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Open-set Text Recognition via Part-based Similarity

LIU Chang' YANG Chun' YIN Xu-Cheng'

Abstract Open-set text recognition (OSTR) is an emerging task that aims to address language bias and novel
characters in open-world text recognition applications. Recent OSTR methods have achieved some success by de-
coupling the potentially biased context information with visual information. However, they tend to overlook the in-
creasing importance of visual details. Given the biases in contextual information, detailed visual information be-
came much more important in differentiating visually close characters. This work proposes an adaptive part-repres-
entation-based open-set text recognition framework and an open-set text recognition method via part-based simil-
arly to improve the visual details modeling by explicitly modeling different character parts. Unlike radical-based
methods, the proposed framework adopts a data-driven parting scheme, hence is language agnostic. A localization
constraint is further proposed to address the instability caused by the parting scheme. The full framework steadily
outperforms its baseline and yields reasonable performance on the close-set benchmarks.
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Table 2 Performance on open-set text recognition benchmarks

114 cr ., Ciiot JiE e yE LA (%) Recall (%)  Precision (%) F-measure (%)
Unique Kanji OSOCR-Large® PR’ 2023 30.83 — — —
GZSL  Shared Kanji 0 OpenCCD¥ CVPR' 2022 36.57 — — —
Kana, Latin OpenCCD-Large!” CVPR/' 2022 41.31 — — —
Ours — 39.61 — — —
Ours-Large — 40.91 — — —
OSR Shared Kanji Unique Kanji OSOCR-Large® PR’ 2023 74.35 11.27 98.28 20.23
Latin Kana OpenCCD-Large* CVPR’ 2022 84.76 30.63 98.90 46.78
Ours — 73.56 64.30 96.21 76.66
Ours-Large — 77.15 60.59 96.80 74.52
GOSR  Shared Kanji Kana OSOCR-Large® PR’ 2023 56.03 3.03 63.52 5.78
Unique Kanji OpenCCD-Large*®  CVPR' 2022 68.29 3.47 86.11 6.68
Latin Ours — 65.07 54.12 82.52 64.65
Ours-Large — 67.40 47.64 82.99 60.53
OSTR Shared Kanji Kana OSOCR-Large® PR’ 2023 58.57 24.46 93.78 38.80
Unique Kanji Latin OpenCCD-Large*!! CVPR’ 2022 69.82 35.95 97.03 52.47
Ours — 68.20 81.04 89.86 85.07
Ours-Large — 69.87 75.97 91.18 82.88
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Fig.9 Sample results from the Japanese testing data set
(With GZSL split)
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Table 3  Performance on close-set text recognition benchmarks and single batch inference speed
WARES S IIT5K CUTE SVT 1C03 IC13 GPU TFlops FPS
CA-FCN* AAAT'19 92.0 79.9 82.1 — 91.4 Titan XP 12.0 45.0
Comb.Best™ ICCV'19 87.9 74.0 87.5 94.4 92.3 Tesla P40 12.0 36.0
PERN!" CVPR21 92.1 81.3 92.0 94.9 94.7 Tesla V100 14.0 44.0
JVSRM ICCV 21 95.2 89.7 92.2 — 95.5 RTX 2080Ti 13.6 38.0
ABINet" T-PAMI'23 96.2 89.2 93.5 974 95.7 V100 14.0 29.4
CRNN®- %! T-PAMI'17 82.9 65.5 81.6 92.6 89.2 Tesla P40 12.0 227.0
Rosetta® * KDD'18 84.3 69.2 84.7 92.9 89.0 Tesla P40 12.0 212.0
ViTSTRF! ICDAR'21 88.4 81.3 87.7 94.3 92.4 RTX 2080Ti 13.6 102.0
GLaLT-Big-Aug® TNNLS'23 90.4 77.1 90.0 95.2 95.3 — — 62.1
Ours-Large — 89.06 .77 80.68 89.61 87.98 Tesla P40 12.0 85.7
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Fig.11  Sample results from the close-set benchmark
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