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Overview

* CRIM - Hypernym discovery

= Test with training data.
= Check (Hypernym-Hyponym) Embedding distance.
= Each layer output compare

e Scene Text

= Dataset — Total-Text, ICDAR-2015
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CRIM - Hypernym Discovery

Test with training data

> Evaluation

Model MAP MRR P@1
CRIM 19.54 35.94 29.67
Hybrid-before 4.94 11.62 9.26
Hybrid-win2-50epoch 8.12 18.26 15.06
Supervised-win2-50epoch 7.95 19.04 16.06
Unsupervised —win2 - 60epoch 4.50 9.92 7.33
Train data 40.52 57.74 45.73

Checking the results using the training data shows some performance.
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CRIM - Hypernym Discovery

 Embedding visualization

» Embedding unsupervised for training data
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CRIM - Hypernym Discovery

 Embedding visualization

» Embedding supervised for training data
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CRIM - Hypernym Discovery

* Compare output of each layer

» Query(“blackfly”), hypernym(“insect”) : Training data(correct)

e ) ief1,..,24)

Pi—(¢<

Projection Matrix( ¢ ) Embedding ( e, ) Projected query ( P )
[[[0.1026, ..., -0.0044, 0.0469 ], ...],... [[0.2139, ..., 0.1675, 0.8245] ] [[[-0.7345], ...,[0.5673]], ... ]
shape : (24, 100, 100) (kernel , dim, dim) shape : (1, 100) (batch, dim) shage : (24, 100, 1) (kernel, dim, batch)

/

= Check dot product with projection matrix[0][0] and embeddings : -0.7345
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CRIM - Hypernym Discovery

* Compare output of each layer

» Query(“blackfly”), hypernym(“insect”) : Training data(correct)

s=P-ep
Projected query ( P) Embedding ( ey, ) Score (P)
[[[-0.7345], ..., [0.5673]], ... ] [ -0.0273, ..., 0.4245, -0.1077]] [[[-0.5638], ...,[-0.6596 ] ] ]
shape : (24, 100, 1) (kernel, dim, batch) shape : (1, 100) (batch, dim) sf17é/:(1, 24, 1) (batch, kernel, 1)
J, reshape J, reshape
shape : (1, 24, 100) (batch, kernel, dim) shape : (1, 100, 1) (batch, dim, 1)

= Check dot product with projected query[0][0] and embeddings : -0.5638
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CRIM - Hypernym Discovery

* Compare output of each layer

» Query(“blackfly”), hypernym(“insect”) : Training data(correct)

I ) ) I
, Weight Score (s) Bias I
I |
I [[0.0046,0.1145, 0.0756, -0.0050, -0.1738, -0.1368, [-0.5638, 5.5314, 7.2603, 1.2169, -1.7639, -6.0869, I
I  0.1907,0.0827, 0.0561, 0.0326, 0.1108, 0.0940, 7.8552, 15.9347, 17.3474, 10.5739, 8.7186, 14.8626, 0.1852] I
| -0.0572,-0.2038, -0.0188, -0.0582, 0.1875, -0.0253, -10.0919, -4.8536, -14.9141, -14.6340, 5.1422, -0.2579, ' |
| 0.1804,0.0033, 0.1115, 0.1209, -0.1907, -0.0608 ]] 6.0947, -19.0973, 4.9274,5.3083, -2.8579, -0.6596 ] |
I |
e o o e e e e e e e e e e e e e e e o e } ______________________ J
-

0(15.4787) = 1

= Check for correct hypernym
= |ikelihood 1
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CRIM - Hypernym Discovery

* Compare output of each layer

» Query(“blackfly”), hypernym(“hate”) : Training data(incorrect)

| . : l
, Weight Score (s) Bias I
I |
I [[0.0046,0.1145, 0.0756, -0.0050, -0.1738, -0.1368, [-4.1955, -7.1086, -4.1250, 13.8438, 1.4566, 4.5636, !
I  0.1907,0.0827,0.0561, 0.0326, 0.1108, 0.0940, -9.0193, -2.1757, -3.2347, 0.1974, -2.4694, -0.9075, [0.1852] '
I -0.0572,-0.2038, -0.0188, -0.0582, 0.1875, -0.0253, 3.7260, 3.6365,21.5789, -0.9208, -2.8388, 5.6795, : I
| 0.1804,0.0033, 0.1115, 0.1209, -0.1907, -0.0608 ]] -1.3012, -48.2848, -2.1753,-5.0976, 2.4201, 3.9550] I
| I
e e e e e e e e e e Em e o e e Em o e Em Em Em = == } ______________________ J
-

o(-8.2769) = 0.0003

= Check for incorrect hypernym
= |ikelihood 0.0003

CAU AutoML LAB 9/15



Issue & Future

 Jlast week

RMM(Recurrent Mapping Model)
Use pre-trained embeddings.
More experiments.

Test with training data.

Check embedding distance.
Compare output of each layer.

YV VVVYVYY

Future works

» RMM(Recurrent Mapping Model)
» Use pre-trained embeddings.
» More experiments.
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Scene Text

e Dataset — Total-text

» 1255 training images, 500 test images
» Annotated with polygons in word-level

CAU AutoML LAB 11/15



Scene Text

e Dataset - ICDAR2015

» 1000 training images, 500 test images
» Annotated with quadrangles in word-level
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Scene Text

e State-of-the-art (TextFuseNet)

_“"“I

|Semantic segmentation branch _

| multi-path|
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multi-path
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@ word-level features
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TextFuseNet Framework
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multi-path fusion architecture




Scene Text

e State-of-the-art (TextFuseNet)

Method ICDAR2013 ICDAR2015 Total-Text CTW-1500

R P F FPS R P F FPS | R P F FPS| R P F FPS
CTPN [Tian er al., 2016] 83.0 930 880 7.14|520 740 61.0 7.1 - - - - - - - -
SegLink [Shi et al., 20171 83.0 877 853 206 | 768 731 750 - - - - - - - - -
TextSnake [Long et al., 2018] - - - - 804 849 826 1.1 | 745 827 784 - 853 679 756 -
TextBoxes++* [Liao et al,2018al | 86.0 92.0 89.0 - 78.5 87.8 829 23 - - - - - - - -
RRD* [Liao et al., 2018b] 86.0 920 89.0 - 80.0 88.0 838 - - - - - - - - -
PixelLink* [Deng er al., 2018] 875 88.6 88.1 - 82.0 855 837 73 - - - - - - - -
Mask TextSpotter [Lyu er al, 2018] | 88.6 950 91.7 4.6 | 81.0 916 860 48 |550 690 613 - - - - -
TextField [Xu eral., 2019] - - - - 80.5 843 824 60 799 812 806 - 79.8 830 8l4 -
CTD [Liu et al., 2019a] - - - - - - - - 71.0 740 730 - 69.8 743 734 133
CSE [Liu er al., 2019b] - - - - - - - - 79.1 814 802 24 760 B8l.1 784 26
MSR* [Xue et al., 2019] - - - - 784 866 823 43 | 748 838 790 - 78.3 850 815 -
PSENet [Wang et al., 2019al - - - - 845 869 857 16 |780 B840 809 39 |797 848 822 39
PAN [Wang et al., 2019b] - - - - 84.0 819 829 26.1 893 810 850 396 | 81.2 864 83T 398
ATRR [Wang et al., 2019c¢] 89.7 937 917 - 86.0 89.2 876 - 76.2 809 785 - 80.2 80.1 80.1 -
SAE [Tian er al., 2019] - - - - 85.0 883 86.6 - - - - - 71.8 827 80.1 -
SPCNet [Xie et al., 2019] 90.5 938 921 - 85.8 887 872 - §2.8 83.0 829 - - - - -
LOMO* [Zhang et al., 2019] - - - - 87.6 87.8 817 - 79.3 87.6 833 - 76.5 857 803 -
DB (ResNet-50) [Liao et al., 2020] - - - - 83.2 91.8 873 120 | 825 87.1 847 320|802 869 834 220
Our (ResNet-50) 89.5 951 922 7.7 |89 913 901 &3 |832 875 853 71 |80 858 854 73
Our (ResNet-101) 923 965 943 40 | 897 947 921 41 | 853 890 871 33 | 854 878 86.6 3.7
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Thank you




