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Problem Definition

Problem: Line Level Handwritten Text Recognition
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Figure 1: IAM Dataset Line Samples



Motivation

HTR is handled so far as a Single Task

A Model is optimized to learn alignments of target units of one level. For
example character level unigrams.

Language Knowledge is integrated explicitlyin the
decoding step

In this work we want :

Integrate Domain Knowledge during training

Leverage the advantagesof Multitask Learning



Baseline Model 1
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Figure2: The backbone baseline architecture for Single Task Unigram Level HTR
HTR
Connectionist Temporal Classification — Objective Function Alignment Example
X, Y pair ofimage and transcript Y : hello
A :set of aligments such that Y = B(A) Aligments : { h---e-I-ll—oo00, hel-l—o, h-e----I---I-0}

B : mapping between an alignment a and transcript.

P(Y|X)=>_ P(alX)
acA



Multitask Architectures

Models Multitask CTC Loss
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Figure3: (a)Block Multitask Architecture (b) Hierarchical Multitask Architecture



Experiments

We experiment :

e Multitask Architectures

e Target Unit Selection : Fine-to-coarse granularities
* Unigrams + Bigrams
* Unigrams + Bigrams + Trigrams
* Unigrams+Bigrams+Trigrams+Fourgrams

All Bigrams
Most frequent Trigrams
Most frequent Fourgrams



Evaluation and Results 1

N-Grams WER % CER % :
. Architecture  WER %  CER %
Single-Task -
Pham e al. [1] 35.10 10.80 CTC Greedy Decoding
Puigcerver et al. [2] 20.20 6.20 : -
Castro ef al. [3] 2400  6.64 Single-Task 19.10 5.60
Michael et al. [4] - 5.24 BMT 17.68 5.18
I-gram (ours) 19.10 5.60 CTC BeamSearch 4-Gram CharlLM
Hierarchical MT
[-grams + 2-grams 17.72 5.21 Single-Task 18.14 5.64
l-grams + 2-grams + 3-grams 17.70 5.37 BMT 16.72 5.28
l-grams + 2-grams + 3-grams + 4-grams 17.68 5.29 )
i CTC BeamSearch 4-Gram WordLM
[-grams + 2-grams 17.96 5.28 Single-Task 14.81 4.60
l-grams + 2-grams + 3-grams 17.90 5.30 BMT 13.62 4.60
l-grams + 2-grams + 3-grams + 4-grams 17.68 5.18

* Block Multitask and Hierarchical Multitask have close performance
*  Comparing Block Multitask with Single Task model we observe the improvement in both WER and CER in the greedy decoding,
utilizing in both models the unigram posteriors

Conclusion : Block Multitask Models have learned more robust hidden representations of the line images than the Single Task Model
and thus leads to better WER/CER results.
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