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Article

Analyzing Syntactic Structural Dependency in NLP

Hardjono Thomas *, Rodolfo Patel and Paul Dave

Briar Cliff University

* Correspondence: thomas@briarcliff.edu

Abstract: This paper introduces a novel graph polynomial approach for differentiating tree structures

in dependency grammar. Utilizing this polynomial representation, we develop a metric to assess

the similarity in syntax. This approach offers a detailed and inclusive analysis of the dependency

structures and relationships in sentence construction. We employ this polynomial method to examine

sentence structures across various languages in the Parallel Universal Dependencies treebanks. Our

analysis includes comparing the syntax of original sentences and their translated counterparts in

diverse languages, alongside a comprehensive study of syntactic typologies within these treebanks.

Additionally, we explore the application of our methodology in evaluating the syntactic diversity

within language corpora.

Keywords: syntactic analysis; dependency grammar; linguistic typology

1. Introduction

In the realm of linguistic studies, the study of dependency grammar is pivotal, delving into the

intricate relationships and the hierarchical arrangement of words within sentences. This is depicted

using a model known as dependency trees [1]. The Universal Dependency (UD) project, a significant

international collaboration, has pioneered in creating a uniform framework for annotating these trees,

thereby assembling a comprehensive collection of linguistic treebanks in numerous languages [2].

These treebanks are crucial for the automation of linguistic analysis and for in-depth syntactic typology

research. A specialized section of these treebanks, known as the Parallel Universal Dependency (PUD)

treebanks, encompasses the translations of 1,000 sentences from sources like news and Wikipedia,

initially in languages such as English, French, German, Italian, or Spanish.

Presently, these treebanks span across 20 different languages, providing an extensive resource

for sophisticated syntactic study [3]. Notwithstanding these developments, prevailing techniques for

depicting dependency trees tend to neglect all-encompassing syntactic information, focusing instead

on aspects like the sequence of words and their inter-dependencies [4–10]. Our research aims to bridge

this gap by introducing a holistic polynomial-based model for representing dependency trees, ensuring

that two sentences are identified as having the same dependency structure exclusively when their

corresponding dependency tree polynomials are identical.

In various mathematical disciplines, particularly in knot and graph theories, structural

polynomials have gained considerable interest as tools for characterizing intricate structures.

For instance, in knot theory, polynomials such as the Jones polynomial [11] and the HOMFLY

polynomial [12] are utilized for analyzing knots and links, shedding light on their characteristics

and properties [13–20]. In graph theory, the Tutte polynomial [21] is instrumental in unveiling graph

characteristics, including aspects like the number of spanning trees and the variety of possible graph

colorings. Recent advancements have seen the development of a unique structural polynomial that

effectively characterizes unlabeled trees, establishing a one-to-one correlation between these trees

and a set of bivariate polynomials [22]. This novel polynomial has found applications in fields such

as the analysis of phylogenetic trees and the study of evolutionary patterns [27], and its scope

has been extended to include certain types of phylogenetic networks [28–30]. When compared to

conventional tree comparison methodologies, like tree kernels [36,37] and tree edit distances [38], this

polynomial-based method has demonstrated enhanced precision and computational efficiency [27].
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Yet, when it comes to comparing dependency trees, most current methods primarily focus on the local

structural components rather than the holistic structure of the trees.

In this paper, we adapt the tree distinguishing polynomial for the purpose of representing

dependency trees and formulate a metric for measuring syntactic similarity based on the distances

between these polynomials. We then apply our approach to the PUD treebanks, undertaking

a comprehensive analysis of sentences that exhibit varying degrees of syntactic divergence and

conducting a detailed syntactic typology study across the languages represented in these treebanks.

Furthermore, we investigate the utility of polynomial distances as a metric for assessing the syntactic

diversity within a corpus, and discuss its potential applications and broader implications.

2. Probing Test and Study Design

2.1. Elaborating on Dependency Trees

A dependency tree for a sentence, a fundamental concept in syntactic analysis, is a structured

model in the form of a rooted, node-labeled tree. It meticulously illustrates the intricate grammatical

relationships between words in a sentence. Each node in this tree represents a word, and every edge

delineates a grammatical linkage between two words: the word closer to the root (the ’head’) and

its corresponding ’dependent’. Remarkably, a head can have several dependents, but a dependent is

uniquely linked to a single head. The label on a dependent node explicitly specifies its grammatical

relationship to the head. The root node, signifying the main head of the sentence, does not function as

a dependent and is labeled to indicate its root status. Interestingly, identical grammatical relationships

can occur multiple times within a sentence, leading to dependents in the tree having the same labels.

We illustrate this concept with the dependency trees of an English sentence and its Chinese translation,

where the nodes are labeled with numbers indicating head-dependent grammatical relations as

described in Table 1. All dependency trees in this study are meticulously constructed under the

universally acknowledged Universal Dependencies (UD) framework [2].

2.2. Exploring Parallel Universal Dependencies

Our analysis extends to the dependency trees found in the Parallel Universal Dependencies (PUD)

treebanks, originating from a task set by the Conference on Computational Natural Language Learning

(CoNLL 2017) [3]. The PUD treebanks were composed by randomly selecting 1,000 sentences from

various online news sources and Wikipedia articles, predominantly in English, German, French, Italian,

and Spanish. These sentences were subsequently translated by expert linguists into multiple languages.

Each PUD treebank encompasses 1,000 dependency trees, representing either the original sentences or

their translations in a specific language. As of now, 20 distinct PUD treebanks are available, showcasing

dependency trees in languages ranging from Arabic to Turkish, including English, Chinese, Czech,

Finnish, French, German, Hindi, Icelandic, Indonesian, Italian, Japanese, Korean, Polish, Portuguese,

Russian, Spanish, Swedish, Thai, and Turkish.

2.3. Insights into the Tree Distinguishing Polynomial

The graph polynomial that uniquely identifies unlabeled trees, as introduced in [22], is a

cornerstone of our study. Every rooted unlabeled tree T is associated with a distinct bivariate

polynomial P(T, x, y). To calculate P(T, x, y) for any given unlabeled tree T, we initiate a bottom-up

approach, assigning polynomials to each node, starting from the leaves and progressing to the root.

The polynomial at the root then represents P(T, x, y). Let P(n, x, y) denote the polynomial at node

n. For a leaf node n, we set P(n, x, y) = x. Consider an internal node m with k children n1, n2, ..., nk;

the polynomial at m is given by P(m, x, y) = y + Πk
i=1P(ni, x, y). This process effectively captures the

’topology’ of a dependency tree, which refers to the tree’s structural layout minus any labels. We delve

into the methodology for computing these polynomials, demonstrating how they uniquely represent

the topologies of dependency trees. The isomorphism of two unlabeled trees is assured if and only if
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their corresponding polynomials match. Each term within an unlabeled tree’s polynomial correlates

to a specific subtree, offering interpretability and detailed insights into the tree’s structure. For a

comprehensive understanding of the tree distinguishing polynomial, and methodologies based on this

polynomial for analyzing tree structures, refer to [22,27].

2.4. Generalizing Polynomial for Dependency Trees

In this study, we extend the scope of the tree distinguishing polynomial to aptly represent

dependency trees. Unlike mere tree topologies, dependency trees come with node labels, and in our

case, there are 37 distinct labels depicting head-dependent relationships as listed in Table 1. These labels

can appear in both leaf and internal nodes of a dependency tree. Therefore, we adapt the polynomial

to include 74 variables, categorized into two sets: X = {x1, x2, ..., x37} and Y = {y1, y2, ..., y37}. The

generalized polynomial for a dependency tree T is

denoted as P(T, X, Y). Similar to the original method, we calculate P(T, X, Y) recursively from the

leaf nodes to the root. If node nℓ is a leaf with label ℓ, we assign P(nℓ, X, Y) = xℓ. For an internal node

mℓ with label ℓ and k children n1, n2, ..., nk, the polynomial at mℓ is P(mℓ, x, y) = yℓ + Πk
i=1P(ni, x, y).

We demonstrates this process, showcasing the computation of generalized polynomials for the two

dependency trees. This generalization ensures that two dependency trees have identical generalized

polynomials if and only if they are isomorphic with matching node labels. Thus, two sentences are

deemed to have the same dependency structure if their dependency trees yield identical generalized

polynomials. For brevity, we refer to this generalized polynomial as the ’dependency tree polynomial’

of a sentence.

Table 1. Descriptions of head-dependent relations, which are defined in the Universal Dependencies

(UD) [2].

Index Dependency Arc Index Dependency Arc

1 Adjectival clause modifier 20 Fixed multiword expression
2 Adverbial clause modifier 21 Flat multiword expression
3 Adverbial modifier 22 Goes with
4 Adjectival modifier 23 Indirect object
5 Appositional modifier 24 List
6 Auxiliary 25 Marker
7 Case marking 26 Nominal modifier
8 Coordinating conjunction 27 Nominal subject
9 Clausal complement 28 Numeric modifier
10 Classifier 29 Object
11 Compound 30 Oblique nominal
12 Conjunct 31 Orphan
13 Copula 32 Parataxis
14 Clausal subject 33 Punctuation
15 Unspecified dependency 34 Overridden disfluency
16 Determiner 35 Root
17 Discourse element 36 Vocative
18 Dislocated elements 37 Open clausal complement
19 Expletive

2.5. Quantifying Polynomial Distance in Dependency Trees

In the polynomial representation of an unlabeled tree, hierarchical information is encapsulated

in the coefficients and exponents of each term. In the case of dependency trees, syntactic details

are primarily embedded in the term exponents due to the incorporation of additional variables. We

introduce a novel metric to compare dependency tree polynomials, and consequently, the dependency

trees themselves. The polynomial P(T, X, Y) for a dependency tree T is expressed term-by-term. Each

term is presented as a 75-entry vector t = [ex1
, ex2 , ..., ex37 , ey1

, ey2 , ..., ey37 , c], where exi
and eyi

are the

exponents of variables xi and yi, respectively, and c is the term’s coefficient. Such a vector is termed a
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’term vector’ of the polynomial P(T, X, Y). Let P and Q be two dependency tree polynomials, with MP

and MQ representing their respective sets of term vectors. The count of term vectors in MP (or MQ)

is denoted by |_P| (or |MQ|). Given two term vectors s and t, the Manhattan distance between them,

denoted as ‖s − t‖1, forms the basis of our ’polynomial distance’ metric for a pair of dependency tree

polynomials P and Q, calculated using Formula (1).

d(P, Q) =

∑
s∈MP

min
t∈MQ

‖s − t‖1 + ∑
t∈MQ

min
s∈MP

‖s − t‖1

|MP|
+ |MQ| (1)

Given the one-to-one correlation between polynomials and dependency trees, the defined distance

metric for dependency tree polynomials also applies directly to the trees themselves. Thus, throughout

this paper, any reference to the polynomial distance between dependency trees implicitly pertains to the

distance between their corresponding dependency tree polynomials. Additionally, since each sentence

in the PUD treebanks has a unique dependency tree constructed under the UD framework, references

to polynomial distances between sentences implicitly refer to distances between their dependency tree

polynomials.

2.6. Experimental Design

In our comprehensive study, we categorize the 1,000 sentences from the Parallel Universal

Dependencies (PUD) treebanks into five distinct datasets. These datasets are named using the

upper-case ISO 639-2/B language codes, reflecting the original language of the sentences in each

dataset. Specifically, we refer to these datasets as ENG, GER, FRE, ITA, and SPA, corresponding to

English, German, French, Italian, and Spanish, respectively.

• The ENG dataset is the largest, comprising 750 sentences initially penned in English. Each

sentence is accompanied by 20 distinct dependency trees, representing translations into the 20

languages included in our study. This results in a total of 15,000 dependency trees within the

ENG dataset.
• The GER dataset encompasses 100 German-origin sentences, with each having 20 translated

dependency trees, totaling 2,000 trees.
• Similar to the GER dataset, the FRE, ITA, and SPA datasets each contain 50 original sentences in

French, Italian, and Spanish, respectively. Each sentence in these datasets also translates into 20

different languages, summing up to 1,000 dependency trees per dataset.

Throughout this paper, we use a color-coded approach to differentiate results obtained from each

dataset: blue for ENG, yellow for GER, purple for FRE, green for ITA, and red for SPA.

2.6.1. Dependency Tree Analysis Across Languages

Every sentence in our datasets has been rendered in 20 languages, leading to the construction of

20 corresponding dependency trees for each sentence. This allows for a unique identification of each

dependency tree based on the original sentence and its translated language.

We embark on an intricate analysis by computing the polynomials of all dependency trees within

each dataset. Our focus is on calculating and examining the pairwise polynomial distances among

the 20 dependency trees corresponding to each sentence. This analysis sheds light on the syntactic

nuances between different language translations of the same sentence.

For each sentence, the calculated pairwise distances between its 20 dependency trees are organized

into a 20 × 20 matrix, termed the "Translation Distance Matrix." Each element in this matrix represents

the "Translation Distance" between two languages for that sentence. To derive broader insights, we

aggregate these translation distances across all sentences in a dataset to form the "Language Distance

Matrix" of that dataset. This matrix provides a quantifiable measure of syntactic similarity between

language pairs based on our corpus.
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We further distill this information by presenting the mean and median values of all pairwise

language distances. Additionally, we highlight language pairs that exhibit the closest and farthest

syntactic relationships. To deepen our analysis, we calculate the "Average Language Distance" for

each language, which represents the mean of its syntactic distances when compared with the other

19 languages. This metric allows us to identify languages that are, on average, syntactically closer or

more distant from others within each dataset.

2.6.2. Visualizations and Syntactic Typology Study

Utilizing the Language Distance Matrices, we engage in a detailed syntactic typology study of

the 20 languages present in the PUD treebanks. We employ Multidimensional Scaling (MDS) [39] and

the Unweighted Pair Group Method with Arithmetic Mean (UPGMA) [40] to construct informative

visual representations. These visualizations, including dendrograms, provide diverse perspectives for

analyzing syntactic similarities and differences among the languages based on our datasets.

2.6.3. Corpus Analysis and Syntax Diversity Measurement

Each of the 20 language translations in a dataset is considered a separate corpus. We calculate

all possible pairwise sentence distances within each corpus, referring to these as "Pairwise Sentence

Distances." These distances are then used to analyze the syntactic diversity within each language

corpus. The "Diameter" of a corpus, defined as the maximum pairwise sentence distance, serves as

a simplistic yet effective measure of syntactic diversity [41]. This approach opens up new avenues

for utilizing polynomial methods in assessing and understanding the diversity of syntactic structures

across languages.

2.7. Syntax Comparison of Sentences

The introduction of our novel dependency tree polynomial distance metric provides a

ground-breaking quantitative approach for analyzing syntax similarities between sentences. When two

sentences share an identical dependency structure, their polynomial distance becomes zero, denoting

perfect syntactic alignment. Conversely, a larger polynomial distance indicates a greater divergence in

their syntactic structures. For instance, the computed distance between two specific dependency trees

in our study is 5.06, suggesting a moderate level of syntactic variation.

2.7.1. Detailed Syntax Analysis in Sentence Pairs

We delve deeper into the syntax comparison by examining specific sentence pairs. One illustrative

example is the analysis of a sentence from the ENG dataset and its corresponding Chinese translation.

The polynomial distance for this pair is strikingly low at 0.43, the lowest in the ENG dataset for

English-Chinese comparisons. This minimal distance signifies a strong syntactic resemblance. The

notable syntactic similarity lies in their subject-predicate form and the complexity of noun phrases in

the subjects. However, a nuanced difference exists in the usage of time adverbials, highlighting the

subtleties of syntactic variations across languages.

In stark contrast, another sentence pair from the ENG dataset, involving an English sentence and

its Chinese translation, exhibits a polynomial distance of 22.93 – the highest in the dataset for this

language pair. This significant distance points to a pronounced difference in their syntactic structures.

The English sentence displays a right-branching dependency tree, whereas its Chinese counterpart

is left-branching. Such branching discrepancies are often observed in longer sentences within the

ENG dataset. Additionally, structural differences are evident in their sentence stems, with the English

sentence having a double-object structure, unlike the single-object structure in the Chinese translation.

These examples underscore the variability and complexity of syntax across different languages.

Shorter sentences typically show less variation in syntax, resulting in smaller polynomial distances. In

contrast, longer sentences offer more room for diverse syntactic structures, leading to larger polynomial

distances. Further investigations include an analysis of sentences in the ENG dataset that exhibit both
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the minimum and maximum polynomial distances when translated to French and Spanish, providing

a comprehensive view of syntactic variations across languages.

2.8. Syntactic Similarity of Languages

2.8.1. In-Depth Analysis of Language Distance Matrices

The language distance matrix of the ENG dataset offers an insightful visual representation of

syntactic similarities across languages. This matrix, along with its multidimensional scaling (MDS)

plot and unweighted pair group method with arithmetic mean (UPGMA) dendrogram, provides a

clear picture of how languages cluster together based on syntactic similarities. These clusters generally

align with the genealogical classification of languages as per historical-comparative research.

2.8.2. Comparative Study of Language Families

Our analysis across the five datasets reveals fascinating insights into the syntactic relationships

between language families:

1. Italic Languages: Languages like French, Italian, Portuguese, and Spanish exhibit close

syntactic relationships. They form a tight cluster in our analysis, with pairwise language distances

consistently below the mean value, indicating a high degree of syntactic similarity.

2. Balto-Slavic Languages: The group comprising Czech, Polish, and Russian also demonstrates

close syntactic ties. The distances between these languages are notably smaller than the average,

signifying a strong syntactic affinity within this group.

3. Germanic Languages: The analysis of English, German, and Swedish reveals smaller pairwise

distances, suggesting a close syntactic relationship. However, Icelandic, despite being a Germanic

language, shows larger distances from English and German, indicating a unique syntactic structure.

4. Distinct Syntax of Japanese and Thai: Both Japanese and Thai consistently exhibit large

average language distances across datasets, marking them as languages with distinct syntactic

structures compared to the others in the study.

5. Chinese Syntax Analysis: Chinese shows closer syntactic similarity with Korean and

Indonesian but still maintains considerable syntactic distinction from most other languages in the

study.

2.8.3. Global Syntactic Landscape

This comprehensive study paints a detailed picture of the global syntactic landscape. It highlights

not only the diversity and complexity inherent in language syntax but also the intricate patterns of

similarity and divergence across different language families. This analysis serves as a crucial step in

understanding the rich tapestry of global linguistic structures.

3. Discussions and Conclusions

In this research, we have innovatively adapted the tree distinguishing polynomial for a detailed

representation of dependency trees. This approach has enabled us to establish a novel metric

for comparing the syntax of sentences by evaluating the distances between their dependency tree

polynomials. This polynomial-based methodology offers a more holistic analysis of dependency

grammar compared to traditional methods that focus on the order of words [4,8] or compute

dependency distances [6,9]. By encompassing all structural elements and dependency relationships,

our approach provides a comprehensive view of syntactic structures.

Applying this method, we meticulously analyzed 1,000 sentences from the Parallel Universal

Dependency (PUD) treebanks, which include translations of these sentences across various languages.

For a more structured analysis, we categorized these sentences into five distinct datasets based on

their languages of origin. Our examination involved a detailed comparison of sentences exhibiting the
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smallest and largest polynomial distances in their translations between English, Chinese, French, and

Spanish. This comparison highlights the effectiveness of polynomial-based methods in evaluating and

contrasting sentence syntax.

We extended our analysis to calculate the average pairwise polynomial distance for every pair of

languages within each dataset. This data was instrumental in conducting a comprehensive syntactic

typology study of the 20 languages present in the PUD treebanks, covering all five datasets. The

findings generally align with the genealogical classifications outlined in Glottolog 4.6 [42]. Our analysis

sheds light on intriguing syntactic typologies, including lesser-known connections such as the syntactic

similarities between Finnish and Korean and the recently proposed Korean-Turkish link discussed in

multidisciplinary studies encompassing genetics, archaeology, and linguistics [43].

Furthermore, we leveraged polynomial distances to measure the syntactic diversity within various

language corpora. By examining the distribution of pairwise polynomial distances across all sentence

pairs within a corpus, we gained insights into the syntactic richness and variety inherent in these

languages. The diameters and average pairwise sentence distances emerged as straightforward yet

effective indicators of syntactic diversity. This method holds great potential for diverse applications,

including assessing language acquisition progress, evaluating the fidelity of texts generated by artificial

intelligence, guiding AI systems in creating syntactically diverse content, analyzing distinctive writing

styles, and tracking changes in language syntax over time. As the Universal Dependencies framework

continues to annotate more sentences and expand the range of Parallel Universal Dependencies

treebanks, we anticipate that our polynomial-based approach will unveil deeper insights into linguistic

structures, relationships between different languages and corpora, and open new avenues for linguistic

research and exploration.
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