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Abstract
Translating very low-resource languages is a challenge that has been approached using available linguistic cues.
Among them, interlinear glosses are linguistic annotations that can essentially bridge the gap between two languages
thanks to both grammatical and lexical information. We perform a case study on a simulated low-resource condition
for Turkish, a morphologically rich language, with a pipeline approach, following (Zhou et al., 2020). A source
sentence is passed through a morphological analyzer and a bilingual dictionary to obtain a gloss-like representation.
We then evaluate the current capacity of Neural Machine Translation systems and Large Language Models in
performing the translation task from interlinear glosses into fluent English translations. We notably evaluate how
performance scales with multilingual glossed data and how translation is affected by pseudo-glosses. Pivoting
with glosses remains a better approach than a direct translation for languages with limited parallel data for training.
Although glosses remain helpful resources, translations are sensitive to their quality, especially for lexical information.
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1. Introduction

In reaction to the ongoing context of language
endangerment, language documentation is a
field of linguistics that aims to collect, annotate,
and archive resources. Linguists use Interlinear
Glossed Text (IGT), which is a format of annota-
tions to explain a language in a higher-resource
language in grammar books or corpora. As shown
in Figure 1, they label each morpheme (the small-
est meaningful unit) in a sentence. They can be
classified into two categories: grammatical glosses
(e.g., ‘gen’ for genitive) expressing the role of the
morpheme and lexical glosses (e.g., ‘go’) indicat-
ing its meaning in the other language. As they are
usually present in linguistic documents to support
explanations, they can help understand the way the
studied language functions.

This is why glosses have been shown to be a
viable complementary resource for NLP as well,
as it was pioneered by (Zhou et al., 2020) for a
Neural Machine Translation (NMT) model. Succes-
sive attempts also focused on the use of glosses
as additional context for Large Language Models
(LLMs) for machine translation (Ramos et al., 2025),
specifically for very low-resource languages. Most
studies in this direction relied on fairly high-quality
glosses from state-of-the-art glossing models.

In this article, we assess the extent of benefit
from using glosses in very low-resource pipeline
MT. We follow the three-step system from (Zhou
et al., 2020) to translate a sentence in a studied
language into a higher-resourced language. It first

analyses the sentence to decompose each word
into its lemma and a morphological analysis (tier
2 in Figure 1). Once the features are converted
to follow the Leipzig Glossing Rules (Bickel et al.,
2008), the most widely used convention to gloss a
language, we replace all source lemmata with their
translation in the target language using a bilingual
dictionary (tier 3). Finally, we rely on an NMT im-
plementation of the last step to convert a glossed
sentence into a fluent translation. We update the
last step by also evaluating task performance with
three open-weight LLMs of restricted size (7-8B) to
assess whether the bottleneck originates from the
model. We analyse the impact of the input format
and of the training datasets on translation.

We choose to perform a case study on Turkish,
where we restrict the amount of resources we use,
to simulate a low-resource MT scenario, following
(Zhou et al., 2020). We namely rely on less than
5k Turkish-English parallel sentences for MT train-
ing explicitly and realistically available resources
(morphological analyzer and bilingual dictionary).
Although not intrinsically low-resource, Turkish re-
flects several challenges, especially a rich morphol-
ogy and a different language family than English,
which enable us to approximate the task difficulty
for actual under-represented and low-resource lan-
guages.

We hence focus on two research questions: to
what extent can machine translation be performed
using glosses as a pivot with multilingual NMT mod-
els and LLMs? How does the pipeline approach
compare with a direct translation or a translation
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from the reference glosses?
Contributions are as follows: (i) we compare the

performance of NMT models and LLMs in trans-
lating Turkish into a fluent English translation with
the help of gloss-like annotations in between, and
(ii) we underline the contribution of the gloss rep-
resentation (mainly, lemma and grammatical tag
number) in the final translation. We release our
evaluation data and code material publicly.1

2. Related Works

Low-Resource Machine Translation Machine
translation for low-resource languages remains
challenging, particularly as parallel data is scarce
in general. Prior work has explored multilingual
models with parameter sharing (Firat et al., 2016;
Zoph et al., 2016) and transfer learning from re-
lated languages (Nguyen and Chiang, 2017; inter
alia), but substantial quality gaps remain (Koehn
and Knowles, 2017). More recently, LLMs enable
zero- and few-shot translation (Zhang et al., 2023;
Garcia et al., 2023), yet performance degrades for
low-resource and unseen languages (Hendy et al.,
2023; Robinson et al., 2023).

Multilingual Neural Machine Translation Mul-
tilingual NMT models translate multiple language
pairs using shared parameters and attention mech-
anisms (Johnson et al., 2017; Dong et al., 2015),
which enables cross-lingual transfer and zero-shot
translation (Firat et al., 2016; Al-Rfou’ et al., 2013).
Effectiveness, however, depends on parallel data
and linguistic similarity between languages. This
framework underlies gloss-based pivoting, where
representations can be shared across typologically
diverse languages.

Morphology-Aware Machine Translation Mor-
phologically rich languages increase data sparsity
in low-resource MT (Habash and Sadat, 2006; Lee,
2004). For such languages, common approaches
include character- (Ling et al., 2015), byte- (Gillick
et al., 2016), and subword-level modeling (Sen-
nrich et al., 2016). Morpheme-level and factored
models capture lemma, POS, and morphological in-
formation, reducing sparsity while preserving mean-
ing (García-Martínez et al., 2016; Cotterell and
Schütze, 2015; Koehn and Hoang, 2007). Mor-
phological supervision has been shown to improve
both efficiency and translation quality (Cui et al.,
2022; Stahlberg et al., 2016), motivating the use of
morphological analyzers in gloss-based pipelines.

Linguistically-Informed Translation with
Glosses IGT provides linguistically informed

1https://github.com/vlknozr/
interlinear-gloss-mt-turkish

source representations that can improve low-
resource translation. Zhou et al. (2020) train
multilingual gloss-to-target models across thou-
sands of languages. Rapacz and Smywiński-Pohl
(2025) explores morphological embeddings in
interlinear translation, showing substantial gains
even with limited training data. Recent extensions
leverage external resources, including grammar
books and morphological analyzers (Tanzer et al.,
2024; Zhang et al., 2024), or use grammar-aware
prompting without model training (Ramos et al.,
2025). However, the sensitivity of translation sys-
tems to gloss reliability, automatic glossing errors,
and annotation granularity remains underexplored.
Our work systematically evaluates NMT and LLM
approaches across varying gloss qualities, training
sizes, and morphological representations. In
terms of glossed data, we mainly rely on GlossLM
(Ginn et al., 2024b), which provides the largest
multilingual IGT corpus to date.

3. Data

Our experiments rely on two complementary re-
sources: a large-scale Turkish–English parallel cor-
pus, downsampled to replicate a low-resource sce-
nario, and a multilingual IGT corpus.

3.1. Base Datasets
SETIMES We use the Turkish–English portion of
the SETIMES parallel corpus (Tiedemann, 2012).
This collection of news articles covers domains
such as politics, economics, and social issues. The
corpus contains 207k sentence pairs with complex
syntactic structures and relatively long sentences.
GlossLM The GlossLM corpus (Ginn et al., 2024)
is a large multilingual collection of IGT, comprising
450k instances covering around 1,800 languages.
It comprises data from multiple sources, includ-
ing ODIN (Lewis and Xia, 2010), IMTVault (Nord-
hoff and Krämer, 2022), and the SIGMORPHON
Shared Task on interlinear glossing (Ginn et al.,
2023) datasets. Each instance contains a tran-
scription aligned with morphological glosses and a
free translation, mainly in English.

In our work, SETIMES provides parallel Turk-
ish–English data, while GlossLM provides multilin-
gual IGT data for MT training.

3.2. Simplified SETIMES-S Corpus
The original SETIMES contains long, formally writ-
ten news sentences that differ from the shorter and
structurally simpler style typical of IGT data, creat-
ing a domain and style mismatch. To mitigate this,
we construct a simplified variant, SETIMES-S, by
systematically simplifying Turkish sentences and

https://github.com/vlknozr/interlinear-gloss-mt-turkish
https://github.com/vlknozr/interlinear-gloss-mt-turkish
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1. Source sentence (Turkish) Dün gittiğini Fatma’nın Ayşe biliyor.
2. Source pseudo gloss (lemma) Dün git-ger-3sg-acc Fatma-gen Ayşe bil-prog-3s
3. Interlinear gloss (target-lemma) Yesterday go-ger-3sg-acc Fatma-gen Ayşe know-prog-3s
4. Target sentence (English) It’s Ayşe who knows that she, Fatma, left yesterday.

Figure 1: Illustration of the MT pipeline using pseudo-glosses as a pivot. Example sentence from the
Turkish subset of the GlossLM corpus.

regenerating aligned English translations under
controlled constraints using GPT-4 (OpenAI et al.,
2024).

Simplification follows explicit rules, such as a
CEFR (Council of Europe, 2001) A1–A2 vocabu-
lary and grammar. We limited sentence length to
roughly 7–8 words (by splitting longer sentences).
We also ensured semantic preservation, avoided
complex constructions, and maintained parallel
alignment. The resulting dataset contains 2,000
training pairs and 600 evaluation pairs.

3.3. GlossLM Turkish Subset
The Turkish portion of GlossLM originates primarily
from ODIN and exhibits recurring quality issues,
largely attributable to the digitization based on Op-
tical Character Recognition (OCR) (Nordhoff and
Krämer, 2022). We therefore sample 200 Turkish
transcriptions to construct our Turkish evaluation
set and manually inspect and correct them, lever-
aging native-speaker judgment to restore ortho-
graphic validity.

These transcription defects lead to wrongly out-
of-vocabulary items and failures in downstream
morphological analysis (e.g., no parse or spurious
analyses). Corrections target three recurring error
classes: (i) OCR artifacts such as incorrect diacrit-
ics and faulty segmentation, (ii) lexical inconsisten-
cies including duplicated or nonsensical tokens and
missing fields, and (iii) grammatical inconsistencies
affecting agreement or gloss alignment. This cura-
tion improves reliability for downstream morpholog-
ical processing.

3.4. Training Data
Multilingual IGT Training Sets We construct
multilingual training sets by sampling unsegmented
IGT examples from GlossLM while prioritizing Tur-
kic languages. All available examples from 23 Tur-
kic languages (1,962 examples, including 1,700 for
Turkish) are included, and the remaining examples
are uniformly sampled from other languages.

After preprocessing (removing entries with miss-
ing fields and duplicates), the number of usable
Turkish examples is reduced to 1,500. From these,
we sample 200 examples to form our Turkish
evaluation set (TR-GLM) and use the remaining
1,300 Turkish examples in training. We then con-

Dataset Langs Train Test
Turkish–English
SETIMES (original) 1 207,678 600
SETIMES-S 1 2,000 600
Multilingual
GlossLM (original) 1,800 451,000 —

Subset-60k 1,508 59,716 —
Subset-100k 1,515 97,877 —
Subset-150k 1,517 150,588 —

Evaluation
TR-GLM (Gold) 1 — 200
TR-Morph-GLM (Silver) 1 — 200
TR-SET600 1 — 600

Table 1: Dataset statistics. The multilingual section
lists the cumulative GlossLM training splits (each
including the same 1.3k Turkish training examples).

struct three progressively larger training splits from
GlossLM–with 60k, 100k, and 150k instances–
denoted as Subset-60k, Subset-100k, and
Subset-150k.

Training Configurations Using SETIMES-S
Using the Subset-100k training set as our base,
we create three configurations by adding varying
amounts of SETIMES-S Turkish–English data (600,
1.2k, and 1.8k sentence pairs).

3.5. Evaluation Data

We use two complementary sets. TR-GLM com-
prises 200 Turkish sentences from GlossLM with
their original human-annotated glosses, serving
as a gold-standard benchmark. TR-SET600 is a
600-sentence test set drawn from SETIMES-S, de-
signed to match the simplified style typical of IGT
data.

Table 1 details the datasets used in our experi-
ments for both training and testing.

4. Machine Translation Pipeline

We adopt the translation pipeline of (Zhou et al.,
2020), illustrated in Figure 1, and update its com-
ponents. The pipeline consists of three sequential
steps, each described in detail below.
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4.1. Source Sentence to Pseudo-gloss
(1 → 2)
The first step converts each source word into a
lemma–morphology representation following the
UniMorph schema (Sylak-Glassman et al., 2015),
which is subsequently transformed into a gloss
format compliant with the Leipzig Glossing Rules
(Bickel et al., 2008), the most widely used conven-
tion for interlinear glossing.

4.1.1. Morphological Analyzers

We consider three Turkish morphological analyz-
ers: TRmorph (Çöltekin, 2010, 2014), TRMOR
(Kayabaş et al., 2019), and turkish-morphology
(Öztürel et al., 2019). All three are based on finite-
state transducers, making them representative of
tools realistically available for low-resource lan-
guages (Zhang et al., 2024).

Since analyzers may return multiple analyses
for an inflected word, we select the most probable
analysis given by the model subsequently.

4.1.2. Analyzer Comparison and Selection

We process Turkish sentences from both resources
(SETIMES and GlossLM) with a morphological an-
alyzer to derive gloss representations used in our
experiments. To assess robustness and suitabil-
ity for downstream MT, we evaluate all three Turk-
ish morphological analyzers on 4,000 sentences
(77,146 tokens) from the original (unsimplified)
SETIMES corpus using three criteria: coverage
(whether a token receives any analysis), ambiguity
(the average number of analyses per token), and
processing time.

Table 2 shows a trade-off between robustness
and efficiency. TRmorph achieves the highest cov-
erage, exceeding both turkish-morphology and TR-
MOR. Although slower, its superior coverage is de-
cisive in our setting, since unanalyzed tokens would
result in empty outputs and prevent morphological
decomposition.

We therefore select TRmorph for the remainder
of the pipeline. Common sources of analysis failure
across tools include foreign proper nouns (Radiç,
Rijeka), loanwords (European, Southeast), and ab-
breviations (CNN, BBC). Unanalyzed words are left
unchanged in the analysis.

4.1.3. Format Conversion

TRmorph outputs a lemma and a sequence of mor-
phological tags in its native format. We map these
tags to UniMorph feature labels and combine them
with the lemma into a hyphen-separated pseudo-
gloss token. Figure 2 illustrates this conversion
process.

Metric TRmorph turkish-mor. TRMOR
Coverage
Type Coverage 96.22% 90.92% 61.12%
Words Analyzed 72,449 70,145 47,151
Ambiguity
Avg. Analyses 14.82 22.31 4.03
Max. Analyses 1,400 550 88
Total Analyses 1,143,339 1,565,250 310,947
Efficiency
Processing Time 165 min 40 min 55 min
Relative Speed 4.1× 1.0× 1.4×

Table 2: Turkish morphological analyzer compari-
son for 4,000 sentences.

We discard predicted labels which correspond
to a part-of-speech (PoS) tag (e.g., Adj, N), since
PoS labels are typically not included in interlinear
glosses. The remaining grammatical features are
concatenated using hyphens to follow the Leipzig
Glossing Rules.

Source word yeterliliklerine
TRmorph output yeterli<Adj><lik><N><pl><p3s><dat>
Converted output yeterli–lik–pl–p3s–dat

Figure 2: Example of format conversion for the Turk-
ish word yeterliliklerine (‘to their competencies’).

4.2. Source to Target Pseudo-gloss
(2 → 3)
The second stage replaces source lemmata with
their target-language equivalents using a bilin-
gual dictionary. Such resources exist for approxi-
mately 70% of the world’s 7,000 languages (Wang
et al., 2022), making this step realistic even in low-
resource settings.

4.2.1. Dictionary Construction

Following (Zhou et al., 2020), we simulate a bilin-
gual dictionary by extracting frequent word asso-
ciations from a parallel corpus. We use 40,000
Turkish–English sentence pairs from the SETIMES
corpus2 and apply the awesome-align multilingual
aligner (Dou and Neubig, 2021) to find word pairs.

Since Turkish is supported by mBERT (Devlin
et al., 2019), we fine-tune the aligner on the corpus
to improve alignment quality. While such resources
may not be available for most low-resource lan-
guages, our objective here is simply to construct a
reliable Turkish–English dictionary.

4.2.2. Preprocessing and Filtering

To approximate actual dictionary entries, we first
lemmatize Turkish tokens using TRmorph, as dic-

2They do not overlap with our evaluation dataset.
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tionaries typically store canonical forms (e.g., ‘go’)
rather than inflected forms (e.g., ‘went’). We ad-
ditionally remove English function words that lack
direct Turkish equivalents due to typological differ-
ences in morphological complexity.

As noted in (Zhang et al., 2024), dictionary map-
ping is non-trivial and can be noisy due to incorrect
word alignments. To improve reliability, we discard
alignment links that occur only once in the corpus,
as these are more likely to correspond to erroneous
or idiosyncratic matches. Finally, when a Turkish
lemma aligns to multiple English candidates, we
retain only the most frequent counterpart as its
translation.

Processing source pseudo glosses Words not
found in the dictionary are left unchanged in the
source sentence. After applying these steps, we ob-
tain a dictionary containing 20,953 Turkish–English
word pairs, achieving 99.7% token-level coverage
on the SETIMES corpus used in dictionary creation.
Coverage is 93.4% on the Turkish evaluation set
(TR-GLM), and 98.3% on the SETIMES-S evalua-
tion set (TR-SET600). Despite the domain differ-
ence, the dictionary achieves reasonable coverage.

4.2.3. Input variants

To assess which components of the gloss represen-
tation contribute most to performance, we evaluate
controlled variants for TR-GLM and TR-SET600.

We use the same 200 Turkish transcriptions as
TR-GLM and process them through the pipeline.
Here, the source pseudo-gloss is generated from
the morphological analysis and the dictionary-
based lemma substitution, representing a silver-
grade, realistic input. We denote this dataset
TR-Morph-GLM.

Moreover, we use the label GoldLemma to de-
note configurations where pipeline target lemmata
are replaced with gold (native) lemmata from
TR-GLM. This guarantees a correct lemma in the
glossed sentence and removes the influence of the
dictionary quality.

4.3. Target Pseudo-gloss to Translation
(3 → 4)

The final stage converts the target-language
pseudo-gloss sequences into a fluent sentence.
We implement this translation step using the Open-
NMT toolkit (Klein et al., 2018), following the NMT
architecture and hyperparameters of (Zhou et al.,
2020). For this last step, we update the origi-
nal pipeline by considering the larger and newer
GlossLM corpus for training and evaluate on a con-
trolled test dataset.

4.3.1. Model Architecture and Training

We use an RNN encoder–decoder model with
global attention. Both encoder and decoder are
two-layer LSTMs with 512 hidden units, 300-
dimensional embeddings, and a dropout rate of
0.3. Training is performed with SGD using an initial
learning rate of 0.8 and label smoothing of 0.1. We
apply sentence length-based batching with a batch
size of 32, gradient clipping with a maximum norm
of 1.0, and train for up to 100,000 steps, validating
every 250 steps. During inference, we use beam
search with a beam size of 5.

4.3.2. Multilingual Setting

To leverage cross-lingual transfer and shared gloss-
ing conventions, we train the gloss-to-target model
(with English as the target language) in a multilin-
gual setting rather than fitting separate models per
language. Each GlossLM instance is treated as a
training example, where the source is a glossed
sequence, and the target is the corresponding En-
glish free translation. To help the model handle
cross-lingual variation in gloss representations and
morphology, we prepend an ISO 639-3 language
tag to each source sequence (e.g., tur for Turkish).

We train three NMT models on the multilingual
IGT training splits described in Section 3.4, denoted
NMT60, NMT100, and NMT150.

5. Experimental Results

5.1. Experimental setup

Baseline We compare our pipeline to a direct
Turkish-English translation model (1 → 4) to as-
sess the contribution of gloss information. These
models are trained on SETIMES-S parallel data at
matching sizes of 600, 1.2k, and 1.8k sentence
pairs. We denote this model as the baseline.

Evaluation Protocol We evaluate IGT-to-
English generation on the evaluation sets defined
in Section 3.5, covering Turkish-specific test sets.
We compare models under two input conditions:
gloss-based settings where the input is IGT, and
direct baselines where the input is the Turkish tran-
scription (i.e., for baseline).

Evaluation Metrics We evaluate translation
quality using BLEU (Papineni et al., 2002) com-
puted with NLTK (Bird and Loper, 2004) and chrF++
(Popović, 2015) computed with sacreBLEU (Post,
2018). As our target language is English, we addi-
tionally report xCOMET-XL (Guerreiro et al., 2024),
one of the top-performing MT metrics in the WMT24
Metrics Shared Task (Freitag et al., 2024).
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5.2. Impact of Training Size on
Gloss-to-Target Performance

Test set NMT60 NMT100 NMT150

TR-GLM 19.23 29.11 25.46
TR-Morph-GLM 10.77 14.01 10.23

Table 3: BLEU scores across multilingual training
dataset sizes (NMT60/100/150).

We evaluate three multilingual training settings
with increasing training set sizes—NMT60, NMT100,
and NMT150—on TR-GLM, and our pipeline test
set, TR-Morph-GLM. The results are reported in
Table 3.

We observe non-uniform scaling effects for the
two test sets. Turkish-specific performance peaks
at the intermediate setting: TR-GLM increases from
19 BLEU for NMT60 to 29 for NMT100, then drops
to 25 for NMT150, and TR-Morph-GLM follows a
similar pattern. Both are possibly due to the high
degree of multilingualism in the training dataset,
which seems to act as noise at 150k sentences.

Overall, NMT100 is optimal for Turkish-specific
evaluation, which we will mainly consider below.

5.3. Comparing a Direct and Pipeline
Translation

Data Size baseline NMT100

BLEU BLEU chrF xC
0 — 3.19 25.89 46.30
600 0.28 11.12 33.17 62.58
1,200 0.11 17.98 39.50 70.60
1,800 0.18 25.20 45.40 76.94

Table 4: Scaling with Turkish parallel data on
TR-SET600 (baseline vs. NMT100 with pipeline
processing). xC stands for xCOMET.

We assess whether our pipeline improves
Turkish–English translation relative to direct transla-
tion under limited Turkish-only supervision. Specif-
ically, we compare the direct 1 → 4 translation
baseline with the pipeline setting (NMT100) while
varying the amount of additional Turkish–English
training data from SETIMES-S, using 600, 1.2k,
and 1.8k sentence pairs. We recall that the base-
line directly uses the source Turkish sentence as
input, while NMT100 processes the gloss-like out-
put from the morphological analyser and dictionary
substitution.

Table 4 shows that direct Turkish-only baselines
fail in this low-resource setting, scoring near-zero
BLEU on TR-SET600 across all settings due to

Test Set NMT100-w/oIMT NMT100

TR-GLM 22.58 29.11
TR-Morph-GLM 9.76 14.01

Table 5: Effect of adding IMTVault to ODIN for
Turkish IGT training (BLEU).

the dataset sizes. In contrast, our pipeline pro-
duces substantial and consistent gains and scales
reliably as more Turkish data is added. Starting
from the same base model (NMT100), performance
improves consistently as more SETIMES data is
added, with steady gains on all three metrics.

Overall, these results indicate that the pipeline
translation setting is effective for low-resource Turk-
ish–English translation: it substantially outperforms
direct translation and exhibits stable improvements
as additional Turkish parallel data is introduced
from the same domain.

5.4. Impact of Dataset Diversity
We examine whether increasing within-language
training diversity improves Turkish translation qual-
ity by experimenting with alternative Turkish IGT
sources in the training corpus. Specifically, we
compare NMT100, which used the two sources of
Turkish IGT data, ODIN and IMTVault, where the lat-
ter accounts for 270 Turkish sentences (and ODIN,
1,280), with NMT100-w/oIMT, which is trained
on Turkish data from ODIN only. This ablation
isolates the effect of adding a second Turkish
dataset—introducing broader coverage of genres,
annotation styles, and lexical and morphological
patterns—while keeping the target language and
overall training procedure fixed.

As shown in Table 5, incorporating IMTVault
leads to substantial improvements across all Turk-
ish evaluation settings. On TR-GLM, BLEU in-
creases from 23 to 29. The same trend is observed
for pipeline evaluation: TR-Morph-GLM improves
from 10 to 14.

Overall, these results indicate that adding a
relatively small but diverse Turkish IGT dataset
substantially benefits Turkish translation perfor-
mance. This suggests that even within a single
language, dataset diversity—rather than sheer vol-
ume alone—plays a critical role in improving robust-
ness to variation in gloss format and morphological
representation.

5.5. Study on Gloss Representations

5.5.1. Impact of Lemmatisation

To isolate the effect of lemma choice, we evaluate
two hybrid configurations: GoldLemma, which re-
places pipeline-generated lemmata with the correct
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Test Set BLEU chrF++ xCOMET
TR-Morph-GLM 11.94 31.12 64.13
TR-Morph-GLM-GoldLemma 23.76 43.77 77.38
TR-Morph-GLM-TRLemma 1.99 13.36 45.82

Table 6: Effect of lemma source on pipeline trans-
lation quality using the NMT100+SET1.2k model.

original GlossLM TR-GLM lemmata (e.g., sing-aor-
3s), and TRLemma, which retains Turkish lemmata
(e.g., söyler-aor-3s, i.e., skipping step 2 → 3). In
both cases, grammatical glosses are kept fixed, and
results are compared against the standard pipeline
(TR-Morph-GLM; e.g., say-aor-3s). Results are
reported in Table 6.

Using gold lemmata (TR-Morph-GLM-
GoldLemma) substantially improves performance
over the full pipeline, improving all three met-
rics by more than 10 points, confirming that
dictionary-based lemma substitution is a major
bottleneck. In contrast, retaining Turkish lemmata
(TR-Morph-GLM-TRLemma) severely degrades
performance, since source-language lemmata
hinder generation while target-language lemmata
simplify the task, as they match the training data
format. Overall, producing accurate target-side
lemmata remains a key challenge for the pipeline
translation.

5.5.2. Impact of Gloss Representation

Test Set BLEU 95% CI
Full (3+ glosses) 14.01 9.40–18.37
3Gloss (max 3) 14.32 9.79–18.76
2Gloss (max 2) 13.82 8.83–18.17

Table 7: Ablation result with gloss truncation on
TR-Morph-GLM for NMT100 (BLEU).

To assess the effect of reduced morphological
granularity, we evaluate two gloss truncation vari-
ants that limit the number of gloss tags per token:
2Gloss (max. 2 tags) and 3Gloss (max. 3 tags),
compared to the full feature set. When truncation
is applied, we retain glosses according to a prior-
ity hierarchy: inflectional features, case markers,
derivational features, and other tags, so that tokens
with more tags keep only the most crucial ones.

As shown in Table 7, limiting to three glosses
slightly improves performance (around 0.3 point),
while reducing to two yields a small drop (by around
0.2 point). These results indicate that moderate
morphological detail is sufficient, whereas exces-
sive tags provide little benefit and may introduce
noise. Careful truncation, therefore, simplifies the
representation without harming translation quality.

6. LLM for Gloss-to-Target

We update the last step of our pipeline with an
LLM to reflect the recent change in state-of-the-art
MT. This aligns with (Zhang et al., 2024; Ramos
et al., 2025) in an attempt to extend MT to very
low-resource languages using LLMs.

6.1. Base LLMs
We evaluate three open-weight multilingual LLMs
with approximately 7–8 billion parameters from
two model families: Llama-3.1-8B-Instruct (Llama)
(Grattafiori et al., 2024), Qwen2.5-7B-Instruct
(Qwen2.5) (Qwen et al., 2025), and Qwen3-8B
(Qwen3) (Yang et al., 2025) in the non-thinking
mode. All models are loaded with 4-bit quantiza-
tion. During inference, translations are generated
with a default temperature of 0.7. We report results
from a single run.

6.2. Prompting Strategies
We evaluate three prompting configurations: zero-
shot (ZS), few-shot (FS), and an advanced few-shot
variant with additional guidance (FS-ADV).

In the FS prompt, rather than using fixed or ran-
dom examples, we dynamically retrieve 3 examples
based on character-level similarity between the in-
put and training sentences, measured using chrF++
(Popović, 2015), following (Ginn et al., 2024a). This
approach avoids language-specific assumptions
and scales naturally to multilingual settings. The
retrieved examples are included in the prompt as
gloss–translation pairs to guide the model.

In FS-ADV, we further augment the FS prompt
with brief explanations of the morphological gloss
tags produced by the TRmorph analyzer (e.g., case,
tense), helping the model interpret the glosses
more effectively. We also consider an All-Tags
variant, where the prompt lists all 95 grammatical
tags available in TRmorph.

All prompts instruct the model to translate interlin-
ear glossed text into fluent target-language output
and to return only the translation. In summary, the
ZS prompt includes only task instructions and the
input, FS adds dynamically retrieved examples, and
FS-ADV additionally provides tag descriptions. Full
prompt templates are available in our repository.

6.3. Fine-tuning
We additionally fine-tune Qwen2.5 on a
Turkish-specific IGT dataset consisting of
1,300 gloss–translation pairs from GlossLM-
corpus. The resulting model is denoted as
FT-Qwen2.5-TR. We fine-tune the models using
QLoRA (Dettmers et al., 2023) with rank r = 16 and
scaling factor α = 32. Optimization is performed
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Test set Setting Llama Qwen2.5 Qwen3 FT-Qwen2.5-TR

BLEU chrF++ xC BLEU chrF++ xC BLEU chrF++ xC BLEU chrF++ xC

TR-SET600

ZS 10.3 41.5 70.69 14.9 44.3 74.78 11.5 41.5 72.74 14.8 44.6 73.81
FS 31.3 56.1 78.71 33.4 58.7 81.03 33.9 58.9 80.89 32.3 58.6 80.82
FS-ADV 27.5 54.0 78.71 32.2 58.2 80.77 34.4 58.5 81.02 31.4 58.0 80.51
FS-ADV(All-Tags) 25.3 55.9 68.41 31.3 58.3 70.41 33.3 58.4 70.09 28.8 57.6 70.13

TR-SET600-GoldLemma
ZS 10.4 40.2 70.33 14.5 43.2 73.87 9.1 38.8 71.18 15.5 44.4 73.50
FS 30.6 54.8 78.29 32.7 58.4 80.12 38.3 61.6 80.19 32.6 58.1 79.98
FS-ADV 26.5 54.7 78.64 30.5 58.2 80.12 38.0 61.5 80.23 29.0 57.7 79.68

TR-SET600-OrgSent
ZS 7.11 38.9 29.08 8.81 39.2 31.23 8.1 37.9 30.85 8.5 38.6 30.73
FS 11.8 41.0 35.60 13.2 43.1 36.06 13.1 43.5 36.09 13.4 42.6 35.33
FS-ADV 10.7 40.7 33.54 12.5 43.1 35.44 13.1 43.8 36.09 12.2 42.6 35.23

Table 8: LLM inference results on TR-SET600 variants. xC is xCOMET. For reference, NMT100 scores
3.19 / 25.89 / 46.30, and NMT100+SET1.8k 25.20 / 45.40 / 76.94 on TR-SET600 (Table 4).

Test set Setting Llama Qwen2.5 Qwen3 FT-Qwen2.5-TR

BLEU chrF++ xC BLEU chrF++ xC BLEU chrF++ xC BLEU chrF++ xC

TR-GLM
ZS 14.8 41.3 73.13 16.0 42.0 75.11 8.7 39.4 70.43 15.2 41.8 74.03
FS 27.2 50.0 75.90 27.0 51.5 78.12 30.2 54.2 77.33 27.8 51.9 77.82
FS-ADV 26.0 48.9 75.20 28.7 51.7 78.51 28.0 51.9 76.52 27.2 51.3 79.11

TR-Morph-GLM
ZS 6.8 28.3 56.90 5.8 27.3 58.39 6.2 29.0 58.42 5.3 27.1 59.10
FS 13.8 34.5 59.41 9.7 31.9 60.74 15.4 35.8 62.30 11.3 34.0 61.83
FS-ADV 13.6 33.4 59.93 10.3 32.8 61.18 14.3 36.1 61.41 10.0 33.4 62.23

TR-Morph-GLM-GoldLemma
ZS 8.0 29.0 57.61 7.7 28.0 59.13 8.1 29.1 57.44 6.2 28.1 58.63
FS 64.3 73.8 72.52 51.9 67.3 70.25 61.5 73.6 73.81 53.8 69.3 70.90
FS-ADV(All-Tags) 40.0 63.6 68.66 49.0 66.3 70.99 61.9 73.7 74.02 52.1 68.5 71.42

Table 9: LLM inference results on TR-GLM variants. xC is xCOMET. For reference, NMT100 scores 29.11
(BLEU) on TR-GLM and 14.01 on TR-Morph-GLM (Table 3).

with an initial learning rate of 2 × 10−6, a batch
size of 6, and gradient accumulation over 3 steps.
We train for 3 epochs, with early stopping based
on a patience of 5. We used standard QLoRA
hyperparameter settings with early stopping,
given the small training set and computational
constraints.

6.4. LLM Results
We evaluate several controlled input variants to
understand which aspects of the gloss representa-
tion most affect LLM performance. OrgSent uses
original SETIMES sentences instead of simplified
SETIMES-S sentences to test language complex-
ity effects. Results are shown in Tables 8 for TR-
SET600 and 9 for TR-GLM.

Prompting Strategy As expected, FS consis-
tently outperforms the zero-shot setting across all
models and test sets. On TR-SET600, Qwen3 im-
proves from 73 to 81 xCOMET score and Qwen2.5
from 75 to 81; similar gains hold on TR-GLM (e.g.,
Qwen3: 9 to 30). FS-ADV performs comparably
to FS, indicating that brief tag descriptions provide
little additional benefit. In contrast, the All-Tags
variant, listing all gloss tags, consistently degrades
performance (e.g., xCOMET drops from 80-81 to
68–70), suggesting that exhaustive tag inventories
introduce noise.

Input representation Lemma substitution yields
consistent improvements when combined with FS.
If on TR-SET600-GoldLemma, performance is

comparable with the standard representation, gains
are larger on TR-Morph-GLM-GoldLemma, where
FS significantly improves results: (e.g., Llama 64.3
BLEU; Qwen3 61.5), compared to 14–15 BLEU
without lemma substitution. This confirms that
lemma quality is a key bottleneck: reliable target-
language lemmata allow LLMs to better exploit their
language modelling capacity. In contrast, ZS gains
little from Lemma, highlighting the importance of
few-shot guidance.
Complexity Effects Using original SETIMES
sentences (OrgSent) causes large performance
drops across models and prompting strategies. On
TR-SET600-OrgSent, xCOMET falls to 25–36
compared to 68–81 on simplified inputs, while
chrF++ drops from 54–59 to 37–43. This con-
firms that longer and more complex sentences re-
main challenging when translating with glosses as
a pivot.
Fine-tuning The fine-tuned FT-Qwen2.5-TR
model performs comparably to the base model
across settings. On TR-SET600 (FS), it achieves
58.6 chrF++ and 81 xCOMET, compared to 58.7
and 81 for base Qwen2.5; on TR-GLM (FS-ADV),
it scores 27.2 compared to 28.7 BLEU. These re-
sults suggest that 1.3k Turkish gloss–translation
pairs provide limited benefit beyond multilingual
pretraining.
NMT vs. LLM With a few-shot approach (FS)
on TR-SET600, LLMs (55–59 chrF++, 78–81
xCOMET) outperform the best NMT model,
NMT100+SET1.8k (cf. Table 4, 45 chrF++, 77
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xCOMET). On TR-GLM with gold glosses, LLMs are
comparable to NMT (e.g., 30.2 vs. 29.1 BLEU with
Qwen3). On TR-Morph-GLM with silver glosses
(i.e., from our pipeline), FS LLM scores range from
9.7 to 15.4 BLEU, with NMT100 (14.0 BLEU) within
this range, indicating comparable performance.
However, with lemma substitution (with gold lem-
mata), LLMs surpass NMT substantially (up to 64.3
BLEU). Overall, NMT appears more robust to noisy
representations, while LLMs (even fine-tuned) ex-
cel with cleaner inputs and benefit more from im-
proved lemma quality.

7. Conclusion

We performed a case study of MT from Turkish into
English using interlinear glosses as pivots, thereby
updating the study from (Zhou et al., 2020). Af-
ter processing the sentence with a morphological
analyzer and a synthetic bilingual dictionary, we
convert the source sentence into pseudo-glosses
with lexical terms in English. We then pre-trained
NMT models on subsets of GlossLM, a multilingual
IGT corpus, to obtain fluent English translations.
We show that pivoting through glosses remains bet-
ter than a direct translation when parallel sentences
are scarce, thanks to a multilingual pre-training on
glosses. We also performed complementary analy-
ses to observe the effect of pseudo-gloss quality on
translation performance. Finally, we relied on LLMs
as an alternative to NMT models for the gloss-to-
target translation step.

Future work will extend the study to actual low-
resource languages to go beyond the restricted re-
source scenario. We will mainly target languages
with little available data, such as the SIGMOR-
PHON Shared Task languages. We will also
explore integrating multilingual automatic gloss-
ing models, such as GlossLM, to generate input
glosses for translation.

8. Limitations

Our work studied Turkish, which is not a low-
resource language, and higher MT performance
can be achieved in absolute terms. We focused
here on an artificially restricted resource scenario
to simulate data availability for actual low-resource
languages, allowing us to control the types of data
we use. In this context, Turkish is an ideal candi-
date, as it is notably morphologically rich (an ag-
glutinative language) and belongs to a different
language family than English, our target language.

Our restricted-resource scenario also relies on
two existing resources: a morphological analyzer
and a bilingual dictionary (in our case, made from
a larger parallel corpus through alignment). If both
require linguistic knowledge and initial data to exist,

they are realistically available. A lexicon is one of
the first resources to be created during documen-
tation and is widely available for languages. The
analyzers we used rely on finite-state transducers
rather than large-scale data training.

Moreover, our approach is designed with rela-
tively short and simple sentences in mind, which are
typical in many language documentation corpora.
While this may be a limitation for real-world Turkish
MT, where sentences are often more complex, it
is less problematic for our extension to languages
under documentation. Fieldwork corpora typically
feature shorter and simpler sentences compared
to domains such as news (e.g., SETIMES), which
also motivated our use of a simplified version of
the original SETIMES dataset. Although our sim-
plified SETIMES dataset (SETIMES-S) is synthetic
and generated by GPT-4, it is based on actual sen-
tences, with a simplification task rather than gener-
ation from scratch.
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