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Abstract

In this paper, we develop a data-driven con-
trastive framework to extract common and dis-
tinctive linguistic descriptions from syntactic
treebanks. The extracted contrastive rules are
defined by a statistically significant difference
in frequency and precision, and classified as
common and distinctive rules across the set of
treebanks. We illustrate our method by work-
ing on object word order using Universal De-
pendencies (UD) treebanks in 6 Romance lan-
guages: Brazilian Portuguese, Catalan, French,
Italian, Romanian and Spanish. We discuss the
limitations faced due to inconsistent annotation
and the feasibility of conducting contrastive
studies using the UD collection.

1 Introduction

Cross-lingual corpus-based studies normally fo-
cus on finding common and distinctive structural
features or tendencies among languages, language
families, or typological balanced samples. Word
order tendencies and their correlation with other
language formal properties are an example of ty-
pological high-level descriptions. However, one
might be also interested in comparing fine-grained
patterns that explain the variation or the similarity
between the compared corpora. This is a common
goal in translation, second language teaching, tex-
tual genre research, and more generally, in corpus-
based contrastive linguistics.

Comparing languages becomes more challeng-
ing the closer the languages are to each other.
For example, syntactic objects vary considerably
among Romance languages, even though they also
exhibit some shared properties. Nominal objects
often follow their verb, and personal pronominal
objects tend to be in preverbal position. Both word
order rules are common and dominant (in terms of
frequency) in all Romance languages.

However, personal pronouns are enclitics of in-
finitives (or gerunds where they exist) in languages

such as Spanish, Catalan or Italian, among others,
while this is not possible in French. And even if the
exact syntactic configuration exists in all languages,
the relative frequency may vary. In addition, fine-
grained differences within a language family are
not always shared by the same group of languages.
As mentioned, Spanish and French do not have
the same word order between infinitive verbs and
personal pronominal objects, but they do when the
verb is an imperative (see Figure 1).

Merecia coisa melhor
deserve thing NOUN  better

Lo consiguid
3SG.PRON.Clitic get

Inutile guardar -li
useless  to look.INF 3SG.PRON.Clitic

= e

Mieux  vaut les oublier
better worth 3PL.PRON.Clitic to forget.INF

obj

Panoramele le- am cercetat
views.OBJ  3PL.PRON.Clitic 1P.AUX research

Figure 1: Different nominal and pronominal object word
orders in Portuguese, Spanish, Italian, French and Ro-
manian.

From this perspective, corpus-based contrastive
analysis should be able to identify absolute differ-
ences across a set of languages, such as unique
linguistic features, and be flexible enough to cap-
ture significant differences in frequency for fine-
grained phenomena. Moreover, a contrastive ap-
proach should focus not only on distinctive patterns,
but also on common ones. This approach allows a
more detailed analysis of languages and corpora,
focusing on variation or similarity in a specific lin-



guistic feature rather than on language profiles.

To address this issue, we develop a data-driven
framework to extract fine-grained common and
distinctive linguistic descriptions from syntactic
treebanks. The extracted contrastive rules are de-
fined by a statistically significant difference in pre-
cision and classified as common and distinctive
rules across the set of treebanks. For each distinc-
tive rule, we regroup languages having the same
behavior. To test our method, we analyse the word
order of objects in six Romance languages using
Universal Dependencies (UD) treebanks. Object
word order, especially object clitic order, varies
considerably across Romance languages (Roberts,
2016). The present study is limited to this specific
phenomenon. Further studies are left for future
exploration.

Our approach follows and contributes to the core
principles of most recent descriptive grammar ex-
traction works. We seek descriptive but systematic
descriptions of linguistic phenomena (Chaudhary
et al., 2020, 2022), where extracted rules are over-
lapping rules, more or less fine-grained, and asso-
ciated to quantitative data (Herrera et al., 2024a,b).
The rules should be few and easy to interpret.

The contributions of this study can be sum-
marised as follows:

* We adapt and extend current grammar extrac-
tion methods to extract concise and systematic
contrastive descriptions for a set of corpora.

* We take a linguistically and statistically moti-
vated approach to understanding common and
distinctive patterns.

¢ We discuss the limitations of the use of univer-
sality based datasets (like UD) for automatic
contrastive grammar description.

* We provide the UD community (de Marneffe
et al., 2021) with a different perspective on
annotation at the language family level.

2 Related Works

Corpus-based approaches to cross-linguistic anal-
ysis are widespread in both typological and con-
trastive linguistics, although in recent years they
have become much more prominent in the latter.
In either case, multilingual corpora have offered
the possibility to capture and compare quantitative
and gradient properties on a larger scale (Levshina,
2022).

Corpus-based Typological Studies

Typological studies based on parallel and compa-
rable treebanks have mainly focused on high-level
structural properties, typically word order or lin-
guistic complexity. For example, Choi et al. (2021)
explore the main word order categories in UD tree-
banks using a rewriting graph tool, and Gerdes et al.
(2021) study quantitative word order and implica-
tional universals on the same corpora, generalising
to a larger variety of word order patterns. Similar
studies have also been conducted using massive
parallel corpora in more languages (Ostling, 2015).

A common way to compare languages is to clus-
ter them using different syntactic representations to
see if phylogenetic groups are reconstructed accord-
ing to typological databases (Alves et al., 2023).
To the best of our knowledge, there are no studies
using UD treebanks that cluster languages accord-
ing to fine-grained syntactic patterns as we do in
this paper.

Corpus-based Contrastive Studies

Contrastive linguistics lies somewhere between
single-corpus studies and multi-corpus compara-
tive studies, where the interest is in capturing fine-
grained similarities and differences of internal lin-
guistic properties in a small set of languages (Has-
selgard, 2020). Contrastive approaches include
frequency and statistical modeling (Gries et al.,
2020) and studies based on information theory (see
for example Alves (2025) for comparison between
two Portuguese varieties). Normally, contrastive
studies favour the use of parallel corpora (Niko-
laev et al., 2020; Alves et al., 2023) because of the
easy alignment between constructions from differ-
ent sources.

Our work is closer to the quantitative syntax tra-
dition (Bresnan et al. 2007; see also Thuilier 2012
for an example in a Romance language), where the
main goal is to discover how some selected factors
explain specific syntactic phenomena, such as the
dative alternation or adjective order preferences.
Such approaches have also been examined from
a comparative perspective (e.g. Bresnan and Ford,
2010). In our case, we work with more than two
languages and our approach consists of automati-
cally identifying the predictive factors.

Descriptive Grammar Extraction

This paper builds on recent work on descriptive
grammar extraction, where the main goal is to pro-



duce quantitative fine-grained grammar rules us-
ing traditional machine learning (ML) techniques.
Chaudhary et al. (2020, 2022) formalise the task as
a classification problem using decision trees to ex-
tract agreement, word order, and case marking rules
across all UD treebanks. Herrera et al. (2024a,b)
use a sparse linear classifier for agreement and
word order for a few languages to obtain more ex-
pressive rules. They do this in single-corpus and
one-to-one contrastive scenarios, but not for a col-
lection of languages.

An advantage of (regularized) linear models is
their ability to extract overlapping rules, which re-
flects how grammatical rules often behave. In con-
trast, decision trees create disjoint partitions of the
data. In addition, their rule structure is highly sensi-
tive to hyperparameters, such as tree depth. Tuning
these hyperparameters can be challenging when
the goal is descriptive insight rather than predic-
tive accuracy. For instance, limiting a tree’s depth
to improve interpretability may result in uninfor-
mative residual nodes that use complex negative
conditions to account for the remaining examples.

3 Task definition

Our main goal is to identify common and distinc-
tive rules given a set of treebanks, focusing on ob-
ject word order. Following Herrera et al.’s (2024a)
formalisation, a quantitative rule posits a predictive
relationship within the data, where the presence
of a pattern P, identified within a starting sample
S, increases the likelihood, by an « extent, of a
phenomenon of interest ().

S — (P 2& ()

For example, to extract object word order rules
for all objects in the sample, we look for linguistic
patterns that favour the right or the left position
with respect to its governor:

. OBJECT a% . OBJECT
S RELATION — (P = Q: )

POSITION

Given this formalisation, we consider a common
grammatical rule to be evenly distributed across all
languages. A distinctive rule, on the other hand,
is unevenly distributed, though it may be shared
equally by a subset of languages. If a corpus-based
rule is quantitative in nature and captures gradient
phenomena, a contrastive rule additionally posits
whether the distribution of the predictive factor P

is uniformly distributed across subsamples, in our
case across languages.

To explore word order, we extract contrastive
rules for the following four questions: (1) word
order between two nodes connected by a depen-
dency, (2) object word order, (3) pronominal object
word order, and (4) nominal object word order. An-
alyzing object word order and its subtypes in two
steps might be considered unnecessary, as the rules
emerge when examining general object word or-
der when the regularization parameter of the linear
model is low enough. However, extracting rules for
each type of object allows us to examine them in a
more precise subspace. Furthermore, it is reason-
able to explore pronouns in more detail as they are
selected as good predictors of object word order.
Overall, this multistep process yields fewer, more
significant rules on average.

Before discussing the methods in detail, we first
present the data, its preprocessing, and the sam-
pling strategies employed.

4 Data

This study focuses on Romance languages for three
main reasons. First, they are well represented in the
UD treebank collection, providing us with a robust
dataset. Second, we are experts and have native
proficiency or possess a comprehensive understand-
ing in all of the chosen languages. Finally, the use
of these languages as a test case is advantageous
due to their closeness. We hypothesize that the
successful detection of differences and similarities
between closely related languages will serve as an
indication of the applicability of our method.

When multiple treebanks were available in the
UD collection for a single language, the largest
one in terms of tokens was selected, except in
cases where annotation quality or methodology
warranted a different choice. In Table 1 we pro-
vide an overview of each treebank, including its
size, annotation process, and text sources where
available.

4.1 Data Processing and Sampling

In all our experiments, we use the listed treebanks
and ensure cross-linguistic comparability by select-
ing the same number of relevant syntactic patterns
for each language. For broad pattern types, e.g. all
dependencies, we collect approximately 10% of
the matches for the smallest treebank to ensure a
balanced sample size across languages. For more



Tokens \

UD Treebank S Genres Annotation Process

entences
Brazilian Portuguese Morphology: automatically tagged (reviewed);
(Porttinari) (Duran et al., 2023) 168k \ 8k News Syntax: manual annotation
Catalan (AnCora) Morphology: automatically tagged (reviewed);
(Taulé et al., 2008) 553k\ 16k News Syntax: manual annotation
French (GSD) 300k \ 16k News, blog, Morphology: automatically tagged (reviewed);
(Guillaume et al., 2019) reviews, wiki Syntax: converted from non-UD (corrected)
Italian (ISDT) o Originally manually annotated,
(Bosco et al., 2014) 298k\ 14k News, legal, wiki converted from non-UD
Romanian (RRT) 218Kk \ 9k News, legal, Morphology: automatically tagged (reviewed);
(Barbu Mititelu and Irimia, 2016) fiction, academic, etc. ~ Syntax: converted from non-UD (corrected)
Spanish (AnCora) S68k\ 17k News Morphology: automatically tagged (reviewed);

(Taulé et al., 2008)

Syntax: manual annotation

Table 1: Overview of selected UD treebanks used in this study.

specific target patterns (for example all object de-
pendencies), we set the match count to the mini-
mum available across all languages (approximately
7260 matches in this case) to ensure that each tree-
bank was equally represented.

To compile these datasets, we randomly sam-
pled sentences from each treebank until the desired
number of matches was reached. To improve con-
sistency across samples, we applied an interquartile
range (IQR) filter based on sentence length, where
length was defined as the total number of nouns,
verbs and adjectives in the sentence. Sentences
whose length fell outside the IQR-adjusted bounds
were excluded and replaced with others from the
original treebank falling within those bounds.

In order to limit the amount of noise in our fi-
nal results, we removed punctuation due to lack of
consistency across UD, and any enhanced depen-
dencies as not all treebanks contained them.

5 Methodology

Our method can be divided into three separate steps.
First, we extract and rank the most overall salient
patterns for a given linguistic phenomenon across
the set of treebanks using a linear classifier. Sec-
ondly, in order to identify common and distinctive
patterns, we assess if the distributions of selected
patterns are statistically different from a propor-
tionally expected distribution. Finally, for each dis-
tinctive pattern we cluster languages to find those
that share the same behaviour.

5.1 Rule Extraction Method

In order to achieve our first objective of extract-
ing a small set of important features, we employed

Herrera et al.’s (2024a) method of automatically
extracting and ranking fine-grained grammatical
rules from the combined treebanks. We train a
series of sparse logistic regression models on fea-
tures of all nodes within a defined search space.
The extraction task is framed as a classification
problem, where the goal is to predict the likelihood
of a linguistic phenomenon occurring based on its
associated features. The linear model is trained us-
ing the negative log-likelihood loss and L1-norm
regularization to force sparsity, which makes the
model easier to interpret and the selected features
less redundant.

For any given node, the search space includes
the node itself, its parent and children. We consider
only the universal features of UD, parts of speech
(UPOS) and morpho-syntactic features (FEATS),
in order to minimise noise in the decision process
and make samples more comparable.

The core logic of this approach for the word or-
der of objects is as follows: given all the object
dependencies in the treebank the goal is to identify
patterns P, like being a object pronoun, that bet-
ter predict its position with respect to its governor.
The scope S and the target question () are manu-
ally defined, reflecting the linguistic phenomena of
interest, while patterns P are selected by the ML
model. The model outputs a binary indication for
each feature, indicating whether it is a reliable in-
dicator of @ (i.e., postverbal position) or —() (i.e.,
preverbal position).

Patterns selected by the classifier are not relevant
to a single language, but rather to the general classi-
fication task. Importantly, the selected patterns are
ranked via the regularization path determined by



the series of trained models. In each run, the reg-
ularization parameter is decreased to allow more
features to be activated, providing a ranking of im-
portance inherent to the model. For more details,
refer to the cited paper.

Herrera et al. (2024a) proposed several descrip-
tive measures to describe a corpus-based grammar
rule. One of them is precision, defined as the prob-
ability of @) happening, given that P has already
happened (e.g. out of all the objects (.5), the num-
ber of objects placed after their governor (QQ) or
before it (=) that are pronouns (P)). For our pur-
pose, we have applied this metric to all occurrences
of a rule in each language as follows:

Rule Precision for Treebank ¢
a% #1(SAPAQ)
0o #¢(SAPA-Q)

Since we are interested in how languages differ
from each other, we compute the Coefficient of
Variation (CV) to measure the dispersion over the
precision scores of treebanks ¢:

standard deviation({prec, })
mean({prec, })

The CV measures the spread of the sample stan-
dard deviation relative to the mean of the precision
scores. Language subsets with higher CV values
exhibit more diversity, whereas those with low CV
values are more similar. The extracted rules can
be explored and ranked not only by their precision
or the predictive importance given by the linear
model, but also by their dispersion.

CV = forteT

5.2 Evaluating Distribution Proportionality

Selected rules are relevant to a given linguistic phe-
nomenon. In practice, we capture general proper-
ties of our sample, such as the fact that the nominal
object follows the verb or that being a prepositional
phrase does not favour being an object. It is still
unclear whether the selected rules are common or
distinctive properties across languages. The afore-
mentioned measures also do not account for the
cross-lingual behaviour of each pattern. For in-
stance, the CV indicates how the patterns P are
spread across languages, but it does not reveal the
significance of that spread or which languages are

driving it. Inspired by Chaudhary et al. (2020), we
perform a statistical test to evaluate whether this
difference is significant enough to conclude that
the rule applies differently across languages.

To asses whether a selected pattern P is common
or distinctive, we evaluate if there is a statistically
significant difference between the observed distri-
bution and a uniform expected distribution across
languages of occurrences of P (which satisfies con-
dition @)). The expected distribution is based on the
assumption that the probability of having pattern ()
given P is the same across all languages (e.g., the
probability of being a preverbal object when the
object is a pronoun is the same for all languages).
To test this, we formulate two hypotheses:

Null hypothesis: The occurrences of patterns P
satisfying ) are uniformly distributed across
languages, meaning each language has an
equal probability of exhibiting the pattern PP
satisfying (). The pattern is a common pat-
tern across our sample.

Alternative hypothesis: The occurrences of pat-
terns P satisfying @) are not uniformly dis-
tributed across languages, meaning certain
languages show a higher or lower relative fre-
quency of the pattern. The pattern is a distinc-
tive pattern across our sample.

We employed a conservative significance level
by applying the Bonferroni correction. We divide
the base alpha level (p-value < 0.01) by the number
of statistical tests performed, which is equivalent
to the number of rules selected by the model.! We
also report Cramér’s V effect size. If the null hy-
pothesis is rejected, we consider it as distinctive
rule, otherwise we consider it a common rule.
Rules with patterns that are not present in all lan-
guages are also considered distinctive patterns but
no statistical test is computed. We test our hy-
pothesis using x? goodness-of-fit test between the
expected and observed distribution, as follows:

2
v=3 (Or — Et)

Ei
teT

where O the observed counts and F the expected
frequency under the null hypothesis. The expected
values are computed as:

'A more exploratory approach should consider a lower
significance level and using a weaker regularization parameter.



#iP
#P

This is equivalent to computing expected values
that follow the same precision distribution.

Although the goodness-of-fit test separates com-
mon from distinctive patterns, it does not specify
individual language behaviour relative to a selected
pattern under the null hypothesis. Therefore, in or-
der to provide a better description, we compute nor-
malised residuals between observed and expected
frequencies to identify which languages are driving
the deviation and in which direction (more or less
frequent than expected):

Ey=#(PAQ)-

Oy — E;
VE;

Large residuals indicate a significant difference
between the observed and expected counts. Resid-
uals close to zero indicate that the observed counts
are similar to the expected counts under the null hy-
pothesis. More specifically, a |r;| > 2.58 is highly
significant.

It is important to note that statistically significant
findings reflect substantial frequency differences
between treebanks. These differences may arise
from either genuine linguistic variation or system-
atic annotation discrepancies. Our conservative
approach, while excluding variations of lower sig-
nificance, might still capture major systematic dif-
ferences, including potential annotation artifacts.

Tt

5.3 Language Clustering by Pattern

Distinctive rules apply differently across treebanks.
To automatically regroup treebanks with similar be-
haviour, we cluster their precision scores for each
rule. We employ a hierarchical and incremental ap-
proach using Euclidean distance and the Ward vari-
ance minimization algorithm to group languages
that together have low variance. Early merges rep-
resent highly similar languages, while later merges,
occurring at higher levels of the dendrogram, in-
volve increasingly dissimilar groups that contribute
more substantially to the overall variance.

6 Results

We present the raw results without postselection,
even though some rules may be redundant. For
the object order excluding the Catalan treebank
(refer to Section 6.1 for the reason), we extracted
69 potential grammar rules or tendencies. Of these,

39 are common, 14 are distinctive, 4 have low-
frequency occurrences, and 12 are present only
in one treebank. For an overview of shared and
distinctive rules after the clustering process refer to
Appendix B for all languages.?

We evaluate the sparse linear models with the
selected features on the treebank test sets, and they
generalise well (refer to Appendix C). However,
such an evaluation provides only limited insight
into the extracted rules, as we are not interested
in classification scores but in the selected features.
Since it is not feasible to qualitatively evaluate all
the extracted rules, we explore a few relevant rules
to illustrate how to interpret them and what the
limits are.

6.1 Object as a Word Order Cue

Before looking at the word order of objects, a good
starting point is to check whether being an object
is associated with word order in general. In other
words, we examine whether and to what extent
word order is predictable from being an object. To
do this, we trained a classifier to select the most im-
portant features that predict word order for all pairs
of nodes with a dependency relation. Selected pat-
terns could be, as it was mentioned before, global
properties of word order given our entire sample,
or properties of sub-samples/treebanks.

Among the selected patterns, being an object is
a salient pattern for general word order, but not,
as expected, the most important one. Three rules
concern the object order, all favouring the right po-
sition (see Table 2). The second pattern, involving
nominal objects, is a common one in our sample
and is part of a highly precise rule, where 99% of
nominal objects are to the right of their governor
(example 1 in Figure 1). The first and third patterns
concern the objects in general and those governed
by verbs. While both patterns are highly correlated,
as UD objects should be governed by verbs, they
show a significant difference in the distribution of
precision scores per language.

A closer look reveals that the Catalan treebank is
the big outlier, showing a much lower probability
of objects to the right of their governors than other
treebanks. This difference is an annotation artifact.
Reflexive clitics are incorrectly labeled as objects
in reflexive passive clauses, when they are dative
oblique complements, and when they are part of
a pronominal verb. This artificially multiplies the

The results and code are available at https://github.
com/s-herrera/contrastive-grex-syntaxfest-2025.
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nrule pattern P rule precision predicted order A CvV type
32 X-[obj]->O 83% X0 0.007 0.117 distinctive
33 X-[obj]->0O; O[upos=NOUN] 99% X0 0.007 0.004 common
129 X-[0bj]->0; X[upos=VERB] 83% X0 0.001 0.119 distinctive

Table 2: Word order rules for the object considering all pairs of nodes connected by a dependency. The pattern P is
expressed in GREW (Guillaume, 2021) format. X corresponds to an undefined node, while O is the head of the
object. A is the value of the regularization parameter at the moment of the feature activation. For rule precision, CV,
significance, see subsections 5.1 and 5.2. Results included the Catalan treebank.

number of objects, making comparisons based on
pronominal object counts unrealistic.

As previously mentioned, a significant differ-
ence can reflect a real syntactic difference or a
systematic difference in annotation. In this case,
it is the latter. In the following, we exclude the
Catalan treebank, ensuring that the rules involving
pronominal objects analyzed are reliable.

In any case, this provides an overview of the
order of objects, with the post-governor order be-
ing preferred. However, it is still unclear whether
different languages have different strategies for or-
dering objects. To explore this question, we will
focus on directly investigating which factors favor
the order of objects.

6.2 Order of Pronominal Objects

The rule A.2 of Table 3 is the first common rule se-
lected by the linear model (the second overall) for
pronominal object order. It captures that, among
all treebanks, 86% of pronominal objects of finite
verbs are preverbal (example 2 in Figure 1). In
other words, in all the considered Romance tree-
banks, the object pronouns are frequently placed to
the left of finite verbs, although this is not the only
order, and object position may not follow the same
strategies in all languages. As stated, our signifi-
cance threshold is highly conservative, and while
we consider this a common pattern, the dispersion
is not null. For example, Brazilian Portuguese has
more postverbal object pronouns with finite verbs,
because, among other reasons, finite verbs allow
right object pronouns.

On the contrary, the most important rule (A.1)
for our model shows a higher dispersion. It cap-
tures that 75% of object pronouns tend to be to
the left of the verb and this is a good predictor
of word order. However, CV is relatively high,
and the observed deviation relative to the expected
proportional distribution is statistically significant.
It is important to note that this rule includes all
types of pronouns. Rule A.10 restricts pronouns to

Residuals by Language

Figure 2: Residuals per language for rule A.10 of Table
3 on personal pronoun-object order (O[PronType=Prs]).

personal pronouns (PronType=Prs), a pattern that
also favours the preverbal order. The difference
in the expected distribution is also significant. If
we examine the residuals for this rule in Figure 2,
we see that there are more preverbal personal ob-
ject pronouns in French, and Romanian, and much
fewer in Italian, Brazilian Portuguese, and Spanish
than expected under the null hypothesis. Being an
object pronoun is then not a uniform predictor of
word order in our sample, but it does discriminate
well between two groups of languages where the
behaviour with regards to this rule is different.

In order to further examine this difference in be-
haviour across the treebanks, we focus on the word
order of pronominal object. The most predictive
rule (B.1) states that being governed by an infinitive
verb (VerbForm=Inf) favours the postverbal posi-
tion (example 3 in Figure 1). This contrasts with the
aforementioned rule involving finite verbs, listed
here in the third position, where the behaviour is
fairly uniform across the treebanks. Figure 3 shows
that, in the case of object pronouns governed by an
infinitive verb, there are clearly two clusters of lan-
guages: Italian, Portuguese and Spanish where the
object pronoun immediately follows the infinitive
verb in the majority of cases, and the rest for which
the opposite is true (example 4 in Figure 1)

The model also extracts salient rules for less fre-



pattern P rule precision predicted order A CV  significance
(A) OBJECT ORDER
1 O[upos=PRON] 75% (0)% 0.1 0.19  distinctive
2 O[upos=PRON]; V[VerbForm=Fin] 86% (0)% 0.026 0.09 common
10 O[PronType=Prs] 77% ov 0.006 0.23 distinctive
(B) ORDER OF PRONOMINAL OBJECTS
1 V[VerbForm=Inf] 56% VO 0.7 0.76  distinctive
4 V[VerbForm=Fin]; O[PronType=Prs] 95% (0)% 0.06 0.03 common
6  O[PronType=Rel] 98% ov 0.05 0.55 common¥*
48  V[VerbForm=Ger] 74% VO 0.005 0.64 common*
61  V[Mood=Imp] 85% VO 0.003 0.17 low freq
95  O[PronType=Int] 88% (0)Y 0.001 093 low freq*
(C) ORDER OF NOMINAL OBJECTS
1 with {Vchild[PronType=Prs]} 2.6% (0)" 0.002 0.86 distinctive
5  with {V-[expl]->Vchild} 21% (0)Y 0.001 2.1  low freq*

Table 3: Word order rules concerning (A) object dependencies, (B) pronominal objects and (C) nominal objects.
Refer to Table 2 for columns descriptions. The with clause in rules C.1 and C.5 should be interpreted as indicating
the existence of at least another dependent that satisfies the specified condition. ? test is not calculated for patterns
with low frequency. *Patterns are selected by the model but are not shared by all languages.

quent phenomena. Rule B.6 indicates that the order
of relative object pronouns does not vary signifi-
cantly across treebanks and are almost always in a
preverbal position. Rule B.95 indicates that being a
interrogative pronoun favors the preverbal position.
Romanian is not taken into account in these two
cases because it uses a different label. Rules B.48
and B.61 favour the post-verbal position when the
verb is a gerund form or is in the imperative mood,
respectively. The expected frequency of these rules
is low, and therefore the assumptions for computing
the x? statistic are not met.

Overall, we identify the main patterns of clitic
object variation. Some findings challenge estab-
lished knowledge. Brazilian Portuguese, for exam-
ple, has a higher frequency of enclitic pronouns
with infinitives than proclitics, resembling Spanish
and Italian (c.f., Roberts, 2016, p. 791). However,
the rules’ limited expressivity, including the ab-
sence of negative conditions, prevents capturing
phenomena such as clitic climbing with modal and
aspectual verbs, as well as person-case constraints
(Roberts, 2016, p. 789).

6.3 Order of Nominal Objects

When focusing on nominal objects, fewer rules
emerge compared to other scopes. Rules indicat-
ing a post verbal position of the object have very
low precision, confirming the postverbal dominant
position (99%). Most of them are less reliable and

difficult to understand. However, they hide some
regularities and syntactic tendencies. We focus on
the first rule (C.1), labeled as distinctive, which
concerns nominal objects whose verbal governor
has at least one more personal pronoun as a de-
pendent. In French, the rule captures preposed
nominal objects in direct interrogatives, where the
verb bears a clitic. In Romanian and in Spanish, it
captures clitic doubling phenomena which is not
obligatory but strongly preferred when the nom-
inal object is preposed. In addition, in Spanish,
we find several passive subjects annotated wrongly

Figure 3: Clustermap of distances between precision
distributions of each language for the rule B.1 of the
Table 3 on pronominal object of infinitive verbs.



Residuals by Language

Figure 4: Residuals for rule C.1 of Table 3 on verbs
having another pronoun dependant besides the object.

as objects. In Italian too, most occurrences are
mediopassive constructions in si where the deep
object promoted as a subject has been wrongly an-
alyzed as an object (il vero relax non si improvvisa
‘true relaxation cannot be improvised’). Residu-
als in Figure 4 show that Romanian in particular
has more occurrences of the C.1 pattern than what
is expected under the null hypothesis, while the
opposite is the case for French. This is partly ex-
plained by the absence of the double clitic and the
smaller number of preposed objects in French, as
well as a seemingly productive strategy in Roma-
nian. However, such low-frequency phenomena are
probably influenced by the sample and its genres.
This makes it impossible to draw a final conclusion
about these patterns.

6.4 Annotation Inconsistencies and Error
Detection

We mentioned that some results are affected by
annotation inconsistencies as rules with extreme
dispersion values reflect most of the time annota-
tion inconsistencies. Our model uses these patterns
in order to isolate anomalies in the sample, as they
are extremely precise. This is the case, for example,
for the feature Emph=No, which is used only in the
French treebank to distinguish between emphatic
and non-emphatic pronouns. It is also the case of
the use of PrepCase=Npr in the Catalan and Span-
ish treebanks (both developed by the same team), to
indicate that it is not a pronoun that changes form
before a preposition. It should be noted that the
other studied Romance languages also have this
property, but do not use the feature. Sometimes
the difference is not whether a label is used or not,
but how it is used: the Italian treebank is the only
one where the post-posted object clitics of infini-
tive verbs are annotated with the feature Clitic=Yes,

even though this is a characteristic shared by all
studied languages, except for French.

Cases like missing features in one or more tree-
banks are extreme, but annotation inconsistencies
also arise from different annotation strategies. This
is the case of rule C.5 of the table concerning clitic
doubling. For instance, Romanian uses the relation
expl (example 5 in Figure 1), while Catalan and
Spanish use obj. In practice, the UD guidelines do
not encourage the doubling of the obj dependency.

This illustrates how our method additionally cap-
tures regular error annotation, sharing thus concep-
tual ground with other error detection approaches.
Related approaches use ML models trained on ex-
isting annotations to highlight inconsistencies be-
tween predicted and observed labels (Aquino et al.,
2025) or compare annotations to predefined gram-
matical rules (Oepen et al., 2004). Hybrid systems
combine both strategies (Agrawal et al., 2013; Am-
bati et al., 2011), while others identify consistent
sequences in order to extract reliable patterns be-
fore extracting anomalies (Dickinson, 2015).

Our approach can be reframe as an error detec-
tion method for harmonizing annotations across
corpora. First, we use ML techniques to extract
salient syntactic patterns, treating those unique to
one corpus as potential inconsistencies. Subse-
quently, statistical tests are used to analyze vari-
ations in shared patterns, which can signal either
genuine linguistic differences or annotation discrep-
ancies. Interpretation depends on corpus similarity:
in closely related treebanks, variations more likely
indicate annotation errors, while for distant cor-
pora, linguistic knowledge is required to determine
the cause.

7 Takeaways

We present a comprehensive framework to extract
contrastive grammar rules and tendencies from syn-
tactic treebanks. It allows us to induce a concise
set of grammar rules that reflect statistical differ-
ences between closely related languages. A more
exploratory and less conservative approach is pos-
sible by adjusting a few hyperparameters. Indi-
rectly, the method can be used to find annotation
inconsistencies across treebanks. Experiments also
show the limitations of doing automatic grammar
extraction and linguistic analysis with universal
collections. For this reason, we encourage UD con-
tributors maintaining related language treebanks to
work together to harmonise annotation choices.



Limitations

Our sample presents three potential limitations.
Firstly, our Romance sample does not cover all
the language family diversity. Additionally, we
only focus on object clitics, leaving out locative or
genitive clitics. More critically, the heterogeneity
of genres present within the employed treebanks
introduces a confounding variable. Weak statis-
tical trends may be attributable to variations or
properties inherent to specific genres, rather than
solely reflecting inherent linguistic characteristics.
Third, the sample suffers from annotation inconsis-
tencies and errors, introducing some noise in our
results. Finally, concerning our methodology, it
is important to emphasize that extracted grammar
rules should be interpreted as having a predictive
or directional nature, and not as causal factors.
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A Sparse Logistic Regression Hyperparameters

We use skglm (Bertrand et al., 2022; Moufad et al., 2023) Sparse Logistic Regression implementation.
We use default hyperparameters, except for the regularization parameter, which we vary from 0.1 to 0.001
in 100 steps.

B Distinctive Rule Distributions

To analyze the interrelationships between languages according to their distinctive rules, we present two
series of matrices. The first series consists of co-occurrence matrices (Figure 5), which quantify how
often languages fall into the same cluster for a given rule. The second series, composed of difference
matrices (Figure 6), shows the inverse: how frequently languages are separated into different clusters. The
matrices reveal the nuanced relationships across treebanks. For example, in the case of pronominal object
word order (28 rules in total), Spanish and French only co-cluster in eight rules and are separated in 20,
primarily due to their differing behavior in infinitive and gerund constructions. Conversely, Romanian and
French are often grouped together. This is not due to a strong resemblance between the two languages,
but rather because they are both systematically different from the more homogeneous Italo-Iberian group.
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Figure 5: Co-occurrence matrices of shared rules for object, pronominal object, and nominal object word order
across treebanks. Languages are ordered alphabetically.

(a) Object WO (14) (b) Pronominal Object WO (28) (c) Nominal Object WO (2)
2 g 2 = 2 =
g 5 . - g8
(=N [Z] [Z]
SEZEE 52 2% EEERE
835 ¢ & 835 & & 8355 5 &
L= A K® L= A K n [SIER— Wi " )
French - French - French -
Italian 12 - Italian 24 - Italian 0 -
Portuguese 13 3 - Portuguese 28 4 - Portuguese 0 0 -
Romanian 3 10 12 - Romanian 3 25 28 - Romanian 2 2 2 -
Spanish 4 8 11 4 - Spanish 20 6 8 20 - Spanish 0002 -

Figure 6: Difference matrices of distinctive rules for object, pronominal object, and nominal object word order
across treebanks. Languages are ordered alphabetically.

C Model Evaluation

Table 4, on the next page, shows the evaluation scores for the selected rules on the training and test
sets. Sparse linear models generalize well across all test sets. Performance scores for the nominal object
order model were excluded due to extreme class imbalance. Macro-averaged measures are reported. The
simplicity of the task makes the evaluation scores relatively uninformative.



Majority-cl
Dataset Accuracy Precision Recall F1-score ajority-class

Baseline

GENERAL WORD ORDER 0.57
Train 0.93 0.93 0.94 0.93
Test 0.93 0.93 0.93 0.93

OBJECT ORDER 0.87
Train 0.98 0.97 0.95 0.96
Test 0.98 0.97 0.95 0.96

ORDER OF PRONOMINAL OBJECTS 0.72
Train 0.98 0.97 0.97 0.97
Test 0.97 0.97 0.96 0.96

Table 4: Scores on train and test (25%), with the selected features, excluding the Catalan treebank.
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