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— one vs. rest classification, [Bottou et al. 1994]
— ECOC, [Dietterich and Bakiri, 1995]
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« ZRRE5ZWHE
— — /325 (binary classification) , F|WiE/5.
— ZRH5R (multi-class) /ZIASFE (multinomial)d , . EURIRA], #
WK RFhR. Fra: M.
— ZFR%ZE (multi-label) , HriEIE#.
— ZWi72E (multi-output) /ZAESS (multi-task) , PERIAIERS, XGEF XA,
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N K =2 K> 2
AN
L=1 binary multi—-class
L>1 multi—label multi—output
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2

4 from sklearn.svm import LinearSVC

5 from sklearn.multiclass import OneVsRestClassifier,OneVsOneClassifier, OutputCodeClassifier

6 EHSNGE WitE

7 X train, X test, y_train, y_test = train_test split{digits.data, digits.target, test_size=0.2, random_state=1)
8 #IFg

9 model svc = svm.SVC(kernel="linear',decision_function_shape='ovo’) # gilEEE

10 | model_svc.fit(X_train, y_train) # (&R, X frain: 750IEE, y frain.: #nss.

11y pred = model svc.predict(X_test) # i

12 print("Linear SVM Accuracy : %.3f" % metrics.accuracy scorely test, y pred)) # #a5rFS

13 print{ metrics.classification_report(y _test, y_pred)) # 77E05 35485

14 | # WEEE AERFE T EER

15 | #y pred ovwr = OneVsRestClassifier(svm. SVC{kernel=Tinear] ) fit(X train, y train).predictiX test)
16 | #y pred ovo = OnelsOneClassifier(svm. SV kernel=linear )).fit(X train, y train).predictiX test)
17 | #y pred mvm = OutputCodeClassifier(svm.SVCikernel=linear )).fitX train, y train)predictiX test)
18  print("Linear SVM owr Accuracy : %.3f" % metrics.accuracy score(y test, y pred ovr))

19 print("Linear SVM ovo Accuracy : %6.3f" % metrics.accuracy score(y test, y_pred ovo))

20 print("Linear SVM mvm Accuracy : %.3f" % metrics.accuracy scorely test, y pred mvm))

executed in 178ms, finished 19:11:52 2019-04-19

Linear SVM Accuracy : 0.981
precision recall f1-score support

1.00 1.00 1.00 59
098 1.00 099 49
1.00 1.00 1.00 49
098 098 098 64
1.00 0598 059 61
09 058 097 47
1.00  1.00 1.00 51
1.00 088 059 57
096 053 055 46
093 095 094 57

(el =T o R

micro avg 0.98 098 0.98 540
macro avg 098 098 098 540
weighted avg 098 098 098 540

Linear SVM owvr Accuracy : 0.948
Linear SVM ovo Accuracy : 0.981 17
Linear SVM mvm Accuracy : 0.917
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In [294]:
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from sklearn.model_selection import GridSearchCV
from sklearn.linear model import LogisticRegression

# e
y_pred Ir mvm = OutputCodeClassifier(LogisticRegression()).fit(X_train, y_train).predict(X test)
print{ metrics.accuracy scorely test, y pred Ir mvmj)

# X788, Xfcode sizet#iTIuistEss:

params = {'code size:range(2, 30,4)}

gsearch = GridSearchCV(estimator = OutputCodeClassifier{LogisticRegression()),
param_grid = params, cv=3, scoring="accuracy’)

gsearch.fit(X train, y _train)

y = gsearch.predict(X_test) # Sz0EEE S, MR EH TR

print('best params, score: \n ', gsearch.best_params_, gsearch.best_score ,"n’)
print(‘test score: ', metrics.accuracy score(y_test, y),"\n’)

for i in zip(gsearch.cv_results ['params’], gsearch.cv_results ['mean_test score’]):
print(i)

executed in 128ms, finished 19:48:44 2019-04-19

0.9092592592592502
best params, score:
{'code size: 22} 0.94351630867144

test score: 0.95555555555555856

code size": 2}, 0.9220365950676214)
code size': 6}, 0.939538583929992)
code size" 10}, 0.9427207637231504)

code size': 18}, 0.9411296738265712)
code size': 22}, 0.94351630867144) 18

o
('
o
({'code size": 14}, 0.9411296738265712)
'
({
(

code size': 26}, 0.9427207637231504)
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accuracy | precision_ | precision_ recaII ma recaII mic
macro micro
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LogisticRegression
DecisionTree
LGBM
OneVsOne(DecisionTree)
OneVsRest(DecisionTree)
MvM(DecisionTree)
OvO(lightGBM)
OvR(lightGBM)

MvM(lightGBM)
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MvM(DecisionTree) n=0.5K

MvM(DecisionTree) n=1.0K
MvM(DecisionTree) n=2K
MvM(DecisionTree) n=4K

MvM(DecisionTree) n=5K

MvM(DecisionTree) n=6K

9.1%
8.1%
13.2%
84.0%
81.5%
84.8%
79.2%
74.4%
76.0%
83.4%
84.9%
85.4%
85.3%
85.3%
85.2%

0.1%
0.1%
14.9%
73.2%
74.5%
72.4%
62.1%
55.4%
70.7%
64.2%
71.9%
75.4%
75.4%
74.6%
75.0%

9.1%
8.1%
13.2%
84.0%
81.5%
84.8%
79.2%
74.4%
76.0%
83.4%
84.9%
85.4%
85.3%
85.3%
85.2%

1 6%
1.6%
6.0%
68.3%
66.9%
70.8%
53.4%
56.1%
58.7%
68.3%
70.8%
71.8%
71.7%
71.0%
71.2%

9. 1%
8.1%
13.2%
84.0%
81.5%
84.8%
79.2%
74.4%
76.0%
83.4%
84.9%
85.4%
85.3%
85.3%
85.2%

1.754
23.050

8.560
13.616
7.389
17.674

105.602

18.223
26.343
6.335
24.868
50.673
66.140
78.146
93.723
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[1] Wles#>]) FERE LVESA-2 79385 2] P63~P66.
[2] Bottou L, Cortes C, Dcnker et al.Comparison of classifier methods: a case study In
handwritten digit recognition[C].In:International Conference on Pattern

Recongnition,IEEE Computer Society Press, 1994.77~87
[3] Multiclass and multilabel algorithms — scikit-learn 0.20.3 documentation
https://scikit-learn.org/stable/modules/multiclass.html#multiclass
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