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Abstract. The measurement of machine translation (MT) performances
is an unsolved issue in NLP. This task can be done by a human but the
time cost and the need for skilled workers to do it rise the necessity for
automatic ways to measure the quality of a translation.
In this work, we aim to develop a new methodology for measuring the
quality of MT results from a syntactic point of view. The idea takes
as a theoretical framework the work of Harris about the decomposition
of sentences in elementary units called kernels. Our model parses Span-
ish sentences and UNL (Universal Networking Language) Graphs with
a rule-based methodology and divides them into units of information.
Comparing those units the model measures the quality of the transla-
tion. Our results show that decomposing the sentences in minimal syn-
tactic units could improve the evaluation performances also without a
lexical/semantic analysis.

Keywords: Machine Translation Evaluation · Interlingua Translation ·
Syntactic Analysis

1 Introduction

Quality measurement has been an issue in the translation field for a long time.
Traditionally, quality measurement has been performed by specialized workers
who have spent a significant amount of time on those tasks. This issue charac-
terised Machine Translation (MT) since its introduction. Assessing the quality
of a translation is a problem that has yet to be solved in MT and NLP.

A great number of quality metrics have been introduced to evaluate MT re-
sults [21], but in many cases, they need reference translations and therefore they
are not fully automatic. Nowadays, measuring sentences without their reference
translation is an unresolved task.

The goal of this article is to automatically assess the quality of a transla-
tion at the syntactic level. Future studies could broaden the system to include a
semantic-level measure of translation quality. We chose to measure the transla-
tion from the Spanish Language to the UNL (Universal Networking Language)
interlingua, namely the U3+ implementation of the UNL language.
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In the syntactic representation of sentences, each word is tagged with POS
description, head dependencies and relation description. Evaluating the MT at
the word level is unreliable because, in many cases, the concept could be ex-
pressed by a multiword expression or the meaning of a word could be defined
only at the sentence level by its context. For example, the Spanish verb abatir
take a different meaning when used in a psychological sense (la película me ha
abatido, "the movie got me down") or in a concrete sense (la grúa ha abatido el
edificio, "the crane has brought down the building").
In his work [16] Harris proposes to reduce complex sentences in kernels, i.e. el-
ementary sentence units, to summarize scientific texts. Our idea is to set up a
set of rules for sentence decomposition inspired by Harris’ transformations in
order to decompose the sentence into a graph of elementary structures. Those
structures are larger than words and contain all the elements that allow a cor-
rect interpretation of the meaning of each linguistic element in the sentence. In
addition, decomposing the original sentence and its translation with the same
rules, allow us to compare their syntactic structures easily.

Our work focuses on the syntactic similarity between the input sentence and
its UNL representation. Hence, testing translation quality at the syntactic level.
Matusov et al. [20] provide an example of measuring the quality of a translation
by dissecting the sentence.

The paper is structured as follows: in Section 2 we describe the state of the
art in the field of quality measurement in MT. Section 3 illustrates what are the
Universal Networking Language (UNL) and its qualities. Section 4 outlines the
theoretical mark of the work. Section 5 describes the model implemented to au-
tomatically measure the quality of translation. Section 6 describes the outcomes
of the experiments and in Section 6 conclusions are explained.

2 State of the art

Interlingual Machine Translation (IMT) is based on 2 steps [25]: first, the input
sentence is transformed into an interlingual representation (this model is called
Encoder, ENCO); second, the interlingual representation is translated to another
language using a Decoder (DECO).

This ENCO-DECO model’s still used nowadays for new interlingual represen-
tation. One of them is UNL (Universal Networking Language), an interlingual
representation proposed by Uchida [33]. UNL is based on conceptual graphs.
The nodes are Universal Words that represent concepts while the edges express
semantic relations. UNL is still growing with new specifications, amplifying the
range of semantics relations and the universal words’ features as UNL++ [1] or
U3+.

There are a few systems of machine translation based on UNL, such as Sar-
avanan’s Tamil enconverter [9], Kumar’s Sanskrit enconverter [28] or Geetha’s
Tamil deconverter [8] and the Shi and Chen’s Chinese deconverter [26].

UNL expressions can represent the meaning of a sentence in any language.
Moreover, the UNL language is unambiguous. Therefore it can be decomposed
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into little units of meaning which represent linguistic patterns. Cadeñosa sug-
gested using these patterns for encyclopedic information extraction [2].

Moreover, this kind of decomposition can be useful for syntactic analysis,
similarity measurement among sentences, and translation. Examples of UNL
applications for translations have been presented by Mellebeck and Owczarzak
[22] while Wang, Mi and Ittycheriah [34] used UNL for sentence comparison.

Nowadays, the problem of evaluating the quality of translation is the need
for a canonical form to compare the results [4]. However, there are several fully
Automatic Machine Translation Evaluation (AMTE) metrics. They can be clas-
sified into five categories [4]: lexical [31, 23], character [30], semantic [18, 24],
syntactic [3, 13, 19, 5], and semantic-syntactic metrics [7].

Among syntactic AMTE metrics, MaxSIM [3], Helpor [13] and HWCM [19]
use dependency parsing and POS tags to compute the similarity between two
sentences, overlooking semantic information. Guzman proposes to add discourse
structures to the quality measure metrics [11]. Guzman demonstrated the ad-
vantage of using discourse structures with kernels [10] and with neural networks
[12].

3 Universal Networking Language (UNL)

UNL is a universal language based on the theory of conceptual graphs [29] which
describe lexical semantics and knowledge without ambiguity.

Since it is an interlingua, UNL needs an encoder-decoder architecture. As
explained by Uchida in his work [33] UNL has the following elements:

– Universal words (UW) which are the nodes of the UNL graphs. They rep-
resent a concept identified by an English word and by a set of restrictions
which disambiguate it.

– Relations, which are the links between nodes. They are semantic relations
which also mark the syntactic structure of the graph. There are limited types
of relations such as causality, temporary, etc.

– Attributes, which specify morpho-syntactic among other features from the
nodes such as number, tense, etc.

The shape of a UNL graph is depicted in figure 1, together with its textual
representation.

4 Linguistic Theory

The linguistic theory of Zellig Harris introduced the concept of "transformation"
as rules of correspondence between different sentences. In Harris’ theory [14, 15]
sentences are based on a relation among two kinds of linguistic elements: Op-
erators and Arguments. Operators are high-level elements which determine the
syntactic structure of the sentence by selecting specific arguments. For example,
the operator "to eat" selects an argument which represents who eats and an
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Fig. 1. Example of UNL: (1) is the original text; (2) is the UNL textual representation;
(3) is the UNL Graph form

argument which indicates what is eaten. The relation among Operators and Ar-
guments "gives a word-sequence the capacity to express fixed semantic relations
among its words". It is realized into the Kernel Sentences, namely sentences that
include only the elements required by the operator.

Harris identified a series of fundamental transformations that allow kernels to
be derived from any sentence. In all these transformations, the partial order and
the “major elements of meaning” are preserved [15, p. 290]. Basic transformations
include:

– zeroing or reduction of elements deductible from the context (John is coming
but Mary is not → John is coming but Mary is not coming).

– permutation of word-classes (This the teachers deny → The teachers deny
this).

– single-word adjuncts (He is very slow → he is slow).
– sentence nominalization (John’s anger surprised me → John is angry).
– conjoined sentences (The concert was given inside because it was raining →

the concert was given inside + it was raining).

Harris identifies seven kind of kernels which can be resumed as3:

1. NvV in which V does not accept a direct object nor an indirect argument
(Mary sleeps, Mary is sleeping);

2. NvV PN where P N is a prepositional complement which is an argument of
V (Mary goes to the park);

3. NvV N (Mary eat a pizza);
4. NbeN (John is an engineer);
5. NbeA (John is intelligent);
6. NbePN (The table is in the kitchen);
7. NbeD (The lesson was yesterday)

Harris [17] affirmed that transformations and reduction to kernel sentences
can be easily used in Information Retrieval Tasks. In fact, it is possible to com-
pare kernel sentences to detect repeated information in texts, since reducing a
3 N = Nouns; v = auxiliary, modal, aspects verbs; V = verbs; P = prepositions, A =

Adjectives; D = Adverbs
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complex sentence into a kernel graph helps to find nuclear information units
that, in presence of the same lexicon and syntactic structure have exactly the
same meaning.

5 The proposed model

Sentence decomposition can be used to measure the similarity between sentences.
Our model decomposes the input Spanish sentence and its UNL representation in
kernels to see if they are similar at a syntactic level. Relations among kernels are
stored in a kernels graph. In particular, our measure of similarity is calculated
by comparing the number of kernels, the shape of the graph, and its relations.

5.1 Decomposition of Spanish sentences

The decomposition of the Spanish sentences in a kernels graph starts with a
syntactic analysis of the sentence. We used Stanford’s CoreNLP Parser [6] to
perform the syntactic analysis. Apparently, the use of a parser subordinates the
results of our model to the precision of the parser. We chose a selected group of
sentences for which the syntactic analysis did not present errors to exclude the
influence of parsing errors in the evaluation of our metric.

The sentence decomposition is subdivided into four main processes that work
in sequence:

1. Unification of group of words
2. Identification of subordinate sentences
3. Identification of kernel structures
4. Generation of kernels’ graph

Unification of group of words In this step, we select terms that are syntacti-
cally dependent on the same head. We unify in the same group the CoNLL rows
of nouns, verbs or prepositions with the elements that depend on them. With
this operation, we will be able to use those groups as arguments in the following
steps.
Starting from the identification of the heads of those groups, we employed syn-
tactic relations to detect connected elements of the same group. Table 1 shows
the syntactic relationship that characterizes the linguistic pieces that will be
associated with each head. The heads are identified by POS tags while con-
nected words by dependence descriptors (and, rarely, NOUN and SYM POS
tags). Adverbs are always attached to the group. The words that belong to the
same group are then merged together. The group inherits morpho-syntactic and
semantic information from the HEAD.

For example, the Spanish sentence la lectura del libro fue rapida (’the reading
of the book was fast’) is represented in the CoNLL structure illustrated in table
2.
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Table 1. Rules of group-words unification: for a description of the Universal Depen-
dency Relation and POS tags consult https://universaldependencies.org/format.html

Head det amod case nummod aux cop NOUN SYM fixed
NOUN x x x x
NUM x x x x
PRON x x x x
PROPN x x x x
VERB x x
ADJ x x
All x x x

Table 2. CoNNL of the sentence la lec-
tura del libro fue rapida before the Uni-
fication of group of words

ID Token POS HEAD DEP
1 la DET 2 det
2 lectura NOUN 6 nsubj
3 del ADP 4 case
4 libro NOUN 2 nmod
5 fue AUX 6 aux
6 rapida ADJ 0 ROOT

Table 3. The CoNLL of la lectura del
libro fue rapida after the Unification of
group of words

ID Token POS HEAD DEP
2 la lectura NP 6 nsubj
4 del libro PP 2 nmod
6 fue rapida VP 0 ROOT

The system takes as HEADs the Nouns lectura ’reading’, and libro ’book’,
and the Adjective rapida ’fast’. The noun lectura will be unified to its determiner
la ’the’ because they are related by a det arc. The final result is a Noun Phrase
(NP). The resulting structure is shown in table 4.

Identification of subordinate sentences The second step regards the recog-
nition of subordinates from the main clause. Our system detects subordinates,
splits the original sentence into different periods, and recognizes the type of sub-
ordination involved. We select Subjective, Objective, Prepositional/Adverbial
and Relative clauses.

Taking the verb as a marker, the system captures all the elements involved
in the subordinate by searching connected linguistic elements. Then, syntactic
relations are used to classify the sentence. We use csubj relations for subjective
clauses, ccomp for objective clauses and advcl, acl, xcomp and conj for all the
other subordinate clauses4.

The input for the sentence el insecto que aplasté era una cucaracha ’the insect
I squashed was a cockroach’ is shown in table 4.

The system loop searches for a subordinate marker in the DEP column of
the sentence until it finds the acl in row 4. All the elements pointing to the
element with ID 4 are then stored in a list. Subsequently, the same operation is
4 https://universaldependencies.org/u/dep/index.html
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Table 4. Structure of Sentence el insecto que aplasté era una cucaracha

ID Token POS HEAD DEP
2 el insecto NP 7 nsubj
3 que PRON 4 nsubj
4 aplasté VERB 2 acl
5 era AUX 7 cop
7 una cucaracha NP 0 ROOT

repeated for each new element of that list. When there are no new elements in
the variable, the algorithm stops and generates a sentence for each subordinate.
In the example above, the elements are the relative sentence que aplasté and the
main sentence el insecto era una cucaracha.

Identification of kernel structures To detect what is part of a kernel sentence
(an argument of a specific verb), we need a list of verb structures that specify
the number and the kind of arguments they select.
For our experiment, we manually extract a list of 2934 Spanish verbs each of
which was annotated with its essential syntactic structure. The structures were
the following:

– 0V (12 intransitive verbs with no complements or subject as "llover", to
rain)

– NV (373 intransitive verbs with subject as "dormir", to sleep)
– NVN (1866 transitive verbs with the direct object as "comer", to eat)
– NVPN (59 intransitive verbs with one prepositional complement as "mentir",

to lie)
– NVNPN (624 transitive verbs with a direct object and a prepositional com-

plement as "decir", to say)

Since the Spanish version of the Standford Parser does not perform Lemmati-
zation5, we automatically inflect the terms in the list to associate the structures
with all the inflected forms of each verb. We use the software NooJ [27], which
provides basic resources for the Spanish language, in order to generate a complete
inflected dictionary of verbs.

For each sentence, the algorithm searches for the verb and extracts its argu-
ment structure from the dictionary. This structure indicates what complement
is not an argument, following the rules shown in Table 5.

If we take as an example the sentence "Antonio durmiò todo el día en la
cama" (Antonio slept all day in the bed), the algorithm detects three kernel
sentences: a) Antonio durmió (Antonio slept), because the verb to sleep have an
NV structure; b)(el dormir fue) todo el día ((the slept was) all day) and c) (el
5 https://stanfordnlp.github.io/CoreNLP/human-languages.html
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Table 5. Rules of Argument Selection: for a description of the Universal Dependency
Relation Tags consult https://universaldependencies.org/u/dep/index.html

Structure obj nmod obl iobj advmod appos
0V/NV x x x x x x
NVN x x x x x
NVPN x x x

NVNPN x x x

dormir fue) en la cama ((the slept was) in the bed), because they represent two
obl complement.

Generation of Kernel’s Graph All the kernels generated are organized as a
graph. Each node represents a kernel which is connected to another kernel by a
relation in an expression of the kind RELATION(A,B). The list of relations is
the following:

– SUBJ arcs, which includes subjective sentences (A: "me entristece" (it sad-
dens me); B: "que te vayas" (that you are leaving); SUBJ(B,A));

– OBJ arcs, which includes objective sentences (A: "Antonio dijo" (Antonio
said); B: "que le gustaban los coches" (that he like cars); OBJ(B,A));

– COMP arcs, which includes prepositional sentences (A: "Antonio iba" (An-
tonio was going); "a coger el coche" (to get the car) COMP(B,A));

– AGG arcs, which includes circumstantial complements (A: "me comeré una
pizza" (I will eat a pizza); B: "en mi restaurante favorito" (in my favourite
restaurant); AGG(B,A));

– ARC arcs, which includes adjectival, prepositional or adverbial phrases de-
pendent from a non-verbal phrase (A: "la lectura fue rápida" (the reading
was fast)); B "(la lectura fue) del libro" ((the reading was of the book);
ARC(B,A));

– REL arcs, which includes relative sentences (A: "el restaurante" (the restau-
rant); B: "que más me gusta" (that I like the most); REL(B,A));

– MARK arcs, which includes modal, causal, final or other subordinate sen-
tences (A: "iba hacia el coche" (I was walking towards the car); B: "cuando
oí un disparo" (when I heard the shot); MARK(A,B));

– CONJ arcs, which includes coordinated sentences or phrases (A: "Antonio
dormia" (Antonio has slept); B: "mientras su mujer sonaba" (while his wife
played); CONJ(A,B));

The final graph includes kernels (the linguistic units) and relations.
In the next sections, we will illustrate how the comparison with the UNL kernel’s
graphs is performed and how we score the translation precision score.

5.2 Decomposition of UNL sentences

The decomposition of the UNL sentences is done by a shallow parsing technique,
guided by the analysis of the sentence with pattern detection. The shallow pars-
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ing technique is based on a knowledge base of patterns which is processed by a
pattern searcher. The patterns of the knowledge base follow the next structure:

– A first part where we declare the content of the pattern’s nodes.
– A second part where we declare the relationships between nodes and the

nodes they relate.

As an input, the method receives a UNL graph in text form as in the figure 1.
The aim is to decompose the graph in patterns to observe its internal structure.
This structure represents the syntactic structure of the UNL graph because it
shows the relations between the Universal Words. In figure 1, for example, the
relations of the predicate look back are expressed by an agt (agent) relation
(people), a obj (object) relation (past) and other modifiers (man (manner) -
often, tim (time) - turn which includes another sentence).

Decomposition of the UNL Graph In the decomposition steps, the system
searches for the verbs’ complements to detect the syntactic structure of the
sentence. For example, the pattern that searches for the structure of a type be
verb relates the nodes 2 and 3 which represent its subject and object 2.

1:.*?>be.*?).*?
aoj(:*. )?(1,2)
obj(:*. )?(1,3)

This pattern would represent the graph of figure 2.

Fig. 2. Graph pattern

Redundant Information Pruning At the end of the detection phase, the
information enclosed in the captured patterns can overlap. For example, we
might find a pattern which includes a subject and an object (aoj-obj) and another
pattern which includes the same subject and object with an object modifier
(aoj-obj-mod). In this case, we include in the list of patterns only the one which
contains more information.
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Special patterns As mentioned before, we aim to capture the biggest patterns
in the expression. Nevertheless, a smaller pattern can be part of a bigger one. In
this case, we planned a specific step in which we split the bigger patterns into
more units.

Generation of the Graph Once we have all the occurring patterns in the input
graph we relate them to create the rest of the output. The relations between the
patterns are the same used for the decomposition of the Spanish sentences. We
use the same output model explained in the section 5.1. We give an incremental
letter to each relation found as an identifier (ID). In order to relate those kernels
we look to the first or last node of every kernel. Kernels with the same first
or last node are related. Other relations such as MARK are done by searching
specific relations inside the UNL structure.

We find all possible patterns inside the graph, as shown in the example in
Appendix 8. The steps employed in the process are the following:

1. the system searches for the patterns in the graph.
2. After that the system prunes the redundant information from the list of

kernels.
3. The list of matches is completed with the special patterns, created to solve

conflicts that arise with the growing up of the knowledge base.
4. Remaining kernels are associated with each other.
5. Finally, the system orders the list of kernels by their ID.

5.3 Measuring the likeness between graphs

After breaking a text into kernels, we must compare those kernels to determine
their similarity.

To compare the sentences we take both graphs (Spanish and UNL) and com-
pare them using a metric created for that purpose. The metrics take into account
the number of kernels detected, the relations in which they are involved and the
name of the arcs of that relations.

The metric used is based on the mean of three indices:

1. NK : the number of total standard kernels
2. S : the shape of the graph
3. C : coherence of the relation tags

The NK index is calculated as the ratio between the number of total standard
kernels contained in the two sentences.

The S index takes the shape of the graph into account as an index of corre-
spondence between the two sentence graphs.

S =
N −D

N
(1)

S is a 0-to-1 index in which the Relation Difference D measures the distance
between the two graphs. N represents the number of detected kernels of the
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bigger graph. With k10...k1n as the number of kernels that appear zero or more
times in the first graph and k20...k2n ad the number of kernels that appear zero
or more times in the second graph D is calculated as:

D =
n∑

i=0

|k1i − k2i|
2

(2)

The difference between the two graphs is calculated as the number of relations
in which each kernel participates. In this way, we don’t need to know the nature of
each kernel, but we may compare their relationships through the graph. Because
each difference affects the measure twice, the final value is divided by two. The
index is calculated as the correct percentage of the kernel’s graph.

The C index focuses on the edge typology that connects the kernels. We
distinguish four types of relations:

– Type 1: relationship of the kind ARC, MARK, and REL. Noun and verb
modifiers of any kind are included in these relationships. Relative sentences
are also included because they can be translated as a nominal modifier in
some cases.

– Type 2: OBJ, COMP, and AGG relations. This list includes both simple and
complex verb complements. We also included objective sentences because
the syntactic structure of the verb might be transitive in one language and
intransitive in another (for example, the verb to call, "llamar", in Mark
called John by telephone correspond to "Mark llamó a John por teléfono" in
Spanish).

– Type 3: CONJ.
– Type 4: SUBJ.

The formula of C is the same as that used for the formula of S, but N denotes
the maximum number of edges on the graph, and the score for D is determined
differently:

D =

n∑
i=0

(|k1t1 − k2t1|) ∗ 0.3 + (|k1t2 − k2t2|) ∗ 0.5 + (|k1t3 − k2t3|) + (|k1t4 − k2t4|)
2

(3)

We assigned a confidence value to each of the four types of relations identi-
fied: type 1 (t1) has the lowest weight (0.3) because these types of relations are
relatively common and their recognition is frequently erroneous. The confidence
weight for type 2 (t2) relationships is 0.5.
Because subjective sentences and conjunctions substantially characterize the sen-
tences, type 3 (t3) and type 4 (t4) have a weight of one. Furthermore, the de-
composition process does not make mistakes in recognizing those structures.

To clarify the stages involved in calculating the final value of similarity we
will take as an example the sentence "El hermano de Antonio llamó a la policia
mientras se escapaba" (Antonio’s brother called the police while he was running
away). The Spanish sentence will be divided into the following list of kernels:
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1. A: el hermano llamó a la policia
2. B: el hermano es de Antonio
3. C: llamò mientras se escapaba
4. R1: ARC(B,A)
5. R2: COMP(C,A)

Assuming that the translation in UNL was the same as the one in English
that follows:

1. A: the brother called the police
2. B: the brother was Antonio’s
3. C: while he was running
4. D: the running is away
5. R1: ARC(B,A)
6. R2: COMP(C,A)
7. R3: ARC(D,C)

the ratio between the number of total standard kernels is equal to 3/4 = 0.75.
To calculate the relation difference D for the index S we must look at the graph
in table 6. The value D is equal to 0.5 and the difference between the shape of
the two graphs is equal to (4− 0.5)/4 = 0.875.

Table 6. Number of labels per number
of relations

Relations Spanish UNL Difference
0 0 0 0
1 2 2 0
2 1 2 1

Table 7. Type of relations per number
of relations

Relations Spanish UNL Difference
t1 1 2 1
t2 1 1 0
t3 0 0 0
t4 0 0 0

For the index C we calculated the number of relationships that belongs to
the four families (table 7). The score of D in this case is (4− 0.15)/4 = 0.98.

The equivalence score between the two sentences is the mean of the three
values: 0.867.

6 Experimentation

In order to test the proposed model we ran an experiment in which we calculate
our metric across 100 sentences collected from the ELRC-1082-CNIO v1 Corpus
[32], a corpus of Spanish scientific paper translated into English. The corpus was
converted to UNL language and processed as explained in previous sections.

The sentences used in this experiment have been extracted from a corpus of
Spanish sentences labelled with their validated and correct UNL expression.
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To assess the system’s ability to detect incorrect translations, we assessed the
model’s precision over 200 sentence pairs, half of which were associated with the
correspondent translation and the other half with a random text. To determine
when a sentence is correctly translated, we must first create a threshold above
which we can consider the translation to be correct. We examined four alternative
thresholds in this experiment: 0.8, 0.75, 0.7, and 0.6.

The precision of the methodology is shown in table 8. We took as correct
every correctly translated pair with a score higher than the threshold and every
random pair whose score is below.

Table 8. Precision of the Methodology over truly translated sentence pairs and random
pairs

threshold True Random total
0.8 0.57 0.80 0.691
0.75 0.75 0.69 0.724
0.7 0.85 0.59 0.724
0.6 0.95 0.32 0.640

Table 8 shows that a threshold of 0.7 or 0.75 yields the best overall value.
Despite the fact that we did not include the lexicon in our analysis, the model
gets outstanding precision results. Especially with properly translated sentences.

The study of the results reveals that in many situations, a mistaken judgment
on correct translation must be attributed to an incorrect parsing result. For
example, the sentence "Utilizar el siguiente formulario para contactar con Elena"
is translated correctly to UNL but receives a score of 0.67. In fact, the analysis of
the Spanish sentence evidences the presence of 3 kernels, one of which is included
in two edges and two included in only one edge. In UNL, there is only one kernel.

Analyzing the incorrect pairs, the errors’ motivations could be chance, but
they could also be parsing or decomposition faults. The sentence "Esto podría
suponer un coste adicional y un retraso en la tramitación." (This could reflect an
additional cost and delay in the entire process) (4 kernels), for example, achieves
a score of 0.88 with the sentence "nuestros donantes tienen la oportunidad de
disfrutar mientras realizan una contribución a buen fin" (our donors have the
opportunity to enjoy their contribution for a good cause) (4 kernels). In table 9
we report the numerical analysis of the two sentences.

The two sentences generate the following kernel graphs:

– k1: Esto podría suponer un coste
– k2: adicional
– k3: y un retraso
– k4: en la tramitación
– r1 : ARC(k2,k1)
– r2 : CONJ(k3,k1)
– r3 : MARK(k4,k3)

– k1: our donors have the opportunity
– k2: to enjoy their contribution
– k3: for a cause
– k4: good
– r1 : OBJ(k2,k1)
– r2 : ARC(k3,k2)
– r3 : ARC(k4,k3)
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Table 9. Comparing two not-related sentences

Number of relations Sentence 1 Sentence 2 Difference
0 0 0 0
1 2 2 0
2 2 2 0
t1 2 2 0
t2 0 1 1
t3 1 0 1
t4 0 0 0

Since the sentence graph has the same number of kernels and the same shape,
the score of NK and S are equal to 1.

Because the phrases differ in one element, the index C is equal to 0.66.
Despite the fact that the two statements are made up of distinct words and have
different meanings, they have nearly the same syntactic structure. We will strive
to tackle this problem in the future by including a lexical similarity value.

7 Conclusions and future work

In this paper, we presented a syntactic strategy for automatically comparing
translations without the need for a corpus of canonical forms or human labour.
The results of the experiments reveal that the metrics can measure the likelihood
of sentences in different languages at the syntactic level with a precision of 0.74.

Measuring merely syntactic similarities between two sentences can not avoid
casual errors, because two sentences with the same structure can have entirely
different meanings depending on the lexicon they contain.

For this reason, we shall expand the proposed metrics to include semantics.
Kernel decomposition will also help with lexical/semantic analysis. In fact, ker-
nels are language constructions that give the bare minimum of context and fixed
relations among words. Using a lexical approach, we can compare kernels more
easily than complex sentences because the syntactic elements in kernels must be
the same number and type.

Furthermore, in order to enhance the present measure, we must address the
reliance on the parsing mechanism. To avoid future failures, we will use a new
method that does not rely on external resources. In fact, as we showed in Section
6, some of the problems are the result of parsing issues.

We must also compare our model to other commonly used state-of-the-art
models and, if possible, improve our results by combining our technique with
additional metrics such as Guzman’s tree structure comparison [11].
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8 Appendix I: UNL Decomposition example

The sentence "Estamos interesados en seguir con la campaña otro mes" is rep-
resented in UNL as:

aoj(be(icl>be,aoj>thing,obj>thing).@entry.@present, we(iof>person))
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
obj(continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing),
campaign(icl>operation>thing).@def)
tim(continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing),
month(icl>period>time>thing,pof>year))
mod(month(icl>period>time>thing,pof>year), another(icl>adj))

Step 1: we detect all the possible patterns of the UNL graph. Since there are
too many we show three of them as an example:
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(1)
aoj(be(icl>be,aoj>thing,obj>thing).@entry.@present, we(iof>person))
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
(2)
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
(3)
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
obj(continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing),
campaign(icl>operation>thing).@def)

Steps 2 and 3: we delete pattern 2 which is redundant (pruning). Then, we
detect a special pattern in object 3 and we split it into two patterns.

(1)
aoj(be(icl>be,aoj>thing,obj>thing).@entry.@present, we(iof>person))
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
(3)
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
(4)
obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
obj(continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing),
campaign(icl>operation>thing).@def)

Steps 4 and 5: we search for relations between patterns. then, we write them
as kernels in order to produce a labelled output:

"A": "aoj(be(icl>be,aoj>thing,obj>thing).@entry.@present,we(iof>person))
obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))",

"B": "obj(be(icl>be,aoj>thing,obj>thing).@entry.@present,
interested(icl>adj,com>interest,obj>thing))
obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))\n",

"C": "obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
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obj(continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing),
campaign(icl>operation>thing).@def)\n",

"D": "obj(interested(icl>adj,com>interest,obj>thing),
continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing))
tim(continue(icl>act>do,equ>go_on,agt>thing,obj>thing,cob>thing),
month(icl>period>time>thing,pof>year))
mod(month(icl>period>time>thing,pof>year),another(icl>adj))\n",

"E": "ARC(A,B)",
"F": "ARC(B,C)",
"G": "ARC(C,D)"


