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Further Experiments

> Does Corruption Rate Affect Synthetic Training? > Does Number of Inputs Matter for Multi-Input Decoding? > Can More Training Data Benefit Learning?
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Our Contributions:

> a scalable framework needing no supervision from human annotations to train
the correction model

> a multi-input attention mechanism incorporating aligning, correcting,
and voting on multiple sequences simultaneously for consensus decoding,
which is more efficient and effective than existing ensemble methods

> a method that corrects text either with or without duplicated versions,
while most existing methods can only deal with one of these cases.
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corresponding manual transcription.

> Unsupervised Training:

o Noisy Training (Seq2Seqg-Noisy)
B Rank the duplicated texts by scores assigned by a language model.
m Train a correction model to map the OCR'd line to its high-quality duplication.

o Synthetic Training (Seq2Seq-Syn)
B Train a correction model to recover a manually corrupted corpus.

o Synthetic Training with Boostrap (Seq2Seq-Boots)
m Utilize the multi-input attention mechanism to generate a high-quality consensus correction for

each OCR'd line with duplicated texts via the model with synthetic training.
m [rain a correction model to transform the OCR’d lines to their consensus corrections.
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