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There are 80 million of documents at the Archivo General de Indias de Sevilla. Only the
10% are digitalized and, among them, only the 10% of them are transcribed!

Researchers have to rely on the metadata provided for each document by the archivists.
It contains very general information about the topic of the document.

Our (very) long-term goals

Transcription of the millions of historic documents stored at historic archives.

Provide search-by-content tools.

Find latent structures in the corpus of documents, able to find related documents
beyond what the current document metadata might suggest.



Current Status of the Project

We are now implementing state-of-the-art techniques based on Deep-Learning (DL)
for Modern Handwritten Text Recognition.

IAM Database of (labelled) handwritten text.

Investigate generalization to historical documents:
I Very different handwriting styles. Almost each document has been written by a

different person ...
I Only a few pages of each document.
I How much labeled data are enough?
I ...

http://www.fki.inf.unibe.ch/databases/iam-handwriting-database


Today

Describe the basic elements of DL architectures for Handwritten Text Recognition:

Multi-Dimensional Long Short-Term Memory Recurrent Neural Networks.

Connectionist Temporal Classification.
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Neural Networks
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Training: Back-propagation combined with Stochastic Gradient Descend

Figures: Lipton, Berkowitz (2015) A Critical Review of Recurrent Neural
Networks for Sequence Learning



The effective capacity of NNs is sufficient for memorizing the entire data set



Exploiting temporal correlation: Recurrent NNs

Recurrent neural networks (RNNs) are connectionist models with the ability to
selectively pass information across sequence steps, while processing sequential data
one element at a time.

Feedforward neural networks augmented by the inclusion of edges that span adjacent
time steps, introducing a notion of time to the model.



Why not Markov models?

Generative models, EM-based training.

Markov model approaches are limited because their states must be drawn from a
modestly sized discrete state space S
Standard operations become infeasible with an HMM when the set of possible
hidden states grows large.

In contrast, RNNs can effectively handle a number of distinct states grows
exponentially with the number of nodes in the layer.

Discriminative supervised models, SGD training.



Bi-directional RNNs

There are two layers of hidden nodes. Both hidden layers are connected to input and
output.

The first layer has recurrent connections from the past time steps while in the
second the direction of recurrent of connections is flipped.



Long Short-Term Memory Cells

RNNs are limited by their temporal expressiveness, which is manifested by the
vanishing gradient problem. Don’t have the ability to learn long-range dependencies.

This problem is alleviated by LSTMs, which show superior ability to learn long-
range dependencies.
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Labelling alignment is a problem with RNNs

Labelling unsegmented sequence data is a ubiquitous problem in real-world sequence
learning.

RNNs can only be trained to make a series of independent label classifications.

Training data must be pre-segmented.

Since the RNN network only outputs local classifications, a post-processing stage is
required to give the final label sequence.



Hybrid HMM-RNN models

HMM models the sequential structure of the data, able to segment localized
classifications provided by the RNNs into a temporal classification of the entire label
sequence.

In HMMs, training is generative, even though sequence labelling is a discriminative
task.

Iterative approach, where the alignment provided by the HMM is used to
successively retrain the neural network.





Connectionist Temporal Classification (CTC)

Pure discriminative methods tend to give better results for classification tasks,
because they focus entirely on finding the correct labels.

CTC models all aspects of the sequence with a single neural network.

It also does not require pre-segmented training data, or external post-processing to
extract the label sequence from the network outputs.



Notation

A is the label alphabet. E.g., characters in the Latin alphabet.

A′ = A ∪ {blank}
X = (x (1), x (2), . . . , x (T )) is the input sequence

Y = (y (1), y (2), . . . , y (T )) is the RNN output, where y
(t)
k ∈ [0, 1], k = 1, . . . , |A′|,

and
∑|A′|

k=1 y
(t)
k = 1 (softmax layer at the RNN output).

l̂ = (l̂1, l̂2, . . . , l̂U) is the out label sequence, l̂j ∈ A′.



From Network Outputs to Labellings
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Y → Probability distribution over all possible paths in the set ÃT :
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π ∈ ÃT

A many-to-one map F : ÃT → Ã≤T is defined.
I Remove repeated labels
I Remove blanks
I F(a− ab−) = F(−aa−−abb) = aab
I Outputting a new label when the network switches from predicting no label to

predicting a label, or from predicting one label to another.

For any l ∈ AU with U ≤ T then

p(l |X ) =
∑

π∈F−1(l)

p(π|X )
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From Network Outputs to Labellings

p(l |X ) =
∑

π∈F−1(l)

p(π|X ), l ∈ AU

This collapse of different paths into the same label sequence l is what makes
possible for CTC to use unsegmented data.

p(l |X ) can be efficiently computed using dynamic programming → CTC
Forward-Backward (CTC-FB) algorithm.

Further, the gradient of − log p(l |X ) w.r.t. y t
k can be computed using intermediate

messages computed during CTC-FB.



CTC Forward-Backward (I)

Given l , we define l ′ with blanks added to the beginning and end and inserted every
pair of labels.
For t = 1, . . . ,T and u = 1 . . . , 2U + 1 we define the following two sets of paths
and cumulated probabilities
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Figure: A.Graves et al. Connectionist Temporal Classification: Labelling Unsegmented Sequence Data with Recurrent Neural Networks. (2006)



CTC Forward-Backward (II)

Figure: A.Graves et al. Connectionist Temporal Classification: Labelling Unsegmented Sequence Data with Recurrent Neural Networks. (2006)
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CTC decoding

Upon training, for a new input sequence X , we would ideally compute

l∗ = arg max
l

p(l |x)

Best Path Decoding (Trivial)

Let π∗ = arg maxπ p(π|X ), then

l∗ ≈ F(π∗)

Prefix Search Decoding

Modified Forward/Backward algorithm to calculate the probabilities of successive
extensions to labelling prefixes. However, the number of prefixes it must expand grows
exponentially with the input sequence length.

Constrained Decoding

Constrain the output labellings according to some predefined grammar
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Multi-dimensional LSTMs

Generalize bi-RNNs by providing recurrent connections along all spatio-temporal
dimensions present in the data.

Robust to local distortions along any combination of input dimensions.
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Network Hierarchy

Subsampling layers, alternating between MLTSMs and feedfoward/convolutional
layers.
The number of features computed by these layers increases as the size of the feature
maps decrease.
At the top of this network, there is one feature map for each label.
A collapsing layer sums the features over the vertical axis, yielding a sequence of
prediction vectors, effectively delaying the 2D to 1D transformation just before the
character predictions, normalized with a softmax activation.

Figure: Pham et al. Dropout improves recurrent neural networks for handwriting recognition (2014)



Figure: A.Graves and J.Schmidhuber. Offline Handwriting Recognition with Multidimensional Recurrent Neural Networks. (2008)
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