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Challenge 1- Scalability 

• Typical Real-world Hierarchies have 

– Large number of training instances 

– High dimensionality 

– Large number of class labels 

=> Large number of parameters 

Dataset # Examples # Features # Classes 

LSHTC-2010 128,685 347,256 12,294 

DMOZ-2012 486,843 575,556 11,947 

DMOZ-2011 394,756 594,158 27,875 

Yahoo! Directory 792,601 - 246,279 

Wikipedia 2,817,603 1,617,899 325,056 

1) 1.5GB of training examples 
2) 2000GB of uncompressed parameters 



Challenge 2 – Using the Hierarchy 

• Hierarchy encodes similarity relationships 
between class-labels.  

• How to encode them in the learning process ? 

• How to share information between 2000GB of 
parameters ? 

 



Related Work 

• Decomposition methods (Koller and Sahami 1997, Dumais and Chen 

2000, Liu et al 2003) 

• Decompose and Share methods (Bennett and N. Nguyen 2009, 

DeCoro et al 2007, Xue et al 2008, .. ) 

• Smoothing methods (Mccallum et al 1998, Punera and Gosh 2008) 

• Global optimization methods 

– Bayesian methods (Shahbaba and Neal 2007, Gopal et al 2012) 

– Discriminative methods (Cai and Hoffman 2004, Tsochantaridis et 

al 2006, Zhou et al 2011, .. ) 

Scalable, but limited 
use of hierarchy 

Better use of 
hierarchy, but 

cannot scalable 



Hierarchically Regularized Methods 
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Formulation 



Optimization 

Converges because 
function is Convex 



Optimization 

• HR-SVM 

 
– Non-differentiable objective; form a differentiable dual problem. 

– Solve dual using co-ordinate descent 

 

• HR-LR 

 
– Differentiable objective. Gradient is given by, 

 

 

 

– Use Limited Memory BFGS for optimization 



Parallelization 

Parameters depend on each other 



Parallelization (2) 
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1. Fix Blue nodes, optimize the green 
nodes in parallel 

2. Fix the green nodes, optimize blue 
nodes in parallel 

.. Repeat 
 
 
 
Linear speed up in processors  
(if #class-labels > #processors) 



Setup 
• Datasets 

 

 

 

 

 

 
• Cluster configuration 

– map-reduce based Hadoop 20.2  

– 64 worker nodes having 8 cores and 16GB RAM  

– 300 cores were used as Mappers and 220 cores were used as Reducers 

– Accumulo 1.4 key-value store for fast  lookup of weight vectors 

 

Dataset #Training #Testing #Class-Labels #Leaf-labels Depth #Features 

RCV1 13732 468355 97 75 5 48734 

IPC 46324 28926 552 451 4 541869 

LSHTC-2010 128710 34880 15358 12294 6 381580 

DMOZ-2012 177580 177581 13137 11737 6 348548 

DMOZ-2011 384161 104263 33591 27840 6 594158 



Results (HR-SVM vs SVM) 
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HR-LR vs LR 
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Results (cont..) 

• Training Time (in minutes) 

 

 

 

 

 

 

 

• HR-{SVM,LR} are 4x,2x slower than SVM, LR respectively. 

• LR methods are generally slower than SVM methods. 

Dataset SVM HR-SVM 

RCV1 2.73 10.54 

IPC 3.12 13.54 

LSHTC-2010 5.12 27.55 

DMOZ-2012 21.34 126.83 

DMOZ-2011 38.47 221.23 

Dataset LR HR-LR 

RCV1 2.89 11.74 

IPC 4.17 15.91 

LSHTC-2010 97.24 123.22 

DMOZ-2012 98.38 223.6 

DMOZ-2011 102.9 242.45 

4x 
slower 

2x 
slower 



Software ! 

• Coming soon – ‘HiClass’  
A comprehensive Large-scale parallelizable 
Hierarchical classification package. 

– Readily deployable on Hadoop Clusters 

– Support for Amazon EC2 and S3 data storage 

– Support for Accumulo key-value storage 

• A preliminary version can be downloaded from 

http://gcdart.blogspot.com/ 



Some Results with Hiclass 

NOTE: Different threshold 
strategy was used though ! 
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