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Activation Functions Act as

the Neural Gatekeepers

ACTIVATION FUNCTION
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Without activation functions, deep neural networks
are merely stacked linear regression models,
incapable of advanced logic.

NON-LINEAR OUTPUT

Y1

f(x) =max(0,x)

These mathematical gates introduce the vital
non-linearity required to learn complex, real-world
patterns, deciding exactly how and when a neuron
should fire based on the weighted sum of its inputs.
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The Gradient Crisis of Legacy Networks

Legacy functions like Sigmoid and Tanh squash inputs into highly restricted ranges.

network architectures, this causes gradients to become infinitesimally small.

In deep

The result is the Vanishing Gradient problem, which effectively starves early network layers

of th ability to update their weights and learn.

The Math
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Sigmoid

The Crisis
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The Mathematical Elegance of RelLU

The Formula
f(x) = max(0, x)

The Logic

The Rectified Linear Unit operates on
brutal simplicity. It allows positive
values to pass through completely
unchanged. It ruthlessly zeroes out any
negative values.

The Result

BV, %) N et e | et B ) A piecewise linear function that
maintains the essential non-linearity
N required for deep pattern

Output Ff(x)
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_ Computational Supremacy Through Simplicity

Sigmoid Logic RelLU Logic

if x > 0 return x else 0

| o)

I P - S m .
High Computational Cost Low Computational Cost
Legacy functions require computationally expensive exponential RelLU requires only a basic mathematical thresholding operation.
calculations. These calculations are resource-intensive, particularly When training deep networks with billions of parameters, removing
in deep architectures. exponential maths drastically accelerates training time.
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Surviving the Deep Gradient

AN
Because the gradient (derivative) of RelU is a =
constant 1 for all positive inputs, it does not g
saturate. The error signal flows backwards through ::
deeply stacked architectures without degrading, =
completely neutralising the wvanishing gradient 'E
problem. !
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Efficiency Through Biological Sparsity

By strictly zeroing out negative inputs, RelU introduces sparsity into the network. This mimics biological neural
pathways, ensuring that only a specific, highly discriminative fraction of neurons fire at any given time. This creates

naturally sparse representations that compute faster and generalise better.

Dense Network: 100% Activation

Sparse Network: 50% Activation
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The Fatal Flaw of the Dying RelL.U

- ™
The Trap
If large negative weights push a neuron’s
. weighted input below zero, RelLU outputs
exactly 0.
‘.l J
l'- r{,_ —‘\I
The Consequence
> Because the output is zero, the gradient
becomes zero during backpropagation.
S w
(‘ ™
The Result
The neuron can no longer update its weights. It
becomes permanently inactive, functionally dead,
and stops participating in the learning process.
b i




Secondary Architectural Side Effects

Unbounded Output Range

Non-Zero Centred Data

Y ,\
Exploding
Gradient
Risk

» X

Because the output range is [0, infinite), positive
outputs can grow indefinitely. Without careful weight
Initialisation, this can trigger unstable, exploding
gradients in deep networks.

Because outputs are strictly positive, data flowing
through the network is not centred around zero. This
makes gradient descent and weight updates less
efficient.
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Preventing Neural Death with a Negative Slope

A\

alpha = 0.01

Leaky RelU

Instead of outputting zero, it introduces a
tiny, fixed slope for negative values. This
keeps a small gradient flowing, ensuring
neurons never permanently die.

f(x) = alpha * x for x <= 0

Parametric ReLU (PRelLU)

Takes the concept further by allowing the
network to dynamically learn the optimal slope
during the training process, adapting to
different conditions.



Smoothing the Curve for Faster Convergence

A

Exponential Linear Unit (ELU)

Replaces the hard corner with a smooth
exponential curve for negative values. This
reduces bias shifts, brings outputs closer to
zero-centred, and accelerates convergence.

o

GELU

Gaussian Error Linear Unit (GELU)

Weights inputs by their value using a
probabilistic curve rather than a strict sign
threshold. This smooth, intelligent non-
linearity is the default standard for modern
Transformer models.



The Evolution of the Negative Quadrant

The modern architectural history of the activation function is
almost entirely focused on answering one mathematical question:
What is the optimal thing to do when x < 0?

RelLU Leaky PRelLU ELU

GELU



The Architectural Diagnostic Matrix

Function Output Range Gradient Health Computational Cost
Sigmoid (0, 1) Vanishing O High / Exponential Q
Tanh (—ale aly Moderate O High / Exponential O
Rel.U [0, infinite) strong for x >0 (@) | Uttra-low &
Leaky / PReLU (-infinite, infinite) | Never dies . Low .
ELU / GELU (-alpha, infinite) Smooth . Moderate
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Deployment 1n PyTorch

Despite the complex mathematical theory and historical evolution,
deploying the non-linear power of RelLU requires just a single line of
code nestled between linear layers in modern frameworks.

self.fcl = nn.Linear (784, 128)

| self.relu = nn.ReLU() | S (R AN il e

self.fc2 = nn.Lineaxr (128, 10)

1 Linear (784 to 128)

: RelLU Gate

Linear (128 to 10)




Architectural Heuristics: Choosing the Right Gatekeeper

Start simple. Observe the gradients. Evolve only when the network demands it.

Building a baseline
deep network?

h 4

Diagnosing dead neurons
or stagnant loss?

!

Pivot to Leaky RelLU or ELU

Forces gradient flow through negative inputs

|

Start with RelLU

Fast, sparse, avoids vanishing gradient

h

Pushing for SOTA in a
Transformer architecture?

Optimal probabilistic smoothing
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