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Learning Goals for Upcoming Lectures
Using Representation Learning for Depth 
Estimation and Finding Correspondences

12-May-252

Representations & Representation 
Learning

Optical & Scene Flow Optimal Estimation

State

Observation

Neural Radiance Fields
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Outline of the previous lecture

• What is a state? What is a representation?

• What are the different kinds of 
representations?

• How can we extract state from raw sensory 
data?

• How can we learn good representations form 
data?

12-May-253
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Summary of what you learned

• State: Quantity that describes the most 
important aspect of a dynamical system at 
time t

• Representation: data format of input or 
output including a low-dimensional 
representation of sensor data

– Input/output/intermediate representation

12-May-254
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Summary of what you learned

• Learned versus interpretable representations 

• Visualize learned representations

• How to learn representations?

– Supervised

– Unsupervised

– Self-supervised

12-May-255
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Supervised learning of a representation

12-May-256

Intermediate representation

Classifier

Input images Labels

Loss function/Cost
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Learning without Labels

12-May-257
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Unsupervised Representation Learning

12-May-258

No category or symbolic label. Instead: learn to reconstruct.

One kind of unsupervised model:

Intermediate representation
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Autoencoder

12-May-259

z 
Intermediate repr.

Reconstruction loss to 

minimize by finding 
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Data Compression & Task Transfer

12-May-2510

Encoder Decoder

G

z 
Intermediate repr.

Classifier
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Self-Supervision

12-May-2511
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Representation Learning

Reinforcement Learning (Cherry)
Predicting a scalar reward given once in 
a while
A few bits for some samples

Supervised Learning (Chocolate Coat)
Predicting category or vector of scalars 
per input as provided by human labels.
10-10k bits per sample

Unsupervised / Self-Supervised Learning (Cake)
Predicting parts of observed input or 
predicting future observations or events
Millions of bits per sample

12-May-2516

Visualisation Idea by Yann LeCun
Photo by Kristina Paukshtite from Pexels

Increasing level of difficulty

https://www.pexels.com/@kpaukshtite?utm_content=attributionCopyText&utm_medium=referral&utm_source=pexels
https://www.pexels.com/photo/baked-pastry-1998635/?utm_content=attributionCopyText&utm_medium=referral&utm_source=pexels
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Let’s use representation learning! 

12-May-2517

Monocular Depth Estimation 
Unsupervised Learning

Finding Correspondences across 
Frames
Self-Supervised Learning

Depth Estimation from Stereo
Supervised Learning

Image by Yunuk Cha.
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Epipolar Constraint (Lecture 6)

O1 O2

p’

P

p

e e’

• l = F p’ is the epipolar line associated with p’ 

• l’= FT p  is the epipolar line associated with p 

• F e’ = 0   and   FT e = 0

• F is 3x3 matrix; 7 DOF 

• F is singular (rank two)

pT × F p ' = 0

l’l
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Why are parallel images useful?

• Makes triangulation easy
• Makes the correspondence problem easier
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Why are parallel images useful?

• Makes triangulation easy
• Makes the correspondence problem easier
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The Correspondence Problem

12-May-2528

Homogenous regionsRepetitive Patterns

Occlusions
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Can we learn a similarity function to 
find corresponding points?

12-May-2529

SimNet: Enabling Robust Unknown Object Manipulation from Pure Synthetic Data via Stereo. CoRL ‘21. Kollar et al.

Supervised Learning of Disparity map.
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𝒇𝟏 = Feature

𝑥1 = Image Patch location

𝑘 = ½ Image Patch dimension
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Randomize over Geometry

12-May-2536
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Densely Annotated Scenes

12-May-2537
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3D Scene Understanding

12-May-2538
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TODO: Foundation Stereo

• Focus on correlation portion within 
Foundation Stereo

• Synthetic images for training

• What is different from earlier work?

– Much more complex architecture and use of 
DepthAnything priors from monucular stereo 

12-May-2539



Lecture 11Silvio Savarese & Jeannette Bohg 

FoundationStereo: Zero Shot Stereo 
Matching. Wen et al. CVPR 2025.

12-May-2540

• Synthetic Training Images 

• Much more complex architecture

• At the core: Feature Correlation

• Here: Group-wise Correlation
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Foundation Stereo

12-May-2541
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Foundation Stereo

12-May-2542

• Synthetic Training Images 

• With many textures, geometries and poses 

• Self-curation by discarding image pairs that 
are hard to predict
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Let’s use representation learning! 

12-May-2543

Monocular Depth Estimation 
Unsupervised Learning

Finding Correspondences across 
Frames
Self-Supervised Learning

Depth Estimation from Stereo
Supervised Learning

Image by Yunuk Cha.
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What if we don’t need to form 
correspondences between images?

• Can we estimate depth from a single image?

12-May-2544
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Unsupervised Monocular Depth 
Estimation with Left-Right 

Consistency

Clément Godard1         Oisin Mac Aodha2         Gabriel J. Brostow1

1University College London   2Caltech
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Input image

49
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Result

50
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Why depth?

51
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How do we usually get depth?

52
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Why monocular?

53
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Previous approaches - Supervised

Input

color

Model Outpu

t

depth

Target

depth

Loss
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Previous approaches - Supervised

55

Automatic Photo Pop-up [SIGGRAPH 
05]

Make3D [PAMI 08]
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Previous approaches - Supervised

Loss

56

Input

color

Model Outpu

t

depth

Target

depth
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Input

color

Model Outpu

t

depth

Target

depth

Previous approaches - Supervised

CNN

Loss

57

Eigen et al. [NIPS 14] 
Li et al., Laina et al., Cao et al., ...
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KITTI 2015

59
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IR Structured Light

• Does not work well outside

60
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Depth from stereo

62

L R

𝐷𝑖𝑠𝑝𝑎𝑟𝑖𝑡𝑦 ∝
1

𝐷𝑒𝑝𝑡ℎ
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Let’s train with stereo data!

63

Apple Stereolabs

Point Grey
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Previous approaches - Unsupervised

Deep3D
Xie et al. [ECCV 16]

Garg et al. [ECCV 16]

64
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Unsupervised depth estimation - 
Concept

Input

colors

CNN Output

color

Target

color

L L L

SamplerOutput

disparity

L

R

Loss

65



Lecture 11Silvio Savarese & Jeannette Bohg 

Unsupervised depth estimation - 
Baseline

L L LL

R

Loss

66

Spatial transformer networks, Jaderberg et al. [NIPS 15]

Input

colors

CNN Output

color

Target

color

SamplerOutput

disparity
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Bilinear Sampling

67

Spatial transformer networks, Jaderberg et al. [NIPS 15]

R L
L
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Input

68
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Baseline

69
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This method

70
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Unsupervised depth estimation - This method

L

R
L L

R

L

R R

LossLR Loss

Input

colors

CNN Output

colors

Target

colors

SamplerOutput

disparities

71

Smoothness 

Loss
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Reconstruction Loss

72

Complete Loss

SSIM: Structural Similarity Index =

Luminance Contrast Structure

𝑁  = # of pixels

𝑖, 𝑗 = index of the pixels

𝛼 = weight
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Left-Right Consistency Loss

12-May-2573

Complete Loss

𝑁  = # of pixels

𝑖, 𝑗 = index of the pixels

𝑑 = disparity in left/right image
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Smoothness Loss

12-May-2574

Complete Loss

𝑁  = # of pixels

𝑖, 𝑗 = index of the pixels

𝑑 = disparity in left/right image

𝜕𝑥𝑑𝑖,𝑗
𝑙  = Gradient of disparity

𝜕𝑥𝐼𝑖,𝑗
𝑙  = Image Gradient
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Unsupervised depth estimation - This method

L

R
L L

R

L

R R

LossLR Loss

Input

colors

CNN Output

colors

Target

colors

SamplerOutput

disparities

75

Smoothness 

Loss
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Architecture

• Fully convolutional
– Choose your favorite encoder

• Skip connections
– Similar to DispNet and FlowNet

• Multiscale generation
– And Loss!

• Fast!
– ~30fps on a Titan X

76

Encoder Decoder

Skips

Outputs
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KITTI – Input image

78
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KITTI – Ground truth depth

79
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KITTI – Eigen et al. [NIPS 14]

80



Lecture 11Silvio Savarese & Jeannette Bohg 

KITTI – Liu et al. [CVPR 14]

81
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KITTI – Garg et al. [ECCV 16]
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KITTI – This work

83
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KITTI – Input image

84
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KITTI 2015

• All variants of our model beat previous 
supervised methods

85
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KITTI 2015

• All variants of our model beat the previous 
unsupervised method

86
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Make3D – Input image

87
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Make3D – Ground truth depth

88
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Make3D – Karsch et al. [PAMI 14]
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Make3D – Liu et al. [CVPR 14]

90
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Make3D – Laina et al. [3DV 16]

91
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Make3D – This method

92
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Make3D – Input image

93
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Challenges

• Reprojection loss
– Assumes lambertian world

– More supervision? 
• Kuznietsov et al. [CVPR 17]

• Need calibrated data
– Synced and rectified

– Less supervision?
• Zhou et al. [CVPR 2017]

95
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Conclusion

• We can get depth from a single photograph

• Self-supervision with stereo data
– Cheap and scalable!

• Accurate
– Beats fully-supervised methods on KITTI!

96
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Depth Anything: Unleashing the Power of Large-
Scale Unlabeled Data. Yang et al. CVPR 2024. 

12-May-25102

• What is different?

– Mix of labeled and unlabeled datasets

– Teacher/student network

– Encoder with strong semantic prior 
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Depth Anything

12-May-25103

• 1.5M labeled images from multiple datasets
• 65M unlabeled images -> get pseudo ground truth from teacher network
• Train student network from scratch on pseudo ground truth
• Iterate: re-label images with new Teacher, train student
• Introduce strong perturbations (color distortions, color jittering, Gaussian 

blurring, CutMix)
• Semantic feature alignment based on Dino but with some slack   
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Depth Anything V2. Yang et al. 
NeurIPS 2024

12-May-25104

• Teacher trained on synthetic images to 
mitigate label noise in real datasets

• Student trained on real images to bridge 
sim2real gap
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Depth Anything V2. Yang et al. 
NeurIPS 2024

12-May-25105

• Teacher trained on synthetic images to 
mitigate label noise in real datasets

• Student trained on real images to bridge 
sim2real gap
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Foundation Stereo

12-May-25106
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Let’s use representation learning! 

12-May-25108

Monocular Depth Estimation 
Unsupervised Learning

Finding Correspondences across 
Frames
Self-Supervised Learning

Depth Estimation from Stereo
Supervised Learning

Image by Yunuk Cha.
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Feature Tracking

12-May-25109

Structure From Motion Problem
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Stanford University

Fea
tu
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kcing

3

Problem statement

Slide credit: Yonsei Univ. 

12-May-25110

Slides Adapted from CS131a. 
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Problem statement

Slide credit: Yonsei Univ. 

12-May-25111

Slides Adapted from CS131a. 
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Problem statement

Slide credit: Yonsei Univ. 

12-May-25112

Slides Adapted from CS131a. 



Lecture 11Silvio Savarese & Jeannette Bohg 

T
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Single object tracking

12-May-25113

Slides Adapted from CS131a. 
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Multiple object tracking

12-May-25114

Slides Adapted from CS131a. 
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Tracking with a fixed camera

12-May-25115

Slides Adapted from CS131a. 
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T
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Tracking with a moving camera

12-May-25116

Slides Adapted from CS131a. 
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Challenges in Feature Tracking

• Figure out which features can be tracked 
– Efficiently track across frames

• Some points may change appearance over 
time 
– e.g., due to rotation, moving into shadows, etc. 

• Drift: small errors can accumulate as 
appearance model is updated 

• Points may appear or disappear.
– need to be able to add/delete tracked points. 

12-May-25117
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What are good features to track?

• Regions we can track easily and consistently

• Once we have the good features, we can use 
simple tracking methods

• Next Lecture: Optical Flow  

12-May-25118
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Dense Object Nets
Learning Dense Visual Object Descriptors

By and For Robotic Manipulation. CORL 2018

Slides adapted from CS326 by Kevin Zakka and Sriram Somasundaram

Peter R. Florence, Lucas Manuelli, Russ Tedrake
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Motivation



Lecture 11Silvio Savarese & Jeannette Bohg 

task-specific no task-specificity
coarse

no task-specificity 

Grasp feature-learningRL Grasp segmentation
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What is the right object representation for manipulation,
and how can we scalably acquire it? 
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Deformable Self-supervised 3D perceptionTask agnostic

Wish List
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Some Representations
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What exactly is a descriptor? 

The story goes that Takeo Kanade once 
told a young graduate student that the 

three most important problems in 
computer vision are: “correspondence, 

correspondence, correspondence!” -
Wang et. al. 2019
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Scene
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Scene
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Scene
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Feature detector Feature descriptor

𝑘 𝐷(𝑘)Area around pixel



Lecture 11Silvio Savarese & Jeannette Bohg 

𝑘 𝐷(𝑘)Area around pixel
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Features descriptors should be invariant under transformation 

𝑘 𝐷(𝑘)Area around pixel 𝑘 𝐷(𝑘)Area around pixel
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Paper Overview



Lecture 11Silvio Savarese & Jeannette Bohg 

Dense Descriptors

Input is an RGB image Output

D-dim descriptor 
for each pixel

Pay attention to the difference in Dimensionality
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Dense Descriptors

Input is an RGB image Output
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Network Architecture

D

H

W

H

W
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Pixelwise Contrastive Loss

Hadsell et al., CVPR 2006



Lecture 11Silvio Savarese & Jeannette Bohg 

Pixelwise Contrastive Loss

Assumption: Ground truth Correspondences Given
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Pixelwise Contrastive Loss - Matches

Distance in Descriptor Space
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Pixelwise Contrastive Loss – 
Non-Matches

Distance in Descriptor Space

- Training time

Max distance

You want this to be large for non-matches

𝒖𝒂

𝒖𝒃

𝒖𝒂
′

𝒖𝒂
′

𝒖𝒂𝒖𝒃

Descriptor Space
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Pixelwise Contrastive Loss

Loss: Reconstruction + Contrastive Loss
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How can we generate these ground-truth correspondences?
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3D Reconstruction based Change 
Detection and Masked Sampling
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Autonomous and Self-supervised 
Data Collection
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Background Randomization
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• Hard-Negative Scaling

• Data Augmentation

Further Training Techniques
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Results
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1) Can we acquire descriptors that can generalize 
across classes of objects and can be distinct for each 
object instance?

2) Can we apply dense descriptors to robotic manipulation?

Experiments
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Single Object
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Learned Dense Correspondences
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Multi-Object Unique Descriptors
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Class consistent descriptors
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Yes

1) Can we acquire descriptors that can generalize 
across classes of objects and can be distinct for each 
object instance?

2) Can we apply dense descriptors to robotic manipulation?

Experiments
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Results: Robotics Showcase

- Dense correspondence for manipulation

- Multi object dense descriptor manipulation

- Class consistent descriptor manipulation

Goal: Perform grasps on target object with a real robot based on 
selected grasp points on a reference object
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Dense Correspondence for 
Manipulation
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Instance Specific Manipulation
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Class Consistent Manipulation
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Yes

Yes, we can use descriptors to know where to grasp

1) Can we acquire descriptors that can generalize 
across classes of objects and can be distinct for each 
object instance?

2) Can we apply dense descriptors to robotic manipulation?

Experiments
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Limitations

• Learned correspondences not always unimodal
• Training is finicky: sensitive to scale of match 

and non-matches
• Don’t always have consistency guarantee (e.g. 

anthropomorphic toys)
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Emerging Properties in Self-Supervised Vision 
Transformers. Caron et al. ICCV. 2021

• Learns local features that are 
consistent across time and semantic 
classes

• Student/Teacher Architecture
• Uses Vision Transformer

Image by Yunuk Cha.
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Background: Vision Transformer 

• Image divided into Patches; patches are 
vectorized

• Fed into transformer with positional encoding



Lecture 11Silvio Savarese & Jeannette Bohg 

Emerging Properties in Self-Supervised Vision 
Transformers. Caron et al. ICCV. 2021

• Train student to match 
output of teacher

• Input: Images (here only 
2)

• Output: Distribution over 
image categories

• Loss: Cross Entropy loss
• Teacher update with 

Exponential Moving 
Average (EMA) over past 
iterates of student
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Emerging Properties in Self-Supervised Vision 
Transformers. Caron et al. ICCV. 2021

• Local and global views extracted from 
images 
– crops have same class label as original image

• Teacher gets only global view
• Student gets both, global and local views
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Let’s use representation learning! 

12-May-25172

Monocular Depth Estimation 
Unsupervised Learning

Finding Correspondences across 
Frames
Self-Supervised Learning

Depth Estimation from Stereo
Supervised Learning

Image by Yunuk Cha.
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Summary

• Hourglass structure for representation learning
• Mapping either to depth or to descriptors

– Descriptors are used for localization, robot grasping, 
tracking

– Keypoint matching
• Training is supervised, unsupervised, self-

supervised by exploiting structure that you know 
about the problem
– Eases demand for ground truth labels

• Known structure can be used to generate training 
data (ground truth depth, correspondences, optical 
and scene flow, semantics, …)

173
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Common themes in newer models

• Cost volume for depth estimation
• Implicit learning of correspondences
• Simulated training data
• Student / Teacher distillation
• Vision transformer

174
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Learning Goals for Upcoming Lectures

12-May-25175

Representations & 
Representation Learning

Optical & Scene Flow Optimal Estimation

State

Observation

Neural Radiance Fields

Using Representation Learning for Depth 
Estimation and Finding Correspondences
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Next Lecture:

Optical Flow and Scene Flow

CS231
Introduction to 
Computer Vision
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