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Abstract

Low-resource machine translation requires
methods that differ from those used for high-
resource languages. This paper proposes a
novel in-context learning approach to sup-
port low-resource machine translation of the
Coptic language to English, with syntactic
augmentation from Universal Dependencies
parses of input sentences. Building on exist-
ing work using bilingual dictionaries to sup-
port inference for vocabulary items, we add
several representations of syntactic analyses to
our inputs, specifically exploring the inclu-
sion of raw parser outputs, verbalizations of
parses in plain English, and targeted instruc-
tions of difficult constructions identified in sub-
trees and how they can be translated. Our
results show that while syntactic information
alone is not as useful as dictionary-based
glosses, combining retrieved dictionary items
with syntactic information achieves significant
gains across model sizes, achieving new state-
of-the-art translation results for Coptic.

1 Introduction

Recent advances in LLMs have raised the quality
of baseline results of machine translation (MT) in
high-resource languages (HRLs) to the point where
they can be used in user facing and downstream
application contexts (Zhu et al., 2024). At the
same time, low-resource languages (LRLs) have
seen limited benefits from baseline prompting ap-
proaches (Frontull and Ströhle, 2025; Pava et al.,
2025), since models have little or no language mod-
eling capabilities for low-resource languages.

However, prompt augmentation using in-context
learning (ICL), by integrating bilingual glosses for
vocabulary items (Ghazvininejad et al., 2023), has
offered a promising direction. This is notably use-
ful to overcome the limitations in languages where
we have no hope of obtaining sufficient amounts

*Equal contribution

An excerpt from Apophthegmata Patrum
25, MS MONB.EG 67 (K 0321), (courtesy
Österreichische Nationalbibliothek). The
corresponding text is featured below.

Coptic: /wcte ene;tefythn mpbol

ntefri nyomnt n/oou ntetm-

laau taioc efitc

Reference: such that if he throws his tunic
out of his cell for three days no one will
pick it up to wear it

GPT-4.1 Translation: So that his light would
not shine before people. You should not do
this at all.

Figure 1: Reference translation and the baseline trans-
lation for Coptic text, (corresponds to the excerpt at
the top). Even large models such as GPT-4.1 provide
fluent yet fundamentally incorrect translation without
augmentation.

of raw text data. We can leverage LLMs’ fluency,
especially when there is a dictionary or glossary
for the source language, and the target language
is high-resource, i.e. for translation from the LRL
to the HRL. At the same time, simple glosses are
inherently limited to single, or in some cases few-
word listed expressions, and cannot inform models
about the grammar and specific constructions of the
LRL, leaving models to generate target sentences
based on plausible configurations of target lexical
item senses.
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In this paper, we target Coptic (specifically the
Sahidic dialect),1 a low-resource language2 for
which LLMs have little or no coverage out of the
box, and in which grammatical constructions often
convey differences in meaning that are not obvious
from content words alone.

Coptic, illustrated in Figure 1, is the last phase of
the indigenous language of Egypt, spoken and writ-
ten primarily in the first millennium CE. It forms
part of the Egyptian branch of the Afro-Asiatic
language family. It is an agglutinative, head ini-
tial language with a complex system of auxiliaries,
grammatical gender and number, aspect and tense
distinctions. As the language of Christian Egypt
in the Hellenistic period, it is crucial for our un-
derstanding of the history of religion and of the
Mediterranean in Late Antiquity, and it remains
in use today as the heritage language of Egyptian
Christian Copts in Egypt and the diaspora.

However, data for Coptic is scarce, as are ex-
perts in the language, leading to many cataloged
manuscripts in museum libraries remaining undigi-
tized, or digitized but untranslated. This motivates
our work to strive for high quality machine transla-
tion outputs, which, even if not sufficiently accurate
to be used as-is, could reduce the effort for experts
to correct.

Testing current LLMs on out-of-the-box transla-
tion quality for Coptic quickly reveals their inade-
quacy. For example, the sentence taken from the
manuscript in Figure 1 refers to an ascetic monk’s
rags being so tattered that, if left outside unattended
for three days, no one would bother to steal them.
Even very large models, such as GPT-4.1, produce
a fundamentally incorrect translation, indicating
the model’s inability to process the language as-is.

For languages such as Coptic, exploring trans-
lation based on the methodologies and resources
that are specifically available is important (Bapna
et al., 2022). Although dictionary-based prompt
augmentation already improves machine transla-
tion for LRLs, and has even recently been applied
to Coptic (Miyagawa, 2025), the inability to en-
code grammatical relations by simply listing lex-
ical items creates a ceiling on translation quality,
which this work aims to address.

In particular, this paper is the first to explore

1ISO 639-2 code: ’cop’, Glottolog: https://glottolog.
org/resource/languoid/id/copt1239. Sahidic: https://
glottolog.org/resource/languoid/id/sahi1241

2It is considered an endangered language with no L1 speak-
ers (Eberhard et al., 2026).

whether the addition of syntactic information, such
as Universal Dependencies or UD (de Marneffe
et al., 2021), can augment in-context MT for LRLs
such as Coptic when provided with lexical infor-
mation. We compare various strategies: baseline
translation with no augmentation, with dictionary
augmentation, with syntactic augmentation, and
with both dictionary and syntactic information. We
test both open-weight and closed-source models
(§3).

We find that while lexical information remains
more important than syntactic information, adding
syntactic information based on UD parses signifi-
cantly improves performance over lexicon integra-
tion alone across all model sizes (§4). We addition-
ally provide qualitative and quantitative analyses
examining the effects of different operationaliza-
tions, the impact of automatic parses (compared to
gold parses), and the differences between biblical
and non-biblical samples (§5). All code is made
available on the GitHub repository for this paper.3

2 Background

LLMs have become the standard for MT in many
settings (Kocmi et al., 2025b). However, methods
and models vary based on the languages, resources,
and domains. This paper specifically focuses on
using LLMs in an ICL setting, utilizing lexicon and
syntactic analysis. Supervised training methods
have shown success when parallel training data
can be collected or built, but this does not extend
to LRLs such as Coptic. In these scenarios, both
expert and non-parallel data have been used for
augmentation to support low-resource MT.

Lexicon Bilingual lexicons are a common re-
source used for low-resource MT, including in
LLM-based approaches, especially for translating
from a LRL to HRL. Ghazvininejad et al. (2023)
showed how simple textual demonstrations can be
added to prompts to improve performance. Lu et al.
(2024) showed how a chain of bilingual lexicons
can be used to provide a bridge between source and
target languages. A range of parameters can influ-
ence ICL formulations, especially for LRLs (Court
and Elsner, 2024), partly due to the context-use
challenges of LLMs (Liu et al., 2024).

Grammar ICL MT provides a unique opportu-
nity to provide information about the grammar of a

3The code is available at https://github.com/
gucorpling/in-context-coptic-translation
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language to be used in-context to help with trans-
lation. This has been studied in various settings,
such as retrieval from a grammar with extraction
of excerpts (Tanzer et al., 2024) or constructions
of an expert set of grammar rules (Zhang et al.,
2025). Pei et al. (2025) investigated ICL MT for
the LRL of Manchu (mnc), using dictionary entries
(with morphological analysis), parallel examples,
and extracted grammar excerpts. They found gram-
mar excerpts to be less useful in the presence of the
other two resources. Our paper utilizes dictionary
entries and morphological analysis (although not
as high-level components). It additionally focuses
on using grammatical information derived from the
input, rather than relying on the explicit grammar
of language itself as in Pei et al. (2025).

Grammatical information Unlike grammar
books and excerpts, grammatical information is
relatively less explored as a resource for augmenta-
tion for ICL. Such information can be broad, from
morphological analysis (Elsner and Needle, 2023;
Pei et al., 2025) to annotated linguistic data such
as UD. Additional challenges are the variations in
the frameworks and the nature of the data (such as
genre) annotated. The heart of our work explores
this scenario, specifically with syntactic informa-
tion, using Universal Dependencies.

Universal Dependencies treebanks for MT UD
treebanks provide annotations for over 150 lan-
guages using a consistent grammatical framework.
While UD treebanks are used predominantly for the
study of language and the improvement of monolin-
gual and multilingual parsing, they have also been
used in conjunction with other tasks, including MT.
For example, Nagy et al. (2023) used UD trees as a
substrate to create additional parallel data for MT.
To our knowledge, our paper is the first to utilize
UD as a source of grammatical information for MT.

Coptic MT Work targeting Coptic in particu-
lar has only recently emerged, with papers us-
ing English (Wannaz and Miyagawa, 2024; Saeed
et al., 2024; Miyagawa, 2025), French (Chaoui and
Khoury, 2025) and Arabic (Saeed et al., 2024) as
HRL targets. The source data in all of these papers
is in Sahidic Coptic, the classical dialect of the lan-
guage which we also target, except for Saeed et al.
(2024), who use the later attested Bohairic dialect
of Coptic. Although these studies have shown that
fine-tuning models can somewhat improve results
(Chaoui and Khoury, 2025), translation outputs are
still far from ready for public use, and therefore do

Model (Size) Technical Report
Gemma3(-it) (12B) Team et al. (2025)
Gemma3(-it) (27B) Team et al. (2025)
GPT4.1 (NA) OpenAI et al. (2024)

GPT4.1 Mini (NA) OpenAI et al. (2024)
Llama3.1(-Inst) (8B) Grattafiori et al. (2024)
Aya-Expanse (8B) Üstün et al. (2024)
Aya-Expanse (32B) Üstün et al. (2024)

Table 1: Models used for our experiments with dev data.
We report results for test and ostraca from Wannaz and
Miyagawa (2024) only for the first three models. We do
not use the base variant of models, so will not explicitly
refer to those with the (-it) suffix for the rest of the paper.

not yet satisfy our aspirations to make more Coptic
texts available to the public via translation.

3 In-Context Coptic Translation

In-context translation approaches for LRLs, such
as Coptic, augment input with examples and other
forms of language or linguistic data, rather than
relying solely on supervised training data. These
methods focus on selecting and presenting auxiliary
information, such as lexical or syntactic details,
that can guide and improve translation behavior.

Within this framework, translation prompts
are explicitly constructed to incorporate relevant
resource-derived information alongside the source
sentence. This design allows linguistic knowledge
to be selectively included and evaluated, providing
a flexible means of improving translation quality
in low-resource settings. For our translation task,
Coptic is the source language, English is the target
language, and it is a segment-level translation. This
is mainly a function of the resources (discussed
further in §3.2), but it also allows us to focus on
both designing expert based methods (CON in §3.3),
and providing more detailed analyses (§5).

We experiment with several open models, but
we will focus on Gemma models for our analysis,
which showed the best performance during develop-
ment. We also use GPT-4.1 as the closed reference
models (see Table 1 for the full list).

3.1 Data

The largest publicly available dataset of Coptic sen-
tences and translations comes from Coptic Scripto-
rium (Schroeder and Zeldes, 2016). This includes
2.3M tokens of Coptic, of which ∼1.43M are in the
Sahidic dialect, though translations exist for only
1.21M tokens of this data, including most books of
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the Old and New Testament. This is also the dataset
used for translation by Chaoui and Khoury (2025),
who selected four books of the Bible (1 Corinthi-
ans, Mark, Galatians, and Hebrews) as their test set.
Since we already have translations of the Bible and
suspect that LLMs can more easily produce transla-
tions of Bible verses provided they can identify the
target verse (for example, through the occurrence
of proper names), in this paper we additionally ana-
lyze MT results between Biblical and non-Biblical
texts.

UD Treebank: Translation dataset and parses
Since our method is the first to use UD parses for
MT, we require data for which gold standard syntax
trees exist, which allows us to assess the impact of
cascading parser errors by comparing predicted and
gold parse inputs. We therefore focus on the manu-
ally treebanked subset of Coptic Scriptorium avail-
able in the Sahidic UD Coptic treebank (Zeldes
and Abrams, 2018). This contains over ∼60K to-
kens (2,387 sentences) with translations and cov-
ers a range of genres including Bible translations,
indigenous Coptic hagiography, sermons, and doc-
umentary materials. We use the UD treebank’s
standard splits of dev (380 sentences, of which 182
are from the Bible) and test (405 sentences) as
our core data.

Ostraca: Out-of-domain translation dataset
We also report results on out-of domain data from
Wannaz and Miyagawa (2024), which contains 4
ostraca (21 sentences), with previous MT results.4

3.2 Resources

Broadly, we utilize two sets of information: a fixed
dictionary and a sample-specific syntactic analysis
NLP pipeline.

Dictionary The Coptic Dictionary (hereafter the
dictionary)5 from Feder et al. (2018) and updated
with the lemma list from Burns et al. (2020) acts as
the as our sole dictionary resource. The dictionary
was constructed by integrating multiple bilingual
lexicons, providing extensive and elaborate infor-
mation for lexical items. The dictionary covers
over 10K entries, but multiple entries can exist for
a single surface form.

4We do not compare results with Saeed et al. (2024)
since their data targets Bohairic (https://glottolog.org/
resource/languoid/id/boha1242), a substantially different
dialect.

5https://coptic-dictionary.org/

Syntactic analysis To add grammatical infor-
mation to our input sample, we utilize Coptic-
NLP (Zeldes and Schroeder, 2016), which per-
forms automatic segmentation of agglutinative Cop-
tic word forms into tokens and produces full UD
parses. These parses include both Google Univer-
sal POS tags (Petrov et al., 2012, upos), language-
specific tags (Zeldes and Schroeder, 2015, Coptic
xpos tags), morphological features, and language-
of-origin for each word (for example, identifying
Greek loan words). We use this information in
multiple ways below, including raw parser output,
templated verbalization into English (e.g. ‘The sub-
ject of the verb X is the noun Y’), and verbalized
translation instructions for special constructions
(see below).

3.3 Components
To make the best use of these resources in the ICL
setting, we design specific ‘components’ that han-
dle processing and representing information from
the resources. We define four components: LEX,
DEP, CON, and CoNLLU . Each draws on the resources
and provides complementary information about the
source sentence.
Lexicon LEX Our LEX component is designed to
map the structured information from the dictionary
to the input context. We use syntactic analysis for
the input sentence to inform this. We use POS
and morphological information (lemma and seg-
mentation) to search the lexicon for dialect specific
translations. To control prompt length and rele-
vance, we further filter retrieved entries, retaining
the most relevant entry- and sense-level hierarchi-
cal information for inclusion in the instruction con-
text. Further details about the LEX component are
provided in appendix B.2.
Syntax - Dependency DEP Our DEP component
verbalizes the syntactic structure from the parses
for inclusion into the instruction. For each input
sentence, we extract the head–dependent relations
and verbalize them as short, plain English state-
ments (e.g. ‘n is the case marking of yoyou’).
This representation provides explicit syntactic re-
lations between tokens, which are not necessarily
inferrable from surface word order alone. Multiple
parameters control the granularity and content of
the syntactic information added to the instruction,
such as the selected UD label set, selected parts
of speech (POS), and disambiguation for repeated
tokens. In all configurations, the dependency de-
scriptions are rendered in plain English and the
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dependency section as a whole can be added to the
instruction similarly to the lexicon component. Fur-
ther details about the DEP component are provided
in appendix B.3.
Syntax - Construction CON CON is the most be-
spoke component in the paper. We perform a man-
ual analysis of model errors on the development
set,6 and in conjunction with the syntactic analy-
sis, identify specific grammatical constructions for
which the pilot model demonstrates error.7 In par-
ticular, we identify 26 tree configurations and for-
malize their characteristic dependency subgraphs
using DepEdit (Peng and Zeldes, 2018), a Python
templating library for UD trees. These construc-
tions range from simple and general to highly spe-
cific.

For example, imperatives are trivially recogniz-
able using UD morphological features. Like En-
glish, Coptic verbs with no subject have an im-
perative meaning, but merely glossing words for
translation can easily miss the need for an imper-
ative translation, which a targeted instruction can
clarify. On the complex end, one construction in-
volving postponed subjects (roughly, examples like
‘he went to the desert, that is, the monk’) triggers an
explanation of how Coptic uses this configuration.

This module also uses a dedicated subroutine
to transliterate any words tagged as proper nouns
(PROPN) into Latin characters, creating a sub-
instruction which states that the word is a name,
accompanied by the transliteration. For more de-
tailed examples see appendix B.4.
Syntax - CoNLLU Since we use UD and Coptic
NLP for syntactic analysis, a low effort option is
to effectively dump the raw output (CoNLL-U for-
mat) in the instruction. Given the prevalence of
the CoNLL formats and similar structured formats
on the internet, it is necessary to explore this low-
effort representation operationalization.8

3.4 Instruction Design
Our instruction (or prompt) consists of a base in-
struction with additional information derived from
our components, and closed out with consistency
cues (see Figure 2). We adapt the base instruction
from Kocmi et al. (2025a). For dictionary-based
information, we adapt the instructional framework
from Pei et al. (2025). We add information from

6One of the authors has training in Coptic.
7We used results from GPT4.1 mini for this analysis.
8An example of CoNLL-U is given in the appendix Fig-

ure 4.

You are a professional Coptic-to-English trans-
lator tasked with providing translations suitable
for use in United States (en_US). ⋯ Please
translate the following Coptic text into English
(en_US):⋯
(From LEX) For the translation task, you are
given dictionary entries for Coptic. ⋯
(From CoNLLU) The raw conllu data for the sen-
tence is in the CONLL-U format:
1 mn ADP PREP _ 3 case _ _⋯
(From DEP) The dependency information for the
sentence is: rmh is the root. ⋯
(From CON) The information about specific con-
structions ⋯ The dislocated element pai is
a repeated reference to the pronoun depen-
dent of the predicate ;w. Using all the infor-
mation provided above, now please translate
the sentence into English(en_US). Remember
your source sentence is: {source} .The English
translation is:

Figure 2: A condensed example of how the different
information is added to the instruction. Information
added from each component is based on the experimen-
tal setting (§3.6). LEX+SYN would include information
from all components. More details of different parts are
provided in appendix B.5.

each of the components for the setting (§3.6) with
a small textual header indicating the section. We
additionally added some consistency cues similar
to Pei et al. (2025) to help improve model respon-
sivity.

3.5 Metrics

MT has a wide variety of metrics targeting different
aspects of evaluation (Lavie et al., 2025). We use
BERTScore (Zhang et al., 2020), specifically the
Avg. F1 of BERTScore, as our primary metric for
our development work and analyses in this paper.
It was chosen based on the previously seen correla-
tions with human evaluation, even in comparison to
LLM-as-judge settings for MT (Lavie et al., 2025).

We additionally report BLEU (Papineni et al.,
2002) for comparison to Wannaz and Miyagawa
(2024) on the ostraca. For more effective com-
parison with their reported results, we further in-
clude METEOR (Banerjee and Lavie, 2005) for
this dataset.

Additional discussion and details about the met-
rics for completeness and reproducibility are pro-
vided in appendix B.1
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3.6 Settings
We evaluate a range of prompting configurations
that incrementally augment the baseline translation
setting with additional components. Our baseline
setting consists of a simple translation instruction
without any auxiliary information. We then run
experiments that add individual linguistic compo-
nents on their own, as well as combinations of
multiple components.

We consider settings with a single com-
ponent LEX, CoNLLU, CON, or DEP. We ad-
ditionally examine two combination settings,
DEP+CON and LEX+SYN (which is effectively
LEX+CoNLLU+CON+DEP). The DEP+CON setting
groups the designed syntactic components but not
the raw parse component CoNLLU to isolate the ef-
fect of this distinction.
LEX and DEP grid search Both LEX and DEP have
parameters that determine the kind and amount of
information incorporated into the instruction con-
text. We perform a targeted grid search to deter-
mine our best lexicon and dependency parameter
values using our pilot model (GPT-4.1 mini) and a
diagnostic subset of dev data consisting of 20 sam-
ples drawn from an initial baseline run. We used 10
sentences with the highest translation quality scores
(the 10 easiest) and the 10 with the lowest scores
(the 10 hardest). We then shortlisted four parameter
configurations and choose the final configuration
based on the dev split using BERTScore F1 (see
§3.5) as the primary criterion. Further information
on this is in appendix B.
With gold parses To analyze the use of auto-
matic parses compared to gold-standard annota-
tions, we additionally conduct experiments only
on the dev split using gold-standard UD parses in
place of automatically generated parses. We con-
duct and report this experiment only for the Gemma
models.

4 Results

Our strategy of adding syntactic information leads
to performance improvements in both open and
closed models, and across test (shown in Table 2)9

and ostraca (shown in Table 11).
Across the three models, adding the LEX compo-

nent yields statistically significant improvements
9BLEU is also reported for consistency with a relaxed

setting on test. It is unstable with the test data due to
variation in LLM translations and drastic LLM errors, making
it unreliable (more details in appendix B.1). For dev and
ostraca it is reported with default signature.

over the baseline (for all of dev, test, and ostraca)
as expected. Likewise, adding SYN also results in
significant gains in BERTScore (see appendix D for
significance test details). This indicates that syntac-
tic information provides complementary benefits
(see Table 2) beyond what we see from just lexicon.
These trends are consistent across both Gemma
models and GPT-4.1.

The highest augmentation setting
LEX+SYN shows the best performance across
all our models. This suggests that combining
both lexical and syntactic information provides
cumulative improvements to the model. We
disambiguate the contribution of each syntactic
component when added on top of LEX in the next
section ( §5).

The same trends are seen in dev (see Table 2)
and across other models. However, this was not
consistent for all metrics.

For the ostraca, our best open-models results
are comparable to the closed models reported by
Wannaz and Miyagawa (2024), and GPT-4.1 ver-
sions perform better than any reported system
on METEOR but not BLEU (see Table 3). The
LEX+SYN setting, which was shown to be the most
useful in dev and test, also has the best perfor-
mance on this set for both open models and closed
models.10

5 Analysis and Findings

To better understand the impact of different compo-
nents, and nature of the data, we perform additional
analyses on dev.

Error analysis Table 4 provides some examples
for qualitative error analysis, which illustrate how
models leverage LEX and SYN. In the baseline set-
ting, open models can generate totally unrelated
translations, since they have almost no support for
Coptic. Lexicon augmentation induces relevant vo-
cabulary in outputs yielding lexically accurate out-
puts even in the 12b model, and near-perfect lexical
choices in translations from the 27b model (e.g.,
‘Give to the poor’ and ‘wishes to kill’). Adding syn-
tax helps both in connecting the subject and verb
for ‘He gave to the poor’ and in complex nesting
for ‘he said that the abbot Pambo said’, a relatively
unlikely nested reported speech, which the lexicon-
only augmentation fails to capture.

10Both papers used the default settings from sacrebleu
python package for BLEU.
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Gemma-12b Gemma-27b GPT-4.1
Setting BLEU (∆) BertScore (∆) BLEU (∆) BertScore (∆) BLEU (∆) BertScore (∆)

test split

Baseline 60.65 (0.00) 0.8363 (0.0000) 19.18 (0.00) 0.8385 (0.0000) 13.56 (0.00) 0.9012 (0.0000)

LEX 36.84 (-23.81) 0.8551 (0.0187) 9.41 (-9.77) 0.8565 (0.0181) 13.56 (0.00) 0.9152 (0.0140)
CoNLLU 13.56 (-47.09) 0.8489 (0.0126) 13.56 (-5.62) 0.8547 (0.0162) 13.56 (0.00) 0.9056 (0.0044)
CON 5.50 (-55.15) 0.8511 (0.0148) 19.18 (0.00) 0.8518 (0.0133) 13.56 (0.00) 0.8998 (-0.0014)
DEP 60.65 (0.00) 0.8420 (0.0057) 13.56 (-5.62) 0.8417 (0.0033) 13.56 (0.00) 0.9014 (0.0002)
DEP+CON 5.50 (-55.15) 0.8502 (0.0139) 13.56 (-5.62) 0.8530 (0.0146) 13.56 (0.00) 0.9030 (0.0018)
LEX+SYN 13.56 (-47.09) 0.8707 (0.0344) 9.41 (-9.77) 0.8746 (0.0361) 13.56 (0.00) 0.9195 (0.0183)

dev split

Baseline 16.45 (0.00) 0.8342 (0.0000) 10.30 (0.00) 0.8375 (0.0000) 14.58 (0.00) 0.9015 (0.0000)

LEX 5.46 (−10.99) 0.8593 (0.0250) 14.46 (4.16) 0.8611 (0.0235) 10.72 (−3.86) 0.9139 (0.0124)
CoNLLU 27.49 (11.04) 0.8453 (0.0111) 14.86 (4.56) 0.8522 (0.0147) 28.21 (13.62) 0.9048 (0.0033)
CON 20.26 (3.81) 0.8499 (0.0157) 15.43 (5.14) 0.8509 (0.0133) 12.77 (−1.81) 0.9000 (−0.0016)
DEP 28.66 (12.21) 0.8405 (0.0063) 15.28 (4.98) 0.8414 (0.0039) 16.30 (1.72) 0.9020 (0.0004)
DEP+CON 21.65 (5.20) 0.8490 (0.0147) 10.38 (0.09) 0.8509 (0.0134) 12.79 (−1.79) 0.9018 (0.0003)
LEX+SYN 7.71 (−8.74) 0.8722 (0.0380) 18.84 (8.54) 0.8736 (0.0360) 12.69 (−1.89) 0.9169 (0.0154)

Table 2: Results for the test split and dev split Gemma and GPT-4.1 model across different settings (differences in
performance are significant for p < 0.0001.). Syntactic information provides complementary benefits beyond what
we see from just lexicon. The LEX+SYN setting (bolded) combining LEX, CoNLLU, and DEP+CON performs the best
for all models. The LEX setting, known to be effective, is underlined for ease of comparison. BLEU is reported for
completeness (see §3.5).

Model BLEU BertScore MET.

From this paper
Gemma

12b LEX+SYN 7.82 0.8850 0.32
27b LEX+SYN 16.19 0.8781 0.34

GPT-4.1
LEX+SYN 17.99 0.9046 0.53
DEP 18.15 0.8859 0.38

From Wannaz and Miyagawa (2024)
Claude Opus 20.02 - 0.46
Claude Haiku 11.52 - 0.35
CopticTrans 8.43 - 0.30

Table 3: The best Gemma and GPT-4.1 settings for
ostraca (§3.1). The BLEU and METEOR scores for
Claude Opus and Haiku (Anthropic, 2020), and Cop-
ticTranslator are from Wannaz and Miyagawa (2024).
Our open models are comparable, and GPT-4.1 exceeds
previous model on METEOR but not BLEU. Full results
are in the appendix (Table 11).

Effectiveness of transliteration in CON for nouns
tagged PROPN is also apparent, leading to correct
renditions of ‘Herodias’ and ‘Pambo’. GPT-4.1 fol-
lows a similar pattern: baseline translations seem
almost random, and LEX augmentation supplies
some relevant words; however SYN augmentation
allows for recognition of relations such as relative

clauses (‘mindless ones who are...’) and disam-
biguating senses – the negation in ‘there was no
place’ is likely due to the Coptic negation ‘n’ being
a homonym with the preposition ‘of’, a distinction
the UD tree makes clear by explicitly identifying
prepositions.

Differing forms of syntax The improvements
from syntactic information varies across models
and depends on how it is incorporated. We evaluate
four syntax-only settings: CoNLLU, CON, DEP, and
DEP+CON. When added to our baseline, as shown
in Table 2, GPT-4.1 and Gemma-27b achieve
their largest F1 improvements even with just the
CoNLLU component. In contrast, Gemma-12b im-
proves the most from CON, actually seeing the least
improvement from the CoNLLU component.

When added on top of LEX, as seen in Table 5, all
syntactic components yield gains for the Gemma
models. CON and CoNLLU provide larger improve-
ments than DEP individually. In GPT-4.1, the sim-
ple use of CoNLLU outshines other syntactic compo-
nents and this model sees limited or even negative
gains from other components.

Improvements from CoNLLU alone show the po-
tential for a low-effort way of improving perfor-
mance, given high-quality NLP tools for the lan-
guage.
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Setting Translation ∆ F1

Gemma-12b
Reference He also said that Abba Pambo said:“This is the way that it is fitting for the monk to wear his clothe” –
Baseline And with all the powers through Jesus Christ our Lord, to give life to those who are sick. 0
LEX Again, they say that the abbot has garments that it is fitting to bear, indeed, for the monks. +0.0790
LEX+SYN Again, he said that the abbot Pambo said that he is fitting for the monks to bear the garments. +0.1004

Reference Why do we now turn around and entangle us in them? –
Baseline And on the flesh of his body. 0
LEX Again, let it turn around, and let it be wrapped in the upper part. +0.0220
LEX+SYN Why do we turn around to embrace the upper parts of them? +0.0912

Gemma-27b
Reference Herodias set herself against him, and desired to kill him, but she couldn’t –
Baseline The knowledge of God is the beginning of life. [. . . ] 0
LEX He is angry with the anger of the people. He wishes to kill with his strength +0.0190
LEX+SYN Herodias is angry, she wishes to kill him, but she is not able. +0.0981

Reference he gave them to the poor –
Baseline Into the water 0
LEX Give to the poor +0.0392
LEX+SYN He gave to the poor +0.0898

GPT-4.1
Reference And the mindless, whose acts of stupidity abound, are like bats. –
Baseline And they will weep bitterly in great lamentation; they will stay up through the nights. 0
LEX And hearts that are greatly exalted among measures of grain; they are likened to stars. +0.0079
LEX+SYN And the mindless ones, who are exceedingly great in foolishness, are like bats. +0.0776

Reference Now on the mountainside there was a great herd of pigs feeding. –
Baseline But she did not die, for a great multitude of angels appeared to her. 0
LEX But there was no place there on the mountain for the great herd of swine to feed. +0.0553
LEX+SYN But there was a place near him on the mountain, where a large herd of pigs was feeding. +0.0753

Table 4: Sample outputs with no augmentation (Baseline), with lexicon information added (LEX), and LEX+SYN (also
includes all syntax components), as well as BERT-Score F1 improvement ∆ for Gemma and GPT-4.1 models.

Gemma GPT-4.1

12b 27b

Setting BertScore

LEX 0.8593 0.8611 0.9139

+CoNLLU +0.0053 +0.0076 +0.0042
+CON +0.0107 +0.0094 −0.005
+DEP +0.0005 −0.0009 +0.0001

+DEP+CoNLLU +0.0053 +0.0076 +0.0036
+DEP+CON +0.0112 +0.0105 −0.0010

LEX+SYN +0.0129 +0.0125 +0.0030

Table 5: LEX + ablation results on dev. Each row dis-
plays the change from the baseline of LEX. We underline
the best single-component score and bold the best over-
all score. Syntactic augmentation consistently improves
performance, with strong score improvements from CON,
CoNLLU, and SYN.

We generally see that while syntax alone is not
as useful, it can provide significant complementary
gains when layered on top of LEX.

Automatic parsing is good enough Coptic-NLP
provides high quality parses (§3.2) with a labeled

Gemma-12b Gemma-27b

Auto Gold Auto Gold

Setting BertScore

Baseline 0.8342 - 0.8375 -
CoNLLU 0.8453 0.8499 0.8522 0.8545
CON 0.8499 0.8502 0.8509 0.8512
DEP 0.8405 0.8411 0.8414 0.8413
DEP+CON 0.8490 0.8483 0.8509 0.8518

Table 6: The performance of different syntax related
settings with the automatic parses (all other results), and
explicit use of gold parses. The different in performance
between the two settings exists, but is not drastic. Re-
sults of all the different settings, with multiple metrics
can be seen in appendix (Table 12).

attachment score of 89.7 (Zeldes et al., 2025).
These high-quality automatic parses are useful and
effective. But are they as useful as gold standard
parses?

In general, we observe performance improve-
ments with both gold and automatic parses, with
no consistent difference between their benefits.
Although we assume that parsing accuracy should
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Gemma-12b Gemma-27b

Bible Other Bible Other

Setting BertScore

Baseline 0.8323 0.8297 0.8378 0.8361
CoNLLU 0.8458 0.8436 0.8519 0.8482
CON 0.8537 0.8448 0.8544 0.8453
DEP 0.8422 0.8373 0.8423 0.8390
LEX 0.8585 0.8582 0.8635 0.8577
DEP+CON 0.8496 0.8467 0.8538 0.8455
LEX+SYN 0.8738 0.8685 0.8792 0.8665

Table 7: Results of Gemma model for dev reported for
based on whether they are from the Bible (182 of 380).
The BertScore in each setting (including baseline) is
higher for the Biblical text. Results with BertScore and
BLEU are reported in appendix (Table 13).

make a difference, for our data and samples we find
no systematic impact on downstream translation
quality, suggesting that automatic parsing errors
from a ∼90% accurate parse may not cascade
into drastic translation errors. Table 6 shows the
performance of the syntax settings of the open
models (for dev) with automatic and gold parses.

Biblical text fares better Models may perform
better in translating Biblical text than non-Biblical
text (Liu et al., 2021). We see that to be the case
for our dev set (Table 7). All settings do better for
the Bible subset, to varying degrees.

It is also not hard to find qualitative examples
in which baseline GPT-4.1 results strongly suggest
recognition of Bible content. For example, for the
reference target in (1) (Mark 7:34), the baseline
GPT prediction in (2) is very good and gets ‘be
opened’ right, likely because the Greek letters ren-
dering the foreign term ‘Ephphatha’ give away the
related Bible verse, which the model has memo-
rized.

(1) Looking up to heaven, he sighed, and
said to him, ‘Ephphatha!’ that is, ‘Be
opened!’ (Reference)

(2) And when he had come near, he touched him
and said to him,“Be opened” And immediately
it was opened. (GPT-4.1)

6 Conclusion

We propose augmenting in-context translation for
low-resource languages with syntactic information.

Such augmentation could support better translation
compared to just dictionary-based augmentation.

We build components for dictionary and multi-
ple operationalizations of syntactic augmentation
based on Universal Dependencies parses, for in-
context translation of the low-resource language of
Coptic. We validate these components with mul-
tiple open-weight (mainly Gemma) and reference
closed-source (mainly GPT-4.1) models, and re-
port results for both in-domain and out-of-domain
evaluation sets.

Inclusion of syntactic information in addition
to dictionary information provides higher qual-
ity translations than just supplying dictionary in-
formation, leading to statistically significant im-
provements in BERTScore F1 and observable im-
provements in translation quality. Gains in out-of-
domain data for can also be seen in scores com-
pared to previously reported results on Coptic os-
traca.

We show that even limited linguistic resources
can meaningfully improve in-context translation
quality for low-resource languages, with improve-
ments seen in both open and closed models.

The type of added syntactic information that is
useful can vary by model: while larger models such
as GPT-4.1 can make more effective use of UD
parses in a raw, CoNLL-U format, smaller mod-
els benefit more from verbalizations. All models
exhibit improvements from a dedicated construc-
tion module explaining constructions specific to
the Coptic language and pointing out tricky config-
urations, as well as indicating and transliterating
proper names. For GPT-4.1 this benefit emerges
primarily when combined with raw parses.

Additionally, we also find minimal differences
between gold and automatic UD parses, showing
that high-quality automatic parses are sufficient for
in-context translation, at least given parser perfor-
mance of ∼90%. Our error analysis highlights how
different information can provide support for the
models to identify both structural and relational
information to improve translations.

We are hopeful that these results will lead to
more work on incorporating abstract syntactic or
even semantic information in general (for exam-
ple WordNet or similar resources, Slaughter et al.
2019, or semantic analysis graphs such as UMR,
Van Gysel et al. 2021), and outputs from automatic
UD parsing in particular, into ICL approaches to
low-resource machine translation.
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Limitations

Small dataset Our experiments are on a dataset
of less than 800 translation samples. This limits
the generalizability of our findings.

Single operationalization of lexicon We con-
sider dictionary augmentation with a single source,
and one operationalization, based on the resource
we use (although aligned with TEI standard). How-
ever, dictionaries can differ and consequently aug-
mentation may not be adaptable.

Single formalism While Universal Dependen-
cies is both the most popular and diverse (across
languages) collection of treebanks, it is not the
only syntactic or grammatical formalism available.
However, the verbalizations are more generic, and
could help mitigate this limitation.

Non exhaustive settings combination We se-
lected a subset of experimental settings, and some
combinations of linguistic components were not
included, such as DEP+CoNLLU.

Prompt length Our settings incorporate multi-
ple linguistic components, producing long prompts
in some cases. The length of these prompts can
provide additional challenges for LLMs, as they
are sensitive to context length, possibly affecting
translation quality for more complex experimental
settings.

Unattested metrics Coptic, being a low-resource
language, has not had extensive investigation of
MT metrics and their relation to human judgment.
Although our target language is English, there is
no attestation of metrics for Coptic-English transla-
tion. Hence the reported results may not represent
human judgments of translation quality.

Lack of human evaluation We do not perform
any human evaluation, but rather only use auto-
matic metrics based on human-translated refer-
ences.
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A Data and Resources

Resource Reference
UD Treebank Zeldes and Abrams, 2018
Ostraca Wannaz and Miyagawa, 2024
Coptic Dictionary Feder et al., 2018
Coptic NLP Coptic Scriptorium

Table 8: The different data and resources used in this
paper.

Table 8 collates the core resources used in this
paper.

Details about the Dictionary
The lexicon contains multiple entries for a single
form.

(3) eimhti11

a. except
b. nevertheless

A specific entry can contain elaborate information,
including translations in multiple languages, and
for multiple dialects of Coptic. We focus on and
use the Sahidic dialect.

(4) except12

a. except (for), if not
b. except (for), without that, unless
c. but

B System and Experiments

B.1 Discussion on BLEU and chrF++

We also report chrF++ (Popović, 2017) for many of
the experiments as an additional reference metric.

We note that, as discussed in Post (2018), BLEU
can be parameterized in multiple ways. We use
the implementation from the sacrebleu package,13

and use default settings for dev and ostraca.14 Since
11https://coptic-dictionary.org/results.py?

quick_search=C8880
12https://coptic-dictionary.org/entry.py?tla=

C8880
13https://github.com/mjpost/sacrebleu
14The sacrebleu metric signature is nrefs:379|case:

mixed|eff:no|tok:13a|smooth:none|version:2.5.1

BLEU is designed as a corpus level metric, the
default settings of BLEU lead to some 0 scored
outputs for the test split, so we used a relaxed
setting with max 3-gram, effective order, and ‘floor‘
smoothing with 0.1.15

BLEU is specifically not useful for the test set
since, although the floor smoothing allows for non-
zero BLEU scores, but leads to the common value
13.56 for many settings. BLEU is not the primary
metric in the paper, but is kept for completness.

BLEU is unreliable in test BLEU as a metric
was somewhat representative if not correlated with
BertScore for dev and ostraca, but with default
signature the BLEU scores for test collapsed to
0 for many settings. We have reported a smoothed
BLEU for test to be consistent.

This is mainly a function of the model output
utilizing a wider variety of surface forms in conflict
with an n-gram overlap mechanism that BLEU is
based upon, but is not distinct from size of the
reference or the output sentence.

Consider the following translation sentence: ‘For
you have taken the things of the poor and the wid-
ows and the orphans, and you have placed them in
your window.’ Gemma-3-12b with the DEP+CON set-
ting responds simply with ‘You did.’ This leads
to a 0 BLEU score without smoothing. Overall
there are only 29 of the 405 sentences that show
this behavior across the three test models we report
in Table 2. This highlights for Coptic the need for
further work in validating the representativeness
and quality of the wide-ranging metrics that exist
for MT (Lavie et al., 2025).

BLEU is inconsistent in dev Unlike with test,
BLEU is not unstable on dev; however it is incon-
sistent. In Table 2, for Gemma-12b we can see
that BLEU does not follow the same pattern as
BertScore. This is partly due to the difference in
the two class of metrics. Since BLEU relies on
n-gram precision, it is more sensitive to lexical
choice.

Compare the output translation ‘And the remain-
der of the great ones in the palace.’ with the ref-
erence translation ‘as did also the other nobles
who were attached to the Palace.’ The transla-
tion did capture some semantic elements such as
‘great ones’ in comparison to ‘nobles’ but by de-
sign, BLEU would consider 0-precision, while
BertScore would catch some quotient of similar-

15The metric signature is nrefs:405|case:mixed|eff:
yes|tok:13a|smooth:floor[0.10]|version:2.5.1.
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ity. Such patterns are more common in LLM based
generation, compared to older controlled or limited
vocabulary methods.

B.2 LEX parameters and grid search
Our LEX component has multiple configurable pa-
rameters, one controlling the target languages we
include from dictionary and the rest for controlling
the information added.

Two parameters control the first-k entries that
we include after retrieval and the first-k senses for
each entry that we include. The final parameter is
for a deduplication feature to specifically handle
the verbose enumeration for the DDGLC (Almond
et al., 2013) portion of the dictionary.

The grid search for LEX was performed with the
best setting for DEP as decided by the previous grid
search. Then the LEX grid search was performed on
the sub-selected 10 each of the easiest and hardest
to translate for our pilot model.
Fixed setting The final parameters were to use
only entries from English, no more than 100 entries
per sample, with no more than 10 senses per entry,
and without deduplicating the information from
DDGLC.

B.3 DEP parameters and grid Search
Our DEP component is configurable with three dif-
ferent parameters controlling how duplicate tokens
are handled, the robustness of verbalized depen-
dency relations, and the inclusion of various ‘tiers’
of POS tags.

When handling duplicates, we choose subscript
notation (’e/rai2 is the case marking of yoyou’)
or verbalized nominalizations (’the second e/rai
is the case marking of yoyou).

When choosing which dependency relations to
verbalize in this component, we either ‘collapse’
the relations or maintain the full list. For example,
the non-collapsed setting verbalizes each depen-
dency relation as they are defined in UD: ccomp
is expressed as a clausal complement, and xcomp
as an open clausal complement. In the collapsed
setting, both ccomp and xcomp are verbalized as
simply ‘complement’.

Finally, we choose from three tiers of POS tags
to verbalize in this DEP component: content, parti-
cipants, or all. We excluded punctuation, symbols,
and ‘other’ tags across the board. The content
tier is the most restrictive, allowing only for nouns,
verbs, proper nouns, adpositions, and adverbs. This
setting results in the shortest final DEP component

as it filters out the most relations from the final
verbalization. The participants tier expands upon
the content tier, adding pronouns, auxiliaries, de-
terminants, and numerals. The final tier is the most
inclusive, adding conjunctions to the previous list.

Fixed setting Following our grid search, we de-
termined that our best setting is to verbalize dupli-
cates as subscripts, not collapse the dependency
relations into more general categories, and to use
the participants tier of POS tags.

B.4 Constructions CON

The CON component provides information and in-
struction targeting specific source language con-
structions. Construction prompts are triggered by
26 DepEdit rules which identify syntax subtrees us-
ing a declaration of nodes to be found and subgraph
relations which must hold between them.

For example, when a verb is accompanied by
both the future and preterit auxiliaries, whose mean-
ings individually correspond to future tense (‘will
VERB’) and continuous past (‘was VERBing’),
the combination results in a counterfactual condi-
tional (‘would have VERBed’). This is captured
by declaring three nodes to match: the VERB (via
POS tag) and the two dependents (the auxiliaries,
via their lemmas and POS tags) in a particular order
(preterite, then future, then the VERB).

The DepEdit module rule can then extract anno-
tations attached to these nodes, such as their form
(since both the VERB and auxiliaries can inflect),
lemma, or morphological categories such as per-
son or gender. The template for the counterfactual
construction is verbalized as:

(5) The combination of the future auxiliary {{FUT.
AUX FORM}} with the counterfactual preterit
{{PRET. AUX FORM}} is used together
with the predicate {{VERB FORM}} to ex-
press a counterfactual meaning (would have
VERBed).

The list of construction triggers and their verbaliza-
tions is available with the full code in the paper’s
GitHub repository.

B.5 Instruction Design

Figure 3 shows how different parts of the instruc-
tion appear. Figure 4 shows the CoNLL-U separate
from the rest of the instructions. Figure 2 shows
how these are ordered and provided in our prompt
in a condensed manner.
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C Full results

Model (Size) Model Card
Gemma3(-it) (12B) HF Hub : link
Gemma3(-it) (27B) HF Hub : link
GPT-4.1 (NA) OpenAI Platform : link
GPT-4.1 Mini (NA) OpenAI Platform : link
Llama3.1(-Inst) (8B) HF Hub : link
Aya-Expanse (8B) HF Hub : link
Aya-Expanse (32B) HF Hub : link

Table 9: Models used for our experiments with dev data
and corresponding model cards.

We reported the results of the Gemma models
and GPT-4.1 for dev and test in the main body.
Table 10 contains the dev results for all the open
models we experimented with. The DEP+CON set-
ting is reported only for the Gemma models, and
not for Aya or Llama models.

Settings using CoNLLU and LEX exceed the con-
text window of models such as Aya-Expanse,
which have smaller context windows (8K compared
to the 128K of the other models we used), nonethe-
less we report it for completeness. This is visible in
their performance under those settings, since much
of the queue is truncated.

Ostraca Table 11 shows the performance of our
Gemma and GPT models across the various set-
tings for the ostraca set.

Automatic parses vs gold parses Table 12
shows the results for the default usage of automatic
parses versus the use of gold parses. Note that our
baseline does not use parses in any form, hence
performance is equal.

Bible Texts Table 13 shows the difference in per-
formance between Biblical text and other text in
dev.

D Significance testing

For LMs (dev, and test), contrasts were compared
using mixed effects models implemented in R using
the library lme4. Because the sentences translated
are identical in all settings, we treat sentence ID
as a random effect (repeated measures) and the
addition of the lexicon and syntax augmentations
as independent fixed effects, predicting the qual-
ity metric (BERT-Score F1). Single term deletions
with likelihood ratio tests demonstrate that both lex-
icon and syntax augmentations improve translation
quality as assessed by the metric for p < 0.0001.

E Implementation and resources

We ran our experiments with open-weighted mod-
els on Nvidia H100 GPUs. We maintain explicit
requirements for reproducibility, and used a fixed
random seed of 42 in all our local runs for replica-
bility.

With fixed random seed, we only need single run
each for our model, setting, split that we report. Es-
pecially since there is no random effect commonly
found in other training or augmentation. This was
tested by running some of the experiments multiple
times and checked for consistency.

Table 9 lists the specific model cards for each of
the models used.
Hyperparameters We use max tokens of 128 for
inference with both local and API models and use
a fixed random seed. We used greedy decoding
to avoid variance due to temperature. Data results
and code are all documented in the repository for
replicability and reproducibility.

Gridsearch parameters of the components are
documented and available in paper (appendices B.2
and B.3) and available in the repository.

F AI Tool Use

We used GitHub Copilot and Gemini when devel-
oping the code for this paper.
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Base

You are a professional Coptic-to-English translator tasked with providing translations suitable for use in
United States (en_US). Your goal is to accurately convey the meaning and nuances of the original Coptic
text while adhering to English grammar, vocabulary, and cultural sensitivities.Produce only the English
translation, without any additional explanations or commentary.Please translate the following Coptic text
into English (en_US): {source}.

Closing cue for consistency.

Using all the information provided above, now please translate the sentence into English(en_US). Re-
member your source sentence is: {source}.The English translation is:

Lexicon

For the translation task, you are given dictionary entries for Coptic. Some words can be polysemous and
there might be multiple entries. Each entry can contain multiple senses with translations in [‘English’]. In
such a case, please choose the most appropriate one. Note that for some words, they might be derived
from a more basic form, some entries will be for such lemma.
Here are the entries for collected for individual words in the sentence:

Dictionary entry Verb ;w has 2 senses.
Sense 1:
- In English, ;w means say, speak, tell
Sense 2:
- In English, ;w means sing ...

Dependency

The dependency information for the sentence is: rmh is the root. e/rai1 is the case marking of
baukalion. e1 is the fixed multiword expression of e/rai1. baukalion is the oblique nominal of
rmh. h is the coordinating conjunction of yoyou. e/rai2 is the case marking of yoyou. e2 is the
fixed multiword expression of e/rai2. yoyou is the conjunct of baukalion. e/rai3 is the case
marking of laau ...

Construction

The information about specific constructions in the sentence is: The dislocated element pai is a repeated
reference to the pronoun dependent of the predicate ;w. There is often no need to translate the
pronominal mention of the same argument. ...

Figure 3: An example of the content in differrent sections of the Instruction to LM. The CONLL-U is separately
shown in Figure 4.
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CoNLL-U

1 m n ADP PREP _ 3 case _ _
2 p p DET ART _ 3 det _ _
3 /agioc /agios NOUN N _ 0 root _ _
4 biktwr biktwr PROPN NPROP _ 3 appos _ _
5 pe p DET ART _ 6 det _ _
6 crathlathc ctrathlathc NOUN N _ 3 appos _ _
7 auw auw CCONJ CONJ _ 9 cc _ _
8 p p DET ART _ 9 det _ _
9 marturoc marturoc NOUN N _ 6 conj _ _
10 et etere SCONJ CREL _ 11 mark _ _
11 taihu taeio VERB VSTAT _ 9 acl:relcl _ _
12 m n ADP PREP _ 14 case _ _
...

Figure 4: An example CoNLL-U data format, which would also be included into the instruction.
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Model Setting BLEU BertScore chrF++

Aya-Expanse-32b Baseline 3.95 0.7939 14.78
Aya-Expanse-32b LEX 8.60 0.8085 17.26
Aya-Expanse-32b CoNLLU 8.25 0.7841 14.35
Aya-Expanse-32b CON 4.42 0.8017 15.84
Aya-Expanse-32b DEP 1.63 0.7997 15.06
Aya-Expanse-32b LEX+SYN 9.48 0.8303 22.30

Aya-Expanse-8b Baseline 6.99 0.8132 15.34
Aya-Expanse-8b LEX 4.40 0.8404 21.60
Aya-Expanse-8b CoNLLU 2.85 0.8265 16.51
Aya-Expanse-8b CON 8.16 0.8250 15.89
Aya-Expanse-8b DEP 6.00 0.8073 15.11
Aya-Expanse-8b LEX+SYN 2.39 0.8239 19.65

Gemma-3-12b Baseline 16.45 0.8342 16.29
Gemma-3-12b LEX 5.46 0.8593 23.19
Gemma-3-12b CoNLLU 27.49 0.8453 18.17
Gemma-3-12b CON 20.26 0.8499 17.30
Gemma-3-12b DEP 28.66 0.8405 16.34
Gemma-3-12b DEP+CON 21.65 0.8490 18.15
Gemma-3-12b LEX+SYN 7.71 0.8722 27.29

Gemma-3-27b Baseline 10.30 0.8375 17.88
Gemma-3-27b LEX 14.46 0.8611 23.52
Gemma-3-27b CoNLLU 14.86 0.8522 21.65
Gemma-3-27b CON 15.43 0.8509 19.27
Gemma-3-27b DEP 15.28 0.8414 18.83
Gemma-3-27b DEP+CON 10.38 0.8509 20.05
Gemma-3-27b LEX+SYN 18.84 0.8736 28.67

Llama-3.1-8B-Instruct Baseline 8.42 0.7843 12.55
Llama-3.1-8B-Instruct LEX 3.59 0.8004 16.30
Llama-3.1-8B-Instruct CoNLLU 6.63 0.8009 13.30
Llama-3.1-8B-Instruct CON 4.58 0.7965 14.16
Llama-3.1-8B-Instruct DEP 3.60 0.7885 12.06
Llama-3.1-8B-Instruct LEX+SYN 1.94 0.8108 19.36

Table 10: The results from dev for all the open-weight models we considered. Note DEP+CON was run only reported
for Gemma models for analysis focused on disambigation.
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Model Setting BLEU BertScore METEOR

Gemma-3-12b Baseline 5.72 0.8380 0.11
Gemma-3-12b LEX+SYN 7.82 0.8850 0.31
Gemma-3-12b CoNLLU 4.88 0.8536 0.18
Gemma-3-12b CON 3.84 0.8520 0.10
Gemma-3-12b DEP 7.50 0.8470 0.11
Gemma-3-12b LEX 5.48 0.8640 0.26
Gemma-3-12b DEP+CON 6.42 0.8591 0.12

Gemma-3-27b Baseline 5.61 0.8490 0.13
Gemma-3-27b LEX+SYN 16.18 0.8781 0.33
Gemma-3-27b CoNLLU 15.22 0.8622 0.21
Gemma-3-27b CON 13.32 0.8550 0.13
Gemma-3-27b DEP 2.39 0.8525 0.13
Gemma-3-27b LEX 9.44 0.8621 0.22
Gemma-3-27b DEP+CON 9.69 0.8599 0.16

GPT-4.1 Baseline 16.25 0.8792 0.31
GPT-4.1 LEX+SYN 17.99 0.90 0.53
GPT-4.1 CoNLLU 6.18 0.8877 0.39
GPT-4.1 CON 9.42 0.8888 0.31
GPT-4.1 DEP 18.15 0.8859 0.37
GPT-4.1 LEX 14.27 0.8973 0.42
GPT-4.1 DEP+CON 9.21 0.8862 0.32

From Wannaz and Miyagawa (2024)
Claude Opus 20.02 - 0.46
Claude Haiku 11.52 - 0.35
CopticTranslator 8.43 - 0.30

Table 11: Results for ostraca §3.1 for Gemma models and GPT-4.1. The BLEU and METEOR scores for Claude
(Opus and Haiku) and CopticTranslator are from Wannaz and Miyagawa (2024).
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Automatic Gold
Model Setting BLEU BertScore chrF++ BLEU BertScore chrF++

Gemma-3-12b Baseline 16.45 0.8342 16.29 - - -
Gemma-3-12b DEP+CON 21.65 0.8490 18.15 14.56 0.8483 18.09
Gemma-3-12b CON 20.26 0.8499 17.30 21.74 0.8502 17.37
Gemma-3-12b DEP 28.66 0.8405 16.34 28.66 0.8411 16.18
Gemma-3-12b CoNLLU 27.49 0.8453 18.17 13.50 0.8499 19.43
Gemma-3-12b LEX 5.46 0.8593 23.19 6.45 0.8581 22.84
Gemma-3-12b LEX+SYN 7.71 0.8722 27.29 14.22 0.8727 27.08

Gemma-3-27b Baseline 10.30 0.8375 17.88 - - -
Gemma-3-27b DEP+CON 10.38 0.8509 20.05 20.08 0.8518 20.15
Gemma-3-27b CON 15.43 0.8509 19.27 12.87 0.8512 19.30
Gemma-3-27b CoNLLU 14.86 0.8522 21.65 10.90 0.8545 22.68
Gemma-3-27b LEX 14.46 0.8611 23.52 9.56 0.8604 23.22
Gemma-3-27b DEP 15.28 0.8414 18.83 21.39 0.8413 18.74
Gemma-3-27b LEX+SYN 18.84 0.8736 28.67 17.11 0.8770 29.97

Table 12: Results for the open-weight Gemma models for dev using Automatic and Gold UD parses (§3.6). The
higher performance (BertScore) among the two for each setting is underlined. We don’t report specific significance
for this comparison, although the lower variability across the Automatic and Gold than among the different settings
is encouraging.

Bible Other
Model Setting BLEU BertScore BLEU BertScore

Gemma-3-12b Baseline 9.55 0.8323 9.73 0.8297
Gemma-3-12b LEX+SYN 19.30 0.8738 6.17 0.8685
Gemma-3-12b CoNLLU 10.70 0.8458 18.77 0.8436
Gemma-3-12b CON 17.29 0.8537 12.55 0.8448
Gemma-3-12b DEP 20.86 0.8422 18.68 0.8373
Gemma-3-12b LEX 26.08 0.8585 5.03 0.8582
Gemma-3-12b DEP+CON 17.75 0.8496 20.01 0.8467

Gemma-3-27b Baseline 9.78 0.8378 8.68 0.8361
Gemma-3-27b LEX+SYN 23.87 0.8792 14.72 0.8665
Gemma-3-27b CoNLLU 21.87 0.8519 10.83 0.8482
Gemma-3-27b CON 17.29 0.8544 13.22 0.8453
Gemma-3-27b DEP 15.46 0.8423 12.57 0.8390
Gemma-3-27b LEX 19.67 0.8635 13.27 0.8577
Gemma-3-27b DEP+CON 13.13 0.8538 9.15 0.8455

Table 13: Results of Gemma model for dev reported as Bible and Not Bible text. The data are distinct but not
drastically disproportinate (182 Bible, rest 198 Other). Performance for Bible data (by BERTScore) is consistently
better than Other, which is to interesting, but not suprising for such models w.r.t to low-resource language.
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