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FEED-FORWARD NEURAL NETWORK
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A FEED-FORWARD NEURAL NETWORK
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A FEED-FORWARD NEURAL NETWORK



HOW DO WE LEARN WEIGHTS?
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DERIVING GRADIENT DESCENT
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BACKPROPAGATION
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ACTIVATION FUNCTIONS
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MINIMIZERS OF EUCLIDEAN DISTANCE APPROXIMATE POSTERIORS



REGULARIZATION
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INITIALIZATION: EXPERIMENT BY GLOROT & BENGIO (2010)

|w(0)
kj | ≤

1√
|fan-in|k

|w(0)
kj | ≤

√
6√

|fan-in|k+|fan-out|k

Glorot & Bengio, AISTATS, 2010.
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INITIALIZATION: EXPERIMENT BY GLOROT & BENGIO (2010)

SoftSign:

◦ ϕ(x) = x

1+|x|

◦ ϕ
′(x) = 1

(1+|x|)2

◦ ϕ(x) = 1

1+e
−x

◦ ϕ
′(x) = ϕ(x)(1− ϕ(x))

◦ ϕ(x) = e
x
−e

−x

e
x+e

−x

◦ ϕ
′(x) = 1− ϕ

2(x)

Glorot & Bengio, AISTATS, 2010.



MOMENTUM
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w
(t+1) = w

(t)
− η

∂E
(t)

∂w(t) , where ∆w
(t) = −η

∂E
(t)

∂w(t)

◦ escaping local optima or flat regions on the error surface

◦ adds inertia to the magnitude of the weight update

w
(t+1) = w

(t)
− η

∂E
(t)

∂w(t) + µ∆w
(t−1) 0 ≤ µ < 1

∆w(t)
= −η

t∑

i=0

µt−i
∂E(i)

∂w(i)

µ = momentum constant

◦ new weight update



VANISHING AND EXPLODING GRADIENT
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Why it happens?

◦ ϕ(·) return gradient values in their saturation region

◦ ϕ(·) > 1 can accumulate, cause large gradient, instability

How to combat it?

◦ unorthodox ϕ(·) such as ReLU or leaky ReLU

◦ batch normalization

◦ gradient clipping

◦ tinker with learning rates



BATCH NORMALIZATION
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Composition of layers:

◦ gradient: update weights when other weights are unchanged

◦ practice: all weights are updated simultaneously

◦ problem: when network very large

Example:

◦ deep network w/ one weight w per layer (linear activation)

◦ output: x · w1 · · ·w|layers|

◦ updated output: x · (w1 − η
∂E

∂w1
) · · · (w|layers| − η

∂E

∂w|layers|
)

Approach:

◦ z-score normalize outouts in each layer, backpropagate
through those operations



ADDITIONAL HEURISTICS
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Early stopping:

◦ use validation set to prevent overfitting

◦ validation set size picked wisely (e.g., n < |w| requires

additional attention)

Learning rate:

◦ each weight has its learning rate

◦ learning rate varies over time (e.g., increase if gradient sign

is unchanged over consecutive iterations)



ADAPTIVE TECHNIQUES

Two questions:

◦ Can we avoid using gradient? Yes, but we need the sign.

◦ Can we adaptively change learning rates? Yes.

w
(t+1)

= w
(t)

− η
∂E

(t)

∂w(t)

Standard update:

Idea: observe gradient

◦ if the sign stays the same in t and t+ 1: increase step size

◦ if sign changes: return to previous position and decrease step size

◦ if gradient is 0: stop

Algorithms:

◦ resilient propagation (RPROP)



Algorithm. Resilient propagation algorithm (RPROP). Recommended
parameter values are ∆0 = 0.1, ∆min = 10−6, ∆max = 50, η

−
= 0.5, η+ = 1.2.

Note that sign(0) = 0.

Initialization: for ∀wij

Set w
(0)
ij randomly

∆(0)
ij = ∆0

∆w
(0)
ij = −sign( ∂E

∂wij

(0)
) ·∆0

Weight update step: for ∀wij

t = 1
w

(t)
ij = w

(t−1)
ij +∆w

(t−1)
ij

repeat until convergence

if ∂E
∂wij

(t−1)
·

∂E
∂wij

(t)
> 0

∆(t)
ij = min

{

∆max,∆
(t−1)
ij · η+

}

∆w
(t)
ij = −sign( ∂E

∂wij

(t)
) ·∆(t)

ij

elseif ∂E
∂wij

(t−1)
·

∂E
∂wij

(t)
< 0

∆(t)
ij = max

{

∆min,∆
(t−1)
ij · η

−

}

∆w
(t)
ij = −∆w

(t−1)
ij

∂E
∂wij

(t)
= 0

else
∆(t)

ij = ∆(t−1)
ij

∆w
(t)
ij = −sign( ∂E

∂wij

(t)
) ·∆(t)

ij

end
w

(t+1)
ij = w

(t)
ij +∆w

(t)
ij

t = t+ 1
end

Termination: for ∀wij

Output w
(t)
ij

Riedmiller & Braun, IEEE ICNN, 1993.



OPTIMIZATION: STOCHASTIC GRADIENT DESCENT (SGD)

Algorithm. Stochastic gradient descent.

Input:
Training data: D = {(xi, yi)}

n

i=1
, X = Rd and Y = {0, 1}

Learning rate schedule: η1, η2, . . . ∈ (0, 1]
Termination criteria; e.g., the maximum number of steps

Initialization: w ← initial values

Weight learning:
t← 1
repeat until termination criteria are satisfied

draw a minibatch B of m examples (x, y) from D
compute gradient ∇E(w) using B
w ← w − ηt∇E(w)
t← t+ 1

end

Output: weights w

ηt = (1− α)η0 + αητ

where α =
t

τ

Learning rate schedule:

∑
∞

k=1
ηk = ∞

∑
∞

k=1
η2
k
< ∞

Convergence guaranteed if:

Goodfellow et al. Deep learning, 2016.



OPTIMIZATION: SGD W/ MOMENTUM

Algorithm. Stochastic gradient descent with momentum.

Input:
Training data: D = {(xi, yi)}

n

i=1
, X = Rd and Y = {0, 1}

Learning rate η ∈ (0, 1], momentum µ ∈ [0, 1)
Termination criteria; e.g., the maximum number of steps

Initialization: w,∆w ← initial values

Weight learning:
repeat until termination criteria are satisfied

draw a minibatch B of m examples (x, y) from D
compute gradient ∇E(w) using B
∆w ← µ∆w − η∇E(w)
w ← w +∆w

end

Output: weights w

Momentum choice:

µ ∈ {0.5, 0.9, 0.99}

Consider:

∇E(w) doesn’t change in time

Then:

η||∇E(w)||
1−µ

is terminal momentum

Thus:

µ = 0.9 leads to 10× update

Goodfellow et al. Deep learning, 2016.



Algorithm. The Adam algorithm. Recommended parameter values are η0 =
0.001, ρ1 = 0.9, ρ2 = 0.999, δ = 10−8.

Input:
Training data: D = {(xi, yi)}

n

i=1
, X = Rd and Y = {0, 1}

Learning rate η0 ∈ (0, 1], ρ1, ρ2 ∈ [0, 1), δ
Termination criteria; e.g., the maximum number of steps

Initialization: w ← initial values, t← 0, u← 0, v ← 0

Weight learning:
repeat until termination criteria are satisfied

draw a minibatch B of m examples (x, y) from D
compute gradient ∇E(w) using B
t← t+ 1
u← ρ1u+ (1− ρ1)∇E(w)
v ← ρ2v + (1− ρ2)∇E(w)2

ηt ← η0
√

1− ρt2/(1− ρt1)
w ← w − ηt

u
√

v+δ

end

Output: weights w

OPTIMIZATION: ADAM

Kingma & Ba, ICLR, 2015.

Adam = Adaptive Moment

estimation

← component-wise operation

← component-wise operation

Insights:

ρ1, ρ2 determine ηt

ηt ≈ η0 for large t

u
√

v
≈ sign(∇E(w))

u = slowly becomes ∇E(w)

v = slowly becomes ∇E(w)2
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AUTOASSOCIATOR (AUTOENCODER)
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ON NEURAL NETWORKS

Networks:

◦ inspired in part by how brain works

◦ massive parallelism, graceful degradation

◦ good generalization, noise-tolerant, can incorporate prior knowledge

◦ not transparent

Network structure:

◦ feed-forward

◦ recurrent

◦ deterministic vs. stochastic activation

Expressiveness:

◦ 2-layer networks can learn any continuous function

◦ 3-layer networks can learn any function (universal approximators)

◦ O( 2
d

d
) neurons needed to learn all binary functions with d inputs


