
Lecture 10:  
Introduction to scene understanding
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• PS1 grades out 
• Please check your grade! 
• Regrade requests via Gradescope  
• Submit requests by next Tues. 

• PS5 out 
• More coding than usual!
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Announcements



Image contains Photoshopped sign Source: Torralba, Freeman, Isola3



Source: Torralba, Freeman, Isola4
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Source: Torralba, Freeman, Isola5



Park

Source: Torralba, Freeman, Isola6



A view of a park on a nice spring day

Source: Torralba, Freeman, Isola7



PERSON FEEDING 
DUCKS IN THE PARK

PEOPLE WALKING IN THE PARK

DUCKS LOOKING FOR FOOD

Do not  
  feed  
the ducks  
    sign

Source: Torralba, Freeman, Isola8



DUCKS ON TOP  
OF THE GRASS

PEOPLE UNDER THE  
SHADOW OF THE TREES

Source: Torralba, Freeman, Isola9



Today

• History 
• Scene recognition 
• Pixel labeling problems 
• Simple object detection model
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Why do we care about recognition?
Perception of function: We can perceive the 3D shape, texture, material 

properties, without knowing about objects. But, the concept of category 
encapsulates also information about what can we do with those objects. 

“We therefore include the perception of function as a proper –indeed, crucial- subject for vision science”, 
from Vision Science, chapter 9, Palmer.

Source: Torralba, Freeman, Isola11



The perception of function

• Direct perception (affordances): Gibson

Flat surface  
Horizontal 
Knee-high 
…

Sittable  
upon

Chair Chair

Chair?

Flat surface  
Horizontal 
Knee-high 
…

Sittable  
upon

Chair

• Mediated perception (Categorization)

Source: Torralba, Freeman, Isola12



Direct perception
Some aspects of an object function can be perceived directly


Functional form: Some forms clearly indicate to a function (“sittable-upon”, 
container,  cutting device, …)

Sittable-upon Sittable-upon

Sittable-upon

It does not seem easy 
to  sit-upon this…

Source: Torralba, Freeman, Isola13



Limits to direct perception

Source: Torralba, Freeman, Isola14



Object categories aren’t everything
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Slide by Fei Fei, Fergus & Torralba 
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http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html
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A picture is worth a 1000 words…   
Or just 10?

Source: A. Efros

Object categories aren’t everything



• A lot of categories are 
functional 

• Categories are 3D, but 
images are 2D 

• World is highly varied

Chair

car

train Source: A. Efros

Visual challenges with categories



What labels? Recognizing exact instances?
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A Beijing City Transit Bus #17, serial number 43253?

Source: A. Efros

http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html


Need more general (useful) information

Functional: 
• A large vehicle that may be moving fast, probably to the right, and will kill you if you stand 

in its way.  
• However, at specified places, it will allow you to enter it and transport you quickly over 

large distances. 

Communicational: 
• bus, autobus, λεωφορείο, ônibus, автобус, 公共汽⻋车, etc.
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What can we say the very 
 first time we see this thing?

Source: A. Efros

http://people.w3.org/rishida/photos/html/slides/0311-beijing1_031111_035240+8_beijing_e031124.jpg.html


Recognizing objects: is it really so hard?

This is a chair

Find the chair in this image Output of normalized correlation

Source: A. Torralba20



Find the chair in this image 

Not so great!

Recognizing objects: is it really so hard?

Source: A. Torralba21



Simplify the problem: Blocks world

Input Edges (2x2 gradient) Reconstructed 3D scene 
(new view point) 

Source: Torralba, Freeman, Isola22



Object Recognition in the Geometric Era: a Retrospective. Joseph L. Mundy. 2006

3D, compositional models
Binford and generalized cylinders Recognition by components

Recognition-by-Components: A Theory of Human Image Understanding. 

Psychological Review, 1987.

Irving Biederman


Source: Torralba, Freeman, Isola23



Part based models

• Object as set of parts 
– Generative representation 

• Model: 
– Relative locations between parts 
– Appearance of part 

• Issues: 
– How to model location 
– How to represent appearance 
– Sparse or dense (pixels or regions) 
– How to handle occlusion/clutter

Source: Torralba, Freeman, Isola24



Neural Network-Based Face Detector
Train a set of multilayer perceptrons and arbitrate a decision 
among all outputs

Rowley, Baluja, and Kanade: Neural Network-Based Face Detection (PAMI, January 1998)

Source: Torralba, Freeman, Isola25



Viola-Jones algorithm
1.Millions of efficient features

3. Computational cascade
2.Boosted feature selection

Source: Torralba, Freeman, Isola26



Histograms of oriented gradients (HOG)

1. Bin gradients from 8x8 pixel neighborhoods into 9 orientations 
2. Linear SVM

https://lear.inrialpes.fr/people/triggs/pubs/Dalal-cvpr05.pdf

Source: Torralba, Freeman, Isola27



[“HOGgles”, Vondrick et al. , ICCV 2013]
Source: Torralba, Freeman, Isola 28



car

[“HOGgles”, Vondrick et al. , ICCV 2013]
Source: Torralba, Freeman, Isola 29



ImageNet classification and Neural nets

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

“Birds”

Source: Torralba, Freeman, Isola30



Scene recognition

Park

31



Scene recognition problem

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

“Auditorium”

Your next problem set!32



2. Download images 
and clean the categories

1. Take all scene words  
from a dictionary

Zhou, Lapedriza, Xiao, Oliva, Torralba (NIPS 2014)Source: A. Oliva 33



Source: Torralba, Freeman, Isola 34



Scene recognition with CNN

“Auditorium”

Filt
er

ReL
U

Dow
ns

am
ple

…

Clas
sify

PS5: implement this in PyTorch
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Object recognition: what objects are in the image?

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

“Birds”

Source: Torralba, Freeman, Isola
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Semantic segmentation

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

(Colors represent categories)

General technique: predict something at every pixel!
Source: Torralba, Freeman, Isola
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Idea #1: Independently classify windows
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“Sky”f
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What’s the object class of the center pixel?

Training data

n o
,

n o
,

n o
,

…

x

“Bird”

“Bird”

“Sky”

y
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K-way classification problem

f✓ : X ! RK
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Solve with K-dimensional softmax regression:

Source: Torralba, Freeman, Isola
39



Idea #2: Fully convolutional networks

40



Fully Convolutional Networks

Source: Torralba, Freeman, Isola41



Fully Convolutional Networks
227x227

27x27
13x13 1x1

55x55
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Fully Convolutional Networks
227x227

HxW

27x27
13x13 1x1

H/4xW/4

H/8xW/8

H/16xW/16
H/32xW/32

Upsampling

HxW

55x55

Reuse features across windows. Less computation!43



Idea #3: Dilated convolutions

44



a 0 b 0 c

0 0 0 0 0

d 0 e 0 f

0 0 0 0 0

g 0 h 0 i

=

3x3
5x5 7x7

49 coefficients 
18 degrees of freedom 

25 coefficients 
9 degrees of freedom

Dilated convolutions

Source: Isola, Torralba, Freeman
45

[Yu and Koltun 2016, https://arxiv.org/pdf/1511.07122.pdf]



[Yu and Koltun 2016, https://arxiv.org/pdf/1511.07122.pdf]
Source: Isola, Torralba, Freeman
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Fully convolutional network

Filt
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Dow
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Clas
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Apply CNN convolutionally
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Fully convolutional network

Filt
er

ReL
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Output still usually not given at full-resolution48



Idea #4: Skip connections

49



Encoder-decoder architectures

Encoder Decoder

Convolutions Deconvolutions

Skip connections

Source: Torralba, Freeman, Isola50



Encoder-decoder architectures
Deconvolution (a.k.a. “upconvolution”


or “transposed convolution”)

“Vanilla” encoder-decoder architecture

Early layers and late layers have

same shape. Concatenate them!

U-Net

Figures from [Isola et al., “Image-to-Image Translation with Conditional Adversarial Networks”, 2017]51



Encoder-decoder architectures

Source: Torralba, Freeman, Isola52



Segnet

FCN

Input

Source: Torralba, Freeman, Isola53



Depth perception

54



Vision systems
One camera

Two cameras N cameras

Source: Torralba, Freeman, Isola55



1 eye

Source: Torralba, Freeman, Isola56



Shadows

Source: Steve Marschner57



Learning based models
D. Hoiem, A.A. Efros, and M. Hebert, 
SIGGRAPH 2005.

A. Saxena, M. Sun, A. Y. Ng. 2007.

Make3D

Ladicky et al.
Karsch et al.

Ashutosh Saxena, Sung H. Chung, Andrew Y. Ng.  
NeurIPS 18, 2005.

…

Source: Torralba, Freeman, Isola58



3D scene understanding 
in the deep net era

Source: Torralba, Freeman, Isola59



3D in the deep learning era

Ground truth is collected by 
using traditional methods

Source: Torralba, Freeman, Isola60



Datasets
Cityscapes

“Are we ready for Autonomous Driving? The KITTI Vision Benchmark Suite”, Geiger et al., CVPR’12
"The Cityscapes Dataset for Semantic Urban Scene Understanding”, Cordts et al., CVPR’16 

KITTI

Source: Torralba, Freeman, Isola61



Datasets

Cityscapes KITTI

Source: Torralba, Freeman, Isola62
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Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

Data
<latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit><latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit><latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit><latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit>

Optimizer
<latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit><latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit><latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit><latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit>

Objective
<latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit><latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit><latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit><latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit>
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Deep Neural Network

SGD

{xi, yi}Ni=1
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scale invariant MSE in log space

f⇤ = argmin
f2F

NX

i=1

L(f(xi), yi)
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(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

� < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
� < 1.252 0.829 – – 0.883 0.888 0.912 0.950
� < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171
Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.

(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.
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Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps
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Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
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Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.
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Input image Predicted depth map

[Result of Eigen et al., NIPS, 2014]
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Regression problem
Estimate log depth instead of depth (matches human capabilities better). 
Defining yi the ground truth depth on pixel i, and y*i its estimated depth:


DL2(y, y*) =
1
n

n

∑
i=1

(log yi − log y*i )2

DSI(y, y*) =
1
n

n

∑
i=1

(log yi − log y*i + α(y, y*))2

α(y, y*) =
1
n

n

∑
j=1

(log yj − log y*j )

Standard L2 error:

Scale invariant error:

with
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Training:

J = λDL2(y, y*) + (1 − λ)DSI(y, y*)
Standard L2 error: Scale invariant error:

• Training loss: Mixture of both error measures (best \lambda=0.5):

Depth contains missing values. Only evaluate on valid pixels. 
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Results (best)

Input Coarse Prediction Ground truth
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Results  (worst)

Input Coarse Prediction Ground truth
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Results

(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

� < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
� < 1.252 0.829 – – 0.883 0.888 0.912 0.950
� < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171
Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.

(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

� < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
� < 1.252 0.829 – – 0.883 0.888 0.912 0.950
� < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171
Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.

Prediction Ground-truthInput
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Intuitive physics

[“Learning to See Physics via Visual De-animation”, Wu et al., NIPS 2017]
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Intuitive physics

[“Learning to See Physics via Visual De-animation”, Wu et al., NIPS 2017]

72 Source: Torralba, Freeman, Isola



Semantic segmentation

f
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Object detection
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Bird

Bird
Bird

Challenge: unbounded number of detections, possibly multiple detections per pixel 

Classification and localization

Each bounding box is:  
[x,y,w,h]
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PASCAL Visual Object Challenge
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Searching for objects
Scanning window approach 

& Image pyramids
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Image pyramids
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512×512 256×256 128×128 64×64 32×32

The Gaussian pyramid

(original image)
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Could detect on each level of Gaussian pyramid…

Feature pyramidGaussian image pyramid

[Lin et al., “Feature Pyramid Networks for Object Detection”, 2017]
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Image and features pyramids
Each pooling reduces the resolution by 

a factor of 2

VGGnet

ConvNet architectures build: 
• Multiscale feature hierarchies, but

• each layer builds a different representation

• first layers are low level, while

• last layers are high level.

A feature pyramid requires a uniform 
representations across scales.
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Image and features pyramids
Image pyramid

Encoder-decoder architecture (U-Net)

Feature pyramid 
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Searching for objects
Scanning window approach 

& Image pyramids

Input image Candidate bounding boxes

Selective search
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Selective search
Stage 1: generate candidate bounding boxes

Stage 2: apply classifier to each candidate bounding box

[Uijlings et al., "Selective Search for Object Recognition”, 2013]

Input image Edge detection Bounding box proposal

[Zitnick and Dollar, "Edge Boxes…”, 2014]
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Next time: More object detection
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