Lecture 7
Training Neural Networks
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Announcements

Homework 1 due Thursday, Feb 26, 11:55pm via Gradescope

Calculus review session, Friday Feb 27 11:15am in CSL E110 (led by Max)
Chain rule, vector / matrix derivatives
Attendance optional

Midterm 1 on Tuesday, March 10, 4-5:15pm (in class)
Topics and practice midterm will be posted soon.
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Recap: Linear classifiers
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Recap: Loss function

- We have some dataset of (x,y)
- We have a score function: ¢ — f(:z:; W) = Wz
- We have a loss function:

regularization loss

b= — 10 Softmax B
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Recap: Optimization

SGD

SGD+Momentum

RMSProp

Adam
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Last time: Neural Networks

Linear score function:

2-layer Neural Network
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Last time: Computational graphs
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Last time: Backpropagation

X
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Backprop with Vectors

Loss L still a scalar!

Dx £ “local
\ gradients”
D, < 9 57 D, x D] 21D,
“Downstream Matri < f
. ., atrix-vector P)
gradients multiply i oz
Dy Y 44 Jacobian 0z z
— matrices “Upstream gradient”
D Y For each element of z, how
y much does it influence L?
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Backprop with Matrices (or Tensors) Loss L still a scalar!

dL/dx always has the

DM [ local same shape as x!
\ gradients”
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does it influence each element of z? Much does it influence L?
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Today: Training Neural Networks
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Overview

* One time setup: activation functions, preprocessing,
weight initialization, regularization, gradient checking

* Training dynamics: babysitting the learning process,
parameter updates, data augmentation, hyperparameter
optimization

e Evaluation: model ensembles
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Activation Functions
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Activation Function: Non-linearities

(Before) Linear score function: f = W

(Now) 2-layer Neural Network ~ f = Wo max(O,

Wiz)

The function max(0, z) is called the activation function.
Q: What if we try to build a neural network without one?

f — WQWliC

Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Lecture 7 - 14

Feb 21, 2026



Activation Function: Non-linearities

(Before) Linear score function: f = W

(Now) 2-layer Neural Network ~ f = Wo max(O,

Wiz)

The function max(0, z) is called the activation function.
Q: What if we try to build a neural network without one?

[ =WeolWix Wi = WoW, e RE*H f = Wi

A: We end up with a linear classifier again!
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Activation Functions

Sigmoid Leaky ReLU
_ 1 max(0.1z, )
O'(SC)  14e %

tanh
tanh(x)

10

Maxout
max(wi x + by, wi x + bs)

ReLU | ELU |
max (0, x) z x>0
= . ae® —1) z<0 - 5
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Activation Functions o(z) =1/(1+€e%)

- Squashes numbers to range [0,1]

- Historically popular since they
have nice interpretation as a
saturating “firing rate” of a neuron

0 .
-10 10

Sigmoid

Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Lecture 7 - 17 Feb 21, 2026



Activation Functions alz) =1/ (1 =<*)

- Squashes numbers to range [0,1]

- Historically popular since they
have nice interpretation as a
saturating “firing rate” of a neuron

3 problems:

0 .
-10 10
1. Saturated neurons “kill” the

Sigmoid gradients

Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Lecture 7 - 18 Feb 21, 2026



&
ox

X
OL 0o OL
Ox Oz Ho

Subhransu Maiji and TAs

sigmoid
gate

o(z) =1/(1+ e_"i)

| o

(‘9_L
oo

L
-10

0x

2D — 5(x) (1 - 0(x))

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Lecture 7 - 19

Feb 21, 2026




| [8o

ox

X
OL 0o OL
Ox Oz Ho

sigmoid
gate

o(z) =1/(1+ e_"i)

(‘9_L
oo

What happens when x =-107?
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X Odo| sigmoid o(z) =1/(1+ e_‘"‘;) 0 /
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What happens when x = 07?
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X [ [do] sigmoid o(z) =1/(1+ 6_";) 0.@/
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X Oo| sigmoid 0'(:13) & 1/(1 + e_m) 06 /
‘ - % gate ) > .
oz B oxr Oo 80_ A N

2D — 5(x) (1 - 0(x))

Why is this a problem? 9x
If all the gradients flowing back will be
zero and weights will never change
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Activation Functions alz) =1/ (1 =<*)

- Squashes numbers to range [0,1]

- Historically popular since they
have nice interpretation as a
saturating “firing rate” of a neuron

3 problems:
~10 0 10
1. Saturated neurons “kill” the
Sigmoid gradients
2. Sigmoid outputs are not zero-
centered
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Consider what happens when the input to a neuron is
always positive... —

@ synapse
on
woz(

axon from a neur

f Zwiﬂfz‘ +b

What can we say about the gradients on w?
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Consider what happens when the input to a neuron is
always positive... —

@ synapse
on
woz(

axon from a neur

f Zwiﬂfz‘ +b

What can we say about the gradients on w?

g_i =0o(D_;wiz; +b)(1 —o(D_, wiz; +b))x X upstream_gradient
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Consider what happens when the input to a neuron is
always positive... —

2 n. synapse
woxo

axon from a neur

f Zwiﬂfz‘ +b

What can we say about the gradients on w?

We know that local gradient of sigmoid is always positive

g_i = o(Q_; wiz; +b)(1 — (D, wiz; + b)ja: X upstream_gradient
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Consider what happens when the input to a neuron is
always positive... —

2 n. synapse
woxo

axon from a neur

f Zwiﬂfz‘ +b

What can we say about the gradients on w?

We know that local gradient of sigmoid is always positive
We are assuming x is always positive

g_i = o(Q_; wiz; +b)(1 — (D, wiz; + b)ja: X upstream_gradient
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Consider what happens when the input to a neuron is
always positive... —

O’n. synapse
woxo

axon from a neur

f Z’wz‘ﬂ?i +b

What can we say about the gradients on w?

We know that local gradient of sigmoid is always positive
We are assuming x is always positive

So!! Sign of gradient for all w; is the same as the sign of upstream scalar gradient!

oL | o(>, wiz; +b)(1 — o (D, wiz; + b)ja: X lupstream_gradient

ow
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Consider what happens when the input to a neuron
always positive...

IS

allowed
gradient
update
directions

gradient
update
directions

f E wz 332 —|_ b allowed
2

What can we say about the gradients on w?
Always all positive or all negative :(

Subhransu Maiji and TAs

zig zag path

4

hypothetical
optimal w
vector
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Consider what happens when the input to a neuron
always positive...

IS

allowed
gradient
update
directions

gradient
update
directions

f Z W; XL; ‘I‘ b allowed

What can we say about the gradients on w?
Always all positive or all negative :(
(For a single element! Minibatches help)

Subhransu Maiji and TAs

zig zag path

4

hypothetical
optimal w
vector
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Activation Functions alz) =1/ (1 =<*)

- Squashes numbers to range [0,1]

- Historically popular since they
have nice interpretation as a
saturating “firing rate” of a neuron

3 problems:
~10 0 10
1. Saturated neurons “kill” the
Sigmoid gradients
2. Sigmoid outputs are not zero-
centered

3. exp() is a bit compute expensive
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Activation Functions

- Squashes numbers to range [-1,1]
- zero centered (nice)
- still kills gradients when saturated :(

[LeCun et al., 1991]
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Activation Functions

10,

-10 10

RelLU
(Rectified Linear Unit)

Subhransu Maiji and TAs

Computes f(x) = max(0,x)

Does not saturate (in +region)
Very computationally efficient
Converges much faster than
sigmoid/tanh in practice (e.g. 6x)

[Krizhevsky et al., 2012]
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Activation Functions -~ Computes f(x) = max(0,x)

- Does not saturate (in +region)

- Very computationally efficient

- Converges much faster than
sigmoid/tanh in practice (e.g. 6x)

10,

-10 10

- Not zero-centered output

RelLU
(Rectified Linear Unit)

Subhransu Maiji and TAs
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Activation Functions Computes f(x) = max(0,x)

- Does not saturate (in +region)

- Very computationally efficient

- Converges much faster than
sigmoid/tanh in practice (e.g. 6x)

10,

-10 10

- Not zero-centered output
RelLU - An annoyance:

(Rectified Linear Unit) _ _ _
hint: what is the gradient when x < 0?

Subhransu Maiji and TAs
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10,

X (191 ReLU o(x) = max(0, a:)
< % gate <
OL 0o OL %
dr Oz Oo oo “10 v 10

What happens when x =-107
What happens when x = 07?7
What happens when x = 107?
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active RelLU
> DATA(CLOUD

dead RelLU
will never activate
=> never update
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Ly
> DATA CLOUD active ReLU
D | ﬁ\

=> people like to initialize
ReLU neurons with slightly dead RelLU

positive biases (e.g. 0.01) will never activate
=> never update

Subhransu Maiji and TAs
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. . . M tal.,, 2013
Activation Functions EH:SeStZI.,a 2015] |

- Does not saturate

-  Computationally efficient

- Converges much faster than
sigmoid/tanh in practice! (e.g. 6x)

- will not “die”.

Leaky ReLU
f(z) = max(0.01z, )

Subhransu Maji and TAs Lecture 7 - 42 Feb 21, 2026
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. . . M tal.,, 2013
Activation Functions EH:SeStZI.,a 2015] |

- Does not saturate

-  Computationally efficient

- Converges much faster than
sigmoid/tanh in practice! (e.g. 6x)

- will not “die”.

10

-1 10

Parametric Rectifier (PReLU)

Leaky ReLU i
fla) —mnaliiim) | A T

backprop into a (parameter)
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Activation Functions [Clevert et al., 2015]

Exponential Linear Units (ELU)

- All benefits of ReLU

- Closer to zero mean outputs

- Negative saturation regime
compared with Leaky RelLU

101

§ ) N adds some robustness to noise
2 w0 : :
f(x) = {a (exp(@) —1) ifz<0 Computation requires exp()

(Alpha default = 1)
Subhransu Maiji and TAs
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Activation Functions [Klambauer et al. ICLR 2017]

Scaled Exponential Linear Units (SELU)

10 - Scaled version of ELU that
works better for deep networks

- “Self-normalizing” property;

- Can train deep SELU networks

=t _ 1 without BatchNorm
.Y ifz >0
flz) = {)\a(ef” — 1) otherwise

a = 1.6732632423543772848170429916717
A = 1.0507009873554804934193349852946
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Maxout “Neuron” [Goodfellow et al., 2013]

- Does not have the basic form of dot product ->
nonlinearity

- Generalizes RelLU and Leaky RelLU
- Linear Regime! Does not saturate! Does not die!

max(w; = + by, ws = + by)

Problem: doubles the number of parameters/neuron :(

Subhransu Maiji and TAs
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TLDR: In practice:

- Use RelLU. Be careful with your learning rates
- Try out Leaky RelLU / Maxout/ ELU / SELU

- To squeeze out some marginal gains
- Don’t use sigmoid or tanh
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Data Preprocessing

Subhransu Maiji and TAs
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Step 1: Preprocess the data

original data zero-centered data normalized data
10 10 10 -
. A
5 5 S
0 - 0 - 0 / I

-10 -10
1q -10 -5 0 5 1g -10 -5 0 5 10

X -= np.mean(X, axis = 0) X /= np.std(X, axis = 0)
(Assume X [NxD] is data matrix,
each example in a row)

Subhransu Maiji and TAs
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Step 1: Preprocess the data

original data zero-centered data normalized data

10 10 10 -

A
s 5 S
0 - 0 - 0 /I

v
15 = ' 1 a0 =3 0 5 19 T = 0 10
X -= np.mean(X, axis = 0) . X /= np.std(X,Xs = 0)

|
(Assume X [NxD] is data matrix,

. Invariance of units
each example in a row)
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Preprocessing: Why are we doing this?

- Subtracting off the mean

Avoid gradients that only point in two different orthants.

- Normalizing the magnitude

Kilometers vs. millimeters...
Invariance to the specific *units* of the inputs...

Subhransu Maiji and TAs
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Step 1: Preprocess the data

In practice, you may also see PCA and Whitening of the data

original data decorrelated data whitened data

10

1g 0 = ) 5

(data has diagonal (covariance matrix is the
covariance matrix) identity matrix)

Subhransu Maiji and TAs
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In practice for Images: center only

e.g. consider CIFAR-10 example with [32,32,3] images

- Subtract the mean image
(mean image = [32,32,3] array)
- Subtract per-channel mean
(mean along each channel = 3 numbers)

Not common to normalize
variance, to do PCA or
whitening

Subhransu Maiji and TAs
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Weight Initialization

Subhransu Maiji and TAs
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-  Q: what happens when W=0 init is used?

output layer
input layer
hidden layer

Subhransu Maiji and TAs
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- Firstidea: Small random numbers
(gaussian with zero mean and 1e-2 standard deviation)

W= 0.01 * np.random.randn(Din, Dout)

Subhransu Maiji and TAs
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- Firstidea: Small random numbers
(gaussian with zero mean and 1e-2 standard deviation)

W= 0.0l * np.random.randn(Din, Dout)

Works ~okay for small networks, but problems with
deeper networks.

Subhransu Maiji and TAs
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Weight Initialization: Activation statistics

dims = [4096] * 7 Forward pass for a 6-layer

hs = [] net with hidden size 4096

X = np.random.randn(1l6, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]):
W = 0.01 * np.random.randn(Din, Dout)
X = np.tanh(x.dot(W))
hs.append(x)

What will happen to the activations for the last layer?

Subhransu Maiji and TAs
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Weight Initialization: Activation statistics

dims = [4096] * 7 Forward pass for a 6-layer All activations tend to zero

hs = [] net with hidden size 4096 for deeper network Iayers
X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]): Q: What do the gradients

W = 0.01 * np.random.randn(Din, Dout) dL/dW look like?
X = np.tanh(x.dot(W))

hs.append(x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=0.00 mean=0.00 mean=-0.00 mean=-0.00 mean=0.00
std=0.49 std=0.29 std=0.18 std=0.11 std=0.07 std=0.05

Subhransu Maiji and TAs
Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller
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Weight Initialization: Activation statistics

dims = [4096] * 7 Forward pass for a 6-layer All activations tend to zero

hs = [] net with hidden size 4096 for deeper network Iayers
X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]): Q: What do the gradients
W= 0.01 * np.random.randn(Din, Dout) dL/dW look like?
X = np.tanh(x.dot(W))

hs.append (x) A: All zero, no learning =(
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=0.00 mean=0.00 mean=-0.00 mean=-0.00 mean=0.00
std=0.49 std=0.29 std=0.18 std=0.11 std=0.07 std=0.05

Subhransu Maiji and TAs
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Lecture 7 - 60 Feb 21, 2026



Weight Initialization: Activation statistics

dims = [4096] * 7 Increase std of initial

hs = [] weights from 0.01 to 0.05
X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]):
W = 0.05 * np.random.randn(Din, Dout)
X = np.tanh(x.dot(W))

hs.append (x)

What will happen to the activations for the last layer?

Subhransu Maiji and TAs
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Weight Initialization: Activation statistics

dims = [4096] * 7 Increase std of initial All activations saturate
hs = [] weights from 0.01 to 0.05 _
X = np.random.randn(16, dims[0]) Q: What do the gradlents

for Din, Dout in zip(dims[:-1], dims[1l:]): look like?
W= 0.05 * np.random.randn(Din, Dout)
X = np.tanh(x.dot(W))

hs.append (x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.00 mean=-0.00 mean=0.00 mean=-0.00 mean=0.00 mean=-0.00
std=0.87 std=0.85 std=0.85 std=0.85 std=0.85 std=0.85

-3 0 1 -1 0 1 —3 0 1 —3 0 1 —1 0 1 —3 0 1
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Weight Initialization: Activation statistics

dims = [4096] * 7 Increase std of initial All activations saturate
hs = [] weights from 0.01 to 0.05 .
X = np.random.randn(16, dims[0]) Q: What do the gradlents
for Din, Dout in zip(dims[:-1], dims[1l:]): look like?
W = 0.05 * np.random.randn(Din, Dout) )
% = nps:tanh(x.dot () A: Local gradients all zero,
hs.append (x) no learning =(
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.00 mean=-0.00 mean=0.00 mean=-0.00 mean=0.00 mean=-0.00
std=0.87 std=0.85 std=0.85 std=0.85 std=0.85 std=0.85

-3 0 1 -1 0 1 —3 0 1 —3 0 1 —1 0 1 —3 0 1

Subhransu Maiji and TAs
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization:

hs = [] std = 1/sqrt(Din)

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1]1, dims[1:1):

W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.tanh(x.dot(W))

hs.append(x)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are

hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-11, dims[1:]):

W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.tanh(x.dot(W))

hs.append(x)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=-0.00 mean=0.00 mean=0.00 mean=0.00 mean=-0.00

std=0.63 std=0.49 std=0.41 std=0.36 std=0.32 std=0.30

o | 0 1 -1 0 1 -1 0 1 -1 0 1 | 0 1

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are
Hs = std = 1/sqrt(Din) nicely scaled for all layers!
X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1]1, dims[1:1):

W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.tanh(x.dot(W))

hs.append(x)

Let: y = X, W, +X,Wyt... X5, Wp,

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are
hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1]1, dims[1:1):

W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.tanh(x.dot(W))

hs.append(x)

Let: y = X, W, +X,Wy+... X5, Wp,

Assume: Var(x,) = Var(x,)= ...=Var(xy,)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Lecture 7 - 67 Feb 21, 2026



Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are
hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1]1, dims[1:1):
np.random.randn(Din, Dout) / np.sqrt(Din)
np.tanh(x.dot (W))

s.append(X)

W
X
h

Let: y = X,W X, Wyt . +Xpi Wpin
Assume: Var(x,) = Var(x,)= ...=Var(Xp;,)

We want: Var(y) = Var(x;)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010

Subhransu Maiji and TAs
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are
hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])
for Din, Dout in zip(dims[:-1]1, dims[1:1):

W = np.random.randn(Din, Dout) / np.sqrt(Din)

X = np.tanh(x.dot(W))

hs.append(x)
Let: y = X, W +X,W,+...+X5, Wp;. Var(y) = Var(x,w;+X,;W,+...+Xpi Wpi,)
Assume: Var(x,) = Var(x,)= ...=Var(xy;,) [substituting value of y]

We want: Var(y) = Var(x;)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are
hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])
for Din, Dout in zip(dims[:-1]1, dims[1:1):

W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.tanh(x.dot(W))
hs.append(x)
= Din Var(x:w,
Assume: Var(x,) = Var(x,)= ...=Var(xy;,) (xwi)

[Assume all x;, w; are iid]
We want: Var(y) = Var(x;)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010

Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller Lecture 7 - 70 Feb 21, 2026



Weight Initialization: “Xavier” Initialization

dims = “Xavier” initialization:
hs = [] std = 1/sqrt(Din)
X = np.random.randn(16, dims[0])
for Din, Dout in zip(dims[:-1]1, dims[1:1):
= np.random.randn(Din, Dout) / np.sqgrt(Din)
= np.tanh(x.dot(W))
s.append(X)

[4096] * 7 “Just right”: Activations are

nicely scaled for all layers!

W
X
h

Let: y = X,W X, Wyt . +Xpi Wpin
Assume: Var(x,) = Var(x,)= ...=Var(Xp;,)

We want: Var(y) = Var(x;)

Var(y) = Var(x;w;+X,W,+...+Xp;,Wpp,)
= Din Var(xw;)
= Din Var(x;) Var(w;)
[Assume all x;, w, are zero mean]

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
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Weight Initialization: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are
hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])
for Din, Dout in zip(dims[:-1]1, dims[1:1):

W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.tanh(x.dot(W))
hs.append(x)
= Din Var(x:w,
Assume: Var(x,) = Var(x,)= ...=Var(xy;,) bw)

= Din Var(x;) Var(w;)

We want: Var(y) = Var(x;) [Assume all x, w, are iid]

So, Var(y) = Var(x;) only when Var(w,) = 1/Din
Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010
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Weight Initialization: What about ReLU?

dims = [4096] * 7
hs = []

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]):

W = np.random.randn(Din, Dout) / np.sqgrt(Din)
X np.maximum(0, x.dot(W))
hs.append(x)

Change from tanh to RelLU

Subhransu Maiji and TAs
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Weight Initialization: What about ReLU?

dims =
hs = []
X = np.random.randn(16, dims[0])
for Din, Dout in zip(dims[:-1], dims[1l:]):

W = np.random.randn(Din, Dout) / np.sqrt(Din)

(240961 * 7 Change from tanh to ReLU

Xavier assumes zero
centered activation function

S O, ) Actlyatlons collgpse to zero
hs.append (X) again, no learning =(

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.39 mean=0.28 mean=0.20 mean=0.14 mean=0.10 mean=0.07
std=0.58 std=0.41 std=0.30 std=0.21 std=0.15 std=0.10

Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller
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Weight Initialization: Kaiming / MSRA Initialization

iimi T]”O%] " 7 ReLU correction: std = sqrt(2 / Din) Just right”: Activations are
X = np.random.randn(16, dims[0]) nICe|y Scaled for a” IayerS!
for _Din, Dout in zip(dims[:-1 dims[1l:]1):
W = np.random.randn(Din, Dout) * np.sqrt(2/Din)
X = np.maximum(0, x.dot(W))

hs.append(x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.57 mean=0.57 mean=0.56 mean=0.55 mean=0.55 mean=0.55
std=0.83 std=0.83 std=0.83 std=0.81 std=0.81 std=0.81

-1 0 1 -1 0 1 -1 0 1 -1 0 1 . | 0 1 | 0 1

He et al, “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”, ICCV 2015

Subhransu Maiji and TAs

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller

Lecture 7 - 75 Feb 21, 2026



Proper initialization was 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 Krahenbuhl et al., 2015
All you need is a good init, Mishkin and Matas, 2015
Fixup Initialization: Residual Learning Without Normalization, Zhang et al, 2019

The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks, Frankle and Carbin, 2019
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Batch Normalization
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Batch Normalization [loffe and Szegedy, 2015]

A 4

FC Usually inserted after Fully
BlN _ Connected / (or Convolutional, as
I we’ll see soon) layers, and before
tarh nonlinearity.
FC
I
BN ) z*) — E[x(k)]
|
- v/ Var[z(%)]

Subhransu Maji and TAs Lecture 7 - 78 Feb 21, 2026

Some slides kindly provided by Fei-Fei Li, Jiajun Wu, Erik Learned-Miller



Batch Normalization [loffe and Szegedy, 2015]

“you want unit Gaussian activations? just make them so.”
Not actually “Gaussian”. Just zero mean, unit variance.

consider a batch of activations at some layer.
To make each dimension unit normalized,

apply:
(k) _ E[(k)
~(k) — L kA

v/ Var[z(%)] this is a vanilla
differentiable function...

Subhransu Maiji and TAs
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Batch Normalization [loffe and Szegedy, 2015]

“you want unit Gaussian activations?
just make them so0.” (you want NORMALIZED activations)

2 a2 a 1. compute the empirical mean and

variance independently for each
dimension.
N X
2. Normalize
k k
VYV f(k):m()_E[SE( )]

D \/Vﬁl‘[ilf(k)]

Subhransu Maiji and TAs
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Batch Normalization [loffe and Szegedy, 2015]

A 4

FC Usually inserted after Fully
BlN _ Connected / (or Convolutional, as
I we’ll see soon) layers, and before
tarh nonlinearity.
FC
I
BN ) z*) — E[x(k)]
|
- v/ Var[z(%)]
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Batch Normalization [loffe and Szegedy, 2015]

Normalize:
k k
(¥ z(®) — E[z(*)]
K
\/Var[x( )] Note, the network can learn:
And then allow the network to squash v(k) = \/Var[x(k)]
the range if it wants to:

Bk — Elz(®)]

to recover the identity
mapping.

Subhransu Maiji and TAs
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Batch Normalization [loffe and Szegedy, 2015]

Input: Values of x over a mini-batch: B = {z1._,}; - Improves gradient flow through
Parameters to be learned: ~, 3 the network

Output: {y; = BN, g(z;)} - Allows higher learning rates

- Reduces the strong dependence

// mini-batch mean on initialization

- Acts as a form of regularization
in a funny way, and slightly

//'mini-batch variance reduces the need for dropout,

1 m
e i
o} L3 @i p)?
y mi=1 z

. maybe
~ Ty — KB )
T; ¢ ——— // normalize
V 0123 1€
Yi — 7Z; + B = BN, g(z;) // scale and shift

Subhransu Maiji and TAs
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Batch Normalization [loffe and Szegedy, 2015]

08
- Improves gradient flow through
. - eeaemm—- = - the network
V[ f g e - Allows higher learning rates
{4 - Reduces the strong dependence

06, on initialization

— = = Inception - Acts as a form of regularization
osll T Aaaselne in a funny way, and slightly

. -g:::g(zSigmoi ) reduces the need for dropout,

4 Steps to match Inception m aybe

04 16M 15IM 20IM ZSIM 301M

Figure 2: Single crop validation accuracy of Inception
and its batch-normalized variants, vs. the number of
training steps.
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Batch Normalization [loffe and Szegedy, 2015]

Input: Values of = over a mini-batch: B = {1 }; Note: At test time BatchNorm layer

Parameters to be learned: v, 3 functions differently:
Output: {y; = BN, g(z;)}

| m The mean/std are not computed
UB — — Z T // mini-batch mean | based on the batch. Instead, a single
B i fixed empirical mean of activations

e during training is used.
2 2 s :
—_ i — // -batch
Or— = E_l(:c Ug) mini-batch variance
o i (e.g. can be estimated during training
T — —— // normalize | with running averages)
\/ UB + €
¥; + 7%; + B = BN, g(z;) // scale and shift
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Batch Normalization [loffe and Szegedy, 2015]

Forward pass:

Xi
BB = 5 DT
- [ | 2
op = 7 2.(Ti — pB) 05 — Ug
:i: — LTi—MUB
’ \/ oL+e€ b
~ x
Yi =i + P 14 B
Backward pass:
Vi

o 0ol 80%+ ol 3,uB+ ol 0x;
Ox; 0Oo% Ox;  Oup Ox;  0%; Ox;
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