
Neural representation is a collection of neuron activations in the brain (e.g. 
spiking rates) or ANNs (e.g. activation function outputs). During each 
computation, a stimulus would be mapped to a coordinate specified by the 
neuron activations in a high-dimensional neural representation space. 
When object variance is introduced, a point becomes an object manifold.  

Setup: Gaussian mixture model with three hyperparameters: Manifold 
radius (R), Entry-manifold spread (R1), Subordinate-manifold spread (R2).
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The Capacity Profile Delineates Computationally Hierarchical Structures Data Organization Induce Distinct Hierarchical Learning Strategies
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Single-tasking: Trained to categorize only 
at the subordinate level.

Multi-tasking: Trained to categorize at 
both entry and subordinate level.

Hierarchical strategy 1 Hierarchical strategy 2

Non-hierarchical training data. 
Trained to categorize only at the 

subordinate level.

Hierarchical training data. 
Trained to categorize only at the 

subordinate level.
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Motivation: Humans & Neural Networks break the curse of dimensionality, but how?

Current Hypothesis: The learned data must be structured hierarchically in some way.

Our Answer: The learned hierarchical structure is computationally efficient for tasks. 
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Manifold Capacity: A quantitative measure for the linear 
decoding and packing efficiency of neural manifolds that 
are linked to mesoscopic geometric observables.

Adapted from [2]

Subordinate-within capacity Subordinate-across capacity Entry capacity

Q: How to quantify and delineate different computationally hierarchical structures?
Method: Evaluate manifold capacity in three different strategies, capturing 
computational efficiency at different hierarchical levels. 

Result: We can delineate four distinct hierarchical organization species in the capacity 
profile space, which is linked to ground truth synthetical hierarchical data space.

Q2: What induce neural networks to learn computationally hierarchical structures?

Q2: What induce neural networks to learn computationally hierarchical 
structures?

Q3: What are the benefits of computationally hierarchical features? 
When we learn to categorize objects, do we implicitly learn to categorize 
higher level features?

Result: Entry level capacity tracks generalization performance to entry-level 
classification tasks.


