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Research Questions

• How well do the modern Machine Translation models perform on the interlinear translation 
task?

• Can morphological tags improve the quality of interlinear translation?

• How do specialized ancient language models compare to general multilingual models?

• What impact do text preprocessing methods have on translation performance?



Dataset: Source Corpora

https://pl.wikipedia.org/wiki/Kodeks_Synajski
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oblubienica.eu

Dataset: Source Corpora

http://biblehub.com
http://oblubienica.eu
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Dataset: Alignment



Dataset: Alignment
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Two Tag Sets

• Total Unique Tags: 

• BibleHub: 684 

• Oblubienica: 1070



Two Tag Sets

• 2 Aorists Distinction 

• +100 unique forms

Discrepancies



Two Tag Sets

• Marking Attic Dialect 

• +50 unique forms

Discrepancies



Two Tag Sets

• Marking Deponent Forms 

• +200 unique forms

Discrepancies



• Total 

• 7940 verses 

• 137k words 

• 3 Splits (by verses) 

• Train: 80% (6352),  

• Val: 10% (794),  

• Test: 10% (794) 

• 2 Tag Sets 

• BibleHub: 684 unique tags 

• Oblubienica: 1070 unique tags

Dataset:  Final Stats



Experiments



Methodology: Base Models

Pre-trained on: Ancient Greek

Pre-trained on:  
Ancient Greek, Latin, English

Pre-trained on:  
101 languages (C4) 
inc. English, Polish,  
exc. Ancient Greek

T5 Architecture



Methodology: Base Models

Pre-trained on: Ancient Greek

Pre-trained on:  
Ancient Greek, Latin, English

-base size

more parameters = better performance?



Methodology: Input Encoding

Baseline

Tags Within Text

Morphological Embeddings



emb-sum emb-auto emb-concat

Methodology: Morphological Embeddings



Tokenizer

N-NMS <0> Conj <0> N-NMS

? ????? <0> ??? <0> ????????? 2027, 40, 64003, 8, 64003, 13728,    86,   115, 153

178, 178, 3, 103, 3, 178, 178, 178, 178

Methodology: Tokenization



• 2 target languages (pl, en) 

• 4 base models (GreTa, PhilTa, mT5-{base, large}) 

• 5 input encoding types (baseline, tags-within-text, emb-{sum, auto, concat}) 

• 2 normalization strategies (raw, normalized) 

• 2 tag sets (BibleHub, Oblubienica) 
 
= 144 unique parameter sets

Experimental Setups



Evaluation

• Metrics: 
- BLEU 
- SemScore (all-mpnet-base-v2) 

• Fair Evaluation: 
- Skip Separators 
- Trim I <2> mówi? <2> im <2> jeszcze nie <2> rozumiecie

Metric

Model Reference

I <2> mówi? <2> im <2> jeszcze nie <2> rozumiecie



Evaluation

• Metrics: 
- BLEU 
- SemScore (all-mpnet-base-v2) 

• Fair Evaluation: 
- Skip Separators 
- Trim 
 (1) ?????? | ????????? | ??????? | ??

(2) ?????? | ????????? | ??????? | ????? | ??? | ????????? | ???? | ??? | 
(3) ?????? | ????????? | ??????? | ?????
(4) ?????? | ????????? | ??????? | ????? | ??
(5) ?????? | ????????? | ????
(6) ?????? | ????????? | ??????? | ????? | ??? | ????????? | ???? | ??? | ?????????? | ?? ?? | ??? | ?? | ??????  | ?????

Target:
Pawe? | wys?annik | Pomaza?ca | Jezusa | przez | wol? | Boga | wed?ug | obietnicy | ?ycia | - | w | Pomaza?cu | Jezusie
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Target:
Pawe? | wys?annik | Pomaza?ca | Jezusa | przez | wol? | Boga | wed?ug | obietnicy | ?ycia | - | w | Pomaza?cu | Jezusie
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Results: Overall

• How well do the modern Machine 
Translation models perform on 
the interlinear translation task?

  - <2> zaś <2> - <2> wiara <2> - <2> wiara <2> - <2> wiara <2> - <2> wiara <2> - 
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Results: Overall

• How well do the modern Machine 
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the interlinear translation task?
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Results: Overall

• How well do the modern Machine 
Translation models perform on 
the interlinear translation task?

i <2> zostao dane <2> mu <2> - <2> szatana <2> jego <2> i <2> - <2> szatana 
<2> jego <2> i <2> - <2> szatana <2> jego



Results: Overall

• How well do the modern Machine 
Translation models perform on 
the interlinear translation task?

i <2> powiedzia <2> im <2> - <2> pan <2> - <2> pan <2> - <2> pan <2> - <2> 
pan <2> i <2> - <2> pomazaca <2> jezusa <2> pomazaca



Results: Encodings

• Can morphological tags improve the 
quality of interlinear translation?



Results: Base Models

• How do specialized ancient 
language models (PhilTa, GreTa) 
compare to general multilingual 
models (mT5)?



Results: mT5-large vs PhilTa

• How much data does {mT5-large, PhilTa} need to achieve sensible performance?



Results: tag sets, preprocessing

• What impact do text preprocessing 
methods and choice of specific 
morphological tag sets have on 
translation performance?




