Hyperparameters (CoreDaoVip Global Curriculum)

Understanding Hyperparameters in Machine Learning and Deep Learning: Types and

Their Impact on Accuracy and Performance

Introduction

In the rapidly evolving fields of Machine Learning (ML) and Deep Learning (DL), the accuracy
and efficiency of models depend not only on the quality of data and algorithms but significantly
on hyperparameter tuning. Hyperparameters are the configuration settings used to structure
and train models. Unlike model parameters (which are learned during training), hyperparameters

are set before the learning process begins and guide the learning behavior.

1. What are Hyperparameters?
Hyperparameters are external to the model and set prior to training. They control the model
architecture, learning process, and training behavior. Proper tuning of these hyperparameters can

drastically affect:

« Training speed
e Model accuracy
o Generalization ability

« Overfitting/underfitting balance
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2. Key Hyperparameters in Machine Learning

Hyperparameter

Description

Impact on Accuracy & Performance

Learning Rate (o)

Number of
Estimators
Max Depth

Min Samples
Split/Leaf
Regularization
(L1/L2)
Kernel (SVM)
K (in KNN)

Batch Size

Epochs

Determines the step size in
gradient descent updates
Number of trees in ensembles
(e.g., Random Forest, XGBoost)

Maximum depth of trees

Minimum samples required to
split a node or be a leaf

Adds penalty to reduce model
complexity

Type of transformation in SVM
(linear, RBF, polynomial)

Number of neighbors considered

Number of samples per gradient
update

Full passes through training data

Too high — divergence; Too low —
slow convergence

More estimators usually improve
accuracy but increase computation
Shallow — underfitting; Too deep
— overfitting

Higher values — prevent
overfitting, lower model variance
Reduces overfitting, improves
generalization

Affects how decision boundaries are
formed

Small k — overfitting; Large k —
underfitting

Small batches — more noise, better
generalization; large — stability
Too few — underfitting; too many

— overfitting if no early stopping
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3. Key Hyperparameters in Deep Learning

Hyperparameter

Description

Impact on Accuracy &

Performance

Learning Rate

Batch Size

Epochs

Activation Function

Optimizer

Dropout Rate

Weight

Initialization

Number of Layers

Number of Units

Gradient Clipping

Learning Rate
Scheduler

Controls weight update
magnitude

Samples per weight update

Number of times the model sees
the full dataset

Adds non-linearity (e.g., ReLU,
sigmoid, tanh)

Algorithm to update weights
(SGD, Adam, RMSprop)
Fraction of neurons randomly
deactivated during training

Starting point of weights
Depth of neural network
Neurons per layer

Limits gradient size to prevent
exploding gradients

Dynamically adjusts learning rate

during training

Critical for convergence and
stability

Affects training time and
convergence behavior

Balances between underfitting and
overfitting

Impacts learning capability and
speed

Affects convergence rate and
stability

Reduces overfitting, improves
generalization

Poor initialization — slow or failed
convergence

Deeper models capture complex
features but risk overfitting
Controls model capacity and
learning power

Improves training stability,
especially in RNNs

Accelerates convergence, avoids

local minima
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4. Impact of Hyperparameters on Accuracy and Performance

Learning Rate Slow learning, may Smooth, fast Overshooting, unstable
not converge convergence training

Batch Size Noisy gradients, Balance of speed and = May miss local optima
longer training stability

Epochs Underfitting, poor Enough to learn Overfitting, poor
accuracy features generalization

Dropout No regularization, Prevents overfitting  Underfitting, network
overfitting can't learn

Regularization Overfitting Generalization Underfitting, loss of

(L1/L2) improved important features

Number of Units | Insufficient capacity = Enough to capture Overfitting, slower

data patterns training

5. Hyperparameter Tuning Techniques

To achieve optimal model performance, hyperparameters need to be tuned using strategies such

as:
1. Grid Search: Exhaustively tries all combinations.
2. Random Search: Randomly samples hyperparameter space.
3. Bayesian Optimization: Uses past evaluation to select next configuration.
4. Hyperband: Efficient for large hyperparameter spaces.
5. Automated Tools:
o Optuna
o Ray Tune

o Keras Tuner
o AutoML platforms (e.g., Google AutoML, H20.ai
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6. Best Practices

Start Simple: Begin with default or recommended values.

Use Cross-Validation: To assess generalization ability.

Monitor Training Metrics: Use validation accuracy/loss, early stopping.
Reduce Overfitting: Use dropout, regularization, or data augmentation.

Log Experiments: Keep track of hyperparameter configurations and outcomes.

Conclusion

Hyperparameter tuning is a critical yet often underappreciated aspect of ML and DL model

development. Understanding and correctly setting hyperparameters can significantly enhance

model accuracy, reduce training time, and improve generalization to unseen data. With growing

access to automated hyperparameter optimization tools, data scientists can efficiently explore and

optimize complex models for real-world applications.




