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Motivation

Nearly half of the world’s 7,000+ languages are endangered, and many may vanish within the next century if preservation efforts do 
not accelerate (UNESCO, 2022). Most low-resource languages don't have web data, except for Descriptive Grammar Books created by 

linguists.
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UNESCO. 2022. A digital future for indigenous languages: Insights from partnerships forum.

Descriptive Grammar Books

―Contain rich linguistic rules 
―Example parallel sentences from native speakers (less than 

2k)
―Often contain wordlist or dictionary
―Unstructured prose in PDF format, not machine readable

Neural Machine translation

―Needs massive parallel corpora (10,000+ sentences) to 
generalize

―Requires clean, structured text (Source-Target pairs)
―Learns patterns and vocabulary from statistics, cannot apply 

explicit rules directly
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Current Approaches & Limitations

1. Massively Multilingual Transfer (e.g., NLLB, Google Translate)

― Train one giant model on 200+ languages to encourage "positive transfer" (knowledge sharing).

― Limitation: Performance degrades sharply for languages completely unseen during pre-training. Finetuning requires parallel corpora.

2. Standard Data Augmentation (Back-Translation)

― Train a basic model to translate Target -> Source to create synthetic data

― Limitation: This requires an initial translation model. Lack of data to build even that first "seed" model.

3. LLM Zero-shot translation

― Prompting general-purpose LLMs (GPT-4, Gemini) to translate directly. Descriptive grammar and other resources could be in pre-
training

― Limitation: LLMs produce fluent but hallucinated translations. 
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Grammar-Informed Approaches (Related Work)

Tanzer et al. (2024): Introduced "Machine Translation from One Book". Prompted LLMs with entire grammar book for Kalamang (Papuan 
language). Show that LLMs can learn from long context of grammar book. However, very large token cost per sentence translated.

Aycock et al. (2025): Investigated distinct book components (explanations vs. examples). Found that LLMs largely ignore abstract 
grammatical explanations, learning primarily from the embedded parallel sentences.

Zhang et al. (2025): Proposed two-stage rule selection, and converting natural language rules into executable code to guide translation 
for Zhuang -> Chinese. While effective, this relied on manual expert creation, creating a scalability bottleneck.

The Research Gap
Current methods lack a fully automated pipeline to extract linguistic rules and synthesize parallel corpora from static PDFs without 

human intervention.
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Methodology
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Pipeline Overview
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Languages Selected and Data Sources

― Kalamang (Papuan, Indonesia): An endangered language from the Karas Islands with agglutinative morphology. Source: A Grammar 
of Kalamang (Visser, 2022).

― Tuatschin (Romansh, Switzerland): A dialect of Sursilvan Romansh exhibiting analytic structure. Source: A Grammar of Tuatschin 
(Maurer-Cecchini, 2021).

― Mandan (Siouan, USA): An extinct polysynthetic language with complex morphology. Being revitalized at Fort Berthold. Source: A 
Grammar of Mandan (Kasak, 2024).

― Due to the lack of a comprehensive glossary in the grammar book, the lexicon was extracted from the external Comparative 
Siouan Dictionary (Rankin et al., 2015).
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Language Number of Speakers

Kalamang ~130

Tuatschin ~1500

Mandan 0 native speakers
6 semi-fluent learners and 
heritage speakers



E
r

st
e

llt d
u

rc
h

 V
o

r
la

g
e

n
b

a
u

e
r.c

h

University of Zurich

Step 4 – Evaluation

Evaluation metrics

― Finetuned Gemini-2.5-flash on generated synthetic data to translate 

from LRL -> English

― Test set used to evaluate model on BLEU, ChrF, ChrF++

Experimental Variables

― Context Granularity: Testing two input formats for the LLM:

― Rule Granularity: Concise description + pseudo-code

― Section Granularity: Raw paragraphs from the grammar book 
(broader context, higher noise).

― POS Replaced: Noun/ Verb / Adjective+Numeral / Adverb

― Sample Volume: Generating k = 5,10,15,20 variations per sentence

15 Sept 2026CLiC-it 2026 - Ravikumar et al. 8
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Results
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Results
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Analysis: Sample volume vs granularity 
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Analysis: Part-of-speech
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Conclusion

― Developed and validated an end-to-end pipeline without manual expert intervention.

― Produces standalone corpora, not tied to any specific model: usable to train smaller, locally deployable systems that don't depend on 

commercial LLM APIs.

― Synthetic data performed better than SDFT, but cannot replace human-created text.

― Larger sample sizes generally lead to better output. but effects are configuration-dependent. No single POS or granularity is universally 

best

― LLMs still hallucinate even with grounding.
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Limitations

― No native-speaker evaluation.

― One grammar-book per language: Patterns could be related to how the grammar book is written rather than the language

― Untested on tonal systems, non-concatenative morphology, or non-standard grammar book formats

― Lexical substitution lacks semantic co-occurrence constraints

― Pipeline depends on English-specific NLP tools throughout

15 Sept 2026CLiC-it 2026 - Ravikumar et al. 15

Future Work

1.More languages, grammar books

2.Reverse-direction translation (English → low-resource language), validated with native speakers

3.Replace LLM-based extraction with smaller fine-tuned models
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Thank you
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Appendix
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Appendix - Data Synthesis Examples
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Appendix - Qualitative Examples: Kalamang
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Appendix - Qualitative Examples: Tuatschin
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Appendix - Qualitative Examples: Mandan
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Appendix: Corpus Statistics (Table 1)
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Appendix: Full Results - Kalamang (Table 5)
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Appendix: Full Results - Tuatschin (Table 6)
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Appendix: Full Results - Mandan (Table 7)
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Appendix: Official Pipeline Diagram (Figure 1)
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Appendix: Official Experimental Design (Figure 2)
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Appendix: Results by Sample Size, Official (Figure 3)
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Appendix: Results by POS, Official (Figure 4)
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Appendix: Prompt - Rule Extraction (Figure 5)
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Appendix: Prompt - Rule Codification (Figure 6)
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Appendix: Prompt - Synthetic Generation (Figure 7)
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Appendix: Feature Extraction Reference (Tables 3-4)
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Appendix: Prompts - ICL Baseline & Fine-tuning (Figures 8-9)
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