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Sparse expansive representations are ubiquitous in neurobiology. Expansion means that a 
high-dimensional input is mapped to an even higher dimensional secondary representation. 
Such expansion is often accompanied by a sparsification of the activations: dense input data is 
mapped into a sparse code, where only a small number of secondary neurons respond to a 
given stimulus. A classical example of the sparse expansive motif is the Drosophila fruit fly 
olfactory system, where approximately 50 projection neurons send their activities to about 2500 
Kenyon cells [1]. Other examples include the rodent olfactory circuit, rat's cerebellum and 
hippocampus [2]. 
  
In similarity search, given a query item (for example an image) and a database containing many 
similar items, the task is to retrieve a ranked list of items from the database most similar to the 
query. When data is high-dimensional (e.g. images/documents) and the databases are large, 
this is a computationally challenging problem. However, approximate solutions are generally 
acceptable, with Locality Sensitive Hashing (LSH) being one such approach. In LSH, the idea is 
to encode each database entry with a sparse binary vector and to retrieve a list of entries that 
have the smallest Hamming distances with the query.  
  
Inspired by the fruit fly’s sparse expansive motifs, a new family of hashing algorithms has been 
recently proposed [2]. The algorithm of [2], however, uses random weights to accomplish the 
expansion in the representational space.  
  
In our work this sparse expansive network motif, is combined with the bio-inspired learning 
algorithm [3], motivated by local Hebbian-like plasticity, for designing a novel hashing algorithm 
BioHash. The key difference of our algorithm from the one proposed in [2] is that the synaptic 
weights in our networks are learned from the data, rather than being random. We demonstrate 
that BioHash significantly improves retrieval performance on common machine learning 
benchmarks. For instance, we demonstrate that for certain hash lengths BioHash results in 
more than 3x improvement in the mean average precision of the retrievals compared to 
previously published algorithms. This is an example of a biological inspiration that provides a 
significant improvement of performance on a machine learning task.  
  
An opposite perspective on these results (“an idea for neuroscience from AI”), already 
discussed in [2], is the proposal that LSH might be the computational role of sparse expansive 
motifs in biology. Our work provides the existence proof of this proposal in the context of 
synaptic weights learned in a neurobiologically plausible way.  
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