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Curriculum
* Adjusted based on survey results

Wk 1 OT + Introduction

Wk 2 DL Fundamentals Review

Wk 3 CNN (today)

Wk 4 RNN + Attention Mechanism

Wk 5 Transformer + ViT

Wk 6 Detection + Segmentation

Wk 7 Self-Supervised Learning

Wk 8 Review Literacy + Role Explanation

Wk 9 Foundation Models (CLIP, SAM) + Paper #1

Wk 10 Diffusion Models + Paper #2

Wk 11 Conditional Generation + Paper #3

Wk 12 Vision-Language Models + Paper #4

Wk 13 VLM Applications + Paper #5

Wk 14 Video Understanding + Paper #6

Wk 15 Embodied AI & Robot Vision + Paper #7

Wk 16 Miniconference (Final Project)

Lecture Lecture + Paper Miniconference



Today's Agenda

01
From Pixels to Features
MLP limitations, CNN inductive biases, hand-crafted → learned features

15 min

02
The Convolution Operation
Filters, feature maps, stride/padding, pooling, normalization, separable conv

35 min

03
CNN Architectures
AlexNet → VGG → ResNet → DenseNet/EfficientNet → ConvNeXt

30 min

04
What CNNs Learn & Transfer Learning
Feature visualization, CAM, Grad-CAM, pretrain → fine-tune

10 min



Part 1

From Pixels
to Features
Why fully-connected networks aren't enough for images.



Multilayer Perceptron

Embarrassingly



Why use other architectures?



The Problem with FC Layers
Flatten → FC Solution: Convolution

Preserve spatial structure.

Process local regions with small filters.
Share parameters across the image.
Build hierarchical features.

→ Fewer parameters, better performance.

Spatial structure is destroyed.

32×32×3 image → 3,072-dim vector
224×224×3 → 150,528-dim vector

Parameters explode with image size.
No notion of "nearby" pixels.



Why CNNs Work: Inductive Biases
An architecture encodes assumptions about the data. CNN's assumptions match images perfectly.

Local
Connectivity

Each neuron sees only a small
local region (receptive field),
not the entire image.

Pixels that are close together
are more related than distant ones.

Parameter
Sharing

Translation
Equivariance

If the input shifts, the output
shifts correspondingly.

A cat is a cat regardless of
where it appears in the image.

Ref: MIT 6.7960 — "Architecture gives Inductive Bias". This perspective connects CNN → GNN → Transformer.

Same filter weights applied
across all spatial positions.

A feature detector useful in one
part of the image is likely useful
elsewhere too.



From Hand-Crafted to Learned Features

Before Deep Learning (~2012)

Image → Hand-crafted
Feature Extractor → Linear

Classifier

HoG, SIFT, Color Histograms, Bag of Words

Humans design the features.
Classifier only learns the final mapping.

"Feature engineering" was the bottleneck.

With CNNs (2012→)

Image →
CNN

(learns features
+ classifier)

→ Scores

End-to-end learning.

The network learns both features AND
the classifier jointly from data.

No manual feature design needed.
Backprop optimizes the entire pipeline.



LeNet (1998), AlexNet (2012)



~2020: Convnets dominate all vision tasks



~2020: Convnets dominate all vision tasks



~2020: Convnets dominate all vision tasks



2020~: Transformers have taken over



Part 2

The Convolution
Operation
Sliding filters, feature maps, and spatial dimensions.



Components of CNNs



Convolution: Core Idea

Problem:
• What if objects don’t fit neatly into these patches?
• How to increase the resolution of the output map?

Smaller patches increase resolution, but not easy to 
recognize content in each small patch
Instead: Use large but overlapping patches



Convolution: Core Idea
Slide a small filter over the image, computing dot products at each position.

Key  Filter always extends full depth of input (all channels). One filter → one activation map.
Each position: dot product + bias = one number.

Slides filter over image



Multiple Filters  Feature Maps

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼: 𝑁𝑁 × 𝐶𝐶_𝑖𝑖𝑖𝑖 × 𝐻𝐻 × 𝑊𝑊 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹: 𝐶𝐶_𝑜𝑜𝑜𝑜𝑜𝑜 × 𝐶𝐶_𝑖𝑖𝑖𝑖 × 𝐾𝐾 × 𝐾𝐾 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂: 𝑁𝑁 × 𝐶𝐶_𝑜𝑜𝑜𝑜𝑜𝑜 × 𝐻𝐻𝐻 × 𝑊𝑊𝑊
Each filter detects a different feature. Output channels = number of filters.



Fully-connected to Locally connected



Stacking Convolutions
Conv → Conv (no activation)

Two linear operations composed
= still one linear operation!

𝑊𝑊𝑊(𝑊𝑊𝑊𝑊𝑊) = (𝑊𝑊𝑊𝑊𝑊𝑊)𝑥𝑥

Conv → ReLU → Conv → ReLU

Non-linearity between layers
= can learn complex features!
Each layer builds on the previous.
Deeper = more abstract features.

What do filters learn at each depth?

Layer 1 Local image templates 
(edges, colors) Deep layers Learn larger 

structures



Stacking Convolutions



Spatial Dimensions: Padding

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑊𝑊 −𝐾𝐾 + 2𝑃𝑃 + 1

𝑊𝑊 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, 𝐾𝐾 = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, 𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓



Receptive Fields



Receptive Fields



Spatial Dimensions: Stride
𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = (𝑊𝑊 −𝐾𝐾 + 2𝑃𝑃) / 𝑆𝑆 + 1

𝑊𝑊 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, 𝐾𝐾 = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, 𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃, 𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓



Convolution Example: Conv2d



Convolution Example: Conv2d



Convolution Example: Conv2d



Convolution Example: Conv2d



Convolution Example: Conv2d



Convolution Example: Conv2d



Convolution Example: 1x1 Convolution



Convolution Summary



Convolution Summary



Dilated Convolution



Masked Convolution

Raster Scan Order
• Pixels generated left→right, top→bottom
• 𝑝𝑝 𝑥𝑥 = ∏𝑝𝑝 𝑥𝑥𝑖𝑖 𝑥𝑥1, … , 𝑥𝑥𝑖𝑖−1)

PixelCNN with Masked Convolution
• Conv filter masked to see only previous pixels
• Zero out future pixel weights in the kernel
• Enables parallel training via convolutions



Separable Convolution
Factor a standard conv into two cheaper operations. Used in MobileNet, EfficientNet, ConvNeXt.

Standard Convolution

Input
𝑪𝑪𝒊𝒊𝒊𝒊 × 𝑯𝑯 × 𝑾𝑾 → Output

𝑪𝑪𝒐𝒐𝒐𝒐𝒐𝒐 × 𝑯𝑯𝑯 × 𝑾𝑾𝑾

Cost: 𝐶𝐶𝑖𝑖𝑖𝑖 × 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜 × 𝐾𝐾𝐾 × 𝐻𝐻𝐻 × 𝑊𝑊𝑊

Depthwise Separable Convolution

Step 1: Depthwise Conv

Each channel gets its own 𝐾𝐾 × 𝐾𝐾 filter.
No mixing between channels.

𝐶𝐶𝑖𝑖𝑖𝑖 filters, each 1 × 𝐾𝐾 × 𝐾𝐾
→ Output: 𝐶𝐶𝑖𝑖𝑖𝑖 × 𝐻𝐻𝐻 × 𝑊𝑊𝑊

Spatial info only

→

Step 2: Pointwise Conv (1×1)

1×1 conv mixes information
across channels.

𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜 filters, each 𝐶𝐶𝑖𝑖𝑖𝑖 × 1 × 1
→ Output: 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜 × 𝐻𝐻𝐻 × 𝑊𝑊𝑊

Channel info only

Cost reduction  Standard: 𝐶𝐶𝑖𝑖𝑖𝑖 · 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜 · 𝐾𝐾𝐾 vs  Separable: 𝐶𝐶𝑖𝑖𝑖𝑖 · 𝐾𝐾𝐾 + 𝐶𝐶𝑖𝑖𝑖𝑖 · 𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜 →  ~8–9× cheaper for 𝐾𝐾 = 3,𝐶𝐶𝑜𝑜𝑜𝑜𝑜𝑜 = 256



Pooling Layers
Downsample feature maps to reduce computation and build translation invariance.

64 x 224 x 224
64 x 112 x 112



Pooling Layers
Downsample feature maps to reduce computation and build translation invariance.



Pooling Layers
Downsample feature maps to reduce computation and build translation invariance.

Max Pooling

Take the maximum value in each window.
Most common: 2×2, stride 2
→ halves spatial size.
Retains strongest activations.

Average Pooling

Takes the mean value in each window.

Global Average Pooling (GAP) is used
at the end of modern architectures
→ replaces FC layer before classifier.

Note  Pooling has no learnable parameters. It's a fixed operation. Some modern architectures skip pooling entirely, using strided 
convolutions instead.



Normalization Layers
Stabilize training by normalizing activations. The standard CNN block: Conv → BN → ReLU.

Batch
Normalization

CNNs (standard)

Normalize across batch
for each channel.

𝑦𝑦 = 𝛾𝛾 �𝑥𝑥 + 𝛽𝛽 �𝑥𝑥 =
𝑥𝑥 − 𝜇𝜇𝐵𝐵
𝜎𝜎𝐵𝐵

Stabilizes training.
Allows higher learning rates.
Slight regularization effect.

Depends on batch size.
Behavior differs train vs test.

Layer
Normalization

Transformers (standard)

Normalize across all
channels for each sample.

𝑦𝑦 = 𝛾𝛾 �𝑥𝑥 + 𝛽𝛽 �𝑥𝑥 =
𝑥𝑥 − 𝜇𝜇𝐿𝐿
𝜎𝜎𝐿𝐿

Independent of batch size.
Works with variable-length
sequences.

Default in Transformer / ViT.
We'll revisit in Week 5.

Group
Normalization

Detection / Segmentation

Normalize across groups
of channels per sample.

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑒𝑒𝑒𝑒𝑒𝑒𝑒.
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐶𝐶 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝐺𝐺

Robust to small batches.
Useful when batch=1–2
(e.g., high-res images).

Used in Mask R-CNN, etc.
We'll see this in Week 6.



Batch Normalization to Layer Normalization



Part 3

CNN Architectures
From AlexNet to ResNet — the ideas that shaped modern vision.



ImageNet & The ILSVRC Challenge

2012

AlexNet
CNN revolution

2014

VGG
Deeper, smaller 

filters

2014

GoogLeNet
Inception module

2015

ResNet
Skip connections

2022

ConvNeXt
CNN fights back



AlexNet (2012)
Krizhevsky, Sutskever, Hinton — The paper that started the deep learning revolution.

ReLU

First large-scale use.
Faster than sigmoid/tanh.

Dropout

Regularization for
FC layers. Novel at the time.

GPU Training

Split across 2 GPUs.
Made deep nets practical.

Data Aug

Random crops, flips,
PCA color augmentation.



VGGNet (2014)
Simonyan & Zisserman — "Deeper is better, but keep it simple."

Core Insight



VGGNet (2014)
Simonyan & Zisserman — "Deeper is better, but keep it simple."



VGGNet (2014)
Simonyan & Zisserman — "Deeper is better, but keep it simple."

Core Insight



ResNet (2015)



ResNet (2015)



ResNet (2015)



ResNet: Basic vs Bottleneck Block











After ResNet: Deeper, Wider, Efficient
Natural evolution of the ResNet paradigm — still the CNN era.

ResNeXt (2017)
"Split-Transform-Merge"

Replace one big conv with
multiple parallel pathways
(grouped convolutions).

More capacity at the same
parameter count.

Cardinality > Depth or Width

DenseNet (2017)
"Connect everything"

Every layer receives input
from ALL previous layers
(concatenation, not addition)

Dense connections + Growth rate

EfficientNet (2019)
"Scale smartly"

Better accuracy/FLOPS trade-off

All three build on ResNet's skip connection. The core paradigm is the same: convolution + residual.

Compound scaling:
increase
width × depth × resolution
together with fixed ratios.

Neural Architecture Search
finds optimal base 
network.



ConvNeXt (2022)
Liu et al. — "A ConvNet for the 2020s". What if we apply ViT's design choices to a pure CNN?



ConvNeXt (2022)
Liu et al. — "A ConvNet for the 2020s". What if we apply ViT's design choices to a pure CNN?

The Question

2020: ViT shows pure Transformers beat CNNs.

But was it the attention mechanism?
Or the modern training recipe?

ConvNeXt answer: Start from ResNet-50,
gradually adopt ViT's design choices
(training tricks, macro design, micro design)
→ match ViT performance with pure convolutions.

Key Changes (ResNet → ConvNeXt)

ResNet training → ViT training recipe
(300 epochs, AdamW, augmentation)

3×3 conv → 7×7 depthwise conv
(larger kernel like ViT's patch)

BatchNorm → LayerNorm

ReLU → GELU

Bottleneck block → Inverted bottleneck
(wide → narrow → wide)

Takeaway

CNN vs Transformer is not about convolution vs attention. It's about training recipes, scaling, and design choices.
→ Week 5: We'll learn what ViT actually does, and why these design choices matter.



Part 4

What CNNs Learn
& Transfer Learning
Peeking inside the black box, and leveraging pretrained knowledge.



Feature Inversion
"What does the network remember at each layer?" — Reconstruct the image from features only.

Early Layers

Almost perfect reconstruction.
The network retains nearly all
pixel-level information.

Middle Layers

Textures and local structures
survive, but exact pixel
positions are lost.

Deep Layers

Only high-level semantic
information remains.
Colors and details are gone.

Insight: Deeper layers progressively discard spatial detail and keep semantic meaning. This is why transfer learning works.



CAM: Class Activation Mapping
Zhou et al. (2016) — Where is the network looking to make its prediction?

How It Works

1 Last conv layer produces feature maps (C × H × W)

2 Global Average Pooling (GAP) → one value per channel

3 FC layer weights 𝑤𝑤𝑐𝑐 connect GAP to class score

4 𝐶𝐶𝐶𝐶𝐶𝐶 = Σ 𝑤𝑤𝑐𝑐 × 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑒𝑒𝑚𝑚𝑚𝑚𝑝𝑝𝑐𝑐
(𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠𝑠𝑠𝑠𝑠 𝑜𝑜𝑜𝑜 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)

Limitation
Requires Global Average Pooling (GAP) before the final FC layer. Only works with architectures that have this specific structure (e.g., GoogLeNet, 
ResNet). Cannot be applied to models with multiple FC layers (e.g., VGG) or arbitrary layers.



Grad-CAM: Generalized CAM
Selvaraju et al. (2017) — Use gradients instead of GAP weights. Works with any CNN.

Key Idea
CAM uses FC weights to weight feature maps.
Grad-CAM uses gradients instead:

𝛼𝛼𝑐𝑐 = 𝐺𝐺𝐺𝐺𝐺𝐺(𝜕𝜕𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝜕𝜕𝐴𝐴𝑐𝑐

) ← importance of channel c

𝐿𝐿 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅( Σ 𝛼𝛼𝑐𝑐 × 𝐴𝐴𝑐𝑐 ) ← weighted sum + ReLU

No architectural constraint. Any conv layer, any model.

CAM vs Grad-CAM

CAM Grad-CAM

Weight source FC weights Gradients

Requires GAP? Yes No

Any layer? Last only Any conv layer

Any architecture? Limited Universal



Grad-CAM: Where Does the Model Look?
Selvaraju et al. (2017) — Visual explanations from any CNN-based model.

How it works

1. Forward pass → get class score
2. Backward pass → get gradients at last

conv layer
3. Weighted combination of activation maps
4. ReLU → heatmap showing important

regions for that class

No architecture modification needed.

Why it matters  Model debugging (is it looking at the right thing?), trustworthiness, failure analysis. Essential tool for your challenge 
projects.



Transfer Learning
Don't train from scratch. Start from a pretrained model and adapt.

1. Pretrain
on ImageNet

• Train on 1.28M images, 
1000 classes

• Learn general features

2. Freeze
Backbone

• Keep pretrained conv 
layers

• Remove final FC layer

3. Fine-tune
on Your Data

• Add new classifier head
• Train with small lr
• Optionally unfreeze layers

When to use which?

Small dataset, similar domain

→ Freeze backbone, train classifier only.
Low risk of overfitting.

Large dataset or different domain

→ Fine-tune entire network with small lr.
More flexibility, needs more data.



Summary & Resources

What We Covered

MLP limitations → CNN inductive biases
Convolution: filters, feature maps, stacking
Stride, padding, pooling, output size
AlexNet → VGG → ResNet evolution
ConvNeXt: CNN still competitive
Visualization: features, CAM, Grad-CAM
Transfer learning: pretrain → fine-tune

Further Reading & Self-Study

Michigan EECS 498 (YouTube):
L7 Convolutional Networks
L8 CNN Architectures

CS231n Notes: cs231n.github.io
Module 2: Convolutional Neural Networks

Key Papers:
AlexNet (Krizhevsky 2012)
VGG (Simonyan 2014)
ResNet (He 2015)
ConvNeXt (Liu 2022)

Next Week  Week 4: RNN + Attention Mechanism — From sequence modeling to the birth of attention
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