Transfer Learning in Machine Learning

Introduction

Transfer learning is a technique where knowledge gained from solving one problem (the source task) is
applied to a different but related problem (the target task). Instead of training a model from scratch,
transfer learning leverages a pre-trained model to improve performance on the target task.

Why Use Transfer Learning?

e Saves Time and Resources: Training a model from scratch requires significant computational
resources and time. Transfer learning avoids this by leveraging pre-trained models.

e Works Well with Small Datasets: When the target task has a small dataset, transfer learning
allows the model to leverage knowledge from a larger, related dataset.

e Improves Performance: Pre-trained models have already learned useful features, which can lead
to better performance on the target task.

Key Components of Transfer Learning

e Source Task: The original task on which the model was trained (e.g., image classification on
ImageNet or language modeling on Wikipedia).

e Target Task: The new task to which the model is being applied (e.g., medical image classification
or spam detection).

e Pre-trained Model: A model trained on the source task, which serves as the starting point for
the target task.

e Transfer Mechanism: The process of adapting the pre-trained model to the target task (e.g.,
fine-tuning, feature extraction, or using the model as a fixed feature extractor).

Techniques in Transfer Learning

1. Fine-Tuning
e Definition: Fine-tuning involves updating some or all of the weights of the pre-trained model
during training on the target task.
e What Happens:
— The pre-trained model’s weights are used as an initialization, and they are further optimized
for the target task.
— You can choose to:

* Update all weights (full fine-tuning).

*x Update only some weights (e.g., unfreeze the last few layers while freezing the early
layers).

e When to Use:

— When the target task is similar to the source task.



— When you have a moderate to large dataset for the target task.
e Example:
— Fine-tuning a pre-trained ResNet model (trained on ImageNet) for a medical image classifi-
cation task by updating all or some of its weights.
2. Feature Extraction

e Definition: Feature extraction involves using the pre-trained model as a fixed feature extractor.
The weights of the pre-trained model are frozen (not updated), and only the task-specific head
(e.g., a classifier) is trained.

e What Happens:

— The pre-trained model is used to extract features from the input data.

— A new classifier (e.g., a fully connected layer) is added on top of the pre-trained model, and
only this new classifier is trained.

— The pre-trained model’s weights remain unchanged.
e When to Use:

— When the target task is very different from the source task.

— When you have a very small dataset for the target task.
e Example:
— Using a pre-trained ResNet model (trained on ImageNet) as a fixed feature extractor for a
flower classification task, where only a new classifier is trained on top of the extracted features.
3. Freezing Layers

e Definition: Freezing layers involves fixing the weights of some layers of the pre-trained model
during training on the target task.

e What Happens:

— The frozen layers retain the general features learned from the source task.

— The unfrozen layers are fine-tuned to adapt to the target task.
e When to Use:

— When you want to retain general features (e.g., edge detectors in CNNs or word embeddings
in NLP).

— When you have a small dataset and want to prevent overfitting.
e Example:
— Freezing the early layers of a pre-trained BERT model (trained on Wikipedia) while fine-tuning
the later layers for a sentiment analysis task.
4. Layer-Wise Learning Rates

e Definition: Using different learning rates for different layers of the pre-trained model during
fine-tuning.

e What Happens:

— Lower learning rates are used for early layers to preserve general features.

— Higher learning rates are used for later layers and the task-specific head to adapt to the target
task.

e When to Use:



— When you want to balance the preservation of general features with the adaptation to the
target task.

e Example:
— Using a lower learning rate for the early layers of a pre-trained ResNet model and a higher

learning rate for the later layers and the classification head.

Progressive Unfreezing

e Definition: Gradually unfreezing layers of the pre-trained model during training on the target
task.

e What Happens:

— Start by freezing all layers and training only the task-specific head.

— Gradually unfreeze layers from the top (later layers) to the bottom (earlier layers) as training
progresses.

e When to Use:
— When you want to gradually adapt the pre-trained model to the target task.
e Example:

— Gradually unfreezing the layers of a pre-trained BERT model while fine-tuning it for a
question-answering task.

. Adversarial Transfer Learning

e Definition: Using adversarial training to align the feature distributions of the source and target
tasks.

e What Happens:

— A domain discriminator is trained to distinguish between source and target features, while
the feature extractor is trained to fool the discriminator.

e When to Use:
— When the source and target domains are significantly different.
e Example:
— Using adversarial transfer learning to adapt a model trained on synthetic data to real-world

data.

Multi-Task Learning

e Definition: Training a single model on multiple related tasks simultaneously.
e What Happens:
— The model learns shared representations that are useful for all tasks.
e When to Use:
— When you have multiple related tasks and want to improve performance on all of them.
e Example:

— Training a model to perform both sentiment analysis and topic classification on text data.



8. Knowledge Distillation

e Definition: Transferring knowledge from a large, complex model (teacher) to a smaller, simpler
model (student).

e What Happens:
— The student model is trained to mimic the output of the teacher model.
e When to Use:

— When you want to deploy a smaller, more efficient model without sacrificing too much per-
formance.

e Example:

— Distilling knowledge from a large BERT model into a smaller, faster model for deployment on
mobile devices.

Mathematical Explanation

1. Pre-Trained Model
Let the pre-trained model be f(x; W*), where:
e x is the input.

o W™ are the pre-trained weights.

2. Target Task

For the target task, we define a new model g(h; Wheaq), where:
e h = f(x; W) is the hidden representation from the pre-trained model.

o Wiy.q are the weights of the task-specific head.

3. Transfer Learning Objective
The goal is to minimize the target task loss LW, Wheaq), where:

e W are the weights of the pre-trained model (may be frozen or fine-tuned).

o Wy,.q are the weights of the task-specific head.

Example: Transfer Learning with BERT

1. Source Task

Train BERT on a large corpus of text (e.g., Wikipedia) for language modeling.

2. Target Task

Use BERT for sentiment analysis on a smaller dataset of movie reviews.

3. Transfer Mechanism
¢ Fine-Tuning:

— Add a classification head (e.g., a fully connected layer with softmax activation) to BERT.

— Fine-tune BERT on the movie review dataset, updating some or all of the weights.
e Feature Extraction:

— Use BERT as a fixed feature extractor (freeze all layers).

— Train a new classifier (e.g., logistic regression) on the extracted features.



Key Takeaways

Transfer Learning is the process of reusing knowledge from a source task to improve performance
on a target task.

Fine-Tuning involves updating some or all of the weights of the pre-trained model during training
on the target task.

Feature Extraction involves using the pre-trained model as a fixed feature extractor and training
only the task-specific head.

Other techniques include freezing layers, layer-wise learning rates, progressive unfreezing,
adversarial transfer learning, multi-task learning, and knowledge distillation.

The choice of technique depends on the similarity between the source and target tasks, the size of
the target task dataset, and the computational resources available.



