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Features for Action Recognition 

Low-level features 

Histogram, texture, STIP 

 

Mid-level features 

Feature coding and pooling (BoW) 

 

High-level feature 

Semantic features (attribute-based, action 
bank, Scene Aligned Pooling) 

 



Attribute-based action 
recognition 



characterizing actions by attributes 

 Descriptive 

 Discriminative 

J. Liu, B. Kuipers, and S. Savarese. Recognizing human 
actions by attributes. CVPR, 2011. 2 



Attribute-Based Action Representation 

Attribute layer 
between low-level 
features and action 
class labels: 

J. Liu, B. Kuipers, and S. Savarese. Recognizing 
human actions by attributes. CVPR, 2011. 2 

Absence or presence of each 
attribute is approximated by a 
confidence value 0~1 



Problems and Solutions 

 Inherent intra-class variability of attributes 

associating attribute labels is a subjective process 

 “big pendulum-like arm motion”  --  “jumping 
forward” 

latent SVM 
 

 Selecting a set of attributes 

manually: subjective and arbitrary, may ignore 
potentially useful attributes 

automatically discovered: data-driven attributes 



Attributes as Latent Variables 

 We saw Latent SVM in Object Detection with Deformable 
Part-based Models [P. Felzenszwalb et al, PAMI 2010]: part 
positions are not labeled 

 Consider the location of an attribute in the space Am as a 
latent variable: 

 raw feature x, class label y, 
associated attributes a 

parameter vector w to weight each feature is learned 
 from training data set 



Learning Data-Driven Attributes 

 Learning method 

 clustering low-level features 

 maximizing system information gain 

 Quality of Clustering Measured By Loss Of Mutual 
Information: MI(X;Y) 

 

Integrate data-driven 
attributes h into 
latent SVM 



Recognizing Actions without 
Training Examples 

 Attribute vector of 
an action instance is 
provided by m 
attribute classifiers 

 Novel class is 
characterized by a 
manually specified 
attribute vector 

 Unknown action can 
be recognized by 
associating its 
closest class to it 

J. Liu, B. Kuipers, and S. Savarese. Recognizing human 
actions by attributes. CVPR, 2011. 2 

Knowledge 
transfer from 
training class 
to novel class 



Results of Recognizing Novel 
Action Classes 

some “crawl” 
actions are 
misclassified as 
“clap” since both 
classes share 
“alternate arm 
motion”, while 
“crawl” does not 
have strong 
attributes to 
differentiate itself 
from “clap” 

J. Liu, B. Kuipers, and S. Savarese. Recognizing human actions by 
attributes. CVPR, 2011. 2 

Confusion table for 
novel test classes 



Comparison of Results 

 40% train attribute classifier; 

 40% train latent SVM; 20% test 

 performance comparison among raw features human-
specified attributes, data-driven attributes and various 
combination:  

 

 

 

 Performance of some state-of-the-art approaches (most 
based on bag of words) on the KTH dataset:  



Action Bank 



Recap: Object Bank 

 

Li-Jia Li et al, Object Bank: A High-Level Image Representation for Scene Classification 
and Semantic Feature Sparsification 



Recap: Object Bank 

   N_o object detectors  

at N_s multiple scales 
Input 
image 

concatenation 

three-level spatial pyramid 
N_s×21 grids 

the maximum response for each object in each grid 
N_o length feature vector  



Recap: Object Bank 

three-level spatial pyramid 
N_s×21 grids 

the maximum response for each object in each grid 
N_o length feature vector  

N_o×N_s×21 

   N_o object detectors  

at N_s multiple scales 
Input 
image 

concatenation 



Action Bank 

Three-level  
max-pooling 

N_a×N_s correlation volumes N_a×N_s×73 

Sadanand, S.; Corso, J.J., "Action bank: A high-level representation of activity in 
video," Computer Vision and Pattern Recognition (CVPR), 2012 IEEE Conference on , vol., no., 
pp.1234,1241, 16-21 June 2012 

   N_a action detectors  

at N_s multiple scales 
Input 
video 

concatenation 



Action Bank 

 What are the action detectors? 

 “Action Spotting” 

 Templates 

 Oriented energy volumes 

Decomposition:  
3D Gaussian third derivative filters 

K. G. Derpanis, M. Sizintsev, K. Cannons, and R. P. Wildes. 
Efficient action spotting based on a spacetime oriented 
structure representation. In CVPR, 2010. 

Image courtesy: Sadanand, S.; Corso, J.J.,  



Action Bank 

 How to detect actions? 

 Template matching 

 Bhattacharya coefficient 

Output correlation volume 

Image courtesy: Sadanand, S.; Corso, J.J.,  



Action Bank 

Image courtesy: Sadanand, S.; Corso, J.J.,  



Action Bank 

 Building the bank 

 56 classes of actions 

 205 sample actions (3-6 samples per action) 

56 

205 



Action Bank 

 Verification: One-vs-all SVM weight vector 

 Dominant weights plotted 

 Red: top 4 positive 

 Blue: bottom 4 negative 

Problematic transfer: “running” -> “jog_right4” 
Unexpected transfer: “boxing” ->  “pole_vault4” + “ski4” 

Image courtesy: Sadanand, S.; Corso, J.J.,  



Action Bank 

 Test on KTH dataset 



Action Bank 

 Test on UCF Sports dataset 



Action Bank 

 Larger scale tests on UCF50 and HMDB51 



Action Bank 

 Varying the size of action bank 

 Size varies from 5 to 205 

 Randomly choose 150 times 

 Tested on UCF Sports dataset 



Action Bank 

 Why stable? 

 A given activity is described as a combination of action 
detectors 

 Group sparsity behavior 

even in the case of a large bank, only a small subset of the actions in 
the bank are actually incorporated into the final classification. 



Scene Aligned Pooling for 
Complex Video Recognition 



Challenges 

 Real-world videos often contain dynamic 
backgrounds and evolving people activities. 

 Millions of videos 

 

Scene Aligned Pooling(SAP) 

Understand the contents  

Copyright: www.dr4ward.com 



Event? 

 
Complicated human activity  Composite multimedia semantics  

Scenes 



Event -> Scene 

 Scene 

 Definition: fine-grained characteristics of video 
environmental semantics 

 Psychological way to understand 

 

 Advantages: 

 Naturally captures based on scene structure  

 Pooling is optimized and improve performance 

 Fix dimensions, video length and temporal evolvement free 

 Robust to noise 

 

 



Scene Aligned Pooling 

 Original Model: 

 

Frames 

Kernel distances K(X, Y )  



Scene Aligned Pooling 

 Modified Model: 
 

(average features) 

 Benefits: K scenes    Weight of scenes   



Scene Aligned Pooling 

 

Aligned by K types of scenes 
 
Video content is diversified 



Comparison with SPM 

 Spatial Pyramid Matching (SPM): 

 Build kernels over spatial grids 

 With boundaries 

 Scene Aligned Pooling(SAP): 

 Build kernels over domain of semantic scenes 

 No need to explore pyramid structures 

 



Scene Aligned Pooling 

 Implementation: 

 

 

 

Pooling weight(semantics) 

Compute the GIST features, cluster them into K centers 

Compute the pooling weight by concurrent vector quantization (VQ) 

 Choose an unsupervised way to model scenes 

Linear kernel and intersection kernel 



Scene Aligned Pooling 

 Implementation: 

 

 

 

 

 

How to choose K 



Scene Aligned Pooling 

 Implementation: 

 

 

 

 

 



Result 

 135% for edge histogram 

131% for color histogram 

 10% for local binary pattern (LBP) 

18% for SIFT features 



Result 

 

Results of nonlinear SVM using SAP 



Result 

 

Results of using SAP for semantic features 



Comparison 

Attribute-based Action Bank SAP 

Low-level feature 

Attribute space 

Latent SVM 

Build a bank (templates) 

Energy volume 

Max pooling 

Label class 

Linear SVM 

Label class 

attributes actions in bank 

K scenes codebook 

GIST 

SVM 

Label class 

scenes 

Pooling weight 


