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Training a single unit

Training a 2-layer network

Training a L-layer network

Backpropagation in practice

Practical remedies to I, T, S, L, O

Reading HTF Ch.: 11.3 Neural networks, Murphy Ch.: (16.5 neural nets), Bach Ch.: –, Deep
Learning Book (Goodfellow, Bengio, Courville) 6.1-4, ResNet 7.6, ConvNet 9., Autoencoders
14.1, Dive Into Deep Learning 4.1-4.3.
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Backpropagation – some issues

I Computation – how many ops / iteration?

T Convergence – how many iterations (T ) ?

S Saturation – �0(x) ⇡ 0 for large |z|

L Local minima

0 Overfitting?



M
ar
in
a
M
ei
la
|
C
S
4
8
0
/
6
8
0
W

in
te
r
2
0
2
6
:
L
ec

tu
re

IV
–
N
eu

ra
l
N
et
w
or
ks

1
2
/
8
/
2
6

12

I Ops/ iteration

I Number parameters p
I W = {W (l) 2 Rml⇥ml�1 , l = 1 : L}
I Hence p ⇠

PL
l=1 ml�1ml

I Forward pass: each W (l)
ij is used once to propagate from x(l�1)

j to x(l)i , for each data point

I Backward pass: each W (l)
ij is used once to propagate from x(l)i to x(l�1)

j , for each data
point

I Update: each weight is updated once.
I Hence number operations / iteration is O(np)

I This can become very large with deep networks, large data, and large input dimensions
d (= m0)
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T Convergence – how many iterations?

I Theory – Gradient Descent (GD) is “order 1”, a slower method (asymptotically) compared
to Newton.
I 1-st order optimization method: uses only 1-st derivative info
I 2-nd order optimization method: uses 1-st and 2-nd derivative info
I 0-th order optimization method: uses no derivative info (only L values)

I In the case of neural networks, as for any L with local minima, the practical issues below
are also relevant.

I Progress of training is slow when the gradient @L
@W

(l)
ij

is ⇡ 0 away from the optimum

I When does this happen? L has valleys (in some direction @L
@W ⇡ 0) or plateaus, or saddles

I Saturation
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L Local optima

I L has many local optima and valleys (often between local optima) [and plateaus]

I It is not possible or expected to find the global optimum in W space (note also there are
multiple equal optima)

I The goal of training is
I to avoid the really bad local optima
I to avoid stopping at saddles or plateaus

I Modern (very large) nn
I have extremely many local minima
I have extremely many good local minima
I GD (and SGD) converge very close to the starting point!!
I . . . and GD favors local minima with good generalization !!
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Stochastic gradient descent – I,T,L

SGD 1. At each iteration t, select a batch B ⇢ D of size n0 ⌧ n from the data
2. Calculate gradient and update only with respect to the samples in B

Wt+1  Wt � ⌘
1

n0

X

i2B

@L(y i , f (xi ))

@W (Wt) (26)

I What is achieved?
I Faster gradient calculation! ⇠ n0p instead of ⇠ np
I gB ⇡ gD where gB,D represent the gradients on the batch, respectively entire D
I If B is a random subset, then gB is a random variable with mean gD .

I Variations and refinements
I use n0 = 1 possible (update weights after every data point)
I start with n0 small (to advance fast) then increase it (to reduce “noise”)
I naturally adapts to on-line learning (use n0 � 1 data points, then discard them)

I Randomness in gradient can help avoid very poor local minimima, saddles, etc (not
plateaus)

I Impact on I: faster iteration, T: arrrive faster near the local minimumum, L: as above
I Terminology: GD also called batch GD, SGD with n0 > 1 also called minibatch SGD, some

people understand by SGD the SGD with n0 = 1 (typical in algorithm analysis); epoch a
pass through the entire D, e.g. n/n0 iterations of SGD.
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Can we mimic 2-nd order methods “cheaply”? (T,L)

I “2-nd derivative” is Hessian @2L
@W2 a p ⇥ p matrix

I We want to get the benefits of 2-nd order in O(p) time.4

I Let g 2 Rp denote a gradient or stochastic gradient (p is still the number of parameters
we are training)

I Momentum (Heavy ball method)

Wt+1
 Wt

� �⌘gt + (1� �) (Wt
�Wt�1)

| {z }
previous step

(27)

I (many variations exist, e.g. Nesterov method)

I Adaptive learning rates (coming next)

4The factor n or n0 is ignored, because it does not a↵ect what we do.




