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gi(x) > gj(x) forall j # i.
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Decide wj if P(wi|x) > P(wj|x) for all j # i
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8i(x) = P(wilx).
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8i(x) = —R(ai|x).
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i = P(w; = 4
gi(x) = P(wilx) S p(x1))P()

8i(x) = p(x|wi) P(wi)
gi(x) = log p(x|w;) + log P(w;)
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g(x) ¥ gi(x) — g2(x)

Z DHEOFHANANZ: Decide w if g(x) > 0 otherwise ws.
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g(x) = P(wi|x) — P(wz|x)
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gi(x) = log p(x|w;) + log P(w;).
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FIGURE 2.10. If the covariance matrices for two distributions are equal and proportional to the identity
matrix, then the distributions are spherical in d dimensions, and the boundary is a generalized hyperplane of
d — 1 dimensions, perpendicular to the line separating the means. In these one-, two-, and three-dimensional
examples, we indicate p(x|e;) and the boundaries for the case P(w;) = P(w,). In the three-dimensional case,
the grid plane separates R, from R,. From: Richard O. Duda, Peter E. Hart, and David G. Stork, Pattern
Classification. Copyright © 2001 by John Wiley & Sons, Inc.



FIGURE 2.11. As the priors are changed, the decision boundary shifts; for sufficiently
disparate priors the boundary will not lie between the means of these one-, two- and
three-dimensional spherical Gaussian distributions. From: Richard O. Duda, Peter E.
Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John Wiley &
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gi(x) = —%(X — i) TN (x = i) + log P(wi).
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FIGURE 2.12. Probability densities (indicated by the surfaces in two dimensions and
ellipsoidal surfaces in three dimensions) and decision regions for equal but asymmet-
ric Gaussian distributions. The decision hyperplanes need not be perpendicular to the
line connecting the means. From: Richard O. Duda, Peter E. Hart, and David G. Stork,

Pattern Classification. Copyright © 2001 by John Wiley & Sons, Inc.
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gi(x) = xTWix + w. x + wjp
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Wi = ,u,-T Wip; — 5 log |X;| + log P(w;).
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FIGURE 2.14. Arbitrary Gaussian distributions lead to Bayes decision boundaries that
are general hyperquadrics. Conversely, given any hyperquadric, one can find two Gaus-
sian distributions whose Bayes decision boundary is that hyperquadric. These variances
are indicated by the contours of constant probability density. From: Richard O. Duda,
Peter E. Hart, and David G. Stork, Pattern Classification. Copyright © 2001 by John
Wiley & Sons, Inc.
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e/ 1 (cov_diag.py)

import numpy as np
import matplotlib.pyplot as plt

def gausscontour(c, m, xx, yy):

xt = xx - m[0, O]

yt = yy - m[1, 0]

ic = np.linalg.inv(c)

p=1./ (2. * np.pi * np.sqrt(np.linalg.det(c))) \

* np.exp(-1. / 2. * \

(ic[0, 0] * xt * xt \
+ (ic[0, 1] + ic[1, 0]) * xt * yt \
+ ic[1, 1] * yt * yt))

return p
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d =2
n 1000
ml = np.array([0., 2.]1)[:, np.newaxis]
m2 = np.array([3., 0.]1)[:, np.newaxis]

pl = 0.3

p2 =1 - pl

covl = np.eye(2)
cov2 = covl

x1 = np.random.randn(d, n) + ml.dot(np.ones([1, nl))

x2 = np.random.randn(d, n) + m2.dot(np.ones([1, n]))

ml - m2

x0=1. / 2. * (m1 + m2) - 1. / np.linalg.norm(ml - \
m2)**2. * np.log(pl / p2) * (ml - m2)

(w.T.dot(x1 - x0) > 0)[-1]

(w.T.dot(x2 - x0) > 0)[-1]

=
I
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1 (cov_diag.py)



e/ 1 (cov_diag.py)

[xx, yy] = np.meshgrid(np.linspace(-2, 5), np.linspace(-2, 5))
plt.figure()

plt.axis(’equal’)

pl = gausscontour(covl, ml, xx, yy)

plt.contour(xx, yy, pl, cmap=’hsv’)

p2 = gausscontour(cov2, m2, xx, yy)

plt.contour(xx, yy, p2, cmap=’hsv’)

# correct x1

plt.plot(x1[0, np.where(11)], x1[1, np.where(11)], ’bo’)

# wrong x1

plt.plot(x1[0, np.where("11)], x1[1, np.where("11)], ’ro’)

# correct x2

plt.plot(x2[0, np.where(l - 12)], x2[1, np.where(l - 12)], ’r"’)
# wrong x2

plt.plot(x2[0, np.where(12)], x2[1, np.where(12)], ’b~’)



e/ 1 (cov_diag.py)

xxyy = np.c_[np.reshape(xx, -1), np.reshape(yy, -1)].T
pp = w.T.dot(xxyy - xO * np.ones([1, xxyy.shapel[1]]))
pp = np.reshape(pp, xx.shape)

cs = plt.contour(xx, yy, pp, cmap=’hsv’)
plt.clabel(cs)

# plt.savefig(’cov_diag.eps’)

plt.show()
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MNIST 7 — & F| FH “E{jed

MNIST 7 =& ZD 6 KXY > a— F¥ X http://yann. lecun. com/exdb/mnist/.

train-images-idx3-ubyte.gz  training set images (9912422 bytes)
train-labels-idx1-ubyte.gz  training set labels (28881 bytes)
t10k-images-idx3-ubyte.gz  test set images (1648877 bytes)
t10k-labels-idx1-ubyte.gz  test set labels (4542 bytes)

MNIST 7 — X 2 5tAAL 71 75 A mnread.py 2L TV 3
mnread.py ZRIHT 270, 7075 MERDERXT 4 L7 F VI 'mnist’ EWH5 ¥ 774 L
7 MU ELED, MNIST 7 — X ZME &

mnread.readim : read MNIST images
mnread.readlabel : read MNIST labels



fErd 2 (MNIST)

allge 2 MNIST 228 7 — X TIEL. 7R T —XZilAl L TA X
HEGIE 784 (= 28 x 28) KITARZ P LTHRAIFX I
BRFFERD M S L IREE &

Case 1 ¥; = o2l

Case2 L, =%

Case 3 X; = arbitrary
ERDMD T X — 2% MNIST 28 7 — 2 THEER &
HEE L7287 XA =22 K DAz E L. 7R b7 — X Zihle &

b b IEHUL (regularization) SR EELLYATH (pseudo inverse) D ZMRE L TH L
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fEE 2 (mntest.py)

DISHIERELX 82%

bads

9(5) 1(7 5(6) 3(8) 1(6) 18) 9(4) 1(3 4(9) 5(6)

5(3) 4(9) 9(4) 8(5) 4(9) 3(7) 3(8) 1(7) 7(5) 3(5)

IHEIEIIIIB

9(8) 1(5) 8(9) 3(5) 9(4) 3(8) 2(8) 4(2) 4(8) 3(5)

HEHAHIBEENH

8(2) 8(7) 0(9) 2(6) 1(2) 6(5) 3(8) 3(8) 3(2) 9(4)

HEEMASBEHER

2(6) 6(0) 5(0) 5(6) 1(5) 9(7) 1(2) 5(0) 7(9 1(7)



e/ 2 (mntest.py)

import numpy as np
import matplotlib.pyplot as plt
import mnread

def train(label, data):
data = np.reshape(data, [data.shape[0], -1])
lset set (label)
model = np.empty((len(lset), data.shape[l]), dtype=float)
for x in lset:
model[x, :] = np.mean(datal[np.where(label == x), :], axis=1)
return model

def classify(data, model):
data = np.reshape(data, [data.shape[0], -1])
label = np.empty(data.shape[0], dtype=int)

Eman 2 2 (Tt aharma AT .



e/ 2 (mntest.py)

trlabel = mnread.readlabel (mnread.trlabelfz)
trdata = mnread.readim(mnread.trdatafz)
tstlabel = mnread.readlabel (mnread.tstlabelfz)
tstdata = mnread.readim(mnread.tstdatafz)

model = train(trlabel, trdata)
estlabel = classify(tstdata, model)
print (’accuracy: %g’ % (float(sum(estlabel == tstlabel)) / len(tstlabel)))



e/ 2 (mntest.py)

plt.figure()
plt.suptitle(’goods’)
goods = np.random.permutation(np.where(estlabel == tstlabel) [-1]) [range(50)]
for i, good in enumerate(goods):
plt.subplot(5, 10, i + 1)
plt.axis(’off’)
plt.imshow(tstdatalgood, :, :], cmap=’gray’)
plt.title(estlabel[good])
plt.savefig(’good.eps’)
plt.figure()
plt.suptitle(’bads’)
bads = np.random.permutation(np.where(” (estlabel == tstlabel))[-1]) [range(50)]
for i, bad in enumerate(bads):
plt.subplot(5, 10, i + 1)
plt.axis(’off’)
plt.imshow(tstdatalbad, :, :], cmap=’gray’)
plt.title(%s(%s)’ % (estlabel[bad], tstlabel[bad]))

ATl + amtrAafrs~l( P Thad Ara )
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HIOBATH DHATH 2 KD 2 BE. KiRITHITH 2 - DMEIELC 25E50DH 5
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Matlab “TiX pinv, Python TliZ numpy.linalg.pinv & L CH|HRIHE

Inverse:

SO = OA (T DEHHER)

Y = oADT
=" Noio]
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