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Short paper under review, full work in progress
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What should the role of biological inspiration be?

Is there a philosophical rift between neuromorphic 
engineering and deep learning (or ML in general)?

Principles Details

To constrain To optimize

• Algorithm researchers to take the responsibility of guiding HW/SW tool design. 

• Tools to support flexible algorithm research needs.  👍  Loihi!  

• Neuromorphic algorithm researchers to design based on first principle.  👏  

• Deep learning researchers to be inspired by biological designs.  
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Deep learning: empirical laws in the realm of magic

First Law: For any network structure, optimizer or application, there exist at 
least one paper on the subject.   

Second Law: For any pair-wise combination of network structure, optimizer and 
application, there exist at least one paper on the subject.   

Third Law: Any exception of the previous two laws is an (almost) guaranteed 
paper.   

Remark 1: Combinatorial alchemy is fruitful (caveat:  for practice, not theory).   

Remark 2:  Why it is often unreasonably effective should be a subject of future 
theoretic investigations.
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Recurrent neural nets (RNNs)

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Trained by back propagation through time (BPTT)
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Hidden states 

▪ Fast 

▪ Capacity scales linearly with number of 
hidden units

Recurrent weights 

▪ Slow 

▪ Capacity scales quadratically with 
number of hidden units

“Memory” in RNNs
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Limitations of vanilla RNNs

▪ The memory capacity problem 
– Short-term memory maintained by activations scales linearly with number of 

hidden units 

▪ The memory time scale problem 

– Difficult to support memory at long and/or diverse time scales 

▪ The training problem 
– Vanishing/exploding gradients 
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Neural activities 

▪ “Activations”

Synaptic weights 

▪ “Recurrent weights”

Biological inspiration: multiple time scales 

A myriad of cellular and circuit 
mechanisms 

▪ Cellular mechanisms, e.g. calcium 
dynamics, intracellular signaling, … 

▪ Circuit mechanisms, e.g. 
temporally diverse connections, 
delays, oscillations, … 

▪ “???”

Fast Slow
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Two approaches toward overcoming RNNs’ limitations

▪ “Circuit”: clever design of recurrent network topologies → e.g. gated recurrent 
memory cells 

▪ “Cellular”: enhancement with differentiable memory mechanisms → e.g. fast 
weights, NTM, …
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Gated RNNs: e.g. long short-term memory (LSTM)

http://colah.github.io/posts/2015-08-Understanding-LSTMs/

RNN

LSTM

Note: today there are 
ever more complex 
recurrent memory 
cells: multi-scale 
hierarchical, nested, 
skip connections, … 
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The origin of fast weight

Hinton & Plaut 1987
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The origin of fast weight

Schmidhuber 1992, 1993
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Fast weight RNNs

Ba et al. 2016

Note: there is a rich literature on many different types of differentiable memory 
enhancement of DNNs before/after Ba et al. 2016: attention nets, memory nets, 
NTM, variations on fast weights…
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Question

How do gated RNNs such as LSTM interact with associative memory 
mechanisms like fast weights?   

• Redundant? 

• Competitive? 

• Synergistic?  
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Fast weight LSTM
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Keller et al. 2018

Major differences from fast-weight RNN (Ba et al. 2016) and regular LSTM 

▪ No need for multiple settling iterations of fast weights 

▪ Simultaneous layer normalization on input and hidden states 

▪ Replaced hyperbolic tangent with rectified linear
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Associative retrieval task (ART)

Modified associative retrieval task (mART)
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Ba et al. 2016

Keller et al. 2018
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Results: accuracy

Keller et al. 2018
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Results: speed of learning

Keller et al. 2018



19

Summary

We demonstrate a strong synergy between fast weight associative memory 
and gated recurrent nets. 

• LSTM with fast weight associative memory trains much faster and achieves 
lower test error in associative retrieval tasks. 

• Fast weight LSTM remains highly performant at high task memory difficulties 
where both LSTM and fast-weight-enhanced regular RNN utterly fail.  

• This is true even for fast weight LSTMs with fewer parameters than 
competing models.  




