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https://www.youtube.com/watch?v=HS1wV9NMLr8&ab_channel=NVIDIA

Image classification




Image segmentation

pos: (1.54, 0.00, 3.13), angle: -139.7 deg, steps: 1, speed: 0.00 m/s
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Object Detection




Instance Segmentation
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Precision and Recall
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True Positives 2 # True Positives 2

precision = = — recall = —

# True Positives + # False Positives 3 # True Positives + # False Negatives 6
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Precision-Recall

Precision
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mean Average Precision (mAP)

- mean over all classes
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INtersection over Union

Annotated label

Model prediction
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The neuron
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The neuron
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Compositionality




Differentiability

y = f(x)

dy

P f(x)






Multi-layer perceptron




Multi-layer perceptron
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ImMmagenet
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| 0oss functions




| 0oss functions




| 0oss functions

The L, distance: |y — y*|

— binary cross entropy
— Ll

The binary cross-entropy loss:

—(y*log(y) + (1 — y*)log(1l —y))

y* :annotation
y : model prediction



Backpropagation



Backpropagation
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Backpropagation
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The step size

n<<n
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Convexity
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Annotated Dataset
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Activation functions
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Activation functions

Linear Activation Function

10.0 -
7.5 1
5.0 |
2.5 1
0.0 -

-2.5 1

-5.0 -

-t

-10.0 A

Y Axis

| | | |

100 -75 -50 -25 00 25 50 75 10.0
X Axis

- —l

Tanh Activation Function

100 -
0.75 -
0.50 -
0.25 -
0.00
-0.25
-0.50
-0.75
-1.00

Y Axis

'

'

1

—16.0 -7.5 -§.O -2.5 0.0 25 5.0 715 10.0
X Axis

Sigmoid Activation Function

Y Axis

| | L} I | |

100 -75 -50 -25 00 25 50 75 10.0

Y Avic

RelLU Activation Function

10 -

Y Axis

max(0,x)

| ' ' ' | '

100 -75 -50 -25 00 25 50 75 10.0
X Axis

33



Table of Contents

Ad Va ﬂ Ced V|S U a ‘ Intro to Advanced Visual Perception
Pe I’CG ptIOﬂ Intro to Neural Networks

Deep Convolutional Neural Networks
Object Detection

Semantic Segmentation

What if we don't have labels?



a,

R _“i_m

v , | W
car 1 000 - X " ; '
_f_‘; 0.998 “.r 1A 973"' 0.999 car O”car 0.995 B
\ » 'z—rﬂr'%di. 1asﬁ @‘ -

- 2




Convolution
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Convolutional layers




Convolutional layers




Convolutional layers




Convolutional layers
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Convolutional layers

Convolution + pooling  Convolution + pooling  Convolution + pooling

fully connected
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Softmax
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Cross-entropy loss

p(duckie)
Binary cross-entropy loss:
p(duckiebot)
—(y*log(y) + (1 — y*)log(l —y))
Multi-class cross-entropy loss:
y
- ) p(oH)log p(y,)
p(flamingo)
probabilities (y) probabilities (y*)

One-hot encoding 52



Residual layers

INput
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Transformer

- Origins in NLP

- “Tokenize"” and "encode’” the input

. Use attention to allow the relationships between tokens to be learned

- Decode the output
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Vision Transformer

- Similar iIdea but tokenize the image using IMage patches
. INstead of predicting next word we add a new [CLS] token at the end

. Supposedly less inductive bias than a CNN (allows contextual information to flow
further more easily)
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CNNSs for object detection
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| 0ss Function
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CNNSs for object detection

1

class € {duckie, duckiebot,..., background}

Too many possible boxes to do this exhaustively
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Region proposals




R-CNN: Region-Based CNN

~2000 region proposals
picked with selective search

CNN
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Non-maximum suppression




Non-maximum suppression

|IOU > thresholad



Non-maximum suppression

IOU > threshol



Non-maximum suppression




Fast R-CNN
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Region of Interest (Rol) pooling

Max Pooling
B e

Region features
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lmage features
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Faster R-CNN
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Region Proposal Network

Image features

: Anchor boxes
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Faster R-CNN

Binary cross entropy

RPN
/ Cross entropy
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You Only Look Once (YOLO)

Backbone A bounding box

Image features

: Anchor boxes

No need for RPN
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|ssues with single-stage object detectors

Problem 1: Difficult to detect objects at different scales

Solution 1. Use features from different layers of backbone

Method 1. Single shot multibox (SSD)
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|ssues with single-stage object detectors

Problem 1: Difficult to detect objects at different scales

Solution 1. Use features from different layers of backbone

Method 1. Single shot multibox (SSD)

Problem 2: Data imbalance due to backgrounad

Solution 2: Focal loss that prioritizes objects

Method 2: RetinaNet
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DETR

Application of vision transformers to the problem of object detection:
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Datasets

- Kitti, CityScapes Nuscenes

- Mostly annotated by hand
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Autoencoder

Objective: learn a latent representation of your input

No need for data

Usually: minimize the reconstruction loss (maybe regularized by something to enforce the kind of latent

representation you want)

Encoder

Output

Decoder
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Seghnet

Convolutional Encoder-Decoder
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Segment Anything Model|

1. Image Encoder (VIT)

2. Prompt encoder (encode points / masks)

3. Mask decoder

Dataset of 11 million images and 1B masks (but most
not generated by humans)
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Contrastive Learning

. Use some “pretext task” to learn a representation

. Often works well in conjunction with a contrastive loss (e.g. in SIMCLR)

exp (sim (zi, Zj>/T>

2N :
Lt Likiy €XP (Slm (2 2 )/ T)
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Self-distillation

. Use some “pretext task” to learn a representation

. Or through the process of knowledge distillation
(e.g. In BYOL)

view representation projection prediction
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Self-Supervision + Transtormer

DINO
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ulti-modal embeddings - CLIP
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Multi-modal embeddings - CLIP

1. Contrastive pre-training

pepp.er the _ Text
aussie pup Encoder
. Image
Encoder

https://openai.com/blog/clip/
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Multi-modal embeddings - CLIP

2. Create dataset classifier from label text

a photo of

a {object}.

3. Use for zero-shot prediction

https://openai.com/blog/clip/

Image
Encoder

Text
Encoder
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