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Motivation

Visual system process visual signal without stationarity and 
topology. How are they doing it? Could we borrow similar idea 
and build it into a machine learning system?

Data w/ stationarity and topology Data w/o stationarity and topology

Irregular sensor array Retinotopic Retinal waves

Method 

pixels clustersraw signal

Self-organizing layer: 
Unlike shared projection 
layer, each patch has its 
own projection layer.

Spectral clustering: To process 
similar dimensions together, we 
group dimensions using pairwise 
similarity and spectral clustering.

Mutual information: Given a 
high dimensional singal, we 
use mutual information to 
define similarity between 
different dimensions.

Table 1. Evaluation on computer vision and synthetic biological vision 
dataset. We create dataset where signal have no topology or stationarity. 
We compare the performance of URLOST with different baseline model: 
different neural network backbones and different unsupervised learning 
algorithms (MAE and simCLR).

Standard Vision transformer

VIT with Self organizing layer
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Qualitative result
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Vision Transformer

Shared Linear Projection Layer

Our objective is to build robust unsupervised representations 
for high-dimensional signals without prior information on 
explicit topology or stationarity. The learned representations 
are intended to enhance performance in downstream tasks 
such as classification.

Result 

Table 2. Evaluation on computer vision and synthetic biological vision 
dataset. We compare the performance of URLOST with different baseline 
model: different neural network backbones and different unsupervised 
learning algorithms (normalized raw signal, MAE, β-VAE.).

Mutual information between pixel at 
location (4,10) to all other pixels

Spectral 
clustering

Table 3. Ablation study 1. What if we don’t cluster dimensions 
before doing MAE, and what if we randomly cluster dimensions?

Table 3. Ablation study 2. What if we don’t use self-organizing layer? 
And what if we don’t adjust density during spectral clustering?

(A) An image in CIFAR-10 dataset. (B) 
Retina sampling lattice. Each blue dot 
mimics a retinal ganglion cell. (C) 
Visualization of the car image's signal 
sampled using the retina lattice. (D) 
density-adjusted spectral clustering results 
are shown. Each unique color represents a 
cluster. 

Visualization of result of spectral clustering on simulated biological visual signal.

Learnt weights of a self-organizing layer.
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(A) Each patch in the image undergoes 
different permutation.

(B) (C) If they learnt projection layer are 
undergo the same permutation, they 
look the same. 

Why? In a standard vision transformer, 
the linear projection layer should learn 
some filtering on input patches. If each 
patch is undergoes different random 
permutation, to align all the patches, the 
projection layer should learn filtering + the 
inverse permutation. If the projection layer 
for each patch indeed learn the inverse 
permutation, then they should looks the 
same if we apply the ground truth 
permutation on them. 


