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Sequential labeling using Logistic Regression
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Sequential labeling using Logistic Regression
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Sequential labeling using Logistic Regression

e O|= CF29| &=XFA QI classification?] H£O 2 A Ztsh

* y; = f(xi_q, x5, yi-1) 2l classifier2 logistic regressionE

y1 = f(x1)
V2 = f(x1, %2, Y1)

Yn = f(xn—lixnr yn—l)



Potential function as Representation
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Potential function as Representation
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Maximum Entropy Markov Model (MEMM)
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Maximum Entropy Markov Model (MEMM)
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MEMM to CRF
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Purity of character features
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Purity of character features
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Scoring

"C[-1:3] = O|C}=Z 0"
"T[-1:3] = 0001": 1008, "T[-1:3] = 0000": 50

T[0] = 00|22 (It = o, QHEICE 150%) >

“C[-1:0] = O|C}”

“T[-1:0] = 00": 2008, “T[-1:0] = 01" 500,

"1 = -150 / (150 + 0)"

T[0] = 00|22 (EIC}t = 50081, QtEICH 20081) > 3/7F = (+500 — 200) / (500 + 200)
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Model setting
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e Character features

e Feature min-count
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Remain noise: Proposed algorithm

) ] Test data noise level
remain noise
1 2 3 5 10 15 20 30 40 50

1 0.203 0.341 0.520 0.854 1.731 2.581 3.424 5.125 6.807 8.475

2 0.175 0.410 0.527 0.866 1.753 2.615 3.470 5.197 6.901 8.591

3 0.177 0.357 0.638 0.880 1.785 2.665 3.534 5.294 7.028 8.750

Train 5 0.183 0.363 0.554 1.097 1.844 2.752 3.649 5.467 7.259 9.027
data 10 0.203 0.400 0.610 1.009 2.508 3.044 4.033 6.039 8.020 9.978
noise 15 0.231 0.454 0.692 1.144 2.308 4.323 4572 6.843 9.089 11.314
level 20 0.269 0.534 0.810 1.341 2.701 4.041 6.805 8.024 10.656 13.270
30 0.433 0.861 1.312 2.166 4.351 6.513 8.670 16.217 17.277 21.554
40 0.798 1.581 2.391 3.969 7.945 11.927 15.908 23.861 34.821 39.839
50 0.896 1.777 2.691 4.465 8.921 13.413 17.880 26.829 35.773 46.123




Remain noise: Proposed algorithm

+ 5% =O|= HO|HZ &&ot RHZ 30 % O0|=E uYstH
24.533%7F W1, 5467% 7t =L 2|0 LT,
) ] Test data noise level
remain noise
1 2 3 5 10 15 20 30 40 50
1 0.203 0.341 0.520 0.854 1.731 2.581 3.424 5.125 6.807 8.475
2 0.175 0.410 0.527 0.866 1.753 2.615 3.470 5.197 6.901 8.591
3 0.177 0.357 0.638 0.880 1.785 2.665 3.534 5.294 7.028 8.750
Train 5 0.183 0.363 0.554 1.097 1.844 2.752 3.649 5.467 7.259 9.027
data 10 0.203 0.400 0.610 1.009 2.508 3.044 4.033 6.039 8.020 9.978
noise 15 0.231 0.454 0.692 1.144 2.308 4.323 4.572 6.843 9.089 11.314
level 20 0.269 0.534 0.810 1.341 2.701 4.041 6.805 8.024 10.656 13.270
30 0.433 0.861 1.312 2.166 4.351 6.513 8.670 16.217 17.277 21.554
40 0.798 1.581 2.391 3.969 7.945 11.927 15.908 23.861 34.821 39.839
50 0.896 1.777 2.691 4.465 8.921 13.413 17.880 26.829 35.773 46.123




Remain noise: CRF based algorithm

remain noise

Test data noise level

1 2 3 5 10 15 20 30 40 50

1 0.164 0.334 0.508 0.833 1.681 2.493 3.290 4.871 6.390 7.850

2 0.122 0.245 0.361 0.592 1.178 1.747 2.280 3.302 4.241 5.093

3 0.143 0.280 0.435 0.696 1.401 2.072 2.716 3.987 5.184 6.321

Train 5 0.192 0.373 0.567 0.936 1.870 2.784 3.669 5416 7.097 8.706
data 10 0.272 0.532 0.812 1.332 2.731 3.972 5.245 7.765 10.195 12.527
noise 15 0.363 0.715 1.092 1.792 3.584 5.488 7.110 10.591 13.996 17.328
level 20 0.355 0.701 1.070 1.759 3.511 5.261 7.198 10.348 13.648 16.868
30 0.420 0.827 1.260 2.074 4.137 6.200 8.209 12.754 16.133 19.970
40 0.550 1.092 1.653 2.728 5428 8.138 10.786 16.078 22.158 26.369
50 0.685 1.362 2.055 3.406 6.789 10.178 13.535 20.214 26.796 34.296
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False spacing: Proposed algorithm

) ] Test data noise level
remain noise
1 2 3 5 10 15 20 30 40 50

1 0.406 0.407 0.408 0.410 0.414 0.418 0.422 0.431 0.439 0.449

2 0.394 0.394 0.396 0.397 0.402 0.406 0.409 0.418 0.426 0.435

3 0.380 0.381 0.381 0.383 0.388 0.392 0.395 0.403 0.411 0.420

Train 5 0.350 0.350 0.351 0.351 0.356 0.360 0.363 0.371 0.378 0.387

data 10 0.284 0.284 0.285 0.286 0.288 0.292 0.295 0.302 0.309 0.316

noise 15 0.223 0.223 0.224 0.225 0.228 0.227 0.233 0.239 0.244 0.250

level 20 0.177 0.177 0.178 0.179 0.181 0.183 0.180 0.190 0.194 0.199

30 0.084 0.084 0.084 0.084 0.085 0.086 0.087 0.081 0.089 0.091

40 0.028 0.028 0.028 0.028 0.029 0.029 0.029 0.028 0.024 0.030

50 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.012




False spacing: CRF based algorithm

) ] Test data noise level
remain noise
1 2 3 5 10 15 20 30 40 50
1 1149 1154 1159 1168 1192 1213 1238 1285 1331 1377
2 1726 1735 1745 1764 1815 1863 1916 2017 2117 2224
3 1278 1284 1289 1299 1327 1353 1382 1437 1491 1546
Train 5 0941 0946 0949 0957 0978 0996 1017 1058 1097  1.139
data 10 | 0549 0552 0555 0561 0578 0591 0609 0641 0673 0704
noise 15 | 0345 0347 0349 0353 0363 0373 038 0405 0425 0444
level 20 | 0376 0378 0380 0385 0395 0405 0416 0437 0458 0476
30 | 0230 0231 0232 0235 0242 0248 0255 0269 0281 0293
40 | 0126 0126 0127 0128 0132 0134 0137 0144 0150  0.155
50 | 0059 0059 0059 0060 0062 0063 0065 0069 0073 0076
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F1 score: Proposed algorithm

F1-macro all 0.698
F1-macro >=30 % 0.808
) ] Test data noise level
remain noise
1 2 3 5 10 15 20 30 40 50
1 0.608 0.739 0.786 0.831 0.865 0.879 0.886 0.892 0.896 0.898
2 0.628 0.724 0.788 0.832 0.865 0.878 0.885 0.891 0.895 0.897
3 0.634 0.746 0.770 0.832 0.865 0.877 0.884 0.890 0.893 0.896
Train 5 0.647 0.753 0.794 0.812 0.864 0.875 0.882 0.887 0.891 0.893
data 10 0.672 0.766 0.801 0.834 0.829 0.868 0.873 0.878 0.881 0.883
noise 15 0.693 0.773 0.801 0.828 0.847 0.817 0.859 0.863 0.866 0.867
level 20 0.700 0.766 0.789 0.811 0.826 0.832 0.786 0.839 0.842 0.843
30 0.653 0.689 0.695 0.708 0.714 0.717 0.719 0.627 0.722 0.724
40 0.324 0.340 0.333 0.339 0.340 0.339 0.339 0.339 0.229 0.337
50 0.186 0.199 0.186 0.193 0.194 0.191 0.192 0.191 0.191 0.144




F1 score: CRF based algorithm

F1-macro all 0.693
F1-macro >=30 % 0.731
) ] Test data noise level
remain noise
1 2 3 5 10 15 20 30 40 50
1 0.400 0.554 0.635 0.722 0.802 0.834 0.852 0.870 0.881 0.888
2 0.326 0.481 0.574 0.678 0.783 0.827 0.851 0.878 0.893 0.903
3 0.384 0.543 0.626 0.720 0.807 0.843 0.862 0.883 0.894 0.902
Train 5 0.434 0.586 0.660 0.738 0.808 0.835 0.850 0.867 0.876 0.882
data 10 0.512 0.640 0.692 0.748 0.788 0.810 0.820 0.831 0.837 0.843
noise 15 0.545 0.644 0.679 0.719 0.748 0.753 0.766 0.773 0.778 0.782
level 20 0.535 0.639 0.677 0.718 0.751 0.762 0.761 0.778 0.783 0.788
30 0.567 0.644 0.668 0.696 0.717 0.724 0.730 0.722 0.741 0.745
40 0.529 0.575 0.585 0.604 0.616 0.620 0.625 0.630 0.614 0.639
50 0.441 0.464 0.465 0475 0.482 0.484 0.486 0.490 0.495 0477
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Training cost
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Proposed model

« 10 % noise level test G|O|E{ 0| CHD

420 ZX|oHe To{MT|E X

Remain noise (%)

With space (10 % noise)

Without space

3 1.785 19.591
Train data noise level 10 2.508 21.996
20 2.701 28.384
CRF based model
Remain noise (%) With space (10 % noise) Without space
3 1.401 11.116
Train data noise level 10 2.731 23.241
20 3.511 32.052

66



Tutorial



package

- github.com/lovit/soyspacing Of| ZI{7|X|& &7} & L Ct.

- pip install soyspacing @ 2 AX|g 4= Q&L|C} (Python 3 7|&)



tutorial

. 20|

Ok

— O

soyspacing.countbase

model = CountSpace()

=2 S Xr0f

—

=

oy

rr
m

CountSpace

corpus_fname = '../demo_model/134963 norm.txt’

model.train(corpus_fname)



tutorial

- Model save / load = O}f2j e}

model.train(corpus_fname)

model.save(model fname, json_format=

model = CountSpace()

model.load(model_fname, json_format=

)

N’



tutorial

« Correction2 =2 &L},
X @)

o |
» Tagst= ZE|O{AA7| HE QLI

sent = ‘O|AHIURE2F=} S ENREZ 2SS =}

corrected, tags

model.correct(sent)

print( ‘before:’, sent)
print(‘after:’, corrected)
print(tags)

before: O| AXIMEL2 I3} 2tetHEXRZE 2T}
xzo

after : 0|4 ZIxt Azt 22t ERIR =

rlo

St
1,0

[0,1,0,1,0,1,0,1,0,0,0, None, None, 1, 0, , 1]



tutorial

« XM tutorials = github2| soyspacing/tutorialsOil & 7H £/ O

 Verbose mode
« Debug mode
« Threshold setting

O] £
=

| CF.

72


https://github.com/lovit/soyspacing/blob/master/tutorials/count-base_spacing_tutorial.ipynb
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