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DISCLAIMER

The content (text, image, and graphics) used in this slide are
adopted from many sources for academic purposes. Broadly,
the sources have been given due credit appropriately. However,
there is a chance of missing out some original primary sources.
The authors of this material do not claim any copyright of such
material.



Weight Initialization



Weight Initialization: Constant

Q: what happens when W=Constant init is used?

output layer
input layer
hidden layer



Weight Initialization: Constant

Q: what happens when W=Constant init is used?

- Every neuron will compute the
same output and undergo the
exact same parameter updates.
- There is no source of asymmetry
between neurons if their weights output layer

are initialized to be the same. npatimme
hidden layer
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Weight Initialization: Gaussian

First idea: Small random numbezrs
(Gaussian with zero mean and le-2 standard deviation)

Symmetry breaking: Weights are different for different
neurons
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Weight Initialization: Gaussian

First idea: Small random numbezrs
(Gaussian with zero mean and le-2 standard deviation)

Symmetry breaking: Weights are different for different
neurons

Works ~okay for small networks, but problems with deeper
networks,
1.e. Almost all neurons will become zero

-> gradient diminishing problem.
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Weight Initialization: Gaussian

First idea: Small random numbezrs
(Gaussian with zero mean and le-2 standard deviation)

Symmetry breaking: Weights are different for different
neurons

Works ~okay for small networks, but problems with deeper
networks,
1.e. Almost all neurons will become zero

-> gradient diminishing problem.

Increase the standard deviation to 1
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Weight Initialization: Gaussian

First idea: Small random numbezrs
(Gaussian with zero mean and le-2 standard deviation)

Symmetry breaking: Weights are different for different
neurons

Works ~okay for small networks, but problems with deeper
networks,
1.e. Almost all neurons will become zero

-> gradient diminishing problem.

Increase the standard deviation to 1
Almost all neurons completely saturated, either -1 or 1. Gradients

will be all zero.
-> gradient diminishing problem. @
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Weight Initialization: Gaussian

Lets look at
some
activation
statistics

E.g. 10-layer net with
500 neurons on each
layer, using tanh
non-linearities, and
initializing as
described in last slide.

assume some unit gaussian 18-D input data
= np.random.randn(1080, 508)

idden layer sizes = [500]*18
nonlinearities = ['tanh']*len(hidden layer sizes)

#
D
h

act = {'relu’:lambda x:np.maximum(©,x), 'tanh’:lambda x:np.tanh(x)}
Hs = {}
for i in xrange(len(hidden_layer_sizes)):

X =D if i == 0 else Hs[i-1l] # input at this layer
fan_in = X.shapel1l
fan out = hidden layer sizes[i]
W = np.random.randn(fan_in, fan out) *= 0.01 # layver initialization
H = np.dot(X, W) # matrix multiply
H = act{nonlinearities[i]](H) # nonlinearity
Hs[i] = H # cache result on this layer
# look at distributions at each layer
print "input layer had mean %f and std =T % (np.mean{D), np.std(D))
layer means = [np.mean(H) for i,H im Hs.iteritems()]

layer_stds = [np.std(H) for i,H in Hs.iteritems()]
for i,H in Hs.iteritems():

print 'hidden layer %d had mean %T and std %f' % (i+l1, layer_means[i], layer_stds[il])

# plot the means and standard deviations
plt.figure()

plt.subplot(121)

plt.plot{Hs.keys(), layer means, 'ob-')
plt.title('layer mean’)

plt.subplot(122)

plt.plot{Hs.keys(), layer_stds, 'or-')
plt._title('layer std')

# plot the raw distributions

plt.figure()

for i,H in Hs.iteritems/():
plt.subplot(l,len(Hs),i+1)
plt.hist(H.ravel(), 38, range=(-1,1))
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Weight Initialization: Gaussian

input layer had mean 0.000927 and

std 0.998388

hidden layer 1 had mean -©.000117 and std ©.213681
hidden layer 2 had mean -©.000001 and std 0.6047551
hidden layer 3 had mean -©.000002 and std ©.010630
hidden layer 4 had mean ©.000001 and std ©.002378
hidden layer 5 had mean ©.000002 and std 8.006532
hidden layer 6 had mean -©.€00000 and std ©.000119
hidden layer 7 had mean ©.000000 and std 8.000026
hidden Layer 8 had mean -0.000000 and std ©.0€0006
hidden layer 9 had mean ©.000000 and std 6.800001
hidden layer 10 had mean -0.000000 and std ©.600000
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Weight Initialization: Gaussian

Almost all neurons
completely
saturated, either -1
and 1. Gradients

will be all zero.

W = np.random.randn(fan _in, fan out) * 1.0 # layer initialization
input layer had mean ©.001800 and std 1.6681311
hidden layer 1 had mean -0.080438 and std ©.981879
hidden layer 2 had mean -©.080849 and std ©.981649
hidden layer 3 had mean ©.008566 and std 8,981601
hidden layer 4 had mean ©.008483 and std 8.981755 -
hidden layer 5 had mean -0.086682 and std ©.981614 *1 O Instead Of *O 01
hidden layer 6 had mean -0.0804681 and std ©.981568 = =
hidden layer 7 had mean -0.080237 and std ©.981528
hidden layer 8 had mean -0.080448 and std ©.981913
hidden layer 9 had mean -0.08€899 and std 0.981728
hidden layer 10 had mean ©.080584 and std ©.981736
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[Glorot et al., 2010]

Weight Initialization: Xavier

Calibrating the variances with 1/sqrt(fan_in)
W = np.random. randn(fan_in, fan_out) /np. sqrt(fan_in)

Reasonable initialization.
(Mathematical derivation assumes linear activations)

o
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Weight Initialization: Xavier

input layer had mean 8.801800 and std 1.001311

layer
layer
layer
layer
layer
layer
layer
layer
layer
layer

had
had
had
had
had
had
had
had
had

= OONOU L WN -

mean
mean
mean
mean
mean
mean
mean
mean
mean

0.601198 and std ©.627953
-0.000175 and std ©.486051
0.000055 and std ©.407723
-0.000306 and std ©.357168
0.000142 and std 0.328917
-9.000389 and std ©.292116
-0.000228 and std ©.273387
-0.000291 and std ©.254935
0.000361 and std ©.239266

0 had mean 0.000139 and std ©.228688

layer mean

W

= np.random.randn(fan_in, fan _out) / np.sqrt(fan_in) # layer initialization

“Xavier initialization”
[Glorot et al., 2010]

layer std

Reasonable initialization.
(Mathematical derivation
: assumes linear activations)

@
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Weight Initialization: Xavier

input layer had mean 0.000501 and std 0.999444

fan out) / np.sqrt(fan_in) # layer initialization

but when using the RelLU
nonlinearity it breaks.

hidden layer 1 had mean 0.398623 and std 0.582273 || = np.random.randn(fa.n in
hidden layer 2 had mean 0.272352 and std 0.403795 = o
hidden layer 3 had mean 0.186076 and std 0.276912
hidden layer 4 had mean 0.136442 and std 0.198685
hidden layer 5 had mean 0.099568 and std 0.140299
hidden layer 6 had mean 0.072234 and std 0.103280
hidden layer 7 had mean 0.049775 and std 0.072748
hidden layer 8 had mean 0.035138 and std 0.051572
hidden layer 9 had mean 0.025404 and std 0.038583
hidden layer 10 had mean 0.018408 and std 0.026076
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We may also use
fan in + fan out
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Weight Initialization: Xavierlmproved

h . 5 44 : 2 gt ’ y s
B e om0 2e2400 and sta o 839232 | W = np.random.randn(fan_in, fan_out) X np.sqrt(2/fan_in) # layer initialization

hidden layer 2 had mean €.553614 and std 0.827835
hidden layer 3 had mean ©.545867 and std 0.813855
hidden layer 4 had mean ©.565396 and std 0.826902
hidden layer 5 had mean ©.547678 and std 0.834092 t I 20 1
hidden layer 6 had mean ©.587163 and std 0.860035 e e a -y
hidden layer 7 had mean ©.596867 and std 0.870610
hidden layer 8 had mean €.623214 and std 0,889348 =g
hidden layer 9 had mean ©.567498 and std ©.845357 t dd t I 2/
hidden layer 10 had mean 6.552531 and std 90.844523 (no e a I Iona
layer mgan . Ryer std
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Proper initialization is an active area of research...

Understanding the difficulty of training deep feedforward neural networks by Glorot and
Bengio, 2010

Exact solutions to the nonlinear dynamics of learning in deep linear neural networks by
Saxe et al, 2013

Random walk initialization for training very deep feedforward networks by Sussillo and
Abbott, 2014

Delving deep into rectifiers: Surpassing human-level performance on ImageNet
classification by He et al., 2015

Data-dependent Initializations of Convolutional Neural Networks by Krahenbiihl et al., 2015

All you need is a good init by Mishkin and Matas, 2015
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