
Presenter:
Harish G Ramaswamy

IIT Madras

DEEP NETWORKS LEARN FEATURES FROM 
LOCAL DISCONTINUITIES IN THE LABEL FUNCTION 

Authors: Prithaj Banerjee, Harish G. Ramaswamy,  
Yadav Mahesh Lorik, Chandrashekar Lakshminarayanan 



• Setting : Supervised classification  
 

• Data : (x,y) Tuples 
 

• Model : Function from X to Y

• Learning Algorithm : Converts training data to model  
 

• Feature: Typically a function from X to Reals

Setup



1. Feature Learning  

2. Oblique Decision Trees (ODT) 

3. Deep Linearly Gated Networks (DLGN) 

4. Decision Tree Construction via DLGN  

5. New Narratives 
 

Outline



Feature Learning Hypothesis

Model features change during training to better “align”
with data features

• Linear/Kernel models with fixed features do NOT have 
feature learning abilities.

• Feature learning enables better generalisation with true 
structure discovery



Demonstrating Feature Learning in DNNs

• Requirements on data:
• Admits a natural notion of “features”.
• DNNs outperform Kernel/Linear methods.

• Requirements on architecture/model:
• Admits a natural notion of “features”.
• Amenable to be decomposed into simple 

components.
• Perform comparably to classic deep net 

architectures on benchmarks.
• Outperform linear/kernel methods on benchmarks
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Demonstrating Feature Learning in DNNs

• Additional Requirements on data and architecture:
• Data and model features must be comparable.
• Value and role of depth must be clear.
• Provide intuition on how loss gradients w.r.t. 

parameters enable feature discovery.
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Oblique Decision Tree Labelling Functions
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Let the true labelling function be an ODT e.g.



Features in an ODT Labelled Dataset
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Features in an ODT Labelled Data
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Features in an ODT Labelled Data
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The data features correspond to the 
hyperplanes/halfspaces of the ODT internal nodes.
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Deep Linearly Gated Networks 
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DLGNs : Performance on Benchmark Data
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DLGNs : A Path Decomposition View
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Path ⇡ = (i1, . . . , iL) is a sequence of hidden nodes.
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DLGNs : A Path Decomposition View
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DLGNs : A Path Decomposition View
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DLGN Path/Neuron Gating Functions

• DLGNs are a linear combination of (exponentially 
many) path gating functions. 

• Each path gating function is a product of neuron gating 
functions. 

• Each neuron gating function is a half-space. 

• Neuron gating functions make a natural feature for 
DLGNs



Feature Discovery/Learning in DLGNs
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Feature Discovery/Learning in DLGNs



Feature Learning Conjecture

DLGN Ansatz 
 

DLGN Hyperplanes move towards hyperplanes of  
maximum discontinuity in the labelling function.

Can we abstract further to get a  
Deep Neural Network Ansatz?
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Building ODTs

• Goal: Show control on the features of a learned DLGN  

• Can we construct a decision tree from the parameters of a 
learned DLGN? (With no extra fine-tuning etc). 

• Exploit the tendency of the DLGN hyperplanes/halfspaces to 
cluster around discontinuities in the true label function. 



Building ODTs through DLGNs

0

1. Cluster the hyperplanes in a learned DLGN model. 
2. Pick the largest cluster.
3. Divide the data into two halves based on this hyperplane.



Building ODTs through DLGNs

1 2

4. Repeat the process over by training DLGNs on both halves. 



Building ODTs through DLGNs

3 4 5 6

5. Stop when the data is pure.
6. Construct an ODT with the hyperplanes corresponding
     to the largest cluster centres. 



DLGN Test Accuracy on ODT Labeled Data

DLGN variants Decision tree
Via DLGN
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The half space of a given neuron is influenced by 
intersection of other layer neuron half spaces! 

Thus, half spaces that are only locally useful, can still be 
learned, as the other layers set the context.

Feature Learning Narrative
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• The setup of feature learning with DLGNs is intricate 
and complex enough to study several mysteries in 
deep learning in an alternate fashion. Such as: 

• Why does pruning work?
• What role does depth serve?
• Why does model distillation work?

Potential Applications


