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Abstract

Why do some languages like Czech permit free
word order, while others like English do not?
We address this question by pretraining trans-
former language models on a spectrum of syn-
thetic word-order variants of natural languages.
We observe that greater word-order irregularity
consistently raises model surprisal, indicating
reduced learnability. Sentence reversal, how-
ever, affects learnability only weakly. A coarse
distinction of free- (e.g., Czech and Finnish)
and fixed-word-order languages (e.g., English
and French) does not explain cross-lingual vari-
ation. Instead, the structure of the word and
subword vocabulary strongly predicts learnabil-
ity. Overall, vocabulary structure emerges as a
key driver of computational word-order learn-
ability across languages.

&) Code repository (anonymized for review)

1 Introduction

Human languages have emerged over millennia
through dynamics shaped by communicative and
cognitive constraints (Zipf, 1935; Piantadosi et al.,
2012; Hawkins, 2014; Futrell et al., 2020; Hahn and
Xu, 2022; Clark et al., 2023). Yet, within those uni-
versally shared bounds, languages exhibit a strik-
ing typological diversity, varying in morphological
complexity and preferred word orders, for example.
Languages, in all their diversity, are not equally
complex in every aspect (Croft, 2002; Sampson
et al., 2009; Koplenig et al., 2023). This raises a
central question: Are all languages equally hard to
learn? And if not, why?

One dimension of linguistic diversity is word-
order flexibility—the degree to which words in
a sentence can be reordered without changing its
meaning, except for emphasis. In Czech, for in-
stance, case marking determines the grammatical
role of nouns in a sentence, allowing constituent or-
der to vary relatively freely. In the sentence “Robot

maluje ko¢ku.” (The robot paints the cat.), any
of the six permutations of subject (robot), verb
(maluje), and object (kocku, the accusative case of
kocka) is grammatically acceptable and conveys
the same core meaning. In English, by contrast, the
sentence ‘“The robot paints the cat.” cannot be re-
ordered without changing its meaning or rendering
it ungrammatical.

Research questions The Czech—English exam-
ple illustrates a general typological pattern: Lan-
guages with relatively free word order (like Czech)
tend to encode syntactic relations through morphol-
ogy while with relatively fixed word order (like En-
glish) rely on word position instead. This contrast
motivates two questions: First, whether learnability
is sensitive to the degree of word-order flexibility;
and second, why some languages are more robust
to free word order than others.

Synthetic languages In natural languages, ty-
pological features are often strongly correlated
(Greenberg, 1990). Synthetic-language experi-
ments aim to solve this problem by perturbing a
natural language along a single dimension, for ex-
ample altering word order while preserving vocab-
ulary and content (Kallini et al., 2024; Xu et al.,
2025; Yang et al., 2025). However, prior work has
faced two limitations: First, word order flexibility
and morphological complexity are mostly studied
in isolation, although these two factors are clearly
connected (Bisazza et al., 2021; Nijs et al., 2025;
Liu et al., 2025). Perturbations experiments com-
monly operate at the subword level, which often
breaks up lexical units. For example, a subword
tokenizer might split the Czech word maluje into
ma and [uje, which yields linguistically implausible
sequences when shuffled. Thus, word order and
morphology are perturbed simultaneously. Second,
the use of disparate shuffling methods with discrete
parameters makes it difficult to compare results and
limits control over perturbation strength. Due to
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Figure 1: We create a spectrum of synthetic language
variants by deterministically permuting words within
each sentence. For each sentence length, a permutation
is sampled from the Mallows permutation model, where
the order parameter 6 controls preference for the original
word order. As an example, we show the probability
distribution of a word originally at position 16 in a 20-
word sentence.

these limitations, the interplay of word-order flexi-
bility, morphological complexity, and tokenization
in shaping computational learnability remains an
open question (Arnett and Bergen, 2025; Poelman
et al., 2025).

Approach and contributions To overcome these
limitations in answering our two research questions,
we design a controlled cross-lingual perturbation
experiment. We create a continuous spectrum of
synthetic word-order variants for ten European lan-
guages by deterministically shuffling at the word
level. Our approach uses the Mallows permuta-
tion model, which provides a single continuous
parameter, the order 6, that controls the regularity
of word order. This parameter can be interpreted
as a preference for the original word order: Large
positive values correspond to the original order;
small positive values yield local shuffling; at = 0,
the order is irregular, such that every word order is
equally likely; and negative 6 corresponds to aver-
sion to the original order, up to sentence reversal,
see Fig. 1. Crucially, by deterministically shuffling
whole words rather than subwords, our method pre-
serves the model-independent global text entropy,
vocabulary, and morphology of the original sen-
tences, ensuring that the language variants differ
only in terms of word-order regularity.

Our experiments reveal two key findings: First,
by shuffling on the word level rather than sub-
words, we confirm that language model surprisal
increases with more irregular word order, yet it is
largely insensitive to sentence reversal. Second,
categorical word-order typology fails to account
for language-specific differences, as word-order

flexibility is rather a gradient. Instead, vocabu-
lary statistics—Zipf-based coverage metrics, sen-
tence length, and simple proxies for morphological
complexity—explain well how robust a language
is to free word order in terms of learnability.

2 Language learnability

Thousands of natural languages exist worldwide
(Hammarstrom et al., 2025), displaying a wide va-
riety in structural patterns. Here, we are interested
in the way these characteristic features influence
how difficult a language is to learn for humans and
computational models. This section reviews the
relation of typological variation to learnability.

2.1 Language variation

Natural languages evolve under cognitive and com-
municative constraints shared by all humans, in-
cluding limits on information density, redundancy,
and processing load (Zipf, 1935; Piantadosi et al.,
2012; Hawkins, 2014; Hahn and Xu, 2022; Futrell
et al., 2020; Clark et al., 2023). Within the vast
space of symbolic communication systems, natural
languages are a small subset shaped by typological
correlations (Greenberg, 1990). Yet, despite these
common forces, they exhibit a striking structural
variety.

One prominent example of variation is word-
order flexibility. The order of subject (S), verb (V),
and object (O) is far from uniform across lan-
guages: Although the orders SVO or SOV domi-
nate globally (Dryer and Haspelmath, 2024), many
languages—such as those from the Slavic and
Uralic families—permit comparatively free con-
stituent order, relying on fusional or agglutinative
morphology to encode syntactic relations (Ponti
et al., 2019; Liu et al., 2025; Nijs et al., 2025;
Svenonius, 2025). Certain registers, e.g., po-
etic Latin, even allow nearly unconstrained order
(Sampson, 2009).

Word-order structure has been linked to princi-
ples such as entropy minimization (Franco-Sanchez
et al., 2024) or uniform information density (Clark
etal., 2023). Because many factors, especially com-
plex morphology, are intricately connected with
word-order flexibility, our goal is to disentangle
their contributions to language learnability.

2.2 Computational learnability

Not all languages are equally complex (Sampson
et al., 2009; Koplenig et al., 2023), but it remains



unclear whether language models can learn all lan-
guages equally well—be they artificial or natural—
or whether current architectures systematically fa-
vor certain linguistic features.

In this article, we focus on computational learn-
ability, i.e., how well a model captures the proba-
bility distribution of a language, rather than human
learnability. Language models are useful in this
context because they offer controlled, large-scale
experimental setups impossible with human sub-
jects for testing linguistic hypotheses (Piantadosi,
2024; Futrell and Mahowald, 2025).

Empirical studies indicate that languages differ
in how easily models acquire them. Complex in-
flectional morphology might make languages more
difficult (Cotterell et al., 2018), although subse-
quent work found simpler statistics like vocabulary
size and length in characters to be more predic-
tive of model performance than linguistic factors
(Mielke et al., 2019).

In models, tokenization further complicates mat-
ters. A performance gap between agglutinative
and fusional languages appears to be driven by
encoding efficiency rather than morphology itself
(Arnett and Bergen, 2025). However, tokenization
properties—including productivity, idiosyncrasy,
and fertility—are in turn closely tied to morphol-
ogy (Gutierrez-Vasques et al., 2023). Measuring
morphological features and linking them to learn-
ability is further complicated by the fact that many
typological features are more accurately described
as gradients than as discrete classes (Levshina et al.,
2023; Baylor et al., 2024; Poelman et al., 2025).

3 Methodology

One way to disentangle typology and learnability
is to create synthetic language variants that system-
atically alter a single typological dimension while
keeping the others intact. When based on natural
languages, these variants preserve the complexity
and irregularity of the original languages, but allow
targeted manipulations. This idea has been used
to explore phenomena like non-concatenative mor-
phology (Haley and Wilson, 2021) or translating
free-word-order variants of fixed-word-order lan-
guages (Bisazza et al., 2021). We build on this ap-
proach by generating synthetic word-order variants
to isolate how word order and vocabulary shape
learnability.

3.1 Synthetic word order

Experiments using word-order perturbations probe
how sequence structure affects language models.
Subword-level shuffling has shown that perturba-
tions harm transformer performance, e.g., Kallini
et al. (2024). However, random permutations in-
crease the entropy of the text, complicating the
interpretation of model surprisal. Deterministic per-
mutations avoid raising the model-independent en-
tropy by using fixed permutations for each sentence
length (Clark et al., 2023; Someya et al., 2025).

Recent cross-lingual studies of computational
learnability arrive at mixed results. Ziv et al. (2025)
found no consistent preference for natural over
artificial languages, while Yang et al. (2025) re-
port moderate inductive bias in favor of natural
languages but invariance to violations of certain
typological correlations. In contrast, targeted ma-
nipulations of specific typological correlations in-
dicate a weak learning bias against those variants
(Xu et al., 2025; El-Naggar et al., 2025b).

These studies highlight the value of word-order
perturbation for probing learnability, but several
limitations recur. First, perturbations of subwords
split words at inconsistent places that are not lin-
guistically meaningful, which alters both syntax
and morphology simultaneously (Beinborn and Pin-
ter, 2023; Di Marco and Fraser, 2024). Second,
disparate shuffling methods rely on discrete param-
eters, hindering comparability and control over the
degree of perturbation. Third, narrow language se-
lections, typically restricted to English, leave cross-
lingual variation underexplored.

3.2 Deterministic shuffling

We address these limitations of prior perturbation
studies through deterministic word-level shuffling
with a single continuous order parameter 6, applied
to a multilingual parallel corpus. This design pre-
serves morphology and keeps model-independent
global entropy practically constant, enabling sys-
tematic study of how vocabulary and word-order
typology interact in determining learnability.

Our approach Intuitively, the desired control
parameter order 0 encodes a preference for the
original word order of a given sentence in the cor-
pus. By varying 6, we cover the whole spectrum of
word-order regularity, ranging from the original or-
der (0 — o0), through locally shuffled (§ > 0), to
completely irregular (8 = 0), to local shuffling of
the reverse order (6 < 0) and full sentence reversal



(6 — —o0), see Fig. 1.

For example, the sentence the robot paints the
cat has five words, so we denote the original order
as o = (1,2,3,4,5). Atf = 1, we might sample
a locally shuffled permutation 7 = (2,1, 3,5,4)
corresponding to robot the paints cat the. At
6 = 0, all permutations 7 are equally likely. At
0 = —7, the sequence most likely reverses to
= (5,4,3,2,1), i.e., cat the paints robot the.

Formal model We use the Mallows ¢ model
(Mallows, 1957), which offers exactly the desired
parameter, as the key element of our design. The
Mallows model assigns the probability of a permu-
tation 7 € ©,, based on the distance d from the
original word order mp = (1,2,...,n) as

Py ry () = 2(917 3 o—0d(m.m0) (1)
with the order parameter # and a normalization Z
(Crispino et al., 2023). Here, the distance metric d
is Kendall’s 7 (Kendall, 1938; Tang, 2019), which
counts the minimum number of adjacent swaps
to restore the original order my from the permuta-
tion 7. With Kendall’s 7, the probability distribu-
tion is easy to sample from (Fligner and Verducci,
1986) and yields local shuffling for large |0|. Tech-
nical details of the Mallows model and an efficient
sampling algorithm are given in Appendix A.

Implementation For each sentence length n =
1,...,80 in the corpus of a given language, we
sample a single permutation 7(") from the Mal-
lows model and apply it to all sentences of that
length. This makes the transformation determinis-
tic, ensuring that the minimum description length
(or, equivalently, the model-independent entropy)
of the text increases only marginally! due to the
additional information contained in the n permuta-
tions (Clark et al., 2023; Someya et al., 2025).

4 Experimental setup

For our experiments, we generate variants of natu-
ral languages with perturbed word order and train
identical language models on each variant. This
section outlines the training corpus and languages,
pre-processing, shuffling algorithm, model and
evaluation metrics.

'The model-dependent entropy for a left-to-right predic-
tion objective may still be sensitive to this nonlocal component,
since it cannot know the sentence length in advance.

4.1 Data

Corpus We require a parallel training corpus that
encompasses multiple languages with different ty-
pology, high quality, and uniform register from
multiple speakers, ideally with longer sentences for
which word order plays a significant role. The Eu-
roparl corpus of European parliamentary speeches
meets these criteria (Koehn, 2005).

Language selection For interpretability and com-
putational feasibility, we focus on ten out of the
21 languages in Europarl: five languages typically
classified as fixed-word-order and five as free-word-
order, ensuring variation across morphological type
(analytic, fusional, agglutinative). Note that typo-
logical categories, including word-order flexibility,
are often more aptly described as gradients rather
than discrete classes (Levshina et al., 2023; Bay-
lor et al., 2024). Our sample comprises French,
Portuguese (Romance); English, Swedish, Dan-
ish (Germanic); Latvian (Baltic); Czech (Slavic);
Hungarian, Estonian, Finnish (Finno-Ugric), see
Appendix B for details.

Data preparation The definition of a word is
convoluted (Haspelmath, 2023). We define a word
pragmatically as an orthographic unit (whitespace-
delimited) to preserve morphological integrity.

Preprocessing involves lowercasing all words
and removing punctuation to eliminate positional
cues from brackets, commas, quotation marks, etc.,
see Appendix C. For each language, we remove
sentences longer than 80 words, and then split into
training, validation, and test sets of 650 000, 5000,
and 5000 sentences, respectively.

4.2 Model

We train a lightweight autoregressive language
model from scratch with the PICOLM framework
(Diehl Martinez et al., 2025), a transformer archi-
tecture similar to LLAMA models but designed for
reproducible research with small language models.
The data is tokenized using ByteLevel-BPE with
vocabulary size |V| = 16000 unless varied. All
hyperparameters are listed in Appendix D.

4.3 Evaluation

We quantify the learnability of a synthetic language
variant with order 0 via model surprisal S. Sur-
prisal measures how unexpected the observed next
subword wj is to the model given the preceding con-
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Figure 2: (a) Surprisal change AS due to word-order perturbations with order 6 for each language (named in
panel b). Color shades encode word order: fixed as solid-red and free as dashed-blue. (b) Zoom-in of surprisal
change ASiyeg at irregular order § = 0 against the original surprisal Sgyi;. Red and blue markers on the axes
indicate an overlap of free- and fixed-word-order languages in ASj;eg but not in Sgyie. Transparent bands in
panel (a) and error bars in (b) show the 25th to 75th percentile over seeds; the lines and points are the median seed,

respectively.

text w4, i.e., the average negative log-probability

LN
S00) =« > —log(pa(wi | wes)), (2
=1

where py is the model’s predictive distribution and
N is the total number of tokens in the sequence.”
Each model is evaluated on a test set of the same
language variant of order 6 it was trained on.

From an information-theoretic perspective, sur-
prisal is closely related to entropy—where entropy
is the average over the Shannon information con-
tent (or surprisal) of each single outcome (Shannon,
1948; MacKay, 2019).

Entropy, and by extension the average surprisal,
thus characterize compressibility (Schiirmann and
Grassberger, 1996): Lower surprisal means that
the model has captured more of the sequence struc-
ture, reflecting greater learnability of that lan-
guage variant. Since our shuffling method leaves
global entropy essentially unchanged, any change
in surprisal S(#) relative to the original surprisal
Sorig = S(6 — 00) of each language, AS(0) =
S(0) — Sorig, is due to the model’s sensitivity to
the word-order perturbations.

5 Word-order robustness

We now turn to how model surprisal varies across
language variants for different orders 6, which gov-
erns the preference of a given language variant
toward the original word order. Higher learnability

%For the full corpus, we calculate surprisal per subword
token over non-overlapping batches due to finite context size.

means lower surprisal change AS relative to the
unperturbed baseline Soig .

Surprisal sensitivity First, we observe in
Fig. 2 (a) that, across languages, language model
surprisal increases with more irregular word order.
The surprisal change AS is largest around the fully
irregular word order (6 = 0).

Furthermore, sentence reversal (0 < 0) yields
almost the same surprisal as the corresponding pos-
itive order perturbations (6 > 0)3. This reflects the
symmetry in 6 of the Mallows model (Fligner and
Verducci, 1986), which is largely preserved by the
model surprisal, indicating that the models are not
strongly sensitive to the typological correlations
violated by reversal.

Cross-lingual differences Beyond the overall
sensitivity to word-order perturbations observed
above, the robustness to shuffling differs by lan-
guage. Languages allowing freer word order (blue)
substantially overlap in AS with languages that
clearly prefer fixed word order (red), suggesting
the former are, as a group, no more robust to per-
turbations, see Fig. 2 (a).

The distinction by free versus fixed word or-
der alone is indeed insufficient: In panel (b), the
two groups are clearly separated in baseline sur-
prisal Sorig, yet they overlap in irregular surprisal

3The magnitude of this effect is minor with a median
surprisal asymmetry AS™/~ of 0.096 across 0, i.e., about
6% of the surprisal change due to irregular word order.
However, a Wilcoxon signed-rank test on paired differences
AST/~ = AST — AS™, aggregated per language, reveals a
significant small asymmetry (p = 0.0098).
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Figure 3: Percentage of (a) words and (b) subwords in
the corpus accounted for by the most frequent vocab-
ulary items. This coverage increase more slowly for
languages with freer word order compared to languages
with relatively fixed word order (shades of blue and red,
respectively).

ASirreg == AS(60 = 0). A Wilcoxon—-Mann—
Whitney test of the binary word-order flexibility
on ASjee yields no significant difference between
the groups at irregular word order (p = 0.55). Only
the extremes—Romance (French, Portuguese) and
Finnic (Finnish, Estonian)—are distinguished by
both measures. This overlap suggests that factors
beyond word-order flexibility drive cross-lingual
variation.

6 The role of the vocabulary

Vocabulary structure, in the sense of word and
subword frequencies, the relation of subwords to
words, and sequence length, characterizes a lan-
guage beyond word order. In fact, differences
in Zipfian distributions (Piantadosi, 2014) relate
closely to morphological complexity and word or-
der (Liu et al., 2025). Vocabulary structure thus
varies systematically between languages. Our aim
is to derive latent structures from a set of simple
metrics of vocabulary structure that explain cross-
lingual variation in robustness to free word order.

6.1 Vocabulary metrics

One aspect of vocabulary structure is cover-
age C(r): the proportion of the corpus accounted
for by the r most frequent word or subword
types. Coverage is the cumulative sum of the
rank-frequency distribution described by Zipf’s law
(Zipf, 1949).

In Fig. 3 (a), word coverage clearly clusters lan-
guages into free word order (blues) and fixed word
order (reds). Subword coverage in panel (b) pre-
serves this separation after tokenization. This in-
trinsic typological grouping, which also captures
the effect of tokenization on the vocabulary, ren-
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Figure 4: The absolute surprisal S(8) = Sorig + AS(6)
per language modeled through a set of vocabulary statis-
tics, encompassing coverage, sentence length, and prox-
ies for morphological complexity. The predictions are
cross-validated from leave-one-language-out: Each lan-
guage is predicted solely on the basis of its own vocab-
ulary statistics by a model trained on the surprisal of
other languages and their predictors.

ders vocabulary structure a strong candidate for
explaining cross-lingual variation in surprisal.

This clustering suggests that coverage offers a
more informative basis for predicting and thus ex-
plaining cross-lingual surprisal than a binary free/-
fixed typology. To capture the essence of the cover-
age curves, we select four characteristics: word and
subword coverage at rank 100, the integral of word
coverage, and the similarity between word and sub-
word coverage, defined in Appendix E.1. We com-
plement this predictor set with other simple metrics
of vocabulary structure: sentence length (average
words and subwords) and proxies for morphologi-
cal complexity (fertility, average word length, num-
ber of unique word types), see Appendix E.2.

6.2 Explaining word-order robustness

To identify latent structure in the predictors and as-
sess their explanatory power for language-specific
surprisal, we employ multivariate partial least
squares (PLS) regression. PLS is well-suited for
this setting of highly collinear predictors* and small
sample size (n = 10 languages) with multivariate
responses (S(6) at 28 values of 6 per language).
PLS accomplishes dimensional reduction by cre-
ating latent components while retaining predictive
power to explain the variance between predictors
and response variables. Leave-one-language-out
cross-validation identifies two components as the
optimal number’, with an overall predictive perfor-

4See correlation matrix in Appendix E.3.
3See Fig. 10 (a) and (b) in Appendix E.4 for details.
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Figure 5: (a) The cross-validated explained variance
per slice of 6 of only the vocabulary component (green)
with mean R? = 0.65, ranging from 0.26 to 0.76 and of
both components (green-yellow) with mean R? = (.79,
ranging from 0.66 to 0.86. (b) PLS scores of the main
component (vocabulary) and the secondary component
(morphological complexity).

mance of R? = (.97 variance explained.

Predictions from the cross-validated models cap-
ture the curve S(6) closely and explain most of
the variance per left-out language, ranging from
R? = 0.93 for Hungarian to R? = 0.99 for Por-
tuguese and Latvian, see Fig. 4.

Variance explained per slice of # ranges from
R? = 0.66 to 0.86 with mean R? = 0.79, see
Fig. 5 (a), demonstrating that the predictions are
stable across various forms of word-order pertur-
bations. The first component (vocabulary) alone
explains original and reverse order with R2 = 0.65,
ranging from 0.26 to 0.76. The second compo-
nent (complex morphology: unique word types and
word length) is therefore necessary to explain the
regime of irregular word order.

Figure 5 (b) shows the learned latent structure.
The primary component comprises coverage, and to
a lesser extent sentence length and morphological
complexity and structurally aligns equally across
all . The secondary component reflects morpho-
logical complexity and is most associated with ir-
regular order perturbations at small order ||, see
Fig. 10 (b) in Appendix E.4.

In summary, the vocabulary metrics explain sur-
prisal S(#) across languages and perturbation or-
ders 6 better than the binary free/fixed-word-order
typology. While coverage explains the original and
reverse order surprisal, complex morphology is a

main factor of what makes a language more robust
to shuffling.

6.3 Vocabulary size

Tokenization compresses the word vocabulary into
a subword vocabulary and may influence cross-
lingual differences in word-order robustness. We
examine this by varying the vocabulary size |V/|
for the original (f = co) and irregular word order
(6 = 0) condition, see Fig. 6.

The original surprisal Sz begins to separate
the free- and fixed-word-order languages above
|V| = 8000, see panel (a), whereas the surprisal
change at irregular word order ASj;c¢ in panel (b)
converges between the languages at larger vocab-
ulary sizes. This overlap stems from a downward
trend or plateau of languages with rather fixed word
order, while the other languages keep increasing
up to |V | = 64 000.

Panel (c) shows that this separation in S,z co-
incides with clustering in subword coverage: Free-
word-order languages make greater use of low-
frequency subwords, consistent with the observa-
tion that the PLS component that explains the orig-
inal surprisal is strongly associated with coverage.

7 Discussion

Our experiments show that higher word-order ir-
regularity hinders language model learning across
languages, but models remain largely insensitive to
reversal. Cross-lingual variation is better predicted
by vocabulary structure than by binary word-order
flexibility. Our results clarify the factors that con-
tribute to computational word-order learnability.

Relation to prior work The sensitivity to irregu-
lar word order reflects a locality bias (Choshen and
Abend, 2019), and extends recent work on artificial-
language learnability (Kallini et al., 2024; Xu et al.,
2025; Yang et al., 2025; Kallini and Potts, 2025;
El-Naggar et al., 2025b) to controlled word-level
shuffling. By using a unified perturbation spectrum,
our approach preserves morphological integrity and
avoids confounds of disparate shuffling schemes in
earlier work. Furthermore, our findings challenge
claims that language models can learn all languages
alike (Chomsky, 2023; Katzir, 2023; Leivada et al.,
2025; Ziv et al., 2025).

Previous studies on sentence reversal found
small and inconsistent differences in surprisal
(Yang et al., 2025; Ziv et al., 2025). In contrast,
our broader analysis across the continuous order
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spectrum exhibits near symmetry with respect to
reversal, slightly favoring reverse variants, match-
ing a bias towards head-initial synthetic grammars
El-Naggar et al. (2025a).

For cross-lingual differences, our results show
in line with Mielke et al. (2019) that simpler vo-
cabulary statistics and sentence length suffice as
predictors, whereas Cotterell et al. (2018) empha-
size the role of complex morphology. The apparent
distinction between typology or simpler statistics
as an explanation (Yang et al., 2025; Arnett and
Bergen, 2025) is resolved if the vocabulary-based
measures quantify aspects of typology—such as
word-order robustness—more richly than coarse
labels (Levshina et al., 2023; Baylor et al., 2024).

Architecture and mechanisms Several architec-
tural factors may play into these results. First, the
prediction objective of autoregressive transformer
models limits the context for predicting the next to-
ken to previous tokens. Interestingly, since our de-
terministic shuffling can, in principle, be reversed
if the sentence length is known, this shuffling in-
troduces a nonlocal component to the language be-
cause the model does not know the sentence length
ahead of time. Thus, the autoregressive nature
of the models may underlie the general sensitiv-
ity to word-order perturbations across languages.
Masked language models might therefore be less
sensitive to irregular word order.

Second, larger vocabularies tend to reduce the
irregular surprisal change for a subset of languages
in our experiments. At large vocabulary sizes, the
embedding parameters begin to outnumber the core
model parameters. Possibly, languages that rely
more on rare subwords and have high type diver-
sity (see Appendix E.2), may be disadvantaged by
limited model capacity (Tao et al., 2024).

Positional encodings also affect how shuffled

input is represented, with distinct correlation pat-
terns for words and subwords (Abdou et al., 2022).
Future work should disentangle the architectural
features of prediction objective, tokenization, and
positional encoding.

8 Conclusion

We set out to understand what makes a language
computationally difficult to learn for language mod-
els, using a spectrum of synthetic language variants
with perturbed word order. Our experiments reveal
three main findings: (1) Irregular word order de-
creases computational learnability, (2) but language
models are largely insensitive to subtler violations
of typological correlations introduced by sentence
reversal; and (3) the robustness of a language to
word-order perturbations is predicted better by vo-
cabulary structure (Zipf-based coverage, sentence
length, and morphological complexity) than by the
coarse distinction into free and fixed word order.
Morphological complexity proxies are most rel-
evant for explaining robustness against strongly
irregular word order.

These findings establish that simple vocabulary
metrics provide a powerful basis for explaining
cross-lingual differences in word-order learnability,
providing a more comprehensive predictor than
categorical typological classifications. Vocabulary
structure is an integral part of interpreting model
surprisal in shuffling experiments.

Future work should examine how model architec-
ture such as tokenization and positional encoding
modulate the sensitivity to word-order perturba-
tions, and compare models with human behavior to
assess cognitive plausibility. Such research linking
language features and model architecture advances
the understanding of language learnability.



Limitations

The present study should be interpreted in light of
several limitations.

Corpus We use a single high-quality parallel cor-
pus to ensure comparability across languages, yet
its number of languages is limited to 21 European
languages, of which we selected ten for a focused
analysis and computational feasibility. Extending
to more corpora would allow for a more diverse
set of language typologies to be included (Ploeger
et al., 2024, 2025) at the cost of more noise and
heterogeneity in the data.

Human learnability We use language models as
a tool to study learnability, yet the learnability of a
language model does not necessarily generalize to
humans. Comparisons with human data, e.g., eye-
tracking studies (Schad et al., 2010), could help
evaluate cognitive plausibility.

Model size Since our experimental setup requires
a large number of models to be trained, the model
size is limited in order to achieve reasonable train-
ing times. This trade-off could impact vocabulary
size effects at very large vocabularies, for which
embedding parameters dominate.

Typology We group languages into “free” and
“fixed” word order, but typology is a gradient (Lev-
shina et al., 2023; Baylor et al., 2024). A com-
parative analysis of other continuous typological
measures, €.g., subject-object-order entropy, with
the vocabulary structure measures we describe here
may yield a more nuanced understanding.

Evaluation We evaluate the global surprisal on a
test set. An interesting extension would be to assess
whether all tokens contribute uniformly or whether
surprisal stems can be attributed to breaking certain
language-specific collocations, e.g., determiner-
adjective-noun constructions.

Ethical considerations

Synthetic languages Our study uses synthetic
languages (also called ‘‘artificial languages”).
There is a wide spectrum of languages, ranging
from formal and highly unnatural to attested lan-
guages. It is important not to conflate different
categories on this spectrum. In our study, we fo-
cus on languages that are perturbed only on the
dimension of word order, while maintaining the
complexity of natural language in terms of lexicon
and morphology.

Environmental impact Training models, even
with comparatively few parameters, leads to com-
putational cost and COy emissions. We encour-
age future work to consciously evaluate the need
for large-scale studies in order to curtail the ever-
increasing environmental impact of our informa-
tion infrastructure.

Developing and training models for this study
used approximately 150 kcore-hours. The models
were trained on one A100 with 40 GB with 1400
models for the scan in ¢ and 600 models for the
scan in vocabulary size |V|.
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Figure 7: Normalized analytical mean and variance of
Kendall’s 7 with Mallows shuffling over the order 6 for
different sentence lengths n.

The idea of sampling one permutation 7 for each
sentence length n to shuffle a language corpus de-
terministically has been used in (Someya et al.,
2025). We introduce the Mallows model (Tang,
2019) as a unifying probabilistic method for select-
ing the permutation 7 for each sentence length n.

The Mallows model assigns the probability of a
permutation m € &,,, based on the original word
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Table 1: Language selection with name and ISO-code abbreviation, grouped by branch and family (IE: Indo-

European). We list word-order flexibility and morphology.

Language ISO  Branch Family  Flexibility = Morphology  Reference
English en analytic (Aarts, 2011)
Danish da  Germanic analytic (Lundskaer-Nielsen and Holmes, 2015)
Swedish SV 1IE fixed analytic (Holmes and Hinchliffe, 2013)
Portuguese pt Romance fusional (Kabatek, 2022; Harris and Vincent, 2012)
French fr fusional (Harris and Vincent, 2012)
Latvian v Baltic IE fusional (Prauling, 2012)
Czech cs Slavic 1IE fusional (Naughton, 2008)
Hungarian hu  Ugric o free agglutinative  (Kenesei et al., 2002)
Estonian et Finnic = agglutinative  (Harms, 1997)
Finnish fi =) agglutinative  (Sulkala and Karjalainen, 2012; Karlsson, 2017)
order mo = (1,2,...,n), as between permutations and maximum variance
) (Feller, 1968, p. 257)
—0d
Po,mo,a(m) = o 0dlmmo) 3) n(n—1)(2n+5)
Z(0,d) Vmax = (®)
max I
72
where the control parameter 6 is the order (also respectively.

called dispersion or concentration (Crispino et al.,
2023), analogous to an inverse temperature 3), d
is a distance metric measuring the discrepancy be-
tween 7 and 7, and Z is the partition function that
normalizes the distribution. The order 6 is inter-
preted as how preferred the original order 7 is by
the probability distribution.

Since the Mallow’s ¢ model (Tang, 2019) is easy
to sample from (see (Fligner and Verducci, 1986)
for details)l, we use Kendall’s 7 as distance metric
(Kendall, 1938),

dr(momy!) =inv(romy?t) 4)

where inv(7) := |{(i,j) € [n]? :i < jAR(i) >
7(7)}|, that is, d- is the minimum number of adja-
cent swaps to restore the central order 7y from the
permutation 7.

According to (Fligner and Verducci, 1986), the
Mallow’s tau model has the mean (for permutations
m € &, of length n)

Bald,) = 5 i g )
and variance
- 2 —j0
Vo(dr) = (1 ﬁee—0)2 - - (13_6;—1‘6)2 ©)
with maximum distance (Kendall, 1938)
o = <”> _ntn=1) )
2 2
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Figure 7 shows the normalized mean and vari-
ance of the Mallows ¢ distribution by the order 8
for different sentence lengths n.

B Language selection

We select ten out of the 21 languages available
in Europarl for our experiments: Five languages
commonly classified—either categorically or via
continuous measures (Siewierska, 2010; Levshina
et al., 2023)—as fixed-word-order and five as free-
word-order, namely: English, Danish, Swedish
(Germanic), French, Portuguese (Romance), Lat-
vian (Baltic), Czech (Slavic), Hungarian, Estonian,
Finnish (Finno-Ugric), see Table 1. The dominant
or neutral word order of all these languages is SVO
(Siewierska, 2010).

C Preprocessing

We cleaned the raw Europarl sentences prior to
shuffling using these steps.

* Remove empty or punctuation-only sentences,
speaker and language labels, and obvious non-
speech content.

* Fix or remove Unicode artifacts: replace
soft hyphens (U+00AD) with “-”; remove
replacement characters (U+FFFD) and zero-
width spaces (U+200B); drop lines containing
URLs.

* Strip nested parenthetical and bracketed con-
tent, quotation marks, and apostrophes while
preserving enclosed text.



* Normalize punctuation: remove stray com-
mas, split at semicolons and colons outside
words; clean bullets and dashes, replacing
with hyphens where appropriate.

* Collapse whitespace, lowercase text, and en-
sure terminal punctuation.

* Apply minimal language-specific rules: re-
move mistaken spaces in Finnish abbrevia-
tions (“EU: n” — “EU:n”).

For each language, we remove sentences longer
than 80 words, and then split into training, vali-
dation, and test sets of 650000, 5000, and 5000
sentences, respectively.

Full preprocessing code and regex rules are avail-
able at [GitLab link anonymized for review].

D Training parameters

Table 2: Hyperparameters for the PICOLM models used
in our experiments.

Parameter Value
Architecture Transformer decoder
Total parameters 50.5M
Layers 12
Embedding size 384
Attention heads 12
Attention KV heads 4
Hidden dimension 1536
Sequence length 512
Tokenizer ByteLevel BPE
Tokenizer min. freq. 2
Vocabulary size |V| 16 000 / varied
Optimizer AdamW
Learning rate 0.0014
Learning rate schedule Linear
Warmup steps 5
Batch size (training) 64
Training steps 1000

Order 6 varied / {0,9}

Table 2 lists the hyperparameters of training the
language models for our experiments. Each model
was trained on one A100 GPU.

We generate five random seeds per language vari-
ant and apply the deterministic word-level shuf-
fling for a range of orders 6, training each model
with batch size 64 for 1000 steps. The vocab-
ulary size is |V| = 16000 when varying the
order 6, with roughly log-scaled 6 € [-9,9].
When the vocabulary size is varied as |V| =
{258, 1000, 8000, 16 000, 32 000, 64 000} the or-
der is chosen as # € {0,9}. Note that 256 + 2
corresponds to character-level tokenization.
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Figure 8: Coverage measures: The (a) word coverage
integral and (b) word-subword-coverage similarity.

E PLS regression

Here, we define and list predictors used for the
partial-least-squares (PLS) regression analysis.

E.1 Definition of coverage metrics

We calculate the coverage integral as the area under
the word coverage curve CY, per log-rank up to
Pmax = 107

1 ) / " O log(dr) )
1

log(rmax
The coverage similarity relates word and sub-
word coverage through a regression slope m in
log-space without intercept,

2223wy Cy(r) Cs(r)
2225wy (Cw(r))?

with weights given by log(r).

Both coverage integral and similarity, visualized
in Fig. 8, clearly separate free- from fixed-word-
order languages.

(10)

m =

E.2 Regression factors

All vocabulary statistics that we use as predictors
for the PLS analysis are listed by language in Ta-
ble 3 along with the classification into free- and
fixed-word-order. The predictors are grouped by
coverage, sentence length, and morphological com-
plexity.

The morphological complexity metrics are: fer-
tility, i.e., the average number of subwords per
word; word length in characters; and types in the
sense of unique words, i.e., the word vocabulary of
the corpus.

E.3 Correlation of factors

The correlation matrix in Fig. 9 shows that all pre-
dictors are highly correlated, motivating the use of
partial-least-squares regression.



Table 3: Vocabulary statistics for each language: Word and subword coverage at rank 100, coverage similarity and
integral; sentence length in subwords and words; morphological complexity measured by fertility, word length in

characters, and word types.

\ Coverage Sentence length Morph. complexity
Lang. | Order Cy100 Csi00 Csimil.  [Cy  Subw./sent. Words/sent. Fertility ~Word len. Types
fr 52.7 49.0 0.974 61.0 28.1 24.4 1.15 6.02 96727
pt 51.0 479 0.979 60.6 28.1 242 1.16 6.03 108442
en Fixed 55.4 52.6 0.976 62.6 26.4 23.8 1.11 5.70 70536
% 52.6 47.5 0.971 60.1 244 20.4 1.20 6.22 177002
da 54.2 49.6 0.971 60.8 25.7 21.7 1.19 6.09 179915
Iv 38.3 35.7 1.006 52.9 23.1 18.2 1.27 6.88 156845
cs 37.1 34.0 1.005 52.6 24.8 19.6 1.27 6.35 169003
hu Free 40.9 36.6 1.017 53.9 24.8 18.7 1.33 7.23 307197
et 355 33.0 1.044 50.3 22.1 16.5 1.34 740 283165
fi 335 29.8 1.048 48.3 232 16.2 1.43 8.33 363154
2 _ 2 :
Corn| € JT T 93 99777 89 91 &5 74 1 over?ﬂl R = 0.85. The R“ of the latter remains
’ relatively high because of the shared structure in
Csio0]CH1 1 .93 .99 .78 91 94 .87 .78 the S(0 We ob that d-order flexi
Cov. simil. | ¢ 493 .93 1 .95.77 .88 .94 93 84 e ( ) curves. We o serve that word-order Hiexi-
[CulC 499 99 95 1 81 93 9590 &1 . bility is not as comprehensn./e as the comblnatlon
Sent. subw. | § 477 78 77 81 1 95 78 74 71 2 of vocabulary struc.ture metrics, but explains more
Sent. words | § 189 91 88 93 95 1 93 89 86 ij than the weak predictor of characters per token.
Fertility | M 491 .94 .94 95 78 93 1 97 94
Word length | M -85 87 .93 .90 .74 89 97 1 93
Types | M .74 .78 84 81 71 86 94 93 1 |
1 1 1 1 1 1 1 1 1 -
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Figure 9: Correlation matrix of the predictors, grouped
by coverage (C), sentence length (S), and proxies of
morphological complexity (M).

E.4 Latent components

Figure 10 (a) shows the two components identified
by the PLS regression: The vocabulary component
loads on all predictors, but more strongly on cov-
erage; the morphological-complexity component
loads primarily on fertility, word length, and word
types.

In panel (b), we see that the vocabulary com-
ponent is structurally uniform across the spectrum
of 6§, whereas the morphological-complexity com-
ponent aligns most with the irregular word order at
small |6].

Predicting per 6 only with the single binary pre-
dictor of free vs. fixed word order yields R? = 0.44
to 0.85 with mean R? = 0.65 and lowest per
language R? = 0.77 for Portuguese and overall
R? = 0.94. A non-predictive feature like charac-
ters per token yields per-§ mean R? = —0.02 and
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Figure 10: (a) Predictor and (b) response loadings of the vocabulary and morphological complexity component.
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