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Abstract

This paper presents the first machine transla-
tion system for Shughni, an extremely low-
resource Eastern Iranian language spoken in
Tajikistan and Afghanistan. We fine-tune
NLLB-200 models and explore auxiliary lan-
guage selection through typological similar-
ity and "super-donor" experiments. Our fi-
nal Shughni–Russian model achieves a chrF++
score of 36.3 (45.7 on BivalTyp data), establish-
ing the first computational translation resource
for this language. Beyond reporting system per-
formance, this work demonstrates a practical
path toward supporting languages with virtually
no prior MT resources.

Our demo system with Shughni-Russian-
English translation (Russian serves
as a pivot language for the Shughni-
English pair) is available on Hugging-
Face (https://huggingface.co/spaces/
Novokshanov/Shughni-Translator).

1 Introduction

Machine translation (MT) has advanced rapidly
with the emergence of neural MT (NMT) (Bah-
danau et al., 2014), particularly transformer-based
architectures (Vaswani et al., 2017). Yet these
breakthroughs mostly benefit high-resource lan-
guage pairs, while low-resource languages remain
severely underserved (Koehn and Knowles, 2017).

To mitigate data scarcity, low-resource MT typi-
cally leverages transfer learning (Zoph et al., 2016),
multilingual models (Johnson et al., 2017), and data
augmentation such as back-translation (Sennrich
et al., 2015) or pivoting (Cheng et al., 2016; Cheng,
2019; Kim et al., 2019). Multilingual systems show
that parameter sharing across related languages
can substantially improve translation quality, rais-
ing the question of how to select the most benefi-
cial auxiliary languages. A major step in multilin-
gual NMT has been the No Language Left Behind
(NLLB) project, which released a single model for

200 languages, including Iranian languages such as
Pashto, Tajik, Dari, and Persian (Team et al., 2022),
and provided a strong foundation for fine-tuning.

Building on these insights, we target the
Shughni–Russian translation pair. Based on our
examination of the impact of auxiliary languages —
chosen by typological similarity or "super-donor"
status — and of isolated factors such as token over-
lap, we present the first Shughni–Russian trans-
lation model, obtaining scores of 39.3 METEOR,
14.6 BLEU, and 36.3 chrF++.

Shughni, spoken by approximately 90,000 peo-
ple in Tajikistan and Afghanistan (Kalandarov,
2018; Edel’man and Jusufbekov, 2000; Wendt-
land, 2009), is an Eastern Iranian language with
extremely limited written resources. Its lack of
standardized orthography and the small number
of available texts make it a quintessential low-
resource case.

Current large language models perform poorly:
in tests with recent proprietary systems1 via the
LLM Arena platform2, only trivial sentences (e.g.,
Karamsho read an interesting book) are translated
from Shughni to Russian with minor errors, while
translation into Shughni fails entirely. Even the
latest ChatGPT 5.2 translated a simple sentence
into Tajik instead of Shughni, as shown in Figure 1.
We provide a comparison of our system’s metrics
with those of different open-source LLMs on our
test set in the Results section.

2 Data

2.1 Training and validation

Our parallel Shughni–Russian data comes from two
sources: a Shughni corpus (Makarov et al., 2022)
and a Shughni–Russian dictionary (Makarov et al.,
2022). The language corpus contains oral and writ-

1Model names: claude-sonnet-4-20250514, o4-mini-2025-
04-16, YandexGPT 5 Pro, GigaChat 2 Max.

2LLM Arena v0.4.2, https://llmarena.ru/.
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Figure 1: Example of translation into Shughni by Chat-
GPT 5.2. The correct translation is given in Figure 2.

ten texts of different genres, including fairy tales,
stories, prose fiction, poetry, and riddles. Some
texts are only annotated via a morphological parser
and do not include translations. For our purposes,
we take oral texts and fairy tales translated into
Russian by native speakers, as well as Gospel frag-
ments aligned with the Russian version (4,256 sen-
tences in total). The Shughni–Russian dictionary
contains ordinary entries (21,871) and example sen-
tences (43,300). For dictionary entries, only the
first translation equivalent was retained. After pre-
processing, we obtained 69,227 training pairs.

Preprocessing included removal of annotations,
special symbols, and stress marks; lowercasing and
whitespace normalization; and orthographic unifi-
cation. Since Shughni lacks a standardized script,
we normalized all data into one of the accepted
Cyrillic scripts using the converter by (Makarov
et al., 2022) in order to maximize token overlap
with Russian and Tajik and to ensure consistency
across resources. In our demo, we also added sup-
port for the Latin script for both input and output.

Auxiliary language data were added from OPUS
corpora (Tiedemann, 2012), prioritizing similar do-
mains and excluding sources used in NLLB pre-
training. For each auxiliary language, we sampled
datasets of equal size to the Shughni corpus (69k
parallel sentences).

2.2 Test sets

In the present study, two test sets are used. The
first was obtained from the BivalTyp project (Say,
2020), a typological database of bivalent predicates
and their encoding frames, which contains 123
Shughni-English sentence pairs (Chistiakova and
Ryzhova, 2023). The sentences are quite short but
varied. All sentences from this set include two argu-
ments and a predicate connecting them; at the same
time, the predicate meanings are selected variously
in order to illustrate different argument encoding

Figure 2: Example parallel sentence from the BivalTyp
test set. English translation: Karamsho read an interest-
ing book.

strategies. Thus, we also check how well the argu-
ment structure of the source sentence is preserved
in translation. The sentences were translated into
Russian manually from English. Figure 2 presents
an example of a parallel sentence from this set.

For the second test set, we manually selected
110 sentences from NLLB-MD (the NLLB Multi-
Domain Dataset) (Team et al., 2022) with diverse
syntactic structures. After minimal adaptation to
Pamiri realities, we asked several native speakers
from Khorog, Gorno-Badakhshan Autonomous Re-
gion of the Republic of Tajikistan, to translate them
into Shughni. The Shughni portions of both test
sets were transliterated into the same uniform Cyril-
lic orthography used in the training dataset.

3 Methodology and Experiments

We framed our experiments around fine-tuning
multilingual NMT models with auxiliary lan-
guages. The design was as follows: combine
Shughni–Russian data with equal-sized corpora
from an auxiliary language and train a shared
model in both directions.

All models were trained in the same virtual en-
vironment and with the same training parameters
that were empirically found to be optimal: AdamW
optimizer (Loshchilov and Hutter, 2019) with a
learning rate of 1e-3, weight decay of 1e-3, and
a total batch size of 1024 examples. Full training
configurations are available upon request.

3.1 Baseline

As a starting point, we compared the performance
of three models traditionally used in NMT: NLLB-
200 (600M), mT0-small, and ByT5-small, and
Gemma 3 (4B) as a solid multilingual baseline
LLM. Even though these models are multilingual,
we believe they have not seen any Shughni data.
For fair comparison, missing Shughni tokens were
added to the NLLB-200 and mT0 tokenizers to
ensure all of our limited data receive desired rep-
resentations. ByT5 is a token-free model; it op-
erates directly on raw texts and does not require
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tokenization. On Shughni→Russian translation,
NLLB-200-distilled clearly outperformed the alter-
natives (see Table 1), and we selected the larger
1.3B distilled version as our baseline due to its
greater stability.

Model Meteor chrF++

nllb-200 0.384 33.6
mt0-small 0.117 12.5
byt5-small 0.246 26.6
Gemma 3 (4B) 0.278 25.2

Table 1: Base model evaluation metrics on the
Shughni→Russian validation set. Best in bold.

3.2 Auxiliary languages

Protasov et al. (Protasov et al., 2024) investigated
whether morphological similarity enhances cross-
lingual transfer in multilingual masked language
modeling. They adopted features from The World
Atlas of Language Structures (WALS) (Dryer and
Haspelmath, 2013) as predictors of positive knowl-
edge transfer in mT5 pretraining. Authors identi-
fied the most important typological features and
overall best donor languages.

To explore transfer learning in machine transla-
tion, we experimented with several auxiliary lan-
guages. Two were chosen for typological proximity
(Pashto, Somali) and two for typological distance
(Vietnamese, Zulu). Table A.1 contains WALS
(Dryer and Haspelmath, 2013) features of Shughni
and donor languages. This illustrates that the most
important features for transfer learning in language
modeling (discovered in (Protasov et al., 2024)) are
similar between Shughni, Pashto, and Somali. For
Shughni, Vietnamese, and Zulu, on the other hand,
these features are mostly opposite. We also consid-
ered two "super donors" reported to benefit many
languages (Afrikaans, Slovenian), as discovered by
(Protasov et al., 2024).

3.3 Final model

For our final system, we use the auxiliary language
that performed best in both translation directions
and enhance the training data with backtranslation
(Sennrich et al., 2015) of a Shughni novel (8,138
unique sentences) and additional Shughni–Tajik
Gospel fragments (195 sentences). This configura-
tion yielded the strongest overall results, establish-
ing a usable Shughni–Russian MT system.

3.4 Evaluation
To assess the impact of our transfer learning and
backtranslation, we report two widely used auto-
matic metrics implemented in the evaluate3 library:
METEOR and chrF++. We report METEOR
scores multiplied by 100 for consistency. We com-
pare metrics on our two test sets combined.

Additionally, to verify that automatic gains re-
flect genuine quality, we conducted a human evalu-
ation using the XSTS protocol (AI et al., 2022) on
50 sentences randomly chosen from the combined
test set. Native speakers from Khorog (3 university
professors and 3 students with high Russian lan-
guage proficiency) rated the final system against
the baseline in both directions.

4 Results

4.1 Main experiment
We evaluated models both separately and jointly
on the BivalTyp and NLLB-MD test sets. Table 2
summarizes key results: the NLLB-200 baseline,
systems enhanced by auxiliary languages one at a
time (with Pashto yielding the best mean perfor-
mance), and our final system in two model sizes.
The latter is enhanced by Pashto as an auxiliary
language, as well as backtranslation and a small
amount of Shughni–Tajik data. Pashto brought
moderate gains over the baseline in both directions,
while Slovenian was useful only when translating
into Russian. The final model reached a chrF++
score of 45.7 for translation into Russian on the
BivalTyp test set (36.3 on the combined test set),
establishing a substantial advance over all alterna-
tives.

The 600-million-parameter model excels at trans-
lating into Shughni, where the 1.3B model is better
into Russian. We suggest that given fixed training
dataset of a very limited size, 600M model has a
better parameter-to-data ratio for the decoder to
learn a new language. See (Caillaut et al., 2024)
for more on translation-focused decoder scaling
laws. Encoder, on the other hand, is less dependent
on size scaling (Ghorbani et al., 2021). Table 3
compares our systems with the most recent open-
source LLMs and shows their superiority. More-
over, NLLB models are much more compact than
even the lightest LLMs, which allows them to be
run on personal devices. This is especially impor-
tant in hard-to-reach areas.

3evaluate v0.4.2, https://github.com/huggingface/
evaluate.
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Meteor chrF++

Source sh ru sh ru
Target ru sh ru sh

Baseline 35.6 23.9 33.2 23.7
Afrikaans (aux) 37.5 24.0 34.4 22.6
Vietnamese (aux) 36.3 24.4 34.1 23.6
Zulu (aux) 36.1 25.2 33.6 24.3
Somali (aux) 35.6 24.2 33.6 23.5
Pashto (aux) 38.3 24.1 34.6 23.9
Slovanian (aux) 38.9 23.0 34.9 22.8

Final 1.3B 39.3 22.7 36.3 23.4
Final 600M 35.6 25.8 34.0 26.2

Table 2: Evaluation on the combined test set. Best
results in bold. Best performance among auxiliary lan-
guages is underlined. Second-best performance among
auxiliary languages is italicized.

Meteor chrF++

Source sh ru sh ru
Target ru sh ru sh

Baseline 35.6 23.9 33.2 23.7
Qwen 3 (235B) 15.8 10.4 17.5 14.4
Gemma 3 (27B) 16.1 10.3 18.1 13.3
GPT-OSS (120B) 10.1 6.5 3.9 3.1
Final 1.3B 39.3 22.7 36.3 23.4
Final 600M 35.6 25.8 34.0 26.2

Table 3: Comparison of open-source LLMs and our
systems. Evaluation on combined test set.

Human evaluation was conducted comparing the
final system (1.3B) and the NLLB-200 baseline
(also 1.3B). The final system scored higher than
the baseline in both directions, confirming the prac-
tical usability of our Shughni–Russian MT system,
as shown in Table 4. For inter-annotator agreement,
we report weighted Cohen’s kappa (Cohen, 1968).
Following common interpretive conventions (Lan-
dis and Koch, 1977), our results indicate substantial
agreement under quadratic weighting (κ = 0.65).
The most common errors fall into two categories:
lexical errors and grammatical time expression er-
rors.

5 Demo description

We additionaly present a demo translation app via
HuggingFace Spaces. The model is optimized for
sentence-level translation and the Cyrillic Shughni

Mean XSTS

Source sh ru
Target ru sh

Combined test set
Baseline 2.85 3.15
Final (1.3B) 3.21 3.61

Table 4: Human evaluation on Shughni → Russian and
Russian → Shughni translation (Mean XSTS scores).

script. Therefore, the demo application automati-
cally performs segmentation and orthography con-
version. Moreover, for convenience and wider use,
our demo includes translation into English. Trans-
lation in this direction is implemented through Rus-
sian as a pivot language due to the almost total
absence of Shughni–English data and reaches a
chrF++ score of 42.2 on the BivalTyp data.

6 Conclusion

We present the first neural MT system for the
Shughni language, an endangered Eastern Iranian
language with virtually no prior machine transla-
tion support. Our experiments show that auxiliary
languages can provide meaningful gains, though
not always in line with standalone factors: Pashto
proved most helpful not only because it is typo-
logically similar but also as a close relative with
potentially shared lexical units, despite differing
writing systems. By combining Pashto auxiliary
data with backtranslation, we achieve the best over-
all results and provide a translation model in two
sizes. Human evaluation confirms that our improve-
ments translate into practical usability.

7 Future work

Future research will examine auxiliary language
choice more systematically, testing a broader set
of candidates and features. Moreover, we will ex-
pand the number of language models, including the
latest translation-oriented LLMs. We also plan to
utilize Shughni–Russian dictionary entries more ef-
fectively and to benefit from annotations in the cor-
pus (e.g., morphemes, glosses, part of speech, and
general meaning). We believe these two sources
can be a valuable source of syntactic data and can
be integrated into the translation system itself. Fur-
thermore, while Shughni is the local lingua franca,
we aim to extend MT development to other Pamiri
languages as part of ongoing efforts in their doc-
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umentation and digital support. In the meantime,
we encourage researchers and native speakers of
Pamiri languages to collaborate on the expansion
of the corpus and the machine translation project.
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A WALS Features

Table A.1 contains selected WALS (Dryer and
Haspelmath, 2013) features of Shughni and donor
languages. The selection was based on (Protasov
et al., 2024) and aimed not to show typological
distance or similarity, but to illustrate our choice of
donor languages in the context of machine transla-
tion and transfer learning only. This illustrates that
the most important to us features between Shughni,
Pashto, and Somali are nearly the same. This is the
evidence of typological similarity between Shughni
and Somali in one narrow fragment of the system,
not in typological profiles of the entire languages.
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