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Abstract

LLM-based translation remains challenging for
low-resource languages, as LLMs often lack
linguistic knowledge due to their limited rep-
resentation in pre-training data. This is par-
ticularly problematic for morphologically rich
languages where a large vocabulary can lead to
further data sparsity.

Previous work has shown that providing ex-
ternal guidance on the source sentence in the
form of language-specific information can help
LLMs with tasks such as machine translation.
In this study, we investigate zero-shot context
augmentation for Upper Sorbian-to-German
translation by enriching prompts with differ-
ent types of contextual information: transla-
tion candidates in the form of bilingual dic-
tionary entries, and morpho-syntactic analysis
provided through morphological tagging. We
first compare the effectiveness of these types
of information in a zero-shot setting and then
evaluate whether they generalize across ad-
ditional experimental settings. We find that
context-augmented prompting can improve Up-
per Sorbian-to-German translation. Contexts
only containing translation candidates perform
overall best, whereas morpho-syntactic analy-
sis offers limited benefits, both on its own and
in combination with lexical cues.

1 Introduction

Large Language Models (LLMs) have shown
strong capabilities in machine translation (MT),
especially for English and other high-resource lan-
guages (HRLs) (Brown et al., 2020; Chowdhery
et al., 2023). However, a performance gap remains
between high- and low-resource languages (LRLs)
(Robinson et al., 2023; Hendy et al., 2023; Nicholas
and Bhatia, 2023), as LRLs are underrepresented
with only limited data available (Ponti et al., 2019;
Joshi et al., 2020).

The absence of sufficient training data is par-
ticularly problematic for languages with complex

morphology, because a large vocabulary can fur-
ther increase data sparsity. When translating out
of a morphologically rich language, words must be
analyzed in the sentence context and their semantic
content needs to be transported appropriately into
the target language. With a large variety of inflected
word forms, some forms might not be well attested
in the LLM pre-training data, or are even entirely
absent from it. At the same time, other word forms
of the same lemma might be better attested, mean-
ing that the LLM knows the words in principle but
cannot necessarily access this knowledge optimally.
For HRLs, large pre-training corpora can provide
language competence. In contrast, for LRLs with
only limited data available, focused linguistic de-
scriptions can contribute structured and context-
relevant information to compensate for data spar-
sity during pre-training, for example Tanzer et al.
(2024) and Zhang et al. (2024b).

In-context learning (ICL) constitutes an inter-
esting approach for LRL translation, as it reduces
the reliance on large-scale training data (Cahyawi-
jaya et al., 2024) by providing external linguistic
information in prompts (Garg et al., 2023). Un-
like fine-tuning, ICL does not require parameter
updates and is therefore relatively cost-effective
(Brown et al., 2020; Dong et al., 2024). Previous
work has explored the use of additional linguistic
resources in prompts, such as dictionaries, parallel
examples, grammatical descriptions, morpholog-
ical analysis, and glosses to support LLM-based
MT for LRLs, with several studies reporting im-
provements on translation quality (Pei et al., 2025;
Zhang et al., 2024b,a; Court and Elsner, 2024).

In this work, we explore context augmentation
strategies for translation from Upper Sorbian, a
low-resource morphologically rich Slavic language,
into German, a high-resource language. We inves-
tigate two complementary sources of information:
the morpho-syntactic information obtained from a
morphological tagger, and the lexical information
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from a translation dictionary derived from parallel
data. They are intended (i) to help the model un-
derstand morphologically complex input and (ii) to
facilitate the transfer to German. To evaluate their
individual and combined effects, we compare four
context strategies.

We address the following research questions:

• RQ1: How do different context strategies per-
form, and what is the optimal configuration
for each?

• RQ2: Do they perform effectively and stably
across different settings?

We first evaluate all context strategies in
zero-shot setting using our primary model
(llama3.3-70B-instruct), and then further eval-
uate whether each strategy’s optimal configuration
in zero-shot generalizes to another model (gpt-4o)
and also to few-shot prompting.

We find that providing contextual information
in prompts can improve Upper Sorbian-German
MT across different settings. Lexical context in
the form of lemma-level dictionary entries per-
forms best across most settings, whereas source-
side morphology alone provides only limited bene-
fit. Combining lexical and morphological informa-
tion brings no additional stable gains, suggesting
that direct source-to-target lexical mapping is the
major contributor to translation performance.

2 Related Work

2.1 Low-Resource Scenarios in LLM Machine
Translation

LLM-based MT formulates translation as a lan-
guage modeling task (Ataman et al., 2025), as its
multilingual pretraining (Lai et al., 2023) may en-
able cross-lingual transfer from HRLs to LRLs (Xu
et al., 2025). LLMs achieve strong translation per-
formance for HRLs such as English which are well
represented in model training data (Brown et al.,
2020; Chowdhery et al., 2023; Vilar et al., 2023).
In contrast, LRLs with only limited available train-
ing data are underrepresented in multilingual mod-
els (Robinson et al., 2023; Hendy et al., 2023;
Nicholas and Bhatia, 2023; Hasan et al., 2024). For
morphologically rich languages, a large inventory
of inflected forms further increases data sparsity
(Samardzic et al., 2024). Consequently, LLMs lack
sufficient linguistic knowledge of LRLs, making
translating low-resource languages challenging.

2.2 In-Context Learning for Machine
Translation

To improve source-side understanding for LRL
translation, linguistic information can be incorpo-
rated into prompts via in-context learning (ICL)
(Garg et al., 2023). Unlike fine-tuning, this ap-
proach gives LLMs the possibility to learn from ex-
ternally provided knowledge without updating their
parameters (Brown et al., 2020), while reducing re-
liance on large-scale annotated data (Cahyawijaya
et al., 2024).

Dictionary. Previous work has explored
dictionary-based prompting for translating
low-resource languages. For example Ghazvinine-
jad et al. (2023) and Zhang et al. (2024a)
integrate bilingual dictionary information into
translation prompts. Lu et al. (2024) explore
Chain-of-Dictionary (CoD) Prompting, which
uses multilingual dictionary chains. However,
dictionary-only approaches can produce syn-
tactically incoherent translation (Zhang et al.,
2024b).

Grammar. Tanzer et al. (2024) showed that
LLMs can learn to translate languages unseen dur-
ing pre-training with in-context information ob-
tained from grammar books and dictionaries. How-
ever, the effectiveness of grammatical information
for LRL MT remains debated. Explicit grammar
rules can help resolve lexical ambiguities and guide
word-order transformations (Zhang et al., 2024b),
while grammar explanations show limited or even
negative effects (Court and Elsner, 2024; Pei et al.,
2025). Zhang et al. (2025) argue that LLMs can
apply explicitly provided grammar rules but may
struggle to retrieve them on their own.

Morphology & Gloss. Morphological informa-
tion can provide useful linguistic cues, for example
number and case information (Zhang et al., 2024b),
which is especially relevant for morphologically
rich languages. Interlinear glosses, which com-
bine lexical and morphological information, can
improve prompting-based MT (Ramos et al., 2025).

Parallel Examples. Few-shot prompting can pro-
vide a model with a small number of source-target
translation examples (Brown et al., 2020). In-
creasing the number of demonstrations generally
improves translation performance, although gains
tend to diminish after only a few examples (Vi-
lar et al., 2023). Using similar and higher-quality
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demonstrations also benefits MT (Sia and Duh,
2023; Agrawal et al., 2022; Vilar et al., 2023).

2.3 Machine Translation between Upper
Sorbian and German

Upper Sorbian (HSB) is a West Slavic minority
language spoken in eastern Germany, with an esti-
mated fewer than 15,000 speakers (Howson, 2017).
Its rich morphology (e.g. the seven-case nominal
system and uncommon archaic dual number) is
particularly challenging for MT.

Sorbian ↔ German MT has been studied in
a series of WMT Shared Tasks since WMT20
(Fraser, 2020; Libovický and Fraser, 2021; Weller-
Di Marco and Fraser, 2022; Okabe et al., 2025), for
both Upper and Lower Sorbian.

Summary. This study explores the effectiveness
of in-context learning (ICL) in this low-resource
translation task. Previous studies on low-resource
MT have shown that dictionaries, morphological
analysis and parallel examples are generally bene-
ficial, whereas grammatical information provides
rather limited benefits (Pei et al., 2025; Zhang et al.,
2024b; Court and Elsner, 2024). Motivated by
these findings, this work mainly investigates the
effects of dictionary and morphological contextual
information for Sorbian–German MT.

3 Tagging and Dictionary Creation

Machine translation remains challenging for Up-
per Sorbian due to its low-resource nature and rich
morphology. We explore context augmentation
strategies to better support the model in translating
a Sorbian input sentence by providing two com-
plementary types of information: morphological
tags and bilingual dictionary entries. The morpho-
logical analysis provides an abstract description of
the input sentence in which inflectional features
such as case, number and tense are directly acces-
sible, as well as the respective lemma. Relying on
a bilingual dictionary, translation options support
the model with lexical mappings from the source
to the target language.

3.1 Parallel Data

All datasets, a parallel HSB-DE training corpus,
as well as our test set, are sourced from previ-
ous WMT Shared Tasks on the Sorbian languages,

WMT 20221 and WMT20252.
The parallel training corpus used to create a

HSB-DE dictionary contains 510,077 unique sen-
tence pairs after deduplication. As test set, we use
the TUM-NLP 2025 MT development set. After re-
moving sentence pairs that overlap with the training
corpus, we randomly sampled 2000 sentences for
testing. The remaining 902 sentence pairs formed
the candidate pool for few-shot example selection.

3.2 Pre-Processing: Tagging
We used RNNTagger3 (Schmid, 2019) to obtain
morphological information. The tagger is applied
to both the training corpus used for dictionary con-
struction and the test set. Each tagged token is
represented by its surface form, morphological full
tag (POS tag and inflectional features) and lemma.
Table 1 shows an example of tagging output.

3.3 Dictionary Creation
The HSB-DE dictionary is derived from word-
aligned parallel data, from which we extract 1-1
and 1-n translation pairs.

Alignment. Word alignment was obtained with
Eflomal4,5 (Östling and Tiedemann, 2016)). For
the alignment, each token is represented by its
lemma and morphological full tag. We follow the
standard procedure of computing alignments for
both the forward and the reverse direction, and then
apply symmetrization using atools from FastAl-
ign6.

Dictionary at the Lemma|CoreTag Level. To
mitigate the data sparsity issue exacerbated by the
rich morphology of Upper Sorbian, the HSB-DE
dictionary is constructed at the Lemma|CoreTag-
level according to the tagged training corpus and
corresponding alignments. Each dictionary entry
maps a source word to a frequency-ranked list of
target-language translation candidates. The con-
struction process consists of five steps:

1https://statmt.org/wmt22/unsup_and_very_low_
res.html

2https://github.com/TUM-NLP/
llms-limited-resources2025/tree/main/Sorbian/
hsb/MT

3https://www.cis.uni-muenchen.de/~schmid/
tools/RNNTagger/

4https://github.com/robertostling/eflomal
5We opted for statistical word alignment as opposed to a

neural alignment tool like SimAlign (Jalili Sabet et al., 2020)
where the alignment quality depends on the coverage of the
language in the underlying model; for example, mBERT (De-
vlin et al., 2019) does not support Sorbian.

6https://github.com/clab/fast_align

https://statmt.org/wmt22/unsup_and_very_low_res.html
https://statmt.org/wmt22/unsup_and_very_low_res.html
https://github.com/TUM-NLP/llms-limited-resources2025/tree/main/Sorbian/hsb/MT
https://github.com/TUM-NLP/llms-limited-resources2025/tree/main/Sorbian/hsb/MT
https://github.com/TUM-NLP/llms-limited-resources2025/tree/main/Sorbian/hsb/MT
https://www.cis.uni-muenchen.de/~schmid/tools/RNNTagger/
https://www.cis.uni-muenchen.de/~schmid/tools/RNNTagger/
https://github.com/robertostling/eflomal
https://github.com/clab/fast_align
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1. Extracting source-target token pairs according
to alignment indices.

2. Filtering noisy token types, e.g. PROPN, NUM.

3. Aggregating occurrence frequencies for asso-
ciated target candidates.

4. Representing one-to-many alignments as a
multi-word expression with a PHRASE tag.

5. Ranking target candidates by descending fre-
quency.

The resulting HSB-DE dictionary contains
177,436 unique source entries with an average
of 3.77 translation candidates per entry. Us-
ing the same token filtering criteria as in dictio-
nary construction, the dictionary reaches 96.21%
coverage at the Lemma level and 95.68% at the
Lemma|CoreTag level on the test set. Most uncov-
ered entries belong to the noun (NOUN/NN/NE) and
adjective (ADJ/ADJA/ADJD) word types, and the
majority of their lemmas are tagged as <unknown>.

Dictionary Lookup. When applying the dictio-
nary to retrieve translation candidates for context
construction, each token in the HSB test set is
looked up using the following fallback order: (1)
exact matching at the Lemma|CoreTag level, (2)
matching at the Lemma level, and (3) matching us-
ing lowercased or title-cased lemma forms. The
first successful match returns the ranked list of tar-
get translation candidates at the Lemma|CoreTag
level used for subsequent context construction. Fil-
tered or unmatched tokens receive no translation
candidates.

4 Context Strategies

To compare the individual and combined ef-
fects of lexical information from the generated
Lemma|CoreTag dictionary and morphological in-
formation from the source-side tagged output, we
explore four context construction strategies: Strat-
egy A combines the most frequent translation can-
didate with optional morphological information in
a pseudo-gloss format; Strategy B provides mul-
tiple translation candidates; Strategy C uses mor-
phological information only; Strategy D combines
multiple translation candidates with complete mor-
phological information. Throughout this section,
we use the example in Table 1 to illustrate different
context construction strategies.

Source: Zo bychu prózdnjeńcu před přistupom kunow abo
wrónow škitali, zamurjuja pikotače zachod.

Reference: Um die Höhle vor dem Zugriff von Mardern oder
Krähen zu schützen, mauern die Kleiber den Ein-
gang zu.

English for readability: To protect the nest cavity from access
by martens or crows, nuthatches wall up the entrance.

Source-side tagged representation
Word Morph Lemma

Zo ADP zo
bychu AUX.Cnd.Plur.3.Fin być
prózdnjeńcu NOUN.Acc.Fem.Sing prózdnjeńca
před ADP před
přistupom NOUN.Ins.Neut.Sing přistupo
kunow NOUN.Gen.Fem.Plur kuna
abo CCONJ abo
wrónow NOUN.Gen.Fem.Plur wróna
škitali VERB.Inan.Masc.Plur.Past.Part.Act škitać
, PUNCT ,
zamurjuja VERB.Ind.Sing.3.Pres.Fin zamurjować
pikotače ADJ.Acc.Neut.Sing.Part.Pass pikotači
zachod NOUN.Inan.Acc.Masc.Sing zachod
. PUNCT .

Table 1: Example sentence with morphological analysis.

4.1 Context Strategy A: Pseudo-Gloss

We consider two variants of Context Strategy A,
illustrated in Table 2.

Context Strategy A1 constructs a pseudo-gloss
by replacing each matched source token with its
most frequent target translation candidate, while
unmatched tokens keep their original form. The
resulting lexical sequence is interleaved with Up-
per Sorbian morphological tags to provide inflec-
tional information. This context design provides
an abstract target-language representation while
preserving the original source token order.

While some Upper Sorbian-specific morpholog-
ical features (e.g. dual number and grammatical
gender and some cases) have no direct mapping in
German, we assume that they still provide relevant
linguistic signals to help form a complete trans-
lation into German. To assess the impact of the
morphological information, we also evaluate a vari-
ant without source-side morphological tags (A2),
resulting in a lexical-only sequence containing Ger-
man lemmas for matched tokens and original forms
for unmatched tokens, in Upper Sorbian word or-
der.

4.2 Context Strategy B: Dictionary Entries

An obvious issue with Context A is that it relies
solely on the highest-ranked translation option.
Context B provides multiple translation candidates
to better address lexical ambiguity and to offer
a larger range of options. This is relevant not



709

A1: Translation candidates with source morpho-tags.

<gloss> dass ADP sein AUX.Cnd.Plur.3.Fin Höhle
NOUN.Acc.Fem.Sing vor ADP Beitritt NOUN.Ins.Neut.Sing Marder
NOUN.Gen.Fem.Plur oder CCONJ Krähe NOUN.Gen.Fem.Plur schützen
VERB.Inan.Masc.Plur.Past.Part.Act , PUNCT mauern
VERB.Ind.Sing.3.Pres.Fin Kleiber ADJ.Acc.Neut.Sing.Part.Pass
Eingang NOUN.Inan.Acc.Masc.Sing . PUNCT </gloss>

A2: Translation candidates only.

<pseudo_translation> dass sein Höhle vor Beitritt Marder oder
Krähe schützen , mauern Kleiber Eingang . </pseudo_translation>

Note: The representation uses a single line, wrapped here only because of space
constraints.

Table 2: Example for Context Strategy A

only for words with clearly different meanings,
but also for function words like conjunctions or
prepositions that have a large variety of possible
translations which strongly depend on the context.
To select the translation candidates, we consider
the following factors:

Representation: Keeping vs. not keeping the main
tag of the translation candidates, as illustrated in
the dictionary entry for zamurjować (EN: ’to wall
up’; DE: ’einmauern’) below:

• With Tag & Raw keeps Lemma|CoreTag for-
mat to provide shallow syntactic information.
zamurjować (VERB): mauern (VVFIN), einmauern

(VVINF), einmauern (VVPP)

• No Tag & Unique provides unique lemma-
level target candidates ranked by aggregated
frequency. zamurjować: einmauern, mauern

Probability Threshold: Only translation candi-
dates with relative frequency above the threshold
are kept. Table 9 summarizes the statistics for Con-
text B across thresholds.

4.3 Context Strategy C: Morphological
Analysis

To help the model capture the rich morphology
of Upper Sorbian, Context Strategy C provides
morphological information for each source token,
including the surface form, morphological tags
(POS tag and inflectional features) and lemma, cf.
<morph>...</morph> in Table 3. This represen-
tation links each inflected form to its lemma to
address data sparsity at the lexical level, and also
provides a morpho-syntactic analysis in the sen-
tence context.

Configuration: Block-by-Block Order-BC

<dict>

zo: dass, um, damit

być: sein, haben

prózdnjeńca: Höhle

před: vor

přistupo: Beitritt, Zugang

kuna: Marder, Marderin, Baummarder

abo: oder

wróna: Krähe, Nebelkrähe

škitać: schützen

zamurjować: einmauern, mauern

pikotači: Kleiber

zachod: Eingang

</dict>

<morph>

Word=Zo Morph=ADP Lemma=zo

Word=bychu Morph=AUX.Cnd.Plur.3.Fin Lemma=być

Word=prózdnjeńcu Morph=NOUN.Acc.Fem.Sing Lemma=prózdnjeńca

Word=před Morph=ADP Lemma=před

Word=přistupom Morph=NOUN.Ins.Neut.Sing Lemma=přistupo

Word=kunow Morph=NOUN.Gen.Fem.Plur Lemma=kuna

Word=abo Morph=CCONJ Lemma=abo

Word=wrónow Morph=NOUN.Gen.Fem.Plur Lemma=wróna

Word=škitali Morph=VERB.Inan.Masc.Plur.Past.Part.Act
Lemma=škitać

Word=, Morph=PUNCT Lemma=,

Word=zamurjuja Morph=VERB.Ind.Sing.3.Pres.Fin
Lemma=zamurjować

Word=pikotače Morph=ADJ.Acc.Neut.Sing.Part.Pass
Lemma=pikotači

Word=zachod Morph=NOUN.Inan.Acc.Masc.Sing Lemma=zachod

Word=. Morph=PUNCT Lemma=.

</morph>

Note: The representation uses one token per line. Long lines wrap here only
because of space constraints, with continuation lines indented to distinguish
them from new token entries.

Table 3: Context Strategy D: lexical information
(<dict>) and morphological information (<morph>).

4.4 Context Strategy D: Combined Dictionary
Entries and Morphological Analysis

Context Strategy D combines lexical information
from the best-performing configuration of Context
Strategy B with morphological information from
Context Strategy C. The combined representation
varies along the following dimensions:

• Structure: All-in-One, where all information
for each source token appears on a single line,
or Block-by-Block, where the two information
types are grouped into separate blocks.

• Order: OrderBC, where lexical information
is presented first, or OrderCB, where morpho-
logical information is presented first.

5 Experiments

To address RQ1, we compare the context-free
baseline (baseline prompt) with the four context-
augmented strategies (extended prompts with de-
scribed context) in a zero-shot setting using



710

Translate the following Upper Sorbian sentence
into German: <hsb> {sentence} </hsb>
The following context is provided to assist with
the translation:
[Context block]
Provide exactly one translation (no
alternatives, no explanations) in this format:
<de> {German translation} </de>

Table 4: Zero-shot Generic-Intro prompt template.

Llama3.3-70B-Instruct with the prompt tem-
plate shown in Table 47. For RQ2, we further
investigate whether the observed effects in the
LLaMA zero-shot setting generalize to another
model (GPT-4o) as well as to the LLaMA few-shot
setting.

5.1 Experimental Setup
Experiments were conducted on our test set of 2000
HSB source sentences; few-shot examples were
drawn from an extra pool of 902 sentences.

We used Meta:Llama 3.3 70B Instruct (here-
after LLaMA) (Meta AI, 2024) as primary model,
while OpenAI: GPT-4o (hereafter GPT) (OpenAI
et al., 2024) was used only for the cross-model
comparison. All requests were sent through Open-
Router API with the temperature set to 0.

5.2 Prompt Settings
The zero-shot baseline prompt contains only the
translation instruction and the output format,
whereas the context-augmented prompt addition-
ally includes a context introduction and a strategy-
specific context block.

In the few-shot setting, all prompts additionally
include the same three demonstration pairs with
source sentences of 10–15 tokens, randomly sam-
pled with a fixed seed of 42 from a separate parallel
HSB-DE sentence pool disjoint from the test set.
The source and target sentences serve as demonstra-
tion inputs and outputs, respectively, while demon-
stration contexts for context-augmented variants
are constructed according to the strategy being eval-
uated.

5.3 Evaluation Metrics
We evaluate translation quality using BLEU (Pap-
ineni et al., 2002) for lexical overlap via the im-

7In preliminary experiments, we compared a Generic-Intro
prompt with a Described-Intro variant that replaces the generic
term context with a strategy-specific description (e.g. token-
aligned German gloss with morpho-syntactic features), but
found the generic prompt more effective.)
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Figure 1: Cross-Strategy Performance Comparison mea-
sured by BLEU and COMET. See numerical results in
Table 10 in Appendix B.

plementation of SACREBLEU8 (Post, 2018) and
COMET (Rei et al., 2020) for semantic similarity.
Model outputs were post-processed by removing
configuration headers and formatting tags to en-
sure sentence alignment, without modifying the
translation content.

5.4 RQ1 Experimental Results

Figure 1 shows an overview of all strategies, dis-
playing each in its best-performing configuration.

Lexical information is the primary contributor
to translation performance. All strategies pro-
viding source-to-target lexical mappings (Contexts
A1, A2, B, and D) substantially outperform the
baseline in both BLEU and COMET (Figure 1),
with lexical-only Context B performing best over-
all. Strategies providing multiple translation candi-
dates (Contexts B and D) consistently outperform
those using only the top-ranked candidate (Con-
texts A1 and A2). In contrast, morphology-only
Context C shows a marginal BLEU improvement
and a slight COMET decline. Adding source-side
morphology to lexical information also offers lim-
ited benefit, as Context D and A1 does not outper-
form the corresponding lexical-only strategies, B
and A2, respectively.

Compact sets of unique, tag-free translation can-
didates perform best. The No Tag & Unique
variant consistently outperforms With Tag & Raw
across all thresholds in both BLEU and COMET
(Figure 2), with a particularly large BLEU gain at
the 20% threshold, indicating that removing tags
and deduplicating translation candidates provides
more effective lexical context. As thresholds in-
crease, both variants improve and then decline,

8BLEU signature:nrefs:1|case:mixed|eff:no|tok:
13a|smooth:exp|version:2.6.0
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Figure 2: Comparison of Context B Variants across
different frequency-filtering thresholds measured by
BLEU and COMET. The dashed lines indicate context-
free baseline. See numerical results in Table 11 in Ap-
pendix B.

with BLEU and COMET for No Tag & Unique
peaking at 10% and 5%, respectively. The corre-
sponding averages of 1.6307 and 2.3691 candidates
per source token (Table 9 in Appendix A) suggest
BLEU favors a more focused candidate set than
COMET. We therefore select No Tag & Unique
variant with a 10% threshold for subsequent Con-
text B experiments, as it achieves the highest BLEU
and near-peak COMET.

A lexical block followed by a morphological
block performs best in combining information.
OrderBC (lexical information first) generally out-
performs OrderCB (morphological information
first) in both BLEU and COMET (Figure 3), ex-
cept for a slight COMET advantage for Order-CB
in All-In-One. This suggests that presenting lexical
information before morphology is generally more
beneficial. While All-In-One remains relatively sta-
ble across orderings, Block-By-Block is more sen-
sitive to information order, achieving the highest
BLEU and COMET scores with its OrderBC vari-
ant. We therefore select Block-By-Block OrderBC
for subsequent Context D experiments.

5.5 RQ2: Evaluating Additional Settings

For RQ2, we first evaluate whether the observed
improvements also hold with another model (GPT).
Then, we evaluate the four context strategies in a
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Figure 3: Comparison of Context D Variants across dif-
ferent representations measured by BLEU and COMET.
See numerical results in Table 12 in Appendix B.

few-shot setting with our primary LLaMA model.

Same trend for GPT. Although GPT achieves
higher translation quality overall, the effects of con-
text augmentation follow the same general pattern
as with LLaMA (cf. Figure 4): improvements over
the baseline for context strategies providing source-
target mappings, and the worst performance for the
morphology-only context. Notably, the GPT base-
line reaches a BLEU score comparable to several
context-augmented LLaMA results.

Few-shot consistently outperforms zero-shot
for LLaMA. Across all strategies, including the
baseline, few-shot prompting improves both BLEU
and COMET (Figure 5). Notably, Context A2
achieves the highest BLEU score in the few-shot
setting, with Contexts B and D close behind.

Summary. The context strategies with their se-
lected configurations show broadly similar perfor-
mance patterns across LLaMA zero-shot, GPT
zero-shot and LLaMA few-shot settings. Con-
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Figure 4: Comparison of LLaMA and GPT under zero-
shot prompting measured by BLEU and COMET. See
numerical results in Table 13 in Appendix B.
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Figure 5: Zero-shot and few-shot performance of
LLaMA measured by BLEU and COMET. See numeri-
cal results in Table 14 in Appendix B.

texts B and D consistently form the top-performing
group, while A1 and A2 tend to rank in the middle.
Context C remains the weakest context strategy
in almost all evaluated settings, often performing
below the baseline.

6 Discussion

The experimental findings of RQ1 (Section 5.4) are
examined through sentence-level case studies9, fo-
cusing on the benefits of multiple translation candi-
dates and the conditional usefulness of source-side
morphology. The full corresponding Context D
examples are provided in Appendix C.

Multiple translation candidates help context-
dependent lexical selection. This example (Ta-
ble 5) contains two source words with multiple
plausible translations: wopismo, with candidates
Urkunde (document) and Bescheinigung (certifi-
cate), and pućowanje, with candidates Wanderung
(hike) and Reise (trip) (see Table 15 in Appendix C).
The reference translation uses Bescheinigung and
Reise. Given only the most frequent candidate
for each word in Context A1, the model produces
Urkunde and Wanderung, which are plausible dic-
tionary translations in isolation but less suitable
in this context. By contrast, Contexts B and D
provide multiple candidates, allowing the model
to choose the contextually appropriate alternatives
Bescheinigung and Reise.

Reliable morphological tags can be beneficial.
In this example (Table 6), the morphological tags
are largely accurate (see Table 16 in Appendix C).
Contexts A1, B, and D correctly recover key lexical

9With the context configurations selected in Section 5.4;
using Zero-Shot Baseline prompt for the baseline and Zero-
Shot Generic-Intro prompt for context-augmented examples.

Source Mějće tute wopismo na pućowanju při sebi.
Reference Führen Sie diese Bescheinigung auf der Reise mit.

Strategy Translation COMET

Baseline Haben Sie dieses Schreiben auf der Reise bei sich. 0.634
Context A1 Habt diese Urkunde auf eurer Wanderung bei euch. 0.596
Context B Habt diese Bescheinigung auf eurer Reise bei euch. 0.818
Context D Habt diese Bescheinigung auf eurer Reise bei euch. 0.818

Note: English for readability: “Carry this certificate with you during your trip.”
See Context D in Table 15 in Appendix C.

Table 5: Selection of translation candidates.

Source Spisany wot mnicha ze srjedźowěka, rozprawješe list wo pokładźe
wjercha.

Reference Verfasst von einem Mönch aus dem Mittelalter, berichtete der Brief
über den Schatz des Fürsten.

Strategy Translation COMET

Baseline Der von einem Mönch im Mittelalter geschriebene Brief
handelt von der Haltung des Herrn.

0,667

Context A1 Von Mönchen im Mittelalter verfasst, berichtet der
Brief über den Schatz des Fürsten.

0,871

Context B Der von einem Mönch im Mittelalter verfasste Brief
berichtet über den Schatz des Fürsten.

0,869

Context C Geschrieben von einem Mönch des Mittelalters, han-
delte der Brief über die Haltung des Herrschers.

0,770

Context D Verfasst von einem Mönch des Mittelalters, berichtet
der Brief über den Schatz des Fürsten.

0,904

Note: English for readability: “Written by a medieval monk, the letter re-
counted the prince’s treasure.” See Context D in Table 16 in Appendix C.

Table 6: Reliable morphological tags

choices consistent with the reference, such as ver-
fasst (written) and Schatz (treasure), while the base-
line and Context C produce less appropriate lexical
choices. The baseline correctly reproduces the first
part of the sentence, but fails to translate the second
part. Nevertheless, Context C outperforms the base-
line and is the only variant that correctly reproduces
the source tense, likely due to the explicit past-
tense tag (VERB.Ind.Sing.3.Past.Fin). Context
D achieves the highest COMET score, suggest-
ing that reliable morphological tags can further
improve translation quality when combined with
lexical candidates.

Incorrect morphological tags can cause error
propagation. This example (Table 7) illustrates
how morphological ambiguity in Upper Sorbian
can lead to contextually inappropriate tags, as illus-
trated in Table 810.

The dual verb namołwitej (’call upon’) identi-
fies Koaliciskej frakciji (’two coalition parliamen-
tary groups’) as the dual nominative subject and
knježerstwo (’government’) as the accusative ob-

10Morphological analyses follow Upper Sorbian paradigms:
https://baltoslav.eu/hsb/

https://baltoslav.eu/hsb/
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Source Koaliciskej frakciji namołwitej knježerstwo namjety MSPI, dalokož
Europska komisija je sćěhuje, bórze pruwować.

Reference Die beiden Koalitionsfraktionen forderten die Regierung dazu auf,
die Vorschläge von MSPI, soweit ihnen die Europäische Kommis-
sion folgt, bald zu prüfen.

Strategy Translation COMET

Baseline Die Regierung der Koalitionsfraktion hat den Vorschlag
der MSPI angenommen, der von der Europäischen Kom-
mission verfolgt wird, um ihn zu überprüfen.

0.660

Context B Die Koalitionsfraktion hat die Regierung aufgefordert,
den Vorschlag des MSPI zu prüfen, soweit die Europäis-
che Kommission ihm folgt, und zwar zunächst.

0.728

Context C Der Koalitionsfraktion, die die Regierung gebildet hat,
schlägt die MSPI vor, da die Europäische Kommission
sie verfolgt, um sie besser zu prüfen.

0.541

Note: English for readability: “The two coalition parliamentary groups
called upon the government to promptly review MSPI’s proposals, insofar as the
European Commission adopts them.” See Context D in Table 17 in Appendix C.

Table 7: Incorrect morphological tags

HSB Possible morphological analyses Role

ADJ Koaliciskej Sing.Dat/Ins/Loc or Dual.Nom/Acc subject
(Dual.Nom)NOUN frakciji Sing.Dat/Loc or Dual.Nom/Acc/Voc

VERB namołwitej Ind.Dual.3.Pres.Fin verb (Dual)

NOUN knježerstwo Sing.Nom/Acc/Voc object (Acc)

Table 8: Relevant Morphological Information.

ject. The baseline already misinterprets the subject-
object relation, translating the first part into "The
government of the coalition parliamentary group
...". While this translation is somewhat ambigu-
ous due to case ambiguity in German, it does not
correctly reproduce the relation between the two
phrases.

Context C further amplifies this error by ex-
plicitly providing contextually inappropriate tags,
where the actual subject Koaliciskej frakciji is la-
beled as locative and the non-subject element MSPI
as nominative (see Table 17 in Appendix C). This
appears to lead the model to treat die MSPI as the
subject. In contrast, Context B avoids this subject-
object confusion, suggesting that translation can-
didates presented in source-token order provide
useful anchors for generation. All strategies fail to
recover the dual feature from Upper Sorbian, trans-
lating Koaliciskej frakciji as singular rather than
Die beiden Koalitionsfraktionen (the two coalition
parliamentary groups) as shown in the reference.
This suggests that the source-side dual feature is
not reliably captured by neither the tagger nor the
model.

Taken together, these case studies support the
overall experimental findings. Providing multiple
translation alternatives enables the model to se-
lect contextually appropriate lexical choices. In

contrast, source-side morphology is conditionally
useful: reliable tags can provide complementary
structural cues, while incorrect tags can introduce
noise and lead to error propagation.

7 Conclusion

This study investigates how lexical and morpho-
logical information provided in prompts affects
LLM-based Upper Sorbian-to-German translation
via ICL, using four representations: pseudo-gloss,
lexical-only, morphology-only, and combined con-
texts. Context augmentation improves translation
quality, with lexical-only context performing best
overall. Morphological information shows limited
benefit on its own and no consistent gains when
combined with lexical guidance (RQ1). The rel-
ative ranking among context strategies remains
largely stable across experimental settings (RQ2).
These findings suggest that source-to-target lexical
mapping is the major contributor to translation im-
provements. Case studies further show that the use-
fulness of source-side morphology can be limited
by morphological ambiguity. Overall, the effective-
ness of context augmentation depends on the type
and reliability of the information provided.

8 Limitations

We briefly discuss some limitations of our study.

Representation and reliability of source-side
tags. We used the morphological tags produced
by RNNTagger without modification. However, the
rich inflectional system of Upper Sorbian makes
morphological analysis challenging, as reflected
in the erroneous tags identified in our case studies
which raises questions of the overall tagging qual-
ity. Furthermore, not all of the Sorbian features
have a direct equivalent in German inflection, and
thus might not provide a useful signal.

Translation candidate selection and word sense
disambiguation. The most frequent translation
candidates are not always contextually appropriate,
but might put less frequent word senses at a disad-
vantage. Future work could consider the sentence-
level context in candidate selection. Similarly, we
only consider 1-1 and 1-many translation options,
excluding longer n–m phrase translations. Inves-
tigating more flexible translation units might help
to preserve more contextual information, but is not
trivial due to potential phrase overlap.



714

Translation direction. This study explores the
translation from Upper Sorbian to German. Future
work can investigate the reverse direction, shifting
the focus from understanding low-resource input
to generating low-resource text.
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A Statistics

Threshold Variant #Entries #Avg. Cand.

1% Raw 25063 6.9048
Unique 25063 6.2589

5% Raw 25062 2.6179
Unique 25062 2.3691

10% Raw 25000 1.7735
Unique 25012 1.6307

15% Raw 24781 1.4482
Unique 24834 1.3533

20% Raw 24266 1.2714
Unique 24520 1.2279

Table 9: Context B Statistics by Threshold.

B Performance Score Tables

Strategy BLEU / COMET

Baseline 34.384/0.749
Context A1 43.745/0.802
Context A2 44.659/0.809
Context B 45.467/0.815
Context C 34.950/0.737
Context D 44.929/0.814

Note: All performance results are reported as BLEU /
COMET, with the best result shown in bold.

Context B configuration: NoTag & Unique & 10% threshold.
Context D configuration: Block-By-Block OrderBC.

Table 10: Zero-Shot LLaMA: Baseline vs. Contexts.

Threshold With Tag & Raw No Tag & Unique

1% 44.278 / 0.811 44.742 / 0.813
5% 44.957 / 0.813 45.345 / 0.817
10% 45.021 / 0.810 45.467 / 0.815
15% 44.830 / 0.808 44.834 / 0.811
20% 34.884 / 0.802 44.962 / 0.809

Note: All performance results are reported as BLEU /
COMET, with the best result shown in bold.

Table 11: Performance of Context Strategy B Variants.

Ordering All-In-One Block-By-Block

Order-BC 44.880/0.807 44.929/0.814
Order-CB 44.678/0.809 43.977/0.805

Note: All performance results are reported as BLEU /
COMET, with the best result shown in bold.

Lexical configuration: No Tag & Unique & 10% threshold.

Table 12: Performance of Context Strategy D variants.

Strategy LLaMA Zero-Shot GPT Zero-Shot

Baseline 34.384/0.749 43.925/0.789
Context A1 44.230/0.807 52.720/0.830
Context A2 40.845/0.811 53.373/0.836
Context B 45.099/0.821 54.469/0.842
Context C 35.041/0.743 43.206/0.778
Context D 45.907/0.820 54.287/0.842

Note: All performance results are reported as BLEU /
COMET, with the best result shown in bold.

Table 13: Zero-Shot: LLaMA vs. GPT.
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Strategy LLaMA Zero-Shot LLaMA Few-Shot

Baseline 34.384/0.749 37.187/0.765
Context A1 44.230/0.807 45.766/0.818
Context A2 40.845/0.811 46.606/0.824
Context B 45.099/0.821 46.325/0.826
Context C 35.041/0.743 36.207/0.751
Context D 45.907/0.820 46.246/0.825

Note: All performance results are reported as BLEU /
COMET, with the best result shown in bold.

Table 14: LLaMA: Zero-Shot vs. Few-Shot.

C Context D for Case Study Examples

<dict>

mějći: Macht

tutón: dieser

wopismo: Urkunde, Bescheinigung

na: auf, an

pućowanje: Wanderung, Reise

při: bei, dabei, an

seba: sich

</dict>

<morph>

Word=Mějće Morph=ADJ.Nom.Neut.Sing.Ord Lemma=mějći

Word=tute Morph=DET.Dem.Nom.Neut.Sing Lemma=tutón

Word=wopismo Morph=NOUN.Nom.Neut.Sing Lemma=wopismo

Word=na Morph=ADP Lemma=na

Word=pućowanju Morph=NOUN.Loc.Neut.Sing Lemma=pućowanje

Word=při Morph=ADP Lemma=při

Word=sebi Morph=NOUN.Loc.Fem.Sing Lemma=seba

Word=. Morph=PUNCT Lemma=.

</morph>

Table 15: Selection of translation candidates. (Test 842)

<dict>

spisany: verfassen, schreiben, verfasst, geschrieben

wot: von, seit

mnich: Mönch

z: mit, aus

srjedźowěk: Mittelalter

rozprawjeć: berichten

list: Brief

wo: über, um, von

pokład: Schatz, Bodenschatz

wjerch: Fürst, Decke

</dict>

<morph>

Word=Spisany Morph=ADJ.Nom.Masc.Sing.Part.Pass
Lemma=spisany

Word=wot Morph=ADP Lemma=wot

Word=mnicha Morph=NOUN.Inan.Gen.Masc.Sing Lemma=mnich

Word=ze Morph=ADP Lemma=z

Word=srjedźowěka Morph=NOUN.Inan.Gen.Masc.Sing
Lemma=srjedźowěk

Word=, Morph=PUNCT Lemma=,

Word=rozprawješe Morph=VERB.Ind.Sing.3.Past.Fin
Lemma=rozprawjeć

Word=list Morph=NOUN.Inan.Nom.Masc.Sing Lemma=list

Word=wo Morph=ADP Lemma=wo

Word=pokładźe Morph=NOUN.Inan.Loc.Masc.Sing Lemma=pokład

Word=wjercha Morph=NOUN.Inan.Gen.Masc.Sing Lemma=wjerch

Word=. Morph=PUNCT Lemma=.

</morph>

Note: The representation uses one token per line. Long lines wrap here only
because of space constraints, with continuation lines indented to distinguish
them from new token entries.

Table 16: Reliable morphological tags (Test 1145)

<dict>

koaliciski: Koalitionsvertrag, Koalitionsverhandlung,
Koalitionspartner

frakcija: Fraktion, der

namołwić: auffordern, fordern, appellieren, aufrufen

knježerstwo: Regierung, Bundesregierung

namjety: Vorschlag, Änderungsantrag

dalokož: soweit, sofern

europski: europäisch

komisija: Kommission

być: sein, haben

sćěhować: folgen, verfolgen

bórze: zunächst, zuerst, erst, bald

pruwować: prüfen

</dict>

<morph>

Word=Koaliciskej Morph=ADJ.Loc.Fem.Sing Lemma=koaliciski

Word=frakciji Morph=NOUN.Loc.Fem.Sing Lemma=frakcija

Word=namołwitej Morph=VERB.Ind.Dual.3.Pres.Fin
Lemma=namołwić

Word=knježerstwo Morph=NOUN.Nom.Neut.Sing Lemma=knježerstwo

Word=namjety Morph=ADV.Sup Lemma=namjety

Word=MSPI Morph=PROPN.Inan.Nom.Masc.Sing Lemma=MSPI

Word=, Morph=PUNCT Lemma=,

Word=dalokož Morph=SCONJ Lemma=dalokož

Word=Europska Morph=ADJ.Nom.Fem.Sing Lemma=europski

Word=komisija Morph=NOUN.Nom.Fem.Sing Lemma=komisija

Word=je Morph=AUX.Ind.Sing.3.Pres.Fin Lemma=być

Word=sćěhuje Morph=VERB.Ind.Sing.3.Pres.Fin Lemma=sćěhować

Word=, Morph=PUNCT Lemma=,

Word=bórze Morph=ADV.Cmp Lemma=bórze

Word=pruwować Morph=VERB.Inf Lemma=pruwować

Word=. Morph=PUNCT Lemma=.

</morph>

Note: The representation uses one token per line. Long lines wrap here only
because of space constraints, with continuation lines indented to distinguish
them from new token entries.

Table 17: Incorrect morphological tags (Test 1897)
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