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Goal of this talk

Â Data
Â Training data quality/quantity has a significant impact 

on the performance of learning algorithms.

Â Often, even an inferior learning algorithm will 
outperform a superior one, if given more data to learn 
from.

Â Data collection/creation/augmentation 
techniques.
Â Our approach

Â Applications using large amounts of data
Â Object recognition

Â Robotics
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Data Collection: Object 

Recognition

Â Acquiring large, high quality data sets remains a 
bottleneck for scaling object identification to many 
categories.
Â Manual collection

Â Web search

Â Dataset creation/augmentation techniques:
Â Computer graphics using 3D models.

Â Our approach
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Data Collection Techniques: Web 

Search

Â E.g., LabelMe, Pascal VOC, Caltech-101/256

Â Realistic examples in real-world environments are 

extremely rare

Â Most results come from product catalogs with unrealistic 

backgrounds.
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Data Collection Techniques: 

Web search

Â E.g., LabelMe, Pascal VOC, Caltech-101/256

Â Realistic examples in real-world environments are 

extremely rare

Â Most results come from product catalogs with unrealistic 

backgrounds

Â Define a good example to be:

Â a qualitatively good representative of the object class

Â without occlusion

Â in a real world environment
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Data Collection Techniques: 

Web search
Â In Caltech-256, only 21/201 watches are occur in a 

realistic setting:

Â Only 2/10 object categories yielded more than 100 good

results from a Google image search.

vs. , ,

Top Google search results for ñhammerò:
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Data Collection Techniques:  

Computer Graphics 
Â Everingham & Zisserman ïface models.

Â Saxena et al. 2006 - grasping objects.
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Data collection techniques:  

Computer Graphics
Michels, Saxena & Ng, 2005. 

Â Predict depth for driving a car.

Â Use computer graphics data.
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Data Collection Techniques:  

Computer Graphics
Problems:

Â Difficult to achieve photorealism

Â Time consuming to generate single model

Â Non-trivial to synthesize unique, intra-class objects from 

existing models.
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Prior Work using Large amount of 

Data
Â Natural Language

Scaling to Very Very Large Corpora for Natural 
Language Disambiguation, Michele Banko and 
Eric Brill, 2001.

Â Object recognition 

Learning methods for generic object recognition with 
invariance to pose and lighting, LeCun et al., 
2004.

(Did not address object recognition in real-world 
environments---when objects are not ñuniform 
greenò---against real, cluttered backgrounds.)
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Our approach

Â More data helps.

Â How can we produce huge amounts of ñrealisticò data 
quickly?

Â We propose a probabilistic framework for synthesizing 
large, effective datasets at a fraction of the human cost.
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Our approach

IOBJ
Image of object 

captured 
against green 

screen 

IGRN
Blank green 

screen image

IBG
Background 
image (e.g., 

office 
environment)

IFG
Foreground 

texture image

}
Synthetic image 

inferred

Model a training example as generative probabilistic model over 
foreground, background and shadow components:
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Probabilistic Model

Â P( IOBJi 
| mi = bg ) = mixture of Gaussians

Â P( IOBJi 
| mi = sh ) = mixture of Gaussians

Â P( IOBJi 
| mi = fg ) = N (IOBJi

; ɛfg, Ɇfg)

Â P( IGRNi 
| mi = bg, IOBJi

) = N (IGRNi
; IOBJi

, Ɇ1)

Â P( IGRNi 
| mi = sh, IOBJi

) = N (IGRNi
; IOBJi

+ɛs, Ɇ1)

Â P( IGRNi 
| mi = fg, IOBJi

) = P( IGRNi 
| mi = fg)  = mixture of 

Gaussians

Â P( mi ) = uniform prior
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Probabilistic Model continuedé

Â To obtain varied realistic images, we take a linear blend 

of existing components and new components:
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Synthesis techniques
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Speedup

Â Synthetic data sets automatically generated from green 
screen data.

Â Collected 200 objects/class on green screen, manually 
varying object pose between shots.

Â Green screen collection took 19 minutes per class, vs. 175 
minutes collecting in the wild ï9.2x speedup

Â Augmenting data sets yields further speedup: 135x.
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Experiments

Â Office object classification
Â Empirical analysis of synthesis techniques vs. training with 

real data

Â 3D synthesis/tree classification
Â Synthesize training images of outdoor scenes to identify 

trees

Â 100,000 examples
Â Augment training set to upper limits for large-scale training

(All datasets have equal number of positive and 
negative examples in test and training set.)
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Experiment: Synthesis 

Techniques
Â 10 office objects collected for experiments:

Â Trained Gentleboost classifiers of C1 features (Serre, 

Wolf, Poggio 2005)

Â Compared training with various synthetic techniques vs. 

training with real data.

Â All results come from testing on real data

Â Real and synthetic data available at:

Â http://ai.stanford.edu/~asaxena/robotdatacollection/

http://ai.stanford.edu/~asaxena/robotdatacollection/
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Real vs. Synthetic Data, No 

Augmentation
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Real vs. Synthetic Data, With 

Augmentation
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Real vs. Synthetic Data, With 

Augmentation (Caltech 4)
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3D data


