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Abstract
We describe the UppsalaNLP submission to the EvaLatin dependency parsing shared task. We explore using
an out-of-the-box parser in combination with multi-treebank training on Latin and multilingual training on other
ancient languages. Adding additional languages yields only small gains, but the results vary across treebanks and
genres, with the largest positive effect for poetry. Our systems perform best in the shared task for prose but are less
competitive for poetry, indicating the need for genre adaptation.

Keywords: Dependency parsing, Latin, Multilingual parsing

1. Introduction

We present the UppsalaNLP entry in the EvaLatin
2026 shared task on dependency parsing for Latin
(Iurescia et al., 2026). Our main focus is to ex-
plore how an out-of-the-box system, MaChamp
(van der Goot et al., 2021) in our case, can be
improved through multilingual and multi-treebank
training. Our main goal was to investigate how far
it is possible to get with an existing strong parser,
without any technical additions, only by combining
existing treebanks during training. This is a feasible
setup for many digital humanities projects.

Our base system is a multi-treebank system
trained on eight Latin treebanks, compatible with
the Universal Dependencies (UD, Nivre et al., 2020)
annotation scheme, see Table 1 for an overview.
We also follow Straka et al. (2024), who noticed that
the Latin PROIEL treebank diverged from the other
Latin treebanks, and used a harmonized version of
it (Gamba and Zeman, 2023a,b).

For multilingual training, we also include other an-
cient languages, which have been shown to be use-
ful for Latin parsing (Smith et al., 2018), including
Ancient Greek, which has been shown to be useful
in a Latin low-resource scenario (Karamolegkou
and Stymne, 2021). In addition, we also include
historical Romance languages, which are now avail-
able in UD. Many of the treebanks from the other
languages stem from the PROIEL project, for which
the Latin treebank has inconsistent annotations
(Gamba and Zeman, 2023a,b). Thus, we also ex-
periment with the impact of excluding them from
the training. In addition, we explore the impact of
multitask training on a mix of UD tasks.

We submit two systems to the EvaLatin shared
task. Our primary system is trained on Latin in
combination with other historical languages, but ex-
cluding PROIEL treebanks, except for Latin, where
a harmonized version is used. Our secondary sub-
mission is further trained only on Latin. Our primary
system ranks first on most metrics for the prose data

in the EvaLatin evaluation, but it ranks fourth for
the poetry data. Our secondary system is placed
below the primary system for prose, second to third,
but beats it for poetry, being placed third. This calls
for further investigation into genre adaptation for
parsing to better account for the peculiarities of po-
etry, an issue that has been previously investigated
for other genres, domains, and languages (Stymne,
2020; Müller-Eberstein et al., 2021; Danilova and
Stymne, 2023). Our multilingual approach yields
only small gains compared to training only on Latin
when evaluated on the test portions of the training
treebank, but has a larger effect on the shared task
test data, especially for poetry.

2. Related Work

EvaLatin 2026 (Iurescia et al., 2026) is a follow-up
from EvaLatin 2024 (Sprugnoli et al., 2024). For
both editions, the focus is on dependency parsing
for Latin prose and poetry. In 2024, the winning
team presented LatinPipe (Straka et al., 2024), an
extension of UDPipe (Straka and Straková, 2017).
LatinPipe contains both Latin-specific extensions
and general architecture improvements. Specific to
Latin, they train on multiple Latin treebanks, includ-
ing a harmonized version of PROIEL (Gamba and
Zeman, 2023a,b), use the gold UPOS (Universal
part-of-speech tags de Marneffe et al., 2021) pro-
vided by the EvaLatin organizers, and combine mul-
tilingual and Latin-specific language models (LMs).
They also add two BiLSTM layers on top of the
LMs and perform ensembling. All of these tech-
niques are shown to improve results on both UD
and EvaLatin test sets. Other teams at EvaLatin
2024 explored using historical Latin sentence em-
beddings (Behr, 2024) and span-span prediction
on top of a Latin LM (Mercelis, 2024), but with con-
siderably worse performance than LatinPipe.

One approach for Latin dependency parsing is
treebank combination, either for Latin alone or in
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a cross-lingual setting. An obstacle to the suc-
cess of combining treebanks is the inconsisten-
cies of the annotation, even within a standardized
framework like UD. For Latin, Gamba and Zeman
(2023b) show that there are considerable discrep-
ancies across the UD Latin treebanks, especially
for PROIEL. They design an automatic harmoniza-
tion scheme that leads to improved results across
treebanks. Kupari et al. (2024) also use these tree-
banks, further improving by using stronger parsers.
Smith et al. (2018) explore treebank combination
and find that small groups of treebanks for re-
lated languages tend to improve parsing results
for most languages, especially for those with small
treebanks. For Latin, they use a set of ancient-
language treebanks, which improves performance
on most Latin UD test sets, possibly due to shared
annotation projects between these languages. In
their study, they used UUParser (de Lhoneux et al.,
2017), a BiLSTM-based parser. This study is revis-
ited by van der Goot and de Lhoneux (2021), using
the MaChamp parser (van der Goot et al., 2021),
based on the transformer model mBERT (Devlin
et al., 2019). Both overall and for Latin, they find
that cross-treebank training is useful, but that it is of-
ten as effective to use all available treebanks as the
designed language sets by Smith et al. (2018). In
addition, they see a positive effect of using dataset
embeddings. Karamolegkou and Stymne (2021)
explore cross-lingual parsing in a low-resource sce-
nario for Latin, and find that Ancient Greek is a
better transfer language than modern romance lan-
guages like Italian. Kupari et al. (2024) explored the
impact of using data from specific time periods on
dependency parsing of Latin; however, the impact
was minor.

Several works have investigated which LMs are
most useful for parsing Latin. Nehrdich and Hellwig
(2022) show that the Latin BERT model (Bamman
and Burns, 2020) performs better than both static
embeddings and mBERT. Straka et al. (2024) com-
pare the use of two Latin-specific BERT models
(Riemenschneider and Frank, 2023) to the multi-
lingual XLM-RoBERTa (XLM-R) model (Conneau
et al., 2020), and find that XLM-R is better than
using the Latin models, but that it is possible to get
additional gains by combining the Latin models with
XLM-R. Behr (2024) investigated the usefulness of
historical Latin sentence embeddings (Reimers and
Gurevych, 2019) fine-tuned on top of Latin BERT
(Bamman and Burns, 2020), which, however, did
not improve the parsing scores.

Another line of work, for dependency parsing in
general, focuses on improving parsing for specific
genres. Stymne (2020) matches genres across
languages, Müller-Eberstein et al. (2021) train
parsers based on cross-lingual genre clusters, and
Danilova and Stymne (2023) mine genre annota-

tions from UD treebanks, and compare human
genre annotations with genre clusters. None of
these works specifically targets the goal of parsing
poetry and prose in historical languages. This has
been addressed for POS-tagging of historical Ger-
manic languages, where it was shown that training
on prose for tagging poetry, or vice versa, was not
successful, and combining the genres had only a
minor effect (Miani et al., 2026).

3. Data

Table 1 summarizes the Latin treebanks used. The
majority of treebanks are from UD, release 2.17
(Zeman et al., 2025). Due to annotation discrep-
ancies across UD treebanks, we follow LatinPipe
(Straka et al., 2024) and explore the use of a set of
harmonized treebanks (referred to as “H”, Gamba
and Zeman (2023a,b)) for all UD treebanks except
CIRCSE, for which no harmonization is available.
We try to use the harmonized treebanks for all
treebanks for which they are available, or only for
PROIEL. In addition, we use the same two small
treebanks (and abbreviations) as LatinPipe, both
annotated according to the UD scheme. For testing,
we use the harmonized version of PROIEL, which
we will refer to as H-PROIEL, and the UD2.17 ver-
sion of all other UD treebanks. Arch has a small
test set of 30 sentences, which we consider insuffi-
cient for reliable evaluation. The EvaLatin shared
task provides two official testsets, covering prose,
203 sentences, and poetry, 308 sentences.

We also include UD treebanks from other an-
cient languages, grouped into three groups: An-
cient Greek, Romance, covering Old French and
Old Occitan, and Other, covering Gothic and Old
Church Slavonic. Table 2 contains an overview,
including the language groupings. In addition, we
train a model using all these treebanks. In this set,
several treebanks come from the PROIEL project
(Haug and Jøhndal, 2008), which was shown to
diverge from the UD framework in some respects
for Latin. We thus also experiment with excluding
those treebanks and train on only treebanks from
other projects.

4. Dependency Parser

We use the MaChamp toolkit (van der Goot et al.,
2021) for dependency parsing. MaChamp is a mul-
tipurpose toolkit targeted at a diverse set of NLP
tasks, including dependency parsing, and is espe-
cially useful for multitask and multi-dataset train-
ing. It fine-tunes a language model for specific
tasks. We use XLM-RoBERTa Large (Conneau
et al., 2020), which performed better than any Latin-
specific model in isolation and only slightly worse
than in combination with two Latin-based models
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Size in sentences
Short Treebank Training Test
Circse UD_Circse (https://github.com/UniversalDependencies/UD_Latin-CIRCSE) 762 832
ITTB UD_ITTB (Passarotti, 2019) 22,775 2,101
LLCT UD_LLCT (Cecchini et al., 2020a) 7,289 894
Perseus UD_Perseus (Bamman and Crane, 2011) 1,334 939
PROIEL UD_PROIEL (Haug and Jøhndal, 2008) 3,387 1260
UDante UD_UDante (Cecchini et al., 2020b) 926 421
Arch Archimedes Latinus (Fantoli and de Lhoneux, 2022) 47 (30)
Sab De Latinae Linguae Reparatione (Sabellicus) (Gamba and Cecchini, 2024) 246 –

Table 1: Latin treebanks used with sizes of training and test sets. Treebanks in the top of the table is part
of UD, treebanks in the bottom are compatible with UD.
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Ancient Greek
UD_Perseus (Bamman and Crane, 2011) 11,476 X X X
UD_PROIEL (Haug and Jøhndal, 2008) 15,016 X X
UD_PTNK (Swanson et al., 2024) 727 X X X

Old French UD_PROFTIEROLE (Stein and Prévost, 2013) 15,962 X X X
Old Occitan UD_CorAG (Romanova et al., 2025) 912 X X X
Gothic UD_PROIEL (Haug and Jøhndal, 2008) 3,387 X X
Old Church Slavonic UD_PROIEL (Haug and Jøhndal, 2008) 18,327 X X

Table 2: Treebanks used for additional languages. The final columns show which groups of training
languages each treebank is included in.

for LatinPipe (Straka and Straková, 2017). The
MaChamp dependency parser is a non-projective
graph-based parser based on the CLE algorithm
(Chu and Liu, 1965; Edmonds, 1967), using deep
biaffine attention (Dozat and Manning, 2018). In our
multitasking experiments, we also predict UPOS,
morphological tags, and lemmas, the latter by pre-
dicting conversions from word forms to lemmas.
These tasks use a standard greedy sequence la-
belling approach. We use default parameters in
MaChamp, except for the sample smoothing param-
eter a, used for balancing dataset size during train-
ing, which we set to 0.5 to prevent larger datasets
from overwhelming smaller ones.

5. Experiments

Our main focus is on combining treebanks for Latin
and other ancient languages. We also explore
the impact of multitask training, comparing training
MaChamp only for dependency parsing, training
it also for UPOS, and training it also for UPOS,
morphology prediction, and lemmatization.

For our treebank combination experiments, we
first train models for each treebank, as a point of
comparison. We then combine all available Latin
treebanks in three settings: use only UD2.17 ver-
sions, use the harmonized versions of UD tree-
banks (where available), or use UD2.17 treebanks
for all treebanks except PROIEL, for which the har-
monized version was used.

We then combine the training on Latin with
groups of other languages, as shown in Table 2,
and with all treebanks, or all treebanks excluding
PROIEL. For our final set of experiments, we take

the multilingual model, trained on all data except
non-Latin PROIEL treebanks, and further train it
only on Latin, either on all Latin treebanks (with
harmonized PROIEL) or only on CIRCSE, which
we believe could be a better fit for poetry data.

Note that we do not use any gold UPOS-tags
or morphology as input to our parser. While this
information was available for the EvaLatin shared
task and could have boosted the result, we prefer
the more realistic setting of not using gold tags,
which are not generally available for Latin texts.

For results on the testsets of the Latin tree-
banks used for training, we report labeled attach-
ment score (LAS) without any subtypes. For the
EvaLatin testdata, we report all official metrics of
the EvaLatin shared task (Iurescia et al., 2026),
which include LAS and CLAS, content-word LAS,
which excludes relations to function words (Nivre
and Fang, 2017), for both metrics with and without
subtypes. All reported results are averages across
three runs with different seeds, except for the offi-
cial shared task results, which were calculated for
the submitted systems.

6. Results

Table 3 shows LAS scores on the testsets from
the training treebanks. Table 3.A shows results
for multitasking experiments trained on all Latin
treebanks using H-PROIEL. The effect of including
other tasks than dependency parsing is minor and
varies across treebanks. In the following, we will
use systems trained on dependency parsing and
UPOS that had the best average scores, by a small
margin.

https://github.com/UniversalDependencies/UD_Latin-CIRCSE
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Experiment H-PROIEL Circse ITTB LLCT Perseus UDante Average
a) Multitask training variants
1 Dep only 86.83 68.43 91.37 95.88 78.52 77.10 83.02
2 Dep+UPOS+morph+lemma 86.54 70.12 91.06 95.62 79.12 76.70 83.19
3 Dep+UPOS 86.93 69.31 91.23 95.86 79.05 77.00 83.23
b) Latin treebank variants and combinations(Harmonized/UD)
4 Single treebank 88.84 60.60 92.54 95.83 75.23 75.09 81.36
5 All H+ Arch+Sab 86.94 70.30 88.82 88.36 79.09 75.98 81.58
6 All UD + Arch+sab 81.98 69.49 91.19 95.83 78.93 77.34 82.46
3 H PROIEL+UD+Arch+Sab 86.93 69.31 91.23 95.86 79.05 77.00 83.23
c) Multilingual training, Latin (as in previous row) +
7 Ancient Greek 87.31 70.54 91.31 95.95 79.01 77.22 83.56
8 Other 87.36 70.30 91.43 95.90 79.01 77.40 83.57
9 Romance 87.06 70.62 91.27 95.91 79.01 76.98 83.48
10 All 87.36 70.94 91.40 95.97 79.33 77.09 83.68
11 No PROIEL 86.66 71.10 91.32 95.99 79.33 77.22 83.60
d) Continued Latin only training (w.r.t in previous row)
12 Circse only 84.00 70.43 75.20 77.65 63.66 62.79 72.29
13 H PROIEL+UD+Arch+Sab 86.86 71.05 91.36 95.94 79.18 76.86 83.54
e) Previous work
MaChAmp (UD2.8) – – 92.45 95.41 74.67 74.01 –
LatinPipe (ensemble – UD2.13+H-PROIEL+Sab+Arch) – – 92.45 95.78 84.22 81.47 –

Table 3: LAS scores without subtypes on the testsets corresponding to the Latin training data. For PROIEL,
we report scores in the harmonized version. Previous work are from Straka et al. (2024) (LatinPipe) and
van der Goot et al. (2021) (MaChamp)

Table 3.B shows results with different combina-
tions of Latin treebanks for training. For two of the
larger treebanks, PROIEL and ITTB, we achieved
the best results by training only on data from that
treebank. For all other treebanks, training on the
combination of all Latin treebanks was better, with
large gains especially for the small CIRCSE tree-
bank. Using original UD treebanks or harmonized
treebanks had varying effects across treebanks,
but only using the harmonized version of PROIEL
led to the best average results and is used in all
further experiments.

Table 3.C shows the effect of combining Latin
data with other languages. Overall, this had little
effect compared to training only on Latin, but led to
small improvements for all treebanks, compared to
the system with its corresponding Latin treebanks
(system 3 in Table 3). The best language group
varies across treebanks, but on average, models
that used all languages performed slightly better
than those that used a subset. While the model
without non-Latin PROIEL treebanks performed
slightly worse on average than the model trained on
all treebanks, we still chose to use it in the following,
since the model trained on all treebanks mainly
improved H-PROIEL, indicating that the non-Latin
treebanks may have the same discrepancies with
UD annotation as Latin PROIEL.

The results in Table 3.D show the effect of fur-
ther training the multilingual model only on Latin, ei-
ther on all treebanks, or only on the small CIRCSE.
Training on the small CIRCSE deterioriated the re-
sults for all treebanks, possibly due to overfitting,
and even led to worse results on the CIRCSE test
set. Using all Latin treebanks did not improve over-
all over the multilingual model, but kept the results
relatively stable.

In Table 3.E, we compare our results with pre-

vious work, in the form of MaChamp and Latin-
Pipe. Note, though, that those scores are for other
UD versions than ours. For 3 out of 4 treebanks,
our multilingual model is better than the original
MaChamp model (van der Goot et al., 2021). For
ITTB, our multilingual model falls behind, but the
model trained only on ITTB is slightly ahead of
MaChamp. We still fall behind the winner of the
previous EvaLatin shared task, LatinPipe (Straka
et al., 2024), except for the LLCT treebank. We be-
lieve that adding some of the LatinPipe features not
used in this work, such as gold UPOS, Latin LMs,
BiLSTM layers, and ensembling, could potentially
bridge the gap between these systems.

Based on the results in Table 3, we decided to
submit system 11, a multilingual system exclud-
ing non-Latin PROIEL and using harmonized Latin
PROIEL as our primary system, UppsalaNLP 1,
and system 13, further trained on Latin, as our sec-
ondary system, UppsalaNLP 2. Table 4 shows the
official results for these systems, and also the re-
sults for a subset of contrastive systems, including
the two single-source treebanks chosen for training
the EvaLatin baselines, ITTB and CIRCSE (Iurescia
et al., 2026). We also include ranks in the shared
task for our submitted systems.

For prose, our primary system performed best on
3 out of 4 official metrics, whereas our secondary
system performed better on poetry, where it ranked
3rd on all metrics. For prose, UppsalaNLP 1 per-
formed on par with training only on ITTB, but better
than all other systems. For poetry, UppsalaNLP 2
performed stronger than all our other systems. The
difference between the two submitted systems was
quite small on the test sets from the training tree-
banks, in Table 3, but considerably larger on the
shared-task test sets. The multilingual training, in
the submitted systems and in system 10 improves
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Prose Poetry
LAS LAS+s CLAS CLAS+s LAS LAS+s CLAS CLAS+s

11 UppsalaNLP 1 (Latin+no PROIEL) 87.55 84.41 86.88 83.14 69.59 66.63 68.20 67.34
rank 2 1 1 1 4 4 4 4

13 UppsalaNLP 2 (11 + further Latin training) 87.26 83.74 86.45 82.17 70.55 67.56 68.47 68.47
rank 3 2 3 2 3 3 3 3

3 Latin only 87.29 83.81 86.60 82.31 68.48 65.45 66.92 65.97
10 Latin + all 87.37 84.03 86.65 82.79 69.88 66.53 68.41 67.23
12 Fine-tuning on CIRCSE 73.36 70.36 78.01 76.34 69.23 66.64 67.74 67.18
4 CIRCSE 57.23 53.31 59.48 56.55 59.69 57.35 58.69 59.14
4 ITTB 87.89 84.43 86.92 82.77 45.43 42.73 43.33 42.02

Table 4: Official results for the submitted runs on all shared task metrics (top) and some contrastive
results (bottom). Metrics marked with ‘+s’ include the evaluation of subtypes. Numbers refer to systems
presented in Table 3.

over Latin-only training, system 3, on all metrics for
both genres, but especially for poetry, even though
adding non-Latin languages only had a small effect
on the devsets in Table 3.C.

For poetry, none of the single-treebank systems
performed well, and ITTB, which was very compet-
itive for prose, even fell behind the small CIRCSE
treebank. Further training the multilingual system
on only CIRCSE was competitive for poetry, but
not for prose. For poetry, our multilingual system
performed considerably better than the Latin-only
systems. The multilingual system, including the
non-Latin PROIEL treebanks, performed similarly
to not using PROIEL.

In most cases, the four official metrics show
the same tendencies. In the case of training on
CIRCSE, system 12, though, we can see that this
system performs comparatively better on the met-
rics with subtypes, indicating that CIRCSE is in
better agreement with the test data for subtypes
than the other treebanks.

We note that the accuracy for UPOS-tagging,
which was performed during our multitask training,
was just over 94% on poetry but over 97.5% on
prose for our two submitted systems, indicating
that not only is parsing poetry challenging, but also
other tasks. The winners from 2024, (Straka et al.,
2024) report a gain of over 1 LAS point when adding
gold POS to their parser, indicating that improved
tagging could also help parsing.

7. Conclusion

We have presented the UppsalaNLP contribution
to the EvaLatin shared task, which placed first for
parsing prose and 3–4 on parsing poetry. Our sys-
tem uses multilingual training for Latin in combi-
nation with other ancient languages. The multilin-
gual training mostly led only to minor improvements,
except for poetry, for which it led to a substantial
improvement. We believe that some of the most
pressing future work is to improve parsing for po-
etry, possibly by including poetry training data for
other languages.
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