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Building a Real-World Housing Price Predictor

1. Problem Setup & Data Exploration

o (alifornia Housing Dataset introduction
— Understanding the features
— Visualization of relationships
— Statistical analysis

¢ Data preprocessing pipeline
— Feature scaling
— Handling missing values
— Train/validation/test splits

2. Model Development

e Building the network architecture
— Input layer design
— Hidden layer configuration
— Output layer for regression

e Implementing in PyTorch
— Dataset class creation
— DatalLoader setup
— Model class definition

e Training loop implementation
— Forward pass
— Backward pass
— Optimization step

Model Evaluation & Improvement

When evaluating the performance of a regression model, it is crucial to select appropriate metrics that align
with the specific goals and requirements of the project. Two commonly used metrics for assessing the accuracy
of regression models are Mean Squared Error (MSE) and Mean Absolute Error (MAE). MSE is calculated
by taking the average of the squared differences between the predicted and actual values, as shown in the
following equation:
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where n is the number of samples, y; is the actual value, and ; is the predicted value. MSE emphasizes
larger errors due to the squaring operation, making it more sensitive to outliers compared to MAE.

On the other hand, MAE is computed by taking the average of the absolute differences between the predicted
and actual values, as expressed in the equation below:
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MAE treats all errors equally, regardless of their magnitude, providing a more intuitive interpretation of the
average error in the original units of the target variable. The choice between MSE and MAE depends on the
specific requirements of the problem at hand, such as the tolerance for large errors or the need for easily
interpretable results.

Another important metric for evaluating regression models is the coefficient of determination, also known as
R-squared (R?). R-squared measures the proportion of variance in the dependent variable that is predictable
from the independent variable(s). It is calculated using the following formula:
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where S5, is the sum of squared residuals (i.e., the differences between the predicted and actual values), and
SSiot is the total sum of squares (i.e., the differences between the actual values and their mean). R-squared
ranges from 0 to 1, with higher values indicating a better fit of the model to the data. However, it is
important to note that a high R-squared value does not necessarily imply a good model, as it can be affected
by overfitting or the inclusion of irrelevant features.

To improve the performance of a regression model, various techniques can be employed. One approach is
feature selection, which involves identifying and retaining only the most informative features that contribute
significantly to the prediction task. This can be achieved through methods such as forward selection, backward
elimination, or regularization techniques like Lasso and Ridge regression. Another strategy is to explore
different model architectures or algorithms, such as decision trees, random forests, or support vector machines,
which may capture complex relationships between the features and the target variable more effectively than
linear models.

Iterative Improvement in Deep Learning

Iterative improvement is a fundamental concept in deep learning, involving the gradual refinement of a
model’s performance through systematic adjustments to its learning rate, architecture, and regularization
techniques. This process is essential for optimizing the model’s ability to learn from data and generalize to
unseen examples.

Learning rate tuning is a critical aspect of iterative improvement, as it directly impacts the model’s convergence
speed and stability during training. The learning rate determines the step size at which the model’s weights
are updated in response to the computed gradients. If the learning rate is set too low, the model may
converge slowly or become stuck in suboptimal local minima. Conversely, if the learning rate is too high, the
model may overshoot the optimal solution or diverge entirely. Techniques such as learning rate scheduling,
which dynamically adjusts the learning rate based on the training progress, can help strike a balance between
convergence speed and stability. For example, the popular cosine annealing schedule gradually decreases the
learning rate over the course of training according to the function:
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where 7; is the learning rate at iteration ¢, 7,5, and 7,4, are the minimum and maximum learning rates,
Tewur is the current iteration, and T,,., is the total number of iterations.

Architecture adjustments involve modifying the structure of the neural network to improve its capacity to
learn and represent complex patterns in the data. This can include adding or removing layers, changing
the number of neurons per layer, or introducing specialized layer types such as convolutional or recurrent
layers. The choice of architecture is often guided by the nature of the problem and the characteristics of the
data. For instance, convolutional neural networks (CNNs) are particularly well-suited for processing grid-like
data such as images, as they can efficiently capture local patterns and spatial hierarchies. The output of a
convolutional layer can be expressed as:



Y = f(WxX+Db)

where Y is the output feature map, f is the activation function, W is the convolutional kernel, X is the
input feature map, * denotes the convolution operation, and b is the bias term.

Regularization techniques are employed to prevent overfitting, a phenomenon where the model learns to fit
the noise in the training data rather than the underlying patterns, leading to poor generalization performance
on unseen data. Common regularization methods include L1 and L2 regularization, which add a penalty
term to the loss function based on the absolute or squared values of the model’s weights, respectively. The
L2 regularization term is given by:
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where A is the regularization strength and w; are the model’s weights. Another effective regularization
technique is dropout, which randomly sets a fraction of the neurons’ outputs to zero during training, forcing
the network to learn more robust and redundant representations.

By iteratively applying these techniques and monitoring the model’s performance on validation data, practi-
tioners can systematically improve the model’s ability to learn and generalize. This process often involves a
combination of domain expertise, empirical experimentation, and automated hyperparameter optimization
methods such as grid search, random search, or Bayesian optimization. The ultimate goal is to find the
combination of learning rate, architecture, and regularization settings that yield the best performance on the
target task while minimizing overfitting and computational complexity.

Model Validation and Overfitting Detection

Model validation is a crucial step in the machine learning pipeline, ensuring that the developed model
generalizes well to unseen data. Overfitting, a common pitfall in machine learning, occurs when a model learns
the noise in the training data to the extent that it negatively impacts the performance on new data. Detecting
overfitting is essential to prevent models from memorizing the training data and failing to generalize.

One effective method for detecting overfitting is to split the available data into training, validation, and test
sets. The model is trained on the training set, and its performance is evaluated on the validation set. If the
model performs significantly better on the training set compared to the validation set, it indicates overfitting.
The performance difference between the training and validation sets can be quantified using metrics such
as accuracy, precision, recall, or F1-score, depending on the problem at hand. A large discrepancy between
these metrics suggests that the model has overfit the training data.

Cross-Validation Implementation

Cross-validation is a powerful technique for assessing the performance and generalization ability of a model.
It involves partitioning the data into multiple subsets, training and evaluating the model on different
combinations of these subsets, and aggregating the results to obtain a more robust performance estimate. The
most common cross-validation approach is k-fold cross-validation, where the data is divided into k equally
sized folds. The model is trained on k-1 folds and validated on the remaining fold, and this process is repeated
k times, with each fold serving as the validation set once. The performance metrics are then averaged across
all k iterations to provide a reliable estimate of the model’s performance.

Implementing cross-validation requires careful consideration of the data splitting process and the choice of
evaluation metrics. Stratified k-fold cross-validation is often used for classification problems to ensure that
each fold maintains the same class distribution as the original dataset. For regression problems, standard
k-fold cross-validation is typically sufficient. The choice of evaluation metrics depends on the specific problem
and the goals of the analysis. Common metrics include accuracy, precision, recall, F1-score for classification,
and mean squared error (MSE), mean absolute error (MAE), and R-squared for regression.



Error Analysis

Error analysis is an essential step in understanding and improving the performance of a machine learning
model. It involves examining the instances where the model makes incorrect predictions and identifying
patterns or characteristics that contribute to these errors. By conducting a thorough error analysis, data
scientists can gain insights into the limitations and weaknesses of the model and develop strategies to address
them.

Error analysis typically begins by creating a confusion matrix, which summarizes the model’s performance by
comparing the predicted labels against the true labels. The confusion matrix provides a detailed breakdown
of true positives, true negatives, false positives, and false negatives. From the confusion matrix, various
performance metrics can be derived, such as accuracy, precision, recall, and F1l-score. These metrics help
quantify the model’s performance and identify specific areas where the model excels or struggles.

To further investigate the errors, data scientists can analyze the misclassified instances and look for common
patterns or features that contribute to the errors. This may involve examining the feature values, data
distributions, or specific examples that the model consistently misclassifies. By identifying these patterns,
data scientists can gain insights into potential issues with the model, such as biased training data, missing
features, or limitations in the model architecture. These insights can guide the development of strategies
to improve the model, such as collecting more diverse training data, engineering new features, or exploring
alternative model architectures.
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