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Abstract

Grammatical features across human languages
exhibit intriguing correlations, often attributed
to learning biases in humans. Language mod-
els (LMs) provide a scalable and naturalistic
framework for studying artificial language
learning—one not available in human re-
search. We investigate how learnability varies
across typologically plausible and implausible
languages that closely follow the word order
universals identified by linguistic typologists.
Our study trains LMs on highly naturalis-
tic counterfactual versions of English (head-
initial) and Japanese (head-final). Compared
to prior work, our datasets more precisely tar-
get the boundary between typological plau-
sibility and implausibility. Our experiments
show that LMs learn subtly implausible lan-
guages more slowly, though they eventually
reach similar performance on some metrics
regardless of typological plausibility. These
findings suggest that LMs exhibit typolog-
ically aligned learning preferences and that
certain typological patterns may emerge from
general learning biases.

https://github.com/sally-xu-42
/Typological Universals.

1 Introduction

A fundamental goal in linguistics is to eluci-
date the universal properties underlying attested—
more generally—possible natural languages, and,
moreover, to explain why some possible grammars
are widely attested, but others are not. In service
of that larger goal, many typological universals
and tendencies have been identified (Greenberg,
1963; Barwise and Cooper, 1988; Dryer, 1992;
Hyman, 2008). However, at present, we do not
fully understand why these tendencies exist. One
widespread belief is that typological patterns are

caused by a learning bias; however, there is dis-
agreement over several decades regarding whether
that bias is language-specific (Culbertson and
Kirby, 1981; Baker, 2009) or domain-general
(Culbertson and Kirby, 2016). Moreover, other
explanations exist that do not appeal to learning
bias at all (Hahn et al., 2020). This debate has been
difficult to resolve experimentally with human
subjects because we cannot manipulate variables
during the acquisition of a child’s first language,
leaving only the possibility of small-scale artificial
language learning experiments. Language models
(LMs), by contrast, have recently been proposed as
convenient stand-ins for human learners, enabling
large-scale and fully controlled experiments on
language acquisition (Warstadt, 2022).

Relatedly, a lively literature on counterfac-
tual language learning in LMs has developed
(Ravfogel et al., 2019; Hahn et al., 2020; White
and Cotterell, 2021; Clark et al., 2023; Kallini
et al., 2024; Kuribayashi et al., 2024, inter alia),
sparking some debate. Some have gone so far
as to argue that LMs have little consequence
for linguistic theory because they putatively can
learn many possible and impossible languages
with equal facility (Mitchell and Bowers, 2020;
Chomsky et al., 2023; Moro et al., 2023). Em-
pirical results, however, indicate a more nuanced
picture: In counterfactual language learning exper-
iments, Kallini et al. (2024) found that LMs do in
fact struggle to learn impossible languages—e.g.,
languages lacking hierarchical structure—relative
to similar plausible languages.

In this paper, we investigate whether statis-
tical learning in a learner lacking an explicit
innate bias toward typologically plausible lan-
guages can nonetheless exhibit such a bias. If
so, this would suggest that some conceivable
but unattested grammars are dispreferred due to
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domain-general principles—for instance, biases
arising from more general information-theoretic
constraints (Someya et al., 2025)—implying that
strong innate restrictions on the hypothesis space
are not always necessary for LMs to develop
human-like learning biases. We test this hypothe-
sis by examining the learnability of typologically
dispreferred languages that lie closer to the bound-
ary of possibility than those studied by Kallini et al.
(2024).

In this study, the typological tendencies we
investigate are among those famously enumerated
by Greenberg (1963) and subsequently refined
based on larger-scale typological studies (Dryer,
1992). For example, languages with dominant
subject-verb-object (SVO) order overwhelmingly
have prepositions, while subject-object-verb
(SOV) languages tend to have postpositions.
While previous work cited above has tested
learnability of artificial languages with LMs, our
approach to constructing counterfactual corpora
is novel. First, we aim to maximize naturalness
by manipulating pre-existing natural language
corpora and by iteratively annotating the counter-
factual data and identifying and correcting corner
cases. Second, we also target fine-grained deci-
sion boundaries between typologically plausible
and implausible languages by manipulating one
specific grammatical property in each counterfac-
tual corpus at a time. Finally, we balance biases
due to the source language by symmetrically
applying this procedure to a head-initial language
(English) and a head-final language (Japanese).

In our experiments, we test languages’ learn-
ability under two types of LMs (autoregressive
and masked) trained from scratch on our counter-
factual corpora. We evaluate learnability from
multiple perspectives: (i) perplexity per-token
on the full corpus, (ii) preferences on mini-
mal pairs contrasting original and counterfactual
word orders, and (iii) accuracies on broad syn-
tactic benchmarks BLiMP (Warstadt et al., 2020)
and JBLiMP (Someya and Oseki, 2023). Our
results show that LMs often find it harder to
learn counterfactual, typologically implausible
languages compared to minimally different natu-
ral languages. While Kallini et al. (2024) reached
a similar conclusion using more contrived lan-
guages that do not resemble any human language,
our findings extend this observation to languages
that are merely implausible, i.e., those resembling
a small minority of attested human languages.

Although we cannot entirely rule out confounds
introduced during the creation of counterfactual
corpora, our results have important implications
if they prove robust. Despite arguments that LMs
are largely irrelevant to linguistics and cognitive
science due to their non-human-like learning bi-
ases (Chomsky et al., 2023; Moro et al., 2023), we
contend that such dismissal is premature: Whether
such biases arise in a learner without explicit re-
strictions on its hypothesis space bears directly
on long-standing debates about the necessary
and sufficient conditions for human-like learning
preferences. Furthermore, our findings suggest
that specific learning biases hypothesized in hu-
mans are naturally aligned with those observed in
language models.

2 Background

2.1 Typological Tendencies
What are all the conceivable types of language
that humans could develop? Linguistic theory
offers one possible answer: Natural language
grammars can be described through the lens of
formal language theory (Chomsky, 1956), and
only a subset of formal languages appear com-
patible with the human cognitive architecture.
For instance, no human language counts modulo
three, even though such a pattern is trivially en-
codable by a finite-state automaton (Newmeyer,
2005). However, an exact formal characteriza-
tion of which languages are learnable by humans
continues to elude us. Even after decades of re-
search, it is clear that human languages occupy a
complex and difficult-to-define region within the
space of possible grammars (Newmeyer, 2005;
Chomsky and Lasnik, 1993). Nevertheless, many
generalizations have been proposed about this
space—for example, concerning syntactic cate-
gories (Chomsky, 1965), quantifiers (Barwise and
Cooper, 1988), and phonology (Hyman, 2008).
Some of these generalizations are true universals
that no human language violates—such as the pro-
hibition against counting modulo three—whereas
others reflect strong statistical tendencies, de-
scribing correlations that occur far more often
than would be expected by chance. Accord-
ingly, we can distinguish between impossible and
implausible languages.

In terms of statistical tendencies, Greenberg
(1963) proposed a list of several dozen word
order and morphological correlations based on
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Table 1: Illustrative examples of each of our counterfactual variants of English. Head phrases are colored
red, and dependent phrases are colored blue. The cop* notation reflects the swapped copula edge. As
mentioned in Figure 5, O in <V, O> covers nominal objects of verbs, obliques and complement clauses,
etc. In the <V, O> example, we do not swap the copula and predicate due to readability, but these
elements would be swapped in the actual dataset. The <V, O> example demonstrates the reflective
swapping (H D1 D2 → D2 D1 H) explained in §4.1.

a survey of 30 languages. For example, he ob-
serves that ‘‘[i]n languages with prepositions,
the genitive almost always follows the govern-
ing noun, while in languages with postpositions it
almost always precedes.’’ Building on this line of
work, Dryer (1992) formulated a list of correla-
tion pairs—pairs of morphosyntactic categories
where each pair consists of a head category H
and its dependent category D1—that tend to share
the same relative ordering as the dominant order
of the verb and object across a sample of 625
languages. Following Culbertson and Newport
(2015), we refer to languages—including most
human languages—that follow these typological
correlations as harmonic, i.e., plausible, and to

1Syntacticians often disagree on the correct generaliza-
tion that characterizes correlation pairs (Hawkins, 1983;
Dryer, 1992; Kayne, 1994). Indeed, an entirely theory-neutral
description is unlikely to ever emerge for these data. As sug-
gested by our notation, the H elements that pattern with
the verb tend to be functional or lexical heads, while the
D elements that pattern with the object tend to be phrasal
arguments or dependents. For example, the adposition is the
functional head of an adpositional phrase. While we refer
to these elements as heads and dependents, our study relies
only on the existence of these correlation pairs, not on any
specific theoretical analysis.

those that violate them as non-harmonic, i.e.,
implausible. A subset of the correlation pairs we
focus on in this paper is listed in Table 1.

2.2 Learnability of Implausible Languages
Learnability has long been proposed as a key
mechanism underlying typological universals and
tendencies such as word order harmony. This ac-
count has an intuitive appeal: Language evolves
through cycles of reanalysis by child learners
(Peyraube, 1912; Cournane, 2017), and such re-
analysis tends to favor grammars that are easier
to acquire, making them more frequent over gen-
erations (Kirby et al., 2008). However, there is
little consensus on why some grammars are in-
herently easier or harder to learn, or why humans
might possess a harmonic bias that facilitates the
acquisition of harmonic grammars.

One possibility is that humans possess
language-specific biases, of which harmonic
bias is only one example. For instance, Chomsky
(1965) proposed the theory of universal gram-
mar, which posits that humans have an innate
language acquisition device that biases the
learning of certain grammars. This theory was
later refined into the principles and parameters
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framework (Chomsky, 1981; Chomsky and
Lasnik, 1993), which—most relevant to the pre-
sent discussion—introduced the head parameter,
determining whether complements appear to the
left or right of their heads (Chomsky and Lasnik,
1993, p. 35). More recently, some proponents of
universal grammar, including Chomsky, have re-
characterized it as a domain-general bias for recur-
sion (Hauser et al., 2002; Berwick and Chomsky,
2016), and the necessity of the head parameter
has been questioned (Kayne, 2013). Nevertheless,
contemporary advocates of innate language-
specific biases continue to posit parameters to
account for head directionality (Baker, 2009;
Cinque, 2017) as well as a host of other typologi-
cal patterns (Biberauer et al., 2009; Baker, 2015,
inter alia).

An alternative to universal grammar is that
domain-general biases are sufficient to explain
harmonic bias and possibly other typological pat-
terns. For instance, there is evidence that humans
have a simplicity bias across several domains of
cognition (Chater and Vitányi, 2003; Hsu et al.,
2013; Stabler, 2013), and such a bias could
explain the preference for harmonic languages
(Culbertson and Kirby, 2016, 2022), as harmonic
grammars presumably have a shorter description
length than non-harmonic ones.

From the empirical side, the evidence that hu-
man learning biases favor typologically plausible
languages comes largely from artificial language
learning experiments in laboratory settings. Stud-
ies of this kind have shown that humans regularize
novel grammatical rules in typologically plausi-
ble ways in the domains of phonology (Wilson,
2006) and morphology (Kam and Newport, 2005;
Fedzechkina et al., 2012). Neuroimaging also
shows that typologically implausible artificial
languages lead to lower activation in language
centers in the brain than typologically plausible
ones (Musso et al., 2003). Most relevant to the
present discussion, a harmonic learning bias in
artificial language learning has been found for
English-speaking adults (Culbertson et al., 2012)
and children (Culbertson and Newport, 2015), as
well as native speakers of cross-linguistically rare
non-harmonic languages (Culbertson et al., 2020).

2.3 Counterfactual Language Paradigm

Artificial or counterfactual language learning has
also been widely applied to LMs in recent years

(Ravfogel et al., 2019; Hahn et al., 2020; White
and Cotterell, 2021; Hopkins, 2022; Clark et al.,
2023; Kallini et al., 2024; Kuribayashi et al., 2024;
Hale and Stanojević, 2024). Whereas studies on
human subjects are highly constrained by time,
resources, and the limits of human attention, LMs
can feasibly be trained extensively on artificial
languages which can be highly complex, natural-
istic, or formal. Accordingly, the design space for
these types of studies is large and comes with nu-
merous trade-offs. Specifically, we can distinguish
the artificial language designs based on whether
they take what we refer to as a grammar-first ap-
proach where a counterfactual corpus is generated
from a manually specified lexicon and grammar,
or a corpus-first approach where a naturalistic
corpus is modified according to a set of rules.
At the extreme end of grammar-first approaches
are studies testing the learnability of different
formal language classes across neural network ar-
chitectures, generating data that often falls well
outside the complexity class of natural language
(Ebrahimi et al., 2020; DuSell and Chiang, 2022;
Hao et al., 2022; Delétang et al., 2023; Borenstein
et al., 2024; Someya et al., 2024).2 A more natural
variant uses probabilistic context-free grammars
inspired by natural language but designed to selec-
tively violate specific typological properties. Such
studies (White and Cotterell, 2021; Kuribayashi
et al., 2024) have yielded mixed evidence on
whether the inductive biases of LMs align with
those of humans. However, grammar-first corpora
greatly simplify the challenges of language learn-
ing and processing. Naturalistic data, by contrast,
exhibits a richness that is difficult to replicate in
synthetic corpora.

The corpus-first approach achieves greater eco-
logical validity by starting from a natural corpus
that retains the full complexity of real data
and applying controlled manipulations, often via
constituency or dependency parses. A common
method filters particular sentence types using
parses (Jumelet and Hupkes, 2018; Warstadt,
2022; Patil et al., 2024; Misra and Mahowald,
2024), while other work applies transformation
rules to parsed sentences. Wang and Eisner (2016)
generate about 50,000 synthetic languages by
stochastically reordering the dependents of nouns

2Such empirical studies differ from work that proves
which languages can be recognized by LMs (Strobl et al.,
2024).
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and verbs in treebanks to match other languages’
word order patterns, and Hahn et al. (2020) con-
struct counterfactual dependency grammars by
specifying, for each arc label, whether the de-
pendent appears to the left or right of the head
and its relative distance. While such methods
yield more ecologically valid counterfactual lan-
guages, they are noisy and difficult to control:
messy source data, annotation errors, and limits of
linguistic annotation systems often result in coun-
terfactual corpora containing more ungrammatical
content with respect to the counterfactual grammar
than the original corpus. Our study, in contrast,
takes a careful corpus-first approach designed to
minimize and control for such noise.

3 Experimental Design

Our experiments test whether LMs show differ-
ences in learning natural languages with harmonic
word orders compared to minimally different arti-
ficial languages with non-harmonic word orders,
i.e., implausible languages.

The Independent Variable. We manipulate
word order harmony using a corpus-first approach
to counterfactual corpus generation. Starting
from naturally occurring corpora for harmonic
languages, we systematically violate five Green-
bergian correlation pairs, one at a time (§4).
Each pair yields two harmonic (SVO head-initial,
SOV head-final) and two non-harmonic (SVO
head-final, SOV head-initial) variants, allowing
controlled comparison across word order types.

The Dependent Variables. There is no univer-
sally accepted definition or measure for learnabil-
ity in the LM literature. In this study, we inves-
tigated the learnability of counter-Greenbergian
languages based on the learning trajectory of
the LMs as well as their final performance af-
ter a certain period of training. Given the concern
that some counter-Greenbergian languages might
eventually be learnable for humans, one would
naturally hypothesize that these tendencies could
exist due to other learning barriers, such as learn-
ing efficiency. Therefore, we observed the learning
trajectory of the counterfactual LMs across their
checkpoints. Details of our evaluation metrics and
experimental results are shown in §5.

Addressing Confounds. A key confound we try
to avoid is that if we test on a fully head-initial

language like English and make it head-final, the
change in learnability can result from other fac-
tors than breaking the correlations, such as (a)
models’ learning biases towards the head direc-
tion of a language, or (b) the amount of noise
we induced during counterfactual corpus genera-
tion. Our approach involves various ineliminable
noise sources, including parser errors or ambigui-
ties, punctuation removal prior to corpus editing,
and the limitations of Universal Dependencies
(UD) annotations. We address (a) by conducting
our experiments symmetrically with both a fully
head-initial language and a fully head-final one.
We address (b) by reporting human validation
scores, identifying parser ambiguities, and creat-
ing BASELINE corpus variants that follow the same
preprocessing steps of removing punctuation and
lower-casing as applied to counterfactual corpora.

4 Creating Counterfactual Languages

This section describes our procedure for creating
counterfactual corpora by modifying natural sen-
tences. Implementation details and examples are
further provided in Appendix A.

4.1 Swapping Greenbergian
Correlation Pairs

Notation. We denote a correlation pair using the
notation <H, D>, where H is the Verb patterner
and is a mnemonic for head, and D is the Object
patterner and is a mnemonic for dependent. We
use this notation to name a type of correlation pair
by its syntactic categories (e.g., <Adp, NP>) or to
refer to a single instance of expressions belonging
to the relevant categories (e.g., <in, the house>).

Targeted Correlation Pairs. Table 1 sum-
marizes the selected subset of Greenbergian
correlation pairs identified by Dryer (1992) in
our study. As shown in Table 3, we identify the
five correlation pairs in dependency parses in the
Universal Dependencies framework partly follow-
ing Hahn et al. (2020). While dependency arcs are
a good start for identifying instances of H or D,
they only connect two words, not entire phrases,
and there is no one-to-one or even many-to-one
correspondence between Universal Dependencies
arcs (De Marneffe et al., 2021) and Dryer (1992)
correlation pairs. For each language examined
and each of the five correlation pairs, we imple-
ment a version of the swapping algorithm below
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to generate six distinct variants of a corpus with
different word orders (Table 1).

Algorithm Overview. The goal of our algo-
rithm for creating counterfactual corpora is to
swap the relative order of all instances of the
relevant correlation pair within each input sen-
tence. Word order is manipulated at the span
level: Given a sentence w = [w1, . . . , wN ] and its
dependency parse p, a word pair (wh, wd) where
1 ≤ h, d ≤ N with a specific dependency type is
identified, and their spans sh and sd are defined
as contiguous word sequences in w consisting
of the identified word and its descendants.3 The
relative positions of sh and sd are then swapped.
All token pairs meeting the <H, D> criteria in
Table 3 are processed recursively (Algorithm 1.
in Appendix A), with exceptions and coordination
handling described in Appendix A.1.

Handling Multiple Pairs. In the case that mul-
tiple dependent spans share the same head wh in
a sentence, we perform swapping by reflecting
the dependents around wh. In other words, we
maintain the relative distance between H and D.
In an abstractive example of swapping ‘‘H D1

D2’’, the swapped order becomes ‘‘D2 D1 H’’.
In addition, since the dependency parse of a sen-
tence exhibits a directed acyclic graph structure,
and there might be nested correlation pairs, we
perform a depth-first search over the sentence in
our swapping algorithm (Algorithm 1.).

Handling Japanese-Specific Issues. Some-
times, a direct application of the English
implementation to Japanese fails due to gram-
matical and annotation differences. For instance,
Japanese UD employs a looser notion of word
than English UD. To ensure the swapping algo-
rithm remains both comparable and correct across
languages, we introduce additional rules for the
Japanese implementation; see Appendix A.3.

Statistics. The frequency distributions of word
order swapping in a sentence for each correlation
pair are shown in Figure 1, which were esti-
mated using a held-out set of LM training data
(Wiki-40B). The total number of swaps from low-
est to highest is <Cop, Pred>, <Aux, V>, <Noun,
Genitive>, <V, O>, and <Adp, NP>. Henceforth,

3In practice, span boundaries vary slightly by language
and annotation; we do not always include all and only the
descendants.

Figure 1: Histogram of the number of swaps per
sentence for each counterfactual language.

the experimental results are reported in this order
to facilitate interpretation of the results.

4.2 Human Data Validation

We conduct a human validation of our counterfac-
tual corpora at several stages to ensure the validity
of our swapping algorithm and iteratively improve
our swapping algorithms. Earlier iterations of val-
idation were less formal, and resulted in changes
to the swapping algorithm. Below we describe
the validation of our final counterfactual corpora.
While the swapping algorithm is not perfect, we
believe that transparency about these flaws is an
improvement over previous corpus-first studies,
which usually do not report any metric to eval-
uate the quality of their counterfactual corpora
(Ravfogel et al., 2019; Hahn et al., 2020; Clark
et al., 2023).

Quantitative Evaluation. Annotators manually
list all <H, D> pairs that should be swapped for
that sentence, according to their judgment. They
compare this gold list to the silver list of all
<H, D> pairs identified by the parser and swapped
by the algorithm. We then compute the precision
of the silver swaps (#correct silver

#silver ) and the recall
(#correct silver

#gold ) over the entire annotated sentences.

Qualitative Evaluation. Annotators also sub-
jectively assess the validity of each swapped
sentence using a 5-point Likert scale (see
Appendix C). This additional evaluation is mo-
tivated for several reasons: First, the quantitative
evaluation unjustifiably favors mistakes that fail
to identify a pair (which affects only recall) over
mistakes where a silver pair is similar but not
an exact match to a gold pair (which harms pre-
cision and recall). Second, the silver string may
sometimes be correct even if the identified pairs
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are not, i.e., some pairs are truly subjective due
to ambiguity in the sentence or inevitable un-
derspecificity in our annotation guidelines. Third,
errors can cascade, i.e., a single incorrect arc can
lead to two (or more) errors arising from the
words incorrectly connected and the words in-
correctly not connected. Finally, some errors are
intuitively less divergent from the counterfactual
target (e.g., incorrectly resolving a prepositional
phrase attachment) than others (e.g., misparsing a
verb as a noun).

Annotators and Data. One English native
speaker and two Japanese native speakers an-
notated the gold word swap and the validity score
for each sentence (each example was assessed by
one annotator). The annotators are all authors on
the paper with PhD-level training in linguistics.
Our validation is mainly made on the training
data for LMs (see §5), but we also conducted
the qualitative evaluation part on sentences sam-
pled from BLiMP/JBLiMP benchmarks, which
are used in our LM evaluations §6.3. We sampled
120 sentences for <V, O> and 40 sentences for
the other correlation pairs for annotation, respec-
tively, from the respective data sources, and thus
280 sentences are of validation target in each eval-
uation setting (e.g., English/Japanese LM training
data).4 Notably, these validation targets include
sentences without any target of respective swap-
ping to properly estimate the precision of the
algorithm.5

Results. Table 2 shows the results. The preci-
sion and recall of the word-swapping are typically
above or near 80%, and the average valid-
ity score on a 5-point scale is above 4. Thus,
we conclude that our word-swapping algorithm
properly worked in most cases. In addition, the
5-Likert scale scores are generally similar be-
tween LM training data and (J)BLiMP; thus,
there are no issues specifically associated with
the (J)BLiMP datasets, which include more com-
plex or rare linguistic phenomena. Though the
swapping precision/recall for the <Cop, Pred>

4We annotated an especially large number of sentences
for the <V, O> swap since it induced more diverse changes
than the other correlation pairs.

5When sampling LM training data to annotate, we bal-
anced the data in each correlation pair to have 20 sentences
with no silver swaps to better estimate the precision of the al-
gorithm. Reported precision and recall reflect the distribution
in the overall corpus, not the balanced sample.

Train Data (En) BLiMP Train Data (Ja) JBLiMP

Pair Prec Rec Val Val Prec Rec Val Val

<Cop, P.> 59.1 54.2 4.4 4.9 55.0 55.0 4.8 4.9
<Aux, V> 95.8 95.8 5.0 4.9 72.7 83.3 4.5 4.5
<N., Gen.> 80.0 80.0 4.8 5.0 81.0 81.0 4.8 4.9
<V, O> 74.4 73.4 4.3 4.6 85.9 81.6 4.2 4.3
<Adp, NP> 78.9 81.8 4.7 4.9 85.8 89.0 4.6 4.6

Table 2: Human validation results of counterfac-
tual corpora. ‘‘Prec,’’ ‘‘Rec,’’ and ‘‘Val’’ denote
precision, recall, and the averaged validation score
indicated in the 5-point Likert scale.

part was particularly low, the validity scores are
high. This is due to frequent minor errors, typi-
cally in identifying the scope of the predicate in
the copula construction. For example, our algo-
rithm converted a sentence ‘‘he was active in the
rsp student wing.’’ into ‘‘he active was in the rsp
student wing.,’’ while human annotation was ‘‘he
active in the rsp student wing was.’’

5 Model Training

Language Modeling. To assess the inductive
bias of both causal LMs and masked LMs, we
duplicate our experiments with both GPT-2 small
(Radford et al., 2019) and LTG-BERT (Samuel
et al., 2023) architectures.6 All models are trained
for 12 epochs from scratch, and we examined
three different random seeds for each setting.
Appendix D shows additional training details.

Data. We choose English and Japanese to
perform our symmetrical (head initial/final→
final/initial) experiments. Train, validation, and
test splits consist of 100M words, 10M words,
and 1M words, respectively. Token numbers are
counted based on whitespace in English and
MeCab (Kudo, 2005) with the ipadic dictio-
nary in Japanese, respectively. These sentences
are sampled from the English and Japanese parts
of the Wiki-40B dataset (Guo et al., 2020). We
choose Wikipedia data as the domain is similar
to the data that the UD parsers were trained on,
and thus we expect the resulting counterfactual
corpora to be more accurate than would result

6LTG-BERT is a masked LM which resembles DeBERTa
(He et al., 2021) with some additional optimizations. We
choose this architecture as it is the basis for the model that
won the BabyLM Challenge, a competition on data-efficient
pretraining (Warstadt et al., 2023).
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from more developmentally plausible data such
as child-directed speech. We use Stanza to ob-
tain dependency parses for every sentence in the
corpora, and coarsified the obtained arc labels
following Hahn et al.’s implementation, i.e., re-
moving the fine-grained syntactic labels after the
colon except for special cases. To avoid erroneous
swapping, we removed (i) all punctuations from
English and Japanese sentences; (ii) brackets (with
their inside content) from Japanese sentences, i.e.,
typically rubi for Japanese Kanji; and (iii) sen-
tences with non-Japanese brackets or brackets
that contain English characters or numbers from
the Japanese corpus. We set two baseline mod-
els: (i) an ORIGINAL model that is trained on our
100M Wiki-40B dataset without any preprocess-
ing or swapping, and (ii) a BASELINE model that is
trained on the corpus with the preprocessing but
without any swapping. Comparisons between the
ORIGINAL and BASELINE models function as a check
for any unintended biases from our preprocess-
ing. Comparisons between BASELINE and the other
counterfactual LMs are of primary interest in how
much counterfactual word order hurts language
learning.

6 Results

6.1 Evaluation 1: Perplexity

Results. We compare the perplexity (PPL) tra-
jectories through training epochs exhibited by
the LMs on the held-out data in each language,
including counterfactual ones.7 Figure 2 shows
the PPL differences (ΔPPL = PPLcounterfactual −
PPLbaseline), where a positive value indicates worse
performance in the counterfactual languages. The
ΔPPL consistently converge to positive scores
for GPT-2 models. They trend towards slightly
positive for LTG-BERT in English, and they ap-
pear to be distributed around 0 for LTG-BERT
in Japanese. In general, this suggests that coun-
terfactual languages are more difficult to learn
than the originals, or similarly difficult. Surpris-
ingly, for Japanese, we observe negative ΔPPL
in the early stages of training, but they quickly
converge to positive values for GPT-2, suggesting
that the counterfactual languages have shallow

7We report PPL per character for the Japanese results. This
is necessary because the change in word order in different
Japanese variants results in different token lengths due to the
lack of whitespace word boundaries in Japanese.

Figure 2: PPL differences between counterfactual and
BASELINE LMs on their respective held-out data for the
English-based (left) and Japanese-based (right) cor-
pora. Shaded areas indicate standard deviations over
three random seeds.

patterns that are easier to pick up on, but they are
ultimately harder to acquire.

We find that the ORIGINAL LMs achieve slightly
better PPL than BASELINE but at an approximately
similar scale. Thus, we conclude that our prepro-
cessing did not drastically change the language
modeling task difficulty.

The <V, O> variants tend to have slightly worse
PPLs compared to BASELINE and other counterfac-
tual languages, which might be due to the fact that
<V, O> corpora have a large number of syntac-
tically complex swaps (Figure 1) and relatively
worse swapping validity according to our human
annotation (Table 2). Thus, the performance of
LMs might plausibly reflect noise in the corpus as
well as the difficulty of the (intended) grammar.

Statistical Tests. To test the learnability dif-
ference between counterfactual and real lan-
guages, for each of ten conditions {En, Ja} ×
{5 word orders},8 we perform a paired
Wilcoxon signed-rank test by comparing 72 PPL
scores of {GPT2,LTG-BERT} × {3 seeds} ×
{12 epochs} from the corresponding counterfac-
tual models and those from BASELINE models.9

8When we further split the conditions to distin-
guish the model architectures, i.e., 20 conditions of
{GPT− 2,LTG-BERT} × {En, Ja} × {5 word orders},
and run the paired Wilcoxon signed-rank tests separately
for each condition, we did not find any architecture-specific
tendencies, at least through the lens of our statistical tests. Al-
most all conditions of English GPT-2 (5/5) and LTG-BERT
(4/5) found the significance (at α = 0.05), and all the
Japanese conditions did not find the significance (0/10) (at
α = 0.05). Nevertheless, based on Figure 2, GPT-2s seem-
ingly yielded somewhat clearer results with larger effect size
and less variance than LTG-BERTs.

9We additionally applied the Bonferroni correction; thus,
we consider α = 0.0025(= 0.05/20).
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Figure 3: Performance trajectories for minimal pair comparisons targeting the counterfactual word order for
counterfactual models and natural order for baseline model, for English-based LMs (left) and Japanese-based LMs
(right). Shaded areas present standard deviation (SD) over three random seeds.

The null hypothesis is that the counterfactual
language exhibits the same PPL scores as the
real language (equal learnability of these two
data for LMs). For six out of ten conditions,
the real language exhibited significantly lower
PPLs (at α = 0.05) than the counterfactual one.
This was the case for all English counterfactuals
and the Japanese <O, V> counterfactual. The
real language tends to be easier for LMs to
learn throughout training than the counterfactual
languages, while the magnitude of PPL difference
was not so substantial (Figure 2).

6.2 Evaluation 2: Minimal Pair Preferences

Settings. The previous evaluation measures
PPL on all the tokens in the corpus; however,
many tokens are not directly related to our tar-
geted word order change. For a more targeted
evaluation, we design a forced-choice task testing
whether each model prefers the correct word order
given a minimal pair of sentences containing at
least one instance of a relevant correlation pair,
differing only in whether the order of the elements
in each pair is correct. The task design is symmet-
rical between counterfactual and BASELINE LMs;
the correct option follows the counterfactual word
order when evaluating counterfactual LMs, and
vice-versa for the BASELINE LMs. Following much
prior work (Marvin and Linzen, 2018; Warstadt
et al., 2020; Hu et al., 2020), we assess word
order preferences by comparing the model’s sur-
prisal for each sentence; that is, the sentence with
lower surprisal is preferred by the model. We re-
port accuracy on this task computed for a set of
minimal pairs sampled from the held-out set of
Wiki-40B data.

Results. Figure 3 shows the trajectory of ac-
curacy during LM training. While GPT-2 con-

sistently performs better than LTG-BERT, all
the counterfactual LMs prefer the correct word
order over the incorrect one much more than ran-
dom chance (accuracy of 0.5). This supports the
conclusion that LMs ultimately generalize well
to counter-Greenbergian languages and learn the
counterfactual ordering pattern successfully. Nev-
ertheless, in many settings, the BASELINE LMs
yield higher accuracies than the counterfactual
ones; thus, at least through the lens of this ex-
periment, the real languages are usually easier
to learn their word order for LMs. Furthermore,
LMs often appear to converge more quickly on
the counterfactual languages than on the original
language. However, there are some exceptional
cases in which counterfactual languages exhibit
almost the same accuracies as the corresponding
BASELINE LMs, specifically when performance is
near ceiling.

Statistical Tests. We perform paired
Wilcoxon signed-rank tests for each
correlation pair in each language, i.e.,
{5 word orders} × {En, Ja}, comparing 72
accuracy scores from {GPT2,LTG-BERT} ×
{3 seeds}×{12 epochs} between the counterfac-
tual and BASELINE models. Our null hypothesis is
that counterfactual and real languages are equally
learnable for an LM. In all ten settings, BASELINE

LMs achieved significantly higher accuracies
than the counterfactual LMs at α = 0.05; in eight
cases, p < 1e−12.

6.3 Evaluation 3: BLiMP & JBLiMP

Settings. In addition to the minimal pair pref-
erence on Wiki-40B sentences (§6.2), we further
evaluate LMs on specific linguistic phenomena,
ranging over morphology, syntax, and seman-
tics, again using the minimal pair paradigm.
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Figure 4: Performance differences between counterfactual and BASELINE LMs on BLiMP (left) and JBLiMP
(right). Shaded areas indicate standard deviations over three random seeds.

This evaluation tells us whether counterfactual
word order has negative impacts on learning spe-
cific grammar rules not necessarily related to
the swapped rule. Specifically, we test LMs on
a downsampled10 version of BLiMP (Warstadt
et al., 2020) and JBLiMP (Someya and Oseki,
2023) benchmarks of minimal pairs for English
and Japanese experiments, respectively. For each
counterfactual language, we also create a respec-
tive counterfactual version of BLiMP and JBLiMP
by applying the same word order swapping al-
gorithm (§4) to them. Thus, each example in
counterfactual (J)BLiMP consists of a pair of
grammatically correct and incorrect sentences in
the counterfactual language space. Notably, as
demonstrated in §4.2, the accuracy of the word or-
der swapping algorithm was generally good even
in BLiMP/JBLiMP datasets; this alleviates (but
does not fully eliminate) the potential concern
that these counterfactual versions of benchmarks
are too noisy to estimate the model’s linguistic
knowledge.

Results. We focus on the macro average of
accuracy over the 12 BLiMP suites (or 9
JBLiMP suites). Figure 4 shows the difference in
(J)BLiMP accuracy throughout training (ΔAcc.=
accuracycounterfactual − accuracybaseline). TheΔAcc.
scores are clustered around zero, but trend slightly
negative, suggesting that counterfactual word or-
der slightly but not drastically prevented LMs
from acquiring grammatical knowledge.

Statistical Tests. We performed paired
Wilcoxon signed-rank tests for each correlation
pair in each source language {5 word orders} ×

10We randomly sample 5 examples from each of the 67
BLiMP circuits, combine them into 12 BLiMP categories,
and calculate the macro average accuracy over 12 categories.

{En, Ja}, comparing 864 accuracy scores
from {GPT2,LTG-BERT} × {3 seeds} ×
{12 epochs}×{12 BLiMP categories} between
the counterfactual and BASELINE models. In six of
ten settings, BASELINE LMs showed significantly
higher BLiMP accuracies than the counterfactual
ones (α = 0.05).11

7 Discussion and Conclusions

Our findings show that autoregressive and masked
LMs have a general learning bias—with some no-
table exceptions—favoring harmonic languages
over the nonharmonic counterfactual languages
we examined. Strikingly, the experimental re-
sults from §6.2 show that, for sentences involving
the modified grammar rule, learning trajectories
of the counterfactual languages lag behind those
of the original language for every counterfac-
tual language, model, and source language we
examine. The evaluations measuring PPL §6.1
and (J)BLiMP performance §6.3 are more mixed,
with counterfactual languages showing signifi-
cantly worse performance across training only
about half the time. This suggests that unnat-
ural changes to one part of the grammar can
have deleterious consequences for other gram-
matical phenomena, aligning with earlier findings
on the existence of indirect evidence in grammar
learning (Warstadt, 2022; Misra and Mahowald,
2024). However, it also shows that implausible
languages are still learnable for LMs at a coarse-
grained level.

11After Bonferroni correction for 30 tests across the three
experiments, the conclusions generally hold. For the PPL
(§6.1) and minimal pair (§6.2) experiments, results remain
unchanged (p < 0.0016 = 0.05/30). In the BLiMP exper-
iment (§6.3), real languages achieved higher accuracy than
four counterfactual ones.
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While the learning biases of LMs are interest-
ing in their own right, we argue that they also
have implications for our understanding of the
possible mechanisms underlying linguistic typol-
ogy. The role of modern LMs in linguistics and
cognitive science has been a topic of much discus-
sion and controversy (Pater, 2019; Linzen, 2019;
Baroni, 2022; Warstadt and Bowman, 2022; Lan
et al., 2024; Wilcox et al., 2023; Piantadosi, 2023;
Katzir, 2023; Kodner et al., 2023; Milliére, 2024;
McGrath et al., 2024). Here, we will not rehash all
the details of this debate, but present a condensed
account of how our experiments on LMs can
inform ongoing debates about human language.

LMs are well-suited to provide an existence
proof that a linguistic property or learning pat-
tern can emerge without appealing to language-
specific bias. Our results offer such an existence
proof (with some caveats discussed below)
that harmonic bias does not require language-
specific bias. This is distinct from showing that
language-specific bias is not the cause of harmonic
bias in humans, as important differences remain
between humans and LMs. Our reasoning aligns
with arguments made by others (Clark and Lappin,
2011; Linzen, 2019; Warstadt and Bowman, 2022;
Wilcox et al., 2023; Constantinescu et al., 2024;
Kuribayashi et al., 2024).

The Transformer architecture on which modern
LMs are based (Vaswani et al., 2017) arguably
relies on domain-general learning biases, as ev-
idenced in part by its efficacy for domains as
far-reaching as vision (Dosovitskiy et al., 2021)
and protein sequences (Jumper et al., 2021).12

If one accepts this premise and accepts that
our results demonstrate harmonic bias in Trans-
formers, it follows that language-specific biases
are not a necessary precondition for harmonic
bias. While this may be suggestive that other
hypothesized linguistic biases could also arise
from domain-general learning principles, our re-

12A counter-argument is that the Transformer architec-
ture may have innate language-specific bias as a result of
decades of trial-and-error searching for effective neural ar-
chitectures for language processing. However, there is no
explicit implementation of domain-specific biases, including
those proposed for humans as an explanation for typology.
Therefore, the null hypothesis should be that Transformers
lack substantial language-specific bias. Furthermore, em-
pirical results suggest that the bias of Transformers favors
linear generalizations over hierarchical ones (Petty and Frank,
2021) and fail to systematically learn many classes of formal
grammars (Delétang et al., 2023).

sults only speak to the sufficient conditions for
harmonic bias.

More controversially, this existence proof may
also increase one’s credence in an explanation for
harmonic bias in humans in terms of externally
motivated domain-general biases such as simplic-
ity bias. Anyone who previously rejected that
explanation a priori on the assumption that it was
impossible or highly unlikely that harmonic bias
would arise from domain-general biases should
update their priors. As with generalizing results
from any model ‘‘organism’’, how much to do
so depends on one’s priors and how similar the
model is to a human. Put another way, someone
who believes that harmonic bias in humans arises
from language-specific bias might have predicted
that harmonic bias is something specific to hu-
mans, or learners very similar to humans. That
this prediction is not borne out suggests that we
should instead look for a potential common cause
of harmonic bias in LMs and humans in terms of
some other shared bias.

It falls to other work to better understand what
such a common cause might be. Simplicity bias
is a strong candidate for a domain-general bias
that could lead to harmonic bias (Chater and
Vitányi, 2003; Hsu et al., 2013; Kirby et al.,
2008; Culbertson and Kirby, 2016). But this is
only part of the story: How does the input inter-
act with simplicity bias to give rise to harmonic
bias? The Indirect Evidence Hypothesis (Perfors
et al., 2011; Reali and Christiansen, 2005) holds
that the existence (or absence) of one grammat-
ical rule can influence the learner’s credence in
another. There is increasing evidence that indirect
evidence influences grammatical generalization
in model learners (Jumelet et al., 2021; Warstadt,
2022; Patil et al., 2024), and some work has
already identified specific instances of indirect ev-
idence (Misra and Mahowald, 2024). Our results
suggest, for instance, that if a learner observes
verbs preceding objects in a language, they may
interpret that as indirect evidence that adposi-
tions precede associated nouns. However, more
targeted counterfactual language learning exper-
iments are needed to better identify the specific
causal links between word order phenomena. We
must also endow model learners with different
biases to determine which biases influence these
indirect links.

Our findings also speak to two other issues in
linguistics: First, there is the argument that LMs
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have minimal relevance to the study of human
language because they learn possible and impos-
sible languages with equal facility (Mitchell and
Bowers, 2020; Chomsky et al., 2023; Moro et al.,
2023). This argument relies on two premises that
our work calls into question. The first premise
is that only models that do not learn impossible
languages have a role to play in linguistics. We ar-
gue that LMs are relevant to linguistics regardless
of whether they show human-like learning biases.
One of the primary goals of linguistic theory is
to understand how different learning biases affect
language learning outcomes. The domain gener-
ality and weak biases of LMs makes them a valu-
able model to demonstrate what learning outcomes
can be observed without substantive language-
specific bias.

The second premise is that LMs learn pos-
sible and impossible languages equally easily.
While it is true that LMs can eventually learn
counterfactual languages, they show learning pref-
erences similar to those hypothesized by humans.
Kallini et al. (2024) already demonstrated this,
but they study counterfactual languages that are
presumably truly unlearnable by humans, and
they arguably fail to compare against minimally
different counterfactual but linguistically plau-
sible manipulations (Hunter, 2025). Our study
furthers this conclusion by showing that LMs
continue to show a learning bias for typologi-
cally preferred counterfactual languages closer to
the boundary between plausible and implausible.
Our counterfactual languages can be generated by
a constituency-based naı̈ve grammatical theory,
and they could plausibly be learnable given the
attestation of similar but cross-linguistically rare
languages. Thus, the bias that our models demon-
strate is arguably so subtle in humans as to only
be a preference that exerts an influence on gram-
matical structure over generations (Kirby et al.,
2008). If humans and LMs really do share such
subtle biases, this increases the utility of LMs as
models of human learners.

Our results speak to a second issue in linguis-
tics: whether humans actually have a harmonic
bias in the first place. As discussed in §2.2, the
experimental evidence in support of this conclu-
sion from human subjects is limited to small-scale
studies on simple artificial languages. The corpus-
first approach to counterfactual language creation
allows us to test for the existence of harmonic bias
in a naturalistic and complex domain at the scale

of the input to human learners. While the exis-
tence of harmonic bias in LMs obviously does not
imply its existence in humans, these converging
results support the conclusion that harmonic bias
is likely not a rare or outlandish property of ef-
fective language learners. Anyone who wishes to
argue against earlier experimental results from hu-
man subjects (Culbertson et al., 2012; Culbertson
and Newport, 2015; Culbertson et al., 2020) must
now explain why LMs but not humans have a
harmonic bias.

It bears mentioning other factors beside har-
monic bias may still be equally (if not more)
important causes of typological correlations. Com-
municative pressures are another mechanism that
might explain these phenomena, and extending
our methods to test this mechanism is a promis-
ing avenue for future work. Hahn et al. (2020)
and Clark et al. (2023) have both found that
counterfactual languages perform worse than nat-
ural languages on measures of communicative
efficiency, such as dependency length and uni-
formity of information density. These measures
can be straightforwardly applied to our counter-
factual corpora, which employ both more targeted
and syntactically informed manipulations than in
those previous works.

We must acknowledge an important limita-
tion that tempers the force of our conclusions:
Our manual validation shows that even our rel-
atively careful approach to counterfactual lan-
guage construction leads to numerous errors
arising from parser errors. Thus, it is possible
that our findings may be due partially or entirely
to increased noise in the counterfactual corpora,
rather than inherent differences in learnability be-
tween the original and counterfactual grammars.
One defense against this unsatisfying conclusion
is that on the PPL evaluation the final perfor-
mance of counterfactual and original LMs are
mostly not significantly different, suggesting that
in the limit, the counterfactual languages are
largely as predictable as the originals. While it
is true that the languages with the most noise
according to our validity annotations, the <V,O>
languages, show the highest PPL, this pattern
does not apply across other counterfactual lan-
guages. We leave it to future work to explore
alternative methods to reduce noise in naturalis-
tic counterfactual corpora or to control for the
amount of noise introduced by different forms of
data manipulation.
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Finally, while our study is a step forward in test-
ing the learnability of counterfactual languages, it
still leaves open many questions and avenues for
future work. Our conclusions are based only on
two languages, so it will be important to try to
replicate these results with more SVO and SOV
languages, and also on languages with inconsis-
tent VO ordering, such as German, though this
direction will require input from many domain
specialists and native-speaker linguists. Future
work should also study a wider variety of models
as well as train models on more developmen-
tally plausible data, such as dialogue data and
child-directed speech.

To conclude, the rise of effective and effi-
ciently trainable Transformer LMs has created
the possibility of investigating the learnability
of counterfactual languages at a scale and level
of naturalism not possible with human subjects.
Through our emphasis on a syntactically sophis-
ticated corpus-first approach to counterfactual
language construction and the release of our
code and models, we hope our work inspires
further exploration of the diverse space of pos-
sible languages and deepens our understanding
of the particular subspace that human languages
occupy.
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plicity: A unifying principle in cogni-
tive science? Trends in Cognitive Sciences,
7(1):19–22. https://doi.org/10.1016
/S1364-6613(02)00005-0

Noam Chomsky. 1956. Three models for the
description of language. IRE Transactions on
Information Theory, 2(3):113–124. https://
doi.org/10.1109/TIT.1956.1056813

Noam Chomsky. 1965. Aspects of the Theory of
Syntax. MIT Press.

Noam Chomsky. 1981. Lectures on Govern-
ment and Binding. https://doi.org/10
.1515/9783110884166

Noam Chomsky and Howard Lasnik. 1993. The
theory of principles and parameters. In Syntax:
An International Handbook of Contemporary
Research. Walter de Gruyter.

Noam Chomsky, Ian Roberts, and Jeffrey
Watumull. 2023. Noam Chomsky: The false
promise of ChatGPT. The New York Times.

Guglielmo Cinque. 2017. A microparametric ap-
proach to the head-initial/head-final parameter.
Linguistic Analysis, 41(3–4):309–366.

Alexander Clark and Shalom Lappin. 2011.
Linguistic Nativism and the Poverty of the
Stimulus. John Wiley & Sons.

600

https://doi.org/10.1007/978-94-009-2727-8_10
https://doi.org/10.1007/978-94-009-2727-8_10
https://doi.org/10.1017/CBO9780511770784.001
https://doi.org/10.1017/CBO9780511770784.001
https://doi.org/10.18653/v1/2024.acl-long.807
https://doi.org/10.18653/v1/2024.acl-long.807
https://doi.org/10.1016/S1364-6613(02)00005-0
https://doi.org/10.1016/S1364-6613(02)00005-0
https://doi.org/10.1109/TIT.1956.1056813
https://doi.org/10.1109/TIT.1956.1056813
https://doi.org/10.1515/9783110884166
https://doi.org/10.1515/9783110884166


Thomas Hikaru Clark, Clara Meister, Tiago
Pimentel, Michael Hahn, Ryan Cotterell,
Richard Futrell, and Roger Levy. 2023. A
cross-linguistic pressure for uniform informa-
tion density in word order. Transactions of
the Association for Computational Linguis-
tics, 11:1048–1065. https://doi.org/10
.1162/tacl_a_00589

Ionut Constantinescu, Tiago Pimentel, Ryan
Cotterell, and Alex Warstadt. 2024. Inves-
tigating critical period effects in language
acquisition through neural language models.
https://doi.org/10.1162/tacl a
00725

Ailı́s Cournane. 2017. In defence of the child in-
novator. In Eric Mathieu and Robert Truswell,
editors, Micro-change and macro-change in
diachronic syntax, pages 10–36. Oxford Uni-
versity Press.

Jennifer Culbertson, Julie Franck, Guillaume
Braquet, Magda Barrera Navarro, and Inbal
Arnon. 2020. A learning bias for word order
harmony: Evidence from speakers of non-
harmonic languages. Cognition, 204:104392.
https://doi.org/10.1016/j.cognition
.2020.104392, PubMed: 32673786

Jennifer Culbertson and Simon Kirby. 2016. Sim-
plicity and specificity in language: Domain-
general biases have domain-specific effects.
Frontiers in Psychology, 6. https://doi
.org/10.3389/fpsyg.2015.01964

Jennifer Culbertson and Simon Kirby. 2022. Syn-
tactic harmony arises from a domain-general
learning bias. In Proceedings of the 44th Annual
Conference of the Cognitive Science Society.
Number: 44.

Jennifer Culbertson and Elissa L. Newport. 2015.
Harmonic biases in child learners: In support
of language universals. Cognition, 139:71–82.
https://doi.org/10.1016/j.cognition
.2015.02.007

Jennifer Culbertson, Paul Smolensky, and
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A Implementation Details

A.1 English Policies
Here we provide the implementation details of the
swapping algorithm for each correlation pair in
the case of English experiments. Unless otherwise
specified in the next subsection, the same policy
as English is adopted for Japanese. Generally
speaking, we identify correlation pair instances
using the dependency arcs in Table 3. However,
there are numerous exceptions which we discuss
below.

H UD Relation D

verb
obj−→,

iobj−→, obl−→, advcl−→
objectcop∗−→,

ccomp−→ ,
xcomp−→

adposition case←− NP
copula verb

cop∗−→ predicate
auxiliary aux←− VP

noun nmod−→ genitive

Table 3: Word orders of interest in Greenbergian
correlation pairs and their associated Univer-
sal Dependencies, adopted mostly from Hahn
et al. (2020). The asterisked cop* is originally
UD (universal dependencies) label cop that we
changed direction (lifted) during preprocessing,
according to linguistic conventions. The advcl
label here only included nonfinite adverbial
clauses.

Verbs and Objects. We construe the <V, O>
correlation more broadly to refer to a verb on the
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Figure 5: Illustration of different levels of tightness
when classifying verbal dependents as objects.

one hand and its arguments and phrasal mod-
ifiers on the other. In linguistic theory, there
is no universally agreed upon test for this no-
tion of objecthood. To obtain a usable boundary
for objects when swapping verb and object, we
established five different selection criteria that
identify objects with verbs based on their levels
of connection, depicted in Figure 5. Each of the
five criteria corresponds to a boundary, ranging
from very tight to very loose, and we adopt the
‘‘loose’’ boundary for objects in our implemen-
tation. Under this boundary, we treat all direct
and indirect objects, prepositional objects, com-
plement clauses, and complement verb phrases,
and prepositional phrase adverbials as ‘‘objects’’
in our implementation.

Mapping these linguistic constituents to UD
relations, we use obj, iobj, obl, cop,
expl, advcl, xcomp, and ccomp as depen-
dency arc labels to identify the <V, O> pair. While
we only regard nonfinite adverbial clauses as
advcl in this paper, the advcl arc in the UD
corpus corresponds to both finite & non-finite
adverbial clauses. Our approach depends on iden-
tifying an nsubj arc linked to the clause’s main
verb to differentiate between finite and non-finite
adverbial clauses. We acknowledge that using the
presence of a subject as the distinguishing factor

might not be the best practice, given that the dis-
tinction between these clause types does not solely
depend on having a subject, but it is an effective
heuristic for most cases.

Adpositions and Noun Phrases. POS tags
NOUN, PROPN, NUM, PRON for noun phrases
and the UD arc label case identify the adpo-
sition and noun phrase word spans. For com-
pound adpositions, such as ‘‘in front of’’, we
identify multiple case arcs one by one and swap
accordingly.

Copula and Predicate. The correlation pair
<Cop, Pred> is also included in <V, O> pair in
our formalization. In UD, the predicate is consid-
ered the head of the cop arc and all VP modi-
fiers. Following conventions in English syntax,
we reverse the direction of the cop arc, making
the copula the head of the predicate during pre-
processing and transferring the VP modifiers to
it before identifying both word spans using the
cop*.

Auxiliary and Verb. The <Aux, V> pair is
identified by UD relation aux. We choose the
associated verb phrase instead of a single verb
for the word span of V following conventions in
English syntax.

Noun and Genitive. The <Noun, Genitive> pair
is identified by UD relation nmod. In English,
however, possessive nominal modifiers are also
labeled with nmod, such as John’s book, con-
trasting with book of John. Thus we include an
additional condition on the existence of ‘‘of’’
between a noun and its nominal dependents to
identify genitives and exclude possessives.

To identify the span associated with the Noun,
we select all children preceding the Noun and
connected by nummod, compound, appos,
and flat, and all children between the Noun and
the genitive. This choice is a heuristic developed
through trial and error across several stages of
annotation.

A.2 Handling Coordination

We also adopt a set of conventions regarding
cases of coordination, illustrated in the table be-
low using the correlation pair of <V,O> as an
example.

The first pair of rows illustrates cases where
there is coordination of two dependents, which

607



Table 4: Counterfactual examples from our variants of the Japanese language. The word span of verb
patterner is colored red, and the word span of object patterner is colored blue. In the <V, O> example,
we omit the swapping regarding the cop dependency for the purpose of explanation and brevity. The
<V, O> example demonstrates the reflective swapping (H D1 D2 → D2 D1 H) mentioned in §4.1.

share a single head. In such cases, we treat
the pair of dependents plus the conjunction as a
chunk that is swapped with the head.

The second pair of rows illustrates cases
where there two head–dependent pairs are co-
ordinated. The dependency parse will have a
conj arc between the two heads, and each head
will have its own dependents. In such cases, we
perform swapping for each head–dependent pair
separately.

In the final two pairs of rows, we have two
heads coordinated, with the second one having a
dependent. Importantly, in the first of these pairs,
the dependent is shared by both heads, while in the
second, the dependent belongs only to the second
head. Unfortunately, both sentences will receive
the same dependency graph, so it is impossible
to distinguish between these two cases. We adopt
the convention that the two heads are treated
as a chunk when swapping with the dependent,

although this inevitably leads to incorrect swaps
in cases like last example below.

Constructions Examples
H D1 conj D2 we are students and teachers
D1 conj D2 H we students and teachers are
H1 D1 conj H2 D2 we like cats and love dogs
D1 H1 conj D2 H2 we cats like and dogs love
H1 conj H2 D we sing and dance in the park
D H1 conj H2 we in the park sing and dance
H1 conj H2 D we dance and play tag
D H1 conj H2 we tag dance and play

A.3 Japanese-Specific Treatments

Table 4 shows examples of counterfactual variants
of a Japanese sentence. The following paragraphs
explain some treatments employed in modifying
each word order correlation pair in the Japanese
language.
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Verbs and Objects. The Japanese language has
a flexible word order, and the grammatical case
of arguments is marked with a special marker
rather than its word order (Tsujimura, 2013).
However, these particles are sometimes omitted or
overwritten by other particles, such as ‘‘wa’’ (top-
icalization marker; TOP) or ‘‘mo’’ (also), making
the grammatical relationships ambiguous superfi-
cially and leading to erroneous parser outputs. To
handle such errors, we employed several heuris-
tic rules on top of the parser output to improve
the accuracy and consistency of the word order
swapping algorithm:

• If a word has a nsubj dependency AND
the nominative case marker ‘‘ga,’’ the word
is treated as a subject, and not swapped as
object.

• If a word has a topicalization marker ‘‘wa,’’
the word is not swapped as object.

• The other arguments with the nsubj,
obj, iobj, obl, cop, ccomp de-
pendency are treated as an object and can be
swapped (expl and xcomp are not used in
the Japanese UD part).

That is, unless an argument is explicitly marked
as a subject or marked topic, it is regarded as
an object, which is compatible with the loose
definition of object employed in the English
experiment.

The second rule regarding the topicalization
marker ‘‘wa’’ handles the topicalization phe-
nomena. Note that the Japanese language is
topic-prominent (Noda, 1996; Teruya, 2004, 2007;
Fujihara et al., 2022), and a certain compo-
nent of a sentence is frequently topicalized (i.e.,
moved to the initial part of the sentence with a
special topicalization marker TOP). For example,
either the subject or object of a sentence (1) can
be topicalized:

The subject is topicalized in sentence (2), and the
object is topicalized in sentence (3):

The topicalized component is typically ambigu-
ous in terms of its grammatical case, and thus,
the parser outputs were erroneous. Such a marked
word order is beyond our interest since the Green-
bergial correlations are generally on the canonical,
unmarked word order of language. Thus, we did
not modify the word order of such an explicitly
topicalized word, even if it is seemingly an object
of a verb. For example, the topicalized object,
‘‘Bôru wa’’ in Example (3), is no longer the target
of <V, O> swapping.

Another Japanese-specific concern is on a par-
ticular type of noun, called sa-hen noun, which
can behave as a verb with a special conju-
gation verb ‘‘suru,’’ e.g., ‘‘yôyaku’’ (NOUN)→
‘‘yôyaku-suru’’ (VERB), like the English words
‘‘summary’’ (NOUN)→‘‘summar-ize’’ (VERB).
However, the conjugation verb ‘‘suru’’ is some-
times omitted even when the sa-hen noun is used
as a verb. Such nouns are typically annotated as
NOUN with objects in the Japanese UD:

Here, ‘‘ketsujô’’ (skip) is annotated as a NOUN
but can be regarded as a VERB, and the native
Japanese validator indeed pointed out this should
be included in the verb-object pairs. Thus, we
regarded sa-hen nouns with either nsubj,
obj, iobj, obl, cop, expl, xcomp
dependent as verbs even when there is no
conjugation verb. With this rule, in the above
example, ‘‘ketsujô’’ is treated as a verb, and thus
the position of its object ‘‘rêsu-wo’’ (race-ACC)
will be changed by the <V, O> swapping
algorithm.
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Adpositions and Noun Phrases. Japanese has
a nominalizer, ‘‘-no,’’ which can convert any
content word to a noun. For example, a verb
‘‘hataraku’’ (work) can be a noun with that
nominalier ‘‘hataraku-no’’ (working), but such
nominalization is not reflected in the PoS tag of
the nominalized words. We regard the words nom-
inalized by ‘‘-no’’ (tagged as SCONJ) as NOUN
in this paper, and thus, the following sentence
will also be a target of <Adp, NP> swapping
even though the head of the nmod dependency
‘‘karui’’ is ADJ rather than NOUN:

Copula and Predicate. The cop dependency is
attached only to an auxiliary verb ‘‘desu’’ in the
original Japanese UD. We increased the coverage
of copula verb based on the following criteria:

• AUX of ‘‘dearu’’ (is), ‘‘denai’’ (is not), ‘‘de-
wanai’’ (is not), ‘‘janai’’ (is not), ‘‘rashı̂’’
(looks/seems/sounds like) ‘‘kamoshirenai’’
(may be) .

• VERB with ‘‘iru’’ (exist), ‘‘aru’’ (exist), or
‘‘naru’’ (become) as its lexicon.

That is, in the following example, the origi-
nal annotation on the left with the copula verb
‘‘dearu’’ is converted into the dependency graph
on the right:

Note that we only targeted the cases where
the copula verb has a nsubj dependent since
the corresponding construction in English, i.e., a
sentence ‘‘A is B.’’ with the omission of ‘‘A,’’ is
very rare.

Auxiliary and Verb. While auxiliary words are
swapped with an entire verb phrase rather than
a single verb in the English implementation of
<Aux, V> swapping, the Japanese implementa-
tion only swaps a single verb. This is because
Japanese auxiliary verbs are typically analyzed as
affixes, and thus separating them from the verb
modifies the language beyond simply breaking

the Greenbergian correlation. Taking the sen-
tence in Table 4 as an example, the auxiliary
‘‘teiru’’ is moved immediately before the verb
‘‘tsudui,’’ rather than the initial position of the
sentence, regarding the whole descendants of the
verb (‘‘Ichigo no kisetsu ga shichigatsu kara
hachigatsu made’’) in the <Aux, V> variant.

Noun and Genitive. We identified the genitive
constructions as follows:

• A nmod dependency to a noun phrase.

• The dependent has either particle of ‘‘no,’’
‘‘ga,’’ or ‘‘tsu.’’

We exclude some exceptional constructions; for
example, we did not swap the expression ‘‘X-no
yô na’’ to be ‘‘yô X-no na.’’ We also considered
the nominalization in identifying a noun, as ex-
plained in the <Adp, NP> swapping.

B General Swapping Algorithm

Algorithm 1. below is the basic form of the
depth-first swapping algorithm. This basic al-
gorithm was modified to handle the specific of
each language and correlation pair as described in
Appendix A.

Algorithm 1. Swapping Greenbergian correlation
pairs in a sentence
1: def Swap:sentence s, UD parse p, Correlation pair

<X, Y>
2: stack ← [root]
3: visited ← set()
4: while stack is not empty
5: node ← POP(stack)
6: if node is not in visited
7: ADDTOVISITED(visited, node)
8: for each child c of node in the parse p of s
9: if node is verb-patterner X and c is

object-patterner Y :
10: SWAPPAIR(node, c, s, p)
11: if c is not in visited
12: PUSH(stack, c)
13: return s

C Additional Annotation Guidelines

The 5-point Likert scale used to evaluate the
validity of swapped sentences is given below:

1. All or most swaps have serious errors

2. A few serious errors or several small errors
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3. A few small errors

4. A minor error or less likely but valid changes

5. Perfect

D Details on Experimental Settings

Language Models. All models are trained us-
ing the HuggingFace library (Wolf et al., 2020).
For GPT-2 small model, sub-word tokenization is
implemented by Byte-Pair Encoding (BPE) algo-
rithm (Sennrich et al., 2016) with a vocabulary
size of 32,000. For LTG-BERT, we adopted the
same WordPiece tokenizer with a vocabulary size
of 214 = 16384 as in the original implementation

(Samuel et al., 2023), only removing special char-
acters <TAB> and <PAR> as it doesn’t apply to
Wiki-40B text format.

Stanza Parsers. We use Stanza (Qi et al.,
2020) version 1.5.1 and 1.6.1 based on the UD
2.0 formalism (Nivre et al., 2020) for English
and Japanese, respectively. For Japanese, we
used a long-unit-word (LUW) parser (https://
github.com/UniversalDependencies/UD
Japanese-GSDLUW) which is more compati-

ble with the syntactic UD scheme (Omura et al.,
2021) rather than the default, short-unit-word
(SUW) parser which is better for morphological
analysis (Tanaka et al., 2016; Murawaki, 2019;
Pringle, 2016).
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