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Introduction to Connectionist Temporal Classification (CTC)
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Maximum Conditional Entropy Regularization for CTC (EnCTC)
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- A « Better generalization and exploration.
E : » Solve peaky distribution problem.
A \ « Depict ambiguous segmentation boundaries.
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Equal Spacing CTC (E

@ The spacing of two consecutive elements is nearly the same in many sequential tasks.

@ We adopt equal spacing as a pruning method to rule out unreasonable CTC paths.
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Equal Spacing CTC (EsCTC)

Theorem 3.1. Among all segmentation sequences,
the equal spacing one has the maximum entropy.

argmax max H (p(7|z,1, X)) = zes
z P

Equal spacing is the best prior without any subjective assumptions.
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Algorithm and Complexity Analysis

We propose dynamic programming algorithms for EnCTC, EsCTC, and EnEsCTC.

EnCTC
S(ts) = Ft-1s)+(t-1,s-1) ifl,=borl, =1, Q) = (T, |I']) + (T, |I'| = 1)
At=1,s)+y(t—1,5-1)+7(t—1,5s—2) otherwise
EsCTC -
. b la,(f—t’s—l) ot —t'+ 1,t,5) ifl,_1 #1, i . & SRR
7\t; 8) = 7 ) = | (T —t, - \T,
Z',H;m(tft’ s— 1y~ “Hlo(t—t' +2,t,5) otherwise pr(l1Xar) = ar (T 1) +;:y ( Ithe( +1,1,0)
EnEsCTC St s Dot~ Ltus) b ar(t—ts — Dt — 1+ 1,t,5)
ifloy # 1, T , ,
RS £ AW P Q- () =-(T, 1)) +E% —t [I)o(T —t' + 1,T.0)
: ap(t =t s — Dyt~ gt —t + 2,1, 8)+ , ,
ar(t =15 — 1)y~ gyl ot — 1/ + 2.1,5) + o (T *t~w o(T =" +1,T,0)logo(T —t' +1,T,0)
otherwise
Complexity CTC EnCTC EsCTC EnEsCTC
Time o) o() o) 0o(1?) 0(%) - 0(T)
Space o(Tl1) _O(Tl) o(T2|1l) o(T2[1)
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Qualitative Analysis
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Results on Scene Text Recognition Benchmarks

Comparisons with the state-of-the-art methods.

Evaluation of model generalization.

Method | 1C03 IC13 IIIT5K  SVT
EATetCh“ Sy;;hf K CRNN 804 867 782 808
T 4 1s | a0 STAR-Net | 80.9 891 83.3 83.6
Cre b | ana R2AM 887 000 784 807
Al g RARE 0.1 886 819 819
it - EnCTC | 90.8 900 826 8L5
Crcre | a0 EsCTC | 92.6 874 817 815

EnEsCTC | 920 90.6 820 806
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For more results and analyses, please come

Poster: Room 210 & 230 AB #106
https://github.com/liuhu-bigeye /enctc.crnn
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