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1 ÄÄÄuuuKNN���{{{���ÃÃÃ���NNN£££OOO

1.1 KNN©©©aaa���{{{{{{000

KNN(K-Nearest Neighbors)©a�{´�«{ük��©a�{§ÙØ%g�´µXJ�(½,�ÿÁ��

áu=�a§Ò�Ié�Ù3A��m¥�k ���C���¶ùk ���¥��õêáu,��aO§@oÒ@

�T���áuù�a"Python�^Xe�äNg´¢yT�{µ

Ú½ )º

step1 O�ÐÔöêâ±9ÿÁêâ§�½ëêk

step2 O�ÿÁêâ�Ôöêâ�î¼ål

step3 òålüS§é�k�ål�C:�I\

step4 ÚOþãz�I\��ê§�ê�õ�I\=�ÿÁêâ�aO

ÏLþ¡6§§·��±uyKNN�{�3X�
`":"`:´{ük�§´un)¢y¶Øv�?´T�

{�O(Ý���ûuk���§ål�½Â�­�ëê§�Ò´`ØÏ�k�!ØÓ�ål�{éu©a�O(Ý

´ké�K��"�²LÁ�±9?Ø§�
�¯�!O(/��©a(J§e¡N^Python�sklearn�¬éÃ�

£O?1¦)"

1.2 ���èèè¢¢¢yyy

import numpy as np
from sklearn import neighbors

##### step 1: prepare the train set and test set from mnist database
#train examples: 60000, size: 28*28
train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[16:]).reshape([60000,28*28])
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train_label = np.fromfile(’train-labels.idx1-ubyte’, dtype=np.uint8)
train_label = (train_label[8:])

#test examples: 10000, size: 28*28
test_image = np.fromfile(’t10k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[16:]).reshape([10000,28*28])

test_label = np.fromfile(’t10k-labels.idx1-ubyte’, dtype=np.uint8)
test_label = (test_label[8:])

##### step 2: get the classifier of knn

model = neighbors.KNeighborsClassifier(n_neighbors=1,weights=’distance’,algorithm=’auto’,
leaf_size=30,p=2,metric=’euclidean’)

##### step 3: train with the traindata and trainlabels

model.fit(train_image,train_label)

##### step 4: make predictions

knn_class = model.predict(test_image)
knnerror = np.sum(knn_class != test_label)*1.0/knn_class.shape[0]

##### print result
print ’The knn classification is’,knn_class
print ’The Error rate of knn is’,knnerror

þã�è�Lã�e���{µ

Ú½ )º

step1 O�ÐÔöêâ±9ÿÁêâ8

step2 ��knn©aì

step3 �\Ôöêâtrain_image�ÔöI\train_label§?1Ôöfit

step4 éÿÁêâtest_image?1ýÿ©a

step5 O�©a�ØÇ

Ù¥1�Ú��AO`²¶3��knn©aìmodel = neighbors.KNeighborsClassifier()�,)Òpvk?Û

��L«æ^%@��{?1©a"ÏL��§uy·��±3)Òp��ëê£'Xk��§ål�L«�{¤5

*	k�§ål�ØÓL«éÃ�£O�K�§±Bé����·Ü�ëê�"eL¤���?U�ëê�µ

ëê )º

n_neighbors k��§%@5

weights z�êâ:´Äk�­§’uniform’,’distance’

algorithm O��C��Ø�^���{§’kd_tree’,’brute’,’ball_tree’,gÄé�Ü·�{’auto’

leaf_size �é’kd_tree’�’ball_tree’��leaf size§%@30

metric ÀJål�O��{§’cityblock’,’euclidean’,’canberra’§%@’minkowski’ål

p �metric�’minkoski’�µ1µmanhattanål;2: euclideanål;p: minkoskiål

1.3 ¢¢¢���(((JJJ999???ØØØ

e¡´æ^%@�neighbors.KNeighborsClassifier()é60000�ÿÁêâÿÁ�(J§�ØÇ�3.12%, Ï

LipythonÿÁÑ��9min"

The knn classification is [7 2 1 ..., 4 5 6]
The Error rate of knn is 0.0312
CPU times: user 8min 57s, sys: 84.7 ms, total: 8min 57s
Wall time: 9min

�
&Ä´ÄU
��O(Ç�p�Ã�£O(J§Áãék �±9ål��{?1?U"
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1.3.1 éééååålll���{{{���¯̄̄aaaÝÝÝ

æ^manhattan(cityblock)ål�§k=3§�ØÇ�3.6%, ÏLipython ÿÁÑ��9min 56s:

The knn classification is [7 2 1 ..., 4 5 6]
The Error rate of knn is 0.036
CPU times: user 9min 56s, sys: 60 ms, total: 9min 56s
Wall time: 9min 56s

æ^îªål£euclidean¤�§k=3§�ØÇ�2.83%, ÏLipython ÿÁÑ��10min 9s:

The knn classification is [7 2 1 ..., 4 5 6]
The Error rate of knn is 0.0283
CPU times: user 10min 9s, sys: 64.8 ms, total: 10min 9s
Wall time: 10min 9s

æ^canberraål�§k=3§�ØÇ�3.87%, ÏLipython ÿÁÑ��15min 10s:

The knn classification is [7 2 1 ..., 4 5 6]
The Error rate of knn is 0.0387
CPU times: user 15min 10s, sys: 71.7 ms, total: 15min 11s
Wall time: 15min 10s

`²�k��½§ÀJîªål�§�ØÇ´���§ÏdéuÃ�£Oí�¦^î¼ål��O�Ôöêâ

���êâ�ål�{"

1.3.2 ééék������¯̄̄aaaÝÝÝ

eL¤���·UCk�£ål^�Ñ´îªål¤�§§SéA�©a�ØÇ�$1�mµ

k� �ØÇ $1�m

1 3.09% 9min 53s

2 3.09% 11min 10s

3 2.83% 11min 02s

4 2.86% 11min 54s

5 3.09% 11min 39s

6 2.91% 11min 42s

7 3.00% 10min 21s

8 2.94% 10min 46s

9 3.27% 10min 59s

10 3.16% 10min 45s

11 3.22% 13min 16s

12 3.22% 13min 38s

......

lTL�±wÑipython$1��mÑ310-13min�m§k�ØÓéA��ØÇ�ØÓ§Ä�þ33%�m"Ù

¥�k �3 ��ØÇ���2.83%£�¡�
�k ���Ñ§l(JwÄ�þ�Xk�O�§�ØÇ���¤§�Ò

L²d��knn ©a�{���©a(J�Ð"

nÜþãSN§^knn�{?1Ã�£O�§�ØÇ�����2.83%£d�k=3,æ^îªål¤§�$1�

m���11min02s"
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2 ÄÄÄuuuNaive Bayes ���{{{���ÃÃÃ���NNN£££OOO

2.1 Naive Bayes���{{{{{{000

Naive Bayes�{´�«ÄuBayesVÇ��«©a�{§ÙÌ�g�´���z��VÇ"Ì�b�¤k�A

�Ñ´�pÕá�§¤k�A�é(ØÑ´Ó�­��"��d©a�Ä�úªXeµ

p(C|X) =
p(X|C)p(C)

p(X)
→ p(C|X) ∝ p(X|C)p(C)

Ù¥§X = X(X1, X2, · · · , Xn), C = C(c1, c2, · · · , cL). �ª·��3O��Ñ���VÇp(ck|X)(k =

1, 2, · · · , L)¥ÀJ�����§ù�XÒáuù�VÇ¤éA�aO"

2.2 AAA«««������ddd¢¢¢yyy���{{{���'''���

2.2.1 ÄÄÄuuusklearn¥¥¥���GaussianNB���{{{

ù«�{´b�¤k�featureÑ÷v��©Ù, éz�«feature©O?1[Ü§|^¥¢y��ÿ�'�{

ü§�Ié�.?1ÔöÚýÿ=�§�èXe(¢S$1��w�è©�mnist_nb_sklearn_GaussianNB.py)µ

#!/usr/bin/env python
import numpy as np
from sklearn.naive_bayes import GaussianNB

# �\ÔöêâÚI\, c¡16V¹�´êâ��'&E§��ÑKbits
train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[16:]).reshape([60000,784])

train_label = np.fromfile(’train-labels.idx1-ubyte’, dtype=np.uint8)
train_label = train_label[8:]

# �\ÿÁêâÚI\
test_image = np.fromfile(’t10k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[16:]).reshape([10000,784])

test_label = np.fromfile(’t10k-labels.idx1-ubyte’, dtype=np.uint8)
test_label = test_label[8:]

# create a Navie Bayes model based on Gaussian
model = GaussianNB()

# train the model
model.fit(train_image, train_label)

# predict
newlabel = model.predict(test_image)
error = sum(test_label != newlabel)*1.0/10000
print "Error rate is " + str(error*100) + "%."

éù«�{�ÿÁ(JXe,l¥�±wÑ§T�{��ØÇp�48.76%, �´$1�m�á"

Error rate is 48.76%.
CPU times: user 942 ms, sys: 448 ms, total: 1.39 s
Wall time: 1.44 s

2.2.2 ÃÃÃÄÄÄ¢¢¢yyyÄÄÄuuuGauss©©©ÙÙÙ���NB���{{{(JJJ���,,,


���"""feature)

3ùpÌ�´�éþ�«�{��ØÇ�p§�æ��«#��{§du328 × 28���¥§�3X�


�´0���:§'X`>.NC��§ù
:3¢SO�¥´vk�o�^�§Ïd�±ÏL�«�{�

Øù
:�&E§ü$feature��Ý"·�3ùpÚ\
��flagCþ§ÙÌ�^5V¹ØÓ�label¤éA�

Ôöêâ¥§=
�Ý�´0§=
�3X�0 �feature"XJ,�feature3¤kTlabel�ÿÁêâ¥��0�

{§KflagP�false§ÄKP�true"ù��{§3e¡¦Gauss©Ù�þ�Ú���§ØÓ�label�êâ¤éA

��Ý�ØÓ"�k�:I��Ñ�´§3¢S�O�¥§3O�VÇ�éê��§k�UÑylog0��¹§
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¤±3O���ÿ\\
����10−100, ù�Ò�±^|�O�e�"e¡´Ü©�è«~§¢S�è3©

�mnist_nb_less_features.py ¥"

# c¡�\êâÜ©Óþ��§S§�ÑK
# flag[i] ���´��Ôöêâ¥=
�Ý�´labeli0
def flagCalculation(train_image, train_label):

’’’
flag is a dictionary, where the key is the label 0-9, and the values
are the bool values indicate which column are all zeros
’’’
flag = {}
for i in range(10):

flag[i] = np.array([ train_image[train_label == i, j].sum() != 0 for j in range(784)
])
return flag

flag = flagCalculation(train_image, train_label)

# Calculate the A prioir probablity
p_y = np.array([train_label[train_label == i].shape[0]*1.0 / train_label.shape[0] for i in

range(10)])

# Calculate the sigma and mu
sigma = {}
mu = {}
# 3O���éØ�´�?1O�feature0
for i in range(10):

mu[i] = np.average(train_image[:, flag[i]][train_label == i, :], axis=0)
sigma[i] = np.std(train_image[:, flag[i]][train_label == i, :], axis=0)

def calcP_xy(x_test):
log_p_yx = {}
for i in range(10):

x_test_new = x_test[flag[i]]
# 3O����Ñy§\þ��é��êlog01e-100
log_p_yx[i] = np.sum(np.log(1.0/sigma[i]/np.sqrt(2*np.pi)*np.exp(-(x_test_new-mu[i])

**2/2.0/sigma[i]**2)+1e-100)) + np.log(p_y[i])
return np.argmax(log_p_yx.values())

newLabel = np.zeros(10000)
for i in range(10000):

newLabel[i] = calcP_xy(test_image[i,:])

error = sum(test_label != newLabel)*1.0/10000
print "Error rate is " + str(error*100) + "%."

éù�§S�ÿÁL²§�ØÇ�35.03%, 'c�«�{Jp
�n�z©:, �´ù��{�KNN�{�

'§�ØÇ�´�p§Ïde¡�Ä?�ÚU?"

Error rate is 35.03%.
CPU times: user 10.7 s, sys: 228 ms, total: 11 s
Wall time: 11 s

2.2.3 ÃÃÃÄÄÄ¢¢¢yyyÄÄÄuuuGauss©©©ÙÙÙ���NB���{{{(JJJ���,,,


���"""feature¿¿¿888���zzz)

ù«¢y�{�þ�«�{���«O´§·�éÔöÚÿÁêâ?1
8�z?n§=òêâØ±§���

��255. e¡´Ü©�è«~§¢S�è3©�mnist_nb_less_features_normalized.py ¥"

train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[16:]).reshape([60000,784]) / 255.0

test_image = np.fromfile(’t10k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[16:]).reshape([10000,784]) / 255.0

·��±w�§ù���(J´Jp
ÿÁ�O(Ç, �ØÇdc�«�{�35.03%, ü�
y3�21.04%.

Error rate is 21.04%.
CPU times: user 19.3 s, sys: 2.76 s, total: 22.1 s
Wall time: 22.1 s
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2.2.4 ÄÄÄuuusklearn¥¥¥¥¥¥���Multinomial©©©ÙÙÙ

�è�¡�Äusklearn¥¥�GaussianNB�{���«OÒ´òmodel�éd

model = GaussianNB()

U�


model = MultinomialNB(alpha=0.001)

(¢S�è3©�mnist_nb_sklearn_MultinomialNB.py ¥")

Multinomial Naive Bayes ©aì´A^ulÑA�¯K��«�{§'X`©�üc�©a"3ù��{

¥§I�N!�´��ëê´α, ù�ëê´��²wëê§^5��ÑyVÇ�0��¹§�α = 0�§L«vk²

w§%@�´�1§3ùp²LÿÁ��§·�
α = 0.001, d�§ÿÁ(J��ØÇ�16.3%"Ó���±wÑ§

ù«�{�$��ÝAO¯§$1�m�´3ms?O"

Error rate is 16.3%.
CPU times: user 386 ms, sys: 174 ms, total: 560 ms
Wall time: 384 ms

2.2.5 ÄÄÄuuuõõõ���������©©©���NB���{{{

duéuù
feature�ý¢©Ù·�Ã{¼�§Ïd�ÒéJ��ý¢�q,VÇ§3ùp·�b�ù
Ã�

Nêâ÷võ���©Ù§=

p(X|C) = fx(x1, . . . , xn) =
1√

(2π)n|Σ|
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)

Ù¥, µ ´õ�Cþ�þ�§µi = E(Xi), Σ ´���Ý
§|Σ| ´���Ý
�1�ª"

Σ = E
[
(X− E[X]) (X− E[X])T

]

=



E[(X1 − µ1)(X1 − µ1)] E[(X1 − µ1)(X2 − µ2)] · · · E[(X1 − µ1)(Xn − µn)]

E[(X2 − µ2)(X1 − µ1)] E[(X2 − µ2)(X2 − µ2)] · · · E[(X2 − µ2)(Xn − µn)]

...
...

. . .
...

E[(Xn − µn)(X1 − µ1)] E[(Xn − µn)(X2 − µ2)] · · · E[(Xn − µn)(Xn − µn)]


du3O��§éõVÇ�¦�U¬��é���Ñy§Ïd·�¿Ø´��|^þ¡�VÇ5O�§
´^

�éê���(J5L«§=

p(y|x) ∝ p(xi|y) =
1

σy

√
2π
e
− (xi−µy)2

2σ2y i = 1, 2, 3, 4
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��Ò´�O�

ln p(ck|X) = ln p(X|ck) + ln p(ck), k = 1, 2, · · · , L.

= ln

(
1√

(2π)n|Σk|
exp

(
−1

2
(x− µk)TΣk

−1(x− µk)

))
+ ln p(ck)

= −n
2
ln 2π − 1

2
ln |Σk| −

1

2
(x− µk)TΣk

−1(x− µk) + ln p(ck)

3¢SO�¥§ÿÁêâ¥���aO�©O'�þ!§þª¥k��éu���(JK���§�±Ø^O

�§��Ò�IO�

ln p(ck|X) = −1

2
(x− µk)TΣk

−1(x− µk) + ln p(ck)

3�è�¢y¥§·�Ì�N^numpy¥Jø��«�5�ê�¼ê5O�Ý
�'�$�§AO�5¿�´

3O����Ý
�§·�3�5�Ä:þ§3é��þ\
��é��êλ, ùp·�ÿÁ�uy�15000�J�

Ð£XeL¤«,5¿L¥�$1�m���¢SüÕ$1���mk«O§�U´duùp´ëYÿÁ§éõê3

S�¥®²�3���¤§ù����Ï´�
��¦���Ý
�_��UÑyÛÉ��¹"

λ Error rate Run time(unit:s)

1000 6.21% 38.86
5000 4.57% 37.96
10000 4.17% 38.47
12000 4.14% 38.12
15000 4.06% 38.09
18000 4.16% 38.15

�kÒ´O�Ý
�1�ªÑ¤�mAO�§¹k���Ý
1�ª@��é�ª(J�K�'��§

Ïd3¦)�·�Ò���Ñ
, ù��Jp
O���Ý§äN�±we¡�«~�è§¢S�è3©

�mnist_nb_multi_Gaussian.py ¥"

#!/usr/bin/env python
import numpy as np

# Load train and test data
train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[16:]).reshape([60000,784])

train_label = np.fromfile(’train-labels.idx1-ubyte’, dtype=np.uint8)
train_label = (train_label[8:])

test_image = np.fromfile(’t10k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[16:]).reshape([10000,784])

test_label = np.fromfile(’t10k-labels.idx1-ubyte’, dtype=np.uint8)
test_label = (test_label[8:])

# Calculate the A prioir probablity
p_y = np.array([train_label[train_label == i].shape[0]*1.0 / train_label.shape[0] for i in

range(10)])
#print p_y

# Calculate the sigma and mu
sigma = {}
mu = {}
invsigma ={}
lambda = 15000
for i in range(10):

dat = train_image[train_label == i, :]
mu[i] = np.average(dat, axis=0)
# sigma is singular, so we add some large value on the diagnoal
sigma[i] = np.cov(dat, rowvar=0) + lambda*np.eye(784, dtype=np.uint8)
invsigma[i] = np.linalg.inv(sigma[i])

idx = np.zeros(10000, dtype=np.uint8)

for k in range(10000):
kdat = test_image[k,:]
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gx = np.zeros(10)
for j in range(10):

gx[j] = -0.5*(kdat - mu[j]).dot(invsigma[j]).dot((kdat - mu[j]).T) + np.log(p_y[j])
idx[k] = np.argmax(gx)

err = 1 - sum(idx == test_label)*1.0/10000
print "Error rate is " + str(err*100)+ "%."

e¡´§S$1�(J§Ø�Ç�4.06%, ÏLipythonÿÁÑ��1min 14s. �±wÑ§ù«�{'±þ¤k

�Naive Bayes�{�O(ÇÑp§�´O��m�'��"

Error rate is 4.06%.
CPU times: user 1min 10s, sys: 4.31 s, total: 1min 14s
Wall time: 43 s

3 ÄÄÄuuuSVM���ÃÃÃ���NNN£££OOO

3.1 SVM���{{{{{{000

SVM£support vector machine¤l�5�©�¹e��`©a¡uÐ
5"�`©a¡Ò´�¦©a�Ø�

Uòüa�(©m,�¦©am���"SVM �ÄÏé��÷v©a�¦��²¡,¿�¦Ôö8¥�:ål©a¡

¦�U��,�Ò´Ïé��©a¡¦§üý��x«�(margin)��"Lüa��¥l©a¡�C�:�²1u�

`©a¡��²¡þ�Ôö��Ò��|±�þ"margin��§©aìk�r�Å�Uå§��­½!�Ï^"

êÆ��¡§SVM=�¦)���g5y�`z¯K"3¦�k�å^��`z¯K�§.�KF¦f{

£Lagrange Multiplier) ÚKKT^�´�~­��ü�¦��{§éu�ª�å�`z¯K§�±A^.�KF¦

f{�¦��`�¶XJ¹kØ�ª�å§�±A^KKT^��¦�"ùü��{¦��(J�´7�^�§�k

�´à¼ê��¹e§âU�y´¿©7�^�"KKT^�´.�KF¦f{��z"o�5`§Ù�{�)µ

(1) ÀJØ¼ê(òA�?1l$��p��=�§¯k3$�þ?1O�§
ò¢�þ�©a�JLy3
p�

þ§;�
��3p��m¥�E,O�)¶

(2) ÀJëê£Ú\tµCþ?nkDÑêâ§��8I¼ê¥ü�µ/Ïémargin ����²¡0Ú/�yê

â: �þ��0�m��­¤

(3) ¦)�g5y�`z¯K¶

(4) d|±�þ�E�O¼ê"

3.2 ���èèè¢¢¢yyy

Step 1 1\sklearn ¥¼ê

# mnist_svm by using scikit-learn
import numpy as np
from sklearn import svm

Step 2 \1©aêâ£ÔöêâÚÿÁêâ¤

# train examples: 60000, size: 28*28
train_image = np.fromfile(’train-images.idx3-ubyte’, dtype=np.uint8)
train_image = (train_image[16:]).reshape([60000,28*28])

train_label = np.fromfile(’train-labels.idx1-ubyte’, dtype=np.uint8)
train_label = (train_label[8:])
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# test examples: 10000, size: 28*28
test_image = np.fromfile(’t10k-images.idx3-ubyte’, dtype=np.uint8)
test_image = (test_image[16:]).reshape([10000,28*28])

test_label = np.fromfile(’t10k-labels.idx1-ubyte’, dtype=np.uint8)
test_label = (test_label[8:])

Step 3 ÀJ�5�êâu��a©aì5U"du©a^��§J�ÔöÚÿÁêâ��©��"duÿÁêâ

¥§c5000�êâ'��ß§�5000�êâ'��
§ÏdÀJ��´¥mêâã"

# select smaller train sample: 6000, size: 28*28
strain_image = train_image[0:6000,:]
strain_label = train_label[0:6000]
# select smaller test sample: 1000= former500 + later500, size: 28*28
stest_image = test_image[4500:5500,:]
stest_label = test_label[4500:5500]

Step 4 ÀJ©a¼ê§'�ØÓ^�e�©a(J

# -- choose differnt functions to fit model -- # -- change kernel-- change parameters
----#

#model = svm.LinearSVC() # choose lineaar condition
#model = svm.NuSVC(kernel="poly",degree=2) # choose Non-lineaar condition
#model = svm.SVC(kernel="linear") # create a svm with linear kernel
#model = svm.SVC(kernel="rbf",gamma=2) # create a svm with rbf kernel
model = svm.SVC(kernel="poly",coef0=0.0,degree=2,gamma=0.0) # create a svm with

polynomial kernel
#model = svm.SVC(kernel="sigmoid",coef0=0.0,gamma=1) # create a svm with sogmoid

kernel

Step 5 ?1©aO�

# train, fit the model
model.fit(train_image, train_label)

# test
svm_class = model.predict(test_image)

Step 6 ÚO�ØÇ

# error amount
error_count = 0
for i in xrange(test_label.shape[0]):

if svm_class[i] != test_label[i]:
error_count += 1

# error rate
errorRate = float(error_count) / float(test_label.shape[0])

3.3 ÁÁÁ���(((JJJ

ÀJØÓ�Ø¼ê±9ÙØÓëê�§£O�°Ý¬kCz(XeL¤«), äN5`§SVM¥Ø¼ê�a.Ì

�k:

• linear: < x, x′ >

• polynomial: (γ < x, x′ > +r)d, d is specified by keyword degree, r is by coef0.

• rbf: exp(−γ|x, x′|2), γ is specified by keyword gamma, must be greater than 0.

• sigmoid: tanh(γ < x, x′ > +r), where r is specified by coef0.
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kernel coef0 degree gamma Error Rate

- - - 0.131
LinearSVC - - - 0.148

- - - 0.135
NuSVC - - - 0.881

NuSVC(kernel="poly") - - - 0.12
- - - 0.078

SVC(kernel="linear") - - - 0.078
- - - 0.078

0.1 3 - 0.04
0.2 3 - 0.04
1 3 - 0.04
- 1 - 0.078
- 2 - 0.034

SVC(kernel="poly") - - - 0.04
- 4 - 0.05
- 5 - 0.064
- - 0.5 0.04
- - 1 0.04
- - 2 0.04
- - - 0.881

SVC(kernel="rbf") - - 0.5 0.881
- - 2 0.881
- - - 0.881

SVC(kernel="sigmoid") 0.5 - - 0.881
- - 1 0.881

(þL�ØÓKernelÚëêé�ØÇ�K�¶�5�êâ(J§- %@�§�3�Aëê��¹e§coef0 =

0.0, degree = 3, gamma = 0.0)

ÏLÿÁ'�§uy3model = svm.SVC(kernel="poly",coef0=0.0,degree=2,gamma=0.0)�¹e§©a�Ø

Ç�$"^§ÿÁ�5�êâ§�ØÇ�0.0194"

>>> errorRate
0.0194

3.4 SVM���(((

�~Ã�êiN£O§�5Úõ�ª�SVM�©a�J�Ð"±�gõ�ª��Z"pdGauss»�Ä¼êK

´ÛÜ5r�Ø¼ê§�´�Û5��¶
Sigmoid¼ê��Ø¼ê�§|±�þÅ¢y�Ò´�«õ�a�ì 

²�ä§A^SVM�{§Û¹�!:ê8(§(½ ²�ä�(�)!Û¹�!:éÑ\!:���Ñ´3�O(Ô

ö)�L§¥gÄ(½�"
�|±�þÅ�nØÄ:û½
§�ª¦��´�Û�`�
Ø´ÛÜ���§��y


§éu�����ûÐ�zUå
Ø¬ÑyLÆSy�§�´3�~¥©a�J��"

4 ooo(((

ÏLkNN,Navie BayesÚSVM©a�{éMNISTÃ�êi?1£O§uy^knn�{£�k=3,æ^îª

ål¤�§�ØÇ�����2.83%§�$1�m���11min02s¶Äuõ���©Ù�Navie Bayes�

{§�λ�15000�§©a�ØÇ�4.06%§�$1�m=1min14s¶SVM �{3model = svm.SV C(kernel =

”poly”, coef0 = 0.0, degree = 2, gamma = 0.0) �¹e§©a�ØÇ�$�1.94%"w,±O(Ç�IO�§�`

�.����SVM �{§ëêÀJXþ¤�"
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