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Introduction

* The Issue: Physical Degradation and the scarcity of data (low-
resource settings) impede the deciphering of ancient
languages

* Research Question: To what extent can Al language models
(NLP) assist in deciphering lost languages, and what are their
actual limitations compared to traditional methods?

* Hypothesis: Al cannot replace human expertise, but it
significantly accelerates the decipherment workflow through
human-machine collaboration

Results

Linear B & Ugaritic: Luo et al.'s neural model achieved 67%
accuracy on Linear B and a 5.5% improvement on Ugaritic
without parallel data.

Etruscan: Transfer learning from Latin and Ancient Greek
consistently improved translation metrics despite sparse datasets.
Ithaca Project: Autonomous restoration achieved 62% accuracy,
which increased to 72% when integrated into historians'
workflows.

Discussion

* Data Dependency: Overcoming low-resource limits through
synthetic data generation and noise simulation.

* Interpretability ("Black-Box"): Deep learning models yield
accurate predictions but lack transparent philological
reasoning.

* Trustworthy Al: Integrating Explainable AT (XAI)
frameworks like LIME and perturbation analysis (POMELO) to
build trust and transparency.

Methods

* HTR Pipeline: Overview of the pipeline stages—preprocessing,
segmentation, feature extraction, classification, and post-
processing.

* Model Architectures: Sequence-to-sequence models,
Transformers (Self-Attention mechanisms), CNNs, and GANs for
synthetic data augmentation.
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Conclusion

Summary: Al serves as a powerful quantitative assistant rather
than a replacement for linguists, offering major speed and
pattern-recognition advantages.

Future Directions: Expanding multilingual models, establishing
ethical Open Science standards, and improving decision
transparency.
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