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import numpy as np Braiise Ao
from scipy.optimize import minimize

def rosen(x):

The Rosenbrock function
return sum(100.0*(x[1:]-x[:-1]**2.0)**2.0 + (1-x[:-1])**2.0)

x0 = np.array([1.3, 0.7, 0.8, 1.9, 1.2])
res = minimize(rosen, x0, method="'nelder-mead’,
options={'xtol": 1e-8, 'disp': True})

print(res.x)



B Z TS Python 070 5 /s

© imvort numpy as np P Fse LoF
from scipy.optimize import minimize

def rosen(x) :
“"”The Rosenbrock function™””
return sum(100. Ok (x [1:]-x[:=1]**2. 0)*x2. 0 + (1-x[:-1])**2.0)

X0 = np.array([1.3, 0.7, 0.8, 1.9, 1.2])

res = minimize (rosen, x0, method="nelder-mead’,
options={ xtol’ : 1e-8, "disp : True})

print(res. x)

[> Optimization terminated successfully.
Current function value: 0.000000
[terations: 339
Function evaluations: 571

(1. 1. 1. 1. 1.]

x=[11111]DEE (IXNTDEN 1D EE)
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Palebase Zab.
PW
Present with Always
probability p present
(a) At training time (b) At test time

a) Standard Neural Net (b) After applying dropout.

RO T 7ok FEBE(C, FEHERE p &9 3.

—a1—0O>%S5 >4 ASGEY, FARF(C(L, R p THEI D.

FEURWC E(ICTB. FMREERS(C(F, EHIC p ZHNTD HHTE)
(FBZEDIRT TENGEDRBY)

TensorFlow T 707 5 LA
p=0.5
tf.keras.layers.Dropout(rate = 1 - p)

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, llya Sutskever, Ruslan Salakhutdinov. Dropout: A Simple Way to Prevent Neural Networks from
Overfitting. The Journal of Machine Learning Research, Volume 15 Issue 1, January 2014 Pages 1929-1958

http://www.cs.toronto.edu/~rsalakhu/papers/srivastaval4a.pdf
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