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Module Overview

1. Computer Vision Foundations 
2. CNNs  
3. Transfer Learning  
4. Vision Transformers 
5. Object Detection  
6. Segment Anything Model (SAM)
7. Final Project
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Lecture 3 : 
Transfer Learning
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Last Time

Problem : What is the right way to combine all these components ? 



© Mehyar Mlaweh, 2026. All rights reserved.5

Last Time
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Question

training images

for ImageNet ImageNet 1000 object classes 

(e.g., dog, airplane, keyboard)

Trained on

VGGNet 
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Question

training images

for ImageNet

Trained on

VGGNet 

ImageNet 1000 object classes 

(e.g., dog, airplane, keyboard)

A CNN trained on ImageNet as already learned:

● Visual primitives (edges, textures)
● Generic representations of the world
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Question

training images

for ImageNet

Trained on

VGGNet 

X-ray images of body parts

ImageNet 1000 object classes 

(e.g., dog, airplane, keyboard)
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Question

training images

for ImageNet

Trained on

VGGNet 

X-ray images of body parts

ImageNet 1000 object classes 

(e.g., dog, airplane, keyboard)

Do we really need to train a new model
from scratch?

Why would we reuse?

What could we reuse?
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Human Analogy

You want to learn how to drive a truck
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Human Analogy

You want to learn how to drive a truck
Learning to drive a car first

Transfer knowledge 
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Reality Check

training images

for ImageNet

training time

4× NVIDIA P100
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Reality Check

training images

for ImageNet

training time

4× NVIDIA P100

Training from scratch is almost never the right choice for most 

projects.
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Transfer Learning - Core Idea

"What has been learned in one setting is exploited to improve 

generalization in another setting."
— Goodfellow, Bengio & Courville, Deep Learning (2016)



© Mehyar Mlaweh, 2026. All rights reserved.15

Transfer Learning - Core Idea

Without Transfer Learning

- Collect thousands of labeled images

- Train all layers from random weights

- Weeks of GPU time

- High overfitting risk on small datasets

With Transfer Learning

- Start from a pretrained model 

- Adapt only the task-specific parts

- Hours to a few days of training
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Why Does It Work? 

Network Depth What  is Learned? Transferability

Early Layers Edges, colours ✅  Always transfer

Middle Layers Textures, patterns, shapes ✅  Usually transfer

Deep Layers Object parts, semantic 
regions

⚠  Partly task-specific

Final Layers
Class scores

(ImageNet : 1000 
categories)

❌  Replace this layer
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Transfer Learning Strategies

There are 3 main ways to use a pretrained model:

1. Feature Extraction
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Transfer Learning Strategies

There are 3 main ways to use a pretrained model:

1. Feature Extraction
2. Fine-Tuning some layers
3. Full Training (rare baseline)



© Mehyar Mlaweh, 2026. All rights reserved.19

Feature Extraction

Trained on

VGGNet 
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Feature Extraction

Trained on

VGGNet 
Output Layer : 1000 Objects
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Feature Extraction

Trained on

VGGNet 
Output Layer : 1000 Objects

X-ray images of body parts (100 class)

Replace with new layer to classify 

the body parts images (new task)
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Feature Extraction

Trained on

VGGNet 
The new output layer Layer : 100 Objects

X-ray images of body parts (100 class)

Replace with new layer to classify 

the body parts images (new task)
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Feature Extraction

Trained on

VGGNet 

The new output layer Layer : 100 Objects

What do we train in this model?

A. Only fc8

B. fc6, fc7, fc8

C. The entire network

New task : X-ray images of body parts (100 class)
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Feature Extraction

Trained on

VGGNet 

The new output layer Layer : 100 Objects

New task : X-ray images of body parts (100 class)
What do we train in this model?

A. Only fc8

B. fc6, fc7, fc8 ❄
C. The entire network ❄
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Feature Extraction

VggNet already trained on

New task : X-ray images of body parts (100 class)

We train the vggNet on 

the new dataset

Frozen layers : 

- Conv 1 -> 5

- Fc 6,7
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Feature Extraction

In few words : 

1. Take a pretrained model (e.g., ResNet, VGG)

2. Remove the final classification layer

3. Add a new layer for your task

4. Freeze the rest of the network

→ Only the last layer learns 

→ Everything else stays unchanged
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Feature Extraction

When should we use Feature Extraction :

- Small dataset
- The pretrained model is very large
- The domain is similar to the pre-training 

domain (e.g. ImageNet)
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Feature Extraction

When should we use Feature Extraction :

- Small dataset
- The pretrained model is very large
- The domain is similar to the pre-training 

domain (e.g. ImageNet)

Limitation:

- Domain Mismatch : Medical X-rays → features learned 
from natural photos don't generalize well at lower layers.



© Mehyar Mlaweh, 2026. All rights reserved.29

Feature Extraction

When should we use Feature Extraction :

- Small dataset
- The pretrained model is very large
- The domain is similar to the pre-training 

domain (e.g. ImageNet)

Limitation:

- Domain Mismatch : Medical X-rays → features learned 
from natural photos don't generalize well at lower layers.

Can we slightly adapt the model instead of freezing everything ? 
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Fine-Tuning

VGGNet 

Train

Freeze

Trained on
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Fine-Tuning

Trained on

VGGNet Train

Freeze
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Fine-Tuning

Trained on

VGGNet Train

Freeze
 Early layers = generic → keep frozen
 Later layers = task-specific → fine-tune
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Fine-Tuning

Trained on

VGGNet 

How Much Should We Fine-Tune?

We don’t always fine-tune the same number of 
layers

It depends on:

● Dataset size
● Similarity to ImageNet 
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Fine-Tuning

Trained on

VGGNet 

How Much Should We Fine-Tune?

We don’t always fine-tune the same number of 
layers

It depends on:

● Dataset size
● Similarity to ImageNet 

The more different the task → the more layers 
we fine-tune
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Fine-Tuning 

VGGNet 

Training Strategy

Phase 1

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

❄

❄

❄

Freeze backbone
Train head only
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Fine-Tuning 

VGGNet 

Training Strategy

Phase 1 Phase 2

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

❄

❄

❄

❄

❄

Freeze backbone
Train head only

Unfreeze last 
block 

Lr = 1e-4
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Fine-Tuning 

VGGNet 

Training Strategy

Phase 1 Phase 2 Phase 3

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

Classifier head
Lr = 1e-3

❄

❄

❄

❄

❄

Freeze backbone
Train head only

Unfreeze last 
block 

Full backbone unfrozen 
Optional — if data allows

Lr = 1e-4
Late Layers

Lr = 1e-4

Mid Layers
Lr = 1e-4

Early Layers
Lr = 1e-5
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Fine-Tuning 

VGGNet 

Training Strategy

Phase 1 Phase 2 Phase 3

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

Early Layers

Mid Layers

Late Layers

Classifier head
Lr = 1e-3

Classifier head
Lr = 1e-3

❄

❄

❄

❄

❄

Freeze backbone
Train head only

Unfreeze last 
block 

Full backbone unfrozen 
Optional — if data allows

Lr = 1e-4
Late Layers

Lr = 1e-4

Mid Layers
Lr = 1e-4

Early Layers
Lr = 1e-5

LR decreases as you go 
deeper, this is what prevents 
catastrophic forgetting while 
still allowing adaptation.
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Fine-Tuning vs Feature extraction

VGGNet 
Fine-tune entire network

Feature extraction Hardest case

Fine-tune entire network

Small 

Dataset

Large

Dataset

Similar to ImageNet Very Different

Standard approach. Use 
a moderate LR. Low 
overfitting risk due to 
data volume.

Features transfer well. 
Keep the head small, add 
dropout. Avoid 
overfitting.

More epochs, heavier 
augmentation. Early 
layers will also adapt 
significantly.

Start with feature 
extraction. Unfreeze last 
block only, with heavy 
regularisation.
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Conclusion

Transfer learning = reuse + adapt knowledge

Two approaches:

- Feature Extraction (freeze most layers)
- Fine-Tuning (adapt some layers) 

Strategy depends on:

- Data size
- Task similarity 
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Next Time ? 

Vision Transformers
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