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Challenges

* No Word Separation & Vowels between Lines
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* Touching and Non-Straight Lines
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* No Transcription



“Unsupervised” Approach
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Transductive Learning

Inference
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Text Rendering & Augmentations

e Rendering Text ma"%ﬂ%““’aﬂ

 Augmentations:

* Multi Line Segmentation

e Elastic Deformation

e Geometric Transformations

 Additive Coloration Noise

“Unsupervised” Learning
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OCR Network Architecture

e Letter Probabilities to Text

e Semantic Features to Letter
Probabilities

* Image to Semantic Features

“Unsupervised” Learning
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OCR Network Arch1tecture
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Convolutional Neural Network

 Convolutional Layers: apply same filters to different parts of the image

* Pooling Layers: combine the outputs of neuron groups at one layer into
a single value

* Additional Layers: normalization layers (Dropout, Batch Norm, ect.) -
avoid overfitting
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OCR Network Arch1tecture

 Convolutional Neural Network BB

* Image to Visual Features Sequence

-« HXW X3)->(1XW'XC)

* Bidirectional Recurrent Neural Network
* Visual Sequence to Semantic Sequence

“Unsupervised” Learning
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Recurrent Neural Network

* RNNs tie the weights at each time step
* Condition the neural network on all previous words
* Works well for learning language models
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OCR Network Arch1tecture
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Connectionist Temporal Classification

* Input unaligned with output:
* Letter size differs

e Network Lexicon: Letters + ‘blank’
* Mapping Function: ---bbb-a---11-1- => -b-a-1-1- => ball

* Several output sequences map onto the same labeling:
e -b-a-ll-1 | -bbb-a-l-1 | bal-1 | ba-lll-1

p(llx) = ZﬂeB—l(z) p(m|z) = Z'}TGB_l(Z) [[; U;t
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Improving Results

* Regularization

* Dropout
* Adversarial Training

+.007 x

T Slgn(VmJ(G, Z, y)) GSign(V;,,J(e, z, y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

From “Explaining and harnessing adversarial examples”, In ICLR, 2015.
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Improving Results

e Inference Methods
* Greedy
e Beam Search

“Unsupervised” Learning Transductive Learning Results



Line Segmentation

Radon Transform

Morphological Tools
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Transductive Approach
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Image Domain Mapping

* Unsupervised Domain Mapping
* Cycle GAN

Zebras 7 . Horses
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Domain Adversarial Neural Network

* Domain Adaptation

mFin mDax( ExSeXS[log (D(F(xr))] + ExTEXT[log(l — D(F(xs))D

0 ! 2 34
O ol

“Unsupervised” Learning Transductive Learning _




Domain Adversarial Neural Network

Reverse Gradient
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Virtual Adversarial Training

e Virtual Adversarial Perturbation
Tyady = argmax.D [p(}’|X, 8); p()’lx T 7, 8)]

rillrill,<e

e LLocal Distributional Smoothness

* On testing samples

| Prediction [*)| LDS Loss [{*| Prediction |

“Unsupervised” Learning Transductive Learning Results



Testing

e 167 Documents
e 829 Lines

Levenshtein Distance(Label, Prediction)
Length(Label)

* Accuracy Measure:

* Problems with Transcription:

° 11 1 J) VS. Iﬁone!!

e “T’'l1” vs. "I will”
.y 4 f : s = ~ . A T N = TR0
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Results 1n Numbers — Unsupervised

Augmentation Omitted CER Regularization Method CER
Multi Line Omitted 92.58 £ 0.96 % Comparison Loss 26.59 £ 0.89 %
Color Tran. Omitted 59.38 £ 4.03 % Only L2 and BN 25.796 £ 0.69 %
Multi Font Properties Omitted 32.74 £ 0.98 % Dropout (RNN Hidden X 2) 25.654 + 0.56 %
Elastic Omitted 27.95 1+ 0.24 % Dropout 24.23 + 0.94 %
Geometric Tran. Omitted 27.49 £ 0.96 % Dropout + EMA 23.669 £ 0.32 %
Rotation Omitted 26.97 + 1.48 % Dropout + AT 22.23 0.7 %
Color Gaussian Omitted 26.29 =+ 1.06 %

Geom Sine Omitted 28.775+ 1.0 % Inference Method CER
Color Sine Omitted 25.09 £ 0.45 % Greedy Inference 24.23 £ 0.94 %
All Augmentations 24.23 £ 0.94 % Beam Search 23.8 X 0.771 %

Results



Results in Numbers — Transductive

Transductive Method CER
Cycle on Test 29.45 + 0.6 %
Cycle on Train - Best 22.92 + 0.296 %
Best no Tran. 22.23 0.7 %
DANN RNN ratio 1 20.23 £1.32 %
DANN CNN ratio 1 19.23 £ 1.34 %
DANN CNN+RNN ratio 1 18.85 + 1.09 %
DANN CNN+RNN ratio 10 16.8 £ 0.6 %
VAT ratio 1 18.24 £ 0.35 %
VAT ratio 10 15.436 * 0.24 %

“Unsupervised” Learning Transductive Learning Results



The Good
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The Bad
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“Unsupervised” Learning Transductive Learning Results



What’s Next?

* More Languages
* Dealing with Erased Letters

* Dealing with Curvilinear Lines

“Unsupervised” Learning Transductive Learning Results



Thank You For Listening!



Results in Numbers — Unsupervised

Font Omitted

Shangshung Sgoba-KhraChen
Qomolangma-Betsu
Qomolangma-Drutsa

Shangshung Sgoba-KhraChung

“Unsupervised” Learning

CER
40.12 + 0.92 %
35.83+0.71 %
32.11 + 0.57 %
30.02 + 0.78 %

Preprocessing
No Transformation
Gray-scale

Binarization w. Color Aug.

Binarization w.o. Color Aug.

Transductive Learning

CER
24.23 + 0.935\%
24.09 + 0.79\%
40.40 + 2.13\%
56.93 + 0.648\%

Results
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“Visualizing and Understanding Convolutional Networks”
Matthew D. Zeiler and Rob Fergus 2013

Transductive Learning

“Unsupervised” Learning




