of the hypothesis space for learning Samala sibilant harmony with k = 2.

[s...3], [z...[] or [s...3]) is attested, so [+ANT][-
ANT] is added to G (Line 13). We may later de-
queue [+ANT][+ANT, +VOI] in the positive case,
but will not consider it (Line 10): [+ANT][+ANT]
being allowed entails [+ ANT][+ANT, +VOI] be-
ing allowed, so there is no reason to consider
[+ANT][+ANT, +VoOI] separately. Similarly,
[+ANT][-ANT, +V0I] will not be considered in the
negative case since [+ANT][-ANT] being banned
entails [+ANT][-ANT, +VOI] being banned.

8 Discussion

The polarity of the grammar has several implica-
tions that warrant future exploration. In implemen-
tation, it is often necessary to terminate the search
defined in Algorithm 1 before reaching the most
specific k-maxfactors, but the implications of this
termination differ based on the polarity of the gram-
mar. Consider some positive data sample D, and
let GP be the grammar that will be learned by Algo-
rithm 1 from D if the search space is traversed in
its entirety. Let GP(t) be the intermediate grammar
at some time ¢. It is easy to see that GP(t) C GP,
since at any time ¢, elements in () — as well as
their superfactors — have not yet been considered.

However, the implications of GP(t) C GP dif-
fer depending on the value of p. Specifically,
L(GT(t)) € L(GT) but L(G™) C L(G™(t)),
since the additional elements in GP \ GP(t) will
either be interpreted as additional constraints (for
negative p) or additional permitted elements (for
positive p). Recall from §4.1 that L*(0)) = 0 and
L~ (0) = ¥*, and from Algorithm 1 that G? is ini-
tialized to §). This, in conjunction with the subset
relations above, entails that Algorithm 1 consis-
tently expands L(G™) during learning of a positive
grammar by adding more allowed subfactors to G,

&3

while it consistently shrinks L(G ™) during learning
of a negative grammar by adding more banned sub-
factors to G~ . Future work should investigate how
these differing predictions map onto developmental
findings. While some findings have suggested an
initial stage of conservatism in child productions
(Fikkert, 1994; Levelt et al., 2000; Rose, 2000, i.a.),
there is also evidence for early generalization in
perception (Cristia and Peperkamp, 2012; Hallé
and Cristia, 2012; Bernard and Onishi, 2023, i.a.),
particularly based on phonological features and syl-
lable position. Do children begin by positing that
anything is allowed and later backtrack, or do they
begin by positing that nothing is allowed, and only
add items to their grammar once they have been
observed in the input?

9 Conclusion

In this paper, we showed that if we fix the size k
of subfactors in the grammar, then the algorithm
of Chandlee et al. (2019) can be straightforwardly
extended to learn both positive and negative gram-
mars over unconventional string models in a unified
way. The enriched representations provided by un-
conventional string models allow us to provably
find the most general subfactors that are allowed or
banned in a given language by conducting a bottom-
up search of the partial ordering of k-subfactors.
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A Proof of Theorem 1

Proof. To construct G, from G, for each g €
Gy, if |g| = k, then add g directly to G, . If
lg| < k, then add to G5 all superfactors of g of
length k given by {f | g C f,|f| = k}. Assume
towards contradiction that L17(G]) # L11(G5 ).
This means that either (Jw)[w € Li7(G7),w ¢
L1 (Gy)] or (Fw)[w € Lii(Gy ), w & L17(Gy)).

(Case 1) (Hw)[w S L17(G1_)7w & LH(GQ_)]:
By Equation (11), w ¢ L;1(G5 ) means that:

(3S € MFAC (M, w))[SFACL(S) N Gy # (]
or equivalently that:
3f e U SFaCk(S) | [f € Gy ]
SEMFACE (M,w)
By Lemma 2 this means that:

[3f € SFACL(M, w)](f € G5)
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Given our construction of G, , it is either the case
that f € G] orthat [3g € G{](g C f). In the
first case, f € SFACL(M, w) C SFAC<,(M,w) =
[ € SFAC<x(M,w), but if f € SFAC<y(M,w)
and f € G, then SFAC<,(M,w) N G] # 0 and
w ¢ L17(G7 ), a contradiction. In the second case,
g C f € SFACL(M,w) = g € SFAC<;(M,w),
but if g € SFAC<,(M,w) and g € G7, then
SFAC<;(M,w) NGy # 0 and w ¢ Li7(Gy), a
contradiction.

(Case 2) (Fw)[w € L11(Gy),w ¢ Li7(Gy)]:
By Equation 17, w ¢ L17(G7 ) means that

[Fg € SFAC< (M, w)](g € GY)

Given our construction of G , it is either the case
that |g| = kandg € G5 orthat [Vf | g C f,|f| =
k)(f € G3). In the first case, since |g| = k, g €
SFACK (M, w) and thus:

g€ U SFACK(S)

SEMFACE (M,w)

by Lemma 2. But this, in conjunction with g € G5,
means that:

U SFACL(S) | NGy # 0

SEMFAC (M ,w)

and w ¢ Li1(G5), a contradiction. In the
second case, ¢ € SFAC<,(M,w) = [3¢ €
SFACL(M,w)](g T ¢'), but since {f | g C
L 1fl = k} € G5, it must be the case that
g € G5 . Since ¢’ € SFAC,(M,w) and ¢’ € G5,
by Lemma 2:

U SFACL(S) | NGy #0

SEMFAC (M,w)

and w ¢ L;1(G5 ), a contradiction. O
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Abstract

We introduce Pragmatics-Utilizing Distribu-
tional Learner (PUDL) to simulate verb transi-
tivity learning in 15-month-old English learn-
ers. The model incorporates pragmatic reason-
ing about question-answer relations in neutral
wh-questions. Our proposal outlines a devel-
opmental trajectory that features a temporary
overregularization stage where learners general-
ize all verbs into one category, due to difficulty
in distinguishing Prepositional Phrases from
Noun Phrase objects. The results demonstrate
the effectiveness of a pure distributional model
enhanced by pragmatic knowledge in address-
ing learning challenges posed by noisy input.

1 Introduction

Learning how verbs behave in terms of taking di-
rect objects proves to be a challenging task for
learners. The complexity of verb transitivity learn-
ing arises from messy data that learners encounter,
as illustrated in (1-2).

(1) transitive
a. Alex threw the truck.
b. What did Alex throw?
c. *Alex threw.

(2) intransitive
a. I waited.
b. I waited for Alex.

In an ideal setting for learning verb transitivity,
learners would be exposed solely to examples fea-
turing transitive verbs with a direct object (1a) and
intransitive verbs without any adverbials (2a). With
this transparent input, they could seamlessly make
inferences about the transitivity patterns of verbs.
However, reality often deviates from this ideal,
exposing learners to less-than-optimal examples.
In the surface string of (1b), the transitive verb
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‘throw’ does not take any direct object due to the
English rule of question formation: a direct object
moves to the beginning in object wh-questions. A
learner who hasn’t yet acquired this non-local wh-
dependency might be misled to infer from (1b) that
‘throw’ does not always take a direct object. In
contrast, ‘wait’ is an intransitive verb that does not
take a direct object, as demonstrated by the con-
trast between (1c) and (2a). Confusingly for learn-
ers though, prepositional phrases (PP) such as ‘for
Alex’ in (2b) often occur with the intransitive verb
‘wait.” Novice learners, who have yet to acquire the
distinction between the PP ‘for Alex’ in (2b) and
the NP ‘the truck’ in (1a), might incorrectly infer
from utterances like (2b) that ‘wait’ is a transitive
verb. The abundance of utterances like (1b) and
(2b) in learners’ input prompts a critical question:
How do learners, faced with such misleading input,
eventually arrive at accurate generalizations that
transitive verbs like ‘throw’ consistently require a
direct object, while intransitive verbs like ‘wait’ do
not take a direct object?

Assuming grammatical knowledge of learners
around 15 months old, we hypothesize that (i)
pragmatic reasoning is what enables them to re-
alize questions like (1b) do not serve as evidence
for the intransitive nature of transitive verbs, but
(i1) due to the failure to distinguish NP arguments
(e.g., ‘the truck’ in (la)) from PP adjuncts (e.g.,
‘for Alex’ in (2b)) at the proposed developmental
stage, they undergo a temporary overregulariza-
tion stage where they perceive all verbs as transi-
tives, on their way to the final destination, i.e., adult
grammar. Our assumption about the developmen-
tal timeline is directly motivated by experimental
results. Behavioral studies show that 15-month-
olds behave as if they comprehend wh-dependency
in (1b) (Gagliardi et al., 2016; Perkins and Lidz,
2021). ! On the other hand, it has been experimen-

'In this regard, our claim about pragmatic reasoning can
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tally shown that children as young as 19 months
old incorrectly interpret PPs (she’s wiping with the
tig) as denoting a patient, a thematic role typically
expressed by a direct object (she’s wiping the tig)
(Lidz et al., 2017). In other words, the learners we
assume have overcome the learning problem that
arises in the transitive domain (1), but not in the
intransitive domain (2).

To model our target learner, English-learning 15-
month-olds capable of pragmatic reasoning, but
not PP vs. NP resolution, we propose Pragmatics-
Utilizing Distributional Learner (PUDL). Using
Bayesian Information Criterion (BIC), we show
that the PUDL goes through an overregulaza-
tion phase where it prefers all verbs to be tran-
sitives. Compared to pure distributional learner
(DL), which is not pragmatically informed, the
PUDL’s performance is farther from true knowl-
edge about verb transitivity patterns, when asked
to cluster verbs into three groups (transitive, alter-
nating, intransitive). Still, pragmatic reasoning is
hypothesized to be crucial to grappling with the
misleading data of (1b) kind in the transitive do-
main; once learners become question-savvy, they
are not tricked anymore by (1b). The resulting
overregularization inference that every verb takes
a direct object is inevitable given the messy na-
ture of data they receive in the intransitive domain;
15-month-olds frequently hear utterances like (2b),
while perceiving PPs incorrectly as NP objects.
The proposal is consistent with the idea that regu-
larization, in general, plays a pivotal role in both
first and second language acquisition (e.g., Hud-
son Kam and Newport 2005; Austin et al. 2022).
Furthermore, we show that a pure distributional
learner, as opposed to a learner with additional in-
ductive bias, such as filtering (Perkins et al., 2022),
is just as promising to tackle the puzzle in verb tran-
sitivity learning, although a full comparison with
the PUDL augmented by the PP vs. NP resolution
is left for future research.

2 Pragmatics-utilizing distributional
learner (PUDL /pudal/)

We propose Pragmatics-Utilizing Distributional
Learner (PUDL), a pure distributional model that
sidesteps deterministic hypotheses as part of its
inductive bias but is bolstered by pragmatic knowl-
edge. The base model we start with is distribu-

be understood as an attempt to answer how such knowledge
of wh-dependency arises in young learners.
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tional learner (DL). In the proposed model, verb
categories do not have a fixed direct object (DO)
probability; instead, they have probability distribu-
tions over the interval [0,1]. Intuitively, our learner
operates with confidence in the received data, com-
pared to alternative learners that filter out some
proportion of data for successful learning. Without
knowing that the input is noisy, the PUDL per-
ceives every piece of data, including (1b) and (2b),
as a valuable signal, as is reasonable to be assumed
for learners as young as 15 months old who have
no clue about deterministic verb transitivity. We
assume that all they are sensitive to is the distribu-
tional patterns of verb transitivity.

The central challenge for our base model concerns a
transition to acquiring correct deterministic knowl-
edge without relying on a predefined deterministic
hypothesis space. We propose that pragmatic un-
derstanding of discourse context plays a crucial role
in addressing this issue for transitive verbs. Specif-
ically, recognizing that (1b) functions as a neutral
question that seeks information facilitates learners’
transitivity acquisition. For instance, let’s assume,
for illustrative purposes, that the verb ‘throw’ oc-
curs in the form of (1a) 80% of the time in the
input, while 20 % of the time, it takes the form
of (1b). Based on the observations from the in-
put, a learner would form immature knowledge
that ‘throw’ occurs with a direct object only 80%
of the time. Once pragmatically informed, how-
ever, the learner associates the remaining 20% or
s0, due to (1b), with the information-seeking dis-
course function inherent in wh-questions. It would
then cease its search for a missing direct object
in interrogative sentences, recognizing that such
information-seeking sentences are supposed to lack
a direct object, i.e., the answer of the question. This
nuanced yet straightforward pragmatic reasoning
prompts the learner to update the initial underesti-
mated knowledge about ‘throw.” As a result, the
learner moves closer to the correct understanding
that ‘throw’ should always occur with a direct ob-
ject, ideally reaching near 100%. The gap, previ-
ously attributed to ‘throw’s intrinsic property, is
now ascribed to a specific discourse context of in-
formation seeking, which allows verbs to lack a
direct object.

Two concerns may arise regarding (i) whether the
complexity of the proposed pragmatic reasoning
is appropriate for a learner as young as 15 months
old, and (ii) imperfect correlation between missing
direct objects and questions. First, despite the dis-



course function of questions being more complex
than its declarative counterpart, two factors are hy-
pothesized to enhance learners’ capacity for the
proposed pragmatic reasoning: (i-a) the prevalence
of questions in child-directed speech, verifiable
from corpus, and (i-b) distinctive rising intonation
associated with questions. On the second point
(i1) regarding the imperfect correlation, it is true
that not every noise in the data takes the form of
question. For example, transitive verbs used in
relative clauses (3a) and in passives (3b) also lack
direct objects. The noisy input of these kinds would
prevent even the question-savvy learner from reach-
ing 100%, i.e., acquiring deterministic knowledge
found in adult grammar.

3) a.

b. The truck was thrown.

I found the truck Alex threw.

We assume that a learner at this stage, where
they just start to distinguish questions from non-
questions, indeed fails to attain 100% correct
knowledge about verbs’ transitivity property. Un-
derstanding complex constructions such as relative
clauses and passives likely happens later in a child’s
life, whether it involves a pragmatic process or not.
The upshot is that the presence of other kinds of
misleading data such as (3) does not argue against
the plausibility of the PUDL’s learning schema and
the proposed developmental trajectory.

A more serious challenge to the PUDL is that not all
questions take the exact form of object wh-question
in (1b). Polar questions (4a), rising declaratives
(4b), and subject wh-questions (4c) do not lack
direct objects even though they are questions.

4 a.
b. You threw the truck?
Who threw the truck?

Did you throw the truck?

C.

However, polar questions (4a) and rising declara-
tives (4b) involve different discourse contexts from
those of wh-questions in that they are biased. Bur-
ing and Gunlogson (2000) argue that positive polar
questions like (4a) are not neutral; they can be
felicitously asked in the presence of compelling
contextual evidence. Similarly, rising declaratives,
extensively studied in semantics, are biased ques-
tions, where the addressee might be asked for in-
formation, but the speaker is not neutral in their ex-
pectation (see, for example, Farkas and Roelofsen
(2017) for formal modeling of the latter discourse
behavior). Therefore, it is reasonable to assume
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that a learner can distinguish the discourse func-
tion of neutral wh-questions (seeking information
without any expectations; (1b)) from non-neutral
polar questions or rising declaratives (4a-b), which
express the speaker’s bias or may not necessarily
expect an information-bearing answer.
Furthermore, the questions in (4) do not pose a
challenge for verb transitivity learning in the first
place. While a learner at the proposed stage may
not correctly parse or understand each question in
(4), the data are not misleading in terms of learning
verb transitivity because ‘throw’ has a direct ob-
ject in all three questions of (4). We proceed with
the assumption that subject wh-questions of the
(4c¢) kind are not noisy and, therefore, do not influ-
ence the learner’s transitivity acquisition during the
assumed developmental phase. In this phase, the
transitivity-learning learner grapples with transpar-
ently noisy data, such as the example given in (1b).
Whenever a violation of transitivity is observed
as in (1b) (modulo relative clauses and passives),
the PUDL associates the utterance with its unique
discourse context, that is, seeking information by
asking a question, and treats it as occuring with
a direct object, even if the utterance (1b) lacks a
direct object on the surface.

3 Data

The data we utilized are several corpora of child-
directed speech from CHILDES (MacWhinney,
2000), specifically Brown (Brown, 1973), Soder-
strom (Soderstrom et al., 2008), Suppes (Suppes,
1974), and Valian (Valian, 1991). Regarding the
selection of corpora and the specific set of verbs,
we followed Perkins et al. (2022) for a transparent
comparison (Section 6). To model verb transitivity
learning, they chose the 50 most frequent action
verbs, classified into transitive, alternating, and in-
transitive categories.

Given our goal to model a learner around 15
months old, who has not yet resolved the NP vs.
PP distinction, our learner blindly treats many ele-
ments following a verb as a direct object. Crucially,
sentences like (2b) are coded as having a direct ob-
ject (DO), from the learner’s perspective. However,
we excluded particles that make up a phrasal verb
or simple adverbs from being considered as a direct
object. For instance, for the verb ‘pick’, the utter-
ance ‘I picked up’ or ‘Did you pick up?’ is coded
as occurring without a direct object, even though
the verb in question is followed by something other



than punctuation.

In addition, each sentence is coded as being a ques-
tion or not. We coded a sentence as a question
if and only if the sentence occurs with a ques-
tion mark in its transcript, which includes a lot of
rising declaratives. Then, we defined pragmatics-
augmented direct object (PDO) as 1 if and only if
the sentence either has a DO or is a question, and
0 otherwise. The PDO coding is used as the input
for the PUDL, which utilizes pragmatics, while
the DO coding is used as the input for the distri-
butional learner DL, not equipped with pragmatic
knowledge.

The list of the 50 verbs with their total counts, sam-
ple DO rates, and sample PDO rates are shown
in Table 1. Verbs are categorized according to
their underlying true transitivity types following
Perkins et al. (2022): (T)ransitive, (A)lternating,
and (Dntransitive. They are sorted by sample DO
rates within each transitivity type. Transitive verbs
tend to have higher sample DO rates and intran-
sitive verbs tend to have lower sample DO rates.
However, they can deviate much from the ground
truth of 1 for transitive verbs and 0 for intransitive
verbs. There is also a significant overlap of the
sample DO rates among the three categories.
Finally, for each verb, its sample PDO rate is al-
ways higher than its sample DO rate as expected.
For all the transitive verbs, the sample PDO rate
is greater than 0.9, and one verb (‘feed’) attains a
100% sample PDO rate.

4 An empirical Bayes model for
distributional learning

We propose an empirical Bayes (EB) model that
conducts distributional learning of verb transitivity
from observed DO patterns.

Model The model assumes that there are K tran-
sitivity categories {C4,Cy,...,Ck} with equal
prior weights. The transitivity 7; of each verb
i €{1,2,...,V}isdistributed as:

T; ~ Uniform({C1,Cs,...,Ck}).
Depending on transitivity category (C), the verb’s
true observable DO rate 6; is drawn from an un-

known Beta distribution (Beta(a, Sx)), taking val-
ues between 0 and 1:

91|TZ =Cf ~ Beta(ak, ﬁk)

Verb Count DO Rate PDO Rate
(T) feed 226 0.9690 1.0000
(T) hit 214 0.9579 0.9860
(T) bring 712 0.9424 0.9803
(T) throw 376 0.9282 0.9415
(T) fix 397 0.8992 0.9270
(T) buy 356 0.8989 0.9775
(T) hold 565 0.8690 0.9522
(T) catch 216 0.7731 0.9074
(T) wear 540 0.7241 0.9444
(A) pick 390 0.9410 0.9692
(A) drop 178 0.9157 0.9551
(A) knock 149 0.9128 0.9664
(A) touch 210 0.8857 0.9143
(A) push 348 0.8707 0.9282
(A) wash 236 0.8686 0.9576
(A) ride 243 0.8683 0.9630
(A) turn 470 0.8617 0.9277
(A) cut 318 0.8491 0.9403
(A) lose 200 0.8450 0.9000
(A) pull 383 0.8433 0.8799
(A) read 624 0.8301 0.8942
(A) leave 382 0.8246 0.8717
(A) build 307 0.8176 0.9479
(A) open 379 0.8153 0.8707
(A) bite 195 0.7949 0.9026
(A) close 212 0.7877 0.8491
(A) blow 214 0.7570 0.8738
(A) play 1424 0.7514 0.8820
(A) drink 345 0.7507 0.9420
(A) draw 401 0.7481 0.9202
(A) eat 1535 0.7036 0.8997
(A) sit 990 0.6939 0.8323
(A) move 260 0.6923 0.7846
(A) sing 347 0.6916 0.8646
(A) hang 168 0.6905 0.8690
(A) break 558 0.6900 0.7975
(A) write 593 0.6830 0.8499
(A) walk 255 0.6196 0.8078
(A) stand 300 0.5733 0.7800
(A) stick 278 0.5647 0.7626
(A) fit 211 0.5498 0.7536
(A) jump 189 0.5185 0.7354
(A) run 246 0.4837 0.7236
(A) swim 200 0.4500 0.7550
(I) wait 310 0.8452 0.8774
(D) stay 334 0.7575 0.8204
(D sleep 419 0.4678 0.7709
(D) fall 606 0.3449 0.6188
(I) work 302 0.3377 0.5927
D cry 272 0.2647 0.6875

Table 1: Fifty verbs in our analysis with their total count,

89 sample DO rate, and sample PDO rate.



Lastly, we assume that the DO observations
{Xi; };\7:1 , are independently and identically dis-
tributed as a Bernoulli distribution with the success
parameter equal to 6;:

Xi,j]0; ~ Bernoulli(6;).

The left panel of Figure 1 summarizes our model in
plate notation. Note that the verb’s transitivity 7;
and the verb’s true observable DO rate ; are latent
variables that need to be estimated, while the DO
observation X; ; are observed variables (shaded in
the Figure).

T SR
v\

9 [eo
v

(a) Distributional Learner

(this paper)

(b) Filtering Learner
(Perkins et al., 2022)

Figure 1: Models in plate notation.

EB inference We have assumed that the model
hyperparameters {(cy, Bx) }1_, are unknown. We
estimate these hyperparameters using EB. Specif-
ically, we set the hyperparameters to values that
maximize the marginal log-likelihood.
The EB prior estimation and posterior computation
can be done efficiently by reducing our model to the
class of Beta-Binomial mixture models. We com-
bine two simple observations: the marginal distri-
bution of 6; is a Beta mixture if we integrate T; out;
and the sum of the IN; Bernoulli trials is distributed
as a Binomial distribution, X; . := Zjvz‘l Xij ~
Binomial(V;, 0;). Therefore, the sum of DO ob-
servations X . is marginally distributed as a Beta-
Binomial mixture:
1 X
X~ 74 ; Beta-Binomial (V;, ag, Sk).

)
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We use the expectation—maximization (EM) algo-
rithm to find the hyperparameter values that maxi-
mize this likelihood.

Initialization Since the likelihood maximization
problem is not a convex problem, the solution ob-
tained via the EM algorithm might depend on the
initialization. We initialize the category member-
ships using a hard clustering of sample DO rates,
XL./Ni.Z For example, with K = 3 categories,
we sort verbs by their sample DO rates, and assign
a hard C'1/C5/C5 membership to the verbs with
sample DO rates in the lowest/middle/upper tertile,
respectively. The categories C', C5, and C'3 are
interpreted as the verb categories with ‘low’, ‘mid-
dle’, and ‘high’ true observable DO rates, which
would roughly correspond to the ‘intransitive’, ‘al-
ternating’, and ‘transitive’ categories of verb tran-
sitivity for the current problem.

Inference with PDO data To make inferences
using the PDO data instead of the DO data, we use
the same model and algorithm. The only difference
is the interpretation of the model parameters: 6; as
the verb’s true observable PDO rate and (o, 5)
as the parameters for the PDO distribution of the
category Cf.

5 Results

We use the EB model to simulate a distributional
learner (DL) that learns verb transitivity from
DO data, and a pragmatics-utilizing distributional
learner (PUDL) that learns verb transitivity from
pragmatics-augmented DO (PDO) data, which in-
corporates pragmatic knowledge about questions.

5.1 Distributional Learner (DL)

To simulate a DL, we fit the EB model with three
categories (K = 3), consistent with the underlying
truth that there are three verb transitivity categories
(intransitive, alternating, and transitive).

The estimated hyperparameters (ay, 8)) for the
EB Beta priors are (4.76, 3.64), (28.58, 8.60), and
(33.39,4.28) for the categories C7, Cs, and Cs;
their means are 0.57, 0.77, and 0.89. The densities
of the three distributions are shown in the upper-
most panel of Figure 2. Note that we do not use the

’In a hard clustering, each verb i belongs to only one
category, whereas, in a soft clustering, it can belong to multiple
categories. It is worth noting that the hard clustering-based
initialization is an initialization strategy, not a part of the
model specification, though the initialization can have a lasting
impact on the final inference.



true verb transitivity labels (‘intransitive’, ‘alternat-
ing’, or ’transitive’) in the estimation procedure.

DL: K=3
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Figure 2: Empirical Bayes beta priors.

Based on the empirical Bayes beta priors, each
verb’s posterior distribution over the verb cate-
gories C'1, ..., Ck is computed. Each verb’s pos-
terior membership in the categories is shown as a
stacked bar plot in the uppermost panel of Figure
3; the posterior memberships are non-negative and
sum to one. The verb labels in the x-axis are color-
coded to represent the underlying true transitivity
category: transitive verbs are coded red, alternating
verbs are coded black, and intransitive verbs orange.
The verbs are ordered first by the underlying true
transitivity category, and then by the descending
sample DO rate within each category.

Our EB model performs well in uncovering the
underlying true transitivity category, though not
perfectly. Out of the nine transitive verbs, seven
verbs have the highest membership in the ‘high’
category C'3, which is the category with the highest
prior DO rates; the other two transitive verbs have
the highest membership in the ‘middle’ category
(5. On the other side, four out of the six intran-
sitive verbs have the highest membership in the
‘low’ category C'y. The alternating verbs have vary-
ing levels of memberships in the three categories,
depending on their sample DO rates.
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5.2 Pragmatics-Utilizing Distributional
Learner (PUDL)

To simulate a PUDL, we fit the EB model with
three categories (K = 3) to the PDO data. The
estimated EB beta priors and the posterior mem-
berships are shown in the second uppermost panels
of Figure 2 and 3. In Figure 3, verbs within each
category are reordered according to their sample
PDO rates. Compared to the DL, the PUDL has
verbs’ posterior memberships less separated. For
example, all the fifty verbs have non-negligible
memberships in the C3 category, and the transi-
tive verbs’ Cs membership decreased. This change
follows from the property of the PDO data: each
verb’s PDO rate is always greater than or equal to
its DO rate, and the verbs’ PDO rates are harder
to separate into distinct clusters, since they are all
shifted toward 1 (closer to 1 than the DO rates are).
This property is illustrated in the estimated EB beta
priors in the second panel of Figure 2, which is
more overlapping than the first panel.

We find that the PUDL favors models with a smaller
number of categories, based on the Bayesian Infor-
mation Criterion (BIC). BIC is a criterion for model
selection, which is defined as

BIC = —2log(L) + Plog(N)

where L is the maximized log-likelihood of the
model, P is the number of parameters estimated
by the model, and N is the sample size. A model
with a smaller BIC is preferred. To strike a balance
between model fit and model complexity, BIC adds
a penalty to the number of parameters, as models
with a larger number of parameters are more flexi-
ble to guarantee a higher maximized log-likelihood.

K BIC —2log(L) Plog(N)
v'1 478.5759 470.7519 7.8240
2 486.3513 470.7032 15.6481
3 493.5469 470.0747 23.4721

Table 2: Bayesian Information Criterion for PUDL.

In our case, the sample size IV is 50 and the num-
ber of parameters P is 2K from the size of the set
{(ag, 5k:)}kK:1- The PUDL with K = 3 has BIC
493.55, BIC 486.35 with K = 2, and 478.58 with
K =1 (see Table 2). Therefore, the PUDL with
K =1 is the most preferred, and the PUDL with
K = 3 is the least preferred, among the three mod-
els. The estimated EB prior for the PUDL with
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Figure 3: Posterior distributions over verb categories 7.

K =1 is shown in the second lowermost panel of
Figure 2; its true observable PDO rates are concen-
trated around large values. Naturally, the posterior
membership for each verb is 1 in the only available
category (', as shown in the second lowermost
panel of Figure 3. For completeness, the estimated
EB prior and posterior memberships for K = 2
are provided in the middle panel of Figure 2 and 3,
respectively.

Intuitively, the preference for X = 1 indicated
by BIC suggests that the pragmatically-informed
learner infers that the observations are coming from
a single common source, rather than two or three
clusters. Capable of pragmatic reasoning about the
question-answer relation, the learner made an im-
pressive progress by recognizing verbs like ‘throw’
in (1) are more transitive than it previously thought
they would be. However, the learner at the assumed
developmental stage is still potentially misguided
by the data like (2b) for intransitive verbs, making
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an incorrect inference that verbs like ‘wait’ can oc-
cur with a direct object. Consequently, the learner
undergoes the overregularizing stage, where it per-
ceives all verbs as belonging to one category, i.e., a
category with high true observable DO rates.® This
explains why K = 1 is preferred when the model
is asked to cluster 50 verbs into K -many categories.
Once the learner resolves the PP vs. NP distinction
at a later stage of development, possibly after 19
months old given the experimental results in Lidz
et al. (2017), we expect the result for the PUDL
K = 3 to be more clearly separated than the DL
K = 3, showing more progress toward determinis-
tic knowledge. We leave the experimentation with
the PUDL augmented by the PP vs. NP resolution
for future research.

31t is possible to interpret this single category as either
transitive or alternating. The upshot is that the learner would
infer that verbs are followed by a direct object with a high
probability.



6 Comparison with a filtering model

In this section, we compare our distributional
learner with a filtering-based distributional learner,
proposed by Perkins et al. (2022).

Filtering model The filtering-based learner iden-
tifies and filters out the inherent noise in the overt
DO data, such as (1b). Assuming deterministic
hypotheses of 0% DO rate, 100% DO rate, and
0-100% DO rate for intransitive, transitive, and
alternating categories, respectively, the model in-
corporates filtering as inductive bias, allowing it
to arrive at accurate generalizations only by look-
ing at the rates of overt objects following verbs.
What sets this approach apart from other propos-
als on filtering is that the learner operates without
predetermined understanding of which data is mis-
leading in terms of verb transitivity. All it assumes
is a certain amount of noise in the data, acknowl-
edging the presence of erroneous parses. The key
insight of Perkins et al. (2022) is that the learner
confronts the complex transitivity learning prob-
lem by filtering out these erroneous parses without
necessarily knowing that the data such as (1b) and
(2b) are non-basic clauses.

The filtering learner assumes that there are three
transitivity categories {C}, C,, C;} (transitive, al-
ternating, and intransitive) with equal prior weights.
The transitivity 7; of each verbi € {1,2,...,V}
is distributed as:

T; ~ Uniform({C4, C,, C;}).

Depending on the transitivity category, the verb’s
true DO rate 0; is drawn from known deterministic
values or a known distribution:

(5(1), if T; = Ot
6;|T; ~ < Uniform([0,1]), ifT; = C,
(5(0), ifTi - Ci

This modeling choice encodes the deterministic
hypothesis space in which there is a known cate-
gory that always has a DO (‘transitive’) and another
known category that never has a DO (‘intransitive’).
By contrast, the categories in our model have DO
rates from a flexible Beta distribution, not tied to
specific values.

Notice also the difference in the definition of the
parameter 6; as a verb’s true DO rate in their mod-
eling versus a verb’s true observable DO rate in
ours. The reason behind our learner’s modeling
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true observable DO rate, not true DO rate, is be-
cause our learner does not have prior knowledge
about the deterministic hypotheses. Our learner
is purely distributional; all the input they receive,
including the utterances that we described as “mis-
leading" above, are potentially signals that drive
transitivity learning. In this regard, it is true ob-
servable DO rate, not true DO rate.

On the other hand, the filtering learner explicitly
models the “misleading” part of data as noise. First,
there is a parameter € for the probability of an er-
roneous parse, which is distributed as a uniform
distribution:

€ ~ Uniform([0, 1]).

Second, there is another parameter ¢ for the prob-
ability of generating a DO in error, which is dis-
tributed as a uniform distribution:

6 ~ Uniform([0,1]).

Third, there is a sentence-level “input filter” e; ;;
e;,; = 1 means the observation X; ; is generated
from erroneous parsing. The input filter is modeled
as a Bernoulli distribution:

e jle ~ Bernoulli(e).

Lastly, the overt DO observation X ; is modeled
as a mixture of the two Bernoulli distributions with
success probability 0; and §. X; ; = 1 means the
sentence j of verb i has a DO.

Bernoulli(6;),
Bernoulli(d),

ife; ;=0
X;il6,0;, e i ~ »J
u]' 1y ©1,7 { if eij= 1.
The filtering-based model is illustrated in the right
panel of Figure 1.

Data For comparison, we present our DL’s per-
formance on the DO data reported in Perkins et al.
(2022). Note that although we follow their list of
fifty verbs and use the same corpora in our analysis,
the exact total count and sample DO rates are dif-
ferent. Specifically, the DO rates tend to be higher
in our dataset because we assume that our learner
hasn’t yet resolved the NP vs. PP distinction. By
contrast, Perkins et al. (2022) define the overt DO
as “right NP sisters of V”, which suggests that their
learner can distinguish PPs from NP objects.



Result Our DL’s estimated hyperparameters
(ag,Br) for EB Beta priors are (0.91,8.91),
(5.66,3.70), and (30.39,6.14) for the categories
(1, C9, and C3. The means are 0.09, 0.60, and
0.83; the densities are shown in the lowermost
panel of Figure 2, and each verb’s posterior mem-
berships in the lowermost panel of Figure 3.

We find that our posterior membership results
closely align with Figure 2 of Perkins et al. (2022).
The successful verb transitivity learning reported
in Perkins et al. (2022) has been attributed to the
filtering mechanism, a type of inductive bias that
enforces a deterministic hypothesis space. Our
learner, in contrast, does not entertain a restricted
hypothesis space to start with, which suggests that
pure distributional learning is enough to replicate
successful transitivity learning. We also highlight
that our learning algorithm is simpler and more effi-
cient than the filtering algorithm, with the runtime
being less than a second.

7 Conclusion

We introduced Pragmatics-Utilizing Distributional
Learner (PUDL) to model verb transitivity learn-
ing, assuming the grammatical knowledge typical
of 15-month-old English learners. PUDL integrates
learners’ pragmatic reasoning, particularly the re-
alization that utterances such as ‘What did Alex
throw?’ are information-seeking questions, lead-
ing in turn to the inference that this type of object
wh-questions would lack a direct object, i.e., the
answer to the question being asked. These neutral
object wh-questions do not confuse pragmatically
informed learners of verb transitivity, even though
‘throw’, in principle, is a transitive verb that re-
quires a direct object. The nuanced pragmatic rea-
soning prompts learners to adjust their initial gener-
alization closer to adult grammar in the domain of
transitive verbs. However, the proposed pragmatic
knowledge alone is insufficient to handle the noisy
data in the domain of intransitive verbs. Specifi-
cally, we predicted a developmental trajectory char-
acterized by a temporary overregularization stage,
where learners generalize all verbs into a single cat-
egory in terms of transitivity due to difficulty in dis-
tinguishing PP adjuncts from NP arguments. Once
the PP and NP distinction is resolved*, possibly

“For instance, see Bergen et al. (2022) for recent computa-
tional modeling work on how learners differentiate between
arguments and adjuncts based on distributional information.
The current paper does not depend on exactly which model
is adopted for the NP argument-PP adjunct resolution, as be-
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after 19 months of age, as suggested by Lidz et al.’s
(2017) behavioral studies, we anticipate the resolu-
tion of overgeneralization and significant progress
in the intransitive domain as well, which we leave
for future research. It remains to be demonstrated
by behavioral experiments whether children at this
critical period indeed exhibit overregularization,
categorizing both the transitive verb ‘throw’ and
the intransitive verb ‘wait’ into the same category in
terms of transitivity. Nevertheless, we have shown
that the proposed purely distributional models, Dis-
tributional Learner (DL) and Pragmatics-Utilizing
Distributional Learner (PUDL), which operate con-
fidently with received data, are as promising as an
alternative distributional model that considers deter-
ministic hypothesis space and filters out a portion
of input as noise.
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Abstract

Morphological segmentation is both an inter-
esting acquisition problem and an important
task for natural language processing. Most
current computational approaches either use
supervised machine learning—which tends to
lead to the best-performing models—or oper-
ate over bare surface forms of words. How-
ever, the empirical conditions of language ac-
quisition seem to fall somewhere in between:
children do not have access to pre-segmented
input, yet their knowledge of morphological
structure develops alongside semantic knowl-
edge. Inspired by this, we suggest a simple
model for low-resource segmentation of agglu-
tinative morphology. The model is based on
the idea that agglutination tends to mark one
meaning per form. It is unsupervised, but is
able to exploit features to identify how dif-
ferences between closely-related surface forms
are marked. Trained on hundreds to a few thou-
sand words from languages with agglutinative
morphology, the resulting model outperforms
an unsupervised model that does not exploit
such features, and in some settings even out-
performs a supervised model trained on both
features and ground-truth segmentations.

1 Introduction

One of the challenges of language learning is to
identify the meaning-bearing units—that is mor-
phological segmentation. Segmentation has also
been important to natural language processing for
decades (Kurimo et al., 2010; Batsuren et al.,
2022), and continues to be due to the usefulness of
subword units for prominent tasks like neural lan-
guage modeling and machine translation (Sennrich
et al., 2016; Kudo, 2018; Brown et al., 2020; Pan
et al., 2020).

The problem presents a particular challenge in
agglutinative languages, where several grammat-
ical features may be expressed by stringing to-
gether affixes. For example, the Hungarian noun
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haz ‘house’ is combined with a possessive suf-
fix -aink and essive case suffix ‘ban’ to form the
word hdzainkban ‘in our houses’ (example from
Ladényi et al. 2020, p. 191). Moreover, agglutina-
tion occurs in many low-resources languages (Mo-
eng et al., 2021; Downey et al., 2022), and occurs
alongside phonological processes like vowel har-
mony, which lead to alternation in the form that a
given affix is realized as (Lad4nyi et al., 2020). For
example, the Hungarian essive suffix is realized as
-ben/-ban depending on the backness of the vowel
to its left, as in szekrényben ‘in the cupboard’ and
barlangban ‘in the cave’ (examples from Ladanyi
et al. 2020, p. 192).

Some approaches to segmentation are super-
vised, meaning that they learn from segmented
training data. For example, the winner of the 2022
SIGMORPHON (Batsuren et al., 2022) segmenta-
tion challenge was a sequence-to-sequence trans-
former model (Peters and Martins, 2022). Other
approaches—often preferred due to not requir-
ing annotated training data—are unsupervised ap-
proaches, which are usually trained on bare surface
forms (e.g., Uchiumi et al. 2015; Xu et al. 2020).

Our approach takes inspiration from language
acquisition, where children show evidence of
an ability to analyze words in morphologically-
complex ways, segmenting them into distinct sub-
units or morphemes (Marquis and Shi, 2012;
Mintz, 2013; Ladanyi et al., 2020; Kim and Sun-
dara, 2021). For example, Ladényi et al. (2020)
demonstrated that when the common Hungarian
suffix -ban was attached to a nonce stem (e.g., piir-
ban), 15mo Hungarian-learning children indeed
analyzed such nonces as suffixed words, as evi-
denced by their ability to later recognize the stem
in bare form (see § 2.1 for more discussion).

We suggest that one mechanism useful to
morphological segmentation in agglutinative lan-
guages could be the ability to recognize pairs of
closely-related word forms, and then infer sim-
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ple differences between each pair. For example
tandroknak, the Hungarian plural (PL) dative (DAT)
of ‘teacher’, differs from tandrok ‘teachers’ in only
one feature (case), and the former can be derived
from the latter by suffixing -nak. This provides the
learner evidence that DAT can be marked by the
suffix -nak. Moreover, if the learner knows from
other pairs like tandr/tandrok ‘teacher’/‘teachers’
that plurals are also marked by suffixation, then
they can infer evidence that the Dat suffix is or-
dered after the plural suffix.

In this paper, we implement this proposal as a
simple segmentation model, which uses morpho-
logical features to identify closely-related word
pairs, from which it infers the concatinative op-
erations that the language uses to mark those fea-
tures. This approach offers the possibility of
improvement over unsupervised approaches that
operate over only surface forms, while simplify-
ing the data-annotation demands of supervised
approaches needing ground-truth segmentations.
For example, Unimorph 3.0 (McCarthy et al.,
2020) contains morphological features for 169 lan-
guages, but segmentations—via MorphyNet (Bat-
suren et al., 2021)—for only 15.

When trained on 500-10,000 words, the model
achieves 72-100% accuracy segmenting test words
in Finnish, Hungarian, Mongolian, and Turkish,
out-performing the unsupervised model Morfes-
sor 2.0 (Virpioja et al., 2013) and, in a majority
of cases, a supervised neural comparison model.
These results suggest that the model could be
useful for segmenting low-resource agglutinative
languages, since producing a small number of
morphological-feature-annotated word forms is of-
ten easier than producing ground-truth segmenta-
tions, and such feature annotations yield large im-
provements over segmentations based on bare sur-
face forms.

2 Model

2.1 Cognitive Motivation

Our model is motivated by experimental findings
from child language acquisition. We are primarily
concerned with the empirical promise of the model
to segment agglutinative morphology, butin § 5 we
discuss the extent to which we think the model is
itself revealing about the mechanisms of the acqui-
sition of morphological structure.

Marquis and Shi (2012) found that 11mo-
old French-learning infants could perceive nonce
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words suffixed with the frequent French verbal suf-
fix -e as related to their bare stems. This ability
was not attested when an unfamiliar suffix -u was
attached to nonce stems, suggesting that the infants
were decomposing the nonces into stem and affix
units rather than recognizing phonological overlap.
At 15mo, Mintz (2013) found similar results for
the English suffix -ing, and likewise Laddnyi et al.
(2020) for the Hungarian essive suffix -ban/-ben.
The ability to relate forms was unperturbed by the
vowel-harmony-induced alternation between suffix
forms. Thus, given Hungarian’s agglutinative mor-
phology, the ability to relate inflected forms to their
stems seems to develop even in the presence of ag-
glutination and alternation.

Many of these results also suggest that the abil-
ity to relate closely-related forms may begin de-
veloping prior to children acquiring the function
of morphemes. For example, Marquis and Shi
(2012) found that presenting infants with many
nonce words inflected with an unfamiliar suffix,
they would begin to relate the inflected nonces to
their stems. Moreover, Kim and Sundara (2021)
found that the ability emerges for at least some En-
glish suffixes (-s) as early as 6mo, even when the
nonces are presented without referential context,
which they take as evidence that the ability begins
developing without dependence on meaning.

Together, these studies suggest that infants can
relate (concatenatively) inflected forms to their
stems, and that this ability at least begins to emerge
prior to children learning the function of mor-
phemes. Payne (2022, 2023) has proposed that this
early segmentation ability could allow children to
identify collisions, which are instances of stems ap-
pearing in multiple inflected forms. Payne argues
that these collisions provide evidence to the learner
about what morphological features are marked in
the language being acquired, via Clark (2014)’s ob-
servation that differences in form are indicative of
differences in meaning. Payne’s proposal, imple-
mented as an explicit learning model, accurately
matches developmental findings.

Given the well-attested ability of infants to re-
late word forms that differ in a single affix and
the plausibility of Payne (2023)’s hypothesis about
how learners can use this to discover what mor-
phological features are marked, learners could then
use the differences between related word forms and
their developing knowledge of marked morpholog-
ical features to identify what subparts of words cor-
respond to these marked features—that is to pro-



duce meaning-informed segmentations. This idea
forms the basis of our proposed model, which we
present next.

2.2 Input

The model’s input training data is a collection of
<w,r, f> words (triples), where w is the word’s
surface form, r is the word’s root meaning, and f is
a set of morphological features marked in the word.
Notably, r is only the root meaning and not the root
form. An example input is (1), which we will use
as a running example.

(1) (tanar, TEACHER, {})
(tanarok, TEACHER, {PL })
(tanaroknak, TEACHER, {PL, DAT })

(személy, PERSON, {})

o o T p

(személynek, PErRsoN, {DAT })

2.3 Learning Algorithm

The model, which we call MiAsSeEG ['mi.o.seg]
for Meaning-Informed Agglutinative Segmenta-
tion, learns from the input described above by iden-
tifying closely-related words and inferring the con-
catenative difference between their forms as a can-
didate marking of the feature difference between
the words. MiAseG considers two words to be
closely-related if they have the same root meaning
and one has all the features of the other plus one.

Thus, a paradigm P, corresponding to a root
meaning m is represented as the set of input triples
whose root meaning equals m, (2).

2) P, ={<w,r,f>:r=m}

For example, the paradigm Prgacyer contains (1a)-
(1c). This is shown in (5; step 1). MIASEG then
computes, for each paradigm, the closely-related
words in the paradigm—namely those where one
word has all the features of the other plus one (3).

3)

C(Pm) = (<Wi,ri’ﬁ>9<wj9rjaf‘]'>) € Pm

v fiNfinfil=1

Thus c(Prgacuer) returns the pairs (la)-(1b) and
(1b)-(1c). For each of these pairs (5; step 2), M1-
ASEG computes the string difference between the
word forms w; and w; (5; step 3) and posits the
difference as one way of marking the feature that
differs between the two words (5; step 4). MIASEG
represents this inference as a triple of the form (4),
where ¢ = | f; U fj \ f; 0 f;| is the marked feature,
A is the concatenative difference between w; and
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w;, and ¢ specifies whether the difference is a suf-
fix (i.e., comes at the right edge) or a prefix (i.e.,
comes at the left edge).

“4)

For example, the difference between (1b)-(1c) is
the presence of an ending -nak in (1c), which has
the additional feature DAaT. Thus, MIASEG infers
that the suffix -nak is one way of marking Dart:
<DAT, nak, SUFr >. MIASEG also stores the num-
ber of times the difference has been inferred as a
marking of the feature (i.e., the frequency of each
triple), for prioritizing among multiple analyses
during segmentation (§ 2.4). Moreover, because
both (1b) and (1¢) have the feature PL, MIASEG tab-
ulates that the PL marker probably comes before
the DAT marker.

At a different iteration of the loops, MiaseG will
find the difference between (1d) and (le) to be -
nek and Mi1asgc will learn that this is another way
to mark Dat. Thus, the markings inferred by M1-
AskggG are effectively allomorphs of the morphemes
corresponding to each marked feature. The result-
ing segmentations could be used as the input to a
method like Belth (2023a)’s, which constructs un-
derlying forms for morphemes based on surface al-
ternation.

Once the for loops are complete, MIASEG infers
a global ordering of features (5; step 6) by creating
a directed graph, where each feature forms a node
and an edge is formed from f; to f; whenever it
was inferred that f; must come before f; (e.g., PL
— Dart). The graph is then topologically sorted,
which yields a total linear ordering of the features
such that any orderings encoded in the graph edges
are preserved in the linear ordering (Cormen et al.,
2009, p. 612).1

<P, A, t>

(5) Input: Set of <w,r, f> triples

1. For each paradigm P,, in data do

2. —For pair in c¢(P,,) do

3. — Find A between w; and w

4. —Posit A as marking of f;U f;\ finf;
5. —Tabulate implied feature orderings
6. Infer global ordering of features

We discuss the strengths and limitations of this
algorithm in § 5. The code is available at
https://github.com/cbelth/miaseg.

IExtensions may be necessary for languages with variable
morpheme order, as this would introduce cycles into the graph.
In the current implementation, if the ordering f; — f; and
fj — fi are both inferred, only the ordering that was inferred
the most times at line 5 is inserted into the graph.



2.4 Segmentation

Once the ways in which morphological features
can be marked, and the ordering among them,
are inferred and recorded, the model can segment
words—either the words from which it made these
inferences or new (test) words.

Segmentation takes as input a surface form, w
(e.g., csapatoknak), and set of features f (e.g., {PL,
Dart }). Miaskg iterates (6; step 1) over each fea-
ture in f in an order consistent with the ordering
inferred during training (5; step 6)—left-to-right
for prefixes and right-to-left for suffixes (e.g., DaT
then PL since PL — DAt was inferred during train-
ing).

For each feature, the model looks up the ways
in which it was marked in the training data (6;
step 2), and tries each marking until one matches
the end (for suffixes) or beginning (for prefixes) of
w. The markings are considered in descending or-
der of length, using the number of times the mark-
ing was attested in the training data as a tie breaker
for equal-length matches. When a match is found,
the matching ending is separated from the word as
a morpheme. For example, DAT was marked as -
nak and -nek in the training data, and csapatoknak
ends in -nak, so nak is separated from the word to
form csapatok-nak. The segmentation algorithm
then proceeds to the next feature. For example,
the model then looks at the ways in which PL can
be marked for a match at the ending of csapatok,
which will find -0k, resulting in csapat-ok-nak.

If at any point no attested marking of a feature
matches (6; step 5), to prevent this from block-
ing further segmentation, M1ASEG separates k seg-
ments from w, where k is the most common length
of attested markings (for example k = 1 for a fea-
ture with attested markings {a, e, ja}).

(6) Input: <w, f> pair

1. For feat in f (ordered) do

— For attested marking of f do

— If marking matches edge of w then
—— Separate marking from w

— If no attested marking matched do
— Separate k£ segments from w
Return segmented w

Nounkwb

3 Evaluation

Our evaluation attempts to test the effectiveness of
the model at segmenting agglutinative languages in
relatively low-resources settings, where only hun-
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Table 1: Dataset Sizes

Fin 541,198
Hun 613,549
Mon 11,215
Tur 18,333

dreds to a few thousands words are available for
training.

3.1 Data

We collected data for Finnish (Fin), Hungarian
(Hun), Mongolian (Mon), and Turkish (Tur), all
languages with a substantial amount of aggluti-
native morphology. The languages come from
three language families: Finnish and Hungarian
are Uralic languages, Mongolian is a Mongolic
language, and Turkish is a Turkic language. For
all datasets except Turkish, we followed Batsuren
et al. (2022) in using data from MorphyNet (Bat-
suren et al., 2021), which has canonical segmenta-
tions extracted from Wiktionary. For Turkish, we
followed Belth (2023a,b, 2024) in using the cor-
pus created for MorphoChallenge (Kurimo et al.,
2010). We used Coltekin (2010, 2014)’s publicly-
available finite state morphological analyzer to gen-
erate morphological analyses.? The analyzer is de-
signed for Turkish, and is similar to the approach
used by MorphoChallenge to generate ground-
truth analyses. For simplicity, we decided to look
only at nouns for this paper. For each dataset, we
extracted all nouns where we could unambiguously
convert the canonical segmentation to a surface
segmentation (Cotterell et al., 2016). The result-
ing dataset sizes are shown in Tab. 1.

We also collected corpus frequency information
for each word in each dataset. For Finnish and
Mongolian, we used the very large monolingual
datasets aggregated by Conneau et al. (2020); Wen-
zek et al. (2020) from the 2018 CommonCrawl,
counting the frequency of each word in the corpus.
For Hungarian, we used the Hungarian Web Cor-
pus (Haldcsy et al., 2004) frequency file. Any word
in our datasets that did not occur in these web cor-
puses we assumed to be low frequency (given the
extremely large size of the web corpuses); we as-
signed them frequency of 1. The Turkish dataset
already contained frequency information.

2https://github.com/coltekin/TRmorph



3.2 Setup

We discuss comparison models in § 3.2.1 and the
training and evaluation procedures in § 3.2.2.

3.2.1 Comparison Models

We compare MiAsgEG, which is unsupervised but
requires data be annotated with morphological
features, to MoRrFEssor, which is an unsuper-
vised model that segments bare surface forms, and
to TRANSFORMER, a supervised transformer-based
encoder-decoder sequence to sequence (seq2seq)
model that learns from segmented training data
that is annotated with the same morphological fea-
tures that MIASEG uses.

For Morressor, we used the Morfessor 2.0
model (Virpioja et al., 2013), which is available as
a Python package.

TRANSFORMER is the name of a supervised neu-
ral seq2seq model that we apply to the task. Neural
seq2seq models have had success at many morpho-
logical problems, including the 2022 SIGMOR-
PHON (Batsuren et al., 2022) challenge on mor-
phological segmentation, where Peters and Mar-
tins (2022)’s DeepSPIN-3 model achieved the best-
overall performance on the word-level task. How-
ever, to our knowledge, the code for DeepSPIN-3
is not publicly available, and the model does not
incorporate morphological features. On the other
hand, neural seq2seq models consistently perform
well at the recurring SIGMORPHON morpholog-
ical inflection task (see Kodner et al. 2022 for a
recent iteration of the task), and these models com-
monly incorporate morphological features directly
into the model, due to their importance to the in-
flection task (e.g., Makarov and Clematide 2018;
Wau et al. 2021).

Thus, we follow Wu et al. (2021) in using
a transformer-based encoder-decoder architecture,
which includes both morphological features and
word characters in the model’s vocabulary. We de-
scribe the model’s architecture in more detail be-
low (§ 3.2.2).

3.2.2 Training and Evaluation

While unsupervised models like MorFEssor and
MiasgeG can be evaluated on how well they seg-
ment the training data since they receive no in-
formation about the ground-truth segmentations
during training, we wish to compare performance
to the supervised setting (represented by TrRANs-
FORMER), which necessitates evaluating on a held-
out test set. Consequently, we chose to evaluate all
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three models on held-out test sets.

In relatively low-resource settings, as well as
in child language acquisition, higher-frequency
words are more likely to be represented than lower-
frequency words. To approximate such a situation,
we chose to sample training words weighted by fre-
quency. We evaluated at three different training
sizes: 500, 1000, and 10000. For each training
size, we ran each model on 10 samples with dif-
ferent random seeds. Every word not included in
the training sample was included in the held-out
test set.

On each of the 10 random seeds, we tuned
TRANSFORMER’s hyperparameters using a grid
search sweep. To do so, we made a random
80%/20% split of the training data, and trained the
model with each hyperparameter combination on
the 80% part of the split; we evaluated accuracy
on the remaining 20%. We chose the hyperparam-
eter combination that yielded the best accuracy on
the 20%, remerged the 80%/20% split into the full
training set, and then trained a new model with that
hyperparameter combination on the entire training
split. The hyperparameters we considered were
those in (7), yielding 48 combinations.

(7) Embedding Dimension € {256,512}
Dropout = € {0.1,0.3}
Batch Size = € {32, 128,256}
Number of Enc. & Dec. Layers = € {1,2}
Number of Attention Heads = € {4, 8}

We evaluate all models in terms of precision, re-
call, F1, and accuracy. Precision measures, out of
all predicted morphemes (across the entire test set),
what fraction are actually morphemes. Recall mea-
sures, out of all morphemes, what fraction are pre-
dicted. F1 measures the harmonic mean of preci-
sion and recall. Accuracy measures the fraction of
test items that are correctly segmented.

3.3 Results

The results (F1 and accuracy)? are shown in Tab. 2.
Miaskg outperforms the unsupervised MORFESSOR
by a large margin on all datasets, and even outper-
forms the supervised TRANSFORMER model on 3/4
datasets. Importantly, the accuracy—not just the
F1—is fairly high in absolute terms, even at a train-
ing size of only 1000 words. This means that a
large majority of the test words are correctly seg-
mented.

3We report the precision and recall values going into the
F1 scores in Tab. 4 in the appendix.



MiaseG’s performance is noticeably worse for
Finnish than the other datasets, though it still per-
forms competitively with the supervised TRANs-
FORMER and still outperforms the unsupervised
MoRrrEssoOR baseline. The primary reason for this
is that the Nom plural is usually marked with [-
t], but in the other noun cases (except Acc), it is
marked with [-i]. For example auto-t is the plural
Now of ‘car’, while auto-i-ssa is the plural In+Ess.
Because case markers come after plural markers,
[-i] never occurs at a word boundary, so MIASEG
never recognizes it as a possible plural marker.
This accounts for over 80% of MIASEG’s errors on
Finnish.

The reason MIASEG is able to achieve such high
accuracy on Mongolian is that the Unimorph data
from which it was derived only contains nouns
with a single affix, which marks 1 of 7 cases (GEeN,
Acc, Dat, ABL, INs, Com, Voc). Thus, once the
model has been exposed to sufficient nouns to have
seen all allomorphs of those case suffixes, it is able
to achieve perfect segmentation of the limited set of
nouns. In contrast, all other evaluation languages
have chains of multiple affixes in their respective
datasets. We note though, that the simplicity of
the task for Mongolian is also true for MORFESSOR
and TRANSFORMER, which never achieve the same
performance on Mongolian.

A few randomly-selected example segmenta-
tions are shown in Tab. 3 (we excluded Mongo-
lian since the data only contained single affixes).
The first example from Turkish, where MiAseG
segmented gazetelerinizi ‘newspapers-PL-PSS2P-
ACC’ as gazete-ler-iniz-i demonstrates that Mi-
ASEG is able to segment multiple affixes, having
inferred that plurality is marked first and case last.

3.3.1 Error Analysis

We performed error analysis of MiasgeG for each
language at the training size of 10K. In Finnish,
> 99% of the errors are due to failing to find a
match for a suffix, probably due to some suffixes
not occurring at a word boundary. As discussed
above, this aspect of the non-Nom PL allomorphs
led to 80% of M1AsgG’s errors on Finnish.

For Hungarian, 58% of errors are of the same
type as Finnish. 26% of the errors involve shift-
ing a morpheme boundary to the left (e.g., folvaj-
a vs. *tolva-ja) and 16% are due to shifting a
morpheme boundary to the right (e.g., ezdn-jaik
vs. *ezanj-aik). For Turkish, >0.99% of errors in-
volve shifting a morpheme boundary to the left.
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The relative prevalence of errors involving shift-
ing a morpheme boundary to the left is likely be-
cause MiAsgeG considers the forms that a feature
has been marked with (6; step 2) in descending
order of length. Thus, if two forms match (e.g.,
both aj and a are allomorphs of the PSS3S;SG suf-
fix and match the end of rolvaja ‘thief-PSS3S;SG’),
the longer will be chosen. If the shorter was the cor-
rect form, the morpheme boundary is effectively
shifted left.

These error patterns suggest that promising ar-
eas for improvement would be handling affixes not
appearing at word boundaries and improving the
heuristic preference for the longest matching mark-
ing during segmentation (6; step 2). Note that
this analysis considered errors at the word level,
meaning that we identified one of potentially mul-
tiple reasons for each incorrectly-segmented word.
Thus, of the errors in Finnish (>0.99%) and Hun-
garian (58%) attributed to failing to find a match
for a suffix, it is possible that some also had mor-
pheme boundaries shifted left or right.

4 Prior Work

Unsupervised segmentation methods include Min-
imum Description Length (MDL) models (e.g.,
Goldsmith 2001). A prevelant model, at least as
a baseline, is Morfessor (Creutz and Lagus, 2002)
and derviations of it (Creutz and Lagus, 2005,
2007; Virpioja et al., 2013). Bayesian models are
often successful, though many were developed in
the context of word segmentation (e.g., Goldwater
et al. 2009). Neural models have also been em-
ployed, usually using a self-supervised task like
segmental language modeling for training (Sun and
Deng, 2018; Downey et al., 2022; Wang and Zheng,

2022).
Like MiaseGg, some prior unsupervised
approaches explicitly model morphological

paradigms (Goldsmith, 2001; Xu et al., 2018,
2020). Moreover, we are not the first approach to
consider meaning, along with form, for segmen-
tation. Prior approaches learn word embeddings
to represent semantic information through distri-
butional information (Schone and Jurafsky, 2001;
Soricut and Och, 2015; Narasimhan et al., 2015).
In contrast, we use morphological features from
Unimorph (McCarthy et al., 2020), not word
embeddings, which can be data-intensive to train.
Some models attempt to achieve broad typologi-
cal coverage. For instance, Morfessor (Creutz and



Table 2: F1 (harmonic mean of precision and recall) and accuracy of models. MiasgG, which is our model, outper-
forms MoRrrEssor, which is unsupervised and cannot make use of morphological features, on all datasets and data
sizes. Moreover, on 3/4 datasets, M1aseG outperforms TRANSFORMER, wWhich trains in a supervised fashion on both
ground-truth segmentations and morphological features.

500 1000 10000
F1 Acc F1 Acc F1 Acc

- MIASEG 0.57+0.03 048 +0.03 | 0.69 +0.04 0.61 +£0.04 | 0.79 £ 0.00 0.72 + 0.00
[T MoRFESSOR 0.27+0.03 0.18£0.02 | 0.27 £0.02 0.17 £0.01 | 0.19 £0.01 0.05 + 0.00

TransFormer ~ 0.63 + 0.04  0.48 + 0.05 | 0.73 = 0.03 0.61 + 0.04 | 0.90 + 0.03 0.83 + 0.05
o Miasec 041 +0.05 0.32+0.05| 0.63+0.07 0.56+0.07 | 0.94 +0.01 0.93 +0.02
E MORFESSOR 0.19+0.05 0.12+0.03 | 0.32+0.04 0.18+0.03 | 0.32+£0.01 0.13 +0.01

Transrormer ~ 0.48 + 0.03  0.27 £ 0.04 | 0.61 £0.02 0.43 +£0.03 | 0.82 +0.06 0.72 +0.09
« Miasec 0.99 + 0.00 0.99 +0.00 | 0.99 +0.00 0.99 +0.00 | 1.00 + 0.00 1.00 + 0.00
§ MORFESSOR 0.55+0.03 048 +0.04 | 0.49+0.03 0.39+0.03 | 091 £0.01 0.89 +0.02

TransForMer ~ 0.79 £ 0.04  0.73+£0.05 | 0.93+£0.02 0.90 £0.03 | 0.98 +0.01 0.97 +0.01
. Miasec 0.83 +0.00 0.81 +0.00 | 0.94 +0.01 0.92+0.01 | 0.96 +0.00 0.94 + 0.00
= MORFESSOR 047 +0.04 032+0.04 | 046 +£0.03 0.30+0.03 | 0.54 £0.01 0.36 +0.01

TransFormer ~ 0.75 £ 0.03  0.60 = 0.04 | 0.86 +0.03 0.77 £0.05 | 0.94 £+ 0.01 0.90 +0.03

Table 3: A few randomly-selected segmentations from M1ASEG.
Word & Features Predicted Expected

Tur  gazetelerinizi (PL;PSS2P;ACC) gazete-ler-iniz-i gazete-ler-iniz-i v
Fin  ilmaperspektiivein (INS;PL) ilmaperspektiive-in ilmaperspektiive-in v
Hun hdatrakiildésiink (PSS1P;SG) hatrakiildés-iink hatrakiildés-iink Ve
Fin  eristysselleilld (PL;AT+ESS) eristyssellei-lli eristysselle-i-1ld X
Tur  mikroorganizmalardan (PL;ABL)  mikroorganizma-lar-dan — mikroorganizma-lar-dan v

Lagus, 2002, 2005, 2007; Virpioja et al., 2013) can
easily be applied to data from any language. Xu
et al. (2020) directly leverage typology by incorpo-
rating a diverse range of morphological processes
beyond affixation. The resulting model leads to
strong results across typologically and phylogenet-
ically diverse languages.

Other approaches have focused on particular ty-
pologically or phylogenetically related groups of
languages. Pan et al. (2020) proposed an approach
to segmenting agglutinative languages for the task
of machine translation. Moeng et al. (2021) devel-
oped supervised and unsupervised approaches for
morphological segmentation of Nguni Languages.
Downey et al. (2022) demonstrated that training a
neural model in a self-supervised task on ten In-
digenous languages of the Americas that are typo-
logically related but phylogenetically unrelated can
transfer to a target language, K’iche’.

Our work is in line with the latter group, as we

102

focus on agglutinative morphology. We believe
there are merits to both approaches. While typo-
logical coverage is an important goal, we believe
focusing on mechanisms that may be useful for
particular kinds of morphological structure is also
of value, since languages can differ dramatically
in their morphological structure. For instance, we
should not necessarily expect the acquisition of ag-
glutinative and templatic morphological processes
to involve precisely the same mechanisms.

5 Conclusion and Discussion

In this work, we have proposed a model for unsu-
pervised but morphological-feature-informed seg-
mentation of agglutinative morphology. Our pro-
posed model, Miasgg, takes advantage of the
fact that in agglutinative morphology, a single
morpheme tends to correspond to a single fea-
ture. Thus, by identifying closely-related pairs of
words—i.e. words where one has exactly one fea-



ture more than the other—and inferring the con-
catenative difference between them, the model is
able to discover the ways in which morphological
features are marked. These markings are effec-
tively the allomorphs of a given morpheme.

When trained in low resource settings of 500,
1000, or 10000 words, Miasec achieved reason-
ably high accuracy and F1 scores across Finnish,
Hungarian, Mongolian, and Turkish. Moreover,
MiaseG outperformed the unsupervised model
Morressor, which operates over bare surface
forms—demonstrating the value of morphological
features. In a majority of settings, M1asEG also out-
performed a supervised neural model that was able
to exploit the same features. This suggests that Mi1-
ASEG, while a simple approach, can outperform a
supervised model in low-resource settings.

We find the results to be encouraging for our
proposed approach to agglutinative morphology,
though we acknowledge that much of the approach
would require work to extend to many types of non-
agglutinative morphology.

In particular, M1aseG exploits the fact that in ag-
glutinative morphology, each morpheme tends to
mark a single feature. In contrast, fusional mor-
phological processes mark multiple features with a
single morpheme, leading to its own set of learning
challenges. Moreover, morphological processes
also include non-concatenative stem changes, redu-
plication, and templatic processes.

Even among concatinative operations, Xu et al.
(2020, p. 6673) point out that some languages have
affixes that never appear at a word edge because
the affix is always followed or preceded by another
affix. Because our method depends on identifying
concatenative differences between word forms that
differ in a single marked feature, our model would
need to be extended in order to discover such af-
fixes. We saw this issue in Finnish, where M1ASEG
achieved its lowest performance due to some plural
allomorphs never occurring at the edge of a word.

Our approach to segmentation takes inspiration
from findings in child language acquisition (§ 2.1).
We have proposed that if a learner knows which
morphological features are marked in a language,
the learner can use this information to identify mor-
pheme boundaries in an approach like the one we
have proposed. We intend the model for practi-
cal use in low-resource, agglutinative morphologi-
cal segmentation settings and not as an acquisition
model. That said, the fact that the approach is in-
spired by considerations of acquisition and is rea-

103

sonably effective makes it somewhat tantalizing to
conjecture that a similar mechanism might be at
play when children acquire agglutinative morpho-
logical processes. In future work, we plan to inves-
tigate this proposal more directly.
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A Example Appendix

In Tab. 4, we provide the precision and recall val-
ues for the models; these values went in to the com-
putation of F1 scores in Tab. 2.



Table 4: Precision and Recalls for models.

These correspond to the F1 scores in Tab. 2.

500 1000 10000
P R P R P R
MIASEG 0.67 £0.03 0.50+0.03 0.77+0.03 0.62+0.04 0.84+0.00 0.74+0.00
Fin MORFESSOR 0.31+£0.03 0.24+£0.02 | 027 +0.02 0.28+0.02 | 0.14+0.01 0.28 £0.00
TrANSFORMER  0.63 £0.04 0.63£0.05 | 0.73 +0.03 0.73+0.03 | 0.89 +0.04 0.90 + 0.03
MIASEG 048 £0.05 0.35+0.05 | 0.69 +0.06 0.59+0.07 | 0.95+0.01 0.94 + 0.02
Hun  MORFESSOR 024+005 0.16+0.04 | 0.30+0.04 034+0.04 | 026 +0.01 0.43+0.01
TrANSFORMER  0.49 +£0.04 0.46 £0.02 | 0.62+0.02 0.60 +0.03 | 0.83 +0.07 0.82+0.06
MiaseG 0.99 £0.00 0.99+0.00 | 099 +0.00 0.99 +0.00 | 1.00 +0.00 1.00 =+ 0.00
Mon  MORFESSOR 0.50+£0.04 0.61+0.02 | 0.41 £0.03 0.60+0.01 | 0.89+0.02 0.94 +0.01
TraNsFORMER  0.80 +0.03 0.78 £0.05 | 0.93+0.02 0.93+0.02 | 098 +0.01 0.98 +0.01
MIASEG 0.85+0.00 0.81+0.00 | 094 +0.01 0.93+0.01 | 0.96 +0.00 0.96 + 0.00
Tur MORFESSOR 048 +£0.04 047+0.04 | 044004 0.48+0.02 | 0.58+0.01 0.50+0.01
TraNsFORMER  0.75+£0.03 0.75+£0.02 | 0.86 £0.03 0.86+0.03 | 0.94+0.01 0.94 +0.01
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Abstract

Many long-distance linguistic dependencies
across domains can be modeled as tier-based
strictly local (TSL) patterns (Graf, 2022a).
Such patterns are in principle efficiently learn-
able, but known algorithms require unreal-
istic conditions. In contrast, Heuser et al.
(2024) present an empirically-grounded algo-
rithm which learns syntactic islands by tracking
bigrams along movement paths, but does not
involve tiers. I combine the advantages of both
approaches by adapting the latter algorithm to
produce a TSL grammar. This method is capa-
ble of learning other syntactic blockers besides
islands, and augments the typological predic-
tions of the TSL model with a version of the
Height-Locality Connection (Keine, 2019).

1 Introduction

The tier-based strictly local (TSL) languages are a
restrictive class of subregular languages over strings
or trees which model a wide range of long-distance
linguistic dependencies, from consonant and vowel
harmony to movement and case licensing (cf. Heinz,
2018; Graf, 2022a). Elements which are irrelevant
to a given dependency are treated as invisible, and
those remaining are treated as adjacent, forming
a structure called a tier. From this perspective, a
syntactic or phonotactic grammar consists of many
intersecting TSL patterns with different tiers. For
syntax, these include tiers for wh-movement, EPP-
movement, ¢-agreement, etc., plus a tier including
all elements to regulate local dependencies.
Generally speaking, linguistic dependencies are
subject to various blocking effects, including local-
ity restrictions such as the lack of raising out of
finite clauses in English (known as hyperraising)
as well as the well-known island constraints (see
Belletti 2018 for an overview). Exactly which ele-
ments block which dependencies varies somewhat
across languages, though there are some general
tendencies (Keine, 2019). Roughly speaking, it is
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assumed in the TSL model that dependent elements
must be adjacent on a tier; if any other elements
intervene on the tier then blocking effects result.
Thus, variation in blockers across languages and
phenomena equates to differences in the relevant set
of tier elements. For example, all C heads appear
on the EPP-movement tier in English, but not in a
language which allows hyperraising (Graf, 2022b).

While this parameter of the model allows good
empirical coverage, it also presents a learning diffi-
culty due to the large number of logically possible
tiers, which grows exponentially with the number
of elements (segments or syntactic heads). There
exist efficient algorithms for learning TSL string
patterns, but they either require the tier elements
to be fixed in advance (Lambert et al., 2021) or
they are not robust against interaction with other
constraints (Jardine and McMullin, 2017; Lambert,
2021). The problem is particularly acute for syntax,
for even if we can reduce the problem to learning of
TSL string languages, the number of tiers and the
size of a syntactic lexicon make exhaustive search
completely impractical.

A solution may be found by looking to
empirically-motivated models of child language
acquisition. Heuser et al. (2024) present a model
for learning island constraints which constructs a
grammar of local bigrams from attested movement
paths, supplemented by generalization by the Tol-
erance Principle (Yang, 2016). They also show
that this model makes correct generalizations based
on a realistic input distribution. This approach is
interesting in that it circumvents the difficulties of
tier detection, but only because it lacks tiers alto-
gether: the resulting grammar is strictly local (SL)
rather than TSL. This brings several limitations,
particularly that it can only recognize movement
paths which have been delimited in advance.

Ideally, we would like to combine the generality
and typological success of the TSL model with
an efficient, linguistically-motivated learning algo-
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rithm such as that in Heuser et al. (2024). Towards
this end, I adapt their algorithm to produce TSL
grammars as used in subregular syntax. I also
draw attention to several linguistically interesting
aspects of the model, which derives a version of the
Height-Locality Connection—the observation that
higher categories in the clausal spine are subject to
fewer locality restrictions—similar to that given in
Keine (2019). It is also equally applicable to other
pairwise dependencies such as agreement.

The remainder of this paper is laid out as follows.
§2 presents a model of syntactic dependencies
based on ancestor strings (Shafiei and Graf, 2020),
whose grammars will be our learning target. §3
adapts the algorithm from Heuser et al. (2024) to
the subregular framework, and §4 modifies it to
produce a TSL grammar. §5 shows how this model
derives a version of the Height-Locality Connection.
§6 concludes.

2 Subregular syntax with ancestor strings

This section introduces the class of TSL string
languages along with a model of syntactic depen-
dencies based on ancestor strings (a-strings, Shafiei
and Graf 2020). We begin with the more restric-
tive class of strictly local or SL languages, which
model local linguistic dependencies, before moving
on to the TSL languages. Examples of string-like
constraints from syntax are provided. From there,
we discuss the syntactic framework which provides
the relevant strings, and the limits of this model.

2.1 Strictly local languages

Many classes of subregular languages, including
SL and TSL, are defined in terms of k-factors,
which for these classes are substrings, i.e. discrete
k-grams. The definitions here follow Mayer (2021).

Let X be a fixed alphabet, let s be a string over £*,
and let X, X ¢ X be the left and right edge markers.
The set fi(s), the k-factors of s, consists of all
the length-k substrings of xX~1sx*~1 where k > 1.
For example, f>(ababac) = {xa,ab, ba,ac, cx}.

An SL grammar is just a set of forbidden k-
factors of fixed width, and its language consists
of all strings which do not contain any of these
k-factors. Formally:

Definition 1 A strictly k-local (SL-k) grammar is
aset G C (ZU{x,x})*. Alanguage L C X* is
SL-k iff there exists an SL-k grammar G such that
L={seX: fi(s)NnG = a}.
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Alternatively, an SL-k grammar can be defined
in terms of permitted k-factors. A set of forbidden
factors is a negative grammar; its complement,
the set of permitted factors, is a positive grammar.
There are circumstances where either form may
be more convenient. When necessary, these will
be disambiguated using a superscript: G* for a
positive grammar and G~ for a negative grammar.

Example 1 Consider the hierarchy of functional
categories in a typical English clause. In the sen-
tence The pizza has been eaten, it consists of the
sequence of categories T - Perf-Prog-v. Let us
assume that the general form of the hierarchy is

T > (Perf) > (Prog) > (Pass) > v

where categories in parentheses are optional.

The set of licit sequences in a functional hierarchy
can be encoded using an SL-2 grammar. Though
modeled as a string, in the syntactic framework to
be developed in §2.3, it represents a path through
part of the tree. The positive grammar is as follows
(ignoring edge markers for simplicity):

T Perf,
T Prog, Perf Prog,

T Pass, Perf Pass, Prog Pass,
Ty, Perf v, Prog v,

G*=
Pass v

The corresponding negative grammar is:

TT, PerfT, Prog T, Pass T, v,
Perf Perf, Prog Perf, Pass Perf, v Perf,
G = Prog Prog, Pass Prog, v Prog,

Pass Pass, v Pass,
vy
Every 2-factor in our example string appears only

in the positive grammar. ! 4

2.2 Tier-based strictly local languages

A TSL language is similar to an SL language except
that certain symbols are ignored. Let7T C X beatier
alphabet. The string np(s) is the tier projection
of s, the result of deleting all o in s such that
o ¢ T, and concatenating those that remain. For
example, if £ = {x,a,b,c} and T = {a, b, c} then
nr(axxbxxc) = ny(xxxabcexxx) = abe.

Definition 2 A tier-based strictly k-local (TSL-k)
grammar is a tuple (7', G), where T is a tier alphabet
and G is an SL-k grammar over 7. A language
L c X* is TSL-k iff there exists a TSL-k grammar
suchthat L = {s € * : fi(nr(s)) N G = @}.

1t is not necessary for every functional head to always
be present. If syntax includes SL computations then it can
implement functional hierarchies just as easily as category
selection. See Hanson (2023) for details.



By definition, all symbols not in 7" may be freely
inserted and deleted without affecting the well-
formedness of a given string w.r.t. a given TSL
grammar, a fact that will be important to the discus-
sion of tier identification in §4.2.

Example 2 DP subjects in English are thought to
move to Spec-TP, whether from inside vP or an
embedded non-finite TP (the raising construction);
they cannot move from a finite CP (hyperraising).
Examples are givenin (1) below. This dependency—
call it EPP-movement—can be encoded with a TSL-
2 grammar which requires the mover and landing
site (marked with an “EPP” subscript) to be adjacent
on a tier. In anticipation of the syntactic framework
to be developed, we model this dependency with a
string which encodes each head along the movement
path, projecting a tier that contains only the relevant
elements (movers, landing sites, and blockers).”

(1) a. We[,p have a problem].
Path: X Dgpp v Tepp + X
Tier: X - Dgpp * Tepp - X

b. We seem [tp to —_ have a problem].
Path: X Dgpp - v-T-V-v:Tgpp - X
Tier: X - Depp - Tepp X

c. *We seem [cp that ___ have a problem].
Path: X -Dgpp-v-T-C-V-v-Tgpp - X
Tier: X - Dgpp - C - Tepp - X

Dgpp and Tgpp are adjacent on the tier in the licit
examples (tier X - Dgpp - Tepp - X) but not in the hy-
perraising example (tier X - Dgpp - C - Tepp - X). As
will be discussed shortly, we aim only to ensure that
the mover is immediately followed by the landing
site. Accordingly, we only need to ban substrings
which consist of a mover followed by anything else.
Thus, we have the following grammar:

(2) Grammar for EPP-movement
T ={Derp, Teerr, C}
G = { Derr - Depps Depp - G, Depp * X }

The reader may confirm that the tier for the hyper-
raising example contains the illicit 2-factor Dgpp - C,
while the tiers for the grammatical examples con-
tains no illicit 2-factors. a

Essentially, a TSL grammar allows us to ignore
elements like VP, NP, etc., which are irrelevant to
the long-distance dependency in question. The next
subsection introduces a syntactic framework which
provides the strings assumed in the above examples.

2Following MG convention, intermediate landing sites are
not modeled directly.

TPRES’:: epp* TPRES’:: epp*

i
1v vv
il il
seem seem
i il
to that
{ i
LV Teres
T~ i
we ::epp” have Y
I T~
a we ::epp”  have
I I
problem a
I
problem

Figure 1: Dependency trees for We seem to have a
problem (left) and *We seem that have a problem (right)
showing a-strings for moving elements. In the latter
structure, that intervenes, preventing movement.

2.3 Dependency trees and ancestor strings

Following recent work in subregular syntax (Shafiei
and Graf, 2020; Graf, 2022b, a.o.),  use MG depen-
dency trees for the syntactic representation. Exam-
ples for sentences (1b) and (1c) are given in Figure 1.
In these trees each node is a lexical item; compared
to X-bar trees, each head and its projections are col-
lapsed into a single node. The daughters of a node
are its arguments, ordered from right to left in order
of first merge, such that the rightmost daughter is
the complement and all others are specifiers. For
example, the right daughter of embedded v is the
head of the complement VP, and the left daughter
is the head of the DP subject (its specifier). In
addition, each node is annotated with MG features
guiding the Merge and Move operations (cf. Stabler,
1997, 2011). Since we are not concerned with local
dependencies here, only Move features are shown.
Positive features mark landing sites, and negative
features mark moving elements. For example, finite
T bears epp* and the subject D head bears epp™.
Note that all elements appear in their base positions
only, as in standard MG derivation trees.

Let us now implement a string-based model of
movement constraints in which we extract the path
from each mover to the root of the tree. Essen-
tially, we take the order imposed by the (inverted)
dominance relation and ignore the sibling relation.
Shafiei and Graf (2020) call such paths ancestor
strings, or a-strings, which they used to model
a subset of the island constraints, including the
wh-island constraint and the complex NP island
constraint. First, we will see how this works for
EPP-movement, then briefly discuss wh-movement.

109



Example 3 In order to keep the notation concise, I
substitute most lexical items with their categories,
and place the movement features as subscripts with-
out the +/— diacritic, as before. Thus, the a-strings
for the EPP movers in the structures in Figure 1 are:

Raising (v): Depp  Vv-T-V-v-Tepp
Hyperraising (X): Degpp-v-T-C-V-v-Tepp

These are exactly the same strings as before, so

we can continue to use the grammar in (2). a

Example 4 The wh-island constraint can be de-
scribed as a ban on A’-movement paths (including
but not limited to wh-movement) which are inter-
rupted by an interrogative CP, as illustrated by the
difference between (3a) and (3b). Movement paths
(a-strings) and their wh-tiers are included below
each example, and the full structures are shown in
Figure 2. For simplicity, we abstract away from
EPP-movement and model only wh-movement.

(3) a. What did you think that John ate ___?
Path: Dy, -V-v-T-that-V-v-T-Cyy
Tier: Dyy - Cun

b. *What did you wonder whether John ate
?

Path: Dy, -V-v-T-whether-V-v-T-Cyu
Tier: Dyy - whether - Cy,

We can construct a very similar grammar to the
previous one which captures this blocking effect:

(4) Grammar for wh-island constraint

T ={Dwy, Cwu, whether}
G~ ={Dwy - Dwy, Dwy - whether, Dy, - X }

As before, the tier projection for the island violation
contains the illicit 2-factor Dy, - whether, while the
non-island structure contains no such 2-factors. _

Cy 2 wht Cwy 2 wht
dl \
T?AST T!’AST
H i
V.. v,
you  think you wonder
i |
tllat whether
H \
T?AST T?AST
i i
V<._ V‘.
John eat John cat
i |
what :: wh™ what :: wh™

Figure 2: Dependency trees for What did you think that
John ate? (left) and *What did you wonder whether John
ate? (right). In the latter structure, whether intervenes.
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Note that because the a-string of a node extends to
the root of the tree, it may contain fragments of other
movement paths as well as nodes that are not part
of any movement path. Our grammar is constructed
in such a way that this does not pose an issue.
However, the approach does have several limitations,
as discussed below. Additionally, applying Heuser
et al.’s algorithm to a-strings requires this extra
material to be removed, as discussed in §3.

Also note that TSL grammars such as those in
(2) and (4) enforce only these constraints and no
others. As alluded to in the introduction, we must
intersect these and other constraints, including local
constraints, to produce a multi-TSL (MTSL) gram-
mar. This is just a set of pairs of tier alphabets and
associated constraints (grammars with the same tier
alphabet can be intersected directly); see De Santo
and Graf (2019) for details.

2.4 The strengths and limitations of a-strings

A-strings encode only enough information to en-
force constraints base on containment (dominance)
from the perspective of the mover. Shafiei and Graf
(2020) use them to model island constraints, and as
we have seen, certain other blockers can be handled
in the same manner. We can also ensure that the
mover has a landing site and capture some cases of
relativized minimality, namely those where a mover
contains another mover of the same type.

So, what can a-strings not do? Notably, they
do not allow us to ensure that every landing site
has exactly one mover. This requires tree tiers,
as in Graf (2022b). They also cannot handle all
cases of relativized minimality, as c-commanding
specifiers do not appear in an a-string; this requires
the command strings (c-strings) of Graf and Shafiei
(2019). Additionally, to model specifier islands,
information encoding left branches must be added
to the string. See Shafiei and Graf (2020) for further
discussion. The focus of this paper is on learning
the tier alphabet; for this the a-string model will
suffice, and the results should in principle extended
to more complete models.

3 Distributional learning of syntactic
blockers

I now describe the algorithm from Heuser et al.
(2024), adapted to the syntactic framework pre-
sented in the previous section. We then discuss
the ways in which the algorithm can do more than
it was originally intended to, but being essentially



an SL learner rather than a TSL learner, is not a
complete solution on its own.

3.1 Preliminaries

The algorithm assumes that the learner has already
parsed the input and identified both moved elements
and their initial positions. Now, they must deter-
mine the licit paths from the mover to the landing
site for each type of movement. This can be cast
as the learning an SL-2 grammar over (truncated)
a-strings for each movement dependency. It is also
assumed that the learner will generalize to unseen
paths via the Tolerance Principle (TP, Yang 2016).
The equates to a procedure for adding some but not
all missing k-factors to the grammar.

While some readers may worry about taking the
tree structure as a given, this essentially reduces
to the assumption that long-distance syntactic de-
pendencies are parasitic on local constituent struc-
ture, which must be learned regardless. Similarly,
some other mechanism is responsible for identify-
ing moved elements. It is conceivable that each
of these can be learned distributionally with the
TP, though such work is still in its infancy. See,
e.g., Liang et al. (2022) regarding the learning of
syntactic categories, and Li and Schuler (2023)
regarding recursive embedding.

3.2 Tracking bigrams

Consider the wh-object question in (5), assumed
to be in the input. The learner gathers from this
that what-eat-v- Tpasr - Cuy 18 a licit movement
path, but does not know (yet) that every sequence
of categories Dy - V- v- T Cy, is a licit path.

(5) a. What did Johneat __?

b. C:wh*
|
TPAST
|
v

/\
John eat

\
what :: wh™

c. a-string: what-eat- v - Tpasr - Cun

The learner begins memorizing the attested 2-
factors from each path, which is just the proce-
dure for learning a (positive) SL-2 string grammar
(Heinz, 2010). From the current example, they
learn that {what-eat, eat- v, v- Teasr, Tpast - Cwn }
are all licit 2-factors.” Heuser et al. show that
because functional categories like v and T are few

31 continue to ignore edge markers for simplicity.
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in number and frequent in the input, the learner
will discover that all combinations may occur. For
example, they will learn that wh-movement may
occur over transitive and intransitive v, past and
present tense, and so on.

Note that we must truncate of the a-string at
the landing site when it is not the root, since the
portion beyond the landing site may contain bigrams
which cannot occur along the movement path. For
example, in the sentence Who wonders what John
ate?, the full a-string for what contains the bigram
Cwn - wonder. If not excluded, the learner would
conclude that movement over interrogative C is
permitted. We will return to this issue in §3.5.

3.3 Generalizing with the Tolerance Principle

With regard to lexical categories such as verbs, the
learner needs to invoke the TP. Given a class of N
items and a proposed generalization, the TP states
that the learner will adopt the generalization iff the
number of items M in this class which are known to
fit the generalization exceeds a threshold 6, where

Ox = N/In(N)

In this case, N is the total number of verbs they
have learned, and M is the number that have been
attested with wh-movement. Heuser et al. show
that for English, wh-movement of objects occurs
with a large proportion of the most frequent verbs
in child-directed speech—the number of exceptions
far below the threshold—so the learner will adopt
the generalization that wh-movement is permitted
across all verbs. This is equivalent to adding all
missing 2-factors of the form Dy, -V and V-v to
the grammar.*

This brings us to islands. Once the learner ob-
serves cross-clausal movement from an embedded
declarative such as (3a), they will add Tpagr - that
and that - think to the grammar. But if movement
across a certain structure, such as the wh-island
violation in (3b), is not attested, and the TP does not
permit generalization, then the relevant 2-factors
will never be added to the grammar. Heuser et al.
(2024) show that this is indeed what we expect for
“strong islands” in English. They also show how
this derives the fact that not all verbs which take
CP complements allow wh-movement, forming so-
called “selective islands”. Although the learner

4The TP does not provide the class of possible generaliza-
tions, only whether a given generalization is “good enough”.
For present purposes, I assume that syntactic categories such
as V/A/N/P/T/C are the only conditioning factors.



observes wh-movement across verbs like think and
say, they do not observe movement across verbs
such as complain and quip, and there are too many
such verbs for the TP to permit generalization to
the full class of verbs which select for a CP.

3.4 Beyond islands

To briefly summarize, the algorithm constructs a
positive SL-2 grammar encapsulating the crucial
information about licit and illicit movement paths
where blockers are effectively encoded as missing
2-factors. Although not discussed by Heuser et al.
(2024), the approach is equally applicable to other
restrictions on movement such as those discussed
by Keine (2019), which are the focus of §5.

It is also applicable to non-movement dependen-
cies, to the extent that pairs of dependent items can
be identified. Shafiei and Graf (2020) note that
constraints on long-distance linguistic patterns tend
to take involve a domain and blockers within that
domain. For movement, the domain elements are
movers and their landing sites, while for agreement
we have, in Minimalist terms, elements with unval-
ued and valued features of the same type. Indeed,
Keine’s version of the Height-Locality Connec-
tion treats movement and agreement equally. If
these are learned in the same way, then we have an
explanation for this close correspondence.

Finally, note that the same properties that al-
low learning of weak islands also allow for cross-
linguistic variation such as the availability of hyper-
raising (Charles Yang, p.c.). Specifically, it predicts
that hyperraising should only be allowed if robustly
attested in the input. This, of course, raises the
question of how such structures ever arise. But we
could just as easily ask the same of long-distance
wh-movement, which is by now known to be more
or less restrictive in different languages. For now,
we must set these diachronic questions aside.

3.5 Limitations of SL learning

The fact that the Heuser et al. (2024) algorithm is
essentially an SL learner means that the resulting
grammars cannot be applied to arbitrary a-strings,
only those which start with a mover and which are
truncated at the first landing site. This is because it
is in general not possible for an SL grammar to relate
two elements which do not occur in the same k-
factor. As a consequence, it is impossible to ensure
that there is exactly one landing site per mover,
nor to detect whether a blocker actually occurred
along a movement path and not somewhere else. In
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contrast, our TSL grammars from §2 do not suffer
from either restriction.

Thus, truncating the a-string only creates the
illusion that SL is adequate. While this operation
is useful in the learning algorithm, including it in
the grammar would increase its power, producing
a class that is quite different from TSL.’ Instead,
what we want to do is to take the information that
was obtained using this technique and encode it
in a TSL grammar, which has the right formal
properties. This is the topic of the next section.

4 Constructing the tier

To review the discussion so far, we can frame our
learning problem as follows: given a corpus of MG
dependency trees, how do we discover the TSL
constraints on long-distance dependencies over a-
strings? In particular, how do we discover which
elements other than the dependent items are visible?

We have already seen how Heuser et al.’s path-
based algorithm forms the foundation of an appeal-
ing solution, but on its own is not enough. This
section begins with a more detailed summary of the
issues involved with TSL learning before attempt-
ing to bridge the gap by modifying the Heuser et al.
algorithm to produce a TSL grammar.

4.1 The problem of learning tiers

TSL languages are efficiently learnable given a fixed
tier alphabet and k-factor size(Lambert et al., 2021),
but this may not be a realistic assumption for natural
language. There is reason to think that the value
of k rarely exceeds 2 for long-distance constraints
(McMullin, 2016; Graf, 2022b; Hanson, 2024), but
it is far less clear that the tier alphabet can be
known in advance. Because the number of possible
tiers alphabets is exponential in the size of the
full alphabet (it is 2|2|), we must avoid exhaustive
search of this space. While there exist efficient
(polynomial time) algorithms that determine the tier
alphabet from positive data (Jardine and McMullin,
2017; Lambert, 2021), these are not robust against
interaction with other constraints. Since natural
language almost always involves the interaction
of many constraints, this prevents such algorithms
from being used with real world data.

One way of tackling the problem is to find ways to
pare down the hypothesis space such that the brute
force method becomes practical. For example, we

5Tt would be a subclass of IBSP. Shafiei and Graf (2020)
also use IBSP, although in a very different manner.



could appeal to formal universals on the relations
between the alphabets of different tiers (Aksénova
and Deshmukh, 2018). Alternatively, we could
make use of substantive universals such as some
version of the Height-Locality Connection; Keine’s
(2019) version says that a “lower” category can be
a blocker for a “higher category”, e.g. v cannot be
a blocker for a landing site at T.

Another possibility, which I pursue here, is to
identify a set of heuristics which allows the learner
to discover the tier alphabet without ever engaging in
exhaustive search. In other words, the supposedly
impossible tiers are in fact perfectly valid, but
the learner will never posit them under normal
conditions due to the way in which they navigate
the hypothesis space. The crucial heuristic in this
case, taken from Heuser et al. (2024), is that by
restricting our attention to the path between two
dependent elements, we can identify its blockers,
which must appear on the same tier.

In this case, the Height-Locality Connection
becomes a side effect of the learning process rather
than a cause, and is also unified with the theory of
islands. As discussed earlier, the close similarity of
movement and agreement constraints is derived as
well. Yet another issue with existing TSL learners
is that they all involve exact identification in the
limit, whereas children must generalize from limited
data. Though orthogonal to our main focus, the
adoption of the TP largely solves this problem
as well. Altogether, the proposed approach not
only solves several major learnability problems for
the TSL model, but also adds several typological
predictions which are not inherent to the model.

4.2 From local to tier-based constraints

Existing TSL learners infer the tier alphabet by uti-
lizing a definitional property of a TSL-k language:
any symbol not on the tier can be freely inserted
and deleted without changing the well-formedness
of a string. As discussed by Lambert (2021), we
can do this by keeping track of just the sets of
attested local k-factors and (k+1)-factors. Since
the k-factors can themselves be obtained from the
(k+1)-factors, only the latter must be memorized.
Thus, in principle we can use the local 2-factors
discovered by Heuser et al. (2024)’s algorithm to
identify tier-based 1-factors, which are the blockers
themselves. By recombining these blockers with
the dependent items that bookend the path, we can
construct the desired TSL-2 grammar.

However, we have still not addressed the problem
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of interaction with local constraints. Detecting free
insertion and deletion as described above requires
collecting every possible local (k+1)-factor in a
TSL language, but the existence of other constraints
means that this will never happen. For instance,
every permutation of every subset of a functional
hierarchy would have to occur in the input for these
elements to be removed from the tier.

I propose that we can solve this problem by using
the background grammar encoding local constraints
as the standard of comparison for free insertion and
deletion. Recall the behavior of our path-based
learner for wh-movement structures such as those
in (3a) and (5). After decomposing paths and
applying the TP, the resulting grammar will contain
a dense network of 2-factors of the form { Dy, -V,
Vv, v-T, T CpeoL, Cpecr - V), but not T - whether
or whether - V. All of these 2-factors are licit when
they do not occur along a wh-movement path, and
are therefore part of the local constraint grammar.
As a result, we can infer that whether is a blocker
due to the conspicuous absence of 2-factors which
contain it. In contrast, 2-factors like T - v (reverse
order) and V - C (skipping T) are already missing
in the local constraint grammar, so their absence in
the movement path grammar can be ignored.

4.3 Algorithm

The proposed algorithm is as follows. Let G2L be
the positive SL-2 grammar for local constraints
and G%,[ be the grammar for movement type M.
Construct Gi by collecting all 2-factors from all a-
strings, and construct G%,I from truncated a-strings
as before. Add missing 2-factors to each where
permitted by the TP. Next, construct GIL and G}w
by decomposing the 2-factors in GZL and va[ into
their constituent 1-factors.

Now we test for tier membership. Free deletion
is vacuous for TSL-1, since it is trivially true that
for every symbol, removing that symbol from an at-
tested 2-factor which contains it in a certain position
produces an attested 1-factor (this not necessarily
true for larger values of k).

The crucial test, corresponding to the free in-
sertion test, tests for factors missing from G12v1 but
present in Gi. Let G%) = Gi \ G%w. For every
symbol, we ask if it can be added to either side
of 1-factor in Gzlv[ to produce a 2-factor in G%;
if so, then the symbol is a blocker. Finally, we
construct the target TSL-2 grammar, which consists
of 2-factors containing the mover followed by a
blocker, another mover, or the right edge marker.



Example 5 Given typical data, the grammar G%,I
for wh-movement will include all 2-factors of
the form {Duw-V, V-v, v-T, T-Cpeor, T-Cuwnl.
It also contains that- think and that- say but not
that - complain or that - quip. Gi contains all of
these, so the difference G2D includes that - complain
and that - quip. If we consider the elements com-
plain and quip, we could add that from Gzlw to
2-factors in G%), so they are blockers. In contrast,
even though that has containing 2-factors in G%),
these cannot be constructed by adding a symbol
from G}w, so they are not blockers. g

Based on examples like these, it would appear
that comparing just G‘L and Gzlv[ is sufficient, since
any element in G IL but not Gzlvl is guaranteed to
have a containing factor in G%). If this reasoning
is correct, it may be possible to simplify the above
procedure. However, it renders the relation to
Lambert (2021) opaque, and there may be corner
cases which have not been considered. Also, the
fact that movement paths are calculated from the
base position could affect the predictions of the
model when we look beyond EPP-movement and
wh-movement. I leave the investigation of such
details to future work.

4.4 Discussion

The reader may be wondering why we do not simply
track local 3-factors in order to directly infer tier-
based 2-factors. There are several problems with
this method, but first and foremost is that it greatly
increases data sparsity. Although Heuser et al.
(2024) found empirical success with local 2-factors,
it is not clear whether the TP will allow the same
generalizations when applied to 3-factors.

Next, I should describe how the model could
be extended beyond domain-based constraints on
movement. Handing agreement should be straight-
forward; we just need to add positive and negative
agreement features analogous to MG movement
features, as in Hanson (2024). Other dependencies
such as case assignment would require identification
of the relevant domain nodes (i.e. as in dependent
case theory), and we could in principle adapt the al-
gorithm to c-strings in order to identify constraints
on c-commanding elements.

Finally, I wish to briefly mention some alternative
approaches to learning long-distance syntactic de-
pendencies. Many of these are probabilistic models;
for example, the model in Pearl and Sprouse (2013)
tracks path trigram probabilities in order to learn

syntactic islands. This is not entirely dissimilar to
the present model, except that we do not attempt
to learn gradient constraints. It is, of course, possi-
ble to introduce gradience into subregular models;
see Mayer (2021) and Torres et al. (2023). The
present paper, by incorporating a TP-based model,
relegates the use of frequency/probability to a small
corner of the learning algorithm. In principle, we
could adapt it to produce a probabilistic TSL gram-
mar by comparing k-factor probabilities rather than
discrete k-factors.

5 On the Height-Locality Connection

The Height-Locality Connection (HLC) is the obser-
vation that restrictions on long-distance syntactic
dependencies correlate with the category of the
“height” of the upper element (e.g. landing site)
such that higher categories can enter into more
distant dependencies (Keine, 2019). While sev-
eral distinct theories can be found in the literature
(Williams, 2002; Abels, 2012, a.0.), the present
approach is most directly comparable to Keine’s
theory of Probe Horizons, in which each type of
probe (i.e. a head that hosts a landing site or un-
valued feature) has a horizon beyond which no
dependencies can be formed. In TSL terms, a hori-
zon is simply a blocker on a tier, and in this sense
no different from an island, a bounding node in the
binding theory, or any other such element. I show
here that the learning algorithm from the previous
section predicts a version of the HLC which is
similar though not identical to Keine’s.

For Keine, the horizon for each combination
of major category and active feature is lexically
specified. For example, finite T in English bears
some feature (which we have been calling epp*)
which triggers movement of the subject. This probe
can see into a non-finite TP, but not a finite CP.
Thus, C is a horizon for this dependency in English,
but it need not be so in other languages. Keine
shows T is a horizon for analogous A-movement in
Hindi; in languages with hyperraising neither T nor
C is ahorizon. As we have discussed, this variation
is a core prediction of the TSL model as well.

However, according to Keine, it is not the case
that any category is a possible horizon for any
probe, only those that are at least as high as the
category of the probe. This means that a probe on
T can never have v or V as a horizon, for example.6

O] refer the reader to Section 5 of Keine (2019) regard-
ing the derivation of this generalization, which is based on
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Restricting our attention to the basic clausal spine,
this yields the typology of possible horizons shown
in (6). Thus, we might rephrase the HLC as saying
that higher categories must have a larger locality
domain; lower categories may see just as far, but
have smaller domains as a tendency.

6
©) Category Possible Horizons
C C
T C,T
% CTv

Let us consider how such a generalization could
arise from the learning algorithm outlined here.
In the case of EPP-movement, the learner ob-
serves movement from Spec-vP in simple transitive
clauses, and out of VP in the case of unaccusatives
and passives. When all is said and done, V and v
do not appear on the tier, and so are not horizons.
If the learner also observes raising out of TP (as in
English), T will be removed as well, as will C in a
language with hyperraising, but for V and v this is
all but guaranteed, since DPs in general originate
within these phrases. By the same logic, the learner
will remove C from the tier for wh-movement only
if cross-clausal movement is observed (as it is in
English), but the observation of wh-object move-
ment even in simplex clauses necessarily rules out
V, v, and T since all are below C.

To be fully explicit, the proposed algorithm pre-
dicts the HLC to be a tendency rather than a strict
rule in both directions: lower categories usually
have smaller locality domains, and higher cate-
gories usually have larger ones, but exceptions are
in principle possible in both directions. Again,
in our representative examples of EPP-movement
and wh-movement the relevant class of movers is
able to occur in the complement of VP, the lowest
possible position in the clausal spine; invisibility
of the entire functional sequence below the probe
follows as a result. Thus, to determine whether
Keine’s generalization is truly correct, we would
need to find a class of mover which originates only
in higher positions, that is, one which does not
include any DPs. At present, I do not know of a
good candidate class of movers to perform this test.

To close this section, I wish to reemphasize
the generality of the proposed learning algorithm,
which is equally relevant to islands and other kinds
of blockers. In his discussion of acquisition, Keine

the assumption that functional projections involve “feature
inheritance” of lower categories in the functional sequence.
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notes that the implicational hierarchy imposed by
his theory provides the learner with a safe way of
navigating the space of possible horizons, starting
with the assumption that the category of the probe
is also the lowest horizons, and removing horizons
from the grammar as required by the input. This
is correct, and our algorithm works from a similar
principle. But Keine’s assumption that projections
lower than the probe cannot be horizons is not
necessary to achieve this.

6 Conclusion

In this paper, I proposed an algorithm which allows
for the creation of TSL grammars from the output
of Heuser et al.’s path-based algorithm, avoiding
the need to search the space of tier alphabets. This
approach combines the strengths of their algorithm
with those of the TSL model, and derives the Height-
Locality Connection as a byproduct of the learning
process. While this paper used a-strings and focused
on movement, the principle of inferring tier-based
constraints via comparison of SL grammars should
in principle extend to other TSL models of syntax
and other dependencies such as agreement and case.
I leave investigation of these to future research.

More broadly, this work represents the start of
integration between subregular syntax and acquisi-
tion theories based on the TP. I am aware only of
one other line of work which involves learning TSL
grammars with the TP, which is Belth’s (2023) al-
gorithm for learning long-distance harmony. Since
subregular linguistics has consistently shown a great
deal of formal similarity across domains, it would
be prudent to examine whether Belth’s algorithm
can be applied to the problem of learning syntactic
dependencies, and vice versa. Formal learnability
has long been central to subregular linguistics, but
as I hope to have shown, future progress may rely on
looking also to theories grounded in the empirical
facts of child language acquisition.
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Correlation Does Not Imply Compensation:
Complexity and Irregularity in the Lexicon

Amanda Doucette’ Ryan Cotterell?
'Dept. of Linguistics, McGill University

Abstract

It has been claimed that within a language, mor-
phologically irregular words are more likely to
be phonotactically simple and morphologically
regular words are more likely to be phonotac-
tically complex. This inverse correlation has
been demonstrated in English for a small sam-
ple of words, but has yet to be shown for a
larger sample of languages. Furthermore, fre-
quency and word length are known to influence
both phonotactic complexity and morphologi-
cal irregularity, and they may be confounding
factors in this relationship. Therefore, we exam-
ine the relationships between all pairs of these
four variables both to assess the robustness of
previous findings using improved methodology
and as a step towards understanding the under-
lying causal relationship. Using information-
theoretic measures of phonotactic complexity
and morphological irregularity (Pimentel et al.,
2020; Wu et al., 2019) on 25 languages from
UniMorph, we find that there is evidence of
a positive relationship between morphological
irregularity and phonotactic complexity within
languages on average, although the direction
varies within individual languages. We also
find weak evidence of a negative relationship
between word length and morphological irreg-
ularity that had not been previously identified,
and that some existing findings about the rela-
tionships between these four variables are not
as robust as previously thought.!

1 Introduction

The compensation hypothesis (Martinet, 1955;
Hockett, 1955) states that as a language increases
in complexity in one area, another must decrease
in complexity to compensate. A compensatory re-
lationship could exist either within a language (i.e.,
words that are more complex in one way are less
complex in another), or across languages (i.e., an
entire lexicon that is more complex in one way

'Code is available at https://osf.io/ax78p/.
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is less complex in another). One such compen-
satory relationship has been proposed between mor-
phological irregularity and phonotactic complexity.
Hay (2003), Hay and Baayen (2003), and Burzio
(2002) argue that words within a language with
irregular morphology tend to be phonotactically
simple, while words with regular morphology tend
to be phonotactically complex.

Although there is some evidence for this relation-
ship in English (reviewed below), the existence of
a correlation does not imply compensation, which
we take to mean that an increase in one variable
directly causes a decrease in the other (Pearl et al.,
2016, §1.5). While we may observe a correlation
between morphological irregularity and phonotac-
tic complexity, it is possible that there is in fact
no direct causal relationship between them. For
example, they could share a common cause such
as word frequency (Pearl et al., 2016, §2.2). The
effect could also be mediated through a third medi-
ator variable (Pearl et al., 2016, §3.7), as has been
argued for the relationship between phonotactic
complexity and frequency (Mahowald et al., 2018).

Therefore, to assess the relationship between
morphological irregularity and phonotactic com-
plexity, we need to examine any other variables
they may be related to. Previous work suggests that
both morphological irregularity and phonotactic
complexity are correlated with word frequency.
Wu et al. (2019) showed that morphological irreg-
ularity positively correlates with frequency, and
Mahowald et al. (2018) showed that phonotactic
complexity inversely correlates with frequency
after controlling for word length. Phonotactic
complexity is also known to be correlated with
word length, with longer words conveying less
information per phoneme (Pimentel et al., 2020),
and more frequent words tend to be shorter (Zipf,
1935; Piantadosi et al., 2011; Piantadosi, 2014,
Pimentel et al., 2023).

While there is evidence supporting a relation-
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ship between some pairs of these four variables—
morphological irregularity, phonotactic complexity,
word length, and frequency—there is reason to be
uncertain about the existence and direction of a
correlation between others, whether the correlation
holds within or across languages, and what other
variables need to be controlled for to accurately
assess the effect. The pairwise relationships be-
tween these variables have not yet been examined
on a single data set of many languages, and some
relationships have only been examined using ortho-
graphic rather than phonetic transcriptions. There-
fore, in addition to examining the relationship be-
tween phonotactic complexity and morphological
irregularity, we will also examine the relationships
between all other pairs of variables in this set.

We find that within languages, there is a positive
effect of phonotactic complexity on morphological
irregularity after controlling for word length and
frequency. Across languages, we find no consistent
effect. We replicate previous findings of a negative
effect of word length on frequency, and of a
positive effect of frequency on morphological irreg-
ularity. We also find a negative effect of frequency
on phonotactic complexity, although not as robust
as previously suggested. Our results for the rela-
tionship between phonotactic complexity and word
length complicate previous results: We find a posi-
tive effect for one data set and a negative effect for
another. Finally, we present a novel analysis of the
effect of word length on morphological irregularity,
and find a negative effect in most languages.

2 Background

For each pair of variables, we summarize previous
work demonstrating a correlation, any theoretical
arguments supporting a positive, negative, or no
relationship between the two, and what other vari-
ables must be controlled for to examine a potential
causal relationship.

2.1 Phonotactic Complexity vs.
Morphological Irregularity

It has been hypothesized that within a language,
phonotactic complexity is negatively correlated
with morphological irregularity. Hay and Baayen
(2003), Hay (2003), and Burzio (2002) argued that
for English, words that are phonotactically complex
are more likely to be morphologically regular. For
example, dreamed is morphologically regular, but
contains the unusual consonant cluster [md], while
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went is morphologically irregular, but has regular
phonotactics. While this relationship has not been
examined in other languages, there are several rea-
sons to suspect a negative correlation as a universal
tendency. First, low-probability phonotactic junc-
tures can facilitate morphological decomposition,
as argued by Hay (2003), who found that for a
set of 12 English affixes the proportion of words
creating an illegal phonotactic juncture was pre-
dictive of morphological productivity. Second, as
argued by Burzio (2002), irregular forms are more
likely to be memorized, while regular forms are
constructed from individual morphemes. If phono-
tactically simple words are easier to store in mem-
ory, phonotactic complexity should be inversely
correlated with morphological irregularity.

There are also reasons to suspect no relationship
between morphological irregularity and phonotac-
tic complexity, related to the limitation that all pre-
vious work considers only a small set of words.
Morphological and phonotactic processes could
apply independently, and previously observed sig-
nificant correlations could be statistical accidents
due to small sample size. Indeed, responding to
Hay (2003), Plag (2002) found no correlation be-
tween morphological irregularity and phonotactic
complexity in a different sample of 12 English af-
fixes. Alternatively, morphological irregularity and
phonotactic complexity could be independent con-
ditional on a third common cause or mediator vari-
able, with which they are both correlated. This
could result in a statistically significant correlation,
while there is no causal relationship in reality.

One such common cause that could result in a
positive observed correlation between phonotactic
complexity and morphological regularity is word
age. Hay and Baayen (2003) note that highly pro-
ductive affixes are regularly used in creating new
words. Thus, new words in a language will tend
to have regular morphology, and it seems plausible
they will also tend to have regular phonotactics.
As the language changes over time, what is consid-
ered regular will also change, resulting in a positive
correlation: Older words will have irregular mor-
phology and high phonotactic complexity, while
newer words will have regular morphology and low
phonotactic complexity. Other possible common
causes include word length and frequency: Previ-
ous work demonstrates correlations between fre-
quency and phonotactic complexity, frequency and
morphological irregularity, and word length and
phonotactic complexity. A negative effect of word



length on morphological irregularity is also plausi-
ble, and will be established in our data. Both word
frequency and word length are therefore common
causes that should be controlled for in assessing
the relationship between phonotactic complexity
and morphological irregularity.

2.2 Phonotactic Complexity vs. Length

Pimentel et al. (2020) demonstrated a strong neg-
ative correlation between phonotactic complexity
and average word length both across and within 106
languages. Pellegrino et al. (2011) suggest that this
compensation is the result of a linguistic universal:
The rate of information in every language is very
similar, with the amount of information per word
roughly constant. Thus, longer words should have
less information per phoneme (Coupé et al., 2019;
Meister et al., 2021). While previous work (dis-
cussed below) suggests that frequency is a common
cause of both phonotactic complexity and word
length, and should be controlled for in this analysis,
we will not control for it in line with our goal of
replicating previous studies using a single dataset.?

2.3 Morphological Irregularity vs. Frequency

A positive correlation between morphological irreg-
ularity and word frequency has been observed in
English (Marcus et al., 1992; Bybee, 1985), but this
correlation was questioned by Fratini et al. (2014)
and Yang (2016). In a larger set of 21 languages,
Wu et al. (2019) found a positive correlation
between morphological irregularity and frequency.
These correlations were found to be more robust
when irregularity was considered as a property of
lemmas rather than individual words. A potential
mechanism is described by Hay and Baayen
(2003): More frequent words are more likely to be
accessed as whole words, and less frequent words
are more likely to be parsed into their component
morphemes. Because irregulars are more likely
to be accessed as whole words in memory, there
will be a positive correlation between frequency
and morphological irregularity. In contrast, if we
assume that lexicons are optimized for efficient
communication, i.e., more frequent words should
be less morphologically complex (Zipf, 1935),
we would expect frequent words to have regular
morphology, i.e., a negative correlation.

*However, preliminary models show that controlling for
frequency only has a minimal impact on results.
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2.4 Phonotactic Complexity vs. Frequency

A consequence of Zipf’s (1935) hypothesis that the
most frequent words in a language should require
the least effort is that even within words of the same
length, the most frequent ones should be easiest to
produce and understand. This suggests that more
frequent words should have lower phonotactic com-
plexity. After controlling for word length, this is
exactly what Mahowald et al. (2018) found in a
study of 96 languages, using orthographic proba-
bilities from Wikipedia as a proxy for phonotactic
complexity. However, orthography can differ sig-
nificantly from pronunciation—this correlation has
not been confirmed with phonotactic probabilities
from phonetic transcriptions. Following Mahowald
et al. (2018), we will control for word length as
a potential mediator in the relationship between
phonotactic complexity and word frequency.

2.5 Morphological Irregularity vs. Length

We are not aware of previous work on the relation-
ship between morphological irregularity and word
length, although it is intuitively plausible that one
influences the other. For example, a negative corre-
lation within a language could arise because regular
inflectional morphology involves combining mul-
tiple morphemes, causing words with regular mor-
phology to be longer. Previous work also implies
that frequency has an effect on both morphological
irregularity and word length. Therefore, we con-
trol for frequency as a common cause in assessing
the potential relationship between morphological
irregularity and word length.

2.6 Length vs. Frequency

Zipf (1935) observed that the most frequent words
in a language tend to be short. Since then, the
inverse relationship between word length and fre-
quency has been studied in depth and found to
follow Zipf’s law extremely systematically (see
Piantadosi, 2014 for a review), although it is un-
clear whether word length correlates more strongly
with surprisal (Piantadosi et al., 2011) or frequency
(Meylan and Griftfiths, 2021).

3 Methods
3.1 Data

Our morphological data comes from the UniMorph
project, a database of morphologically annotated
corpora for 182 languages (Batsuren et al., 2022).
Each inflected form is annotated with its lemma



(the lexical meaning) and a set of morphological
features; walked would be annotated as [VERB; SIN-
GULAR; PAST], for example. While UniMorph pro-
vides data for a large set of languages in a univer-
sal schema, it does not provide phonetic transcrip-
tions. Because we are interested in how morphol-
ogy interacts with phonotactics, we use grapheme
to phoneme models from Epitran (Mortensen et al.,
2018) to convert orthographic transcriptions to IPA.
Languages with no available Epitran model were
excluded from our analyses.

For training models of phonotactic complex-
ity, we use NorthEural.ex (Dellert et al., 2020),
a database of phonetic transcriptions of 1,016 basic
concepts for 107 Northern Eurasian languages also
studied by Pimentel et al. (2020). For languages
that are not included in NorthEural.ex, we use
WikiPron (Lee et al., 2020), a database of pronunci-
ation dictionaries from Wiktionary. Languages not
in either NorthEuralLex or WikiPron are excluded.

Frequency data is retrieved from Wikipedia,®
and calculated as log count per million words.
Following Wu et al. (2019), we exclude all forms
with zero frequency, which can differ by orders of
magnitude in their true frequency (Baayen, 2001),
and we exclude 15 languages where the average
probability of the morphological irregularity model
predicting the correct surface form is below 0.75.
The UniMorph dataset for each language varies
in size from 77 to 50,284,287 forms and 37 to
824,074 lemmas. Many of the excluded languages
are those with smaller datasets, where the model
does not have enough information to accurately
predict surface forms.

The languages included in our analysis are:
Albanian, Amharic, Azerbaijani, Catalan, Chewa,
Czech, Dutch, English, French, German, Hungar-
ian, Italian, Kazakh, Khalka Mongolian, Polish,
Portuguese, Romanian, Russian, Serbo-Croatian,
Spanish, Swedish, Turkish, Ukrainian, Uzbek, and
Zulu. Further details about datasets used can be
found in App. A.

3.2 Morphological Irregularity Models

While a binary distinction between regular and ir-
regular morphology is useful in many theories of
grammar, a more fine-grained quantitative measure
of irregularity is needed to examine the potential
relationships with other variables we are interested
in. For example, an English speaker might judge

3Retrieved 4/16/23 from https://dumps.wikimedia.org.

a verb like walked to be more regular than sang,
which is, in turn, more regular than went. Wu et al.
(2019) define an information theoretic measure of
irregularity that captures such intuitions, and is ap-
plicable across languages.

This measure, called degree of morphological
irregularity, abbreviated as MI, is defined using
a probabilistic model. Let > be an alphabet of
symbols* and let S be a finite set of morphologi-
cal features, e.g., those provided by the UniMorph
dataset. Furthermore, we define the inflector func-
tion ¢: X* x § — X* that maps a pair of a lemma
and a set of morphological features to an inflected
surface form, i.e., (¢,0) — w. The inflector ¢ is
assumed to only operate on known lemmas. Thus,
to get at a notion of morphological irregularity,
we also require a probabilistic inflection model
p(w | £,0,L_y), a probability distribution over ¥*
conditioned on alemma ¢ € ¥*, aslot o € S, and
a lexicon with the target lemma removed £_y, that
tells us which forms in >* are probable inflected
surface forms for the lemma ¢ with morphological
features o. The distribution p(w | ¢, 0, L_y) essen-
tially corresponds to a wug-test probability (Berko,
1958), i.e., it tells us the likelihood of the model
predicting the correct inflected form of a word it
has never seen. To make the probabilities given
by p(w | ¢, 0, L_;) more interpretable, Wu et al.
(2019) use the negative log odds of probability of
the correct surface form, i.e.,

o p(w | 2?0'75*[)
ST —pw [ Lo, L)

MI(w, ¢, 0) = —1 (1)
We can interpret MI(w, ¢, o) as follows. We
achieve a MI(w, ¢,0) of 0 if the probability of
the correct surface form is exactly 0.5, a nega-
tive MI(w, ¢, o) when a surface form is more pre-
dictable, and a positive MI(w, £, o) when the form
is less predictable.

Morphological irregularity can be considered ei-
ther a property of an individual word, as in Eq. (1),
or as a property of an entire lemma. We calculate
the MI of a lemma as the mean MI score of all
words in the lemma, i.e.,

MI(() = |;| > MI(u(t,0),6,0) ()

€S

Estimating p(w | ¢, 0, L_;) from data. Because
the probability distribution p(w | £, o, L_) is con-

“The symbols could be graphemes or phonemes, depend-
ing on the nature of the data annotation.
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ditioned on a lexicon with the target lemma re-
moved, the most accurate estimate of MI would
require training a separate model for each target
lemma in each language. In practice, Ml is esti-
mated by training models on a language with a set
of lemmas removed, rather than just one. We train
neural network models on the UniMorph data using
code from Wu et al. (2019), which implements a
monotonic hard attention string-to-string induction
model described by Wu and Cotterell (2019). In our
experiments, we use the same model architecture
and training parameters as Wu et al. (2019), and
split the lemmas for each language into thirty sets.

3.3 Phonotactic Complexity Models

Similar to to our estimation of morphological ir-
regularity, to estimate phonotactic complexity, we
take a probabilistic approach. Following Pimentel
et al. (2020), we consider a probability distribution
p(w | L) over 3*. Then, given a word w € X*,
we define the degree of phonotactic complexity,
abbreviated as PC, as follows

_logp(w | £)
|wl

PC(w) = 3)
where |w| is the length of the word w. Like the de-
gree of morphological irregularity, PC is a surprisal-
based metric that lends itself to easy interpretation.
Specifically, if PC(w) is lower, it means that w is
less surprising and therefore more regular.

Estimating p(w | £) from data. The distribu-
tion p(w | £) is a hypothetical construct that tells
us the probability of an unknown word. When we
estimate p(w | £) from data, we cannot use the
estimated distribution to judge the complexity of
those words in the training data. We split training
data for each language into ten sets and train ten
models, each with one set held out. PC is evaluated
on the held-out set for each model. We use the
model architecture and training procedure used
in code provided by Pimentel et al. (2020), which
implements a character-level LSTM (Hochreiter
and Schmidhuber, 1997) language model with
each phoneme represented by a set of phonetic
features from Phoible (Moran et al., 2014).

3.4 Analysis

Following previous studies on the interactions be-
tween phonotactic complexity, morphological ir-
regularity, word length, and frequency, we report
regression coefficients for each language and each
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Y X Controls Rand. Effs.

MI PC FR+mean(PC)+ PC+FR+ WL
WL + mean(WL)

PC WL mean(WL) WL

MI FR - FR

PC FR WL+ mean(WL) FR+ WL

MI WL FR+mean(WL) WL +FR

WL FR - FR

Table 1: Controls and random effects included in re-
gression models of properties X and Y of words (one
row per word): MI = morphological irregularity; PC
= phonotactic complexity; WL = word length; FR =
frequency. Mean(X) is a language’s average value of
X, across all its words. In Ime4 syntax, models using
words from all languages are: Y ~ X + Controls +
(1 + Random Effects | language), and individual
language models are: Y ~ X + UnderlinedControls.

pair of variables, controlling for any necessary vari-
ables as described in Tab. 1—these are analogous
to partial correlations between the variables of in-
terest. The p-values have been adjusted for mul-
tiple comparisons using the Benjamini-Hochberg
method. We also perform a linear mixed effects re-
gression analysis across languages for each pair of
variables, including random intercepts and slopes
for the effect of language. The means of the de-
pendent variable and controls within each language
are also included as an additional predictor, to sep-
arate across-language effects from within-language
effects (see Sonderegger, 2023, §8.10.2.3 and An-
tonakis et al., 2021). Because languages should
not differ in mean word frequency, this predictor
is excluded. All predictors were standardized, and
log counts-per-million were used for frequencies.

For morphological irregularity analyses (where
Y = MI in Tab. 1), we also report a regression
model with data grouped by lemma, where phono-
tactic complexity and word length are taken as the
average within each lemma, frequency is the sum of
frequencies within each lemma, and morphological
irregularity is calculated according to Eq. (2). Re-
sults for the effects of interest in these regression
analyses are reported below. Plots of regression
predictions and raw data for select languages are
shown in App. B.

4 Results
4.1 Phonotactic Complexity and
Morphological Irregularity

Within languages, we find a positive effect of
phonotactic complexity on morphological irreg-



(a) Regression coefficients by language, grouped by
lemma and by word, with 95% Cls.

(b) By-language means, with linear (red/light) and LOESS
(blue/dark) smoothers.

Figure 1: Phonotactic complexity and morphological irregularity.

(a) Regression coefficients by language, for phonotactic
and UniMorph data, with 95% Cls.

(b) By-language means for phonotactic data (purple/dark)
and UniMorph data (orange/light), with linear (solid) and
LOESS (dotted) smoothers.

Figure 2: Phonotactic complexity and word length.

ularity after controlling for word length and fre-
quency of 0.10 (95% CI [0.05, 0.15], p < 0.001,
o = 0.188)° and a non-significant (p > 0.05) ef-
fect of mean phonotactic complexity of -0.19 (95%
CI [-0.50, 0.12], p = 0.224). When grouped by
lemma, there is an estimated effect of 0.14 (95%
CI [0.07, 0.21], p < 0.001, o 0.261) and a
non-significant effect of mean phonotactic com-
plexity of 0.00 (95% CI [-0.36, 0.37], p = 0.993).
Although a majority of languages have a positive ef-
fect, as shown in Fig. 1a, some are negative or non-
significant. Across languages, there is no evidence
of a relationship between mean morphological ir-
regularity and mean phonotactic complexity—we
find a non-significant Spearman’s correlation of
—0.045 (p = 0.832), shown in Fig. 1b.

4.2 Phonotactic Complexity and Word Length

As shown in Fig. 2a, we find a positive relationship
between phonotactic complexity and word length
within the majority of languages in the UniMorph

SWe use o to refer to random effect standard deviation.
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data set. We find a similar prediction from the
linear model: the estimated effect is 0.18 (95%
CI [0.13, 0.23], p < 0.001, o0 = 0.123). Across
languages, we find no evidence of a correlation
between mean phonotactic complexity and mean
word length (p = —0.333, p = 0.104), as shown
in Fig. 2b. Similarly, the linear model estimates no
significant effect of mean word length (5 = —0.40,
95% CI [—0.95, 0.14], p = 0.145). The positive
effects found in most languages are opposite to
the direction predicted by Pimentel et al. (2020)
and Pellegrino et al. (2011). However, it is im-
portant to note that nearly all words in UniMorph
are morphologically complex, while NorthEural.ex
(the dataset used by Pimentel et al. (2020)), con-
tains mostly morphologically simple words. As
previously noted, morpheme boundaries can create
low-probability phonotactic junctures, resulting in
higher phonotactic complexity. This suggests that
the relationship between word length and phono-
tactic complexity may be dependent on morpholog-
ical complexity. We also note that the UniMorph



