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All possible appearance variation that our models can learn 

How can we learn everything 
that is visual about anything? 
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Q1. How to gather the training data (vocabulary, images, etc.)? 

Ans. Benchmark datasets e.g., PASCAL VOC 

 

 

 

 

Q2.  How to model the visual variance? 

Ans. Philosophy of Divide & Conquer  

   Examples: Viewpoint,  Aspect-Ratio, Taxonomy, Phrases, 

Phraselets, Attributes, etc. 

Human Supervision 



Problem with Human Supervision 

• Biased, non-comprehensive 
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Problem with Human Supervision 

• Biased, non-comprehensive 

 

• Concept-specific expertise 
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“Tall Rabbit is shorter than Short Horse”  
(Figure from Devi Parikh) 

Tall Rabbit Short Horse 

Attribute “Cutting” 
(Figures from Google Image Search) 



Problem with Human Supervision 

• Biased, non-comprehensive 

 

• Concept-specific expertise 

 

• Scalability 





Problem with Human Supervision 

• Biased, non-comprehensive 

 

• Concept-specific expertise 

 

• Scalability 

 

• Frozen (in time) decisions 

 





Barrel Horse 

Rearing Horse 

Bridled Horse 

Rolling Horse 

Reining  Horse 

Front Horse 

Fighting Horse 

Horse Tram 

Jennet horse 

Bucking Horse 

Swimming Horse 

Horse Eye 
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Q1. How to gather the training data (vocabulary, images, etc.)? 

 

 

 

 

 

Q2.  How to model the visual variance? 
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Gathering Vocabulary 

 Comprehensive 

 Concept-specific 

 

 
Figures from newyorker.com, huffpost.com 
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Dependency N-grams 

Lin et al., ACL 2012 



Approach 
Super  

Ngrams 

• Approximately 5000 N-grams per concept 

• Several visually non-salient N-grams e.g., 
“last horse”, “particular horse”, etc. 



Good vs. Bad N-grams 

“Last  

Horse” 

“Reining 

Horse” 

Top Google Image Search Results 



Approach 
Super  

Ngrams 

• Pruning method 

– Download thumbnail images from Google 

– Split data and train/test a (HOG+SVM) classifier 

– If A.P. < thresh, discard N-gram 
 

• Reduces #N-grams to approx. 1000 (from 5000) 



Superfluous List of N-grams 

“Sleigh horse”  “Sledge horse” “Plow horse”  “Plough horse” 

“Eating horse”  “Grazing horse” “Cantering horse”  “Loping horse” 



Space of Visual Variance 



Space of Visual Variance 



Find Subset of N-grams with good  
Quality & Coverage (Diversity) 

“Quality” “Coverage” 



Find Subset of N-grams with good  
Quality & Coverage (Diversity) 



Find Subset of N-grams with good  
Quality & Coverage (Diversity) 



Sample Merging Results 

“Angry Shouting”  

 “Angry Screaming” 

“Angry Mob”  

 “Angry Protestors”  

“Angry Crowd” 

“Iran Majlis”  

 “Iran Parliament” 

“Iran Leader”  

 “Iran Khomeini” 

“Cute Doctor”  

 “Women Doctor” 

“Doctor Explaining”  

 “Doctor Discussing”  

“Consulting Doctor” 



Approach 
Super  

Ngrams 



Approach 
Super  

Ngrams 

• Download 200 images per super N-gram 

• Discard near-duplicates and bad-aspect images 

• Split data for training and validation 

 



Approach 

• Train separate DPM per super N-gram 

• Initialize DPM with bounding boxes as full images 



PASCAL VOC vs. Google Image Search 

Sample PASCAL VOC Chair Images 

“Lincoln Chair” “Willow Chair” “Needlepoint Chair” 



Approach 

• Train separate DPM per super N-gram 

• Initialize DPM with bounding boxes as full images 

• Components based on appearance clustering 



Components act as noise sinks 

“Reining Horse Components” 



Components act as noise sinks 

Noise sinks 



“Hunter Horse” “Jumping Horse” 

Top Google Image Search Results 



“Hunter Horse” “Jumping Horse” 

Top Google Image Search Results 



Approach 



Approach 



Results 

• Amazon EC2-friendly framework 

• 100+ concepts, 15000+ variations, 3Million 
images 

• List includes Objects, Actions, Scenes, Events, 
Places, Emotions, Celebrities, Professions, 
Attributes, etc. 
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Results 

• Amazon EC2-friendly framework 

• 100+ concepts, 15000+ variations, 3 Million 
images 

• List includes Objects, Actions, Scenes, Events, 
Places, Emotions, Celebrities, Professions, 
Attributes, etc. 

• Online system available: http://goo.gl/O99uZ2 

 

 

http://goo.gl/O99uZ2
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Results 

• EC2-friendly framework 

• 100+ concepts, 15000+ variations, 3 Million 
images 

• List includes Objects, Actions, Scenes, Events, 
Places, Emotions, Celebrities, Professions, 
Attributes, etc. 

• Online system available: http://goo.gl/O99uZ2 

• Quantitative Results: Object & Action Detection 

 

http://goo.gl/O99uZ2
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• P. Siva and T. Xiang. Weakly supervised object detector learning with model 
drift detection. In ICCV, 2011.  

• Uses PASCAL VOC 2007 training images 

• Uses objectness [Ferrari et al., 2010] for initialization (High A.P. for bike, car, 
motorbike and train) 

• Does not work for objects that are small or in cluttered scenes e.g., bottle, 
chair, TV, etc. 
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•  A. Prest, C. Leistner, J. Civera, C. Schmid, and V. Ferrari. Learning object 
class detectors from weakly annotated video. In CVPR, 2012. 

• Manually chosen Youtube videos  

• Uses Objectness for initialization 

• Does not work on static (10/20) classes e.g., bottle, TV, etc 
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• Baseline methods use weak supervision (images, videos, objectness) 

• Our method is “Unsupervised” => Webly-Supervised 

• Beats SOA on 13/20 classes; impressive results for bottle, chair, sheep, tv 

• Almost on part with supervised DPM on 5/20 classes! 



PASCAL VOC 2010 Action Detection 

VOC Challenge 

Given the person bounding box in an image, 

identify the action 

Our Goal 

Given a image, 

identify and localize the action 

in an “unsupervised” approach 
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• Use baseline as reported in [Phraselets, ECCV 2012] 
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• Use baseline as reported in [Phraselets, ECCV 2012] 



Potential Applications:  
Co-segmentation 
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..Indira Gandhi was the third Indian 

prime minister. Mohandas Gandhi was 

the father of Indian Nationalism. 

Mrs. Gandhi was inspired by Mahatma 

Gandhi’s writings.. 



Potential Applications:  
Co-reference Resolution 

..Indira Gandhi was the third Indian 

prime minister. Mohandas Gandhi was 

the father of Indian Nationalism. 

Mrs. Gandhi was inspired by Mahatma 

Gandhi’s writings.. 

“Mahatma Gandhi” <=> 

 “Mohandas Gandhi” 

“Indira Gandhi” <=> 

 “Mrs. Gandhi” 



Potential Applications:  
Temporal Evolution of Concepts 



Potential Applications:  
Temporal Evolution of Concepts 

1900 car 1925 car 

1975 car 2000 car 



Potential Applications:  
Deeper Image Interpretation 



Potential Applications:  
Deeper Image Interpretation 

ass 

horse-drawn carriage 
kentucky horse 

feet 

nose 

eye 

ear 

head 

Which bounding box to pick? 



Thank You 


