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In [1]: 2 KA
import numpy as np
import matplotlib. pyplot as plt
from mpl_toolkits.mplot3d import Axes3D

import matplotlib. pyplot as plt
import numpy as np
import torch
from sklearn import preprocessing
with open( haberman. data’) as f:
raw_data = [line.strip().split(’,”) for line in f.readlines()]
np. random. seed (666)
raw data = np.array (raw data, dtype=np.int)
N_SAMPLES = raw_data. shape[0]
indices = np. arange (N_SAMPLES)
np. random. shuffle (indices)
raw data = raw datalindices]
raw_data
executed in 1.12s, finished 11:07:47 2019-12-29

Outl[1]: array([[47, 66, 0, 1],
[69, 65, 0, 1],
[36, 69, 0, 1],

[46, 62, 5, 2],

(43, 63, 2, 1],
(61, 68, 0, 1]1])
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In [2]: x, y = raw datal:, :-1], raw datal:, —-1] # Z075/7 -1t
X = preprocessing. scale (x)
print (x. mean (0), x.std(0))

executed in 8ms, finished 11:07:47 2019-12-29
[1.43313103e~16 3.84587061e-16 1.11747938e-16] [1. 1. 1.]
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In [3]: 1 fig = plt. figure(figsize=[20,6])
2 & YA A
3 # ax = Axes3D(f1g)
! ax = fig.add_subplot(I11, projection="3d")

6 ax. scatter (x[:, 0], x[:, 1], x[:, 2], c=y, cmap="rainbow”)
7 plt. show()

executed in 177ms, finished 11:07:47 2019-12-29
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In [4]: yly == 11 = -1

2 yly==2]=1

y = y.reshape(-1, 1)

train_test_ratio = 0.6 # LY 2505

N_TRAIN = round (N_SAMPLES#train_test_ratio)
x_train = x[:N_TRAIN]
y_train = y[:N_TRAIN]

-

©

9

10 x_test = x[-N_TRAIN:]

11 y test = y[-N_TRAIN:]
executed in 5ms, finished 11:07:47 2019-12-29

In [5]: I v def pairwise_mse(u: torch. Tensor, v: torch.Tensor):
2 ru = (wku).sum(~1, keepdims=True)

3 rv = (vkv).sum(-1, keepdims=True)

| return ru-2%u.mm(v. t))+rv. t ()

6 v def Linear kernal (u, v):
return uw.mm(v. t())

9 v def Gaussian_kernal (u, v):

10 # sigma = 50. 0

11 gamma = —10

12 return torch. exp(gamma*pairwise mse(u, v))
14 kernel = Gaussian kernal

16 a = torch. rand(size=[N_TRAIN, 1], requires grad=True) # SV paramter ai

18 v def SW_dul loss(x, y):

19 aij = a.mm(a. t ()

20 yij = y.omm(y. t ()

21 xij = kernel (x, x)

22 assert aij.size() == yij.size() == xij.size()
23 loss = a.sum() = (0. 5*%ai jkyi j*xij). sum()

24 return - loss

26 # def SVMl dul loss(x, y, lambda =0.5):

27 # aij = a.mm(a. t())

28 # yij = y.mm(y. t())

29 # xij = kernel (x, x)

30 F-4 assert aij. size() == yij. size() == xij. size()
31 # loss = (lambda /2 # aij * xij). sum() + |
32 # (1-x1j. mm(a)*y). clamp (min=0). mean ()

33 # return loss

34

35 v def SVM_dul predict(x_ture, y_true, x_pred):

36 xij = kernel (x_ture, x pred)

37 yai = a*y true

8 y pred = yai.t().mm(xij)

y pred = torch. sign(y_pred-y pred.mean())
return y pred. view(-1, 1)

executed in 29ms, finished 11:07:47 2019-12-29
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In [6]: 1 opt = torch. optim. SGD([a], 1r=0.002)
2 x_train = torch. tensor (x_train, dtype=torch. float32)
3 y_train = torch. tensor (y_train, dtype=torch. float32)
1 x_test = torch. tensor (x_test, dtype=torch. float32)
5 y_test = torch. tensor(y_test, dtype=torch.float32)
6 loss_history = []
7 train acc = []
8 val acc = []
) v for epoch in range(10000) :
10 loss = SVM_dul_loss(x_train, y_train)
loss. backward ()
12 opt. step ()
13 opt. zero_grad ()
14 - with torch.no_grad():
15 loss_history. append (loss. item())
16 y pred = SVM dul predict(x train, y train, x train)
17 acc = (y_train == y pred). float (). mean()
18 train_acc. append (acc)
19 # print (acc)
20 # print (al0])
21 v if epoch % 100 == 0:
22 y_pred = SVM_dul predict(x_train, y train, x_test)
23 acc = (y_test == y pred). float (). mean()
24 val acc. append (acc)

executed in 15.0s, finished 11:08:02 2019-12-29

In [7]: I v with torch.no grad():
2 y_pred = SVM_dul_predict(x_train, y train, x_test)
3 acc = (y_test == y _pred). float (). mean()
| print ("acc”, acc)

5 # Plot batch accuracy

6 fig = plt. figure (figsize=[20, 5])

7 ax = fig.add subplot (131)

8 ax.plot (train_ace, k=", label="Accuracy’)

) x.set_title( training Accuracy’)

10 ax. set_xlabel (" Generation’)

x. set_ylabel (" Accuracy’)

12 ax. legend (loc="lower right’)

)

o

14 # Plot loss over time

15 ax = fig.add subplot (132)

16 ax.plot (loss_history, "k-")

17 ax.set_title(’ Loss per Generation’)
18 ax. set_xlabel (" Generation’)

19 ax. set_ylabel (" Loss’)

R~

= fig.add subplot(133)

plot (val acc, "k-', label="Accuracy’)
.set_title( validation Accuracy’)

. set_xlabel (" Generation’)

25 ax. set_ylabel (" Accuracy’)

26 ax. legend (loc="lower right’)

27 plt. show ()

executed in 398ms, finished 11:08:02 2019-12-29
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