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Abstract
The paper introduces Parallel Trees, a novel multilingual treebank collection that 
includes 20 treebanks for 10 languages. The distinguishing property of this resource 
is that the sentences of each language are annotated using two syntactic representa-
tion paradigms (SRPs), respectively based on the notions of dependency and con-
stituency. By aligning the annotations of existing resources, Parallel Trees represents 
an example of exploiting pre-existing treebanks to adapt them to novel applications. 
To illustrate its potential, we present a case study where the resource is employed 
as a benchmark to investigate whether and how BERT, one of the first prominent 
neural language models (NLMs), is sensitive to the dependency- and constituency-
based approaches for representing the syntactic structure of a sentence. The case 
study results indicate that the model’s sensitivity fluctuates across languages and 
experimental settings. The unique nature of the Parallel Trees resource creates the 
prerequisites for innovative studies comparing dependency and phrase-structure 
trees, allowing for more focused investigations without the interference of lexical 
variation.
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1  Introduction

In the last few years, the advent of neural language models (NLMs) based on Trans-
former architectures has revolutionized the natural language processing (NLP) field 
by achieving unprecedented performance across a wide range of natural language 
understanding and generation tasks (Wang et  al., 2018). Despite their remarkable 
success, these models pose an open challenge due to their inherent opacity, making 
it difficult to decipher the mechanisms underlying their operations (Belinkov, 2022) 
and to holistically assess their multifacet abilities (Liang et al., 2023). For this rea-
son, the NLP community has witnessed a surge in studies aimed at interpreting and 
evaluating these models, seeking to unveil their inner workings as well as potential 
limits.

Of particular interest to the present study is the considerable body of research 
that has exploited either pre-existing or newly built resources to assess the linguistic 
abilities of NLMs, with a specific focus on evaluating their syntactic competencies 
(Waldis et al., 2024). These studies select multiple linguistic abilities to be assessed, 
whether they involve linguistic structures (e.g., semantic or syntactic relation types) 
or targeted linguistic phenomena (e.g., subject-verb agreement).

To the best of our knowledge, although a wide range of syntactic phenomena 
has been tested, a less-explored research area focuses on the models’ sensitivity 
to alternative ways to represent the syntactic structure of sentences, for instance in 
terms of dependencies or constituents. This topic has been discussed, among others, 
by Kulmizev et  al. (2020); Kogkalidis and Wijnholds (2022); Arps et  al. (2022). 
However, it seems that the research community has not yet reached a consensus on 
whether different syntactic formalisms have an impact on NLMs’ abilities to master 
specific syntactic structures (Muñoz-Ortiz et al., 2023). This highlights the need for 
resources that enable direct comparisons across syntactic representation paradigms, 
making their development both timely and relevant.

To fill this gap, this paper introduces Parallel Trees, a newly developed multilin-
gual resource designed to serve as a benchmark for exploring how different syntac-
tic representation paradigms (SRPs) represent linguistic information. The resource 
comprises a collection of 20 treebanks for 10 different languages belonging to mul-
tiple language families. We named it Parallel Trees to highlight its primary novel 
characteristic: for each language, the resource includes sentences acquired through 
an articulated alignment process from pre-existing treebanks, each of which is 
assigned two types of syntactic representations, respectively based on a constitu-
ency (hereafter C-SRP) and a dependency (D-SRP) model of syntax. Note that here 
the parallelism, rather than being over parallel corpora (i.e. translationally equiv-
alent texts in different languages) as in the case of parallel treebanks, is referred 
to the syntactic representation. For both considered SRPs, we resorted to de facto 
representation standards. Concerning D-SRP, we choose the treebanks developed 
in the framework of the Universal Dependencies (UD) project, since it offers the 
most comprehensive collection of multilingual resources annotated with a shared 
dependency-based annotation scheme (Nivre et al., 2016, 2020; de Marneffe et al., 
2021). For C-SRP, we selected the annotation scheme of the Penn Treebank (PTB) 



3447Parallel Trees

(Marcus et al., 1994) whenever possible, as it has a long-standing history as a train-
ing and evaluation corpus in natural language processing, also for languages beyond 
English.

To the best of our knowledge, Parallel Trees represents a novel and original 
resource among syntactically annotated treebanks with the potential to avoid inter-
ference from other linguistic elements - particularly the semantic content of sen-
tences - thereby facilitating comparative studies based on contrastive analysis of 
dependency and constituency trees. Methodologically, the resource also offers an 
example of  re-using and adapting pre-existing resources to make them suitable to 
address novel challenges and research questions.

To demonstrate one of the possible applications of the Parallel Trees resource, 
the paper presents a case study in which the resource is used to investigate the sen-
sitivity of neural language models to the two considered syntactic representation 
paradigms. In line with the literature on assessing the linguistic competencies of 
NLMs, we adopted one of the mostly used evaluation methodologies: the diagnos-
tic probing approach (Conneau et  al., 2018; Warstadt et  al., 2019a). To this aim, 
we designed four probing tasks that capture key properties of a sentence. In these 
tasks, the probing model uses, as input, sentence embeddings from one of the first 
prominent NLMs, BERT (Devlin et al., 2019). Specifically, we investigated whether 
BERT encodes dependency and constituency information in distinct ways, thus 
revealing its sensitivity to different syntactic representation formalisms and whether 
this sensitivity varied across the observed linguistic properties and languages.

The remainder of the paper is organised as follows. We present the related work 
and background in Sect. 2. Section 3 introduces the novel Parallel Trees resource. 
In particular, we describe the alignment methodology that led to the construction of 
the novel resource (Sect. 3.1), introduce the languages and source treebanks covered 
(Sect. 3.2), and illustrate the distribution of a selection of linguistic features across 
the considered treebanks (Sect. 3.3). Section 4 presents the case study. The models 
employed and the experimental settings are detailed in Sect. 4.1, and the experimen-
tal results are reported in Sects. 4.2 and 4.3. Section 4.4 summarises the main results 
of this work and Sect. 5 presents the conclusions and possible future developments.

2 � Background

The background of the work reported in this paper is provided from different per-
spectives. Section  2.1 focuses on the syntactic representation paradigms cov-
ered by the Parallel Trees resource: we start from the notions of constituency and 
dependency for the syntactic modelling of sentences and briefly survey the debate 
around them from different perspectives. Section 2.2 discusses the emerging roles 
that annotated linguistic resources play in assessing NLM competencies. Finally, 
Sect.  2.3 presents the background of the case study, illustrating prior research in 
which the diagnostic probing paradigm, i.e. the approach we employed in our case 
study, has been used to investigate whether and how different syntactic formalisms 
impact probing results.
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2.1 � Syntactic representation paradigms

Constituency and dependency representations are based on totally different assump-
tions. In C-SRP, a given sentence is divided into phrasal constituents, which include 
terminal nodes (labelled with vocabulary items) and non-terminal nodes (labelled 
with syntactic categories, e.g. Noun Phrase, Verb Phrase, etc.). This representa-
tion type is highly hierarchical and divides the sentences into recursively embed-
ded phrasal constituents. As opposed to C-SRP, dependency-based representations 
directly encode word-to-word grammatical relationships, without making use of 
phrasal constituents. Dependency links are established between a head (or governor) 
and a dependent: essentially, dependencies are binary, asymmetric governance rela-
tions holding between words. These relations are usually labelled with functional 
labels such as Subject, Direct_Object, Modifier, etc.

Given the different assumptions underlying C-SRP and D-SRP, let us consider 
some of the main differences in modelling the syntactic structure of a sentence. Con-
stituency trees, as already mentioned, contain non-terminal nodes, while depend-
ency representations do not. From this it follows that dependency trees look flatter 
compared to the hierarchical syntactic structures in which nested constituency plays 
a key role. Osborne (2014) reports that the number of nodes in dependency-based 
structures tends to be approximately half that of constituency-based structures (p. 
624). These differences lead to different treatments of non-local phenomena, such as 
ellipsis, and discontinuity. C-SRP representations often address these constructions 
using a trace-filler notation, which incorporates empty nodes to represent missing or 
distant constituents. Conversely, dependency trees typically do not represent empty 
categories (Rambow & Joshi, 1997), unless explicit mechanisms are introduced, 
such as zero wordforms (Mel’čuk et al., 1988; Mel’čuk & Polguère, 2009).

In both C-SRP and D-SRP, the syntactic structure of a sentence is represented as 
a tree, as exemplified in Fig. 1 which shows the constituency- and dependency-based 

Fig. 1   Constituency (top) and dependency (bottom) trees representing an Italian sentence [transl. “The 
song is sung in pure scream style”] extracted from the Turin University Treebank
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representations for the following Italian sentence extracted from the Turin Univer-
sity Treebank (Bosco et al., 2012): 

(1)	 La canzone è cantata in puro stile scream. [transl. ‘The song is sung in pure 
scream style.’]

Looking at the two representations,1 it can be noticed that while the dependency 
tree (bottom) is represented in terms of head-dependent relations between words, the 
phrase structure tree (top) includes both non-terminal (phrases) and terminal nodes 
(words). As a consequence, for example, in the phrase structure tree, the verb can-
tata (‘sung’) is linked to its subject canzone (‘song’) and to the prepositional phrasal 
modifier in puro stile scream (‘in pure scream style’) via multiple or one non-ter-
minal nodes, respectively. In contrast, the dependency tree explicitly encodes pred-
icate-argument relationships through labeled dependencies between words, without 
the mediation of intermediate phrasal nodes.

Given the distinct principles of syntactic organization underlying these two rep-
resentations, their relationship has been investigated in the literature from different 
perspectives. In fact, it has been a long-standing problem in theoretical linguistics. 
The debate revolved around different topics, ranging from their formal equivalence 
(see, among others, Hays (1964); Gaifman (1965); Hudson (1980)), the representa-
tional economy and simplicity (e.g., Osborne (2014)), to the empirical adequacy to 
be understood as cross-linguistic data coverage (de Marneffe et al., 2021). Despite 
a lack of consensus on formal aspects of the correspondence between D-SRP and 
C-SRP, linguists often still look at them as equivalent notational variants. Despite 
a lack of consensus on formal aspects of the correspondence between D-SRP and 
C-SRP, linguists often still look at them as notational variants (Nefdt & Baggio, 
2023) or weakly equivalent (Matthews, 1981) (because establishing a one-to-one 
correspondence between them is not always feasible).

In natural language processing, dependency-based methods for syntactic pars-
ing have gained increasing popularity in recent years with respect to constituency 
parsing (Kübler et  al., 2009). Among the practical and technical reasons for their 
increasing popularity, it is worth mentioning here: the direct applicability to NLP 
tasks, including information extraction, semantic parsing, machine translation and 
question answering; the lower computational complexity with respect to constitu-
ency parsing, especially for large-scale applications; the adaptability across lan-
guages, even those with flexible or free word order; last but not least, the availability 
of dependency treebanks for different languages, reinforcing dependency parsing’s 
popularity.

In psycholinguistics and cognitive studies, both constituency-based and depend-
ency-based syntactic representations offer distinct insights into how humans pro-
cess language, and each framework highlights different aspects of cognitive lan-
guage processing. Constituency-based representations are particularly valuable for 

1  Note that the constituency tree reflects the Italian PTB schema, while the dependency tree follows the 
UD scheme.
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examining hierarchical aspects of language comprehension, while dependency-
based representations resonate with theories of immediate, word-to-word process-
ing, reflecting distinct but complementary cognitive processes. As widely discussed 
in Nefdt and Baggio (2023), it appears that neither C-SRP nor D-SRP alone are suf-
ficient to model human syntactic competence and to explain all cross-linguistic, psy-
cholinguistic, and neurolinguistic observations reported in the literature (see Oota 
et al. (2023); Lopopolo et al. (2021) to mention only a few): they both seem neces-
sary (and may be jointly sufficient) to achieve full explanatory adequacy.

2.2 � Linguistic resources as benchmarks for language models

The reuse of pre-existing linguistic resources and the development of new ones that 
include targeted linguistic phenomena as benchmarks have gained renewed impor-
tance in recent years. These benchmarks serve to test whether and to what extent 
NLMs can master diverse linguistic phenomena, as well as their abilities to resolve 
specific NLP tasks. While the literature on this topic is extensive and an in-depth 
survey is beyond the scope of this study, this section aims to provide a broad over-
view of the fundamental role of both new and existing linguistic resources in the 
novel research scenarios of natural language processing.

One of the first objectives in this line of research has been to explore how 
resources can be used to assess NLMs’ abilities to implicitly encode a wide range 
of linguistic knowledge within their sentence representations. This knowledge spans 
from surface-level properties of sentences, as explored in studies like those by 
Conneau et al. (2018), to more complex syntactic (Conneau et al., 2018; Hewitt & 
Manning, 2019) and semantic or discourse-level structures (Ettinger, 2020). A sig-
nificant number of studies focus on datasets explicitly built to test targeted linguistic 
phenomena. Notable examples include the CoLA dataset (Warstadt et  al., 2019b), 
which contains 10,000 sentences covering a variety of linguistic phenomena drawn 
from linguistics papers and books, and the Benchmark of Linguistic Minimal Pairs 
(BLiMP), comprising 67 minimal pair paradigms, each with 1,000 sentence pairs 
in American English grouped into 12 categories (Warstadt et  al., 2020). Another 
prominent example is SyntaxGym (Gauthier et al., 2020), a platform implementing 
the targeted syntactic evaluation paradigm designed to serve users without advanced 
technical skills or computational resources to evaluate models’ syntactic knowl-
edge on many specific phenomena such as subject-verb agreement. More recently, 
Waldis et al. (2024) introduced the Holmes benchmark, which features 208 datasets 
addressing 66 distinct phenomena across morphology, syntax, semantics, reason-
ing, and discourse. With the goal of disentangling NLMs’ syntactic and semantic 
knowledge, Arps et al. (2024) proposed SPUD (Semantically Perturbated Universal 
Dependencies), a framework for creating nonce treebanks for multilingual Universal 
Dependencies corpora.

Beyond the evaluation of specific linguistic phenomena, linguistic resources have 
been extensively developed and employed as benchmarks for testing NLMs’ capa-
bilities across a wide range of natural language understanding and generation tasks. 
Notable examples include GLUE (Wang et al., 2018) and SuperGLUE (Wang et al., 
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2019), BIG-bench (Srivastava et al., 2023). The impact of these evaluation bench-
marks yielded the development of several platforms such as the OpenLLM Leader-
board (Beeching et al., 2023). These resources allow testing models on applied com-
petencies, such as commonsense reasoning, sentence similarity and domain-specific 
problem-solving.

To the best of our knowledge, no existing resource offers a systematic frame-
work for testing NLMs’ abilities to compare the two SRPs using treebanks aligned 
at the token level with constituency and dependency annotation. The only notable 
exception is the dataset developed for the 2013 Statistical Parsing of Morphologi-
cally Rich Languages (SPMRL) Shared Task (Seddah et  al., 2013), covering nine 
languages and with parallel constituency and dependency annotations. The dataset, 
however, is no longer available. Although in the SPMRL dataset constituency- and 
dependency-annotated sentences were aligned at the token level, for each language 
distinct annotation schemes and criteria were used for the different levels (morpho-
syntax, constituency and dependency syntactic representations). Furthermore, most 
annotations were automatically generated for the SPMRL shared task and used with-
out manual revision.

2.3 � Diagnostic probing for syntactic representational structure

The diagnostic probing paradigm (Conneau et al., 2018; Warstadt et al., 2019a) is 
one of the most widely adopted interpretability approaches for NLMs in the litera-
ture. Specifically, it relies on the rather simple idea that if a lightweight classifier 
(the probing model) successfully predicts a given language property (the probing 
task) by using the sentence embeddings of a pre-trained NLM as input, we can 
assume that the model somehow encoded the property. To this end, several meth-
ods have been implemented also taking inspiration from human language experi-
ments (Ettinger, 2020) and demonstrated that sentence-level representations encode 
linguistic knowledge in a hierarchical manner (Belinkov et al., 2017; Blevins et al., 
2018; Tenney et al., 2019), and can even support the extraction of either undirected 
(Hewitt & Manning, 2019) or labelled and directed dependency parse trees (Müller-
Eberstein et al., 2022).

Despite the substantial body of work dedicated to probing the inherent abilities of 
NLMs, there are still several open questions concerning their use (Hewitt & Liang, 
2019; Maudslay & Cotterell, 2021; Belinkov, 2022). Among the many open meth-
odological aspects, it is worth mentioning a cross-cutting direction of research that 
concerns the potential influence of syntactic formalisms on the probing outcomes. 
This line of research investigates how the choice of syntactic representation para-
digms used for annotating benchmark resources might affect the results of the prob-
ing tasks.

As highlighted by Belinkov (2022), the majority of probing studies have relied on 
dependency-based syntactic representations, with the Universal Dependencies (UD) 
formalism being particularly prominent. However, few studies have examined the 
impact of alternative syntactic paradigms on evaluating NLMs’ syntactic competen-
cies. The most commonly considered alternative is the constituency-based approach 
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even if few studies are focused on probing NLMs solely for constituency structure. 
A notable exception is the study by Arps et al. (2022), who used probing techniques 
to assess the accuracy of representing constituents of different categories within the 
neuron activations of a LM such as RoBERTa. On the contrary, a more prominent 
line of research is dedicated to the comparative study of the models’ sensitivity to 
the two syntactic representation paradigms. Among the first studies, Tenney et al. 
(2019) conducted a comparative analysis of four contextualized representation mod-
els, probing their abilities across a suite of eight core natural language processing 
tasks. These tasks encompassed both syntactic and semantic phenomena, including 
both constituent and dependency labelling. The authors used distinct benchmarks for 
each task and did not directly compare the two syntactic labelling paradigms. How-
ever, their results indicated higher probing accuracies in the dependency labelling 
task, suggesting that the models may have a preference for implicitly encoding this 
paradigm.

An investigation more focused on a direct comparison between two different 
formalisms of the same dependency representation paradigm is the main focus of 
Kulmizev et al. (2020). The authors conducted a study on 13 languages and probed 
two NLMs (BERT and ELMO) for two formalisms, i.e. UD and Surface Universal 
Dependencies (SUD), a representation scheme more oriented towards surface struc-
ture (Gerdes et al., 2018). Although the experiments show different sensitivities of 
the models to the two formalisms, the results seem mainly influenced by the typo-
logical properties of the considered languages rather than the syntactic formalisms. 
It’s essential to note that SUD and UD are very similar formalisms, both based on 
D-SRP, diverging primarily with respect to the inventory of labels and the use of 
functional words as heads.

BERT and ELMO were also used by Vilares et al. (2020) to compare the effec-
tiveness of precomputed embeddings for dependency and constituency parsing. 
Results suggest that the embeddings of both models are particularly effective in 
constituency parsing. However, relying on different treebanks for each parsing task 
makes the results obtained not directly comparable. Furthermore, this work is con-
strained by focusing solely on the English language. Divergent findings are reported 
by Muñoz-Ortiz et al. (2023), who did not find clear evidence indicating a prefer-
ence for encoding dependency-based syntactic information over constituency-based 
information in pre-trained word vectors of three NLMs. They performed a multilin-
gual analysis by selecting 13 UD treebanks and 8 constituency treebanks. However, 
they did not rely on parallel resources.

Based on the current state of the art, there is no clear consensus about which syn-
tactic representation paradigm a language model is more sensitive to.

3 � The Parallel Trees resource

Parallel Trees is a unique multilingual resource specifically conceived to compare 
the linguistic structure of a sentence formalized by constituency- vs. dependency-
based representations. The resource originates from a set of pre-existing tree-
banks for 10 languages which were annotated from both perspectives. Note that we 
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deliberately selected treebanks openly and freely accessible for research purposes to 
ensure transparency and replicability of results.

As introduced in Sect. 1, for the D-SRP we choose the treebanks developed in 
the framework of the Universal Dependencies (UD) project, offering a wide collec-
tion of multilingual resources annotated with a shared syntactic annotation scheme 
(de Marneffe et al., 2021). For what concerns C-SRP, we considered the annotation 
scheme of the Penn Treebank (PTB) originally developed for English (Marcus et al., 
1994). Over the years, many treebanks have been developed for different languages 
using PTB or PTB-inspired annotations. Differently from the UD resources sharing 
the same annotation scheme, PTB annotation for different languages might feature 
language-specific adaptations, in particular for what concerns not directly observ-
able data, handled in PTB in terms of empty categories. Nevertheless, cross-lan-
guage comparability is guaranteed by the fact that all languages share the same core 
phrase-based annotation principles.

As detailed in Table 1, the newly created multilingual resource consists of 87,376 
sentences with parallel annotations, which represent a subset of the original tree-
banks. This subset is the result of a comprehensive alignment strategy (see Sect. 3.1) 
aimed at ensuring consistency between the source constituency and dependency 
treebanks. The selection of the 10 languages included in Parallel Trees was guided 
by the availability of treebanks annotated according to the two annotation schemas 
considered, namely UD and PBT.

3.1 � The alignment approach

In Parallel Trees, each sentence is assigned both a dependency- and a constituency-
based representation. As a first step, we identified languages with the same tree-
bank annotated according to both dependency- and constituency-based syntactic 
representations. For treebanks where the PTB format was unavailable, we checked 
whether the resource was distributed in other constituency-based formats compara-
ble to the Penn Treebank. If so, we included these resources in our dataset and the 
subset of sentences annotated according to both SRPs was extracted. Specifically, 
sentence trees were aligned by matching words or assigned IDs between sentences 
in the source dependency and constituency treebanks. Furthermore, and most impor-
tantly, we verified that the sentences paired using IDs were equally segmented and 
tokenized. In this way, we ensured that the constituency and dependency parallel 
trees refer to exactly the same sentences, and differ only at the level of the assigned 
syntactic annotation.

The number of parallel trees, reported in the last column of Table 1, reflects a 
reduction in the original dataset sizes due to our alignment strategy. For instance, 
some sentences were excluded due to different splitting strategies used in the con-
stituency and dependency versions (e.g., whether semicolons trigger sentence split 
or not), or were omitted by curators during formalism conversion. Despite the reduc-
tion, this approach ensures consistent alignment of trees.

Furthermore, it is worth mentioning that the Parallel Trees collection was chal-
lenged also by treebank license restrictions, particularly in the case of constituency 
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treebanks. These resources are not always freely accessible, easily available, or 
actively maintained, and the treebanks selected for the study do not encompass all 
existing treebanks annotated according to both SRPs. Rather, these were specifically 
chosen because they were curated and maintained by their respective authors, who 
provided the necessary support during the data collection process thus facilitating 
the reproducibility of the experiments (see Acknowledgments).

To further support the research community, the Parallel Trees resource is    avail-
able in the Open Collection of the CLARIN repository and the following webpage.

3.2 � Languages and source treebanks

The set of ten languages included in the Parallel Trees resource spans across lan-
guages showing different typological properties. Specifically, the set covers four lan-
guage families, internally distinguished in genera according to the World Atlas of 
Language Structures (WALS) (Dryer & Haspelmath, 2013).2 Most of the languages 
fall within the Indo-European family, which includes two major groups: Romance, 
represented in this work by Catalan, French, Italian, Portuguese, and Spanish, and 
Germanic languages, here represented by Dutch and Icelandic. The remaining three 
languages belong to different families: Indonesian belongs to the Austronesian fam-
ily, while Turkish and Vietnamese belong to the Turkic and Austro-Asiatic families, 
respectively.

The languages included are somewhat limited in terms of typological variety, 
having 5 out of 10 languages belonging to the Romance genus, a branch of the Indo-
European language family. However, we selected these languages because they are 
the only ones with available treebanks annotated using both dependency- and con-
stituency-based syntactic representations. Additionally, they are diverse enough to 
allow investigations into whether differences and similarities between syntactic rep-
resentation paradigms relate to typological properties.

Below, we present the source treebanks for each language, along with details 
regarding the construction process of their constituency- and dependency-based ver-
sions. Links to the source treebanks and the indication of the versions we used are 
provided in Appendix A, while the key properties specific to each treebank are sum-
marised in Table 1.

Catalan and Spanish 
These two languages are covered by the AnCora project (Taulé et  al., 2008), 

which provides treebanks for Catalan and Spanish (Castillian) annotated according 
to multiple SRPs.

Constituency treebank: The AnCora phrase-structure annotation is based on a 
theory-neutral annotation scheme, with language-specific tagset and annotation cri-
teria. Among its main features, it is worth mentioning that: no formal distinction 
between arguments and adjuncts is made in the syntactic tree; the verb node is rep-
resented as a sister node of its complements (either arguments or adjuncts); ellipti-
cal subjects are encoded as empty nodes; nominal, adjectival and adverbial phrases 

2  http://​wals.​info.

http://wals.info
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are assigned a multilevel representation modelling their internal structure, possibly 
highly nested. These properties, as we will discuss further, have consequences at the 
level of tree depth.

Dependency treebank: The first conversion of AnCora treebanks into UD depend-
ency trees was carried out automatically from the original constituency-based ver-
sions (Civit et al., 2006); the result was released for the UD version 1.3. Subsequent 
releases underwent manual revision to remove errors and inconsistencies (Alonso & 
Zeman, 2016).

Dutch 
The Alpino Treebank of Dutch originates from a combination of samples from 

various treebanks annotated using the Alpino annotation tools and guidelines. In 
its native format, distributed in XML, Alpino employs a hybrid annotation scheme, 
encoding both dependency and constituency information (Van der Beek et al., 2002).

Constituency treebank: The constituent annotation of Alpino employs a theory-
independent annotation format, where constituents are marked through bracketing 
and assigned a syntactic category. Note that functional information is annotated as 
node attributes, without affecting the overall tree structure.

Dependency treebank: The Alpino treebank was automatically converted to UD 
and included in the training set of UD Alpino Treebank since the UD v1.2 release 
(Bouma & van Noord, 2017). For the UD version 2.1 release, the treebank under-
went manual revision.

French 
The French Treebank (Abeillé et  al., 2000) is the outcome of a long-term pro-

ject aimed at building a theory-neutral, surface-oriented treebank with both constitu-
ency- and dependency-based annotation.

Constituency treebank: The phrase-structure representation of the French Tree-
bank is based on the PTB bracketed formalism, but the schema was slightly adjusted 
to produce surface and shallow annotations with major phrases and little internal 
structure (e.g. in the noun phrase, determiners and modifying adjectives are sister 
nodes). For verbal phrases, only the minimal verbal nucleus (clitics, auxiliaries, 
negation and verb) is marked, excluding complements.

Dependency treebank: UD-FTB (Seddah et al., 2018) is the UD treebank result-
ing from the automatic conversion of the constituency trees of the French Treebank. 
The conversion of the French Treebank to UD started with the v2.0 release, and was 
performed automatically (Bonfante et al., 2018).

Icelandic 
The Icelandic Parsed Historical Corpus (IcePaHC) is a diachronic corpus with 

samples of written Icelandic spanning from the 12th century to modern times 
(Rögnvaldsson et al., 2012). For the specific concerns of this study, we focused on 
the 21st-century texts from the Modern Treebank. This subset includes parliamen-
tary speeches delivered by four Icelandic members of parliament between 2011 and 
2015, as well as newswire articles about sport.

Constituency treebank: The phrase-structure annotation of the Icelandic Treebank 
follows the annotation guidelines of The Penn Parsed Corpora of Historical English 
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(PPCHE),3 the version of the Penn annotation scheme adapted for Old English, with 
minor modifications tailored to Icelandic. The annotation, carried out automatically, 
was then manually revised.

Dependency treebank: The Icelandic Modern treebank became part of UD since 
the v2.7 release thanks to an automatic conversion process from the Penn Treebank 
format to Universal Dependencies (Arnardóttir et al., 2020).

Indonesian 
The Kethu treebank, derived from the Universitas Indonesia Constituency Tree-

bank (UI-CTB) (Dinakaramani et al., 2014), is a resource focusing on formal Indone-
sian newswire articles (Arwidarasti et al., 2019).

Constituency treebank: The Kethu constituency treebank results from the conver-
sion of UI-CTB to the Penn Treebank format, which was modified for what con-
cerns tokenization and compound annotation. The conversion was carried out auto-
matically, followed by manual revision.

Dependency treebank: An automatic process converted Kethu to UD, resulting 
in the CSUI-UD treebank (Alfina et al., 2020), a quite small treebank built at the 
Faculty of Computer Science, Universitas Indonesia, which is part of the Universal 
Dependencies project since the v2.7 release.

Italian. 
The Turin University Treebank (TUT) (Bosco et al., 2000) is an Italian resource 

that features parallel syntactic annotations in various formats. The treebank com-
prises miscellaneous texts, spanning from newswire articles, legal texts, and Wiki-
pedia pages.

Constituency treebank: Although the original TUT annotation follows a lan-
guage-specific dependency-based schema, a constituency-based representation of 
TUT sentences has been made available in the Penn Treebank phrase structure for-
mat (slightly adapted to Italian) (Bosco, 2007). The constituency PTB format results 
from an automatic conversion applied to the language-specific dependency format in 
which the resource was originally annotated.

Dependency treebank: TUT is part of UD since v1.0. It was automatically con-
verted to the UD annotation scheme and merged with other existing Italian resources 
to create the Italian UD Treebank (Bosco et al., 2013). In subsequent releases, the 
treebank annotation underwent multiple steps of manual revision (Alzetta et  al., 
2017).

Portuguese. 
For Portuguese, we focused on the European variant represented by the Bosque 

treebank (Afonso et al., 2002), CETEMPúblico portion.
Constituency treebank: Bosque is a constituency-annotated resource, part of the 

Floresta Sintá(c)tica treebank, originally created using a Constraint Grammar parser. 
The treebank has been converted to multiple formalisms, including the PTB format.

Dependency treebank: Bosque was automatically converted to the UD format 
by applying a context-sensitive set of Constraint Grammar rules (Bick, 2016) with 
additional manual corrections (Rademaker et al., 2017) and became part of the UD 
resource collection since v1.2.

3  https://​www.​ling.​upenn.​edu/​ppche/​ppche-​relea​se-​2016/​annot​ation

https://www.ling.upenn.edu/ppche/ppche-release-2016/annotation
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Turkish 
For Turkish, we started from the Turkish Penn Constituency Treebank, consist-

ing of a collection of 10,000 sentences, each with a maximum length of 15 tokens 
(Kuzgun et al., 2021).

Constituency treebank: The Turkish Penn Constituency Treebank includes 
sentences translated from the original version of the Penn Treebank (Kara et al., 
2020). For their annotation, the PTB scheme was adapted to provide a more accu-
rate syntactic representation of the Turkish language. Annotation was carried out 
manually in parallel with the translation process.

Dependency treebank: The UD Turkish Penn treebank is the result of semi-auto-
matic morphological parsing combined with manual annotation of UD dependen-
cies. During the dependency annotation process, annotators were able to view the 
original sentences from the Penn Treebank, allowing them to verify and correct 
the sentences based on the original data. This treebank has been part of Universal 
Dependencies since the UD v2.8 release.

Vietnamese 
The Vietnamese Language and Speech Processing (VLSP) project is aimed at 

building resources and tools for processing Vietnamese. Among these resources, 
the VietTreebank (Nguyen et al., 2009) is the monolingual treebank of Vietnamese 
which features syntactic trees with both constituent and functional information. Note 
that Vietnamese is an isolating language and has no word delimiter, thus words here 
correspond to the smallest unit which is syntactically independent.

Constituency treebank: The original annotation of the VietTreebank includes 
both constituency and functional information. Among the supported representation 
formats there is also the bracketing representation of the Penn Treebank. The anno-
tation was obtained semi-automatically: a first portion of the treebank was manu-
ally annotated, while the subsequent portions were annotated automatically and then 
manually revised.

Dependency treebank: The Vietnamese UD treebank is a conversion of the con-
stituent treebank created in the VLSP project. The treebank, among the UD tree-
banks since the v1.4 release, was included in the training set of the VLSP shared 
task on Vietnamese universal dependencies parsing (Linh et al., 2020).

This overview indicates that, for each language, the selected treebanks were orig-
inally conceived in various annotation formalisms. Six of the considered resources 
have been originally developed as constituency treebanks (namely, Catalan, Icelan-
dic, Indonesian, Portuguese, Spanish and Turkish). Three of them (Dutch, French 
and Vietnamese) were hybrid resources combining constituency and functional 
information, whereas the Italian treebank is the only one originally conceived as a 
dependency treebank.

For what concerns the annotation schema that we consider in our resource, all the 
Universal Dependencies (UD) annotations (version 2.9, Zeman et  al., 2021) were 
obtained via conversion, carried out automatically, followed by manual revision in 
many cases. The situation of constituency-based treebanks is more intricate. Two 
languages (Icelandic and Turkish) were natively annotated using the Penn Tree-
bank (PTB) annotation scheme. French, Indonesian, Italian, Portuguese and Viet-
namese treebanks are distributed across various formats and schemas, including the 
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Penn Treebank one, possibly with minimal language-specific adaptations to handle 
discontinuous constituents and traces. The remaining three, Catalan, Spanish and 
Dutch, are annotated following a constituency-based schema inspired by PTB, but 
with major modifications tailored to handle specific constructions.

Besides the differences at the level of adopted annotation scheme, it is worth 
mentioning that the treebanks analyzed primarily consist of newspaper articles, with 
the exceptions being the Icelandic, Italian, and Indonesian treebanks, which also 
include other text types. This consistency in genre across most of the treebanks is 
considered important for minimizing genre-specific biases or interference in linguis-
tic studies and applications based on the Parallel Trees resource.

Since this information is crucial for preservation and distribution, Table 1 pro-
vides the licensing details for each treebank. It is important to note that while all 
UD treebanks are freely available (at least for the morpho-syntactic and dependency 
annotations), some of the constituency-based treebanks may require users to accept 
a license agreement with the source treebank curators in order to access the data.

3.3 � Profiling the parallel trees treebanks

To illustrate the degree of equivalence or divergence between dependency-based 
and constituency-based representations in the Parallel Trees resource, we analyzed 
the trees by computing the distribution of a set of selected features. As detailed in 
Sect.  3.3.1, these features capture structural properties related to two fundamen-
tal dimensions of a syntactic tree: i.e. tree width and depth. These properties are 
independent of specific constituency or dependency labels and can thus be used to 
contrastively characterize the dependency vs constituency representations for each 
language.

Fig. 2   Constituency (top) and dependency (bottom) tree representing the example sentence (2) extracted 
from the Turin University Treebank
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3.3.1 � Linguistic features

In what follows, we introduce the linguistic features and describe how they were 
computed using the following sample sentence taken from the Italian Turin Univer-
sity Treebank, whose PTB and UD representations are reported in Fig. 2: 

(2)	 Tutti i radar dello scenario continuano a funzionare regolarmente. [transl. ‘All 
the radars in the scenario continue to operate normally.’]

•	 Maximum depth of the tree (max-depth): It represents a global property of the 
sentence structure. For dependency trees (DTs), the length is computed as the 
path, in terms of dependency links, from the root to the furthest leaf node. For 
phrase structure trees (PSTs), it is determined by the longest path from the root 
to a non-terminal node reporting the part of speech (PoS) of a word. We do not 
include the path connecting the PoS to its corresponding word (which functions 
as one of the tree’s leaves) as they are positioned at the same level according 
to the annotation schema. As in both cases, we consider the longest path of the 
tree, the maximum depth can be assimilated to the tree height. In the UD repre-
sentation of (2) the value of this feature is equal to 3, corresponding to the three 
intermediate dependency links that are crossed in the path going from the root of 
the sentence (continuano, ‘continue’) to each of the more distant leaf nodes, rep-
resented by two words: di (‘in’) and lo (‘the’).4 When computed on the PST, the 
feature value is 6, corresponding to the six intermediate nodes between the root 
node (S) to the adverbial node (ADVB), which is the most distant one.

•	 Average length of phrases/dependency links (avg-len): it refers to a local 
property of a sentence and is computed on the basis of the linear order of ele-
ments. Specifically, in DTs it represents the average number of words occurring 
between a syntactic head and its dependent, excluding punctuation. For PSTs, 
we followed Nenkova et al. (2009) who computed this feature as “the number of 
words comprising a given type of phrase, divided by the number of phrases of 
this type”. However, we computed the average length by considering the lengths 
of all phrase types in a sentence. The average dependency length of example (2) 
is 1.89, while the average phrase length is 3.55.

•	 Maximum phrase/link length (max-len): it complements the avg-len feature 
by referring to the longest dependency link and largest phrase in a DT and PST 
representation respectively. In (2), the longest link connects ‘radar’ and ‘continu-
ano’ and it is 4-token long, while the largest phrase is 6-token long.5

•	 Average clause length (avg-cl-len): it is aimed at modeling a local structure of 
the sentence and it is computed as the average number of tokens per clause. Due 
to the fact that DTs do not explicitly mark clause boundaries, the feature is cal-
culated in a UD tree as the ratio between the number of tokens in a sentence and 

4  The syntactic head is always marked in italics.
5  Note that we do not consider the length of the phrase introduced by the root node, labelled as ‘S’ in 
example (2), as this would result in the longest phrase always corresponding to the length of the sentence.
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the number of verbal and nominal predicates, identified by either a verbal head 
or a copula. Conversely, the feature is computed on a PST by relying on the non-
terminal nodes which are indicated as introducing a clause in the annotation doc-
umentation of each treebank.6 Thus, in the 10-token long sample sentence (2), 
the average value is 5 when computed on the UD tree since there are two verbal 
heads (‘continuano’ and ‘funzionare’). When computed on the PST, the average 
clause length is also 5, although this time the value is obtained by averaging the 
length of the two phrases introduced by ‘S’: one is the 10-token long sentence, 
and the other is the 2-token long phrase ‘funzionare regolarmente’.

3.3.2 � Feature distribution in parallel trees

Table  2 and Table  3 report multiple statistics acquired from the constituency and 
dependency sections of each treebank. For each treebank section, reported statistics 
refer to All sentences, whereas the values in the Min and Max rows refer respectively 
to the top 10% of shortest and longest sentences of each treebank. We decided to 
focus separately on these length-based sentence subsets since the linguistic features 
considered here are strongly correlated with sentence length. This makes it possible 
to explore the variation between the sentences with the highest and lowest lengths 
and the full set. In particular, we computed the average length of the sentences (col-
umn len in both tables), the average feature values,7 and the variation coefficient 
(cv), corresponding to the internal variability within each set of sentences in relation 
to their mean values. We also computed the absolute effect size (r) of the Wilcoxon 
Signed-Rank Test8 between paired dependency (DT) and constituency (PST) tree-
banks to quantify the extent of variation between the two series.

The significance test revealed highly significant differences ( p < 0.001 ) across 
the two formalisms for most languages and features. The absolute effect size scores 
show that the feature consistently exhibiting the highest average r scores across the 
ten treebanks is max-depth. This indicates a substantial distinction in the values rep-
resenting the depth of syntactic trees between dependency and constituency repre-
sentation formalisms. Indeed, the feature distributions in the tables demonstrate that, 
as expected (see Sect. 2.1), in all languages DTs exhibit lower feature values com-
pared to the corresponding constituency trees. In contrast, avg-cl-len displayed the 

6  The complete list of non-terminal node labels introducing a clause is provided for each language 
below. Additional details about the types of clauses associated with each label, where applicable, can 
be found in the guidelines specific to each language. Catalan and Spanish: ‘sentence’, ‘S’; Dutch: ‘top’, 
‘smain’, ‘ssub’; French: ‘SENT’, ‘VPinf’, ‘Sint’, ‘VPpart’, ‘Ssub’, ‘Srel’, ‘COORD’; Icelanding: ‘IP-
MAT’, ‘CP-THT’, ‘CP-CAR’, ‘CP-CLF’, ‘CP-CMP’, ‘CP-DEG’, ‘CP-FRL’, ‘CP-REL’, ‘CP-QUE’, ‘CP-
ADV’, ‘CP-EOP’, ‘CP-TMC’; Indonesian: ‘S’; Italian: ‘S’; Portuguese: ‘+fcl’, ‘+icl’, ‘+acl’, ‘+cu’; 
Turkish: ‘S’; Vietnamese: ‘S’.
7  Refer to Appendix B.1 for values plus standard deviations.
8  The Wilcoxon effect size is a measure of the magnitude of difference between the values of two series. 
It provides a standardized way to interpret the practical significance of the results, complementing the 
p-value by quantifying the strength of the observed difference, typically interpreted as r < 0.3 small 
effect, 0.3 < r < 0.5 moderate effect, and r >= 0.5 large effect.
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lowest effect size scores, or in some cases, non-significant variations. This suggests 
that there is no strong trend towards higher values in either of the two formalisms.

To normalise the feature values and allow a cross-feature comparison, we computed 
the differences between the two SRPs as a percentage increase from the lowest value 
(which in almost all cases corresponds to that of the DTs). These values are reported 
in Appendix B (see Table 4) and are aligned with the results above. Indeed, the feature 

Table 2   For each language and their experimental setting (Min, Max and All) the table reports the aver-
age sentence length (len), and the average value and variation coefficient (cv) of the max-depth and avg-
len features computed over the parallel UD dependency (DT) and constituency trees (PST). We also 
report the absolute effect size (r) of the Wilcoxon Signed-Rank Test ( p < 0.001 ). − indicates that the test 
was non-significant

Max-depth Avg-len

Lang Set Len DT (cv) PST (cv) r DT (cv) PST (cv) r

CAT​ All 33.79 5.45 (0.37) 15.25 (0.29) 0.86 2.69 (0.25) 3.23 (0.36) 0.37
Max 69.5 8.03 (0.24) 17.6 (0.23) 0.87 3.43 (0.26) 4.65 (0.26) 0.72
Min 9.53 2.58 (0.37) 13.55 (0.35) 0.87 1.88 (0.27) 1.74 (0.27) 0.29

DUT All 19.75 3.83 (0.42) 5.91 (0.49) 0.86 2.98 (0.33) 4.79 (0.45) 0.79
Max 42.05 6.11 (0.23) 10.07 (0.27) 0.87 3.94 (0.24) 7.76 (0.25) 0.85
Min 5.44 1.56 (0.45) 1.83 (0.53) 0.54 1.54 (0.42) 1.6 (0.74) –

FRE All 30.97 4.91 (0.42) 6.09 (0.47) 0.33 2.78 (0.31) 4.47 (0.4) 0.7
Max 68.54 7.57 (0.27) 9.69 (0.29) 0.63 3.7 (0.31) 6.69 (0.3) 0.84
Min 6.42 1.89 (0.46) 2.13 (0.49) 0.56 1.65 (0.42) 2.33 (0.37) 0.68

ICE All 20.4 4.35 (0.53) 7.41 (0.56) 0.57 2.4 (0.31) 4.83 (0.6) 0.68
Max 50.47 8.07 (0.27) 12.93 (0.41) 0.7 3.28 (0.25) 8.55 (0.44) 0.82
Min 4.92 1.45 (0.41) 3.51 (0.69) 0.86 1.54 (0.27) 2.47 (0.72) 0.53

IND All 26.72 5.16 (0.34) 9.09 (0.41) 0.74 2.64 (0.26) 5.56 (0.33) 0.84
Max 48.24 6.83 (0.27) 12.2 (0.31) 0.84 3.37 (0.24) 7.48 (0.26) 0.87
Min 9.38 2.77 (0.35) 3.82 (0.54) 0.72 1.87 (0.23) 3.03 (0.26) 0.85

ITA All 22.41 4.57 (0.44) 8.65 (0.49) 0.87 2.28 (0.23) 4.82 (0.47) 0.84
Max 51.01 7.5 (0.22) 14.65 (0.25) 0.87 2.9 (0.15) 7.95 (0.25) 0.87
Min 6.08 1.82 (0.32) 3.04 (0.28) 0.87 1.67 (0.19) 1.86 (0.36) –

POR All 25.44 4.92 (0.44) 5.5 (0.58) 0.14 2.5 (0.28) 5.22 (0.45) 0.82
Max 60.24 8.21 (0.27) 10.17 (0.32) 0.6 3.3 (0.28) 8.58 (0.29) 0.86
Min 5.87 2.2 (0.29) 1.67 (0.47) 0.73 1.68 (0.22) 2.52 (0.24) 0.83

SPA All 32.81 5.47 (0.4) 15.48 (0.3) 0.86 2.67 (0.27) 3.26 (0.39) 0.37
Max 65.2 8.09 (0.24) 18.02 (0.24) 0.87 3.33 (0.27) 4.76 (0.27) 0.78
Min 7.53 2.14 (0.42) 13.42 (0.39) 0.87 1.69 (0.34) 1.59 (0.29) 0.26

TUR​ All 9.15 3.01 (0.42) 4.68 (0.3) 0.71 2.1 (0.32) 1.81 (0.23) 0.35
Max 15.05 4.37 (0.26) 5.77 (0.2) 0.74 2.74 (0.21) 2.16 (0.15) 0.69
Min 3.31 1.13 (0.57) 2.53 (0.28) 0.86 1.04 (0.47) 1.15 (0.19) 0.6

VIE All 20.62 4.31 (0.44) 5.98 (0.5) 0.79 2.32 (0.3) 4.7 (0.44) 0.85
Max 45.8 6.89 (0.27) 9.92 (0.3) 0.83 3.17 (0.26) 7.45 (0.3) 0.86
Min 5.53 1.78 (0.4) 2.23 (0.48) 0.53 1.45 (0.3) 2.25 (0.34) 0.78
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showing the higher percentage differences between the two formalisms is max-depth 
while avg-cl-len tends to be the characteristic showing similar trends across the DTs 
and PSTs.9 Again, the inherent differences between the two paradigms affect these 
results: constituency trees are typically deeper due to their nested phrase structures, 
while dependency trees represent linear word-to-word relationships, resulting in flatter 
structures. Nested structures in dependency trees can create long dependency links and 

Table 3   Continuing Table 2 for the max-len and avg-cl-len features

Max-len Avg-cl-len

Lang Set len DT (cv) PST (cv) r DT (cv) PST (cv) r

CAT​ All 33.79 14.72 (0.69) 20.08 (0.66) 0.32 14.25 (0.69) 13.06 (0.56) 0.07
Max 69.5 31.26 (0.51) 44.16 (0.34) 0.62 19.53 (0.9) 17.85 (0.66) –
Min 9.53 4.17 (0.47) 4.64 (0.51) 0.41 7.08 (0.6) 7.45 (0.4) 0.42

DUT All 19.75 10.85 (0.64) 12.45 (0.69) 0.25 9.9 (0.57) 12.77 (0.52) 0.44
Max 42.05 22.16 (0.38) 27.84 (0.32) 0.46 12.9 (0.58) 21.54 (0.34) 0.74
Min 5.44 2.51 (0.54) 2.0 (0.83) 0.45 3.98 (0.73) 4.08 (0.5) -

FRE All 30.97 14.79 (0.74) 17.38 (0.74) 0.15 12.28 (0.69) 12.75 (0.61) 0.06
Max 68.54 33.67 (0.45) 39.68 (0.43) 0.33 16.55 (0.68) 19.45 (0.59) 0.25
Min 6.42 3.02 (0.57) 3.59 (0.5) 0.52 3.47 (1.04) 4.76 (0.46) 0.43

ICE All 20.4 8.9 (0.81) 15.04 (0.88) 0.39 7.6 (0.5) 13.47 (0.52) 0.64
Max 50.47 22.02 (0.48) 36.65 (0.55) 0.59 7.91 (0.31) 21.84 (0.41) 0.84
Min 4.92 2.31 (0.39) 5.04 (1.31) 0.59 4.09 (0.51) 6.24 (0.8) 0.71

IND All 26.72 12.85 (0.58) 21.29 (0.53) 0.54 10.53 (0.62) 10.53 (0.54) –
Max 48.24 23.9 (0.36) 40.11 (0.29) 0.76 13.67 (0.62) 13.91 (0.51) –
Min 9.38 4.4 (0.45) 6.2 (0.43) 0.77 6.27 (0.7) 7.06 (0.54) –

ITA All 22.41 9.4 (0.77) 15.55 (0.73) 0.73 9.41 (0.72) 11.37 (0.76) 0.44
Max 51.01 21.39 (0.41) 37.27 (0.28) 0.81 12.64 (0.47) 19.84 (0.48) 0.76
Min 6.08 2.42 (0.29) 2.91 (0.36) 0.68 1.4 (1.83) 1.35 (1.83) -

POR All 25.44 11.37 (0.78) 13.56 (0.76) 0.17 10.63 (0.69) 9.35 (0.55) 0.1
Max 60.24 26.76 (0.49) 33.12 (0.37) 0.46 14.51 (0.65) 14.25 (0.39) 0.09
Min 5.87 2.86 (0.36) 2.97 (0.34) 0.51 3.88 (0.74) 3.44 (0.68) 0.38

SPA All 32.81 14.36 (0.67) 20.24 (0.64) 0.35 12.21 (0.63) 12.03 (0.54) –
Max 65.2 28.5 (0.43) 41.93 (0.31) 0.69 14.88 (0.6) 16.11 (0.49) 0.16
Min 7.53 3.24 (0.54) 3.78 (0.59) 0.52 5.09 (0.75) 6.15 (0.41) 0.53

TUR​ All 9.15 5.68 (0.55) 5.38 (0.49) 0.06 7.12 (0.67) 7.54 (0.5) 0.07
Max 15.05 10.24 (0.27) 8.35 (0.28) 0.55 12.15 (0.42) 11.14 (0.34) 0.26
Min 3.31 1.2 (0.58) 1.57 (0.52) 0.76 1.4 (1.32) 1.87 (1.04) 0.7

VIE All 20.62 9.8 (0.74) 13.8 (0.68) 0.57 5.85 (0.65) 13.58 (0.6) 0.81
Max 45.8 22.91 (0.44) 31.56 (0.38) 0.55 6.35 (0.62) 22.01 (0.59) 0.85
Min 5.53 2.3 (0.45) 3.47 (0.39) 0.71 3.19 (0.81) 5.53 (0.25) 0.85

9  The average percentage difference between languages of the features is 78.29 for max-depth, 68.45 for 
avg-len, 36.45 for max-len, and 29.07 for avg-cl-len.
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non-projective structures but do not achieve the same depth as constituency trees. On 
the other hand, the length of a clause is highly related to the presence of verbs in a sen-
tence. This was also exemplified in Sect. 3.3.1, where the average number of tokens per 
clause and the ratio between the sentence length (measured in tokens) and the number 
of verbal heads or copula is the same.

These trends can be observed for the entire treebanks (All), but not when we focus 
on the subsets of shortest (Min) and longest (Max) sentences. Specifically, the percent-
age increase of depth (max-depth) of PSTs compared to those of DTs is more pro-
nounced in the set of short sentences, while in the case of the longest sentences, the 
key distinguishing characteristic is avg-len. This outcome seems to suggest that both 
subsets include sentences with structural syntactic properties that markedly differ from 
those found in the entire treebanks.

Note that these trends differ across the ten languages considered. Catalan and Span-
ish are the languages with the most marked difference between the depth of the con-
stituent and dependency trees. In the case of Catalan and Spanish, this substantial dif-
ference may be attributed to the intermediate empty nodes that represent the internal 
nested structure of phrases (see Sect. 3.2). However, for most languages, the most dis-
tinctive feature is avg-len, while Vietnamese is the only language for which DTs and 
PSTs differ mainly for the average clause length.

The latter observation is supported by an analysis of the coefficient of variation 
(cv), which measures the degree of variation in feature values among sentences within 
each group. As shown in Tables 2 and 3, even if the coefficient exhibits differences 
across the All, Min, and Max groups, the set of shortest sentences tend to display higher 
internal variation in all features and languages with respect to the cv values in the Max 
group, which exhibits greater internal consistency.

In conclusion, we observe statistically significant differences between the two SRPs, 
particularly with respect to specific sentence properties. While this result aligns with 
expectations, the outcome of our linguistic profiling provides multilingual evidence 
contributing to the discussion on the topic (see Sect. 2.1). In particular, we empirically 
demonstrated that, although these differences hold across the ten languages examined, 
their strength varies from language to language. These findings suggest that, beyond 
the inherent differences between the two SRPs, the history of the construction of each 
treebank (i.e. language) plays a role. Indeed, while multilingual representation schemes 
potentially mask local language differences, thus resulting in a greater similarity across 
languages, they might still incorporate adjustments to the schema to accommodate 
language-specific cases. These facts underscore the importance of accounting for both 
the general differences across paradigms and the specificities of each original treebank 
when using the Parallel Trees resource for further research or applications.

4 � Parallel trees for comparing syntactic representation paradigms

In order to show possible usages of the Parallel Trees resource, we present here 
the results of a case study carried out within the broader field of interpretability 
research. The goal is to demonstrate how the newly developed resource can serve as 
a benchmark for assessing the linguistic abilities of BERT, one of the most widely 
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influential neural language models. In particular, the case study shows how the Par-
allel Trees resource can be used to address the following research questions: does 
BERT encode dependency- and constituency-based syntactic representations in 
distinct ways, revealing sensitivity to the two syntactic representation paradigms? 
Moreover, are specific linguistic phenomena represented differently across SRPs 
also reflected in BERT’s sentence embeddings?

4.1 � Experimental setting

4.1.1 � Probing tasks

We adopted the approach of linguistic probing tasks defined in Conneau et al. (2018) 
and subsequently tailored in Miaschi et al. (2022). Note that the latter approach has 
proven to be robust for these types of assessments since it does not rely on spuri-
ous signals unrelated to the linguistic properties under consideration to solve the 
probing tasks. Consequently, there was no necessity to introduce control tasks aimed 
at determining whether probing tasks might inadvertently extract information about 
the NLM representation solely through the probe’s ability to discern surface patterns 
in the data, as introduced by Hewitt and Liang (2019).

For the specific purpose of our case study, we designed four probing tasks, each 
focused on predicting the values of one of the four linguistic properties described in 
Sect. 3.3.1. This selection is motivated by the work of Miaschi et al. (2020), which 
demonstrated that these tasks are reliable for assessing BERT’s multi-level linguistic 
abilities. Additionally, as discussed in Sect. 3.3.1, these properties capture significant 
differences between dependency- and constituency-based sentence representations, 
making them an ideal testbed for investigating the model’s sensitivity to diverse syn-
tactic representation paradigms. Given these variations, we can hypothesize that the 
model’s performance may vary depending on its sensitivity to these distinct SRPs.

4.1.2 � Models

Neural language model All the experiments rely on the pre-trained cased version of 
Multilingual BERT. This model is trained on the concatenation of monolingual Wiki-
pedia dumps of 104 languages, which includes the 10 languages of the Parallel Trees 
resource. The pre-trained model used in this experiment is available through the Hug-
gingface library (Wolf et al., 2020).10 In our experiments, the sentence-level embed-
dings for each of the 12 layers are obtained using the activation of the first input token 
([CLS]), which somehow summarizes the information from the actual tokens, as dem-
onstrated among others by Jawahar et al. (2019) and Wagner and Zarrieß (2023).

Probing model We used a linear support vector regression (LinearSVR) as a prob-
ing model. The model takes as input layer-wise sentence-level embeddings extracted 
from the pre-trained version of BERT and it predicts the value of each considered fea-
ture in the dependency and constituency treebanks. In addition, we also experimented 

10  https://​huggi​ngface.​co/​bert-​base-​multi​lingu​al-​cased

https://huggingface.co/bert-base-multilingual-cased
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with a probing model that takes as input the sentence representations of a BERT 
model with randomly initialized weights. Our intuition is that in principle the rand-
omized BERT should not possess any inherent linguistic knowledge, thus it could be 
less able to predict the considered syntactic characteristics of a sentence. It is intended 
to serve as a point of comparison, offering insights into how effectively the pre-trained 
BERT implicitly encodes linguistic competence. However, it should be noted that in 
this study we do not intend to compare the two probing models in terms of perfor-
mance, but we are rather interested in inspecting how the pre-trained BERT represen-
tations implicitly encode specificities of one of the two considered SRPs.

In all cases, as an evaluation metric, we used the Spearman correlation coefficient 
between the values of the linguistic features predicted by the model and their actual 
gold values. In the remainder of the paper, we refer to the evaluation metric as prob-
ing score.

For each language, we trained and tested the probing models on DTs and PSTs 
adopting a cross-validation process. Specifically, we split each treebank into five 
portions containing the same amount of randomly selected sentences; then, we itera-
tively trained the probing models on four portions and used the remaining fifth as 
the test set. This way, the models are trained using a representative sample of the 
treebank at each iteration. We refer to this scenario as All, since it includes the full 
set of sentences from each treebank.

Additionally, we tested the probing models on two conditional settings, focusing 
on subsets of the entire sentence set. Specifically, we considered the Min and Max 
subsets introduced in Sect. 3.3.2, which contain the top 10% of shortest and longest 
sentences from each treebank. In both settings, the probing models are trained on the 
remaining 90% of the treebank. Building on the findings of Miaschi et al. (2023), 
who demonstrated that sentence length can act as a confounding factor that biases 
the true estimate of BERT’s linguistic abilities, we hypothesize that these subsets 
may be particularly valuable for evaluating the model’s robustness when faced with 
sentences that deviate significantly from the linguistic norms of the language under 
consideration. It is expected that these short and long sentences are also underrepre-
sented in the pre-training data for BERT, making them particularly insightful.

4.2 � Is dependency and constituency information differently encoded?

In this section, we investigate whether information encoded in the dependency- and 
constituency-based sentence representation within the Parallel Trees resource is dif-
ferently encoded in BERT’s embeddings.

As a first step, we focus on the full set of sentences for each language and we 
explore the results of the probing tasks performed by the two probing models, 
namely the one informed with pre-trained BERT representations and the one using 
BERT representations with randomly initialised weights.

Figure 3 shows the layer-wise average probing scores for each language across 
the constituency and dependency treebanks.11 Overall, the models exhibit similar 

11  Refer to Appendix  C (see Fig.  6)  for the layer-wise probing scores for individual features and lan-
guages obtained by the pre-trained and random models.
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Fig. 3   Layer-wise probing scores (Spearman correlation coefficients) obtained on constituency (PST) 
and dependency (DT) treebanks of each language using both the pre-trained and randomized BERT sen-
tence representations. Scores are computed for the whole set of sentences
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cross-layer scores, indicating stable syntactic knowledge across layers. However, 
small differences can be observed in the cases of Italian and Indonesian treebanks 
that show slightly higher scores in the middle layers. It should be noted that the 
Indonesian treebanks CSUI and Ketu are the smallest in our set. The limited size of 
these treebanks possibly contributes to the higher cross-layer variation.

The comparative analysis of the two probing models yields three main results. 
First, the pretrained model performs better on constituency trees than dependency 
trees for 6 (out of 10) languages, i.e. Dutch, French, Indonesian, Italian, Portuguese, 
and Vietnamese. This suggests that, for these languages, BERT better predicted lin-
guistic features in the constituency format. Interestingly, only four languages exhibit 
higher scores for dependency representations: Turkish, Icelandic, Catalan and Span-
ish. The latter two were both produced in the context of the AnCora project, thus 
suggesting a particular challenge in processing the AnCora phrase structure rep-
resentation. Notably, the difference between the SRPs is minimal, in particular for 
Turkish, French, and Portuguese, which show the most similar results between the 
two SRPs. Second, random BERT representations consistently show lower prob-
ing scores compared to pre-trained models for both SRPs, although the differences 
between models are small. The results confirm our intuition that randomized BERT 
is less able to predict the syntactic characteristics of a sentence, possibly because 
pre-trained representations encode more linguistic information. However, when we 
focus on the sensitivity of the random model, we notice that it consistently performs 
better on constituency trees than dependency trees, though the difference between 
the SRPs is minimal for Turkish and Indonesian.

Min and Max settings comparison. This analysis focuses only on the probing 
model scores of pre-trained BERT embeddings. As shown in Fig.  4, the Min and 
Max subsets consistently achieve lower scores than the All subset across all lan-
guages, with variations across layers converging in the output ones. This is likely 
because these sentences are rarely encountered during BERT’s pre-training, possi-
bly impacting the model’s ability to encode their linguistic information. However, 

Fig. 4   Layer-wise probing scores on constituency (PST) and dependency (DT) treebanks of each lan-
guage. Scores are computed for the shortest (Min) and longest (Max) sets
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we also hypothesize that this variation in performance may be due to the mismatch 
between the training and test sets in the All and the two conditional experimental 
scenarios. This hypothesis is motivated by the fact that the longest and shortest sen-
tences often display syntactic feature distributions that deviate from the average, as 
shown in Tables 2 and 3. We recall that the All setting used a five-fold cross-vali-
dation process, in which the complete treebank was iteratively partitioned so that 
each portion served once as a test set while the remaining four-fifths were used for 
training. In contrast, the training sets for the Min and Max subsets were created by 
excluding the 10% shortest and longest sentences from the complete treebank.

To investigate this hypothesis, we analyzed the distribution of probed features 
within the training sets of the Min and Max subsets. Specifically, we assessed the 
relative variation scores for each language, which represent the percentage differ-
ence between the average feature values of the complete treebanks and those in the 
conditional training sets. These scores are detailed in Appendix B.1 (see Table 5). 
The analysis confirmed low variation scores across all languages, indicating that the 
feature distributions in the Min and Max training sets largely align with those in the 
complete treebanks. The differences are more noticeable for PSTs than for DTs, par-
ticularly in the Max setting, which excludes the longest sentences from the train set. 
However, these variations are modest, averaging −7.17% for dependency trees and −
8.42% for constituency trees.12 This underscores that the experiment is not signifi-
cantly biased, and the differences in probing scores across subsets are mainly due to 
the linguistic information encoded in the NLM embeddings.

Considering again Fig. 4 in light of these results, we note that the probing model 
shows a stronger ability to predict values for the longest sentences compared to the 
shortest ones across both SRPs. Additionally, unlike the All setting, the constituency-
based formalism is not best predicted for most languages in the Max setting. In fact, 
for 7 out of 10 languages (Catalan, French, Icelandic, Indonesian, Portuguese, Span-
ish, Turkish), the dependency SRP achieves higher results. Notably, for French and 
Portuguese, the phrase-based formalism performs better on the entire treebank but, on 
the longest sentences, BERT shows higher performance with the dependency formal-
ism. For what concerns the shortest sentences, the better predicted SRP varies depend-
ing on the layer. This result might be expected because, as we noted in Sect. 3.3.2, the 
set of shortest sentences displays greater internal variation in the values of the linguis-
tic phenomena considered, compared to the set of longest sentences.

4.3 � Focusing on individual features

In this section, we focus on individual probing tasks and investigate whether 
BERT’s sentence embeddings show sensitivity to how SRPs represent specific lin-
guistic phenomena. To this aim, we focus on the probing scores obtained relying 
on the embeddings of the output layer: they are better suited for Masked Language 
Modeling (MLM) (Jawahar et al., 2019), and we showed in Sect. 4.2 that the scores 

12  Negative variation values indicate that the feature values are lower in the training sets than in the com-
plete treebanks.
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do not vary across layers. Results of the score differences between dependency and 
constituency treebanks are reported in Fig. 5 for each language and feature. Negative 
differences (blue shades) indicate higher probing scores on constituency treebanks, 
while a score difference near zero indicates a similar prediction accuracy across the 
two SRPs.

The most distinctive features. Although the reported differences are generally 
minimal, the feature with the highest probing accuracy varies depending on the test-
ing scenario, as indicated by the average scores across languages shown in the last 
row of each heatmap. Specifically, it is the depth of the syntactic tree (max-depth) 
when BERT is tested on the full set of sentences (Whole treebank heatmap), with an 
average difference of 0.1; it is avg-cl-len, with an average difference of 0.11, when 
tested on the longest sentences (Longest sentences); and it is avg-len, with an average 
negative difference of −0.11, when focusing on the shortest sentences (Shortest sen-
tences). In two of the three testing scenarios, BERT shows a higher ability to encode 
the dependency-based representation of the feature. Note, however, that these aver-
age differences are also influenced by the specific languages. Specifically, the higher 
scores for the dependency-based representation of syntactic tree depth are largely 
driven by the substantial differences observed for Catalan and Spanish, both of 
which report higher probing scores for the D-SRP. As discussed in Sect. 3.3.2, these 
two languages are characterized by the high recurrence of deeper internal structures. 
BERT shows sensitivity to how this feature is differently represented on the basis 
of the two SRPs, performing worse when tree depth refers to non-terminal nodes 
rather than to direct links between words. However, considerable differences are 
also observed for Icelandic, with a difference of 0.22. Interestingly, for other lan-
guages, the differences are smaller and sometimes negative, indicating that BERT 
achieves higher accuracy when encoding the phrase-based representation of this fea-
ture. The higher probing scores for the D-SRP of average clause length in the 
longest sentences are mainly tied to the differences observed for Icelandic (0.45) 
and Indonesian (0.23). Notably, the D-SRP of this feature achieves higher scores 
across all languages, though the magnitude of the differences varies. This suggests 
that BERT finds it more challenging to generalize when non-lexical elements, such 

Fig. 5   Differences between the probing scores (12th layer) obtained on DT and PST treebanks computed 
on each a whole treebank, and for the b Max and c Min subsets
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as clause boundaries, are added to the syntactic representation of particularly long 
sentences. Conversely, the model’s higher ability to encode average length in the 
phrase-based representation is mostly due to the higher probing scores achieved 
for French (with a difference of −0.43 compared to the D-SRP) and Catalan (with a 
difference of −0.26). This trend is consistent across most languages, with Icelandic 
and Portuguese being the exceptions.

Differences across languages. The model’s sensitivity, again, turned out to vary 
depending on the testing scenario. A notable example is the Dutch language. In this 
case, BERT demonstrates a stronger ability to encode phrase-based representations 
when tested on the full set of sentences and the longest ones, with average score 
differences of −0.1 and −0.051, respectively (see the Average column in the heat-
maps). In contrast, when tested on the shortest sentences, higher probing scores are 
achieved for the D-SRP, with a positive difference of 0.1. However, these average 
differences are driven by different features. For instance, the higher scores for the 
C-SRP are largely attributed to BERT’s ability to encode avg-cl-len when consider-
ing the whole treebank, with a difference of −0.21, but to encode max-len when con-
sidering the longest sentences, with a difference of −0.12. Conversely, the positive 
average difference of 0.1 for the shortest sentences is mainly due to BERT’s higher 
ability in representing avg-cl-len, with a substantial difference of 0.53. Notably, this 
is the same feature for which we observed an opposite trend when considering the 
whole treebank. This confirms a recurring observation in our study: sentence length, 
and consequently the standard distribution of the linguistic phenomena mostly influ-
enced by length, plays a significant role in testing the multi-level linguistic abilities 
of a neural language model.

4.4 � Discussion

The case study showed how the novel Parallel Trees resource can be employed to 
investigate BERT sensitivity to SRPs. In particular, the study addressed two research 
questions: (1) whether BERT encodes different syntactic representation paradigms 
in distinct ways, and (2) whether the model’s varying sensitivity is particularly tied 
to specific linguistic phenomena.

Regarding the first research question, our findings suggest that BERT is sensi-
tive to different syntactic formalisms, encoding constituency- and dependency-based 
representations in distinct ways. However, the differences in the variation of probing 
scores averaged across probing tasks are generally minimal and fluctuate depending 
on the language. For example, we observe higher probing scores for dependency-
based representations in Icelandic, Spanish and Catalan, whereas phrase-based rep-
resentations led to better results in French, Italian, and Vietnamese. The preference 
for a specific formalism also varies with sentence length, indicating that BERT’s 
linguistic competence tends to decline when constrained by this raw textual vari-
able. Specifically, while the D-SRP is generally preferred in the longest sentence set-
ting, in the shortest sentence conditional scenario PST is the slightly better predicted 
SRP, although this preference varies depending on the layer. However, these trends 
are not uniform across all languages.
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These results diverge from previous studies, such as Kulmizev et  al. (2020), 
which found different tendencies. This work, which compared BERT and ELMO on 
Surface Universal Dependencies (SUD) and Universal Dependencies (UD) repre-
sentations, found a more consistent preference for the UD formalism across models, 
layers, and 13 languages, which is surprising given that the theoretical foundations 
underlying UD and SUD are less divergent than those assumed by dependency and 
constituency-based representations. The authors also suggest that language typology 
played a role, with morphologically rich languages favouring shallow dependency 
structures. Unlike Kulmizev et al. (2020), our study does not show a strong typologi-
cal effect or that there is a strong preference for one SRP. Furthermore, we have not 
observed similar trends within closely related languages, like the Romance group: 
while Catalan and Spanish show a preference for DTs, French, Italian, and Portu-
guese are generally better represented using phrase structures.

Regarding the second research question, which investigates the model’s sensitiv-
ity to specific linguistic properties, we observed that BERT’s ability to encode the 
four considered features varies depending on the testing scenarios, with respect to 
sentence length. Specifically, we found higher probing scores for the dependency-
based representation of features where the addition of non-lexical nodes, charac-
teristic of the phrase-based representation, makes encoding more challenging. This 
is evident in the prediction of syntactic tree depth (max-depth) and average clause 
length (avg-cl-len). However, this trend varies according to sentence length. For 
instance, the difference between probing scores for dependency and constituency 
trees is more pronounced when BERT is tested on the whole treebank, while pre-
dicting clause length becomes more challenging when the model is tested on the 
longest sentences. We also observed that, for certain languages, this trend aligns 
with the distribution of feature values in the Parallel Trees resource, as seen with 
max-depth for Catalan and Spanish. However, this pattern is not consistent across all 
languages and testing scenarios.

At first sight, the complex and articulated evidence emerging from this case 
study for both investigated research questions might appear inconclusive for what 
concerns BERT sensitivity to SRPs. On the contrary, it is worth noting that these 
results may be read from two different perspectives. On the one hand, they show that 
the linguistic generalization abilities of the tested NLM vary depending on the SRP, 
thus suggesting that the model is sensitive to the specificities of the two paradigms. 
Nevertheless, they highlight the need to further investigate the conditions under 
which BERT implicitly encodes dependency-based or constituency-based syntactic 
representations more effectively. On the other hand, our findings may contribute to 
the ongoing debate within the linguistic community about the relationship between 
the two approaches to encoding the syntactic structure of a sentence. Specifically, 
our results appear to be in line with the hypothesis put forward by Nefdt and Bag-
gio (2023), who suggest that both constituency-based and dependency-based frame-
works contribute to model human syntactic competence and claim that an integra-
tive approach is rather required to achieve full explanatory adequacy.



3473Parallel Trees

5 � Conclusion

In this paper, we introduced Parallel Trees, a novel resource consisting of 87,376 
paired syntactic trees representing identical sentences annotated according to both 
dependency-based and constituency-based syntactic representation paradigms. The 
resource covers 10 different languages and results from aligning 20 monolingual 
treebanks derived from international initiatives such as the Universal Dependencies 
and the Penn Treebank Project, as well as language-specific projects. We thoroughly 
identified pairs of identical sentences for each language and retrieved their syntac-
tic trees, providing both dependency-based and phrase-based representations. In 
essence, Parallel Trees offers a resource that allows for direct comparison of syntac-
tic phenomena as represented in the two SRPs.

The resource is unique in its ability to offer such direct comparisons, provid-
ing valuable insights into how syntactic representation paradigms grounded on 
distinct yet complementary principles encode linguistic information. By profil-
ing the trees according to four linguistic features that capture key properties of 
syntactic structures, we showed how the two SRPs formalise these features dif-
ferently. Additionally, the resource exemplifies the effective reuse of pre-existing 
linguistic resources to create new, valuable datasets. This approach offers sev-
eral advantages, such as ensuring a high standard of linguistic annotation qual-
ity, as the original treebanks have already undergone extensive validation and 
have been widely used in previous research, and facilitating the comparability of 
results across different studies and models. Future developments of the resource 
could focus on expanding Parallel Trees to include more languages. Although 
identifying further parallel representations might be challenging due to license 
restrictions and lack of resource curation, such an extension would create the pre-
requisites for further research on multilingual NLP and cross-lingual syntactic 
representation.

To illustrate the effectiveness and usefulness of Parallel Trees, we carried out a 
case study based on the diagnostic probing approach aimed at examining the sen-
sitivity of BERT, one of the first prominent NLMs, to the two syntactic representa-
tion paradigms covered by the resource. The results indicate that BERT is sensitive 
to different approaches to syntactic representation. However, further investigation is 
needed to determine the conditions under which the model’s linguistic generaliza-
tion abilities vary based on the type of syntactic representation. Further develop-
ments of our probing experiments could include additional tasks to test language 
models’ sensitivity to different syntactic paradigms. For instance, an interesting 
direction would be to investigate whether models can effectively resolve complex 
linguistic phenomena, such as prepositional phrase attachment, when represented in 
dependency trees versus phrase structure trees.

Looking forward, resources like Parallel Trees have the potential for a wide 
range of applications. They can serve as benchmarks for investigating how neu-
ral language models like BERT and its successors handle diverse syntactic 
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formalisms, as shown in our case study. Such resources can also contribute to 
the broader question of whether there is a linguistic framework that best supports 
pre-trained NLMs across different downstream tasks, as suggested by studies 
like Prange et  al. (2022). Additionally, Parallel Trees can be valuable for purely 
linguistic studies focused on comparing syntactic representation strategies for 
various linguistic phenomena across languages. For example, the resource may 
facilitate the analysis of structural differences, such as non-projective dependen-
cies in UD versus trace annotations in PSTs. Its parallel nature enables investiga-
tions into whether long dependency links align with corresponding phrase-based 
representations, particularly in cases where traces are either annotated or not. In 
a multilingual scenario, Parallel Trees can support comparative studies on how 
phrase-based representations of verbal clauses differ across languages. These stud-
ies might focus on identifying which languages distinguish between auxiliaries, 
modal verbs, and lexical verbs, or investigate whether auxiliaries are treated as 
heads of verbal projections. Such analyses can shed light on language-specific 
strategies for representing this typology of clauses and further enhance our under-
standing of variations in syntactic representation across languages.

Appendix A Links to resources

A.1 Dependency treebanks

•	 Universal Dependencies Treebanks, version 2.9 (Zeman et al., 2021): AnCora-
ca (Catalan), Alpino (Dutch), FTB (French), Modern (Icelandic), CSUI (Indone-
sian), ISDT (Italian), Bosque (Portuguese), AnCora-es (Spanish), Turkish-Penn 
(Turkish) and VTB (Vietnamese) treebanks. Download from http://​hdl.​handle.​
net/​11234/1-​4611

A.2 Constituency treebanks

•	 Catalan and Spanish: AnCora corpus, version 2.0.0. Download from http://​clic.​
ub.​edu/​corpus/​en

•	 Dutch: Alpino Treebank. Download from https://​www.​let.​rug.​nl/​~vanno​ord/​
trees/

http://hdl.handle.net/11234/1-4611
http://hdl.handle.net/11234/1-4611
http://clic.ub.edu/corpus/en
http://clic.ub.edu/corpus/en
https://www.let.rug.nl/%7evannoord/trees/
https://www.let.rug.nl/%7evannoord/trees/
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•	 French: French Treebank FTB, Penn Treebank format. Download from http://​ftb.​
llf-​paris.​fr/​telec​harger.​php?​langue=​en

•	 Icelandic: Icelandic Parsed Historical Corpus (IcePaHC) corpus, version 0.9. 
Download from https://​lingu​ist.​is/​wiki/​index.​php?​title=​Icela​ndic_​Parsed_​Histo​
rical_​Corpus_​(IcePa​HC)

•	 Indonesian: Kethu Treebank, version 2.0. Download from https://​github.​com/​
ialfi​na/​kethu

•	 Italian: Turin University Treebank (TUT), TUT-Penn format. Download from 
http://​www.​di.​unito.​it/​~tutre​eb/​treeb​anks.​html

•	 Portuguese: Bosque Portuguese treebank, version 8.0. Download from https://​
www.​lingu​ateca.​pt/​Flore​sta/​info_​flore​sta_​Engli​sh.​html

•	 Turkish: Turkish Penn Treebank. Download from https://​github.​com/​olcay​taner/​
Turki​shAnn​otate​dTree​Bank-​15

•	 Vietnamese: Vietnamese treebank. Download from https://​vlsp.​hpda.​vn/​demo/?​
page=​resou​rces

Appendix B Profiling treebanks

The treebank analyses reporting the gold values of the structural features (see 
Table 4) are available in the Open Collection of the CLARIN repository and the fol-
lowing webpage: http://​www.​itali​anlp.​it/​resou​rces/.

 

http://ftb.llf-paris.fr/telecharger.php?langue=en
http://ftb.llf-paris.fr/telecharger.php?langue=en
https://linguist.is/wiki/index.php?title=Icelandic_Parsed_Historical_Corpus_%28IcePaHC)
https://linguist.is/wiki/index.php?title=Icelandic_Parsed_Historical_Corpus_%28IcePaHC)
https://github.com/ialfina/kethu
https://github.com/ialfina/kethu
http://www.di.unito.it/%7etutreeb/treebanks.html
https://www.linguateca.pt/Floresta/info_floresta_English.html
https://www.linguateca.pt/Floresta/info_floresta_English.html
https://github.com/olcaytaner/TurkishAnnotatedTreeBank-15
https://github.com/olcaytaner/TurkishAnnotatedTreeBank-15
https://vlsp.hpda.vn/demo/?page=resources
https://vlsp.hpda.vn/demo/?page=resources
http://www.italianlp.it/resources/
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 B.1 Relative variations between train sets

Table 5   Relative variation (%) between the average feature values between the whole treebank and the 
training sets used in the Min (Train (Min)) and Max (Train (Max)) conditional settings for each language 
for dependency (DT) and constituency (PST) trees. Note that negative variation scores indicate that the 
feature value is greater in the full treebank in contrast to the training set. Conversely, positive values indi-
cate that the training set exhibits higher feature values when compared to the entire treebank

Max-depth Avg-len Max-len Avg-cl-len

DT PST DT PST DT PST DT PST

CAT​ Train (Min) 5.55 1.23 3.24 5.00 7.36 7.85 5.25 4.53
Train (Max) −5.62 −1.73 −3.07 −5.21 −14.2 −15.4 −4.32 −4.23

DUT Train (Min) 6.13 7.22 5.1 6.99 7.82 8.52 6.16 7.06
Train (Max) −7.28 −8.44 −3.83 −7.4 −13.14 −15.92 −3.56 −8.22

FRE Train (Min) 6.3 6.74 4.14 4.89 8.14 8.09 7.39 6.52
Train (Max) −6.51 −7.03 −4.12 −5.92 −16.55 −16.64 −3.98 −6.16

ICE Train (Min) 6.85 5.61 3.61 5.11 7.58 6.87 4.88 5.67
Train (Max) −10.69 −8.97 −4.35 −9.28 −19.46 −18.99 −0.4 −7.42

IND Train (Min) 4.8 6.1 2.94 4.96 6.75 7.27 4.27 3.48
Train (Max) −3.82 −3.89 −3.53 −3.93 −10.49 −10.83 −3.44 −3.74

ITA Train (Min) 6.16 6.69 2.98 6.23 7.66 8.26 8.64 8.89
Train (Max) −7.78 −8.4 −2.7 −7.83 −16.48 −18.43 −3.98 −9.01

POR Train (Min) 5.75 7.25 3.47 5.43 7.64 8.01 6.59 6.59
Train (Max) −7.89 −10.22 −3.73 −7.63 −17.7 −19.05 −4.22 −6.13

SPA Train (Min) 6.34 1.4 3.61 5.23 7.95 8.29 6.08 5.13
Train (Max) −5.6 −1.91 −3.09 −5.5 −12.28 −13.52 −2.52 −3.89

TUR​ Train (Min) 6.52 4.88 5.41 3.72 8.09 7.4 8.13 7.71
Train (Max) −5.24 −2.63 −3.45 −2.26 −9.86 −6.53 −8.54 −5.6

VIE Train (Min) 6.1 6.56 4.13 5.43 7.81 7.69 4.88 6.22
Train (Max) −6.95 −7.94 −4.04 −7.06 −17.51 −16.75 −0.86 −7.35
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Appendix C Probing scores on individual features

Fig. 6   Layer-wise probing scores (Spearman correlation coefficients) obtained for each probed feature on 
constituency (PST) and dependency (DT) treebanks of each language using both the pre-trained and ran-
domized BERT sentence representations. Scores are computed for the whole set of sentences. Continues 
in next page
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