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Abstract

The development of accurate syntactic parsers
remains a challenge for low-resource languages.
To overcome it, the literature has proposed
leveraging syntactic annotations from typologi-
cally related languages. This work investigates
the viability and adequacy of this approach
for Galician, evaluating the use of annotations
from major Romance languages as source data.
Our methodology extends beyond standard au-
tomatic evaluation to incorporate a detailed er-
ror analysis, which precisely quantifies the ef-
fects of multilingual training and assesses the
practical scalability of the method. The results
establish the necessity of embedding models
for effective cross-lingual transfer and demon-
strate that even languages not particularly close
can yield adequate parsers. This work con-
firms the benefits of cross-lingual data augmen-
tation while delineating its scalability limits.
Furthermore, the error analysis identifies spe-
cific, typologically conditioned grammatical
dependencies that remain persistent challenges
for accurate dependency parsing.

1 Introduction

Galician is a Romance language spoken in the
southwestern part of the Iberian Peninsula, with
approximately 2.4 million speakers. It is the offi-
cial language of the region of Galicia, alongside
Spanish. Like many other minoritized languages,
it faces significant challenges in developing lan-
guage technologies, primarily due to a scarcity of
data and resources. This scarcity is a particularly
critical challenge in the field of syntax parsing, the
focus of this work, as it requires costly, expert hu-
man annotation to develop high-quality systems.
To address this data scarcity, we focus on Gali-
cian’s membership in the Romance language fam-
ily. Other major languages in this family, such
as Portuguese, French, and Spanish, benefit from
abundant human-annotated data for parser devel-
opment (Nivre et al., 2020). Building on this, our
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work investigates methods for combining data from
these languages with Galician data to leverage their
syntactic similarities and, consequently, develop
more accurate syntactic parsers.

1.1 Goal

This work investigates the effects of combining
syntactic annotations from different languages, fo-
cusing on Galician. We aim to identify the most
effective source languages for Galician and analyze
the specific parsing errors that are introduced or re-
solved by incorporating data from other languages.
To guide this investigation, we base our work on
two research questions:

1. RQ1: Typological Proximity. What is the
minimum degree of typological proximity re-
quired between Galician and a source lan-
guage to improve syntactic parsing perfor-
mance?

RQ2: Error Analysis. What are the most
prominent syntactic dependency errors in the
resulting parsers? To what extent can these
errors be attributed to (a) inherent treebank
structure, (b) specific language combinations,
or (c) the use of cross-lingual embedding mod-
els? Furthermore, do these factors primarily
exacerbate or mitigate specific error types?

Ultimately, this work aims to propose guidelines
for constructing more accurate Galician syntactic
parsers. Although focused on a single language, the
core approach—Ileveraging typological proximity
within a language family—provides a reproducible
framework for improving parsing systems for other
low-resource languages (Dione, 2021).

This paper proceeds as follows. We first survey
related work in Section 2. Section 3 describes our
methodology, the results of which are discussed
in Section 4. We present the final conclusions in
Section 5 and the limitations in Section 6.
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Language Nb. Tr. Nb. Sent. UAS/LAS Parser UAS LAS Innovations
English 13 97,896  96.8/94.4 UDPipe2 78.66 74.25 Graph-based neural
Portuguese 7 82,183  96.5/95.2 architecture

Italian 11 42,297 05.8/93.8 UDify 84.08 76.77 Multilingual parser
Basque 1 8,993 88.2 /85 Stanza 77.27 71.86 Bi-LSTM parser
Galician 3 5993 868/823  Tower 7757 G087 Hierarehicl

Welsh ! 2,717 B84 /826 Sarym. 89.03 85.30 Mixture of languages,

Table 1: Syntax parsing resources of languages. Respec-
tively, the number of treebanks in UD, the sum of the
total number of sentences of them and the highest UAS
and LAS obtained by each language with the default
UDPipe 2 models (version of 2025).

2 Related Work

Linguistically, the majority of modern syntactic
parsers are based on dependency parsing. The Uni-
versal Dependencies (UD) project, a large-scale
collection of treebanks, has been instrumental in
the widespread adoption of this framework. UD
provides treebanks for over 178 languages and
has significantly contributed to the standardization
of annotation guidelines, ensuring cross-linguistic
consistency (de Marneffe et al., 2014).

Grounded in Universal Dependencies, several
dependency parsers have been successfully de-
veloped using machine learning techniques, in-
cluding UDPipe (Straka and Strakova, 2017) and
Stanza (Qi et al., 2020). Subsequently, the rise of
multilingual parsers like UDify (Kondratyuk and
Straka, 2019) and the creation of algorithms such as
TOWER (Glavas and Vulié, 2021) to combine an-
notations from different languages were important
milestones in the field’s development. Furthermore,
some authors have proposed using embeddings as
input to parsers instead of raw text, demonstrating
the positive effects of this approach (Adelmann
et al., 2021).

The Large Language Model revolution in recent
years has also influenced the field; some authors
have employed them to create synthetic training
data (Zhang et al., 2024), while others have used
them directly as parsers (Ezquerro et al., 2025).
Some research has suggested that LLMs are ca-
pable of achieving state-of-the-art performance in
dependency parsing, at least in some languages
(Hromei et al., 2024). However, it is important
to note that some authors have found significant
performance gaps of LLMs between high- and low-
resource languages in common NLP tasks such as
translation (Court and Elsner, 2024) or annotation
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embeddings

Table 2: Performance of various models in Galician.
The rows follow a chronological order. Scores were
obtained by parsing the TreeGal treebank.

(Jadhav et al., 2025), which may also be the case
for dependency parsing in low-resource languages.

With regard to low-resource languages, the
lack of manual syntactic annotations has tradi-
tionally hindered the training of accurate parsers
(Taghizadeh and Faili, 2022). To address this prob-
lem, previous work has proposed using annotations
from other languages by means of different types
of transfer learning (Ghiffari et al., 2023). Table
1 compares the available resources for each lan-
guage in Universal Dependencies. Note that the
major languages have a considerably larger number
of annotated sentences; thus, their parsers achieve
considerably higher scores on standard metrics, in-
dicating better performance.

Universal Dependencies has released three Gali-
cian treebanks, two of which consist of manually
revised annotations: TreeGal (Garcia, 2016) and
PUD-gl (Sanchez-Rodriguez et al., 2024). It is
worth mentioning the treebank PUD-gl, which is
the Galician version of a parallel corpus available
in several languages; it was first published for the
CoNLL Shared Task of 2017 (Zeman et al., 2017).

Regarding dependency parsers for Galician, the
earliest systems were rule-based (Gamallo and
Gonzdlez, 2012). Subsequently, Galician was in-
cluded among the languages supported by UDPipe
2 (Straka, 2018), and further research has been con-
ducted to improve these parsers—most notably the
study by Sarymsakova et al. (2024). In that study,
the authors explored the use of annotations from
Portuguese and Spanish for data augmentation, as
well as the use of embeddings from several lan-
guage models, to develop more accurate parsers for
Galician. The present work takes that study as its
point of departure.



3 Methods

This work uses UDPipe 2 (Straka, 2018) as the
basis for creating syntactic parsers, following the
approach of several previous studies (Lopes and
Pardo, 2024; Sarymsakova et al., 2024). In all
experiments, we provided the models with gold-
standard tokenization. All treebanks used for train-
ing were sourced from Universal Dependencies.
For the Galician treebanks PUD-gl and TreeGal, we
split the sentences into three sets: from each tree-
bank, 800 sentences were assigned to the training
set, 50 to the development set, and 150 to the test
set. All other treebanks used in this work were em-
ployed exclusively as training data. We excluded
the Galician treebank Corpus Técnico do Galego,
CTG (Guinovart, 2017), because it contains semi-
automatically annotated data, unlike the manually
annotated treebanks used in this work.

In parallel, across all experiments we investigate
the impact of using embeddings as input to the
parsers. To this end, we generated embeddings us-
ing three language models: Bertinho (Vilares Calvo
et al., 2021), BertGL (Garcia, 2021), and XML-
Roberta (Conneau et al., 2020). In all cases we
have used the Base version of those models. The
first two are monolingual models trained on Gali-
cian, while the latter is a multilingual model. All
models were sourced from HuggingFace, and em-
beddings were calculated using the Wembedding
Service tool provided by UDPipe 2.

Evaluation was conducted consistently across all
experiments. First, we assessed the general perfor-
mance of the parsers using two standard automatic
metrics: Unlabeled Attachment Score or UAS (Eis-
ner, 1996) and Labeled Attachment Score or LAS
(Nivre et al., 2004). We placed greater emphasis on
the LAS metric due to its closer alignment with hu-
man judgments, as established in prior work (Plank
et al., 2015). Second, we performed a fine-grained
error analysis, disaggregating results by grammati-
cal dependency types to measure parser precision
for each specific relation. This approach allowed
us to describe in detail the impact of cross-lingual
data mixtures on parser performance and to pave
the way for future qualitative analyses. The follow-
ing subsections describe each experiment.

3.1 Impact of Typological Proximity

In this experiment, we trained parsers using sepa-
rate, monolingual datasets from Galician and other
languages, ensuring an equal number of sentences
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per language without mixing data across languages
within a single training run. Our goal was to
confirm that using data from languages typolog-
ically close to Galician—even in the absence of
any Galician training sentences—can produce ef-
fective parsers, which should perform significantly
better than parsers trained on data from typologi-
cally distant languages. To this end, we selected
five high-resource languages representing a gra-
dient of typological proximity to Galician: Por-
tuguese and Spanish (both Ibero-Romance lan-
guages, the subgroup to which Galician belongs)';
French and Italian (Romance languages outside
the Ibero-Romance subgroup); and German (a Ger-
manic, non-Romance language). Thus, the first
pair is phylogenetically closest to Galician, while
German is the most distant.

To conduct this experiment, we used the Paral-
lel Universal Dependencies (PUD) treebanks for
the five languages mentioned above. We selected
800 sentences from each language’s PUD treebank
and trained all models exclusively on this data.
For each language, we trained four models: three
models used the embeddings generated by each of
the three language models (Bertinho, BertGL, and
XML-Roberta) as input, and one baseline model
used no embeddings. All models were trained on
monolingual data (i.e., each model used data from
only one source language).

In line with the above, we created six distinct
training data partitions, each corresponding to a sin-
gle source language: G (Galician), P (Portuguese),
S (Spanish), F (French), I (Italian), and D (Ger-
man). These codes will be used in the following
sections to reference the corresponding partitions.

3.2 Comparison Between Treebanks

In this experiment, we compared parsers trained
on the two manually annotated Galician treebanks,
PUD-gl and TreeGal. The aim was to quantify the
impact of differences in annotation guidelines and
minor formatting conventions between treebanks,
even when they represent the same language. To
this end, we constructed two separate training sets
of 800 sentences each, one from each treebank.
For each set, we trained four parser variants: three
using embeddings from the respective language
models (Bertinho, BertGL, XML-Roberta) and one

!Galician and Portuguese are traditionally considered vari-
eties of the same language with different orthographies, while
Galician and Spanish, despite intense contact and a shared writ-
ing system, are distinct languages (Carvalho Calero, 1985).



baseline model without embeddings. Finally, we
evaluated all trained parsers using the correspond-
ing 150-sentence test sets defined for each treebank
in the previous section.

3.3

For this experiment, we created training partitions
by combining manual annotations from different
treebanks, thereby mixing languages. The purpose
was to study the parsing errors that are either in-
troduced or resolved as a direct result of this cross-
lingual data combination. Specifically, we created
four training partitions based on the PUD-gl Gali-
cian treebank. All partitions contained the core set
of 800 training sentences from PUD-gl. To this
core, we added sentences from other languages to
form the following four mixed-data conditions:

Mixture of Languages

1. G+P: PUD-gl + Portuguese (800 Galician +
800 Portuguese sentences).

G+S: PUD-gl + Spanish (800 Galician + 800
Spanish sentences).

G+P+S: PUD-gl + Portuguese + Spanish (800
Galician + 400 Portuguese + 400 Spanish sen-
tences).

G+I+F: PUD-gl + Italian + French (800 Gali-
cian + 400 Italian + 400 French sentences).

All partitions consisted of 1,600 sentences each.
All trained parsers were evaluated on the 150-
sentence PUD-gl test set defined earlier. As in
previous experiments, we tested the impact of dif-
ferent embedding types (Bertinho, BertGL, XML-
Roberta, and no embeddings).

3.4 Scalability

As a final scalability experiment, we investi-
gated whether large, high-resource treebanks
from closely related languages could be used di-
rectly—without any pre- or post-processing—to
develop more precise parsers for Galician, thereby
addressing its data scarcity. For this purpose, we in-
corporated two additional large treebanks: CINTIL
(Portuguese) and AnCora (Spanish).

We constructed three training partitions. Each
partition contained the combined training sentences
from both Galician treebanks (800 from PUD-gl
+ 800 from TreeGal = 1,600 sentences). To this
Galician base, we added sentences from the large
external treebanks to create the following condi-
tions:
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1. G+PP: Galician + CINTIL: 1,600 Galician +
2,400 Portuguese (CINTIL) sentences.

G+SS: Galician + AnCora: 1,600 Galician +
2,400 Spanish (AnCora) sentences.

. G+PPSS: Galician + CINTIL + AnCora:
1,600 Galician + 1,200 Portuguese (CINTIL)
+ 1,200 Spanish (AnCora) sentences.

For each of the three data combinations, we trained
four parser variants (using the three embedding
types—Bertinho, BertGL, XML-Roberta—and one
baseline without embeddings). All models were
evaluated on the standard PUD-gl test set of 150
sentences.

4 Results

In this section we will present the results of the
experiments described in Section 3, followed by a
discussion of them.

4.1 Typological Proximity

UAS-LAS analysis. Figure 1 shows the UAS and
LAS scores achieved by parsers trained on different
language versions of the PUD treebank, all evalu-
ated on the Galician PUD-g] test set. The parsers
trained on Portuguese and Spanish data obtain UAS
scores very close to the parser trained on Galician
(within 2 and 4 points, respectively), though their
LAS scores are somewhat lower (5 and 12 points
difference). This proximity in performance is only
observed when using embeddings; without embed-
dings, the performance of parsers trained on Por-
tuguese (P) and Spanish (S) is significantly more
limited. For these two closely related languages,
the choice between monolingual and multilingual
embedding models has a minimal effect.

In contrast, for more typologically distant lan-
guages—Italian (I), French (F), and German
(D)—the type of embedding model matters sub-
stantially. When using the multilingual embed-
ding model, parsers trained on Italian and French
achieve UAS scores only 7 points below the
Galician-trained parser, compared to a 30—40 point
drop for parsers trained without embeddings. How-
ever, performance on the stricter LAS metric re-
mains more limited for all parsers trained on lan-
guages other than Galician.

Dependency-level analysis. Figure 2 visualizes
the error analysis for the trained parsers. Each
row corresponds to one of the 14 most frequent
dependency relations in the PUD treebank, and
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Figure 1: Performance of models trained in a sole language. Both images columns represent a different language on
which the parsers was trained and each row a distinct embedding model used by the parser.

each cell shows the precision of correctly inferred
dependencies for a given parser. In the row Others
we calculated the average of that proportion for all
other dependencies that were not represented in the
Figure, since the total amount of dependencies is
of 32.

The analysis reveals that certain dependencies
are consistently more difficult to parse across all
models, regardless of the source language or em-
bedding type. The most problematic relations are
the clausal modifier of noun (acl) and numeric
modifier (nummod), while oblique nominals (obl),
nominal modifiers (nmod), and nominal subjects
(nsubj) also exhibit high error rates despite their
high frequency. As expected, parsers trained on
other source languages struggle most with infre-
quent syntactic dependencies. For instance, even
when using embeddings, the precision gap between
the Galician-trained parser (G) and the Portuguese-
trained parser (P) is of 0.25 points. This gap widens
dramatically for more typologically distant lan-
guages.

Although embeddings generally improve perfor-
mance for all languages (noting that distant lan-
guages require multilingual embeddings), they en-
able competitive accuracy on some otherwise prob-
lematic dependencies for specific languages (e.g.,
determinants in Italian and Spanish, or oblique
nominals in Portuguese). In that sense, the Fig-
ure 2 shows that each source language tends to
accentuate specific error patterns. For instance,
parsers trained on Portuguese and French more
frequently misidentify oblique nominal (ob/) and
nominal modifier (nmod) relations, whereas those
trained on Spanish and Italian show higher error
rates on direct objects (0by).

In summary, typological proximity has a
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stronger positive effect on UAS than on the stricter
LAS. Portuguese and Spanish are sufficiently close
to Galician to train parsers of decent quality, with
results not far from those trained on Galician
data itself. Moreover, our experiments reveal a
clear performance gradient when using different
source languages to train parsers for a target lan-
guage. For Galician, Ibero-Romance languages
(Portuguese, Spanish) yield results closest to the
Galician-trained baseline. Other Romance lan-
guages (French, Italian) can achieve relevant per-
formance, but only when multilingual embeddings
are employed. Parsers trained on German data,
however, fail to achieve decent results even with
multilingual embeddings.

Notably, the performance gap between using
other Romance languages and using German is
substantially larger than the gap between Ibero-
Romance and other Romance languages. This
holds despite the fact that, for example, both French
and German are largely intelligible to Galician
speakers, suggesting that mutual intelligibility is a
poor proxy for parser transferability compared to
formal syntactic similarity.

4.2 Mixture of Languages

In this section we present the results of combining
diverse languages with Galician in the training of
parsers. The Table 3 ilustrates that results.

UAS and LAS improvements. As can be seen
in the Table 3, the improvements gained from mix-
ing languages are limited. The results obtained on
the PUD-gl test partition by models trained solely
on Galician (G) are similar to those obtained by
models trained with partition composed by multiple
languages (e.g., G+P or G+S). It is true that, when
no embedding models are used, language mixing
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Figure 2: Error analysis disaggregated by dependencies. The left image shows the precision of the parsers that use
embeddings (the maximum score obtained between the three models previously explained) and the right image the
scores obtained by the parsers without embeddings. Count indicates the number of occurrences of each dependency.

Parsers BglB XmiIB NONE

G 93.0189.5 92.0188.7 87.8183.5
G+P 93.1189.5 93.0189.8 88.0184.9
G+S 93.3190.1 92.6189.3 89.3184.8
G+P+S  93.1189.9 924189.0 87.8184.7
G+I+F  92.4189.2 92.4189.2 87.9183.6

Table 3: Results of language mixture in training. Each
row represent a different training partition -thus, a spe-
cific language mixture- and each column a different
embedding model. Each cell contains: UAS | LAS.

brings greater improvements: the gain between G
and G+S models is 0.3 in UAS when using Bert-GL
embeddings, and 1.5 when using no embeddings.

Mixing closely related languages does not intro-
duce noise into the training; results always improve,
even if only slightly. This is the case for Spanish
(G+S) and Portuguese (G+P) with Galician: mix-
ing either with Galician yields small but consis-
tent gains. Increasing the number of mixed lan-
guages also does not seem to add more noise to the
training, provided the added languages are them-
selves typologically close (Spanish and Portuguese,
G+P+S partition), although the improvements are
not greater either. However, as the typological
proximity of the mixed languages decreases, they
become noisier: combining Italian or French with
Galician yields poorer results than training with
Galician alone.

Dependency-level error analysis. The analy-
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sis follows the trend observed with the automatic
metrics. When using embedding models, parsers
augmented with data from other languages rarely
surpass the performance of the parser trained exclu-
sively on Galician (G), and the observed gains are
limited to specific dependencies. It can be affirmed
that language mixing is generally unable to yield
substantial improvements for the problematic de-
pendencies identified in Section 4.1, as they remain
persistent challenges.

However, when embedding models are not used,
small but consistent improvements become appar-
ent in several grammatical dependencies: oblique
nominals, nominal subjects, adjectival modifiers,
etc. In all cases, an improvement of at least 0.02
is observed. When evaluation is performed on
the TreeGal treebank, these improvements persist,
whether weaker or stronger (see Figure 4). It is
noteworthy, furthermore, that for low-frequency
dependencies (grouped as Others), language mix-
ing has a positive effect, particularly on the TreeGal
treebank. Concerning the mixing of specific lan-
guages, the most widespread improvements across
dependencies are observed when combining Gali-
cian and Portuguese (the G+P parsers). There are
very few dependencies for which the parsers trained
with mixed languages make more errors than those
trained only on Galician, even when the added lan-
guages are Italian or French.



Depen. PUD-E PUD-N Tre-E Tre-N
obl 0.02 0.03 0.06 0.01
nsubj 0.01 0.04 0.02 0.02
amod 0 0.04 0.01 0.03
obj -0.01 0.03 0.01 0.01
conj -0.01 0.04 -0.01 0.01
acl 0.03 0.02 0.07 0.01
Others 0.02 0.02 0.03 0.06

Table 4: Improvements in problematic dependencies.
Values indicate the gain in precision when using lan-
guage mixture training (G+P, G+S, G+P+S, G+I+F)
over Galician-only training (G). Columns are organized
by test corpus (PUD-gl, TreeGal), with each pair show-
ing results without embeddings (first column) and with
embeddings (second column).

4.3 Comparison Between Treebanks

Table 5 compares the performance scores of parsers
trained and evaluated on the PUD-gl and TreeGal
treebanks, using the four embedding models de-
scribed previously.

Different performances between treebanks.
Despite both treebanks being in Galician and hav-
ing the same size, models evaluated on the treebank
they were not trained on performed significantly
worse than those trained and tested on the same
treebank. For example, parsers trained on PUD-gl
suffered a performance drop of 8—13 UAS points
and 11-16 LAS points when evaluated on TreeGal,
compared to their evaluation on PUD-gl. Further-
more, parsers trained and evaluated exclusively on
TreeGal outperformed those trained on PUD-gl and
evaluated on TreeGal, achieving roughly 5 more
UAS points and 8 more LAS points. Similarly,
parsers trained on TreeGal performed worse when
evaluated on PUD-gl compared to parsers trained
and evaluated on PUD-gl.

TreeGal more challenging than PUD-gl. The
results indicate that the TreeGal treebank appears
to present a greater parsing challenge. This is ob-
servable in Table 5, where, in some configurations,
parsers trained on TreeGal achieve higher scores
when evaluated on PUD-gl than when evaluated
on their own training treebank, TreeGal (compare
columns Tr-Tr and Tr-Pu for UAS).

Embeddings as flexibility providers. This
counterintuitive effect occurs only for parsers that
use embeddings. The use of embeddings not only
improves overall performance but also reduces the
performance gap between evaluation on the in-
domain treebank (the one used for training) and the

64

out-of-domain treebank (the other treebank). For
instance, for parsers trained on PUD-gl with embed-
dings, the performance drop when evaluating on
TreeGal (versus PUD-gl) is approximately 8 UAS
points and 12 LAS points. In contrast, for parsers
trained on PUD-gl without embeddings, this cross-
treebank performance drop increases to 13 UAS
and 16.3 LAS points. Therefore, the inclusion of
embeddings enhances the parser’s generalization
capacity, yielding models that are more robust and
flexible across different annotation schemes.

Greater performance gap on LAS. Finally, the
results demonstrate that the performance gap be-
tween in-domain evaluation (same treebank used
for training and testing) and cross-treebank evalu-
ation is wider for the LAS than for the UAS—by
an average of three points. This is consistent with
expectations, as LAS is a more restrictive metric
that requires correct grammatical labels in addition
to syntactic structure.

Based on the findings presented in this subsec-
tion, we conclude that automatic evaluation scores
vary considerably across treebanks, even when they
represent the same language and are of comparable
size. These variations likely stem from differences
in annotation quality, guideline compatibility, and
the generalization capacity of the parsers them-
selves.

4.4 Scalability

The last objective of this work was to measure
the scalability of language mixing as a step toward
building more precise syntactic parsers for Galician.
Table 6 presents the results of these experiments.
Following what was shown in the previous section,
this experiment also demonstrates that language
mixing can only yield minor improvements when
robust embedding models are used, even if the size
of the added partition is five times larger. The UAS
difference between the G parser and the scaled
parsers (G+PP, G+SS, and G+PPSS) is, at best, 1.1
points in favor of the latter; the LAS difference,
however, is 1.7 points. In contrast, when embed-
ding models are not used, the scalability of lan-
guage mixing is clearly observed: the GCP parser
achieves a 3.2-point higher UAS and a 3.5-point
higher LAS.

Considering these results, we conclude that
scaling syntactic parsers for Galician by directly
using large treebanks from closely related lan-
guages—without any pre- or post-processing—is
not an especially promising approach, given the



Model UAS LAS

Pu-Pu Pu-Tr Tr-Tr Tr-Pu Dif. | Pu-Pu  Pu-Tr Tr-Tr Tr-Pu Dif.
BnhB 91.8 82.9 87 884 89 | 884 76.2 83 83 12.2
BglIB 914 83.1 874 879 83 88.3 76.8 83.8 825 115
XmlB 91 822 8677 87.1 88 | 817 76  82.6 82 11.7
NONE 88 75 80.5 76.6 13 83.8 67.5 751 70.1 163

Table 5: Performance comparison across treebanks. The subcolumns represent the following configurations: parser
trained and evaluated on PUD-gl (Pu—Pu), trained on PUD-gl and evaluated on TreeGal (Pu-Tr), trained and
evaluated on TreeGal (Tr—Tr), and trained on TreeGal and evaluated on PUD-gl (Tr—Pu).

Parsers BglB XmlB NONE

G 93.0189.5 92.0188.7 87.8183.5
G+PP 93.8191.0 93.2190.0 90.5186.7
G+SS 94.1190.0 93.1190.0 91.2187.3
G+PPSS 93.6190.7 93.3190.1 91.0187.0

Table 6: Scalability of language mixture in Galician.
See Section 3 for information about parsers and experi-
ment configuration. Each cell contains: UAS | LAS.

limited improvements. Two main reasons may ex-
plain this:

* The baseline performance of Galician parsers
is already high, achieving UAS and LAS
scores between 80 and 95 points. Therefore,
the margin for improvement is not substan-
tial, and, as shown in previous sections, only
certain specific dependencies remain problem-
atic.

Galician already benefits from robust embed-
ding models, which are capable of capturing
on their own the types of gains that might oth-
erwise be sought through language mixing.
Thus, these models present a strong alterna-
tive to cross-lingual data augmentation.

Accordingly, we conclude that scaling parsers for
Galician requires high-quality data. To effec-
tively leverage language mixing, it would likely
be necessary to develop specific pre- and post-
processing techniques aimed at improving per-
formance on particular problematic dependencies.
However, the data also show that for languages
and linguistic varieties with fewer resources than
Galician—perhaps with greater interest in the lat-
ter—language mixing can still yield significant im-
provements as an alternative to embedding models.

To conclude the results section, we reproduced
the experiments described above, this time evaluat-
ing them on the test partition of the TreeGal tree-
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bank, and we arrived at similar results. This sug-
gests that our findings are treebank-independent,
both for the scalability experiment and for the pre-
vious ones, as shown in the data provided in Ap-
pendix C.

5 Conclusion

A promising approach for training syntactic parsers
in a low-resource language is to leverage syntac-
tic annotations from major languages with signifi-
cant typological proximity. In the case of Galician,
parsers trained exclusively on Portuguese or Span-
ish can achieve accuracy close to those trained on
Galician itself. Furthermore, the use of embed-
dings significantly enhances parser performance,
to the point where models trained on more distantly
related languages become viable. However, in the
pursuit of more precise Galician parsers, we have
identified three key limitations: (i) the gains from
mixing Galician annotations with those of larger
languages are modest; (ii) parsers exhibit a weak
generalization capacity across different treebanks;
and (iii) certain syntactic dependencies—such as
oblique nominals and adverbial modifiers for Gali-
cian—, which could be language specific, remain
problematic for parsers trained on any data source.
Overall, this work demonstrates that strategically
exploiting data from other languages can open path-
ways for many languages to obtain better parsers.

6 Limitations

An important limitation of this study is one com-
monly noted in the dependency parsing literature:
the lack of diversity in text genres used for training
and evaluation. Most available treebanks consist of
journalistic and encyclopedic texts, as these are the
easiest to crawl from the web. However, natural
language is used in a much wider variety of gen-
res—including literary works, transcribed speech,
legal documents, and technical writing—which are



not well represented in current resources. Future
work should address this gap by creating treebanks
with broader genre coverage and subsequently de-
veloping parsers adapted to these diverse text types.
A more technical limitation of our study is that
we did not perform hyperparameter tuning dur-
ing parser training, and we used only the UDPipe
2 architecture. Future research could apply our
experimental framework to other systems—such
as Stanza or LLM-based parsers—to determine
whether our findings generalize across different ar-
chitectures. In that sense, exploring the instruction
of the Galician-trained LLM Carballo (Gamallo
et al., 2024) for dependency parsing is a promising
path. Additionally, future work should undertake
a more realistic evaluation by parsing raw text di-
rectly, rather than relying on gold tokenization.
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A Available Resources

The code used to produce the results pre-
sented in this paper is publicly available at:
https://zenodo.org/records/18007073.

B Glossary of Syntactic Dependencies

Through this paper we used abbreviations to ref-
erence syntactic dependencies. In this appendix
we provide a glossary to explain each abbreviation.
In general, the abbreviations we have used are the
same employed by Universal Dependencies in all
their treebanks.

* Det: Determinant.

* Case: Case marking.

* Punct: Punctuation.

* Nmod: Nominal modifier.

* Obl: Oblique nominal.

* Nsubj: Nominal subject.

* Amod: Adjectival modifier.

* Root: Root.

* Obj: Direct object.

* Advmod: Adverbial modifier.
* Conj: Conjunct.

* Cc: Coordinating conjunction.
* Acl: Clausal modifier of noun.
* Nummod: Numeric modifier.

C Supplementary Results

In this appendix, we provide a complementary set
of results for the experiments described in Sec-
tion 3, this time evaluating them on the TreeGal
treebank. This contrasts with the primary results
presented in the main paper, which were based on
evaluation using the PUD-gl treebank. The strong
similarity between the two sets of results reinforces
the conclusions presented in Section 5.

With regard to typological proximity, Table 7
reiterates the results presented in Section 4.1. The
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Parsers BglB XmIB NONE

G 83.1177.5 8171763 77.1170.3
P 8351762 8331759 69.2156.8
S 82.1170.8 80.7167.8 67.4148.2
I 68.1148.8 80.5169.3 53.0129.2
F 57.0142.0 78.7169.5 46.6126.2
A 304110.0 5791333 284158

Table 7: Results from the typological proximity ex-
periment (Section 4.1), evaluated on the TreeGal test
partition. Each cell contains: UAS | LAS.

Parsers BgIlB XmiIB NONE

G 83.1177.5 81.7176.3 77.1170.3
G+P 84.6179.4 8321775 78.1171.4
G+S 84.5179.1 8331776 77.7171.0
G+P+S  85.0179.7 83.1177.1 78.2171.6
G+I+F 839178.2 83.1177.8 78.1171.2

Table 8: Results from the language mixture experiment
(Section 4.2), evaluated on the TreeGal test partition.
Each cell contains: UAS | LAS.

influence of typological proximity when training
parsers on different source languages remains a key
factor for achieving high performance. Embedding
models continue to provide a considerable improve-
ment. It should be noted that the absolute results on
TreeGal are lower than those on PUD-gl, consistent
with the analysis in Section 4.3.

Language mixture. Table § exposes the results
for the parsers from Section 4.2—trained via lan-
guage mixture—when evaluated on the TreeGal
treebank. Note that all parsers were trained on the
PUD-gl treebank. We reach the same conclusion as
in the main analysis: while language mixture can
improve results, its benefits are subject to signifi-
cant limitations.

Also, the results of the scalability experiment
(Section 4.4) can be reproduced when evaluating
on the TreeGal treebank, as shown in Table 9. Note
that in this table, the parser in the row labeled
TRE was trained exclusively on the 800-sentence
training partition of TreeGal (in order to do a fair
comparison). This same Galician data was also
included in the training sets of the scaled parsers
(G+PP, G+SS, G+PPSS), as described in Section 3.

On the other hand, the conclusions drawn from
error analyses are also reproducible when evaluat-
ing on the TreeGal dataset. Figure 3 shows that the
set of problematic dependencies remains similar
to that identified using the PUD-gl treebank. For
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Parsers with embeddings (maximum)

et 0.74 0.37 0.52 0.14
case 0.36 0.80 032
punct
mod | 0.81 0.83 082 0.65 0.66 0.14
w079 0.81 082 0.61 0.40 0.25
g mubj | 0.82 082 072 0.35 0.39 0.15
g amod 0.89 0.80
§ oot | D87 087 082 0.67 044 0.19
S o | 084 085 0.55 0.41 045
‘g advmed | 0.86 0.69 0.76 0.45 0.27 0.52
P w084 0.74 0.81 0.72 0.60 0.16
@ 0.90 087 0.89
a  O71 0.14 0.15 0.09
nummod 0.91 0.52 043 0.26 0.30 0.13
oters 0,59 0.53 049 0.15 0.20 0.09

Count

592

554

356

256

236

193

192

150

132

11

95

82

61

477

Parsers without embeddings

0.36 0.19 0.31
0.74 0.65 0.70
-08
0.78 0.73 0.65 0.39 042
0.73 0.32 0.64 0.30 0.31 0.15
0.72 0.63 0.48 0.21 021 013 | o6
0.85 0.80 0.78 0.65 0.56 .
0.76 0.63 0.58 043 027 024
0.76 0.66 033 0.24 0.31
0.76 0.48 0.56 0.30 0.21 0.56 .
0.71 0.66 0.54 0.57 017
0.85 0.80 0.73 0.19
-02
0.68 011 0.09
0.83 0.26 0.26 0.13 022
0.44 0.37 0.31 0.09 0.14

=00

Figure 3: Error analysis disaggregated by dependencies, in the same format as Figure 2. The evaluation was

conducted on the test partition of the TreeGal treebank.

Parsers BglB XmlIB NONE

TRE 88.8185.7 86.8183.7 81.5176.5
G+PP 89.4186.3 88.1184.5 83.5179.0
G+SS 90.0187.0 89.5186.6 86.0182.0
G+PPSS 89.5186.4 88.61854 84.6180.1

Table 9: Results from the scalability experiment (Sec-
tion 4.4), evaluated on the TreeGal test partition. Each
cell contains: UAS | LAS.

further analysis, the complete code used to gener-
ate the results in this paper is available via the link
provided in Appendix A.

C.1 Ambiguity in Parsing

Finally, it should be noted that certain errors identi-
fied during the evaluation reflect annotation deci-
sions that are inherently debatable or ambigu-
ous even for human annotators. To illustrate this
point, we provide the following examples:

¢ In the sentence "Curio, [...], informou persoal-
mente a César das accions de Pompeio" ("Cu-
rio, [...], personally informed Caesar of Pom-
pey’s actions"), the parser employing BgIB
embeddings (parser G) predicts César as a
direct object, whereas the gold standard classi-
fies it as an oblique nominal. This case is am-
biguous due to the fuzzy boundaries in some
cases between direct objects (obj), indirect
objects (iobj), and obliques (obl) in Galician.
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* The same parser frequently exhibits confu-
sion between discourse elements and adver-
bial modifiers (advmod), as in the examples:
Porén, cando o Senado lle respondeu cat-
egoricamente, prohibindolle... (“However,
when the Senate answered him categorically,
prohibiting him...”) and Agora, este departa-
mento enfrontase a novos desafios (“Now, this
department faces new challenges”). In such
instances, the distinction between the adver-
bial function as a circumstantial modifier (ad-
vmod) and its role as a discourse marker is
often subtle and not clearly defined.

Consequently, future qualitative analyses should
also consider the annotation conventions of Univer-
sal Dependencies, along with the potential confu-
sions or ambiguities they may introduce.
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