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Overview

• Auto-Formalization with Deep Learning
• Universal Approximation
• Supervised NMT (Luong et al.)
• Unsupervised NMT (Lample et al.)
• NMT with Type Elaboration
• Summary



Auto-Formalization with Deep Learning
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Universal Approximation

G. Cybenko 89 - Approximation by Superpositions of a Sigmoidal Function



Supervised NMT (Luong et al.)

• Default: two-layer LSTM with attention.
• Lots of configurable hyper-parameters:

(Attention, Layers, Unit Size, Unit Type, Residual, Encoding, Optimizers, etc)

• Formal abstracts of Formalized mathematics, which are 
generated latex from Mizar (v8.0.01_5.6.1169)
• 1,056,478 pairs of Latex– Mizar sentences in 90:10.

�����
���
���	����
��

�������



Supervised NMT (Luong et al.)

����� If $ X \mathrel { = } { \rm the ~ } { { { \rm carrier } ~ { \rm
of } ~ { \rm } } } { A _ { 9 } } $ and $ X $ is plane , then $ { A 
_ { 9 } } $ is an affine plane .

��	�� X = the carrier of AS & X is being_plane implies AS is AffinPlane ;

����� If $ { s _ { 9 } } $ is convergent and $ { s _ { 8 } } $ is a 
subsequence of $ { s _ { 9 } } $ , then $ { s _ { 8 } } $ is 
convergent .

��	�� seq is convergent & seq1 is subsequence of seq implies seq1 is
convergent ;



• Memory-cell unit types 

Supervised NMT (Luong et al.)



• Attention 

Supervised NMT (Luong et al.)



• Residuals, layers, etc. 

Supervised NMT



• Unit dimension in cell 

Supervised NMT (Luong et al.)



Supervised NMT (Luong et al.)

• But generates gibberish when we tried arbitrary LaTeX statements on 
the trained model...L



Supervised NMT (Luong et al.)

• Demo



Unsupervised NMT (Lample et al.)

• Two monolingual corpora instead of one parallel corpora (ProofWiki -
Mizar)
• Shared-encoder NMT architecture
• Fixed cross-lingual embeddings
• Word2Vec
• BPE (Byte Pair Encoding)

• Denoising and backtranslation



Unsupervised NMT (Lample et al.)

Word2Vec

BPE

ℝ"

Word in language A (one-hot)

Word in language B (one-hot)

Corpus of language A
Corpus of language B

3 BPE iterations on a corpus with the word “Lower”

{“L”, “o”, “w”, “e”, “r”} {“Low”, “er”}{“L”, “o”, “w”, “er”} {“L”, “ow”, “er”}



Unsupervised NMT (Lample et al.)

• Generating gibberish on our data...L

Denoising

Back
Translation



Unsupervised NMT (Lample et al.)

• Demo



NMT with Type Elaboration

• Performance stabilizes after a few iterations...L

• Still Luong’s NMT, but with Mizar -> TPTP (prefix format) as data.
• Augment our data through type elaboration and iterative training.
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NMT with Type Elaboration
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Summary

• For auto-formalization, we hit a wall with NMT techniques with 
limited data.
• Focus on obtaining high-quality data.
• This is still a direction worth going as manual translation is too costly.



Thanks

All historical orientation is only living when we learn to see what is 
ultimately essential is due to our own interpreting in the free rethinking 
by which we gain detachment from all erudition.

Martin Heidegger – The Metaphysical Foundations of Logic


