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Why combine CTC and S2S Decoding?

® Sequence to Sequence(S2S) Decoding can perform better due to
an intrinsic language model.

® In contrast to Connectionist Temporal Classification(CTC) decoding
S2S Decoding has trouble with repetitions.
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Why combine CTC and S2S Decoding?

® Sequence to Sequence(S2S) Decoding can perform better due to
an intrinsic language model.

® In contrast to Connectionist Temporal Classification(CTC) decoding
S2S Decoding has trouble with repetitions.

* Examples from translation models. . .

Franzsisch v ] Englisch (US) v
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deepl.com
SPRACHE ERKENNEN DEUTSCH ENGLISCH FRANZOSISCH v g DEUTSCH ENGLISCH FRANZOSISCH v
tututututu X youyou you you you[youl

translate.google.com
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Network-Architecture for Training
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Network-Architecture
® Training loss:

Liot = Acte - Lore + (1 — Acre) - Lee

Lere: CTC-loss
Lcg: Decoder Cross-Entropy-loss
Acre € [0,1]; Acre = 0.3 for all experiments

Sequence-to-Sequence Models for Text Line Reco with CTC-Prefixes Network-Architecture |



Universitat
Rostock

/ Traditio et Innovatio PLANET artificial intelligence

* oy

EUROPAISCHE UNION
Europaischer Sozialfonds

Inference
® Use CTC-Prefix-Score introduced in speech recognition
by Watanabe et al. [2017]
® Sequential decoding with beam-search
® With next character language model (traditional transformer)
Ciot = Actc - Core + (1 = Acrc) - Ceg + Aum - Cum
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Datasets

Text line datasets with alphabet size |A| and number of lines in training, validation
and test subset

Dataset Language |A||# Train # Val # Test
IAM  English (en) 79 6,161 966 2,915
StAZH Swiss-German (de-ch) 109| 12,628 1,624 1,650
Rimes  French (fr) 100 10,171 1,162 778

Rescoring Sequence-to-Sequence Models for Text Line Recognition with CTC-Prefixes Datasets |
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Datasets

Text line datasets with alphabet size |A| and number of lines in training, validation
and test subset

Dataset Language |A||# Train # Val # Test
IAM English (en) 79 6,161 966 2,915
StAZH Swiss-German (de-ch) 109| 12,628 1,624 1,650
Rimes  French (fr) 100 10,171 1,162 778

3 different Next-Character-Language Models(LM) trained on 16 M English, 30 M
French and 1 M Swiss-German text lines. Traditional Transformer (character only)

Dataset Language ‘ Top-1 Top-10

IAM en 58.1% 90.4%
StAZH de-ch 52.5% 87.3%
Rimes fr 58.5% 92.8%

Rescoring Sequence-to-Sequence Models for Text Line Recognition with CTC-Prefixes Datasets | Christoph Wi
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Results: Pretraining with Synthetic Data Only

CER [%]
CTC |CTC/Trafo
Dataset Test Test
IAM 19.5 17.3
StAZH 65.1 64.3
Rimes 25.1 23.0

® Poor performance without real data.
® CTC/Transformer slightly better than CTC best path decoding

Rescoring Sequence-to-Sequence Models for Text Line Recognition with CTC-Prefixes Results [¢ Tobias Grining
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Results: Influence of Pretrained Models

CTC best path decoding and proposed CTC/Transformer combination

CER [%)]
Test
Pretr.| CTC CTC/Tr

IAM No 5.47 5.10
IAM Yes 4.99 3.96
StAZH No 3.05 2.81
StAZH Yes 3.06 2.66
Rimes No 4.31 3.88
Rimes Yes 4.25 3.49

® Transformer benefits more from pre-training

Rescoring Sequence-to-Sequence Models for Text Line Recognition with CTC-Prefixes Results | Christoph Wi obias Grining
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Results: Find Best LM Weigth and Beam Size

Giot = Actc - Core + (1 — Aere) - Cog + v - Gom

CER [%]

Atm | 0 01 0.5 1

IAM 3.96 3.69 3.19 3.64
StAZH | 2.66 2.66 2.79 3.81
Rimes 3.49 340 3.39 3.57

Rescoring Sequence-to-Sequence Models for Text Line Recognition with CTC-Prefixes Results |
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Results: Find Best LM Weigth and Beam Size

Giot = Actc - Core + (1 — Aere) - Cog + v - Gom

CER [%]

Atm | 0 01 0.5 1

IAM 3.96 3.69 3.19 3.64
StAZH | 2.66 2.66 2.79 3.81
Rimes 3.49 340 3.39 3.57

Beams | 1 5 10 20

IAM 581 3.19 3.17 3.13
StAZH | 4.37 279 279 2.79
Rimes 4.10 3.39 3.19 3.19

Rescoring Sequence-to-Sequence Models for Text Line Recognition with CTC-Prefixes Results | Christoph Wi
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Ablation and SOTA Comparision on IAM Dataset

Authors |Enc. Dec. + Data LM |CER WER| #P| #/s
A Ours LSTM CTC No No 547 17.93| 3.2]10.77
B Ours LSTM CTC Syn No 4.99 16.85| 3.2|11.57
C Ours LSTM Tr No No 5.61 16.24| 4.8] 1.90
D Ours LSTM Tr No Open | 14.38 18.25 24| 0.50
E Ours LSTM Tr Syn No 4.15 12.22| 4.8| 2.50
F Ours LSTM Tr Syn Open| 6.46 13.38 24| 0.86
G Ours LSTM CTC/Tr No No 5.09 15.88| 4.8| 0.69
H Ours LSTM CTC/Tr No Open| 4.33 12.69 24| 0.37
I Ours LSTM CTC/Tr Syn No 3.96 12.20| 4.8| 0.70
J Ours LSTM CTC/Tr Syn Open| 3.20 9.19| 24| 0.40
K Ours (20) LSTM CTC/Tr Syn Open| 3.13 8.94| 24| 0.18
L Ours LSTM CTC/Tr Syn/Val Open| 3.01  8.81 24| 0.42
M Ours (20) | LSTM CTC/Tr Syn/Val Open | 295 8.66| 24| 0.18
N Bluche [2] LSTM CTC No 50K 3.2 -1 0.75 -
O Michael [10] [LSTM S2S Val No 4.87 - - -
P Yousef [I6] |[FCN CTC No No 4.9 3.4 -
Q Kang [7] Tr Tr Syn No 4.67 15.45 - -
R Wick[1] |Tr  BiTr No No | 5.67 B
S Diaz [J] Tr CTC Syn/Real Open| 2.75 -~ 12 -
T Li[7] ™ T Syn No | 3.42 -| 334 -
U Lil[7] Tr Tr Syn No 2.89 -| 558 -
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Ablation and SOTA Comparision on IAM Dataset

Authors |Enc. Dec. + Data LM |CER WER| #P| #/s
A Ours LSTM CTC No No 547 17.93| 3.2|10.77
B Ours LSTM CTC Syn No 499 16.85| 3.2|11.57
C Ours LSTM Tr No No 5.61 16.24| 4.8| 1.90
D Ours LSTM Tr No Open | 14.38 18.25 24| 0.50
E Ours LSTM Tr Syn No 415 12.22| 4.8| 2.50
F Ours LSTM Tr Syn Open| 6.46 13.38 24| 0.86
G Ours LSTM CTC/Tr No No 5.09 15.88| 4.8| 0.69
H Ours LSTM CTC/Tr No Open| 4.33 12.69 24| 0.37
I Ours LSTM CTC/Tr Syn No 3.96 1220 4.8] 0.70
J Ours LSTM CTC/Tr Syn Open| 3.20 9.19| 24| 0.40
K Ours (20) LSTM CTC/Tr Syn Open| 3.13 8.94| 24| 0.18
L Ours LSTM CTC/Tr Syn/Val Open| 3.01 881| 24| 0.42
M Ours (20) LSTM CTC/Tr Syn/Val Open| 2.95 8.66 24 ‘ 0.18
N Bluche [2] LSTM CTC No 50K 3.2 -1 0.75 -
O Michael [10] |[LSTM S2S Val No 4.87 - - -
P Yousef [I16] |FCN CTC No No 4.9 -| 34 -
Q Kang [7] Tr Tr Syn No 4.67 1545 - -
R Wick [[]] |Tr  Bilr No No | 5.67 B I
S Diaz [3] Tr CTC Syn/Real Open| 2.75 -~ 12 -
T Li[7] T T Syn No | 3.42 -| 834 -
U Li[] T T Syn No | 2.89 -| s58| -
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Ablation and SOTA Comparision on IAM Dataset

Authors  |Enc. Dec. + Data LM |CER WER| #P| #/s
A Ours LSTM CTC No No 547 17.93| 3.2|10.77
B Ours LSTM CTC Syn No 4.99 16.85| 3.2|11.57
[C Ours LSTM Tr No No 5.61 16.24| 4.8[ 1.90]
D Ours LSTM Tr No Open | 14.38  18.25 24| 0.50
E Ours LSTM Tr Syn No 4.15 12.22| 4.8| 2.50
F Ours LSTM Tr Syn Open| 6.46 13.38 24| 0.86
G Ours LSTM CTC/Tr No No 5.09 15.88| 4.8| 0.69
H Ours LSTM CTC/Tr No Open| 4.33 12.69 24| 0.37
I Ours LSTM CTC/Tr Syn No 3.96 1220 4.8| 0.70
J Ours LSTM CTC/Tr Syn Open| 320 9.19 24| 0.40
K Ours (20) LSTM CTC/Tr Syn Open| 3.13 8.94 24| 0.18
L Ours LSTM CTC/Tr Syn/Val Open| 3.01 8.81| 24| 0.42
M Ours (20) LSTM CTC/Tr Syn/Val Open ‘ 2.95 8.66 ‘ 24 ‘ 0.18
N Bluche [2] LSTM CTC No 50K 3.2 -1 0.75 -
O Michael [10] |[LSTM S2S Val No 4.87 - - -
P Yousef [16] |FCN CTC No No 4.9 - 34 -
Q Kang [7] Tr Tr Syn No 4.67 15.45 - -
[R_ Wick [11] Tr Bi-Tr No No 5.67 - - N
S Diaz [3] Tr CTC Syn/Real Open| 2.75 -|~12 -
T Lil[7] Tr Tr Syn No 3.42 - 334 -
U Li[] T T Syn No | 289 -| ss8| -

Rescoring Sequenc ,equence Models for Text Line Recognition with CTC-Prefixes Results
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Get benefits of CTC and S2S models

Competitive error rate with small model

Eliminating repetition errors

Slow decoding maybe acceptable depending on use case

® Token-wise decoding for speed up

Sequence-to-Sequence Models for Text Line Reco: with CTC-Prefixes summary |
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