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Introduction 

•  Standard training: 
    Gathering class-labeled exemplars 
    Training SVMs with descriptors 
 

Is this anchor doing a 
serious or light story?  

 Is this scene from a 
comedy or a drama? 

Is this woman “hot or 
not” 

       It is hard to learn subtle concepts. 



Motivation 

•  Ask not only “what” but also “why”. 
 
•  Two kinds of rationales by annotators: 

o  Indicate regions of images for label choice with drawing 
polygons 

o  Indicate most influential visual attribute 
•  She is attractive because she is fit. 



How to use the rationales 

•  Generate synthetic “contrast examples” 
o  Lack the features in the rationales 

 
•  Add constraints to a classifier objective  

o  Contrast examples are “less positive” (or less negative) than 
original examples 

o  Refine decision boundary in the target label space 



Goal 

•  Ask annotators for explanations of labels to directly 
improve visual category leaning  

•  Get benefits more immediately from complex human 
insight 



Related Work 

•  “Image + label” 

•  Improve the efficiency of collecting image annotations 
o  Active learning methods 
o  Image labeling games 
o  Online services like Mechanical Turk 

•  Deeper and more complete annotations 
o  Gathering fully segmented, pose-annotated, or “attribute”labeled images 



Approach 

Gathering visual 
rationales 

Generate contrast 
examples 

Training modified 
SVM with contrast 

examples 



Spatial Image Region Rationales  

•  Each training image xi with an associated set of mi local 
descriptors, denoted as: 

 
•  Subset ri of points falling within the annotator-drawn 

region of interest-the rationale, denoted as: 

•  Contrast examples: 



Spatial Image Region Rationales  

•  Not mask out image pixels directly, but manipulate the 
rationale in the intermediate local description space 

•  Generate one contrast example per polygon set on an 
image to introduce multiple rationales per polygon 
annotations 



Nameable Visual Attribute 
Rationales 

Weaken the predicted presence of attributes by reducing the attribute 
values 

K attributes as most influential to the label choice given the rationales 

Training a binary classifier for each attribute 

Denote a vocabulary of V binary visual attributes A=(a1, a2,…, aV) 



Nameable Visual Attribute 
Rationales 



Training a SVM with contrast 
examples 

•  A set of labeled instances 

•  Contrast examples 

•  Modified SVM: 

 



Data and Annotations 

•  Three datasets 
•  Get annotations with MTurk 



Scene Categories 

•  15 indoor and outdoor scene classes, with 200-400 images per class. 
•  Lack clear-cut semantic boundaries 
•  Scenes are loose collections of isolated objects with varying degree of 

relevance. 
•  Annotated with region rationales 



Hot or Not 

•  1000 image/rating pairs of both men and women 
•  Each rated at least 100 times (robustness) 
•  Annotated with region rationales 



Public Figures 

•  58797 images of 200 people, and 73 attributes 
•  Attractive test. 51 attributes 



Results 

•  Spatial Rationales on Scene Categories 



Results 



Results 

•  Spatial rationale based on Hot or Not datasets 

Illustrate the potential for rationales to reduce total human effort 



Conclusion 

•  Using not only the “what” of an annotator’s 
classification, but also the “why”; 

•  Potentials to reduce total annotator effort;  

•  Useful for recognition tasks that require perceptual 
and subjective judgement; 

•  Future Work: 
o  Combine spatial and attribute rationales to strengthen 

classification performance 



Discussions  
and  

Questions 
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Problem Introduction 

•  Assessing how well people perform actions 

•  Unexplored areas 
o Most of work are about action recognition 

•  Difficult problem 
o Discover similar rules as rules developed by judges 



Try to do 
•  Give scores about how well people perform actions 

•  Provide interpretable feedback to performers 

•  Create highlights of videos  



Approach 

Learn a 
regression model 

from spatio-
temporal features 

Use model to 
provide feedback 

Use model to 
highlight 

segments of the 
video 

Low-level features 
capture gradients 
and velocities. 
High-level features 
capture trajectory of 
human poses. 
	
	

Determined by how 
the performer should 
move to maximize 
the score. 
Calculate the 
gradient of the score 
with respect to the 
location of each joint. 
	

Determine the impact 
of the missing segment 
by calculating the 
difference in scores 
between the original 
feature vector and the 
feature vector with the 
missing segment. 
	
	



Experiments 
•  Olympic video datasets 

•  Diving datasets 
•  159 videos 
•  Average 150 frames, 60 frames per second 
 



Experiments 

•  Figure Skating datasets 
•  150 videos 
•  Average 4200 frames, 24 frames per second 



Experiment results 

Diving evaluation 

Figure skating evaluation 



Experiment  results	



Feedback  proposals	



Highlight  Impact	
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