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Agenda

• The Need for Backpropagation
• Forward pass
• Linear regression
• Gradient descent
• Chain Rule & Calculus Foundation
• Implementing Backpropagation
• Weight Initialization
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Artificial neural networks

Image source [1]
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https://medium.com/data-science-365/overview-of-a-neural-networks-learning-process-61690a502fa


Forward and backward pass

Image source [2]
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https://www.bpesquet.fr/mlhandbook/algorithms/artificial_neural_networks.html


Forward pass

Output y:

yj = ϕ

(
m∑
i=1

xiwij + bj

)

with wi “weights”, and b “bias”.
Image source [3]
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https://medium.com/@aborundiya/activation-function-for-multi-layer-neural-networks-a07ac473f69e


Linear Regression as Machine Learning Model
Our “model”:

y = wx + b

Find w (“weight”) and b (“bias”) by
minimizing the following cost/objective/loss
function:

E (w , b) =
1
n

n∑
j=1

(yj − ŷj)
2

with
ŷj = wxj + b

This is the “mean square error” loss
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Gradient Descent as Optimization Algorithm
Goal: Minimize a function E ({p}) by iteratively updating parameters {p}.
Here p = {w , b}, where:
• w : Slope of the linear regression line
• b: Intercept of the line

Gradient descent update rule for linear regression:

w ← w − η
∂E

∂w
, b ← b − η

∂E

∂b

where:
• E ({w , b}): Loss function (e.g., mean squared error)
• η: Learning rate, controlling the step size.
• ∂E

∂w , ∂E∂b : Partial derivatives with respect to w and b.
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Gradient Descent: Why does it work?

Image source [3]

Taylor series (1D):

E (x) = E (x0) +
∂E

∂x

∣∣∣∣
x0

(x − x0) +
1
2
∂2E

∂x2

∣∣∣∣
x0

(x − x0)
2 + ...

Therefore, with a small η > 0:

E

(
x0 − η

∂E

∂x

∣∣∣∣
x0

)
≈ E (x0) +

∂E

∂x

∣∣∣∣
x0

(
x0 − η

∂E

∂x

∣∣∣∣
x0

− x0

)

≈ E (x0)− η

(
∂E

∂x

∣∣∣∣
x0

)2

< E (x0)

Gradient descent algorithm x0 ← x0 − η ∂E
∂x

∣∣
x0

decreases for a
continuous, differentiable, and convex E . 8 / 21

https://cs.paperswithcode.com/method/sgd


This can be improved

Problem with Standard Gradient Descent:
• Large gradients cause large parameter updates, leading to instability.
• Small gradients cause small updates, slowing down convergence.
• Different directions in the loss surface might have different gradient magnitudes,

making it challenging to choose an optimal learning rate.
3 Ideas:
• Learning rate scheduling
• Smooth the gradient updates using a “momentum” term.
• Normalize updates to make consistent progress in all directions.
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Learning Rate Scheduling

Reduce learning rate η over time to balance faster initial learning with finer convergence
later.

Typically:
• Step Decay: Reduce η by a fixed factor at regular intervals
• Exponential Decay: Gradually reduce η according to ηt = η0e

−λt , where λ is the
decay rate and t is the iteration step
• Cosine Annealing: Cyclical decay where η decreases following a cosine curve, useful

for avoiding local minima
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Momentum in Gradient Descent
Why Add Momentum?
• Momentum smooths the updates by combining the current gradient with the

direction moved in previous steps.
• Helps to accelerate convergence along directions with consistent gradients.
• Reduces oscillations in regions with varying gradient directions.

Update Equations:

mi ← βmi + (1− β)∇iE (p)

pi ← pi − ηmi

where:
• mi : Momentum term for each dimension i

• β ≈ 0.9: Momentum coefficient, controlling the influence of past gradients.
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Let’s Normalize the Gradient

pi ← pi −
η√
s + ϵ

∇iE (p)

with
s = (∇L(p))2 and ϵ a small number(≈ 10−5)

mi ← βmi + (1− β)∇iE (p)

vi ← γvi + (1− γ) (∇iE )
2

where:
• mi is the moving average of gradients.
• vi is the moving average of squared gradients.
• β and γ are momentum coefficients for mi and vi .
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ADAptive Moment estimation: Adam (2014)

Initial values of mi and vi are close to zero.
To correct for this bias, Adam adjusts mi and vi as follows at iteration t:

m̂i ,t =
mi ,t

1− βt+1

v̂i ,t =
vi ,t

1− γt+1

The denominators approach 1 as t increases, reducing the effect of bias over time.

Final Update Rule:

pi ← pi − η
m̂i√
v̂i + ϵ
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Types of Gradient Descent

Standard gradient descent uses the entire dataset.

Stochastic gradient descent:
• One data point at a time
• or: small batches of data.

Batch: pass through the entire training dataset
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Backpropagation

Gradient descent applied to weights and biases:

wij ← −η
∂E

∂wij

bj ← −η
∂E

∂bj

with E , the loss function, and η the learning rate.

We need for each layer: ∂E
∂wij

, ∂E
∂bj

, and ∂E
∂xi
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Chain rule
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Individual terms

yj =
∑
i

xiwij + bj

Concerning ∂E
∂wij

:
∂E

∂wij
=

∂E

∂yj

∂yj
∂wij

=
∂E

∂yj
xi

Concerning ∂E
∂bj

:
∂E

∂bj
=

∂E

∂yj

∂yj
∂bj

=
∂E

∂yj

Concerning ∂E
∂xi

:
∂E

∂xi
=

∂E

∂yj

∂yj
∂xi

=
∑
j

∂E

∂yj
wij
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Activation layer

yi = f (xi )

∂E

∂xi
=

∂E

∂yj

∂yj
∂xi

=
∂E

∂yj
f ′(x)

for example ReLU:

f (x) = max(x , 0)

∂f (x)

∂x
= (x > 0)

Image source [6]
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https://ieeexplore.ieee.org/document/9223186


Programming design aspects

xi → layer → yj

∂E

∂xi
← layer ← ∂E

∂yj

A python class can be used to implement each layer, in our case:
• “fully” connected or “dense”
• layer with the activation function
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Programming design aspects

The class may implement the following functions:
• to initialize its parameters (“weights” and “biases”), if any.
• to carry out forward propagation y(x).
• to carry out backpropagation, calculating

• ∂E
∂xi

from ∂E
∂yj

.
• the derivative of E with respect to its parameters. The function needs the layer inputs,

so it is useful to save them during the forward pass.
• the parameter updates according to gradient descent

• to save its weights to a file
• to read weights from a file
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Weight Initialization

Importance: avoid vanishing/exploding gradients.

Methods:
• Zero Initialization: All weights set to zero → not a good idea, gradient is the same

for each
• Random Initialization: Small positive random numbers → not a good idea, on

average each layer will add to the signal
• Xavier/Glorot Initialization: For sigmoid, tanh, softmax. Zero mean, variance

2
nin+nout

.

• He Initialization: For ReLU. Zero mean, variance 2
nin

.
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