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• Some character substitutions are phonetic… 
• …and some are visual 
• It is a many-to-many cipher that also varies 

across users

Latin:
Cyrillic:

Kanikyli v Al’pax

Каникулы в Альпах

/i/ /ɨ/

+ Arabic ص → s ← س, Russian 8 ← в→ B, etc.

Visual and Phonetic Patterns
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• Parallel data does not occur naturally ⇒ 
unsupervised learning

• Despite user variation, we can assume that the 
notions of similarity are shared 

• Hypothesis: inductive bias encoding these 
similarity notions provides signal that can 
approximate human supervision

Problem
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• Visual prior: read mappings off Unicode 

confusable symbols list

‣ Designed to combat spoofing attacks: 
 
 
 
 

‣ No Arabic—Latin mappings due to script dissimilarity
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Noisy Channel Model
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Representing latent alignment via insertions and deletions
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• Transition model: original script n-gram LM 
• Emission model: WFST supporting deletions 

and insertions, with limited delay

difference between 
the numbers of 
insertions and 
deletions at each 
timestep

• Trained with EM algorithm + stepwise 
training, curriculum learning, pruning…
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• Unsupervised model without inductive bias has high error rate 
• Even a sparse visual prior reduces error rate by almost a half 
• Phonetic prior is better (more mappings + pattern more frequent) 
• Combining phonetic and visual mappings yields best CER 
• Supervised skyline compares effect of annotation vs. priors 
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Conclusion
• We propose a noisy-channel unsupervised WFST model 

to convert informal romanization into original script

• We present a dataset of informally romanized Russian

• We show that similarity priors induce a substantial 
amount of supervision contained in human annotation

• Future work
• Explicitly operationalizing character similarity 
• User-specific substitution preferences



Questions? 

Q&A sessions:  
•  July 8, 17:00 UTC+0 (1pm EDT) 
•  July 8, 21:00 UTC+0 (5pm EDT) 

      github.com/ryskina/romanization-decipherment 

      mryskina@cs.cmu.edu 

      @maria_ryskina

https://github.com/ryskina/romanization-decipherment

