


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

1

Lecture Notes IV – Neural Networks, Part 2

Marina Meilă
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Can we mimic 2-nd order methods “cheaply”? (T,L)

↭ “2-nd derivative” is Hessian ω2L
ωW2 a p → p matrix

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

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

↭ Momentum (Heavy ball method)

Wt+1
↓ Wt

↔ ωεgt + (1↔ ω) (Wt
↔Wt→1)

︸ ︷︷ ︸
previous step

(27)

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

↭ Adaptive learning rates (coming next)

4The factor n or n→ is ignored, because it does not a!ect what we do.
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Adaptive Learning Rates (LR) – S,T

↭ Typical for SGD
↭ The LR adapts over iteration t and parameter wi
↭ Goal ε “normalized” with a factor that avoids large updates

↭ gt
i = ωL

ωwi
(Wt)

↭ Let Gi,t =
∑t

t=1(g
t→
i )2 = sum of squares of gradients for weight i

↭ AdaGrad algorithm

wt+1
i ↓ wt

i ↔
ε

√
Gi,t + ϑ

gt
i . (28)

↭ Problem stepsize can’t increase if needed

↭ RMSProp “momentum” (forgetting) Gi,t = 0.9Gi,t→1 + 0.1(gt
i )

2

↭ Adam momentum and RMSProp
↭ Hyperparameters ω1 = 0.9, ω2 = 0.999, ε = 10↑8

mt
i = ϖ1m

t→1
i + (1↔ ϖ1)g

t
i momentum for g (29)

vt
i = ϖ2v

t→1
i + (1↔ ϖ2)(g

t
i )

2 RMSProp, momementum for g2 (30)

m̂t
i =

mt
i

1↔ ϖt
1

v̂ t
i =

vt
i

1↔ ϖt
2

decay (31)

wt
i ↓ wt→1

i ↔
ε

√
v̂ t
i + ϑ

m̂t
i (32)
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Comparisons – AdaGrad, RMSProp, ADAM
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mmp@uwaterloo.ca

With Thanks to Pascal Poupart & Gautam Kamath

Cheriton School of Computer Science

University of Waterloo

February 8, 2026



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

V
–
N
eu

ra
l
N
et
w
or
ks

2
/
8
/
2
6

2

Convolutional networks (Convnets)

Residual networks (Resnets)

Some (convolutional) neural network breakthroughs

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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ConvNets – Convolutional Networks

↭ discrete convolution let f , g : Z → R
Z = all integers

(f ↑ g)(t) =

∑

i→Z
f (t ↓ i)g(i) (1)

↭ convolution as Toeplitz matrix vector multiplication

↭ in ConvNets, Z is replaced by 1 : m, f is padded with 0’s
↭ g is a (smoothing) kernel

↭ i.e. g(i) = g(→i) > 0 and | supp g | = 2s + 1 ↑ m,
∑

i g(i) = 1

↭ Convolutional layer f ↔ x input, g ↔ w weights, s output

s(t) =
t+s∑

i=t↑s

wi s(t ↓ i) (2)

↭ Pooling

a symmetric function like max,
∑

, . . .
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Convolution for feature extraction



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

V
–
N
eu

ra
l
N
et
w
or
ks

2
/
8
/
2
6

8



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

V
–
N
eu

ra
l
N
et
w
or
ks

2
/
8
/
2
6

10



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

V
–
N
eu

ra
l
N
et
w
or
ks

2
/
8
/
2
6

11



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

V
–
N
eu

ra
l
N
et
w
or
ks

2
/
8
/
2
6

12



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

V
–
N
eu

ra
l
N
et
w
or
ks

2
/
8
/
2
6

13

from www.deeplearningbook.org Chapter 9
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Resnets – Residual networks

Idea What is the “simplest” input-output function? f0(x) = x
↭ Hence, a NN layer should learn the di!erence w.r.t. identity f0

xl+1 = Blω(Wlxl )+xl (3)

Generalization DenseNet

↭ Layer l gets inputs from l → 1, l → 2, . . .




