A Practical Guide to Neural Network Architectures, Activation
Functions, and Loss Functions

1 Introduction

This document provides a comprehensive guide to designing neural networks, focusing on architecture,
activation functions, and loss functions. It covers tasks such as regression, binary classification, and
multiclass classification, with detailed examples.

2 Network Structure Overview

A neural network comprises layers of neurons that transform input features through weighted connections.
Non-linear activation functions enable the network to learn complex patterns.

3 Activation Functions

Activation functions add non-linearity to neural networks and help in learning complex patterns. Common
choices include:

¢ ReLU (Rectified Linear Unit): ReLU(z) = max(0,x), widely used in hidden layers.

e Sigmoid: o(z) = H%’ used for binary classification outputs.
e Softmax: Softmax(z;) = Zezzj , used in multiclass classification outputs.
J

4 Loss Functions

Choosing the appropriate loss function is critical for effective training. It depends on the type of task.

4.1 Regression Tasks

For regression:

e Mean Squared Error (MSE):
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where y; is the true value and g; is the predicted value.

e Mean Absolute Error (MAE):
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4.2 Binary Classification

For binary classification:

¢ Binary Cross-Entropy Loss (BCE):
Loss = —[ylog(9) + (1 — y) log(1 - §)],

where ¢ is the predicted probability for the positive class.

4.3 Multiclass Classification

For multiclass classification:

e Categorical Cross-Entropy (CCE):

K

Loss = — Y y;log(ij;),
j=1

where §J; is the predicted probability for class j.

5 Example Architectures

Below are examples for binary and multiclass classification with two layers.

5.1 Binary Classification (Two Layers)

For binary classification:
e Input: X (dimension d).

e First Layer:
Zy =W X +b, h =ReLU(Z)).

e Second Layer:
Zo = Wohi +ba, ho= ReLU(ZQ).

e Qutput Layer:
Zy =Wshy + b3, §=0(Z3),

where o is the sigmoid activation.
Loss Function:
Loss = —[ylog(9) + (1 — y) log(1 — )] .
5.2 Multiclass Classification (Two Layers)
For multiclass classification with K classes:
e Input: X (dimension d).

e First Layer:
Zy =W1X +b1, hi =ReLU(Z).



e Second Layer:

e Qutput Layer:

Prediction Function:

Loss Function:

Zo = Wohi +bs, ho= ReLU(ZQ).
Z3 = Wshgy + b3, gj = Softmax(Zg).
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To summarize, we can have the following table:

Task Type Layers | Output Nodes | Output Activation | Loss Function
Regression 1-3 1 Linear MSE or MAE
Binary Classification 1-3 1 Sigmoid BCE
Multiclass Classification 2-5 K Softmax CCE

6 Neurons, Layers, and Activation Functions for Regression and Clas-
sification Tasks
Designing neural networks for regression and classification tasks involves selecting an appropriate number

of neurons, layers, and activation functions. These choices depend on the problem complexity, the size of
the dataset, and the desired output.

6.1

The number of neurons and layers in a neural network determines its capacity to learn complex patterns.

Common practices include:

e Regression Tasks:

Number of Neurons and Layers

— Input Layer: Matches the number of features in the input data.

— Hidden Layers:

x For simple regression problems, a single hidden layer with 10-50 neurons is often sufficient.

*x For more complex problems, 2-4 hidden layers with 50-200 neurons per layer may be used.

— Output Layer: A single neuron to predict the continuous target value.

e Classification Tasks:

— Input Layer: Matches the number of features in the input data.

— Hidden Layers:

*x For simple binary or multi-class classification problems, 1-2 hidden layers with 10-100

neurons per layer are commonly used.

* For more complex tasks (e.g., image classification), deeper networks with dozens of layers,

such as Convolutional Neural Networks (CNNs), are employed.

— Output Layer:




x For binary classification, a single neuron with a sigmoid activation function is typical.

+ For multi-class classification, the number of output neurons equals the number of classes,
with a softmax activation function.

6.2 Activation Functions

Activation functions introduce non-linearity into the network, enabling it to learn complex patterns.
Common activation functions for regression and classification tasks include:

e Regression Tasks:

— Hidden Layers:

* ReLU (Rectified Linear Unit): f(z) = max(0,x) is widely used due to its simplicity and
efficiency.
* Leaky ReLU: A variant of ReLU that addresses the vanishing gradient problem.

— Output Layer:

x Linear Activation: Used to produce continuous-valued outputs.
e Classification Tasks:

— Hidden Layers:
* ReLU: The most common choice for its ability to propagate gradients effectively.
— Output Layer:

x Sigmoid: Used for binary classification to output probabilities.

x Softmax: Used for multi-class classification to produce probabilities across multiple classes.

6.3 General Recommendations

The architecture of neural networks for regression and classification tasks often requires fine-tuning based
on the dataset and problem:

e Start with a small number of layers and neurons, and increase as necessary to improve performance.

e Use ReLU for hidden layers in both regression and classification tasks due to its computational
efficiency.

e Apply dropout or batch normalization in deeper networks to mitigate overfitting.

By carefully selecting the number of neurons, layers, and activation functions, neural networks can be
effectively tailored to the specific requirements of regression and classification tasks.

7 Common Neural Network Architectures for Machine Learning Tasks

Neural networks have become a cornerstone of modern machine learning, with diverse architectures tai-
lored to specific types of data and tasks. Below, we summarize some of the most widely used architectures
and their practical applications:



7.1 Feedforward Neural Networks (FINNs)

Feedforward Neural Networks are the simplest form of neural networks, where information flows in one
direction from input to output. These are commonly used for:

e Regression: Predicting continuous values, such as stock prices or house prices.

e Classification: Binary or multi-class problems, such as spam detection or image classification for
small datasets.

e Tabular Data Analysis: Problems with structured numerical or categorical data.

7.2 Convolutional Neural Networks (CNNs)

CNNs are designed to process grid-like data, particularly images, using convolutional layers to extract
spatial features. Key applications include:

e Image Classification: Identifying objects or scenes in images (e.g., ImageNet classification tasks).

e Object Detection and Segmentation: Locating objects in images and delineating their bound-
aries (e.g., YOLO, Mask R-CNN).

e Medical Imaging: Analyzing X-rays, MRIs, or CT scans for diagnostics.

7.3 Recurrent Neural Networks (RNNs)

RNNs are specialized for sequential data, where previous outputs influence subsequent predictions. Vari-
ants such as Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRUSs) overcome the van-
ishing gradient problem. Common use cases include:

e Time Series Analysis: Forecasting stock prices, weather, or energy consumption.

e Natural Language Processing (NLP): Language modeling, text generation, and sentiment anal-
ysis.

e Speech Recognition: Converting audio signals to text.

7.4 Transformer Networks

Transformers, particularly with attention mechanisms, have revolutionized NLP and are expanding into
other domains. Applications include:

e Text Processing: Tasks like translation (e.g., Google Translate), summarization, and sentiment
analysis using architectures like BERT and GPT.

e Vision Transformers (ViTs): Image classification and object detection using transformer-based
attention on image patches.

e Multimodal Learning: Combining text, audio, and visual information (e.g., CLIP, DALL-E).



7.5 Generative Adversarial Networks (GANs)

GANS consist of a generator and a discriminator, trained in opposition to create realistic data. They are
widely used in:

e Image Generation: Creating realistic images (e.g., StyleGAN).
e Data Augmentation: Generating synthetic data for training.

e Super-Resolution: Enhancing the resolution of images or videos.

7.6 Autoencoders

Autoencoders are unsupervised neural networks designed for dimensionality reduction and feature learn-
ing. Applications include:

e Anomaly Detection: Identifying unusual patterns in data, such as fraud detection.
¢ Data Compression: Reducing data dimensionality for storage or transmission.

e Pretraining: Learning latent representations for downstream tasks.

7.7 Graph Neural Networks (GNNs)

GNNs are designed to operate on graph-structured data, capturing relationships between nodes and edges.
They are used for:

e Social Network Analysis: Understanding relationships and influences in social graphs.
e Recommendation Systems: Predicting user preferences based on interaction graphs.

e Molecular Modeling: Predicting molecular properties or drug discovery.

7.8 Reinforcement Learning (RL) Architectures

RL networks learn to take actions in an environment to maximize cumulative rewards. Popular use cases
include:

e Game AI: Training agents for games like chess, Go, or video games (e.g., AlphaGo, Deep Q-
Learning).

e Robotics: Teaching robots to navigate, manipulate objects, or optimize tasks.

e Autonomous Systems: Self-driving cars and drones.

7.9 Hybrid Architectures

Many practical applications combine multiple architectures to leverage their respective strengths. For
example:

e CNN-RNN Hybrids: Video analysis combining spatial features (CNN) with temporal patterns
(RNN).
e Attention-Augmented CNNs: Using attention mechanisms with CNNs for tasks like medical

imaging or image captioning.

e Transformers with CNNs or GNNs: Hybrid models for multimodal learning or structured data
analysis.



8 Dropout in Neural Networks

Dropout is a regularization technique widely used in neural networks to prevent overfitting. It involves
randomly "dropping out" (i.e., setting to zero) a fraction of neurons in a layer during training, which
encourages the network to learn more robust and generalized features.

8.1 How Dropout Works

e Randomly Drop Neurons: During each forward pass in training, a subset of neurons in the
layer is randomly ignored. These neurons neither contribute to the forward pass nor participate in
backpropagation.

e Dropout Probability (p): A hyperparameter p specifies the fraction of neurons to drop out.
Common values include p = 0.2 (20% dropout) or p = 0.5 (50% dropout).

e Scaling During Training: To maintain the overall scale of the outputs, the weights of the re-
maining neurons are scaled by 1/(1 — p) during training.

e Behavior During Inference: During inference (testing), dropout is not applied. Instead, all
neurons are used, and no scaling is needed.

8.2 Mathematical Representation

Let z; be the output of a neuron before applying dropout, and Z; be the output after applying dropout.
If r; is a random variable where r; = 1 with probability 1 — p and r; = 0 with probability p, then:

Zi =T Z.

During training, the weights are scaled by 1/(1 — p) to ensure the expected output remains consistent:

T

8.3 Why Dropout Helps

e Prevents Co-Adaptation: By randomly dropping neurons, dropout forces the network to rely on
all neurons and learn independent features, reducing reliance on any single neuron.

¢ Reduces Overfitting: It acts as a form of ensemble learning by effectively training multiple "sub-
networks" within the main network during different forward passes.

¢ Improves Generalization: Since the network learns robust and independent features, it general-
izes better to unseen data.
8.4 Variants of Dropout

Several variants of dropout have been developed to address specific needs:

e Spatial Dropout: Used in convolutional neural networks (CNNs), this method drops entire feature
maps instead of individual neurons, preserving spatial structure.

e DropConnect: Instead of dropping neurons, it drops connections between neurons.

e AlphaDropout: Designed for Scaled Exponential Linear Units (SELU) activation functions, it
preserves the mean and variance of the inputs.

e Monte Carlo Dropout: Applies dropout during inference to estimate uncertainty in predictions.



8.5 Practical Tips for Using Dropout

e Where to Use: Dropout is often applied in fully connected layers, where overfitting is more likely.
In convolutional layers, smaller dropout rates (p = 0.1 or p = 0.2) may be used.

e Choosing p: For densge layers, p = 0.5 is a common choice, while for convolutional layers, smaller
values are preferred.

e Avoid Overuse: Dropout can slow down convergence during training, so it should be used judi-
ciously and combined with other regularization techniques like weight decay.



