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Supervised learning

f(x) = y

Training: Given a training set of labeled examples:

{(x1,y1ύΣ ΧΣ όxN,yN)}

Estimate the prediction function f by minimizing the 
prediction error on the training set.

Testing: Apply f to a unseen test examplex and output the 
predicted value y = f(x) to classifyx.
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function
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Slide credit: L. Lazebnik
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Learning a classifier

Given a set of features with corresponding labels, 
learn a function to predict the labels from the 
features.
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+ = Data point from class 1

o = Data point from class 2

Each data point has a 
feature vector (x1,x2).
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Example: Scene Categorization

ÅIs this a kitchen?



Bias-Variance Trade-off

Models with too few parameters are 
inaccurate because of a large bias.
ÅNot enough flexibility!

Models with too many parameters are 
inaccurate because of a large variance. 
ÅToo much sensitivity to the sample.

Bias: error in model assumptions; how much the average 

model over all training sets differs from the true model.

Variance: how much models estimated from different training 

sets differ from each other.



Recognition: Overview and History

Slides from James Hays, Lana Lazebnik, Fei-Fei Li, Rob Fergus, Antonio Torralba, and Jean Ponce



How many visual object categories are there?

Biederman 1987
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Specific recognition tasks

Svetlana Lazebnik



Scene categorization or classification

Åoutdoor/indoor

Åcity/forest/factory/etc.

Svetlana Lazebnik



Image annotation / tagging / attributes

Åstreet

Åpeople

Åbuilding

Åmountain

Åtourism

Åcloudy

Åbrick

Åé

Svetlana Lazebnik



Image parsing / semantic segmentation

mountain

building

tree

banner

market

people

street lamp

sky

building

Svetlana Lazebnik



Object detection

Åfind pedestrians

Svetlana Lazebnik



Scene understanding?

Svetlana Lazebnik



Category vs. instance recognition

Category:
ïFind all the people

ïFind all the buildings

ïOften within a single image

ïhŦǘŜƴ ΨǎƭƛŘƛƴƎ ǿƛƴŘƻǿΩ

Instance:
ïIs this face James?

ïFind this specific famous building

ïOften within a database of images



Scene recognition dataset

Instance or category?



Variability: Camera position

Recognition is all about modeling variability

Svetlana Lazebnik



Variability: Camera position

Illumination

Recognition is all about modeling variability

Svetlana Lazebnik



Variability: Camera position

Illumination

Pose/shape parameters

Recognition is all about modeling variability

Svetlana Lazebnik



Variability: Camera position

Illumination

Pose/shape parameters

Within-class variations?

Recognition is all about modeling variability

Svetlana Lazebnik



Within-class variations

Svetlana Lazebnik



Variability: Camera position

Illumination

Pose/shape parameters

Within-class variation

Recognition is all about modeling variability

Svetlana Lazebnik

High-dimensional space



History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Svetlana Lazebnik

No digital cameras!

Slow compute!



Variability: Camera position

Illumination

q

Roberts (1965); Lowe (1987); Faugeras& Hebert (1986); Grimson& Lozano-Perez (1986); Huttenlocher& Ullman (1987)

Shape is known

Svetlana Lazebnik



Alignment

ÅAlignment: fitting a model to a transformation 

between pairs of features (matches) in two images
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Svetlana Lazebnik



Recognition as an alignment problem:

Block world

J. Mundy, Object Recognition in the Geometric Era: a Retrospective, 2006

L. G. Roberts 
Machine Perception of 
Three Dimensional Solids,
Ph.D. thesis, MIT 
Department of Electrical 
Engineering, 1963.

http://www.di.ens.fr/~ponce/mundy.pdf
http://www.packet.cc/files/mach-per-3D-solids.html


ACRONYM (Brooks and Binford, 1981)

Representing and recognizing object categories is harder...

Binford (1971), Nevatia& Binford (1972), Marr & Nishihara (1978)



Zisserman et al. (1995)

Generalized cylinders

Ponce et al. (1989)

Forsyth (2000)

General shape primitives?

Svetlana Lazebnik



Recognition by components

Primitives (geons) Objects

http://en.wikipedia.org/wiki/Recognition_by_Components_Theory

Biederman (1987)

Svetlana Lazebnik

http://en.wikipedia.org/wiki/Recognition_by_Components_Theory


History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Å1990s: appearance-based models

Svetlana Lazebnik

No digital cameras!

Slow compute!

Slow compute!



Empirical models of image variability

Appearance-based techniques

Turk & Pentland (1991); Murase & Nayar (1995); etc.

Svetlana Lazebnik

Known 

target 

image



Eigenfaces (Turk & Pentland, 1991)

Svetlana Lazebnik



Color Histograms

Swain and Ballard, Color Indexing, IJCV 1991.
Svetlana Lazebnik

http://www.inf.ed.ac.uk/teaching/courses/av/LECTURE_NOTES/swainballard91.pdf


History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Å1990s: appearance-based models

Å1990s ïpresent: sliding window approaches

Svetlana Lazebnik

No digital cameras!

Slow compute!

Slow compute!



Sliding window approaches



Sliding window approaches

Å Turk and Pentland, 1991

Å Belhumeur, Hespanha, & 
Kriegman, 1997

Å Schneiderman & Kanade 2004

Å Viola and Jones, 2000

Å Schneiderman & Kanade, 2004

Å Argawal and Roth, 2002

Å Poggio et al. 1993



History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Å1990s: appearance-based models

ÅMid-1990s: sliding window approaches

ÅLate 1990s: local features

Svetlana Lazebnik

No digital cameras!

Slow compute!

Slow compute!



Variability: Camera position

Illumination

q

Roberts (1965); Lowe (1987); Faugeras& Hebert (1986); Grimson& Lozano-Perez (1986); Huttenlocher& Ullman (1987)

Shape is partially known

Svetlana Lazebnik



Local features for object 

instance recognition

D. Lowe (1999, 2004)



Large-scale image search
Combining local features, indexing, and spatial constraints

Philbin et al. ó07



Large-scale image search
Combining local features, indexing, and spatial constraints

Image credit: K. Grauman and B. Leibe



Large-scale image search
Combining local features, indexing, and spatial constraints

Svetlana Lazebnik



History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Å1990s: appearance-based models

ÅMid-1990s: sliding window approaches

ÅLate 1990s: local features

ÅEarly 2000s: parts-and-shape models



Parts-and-shape models

ÅModel:

ïObject as a set of parts

ïRelative locations between parts

ïAppearance of part

Figure from [Fischler & Elschlager 73]



Constellation models

Weber, Welling & Perona (2000), Fergus, Perona & Zisserman (2003)



History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Å1990s: appearance-based models

ÅMid-1990s: sliding window approaches

ÅLate 1990s: local features

ÅEarly 2000s: parts-and-shape models

ÅMid-2000s: bags of features (next!)

Svetlana Lazebnik

No digital cameras!

Slow compute!

Slow compute!

Early GPU compute.



History of ideas in recognition

Å1960s ïearly 1990s: the geometric era

Å1990s: appearance-based models

ÅMid-1990s: sliding window approaches

ÅLate 1990s: local features

ÅEarly 2000s: parts-and-shape models

ÅMid-2000s: bags of features (next!)

ÅPresent trends: 

Combined local and global methods, 

context, deep learning

Svetlana Lazebnik

No digital cameras!

Slow compute!

Slow compute!

Early GPU compute.

GPU/cloud compute.



Recognition Issues

How to summarize the content of an entire image?  
How to gauge overall similarity?

How large should the vocabulary be?  
How to perform quantization efficiently?

How to score the retrieval results?

How might we add more spatial verification?

Kristen Grauman
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Object
Bag of 

ówordsô

Bag-of-features models

Svetlana Lazebnik



Origin 1: Bag-of-words models

ÅOrderless document representation: frequencies of words 

from a dictionary  Salton & McGill (1983)



Origin 1: Bag-of-words models

US Presidential Speeches Tag Cloud
http://chir.ag/phernalia/preztags/
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Origin 1: Bag-of-words models
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Origin 2: Texture recognition

ÅCharacterized by repetition of basic elements or textons

ÅFor stochastic textures, the identity of textons matters, 

not their spatial arrangement

Julesz, 1981; Cula & Dana, 2001; Leung & Malik 2001; Mori, Belongie & Malik, 2001; 

Schmid 2001; Varma & Zisserman, 2002, 2003; Lazebnik, Schmid & Ponce, 2003



Origin 2: Texture recognition

Universal texton dictionary

histogram

Julesz, 1981; Cula & Dana, 2001; Leung & Malik 2001; Mori, Belongie & Malik, 2001; 

Schmid 2001; Varma & Zisserman, 2002, 2003; Lazebnik, Schmid & Ponce, 2003



Bag-of-features models

Svetlana Lazebnik



Objects as texture

ÅAll of these are treated as being the same

ÅNo distinction between foreground and 
background: scene recognition?

Svetlana Lazebnik



1. Feature extraction

2. Learn ñvisual vocabularyò

3. Quantize features using visual vocabulary 

4. Represent images by frequencies of ñvisual wordsò 

Bag-of-features steps



1. Feature extraction

ÅRegular grid or interest regions



Extract patch

Detect patches

Compute 

descriptor

Slide credit: Josef Sivic

1. Feature extraction



é

1. Feature extraction

Slide credit: Josef Sivic



2. Learning the visual vocabulary

é

Slide credit: Josef Sivic



2. Learning the visual vocabulary

Clustering

é

Slide credit: Josef Sivic



3. Quantize the visual vocabulary

Clustering

é

Slide credit: Josef Sivic

Visual vocabulary



Visual words

Bag of visual words histograms


