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 Start with a random network model
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* Observe function - Limited success in
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Top-down approach

e Start with function in mind
* Derive suitable plasticity rules
e Build functional network models
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Deep learning provides a useful framework

3) Adjust weights
Gradient descent
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Deep learning provides a useful framework

3) Adjust weights

Gradient descent

Loss L
"
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1) Input data 2) Loss function
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Algorithmic question: How to compute the gradient?

Conceptual question: Which functions are learned?
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The recent excitement about neural networks

Francis Crick

The remarkable properties of some recent computer algorithms for neural networks seemed to promise

a fresh approach to understanding the computational properties of the brain. Unfortunately most of
these neural nets are unrealistic in important respects.
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The more recent excitement about

v o (deep) neural networks
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Plausible vector-valued feedback!
Lillicrap et al. (2016)

Ngkland (2016)

Guerguiev et al. (2017)

Scellier & Bengio (2017)
Whittington & Bogacz (2017)
Sacramento et al. (2018)
Pozzi et al. (2018)

“Unrealistic in important respects”
| Non-locality of learning rules

(a.k.a. the weight transport problem)

| Graded activation functions vs spikes
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Random feedback / feedback alignment
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Spatial credit assignment

— \\hat to learn?

Feedback signals

» output

neural processing
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Neurons

Neural networks use spikes to
process temporal information
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Neurons

Neural networks use spikes to
process temporal information
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Outline

* Aim: Solve temporal tasks with spiking networks

* Problems:
- Spikes - ill defined derivative
- Temporal credit assignment

* Solution: Surrogate gradients & Eligibility traces
* A look at: Plausibility, robustness, performance
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Towards functional neural network models

1) Input 3) Adjust weights 2) Output
(spatiotemporal) (surrogate gradients) (target spike train)

neural processing



Starting point: Can we do supervised
learning in spiking multi-layer networks
with a local online learning rule?
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Output: Van Rossum distance between
output and target spike trains
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Towards spiking network models which compute

3) Adjust weights
(gradient descent)

neural processing



Problem: The derivative of a spike
train vanishes almost everywhere
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Today: Surrogate gradients.

AN awesome prob|em Bohte (2011), Zenke & Ganguli (2018),
] Shrestha & Orchard (2018),
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In ML: “Straight-through estimators” Bengio et al. (2013)
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(Option 5: Surrogate gradients.
Bohte (2011), Zenke & Ganguli (2018),
Shrestha & Orchard (2018),

~\

Bellec, Salaj, Subramoney, Legenstein, and Maass (2018)

Neftci, Mostafa, & Zenke (2019)
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SuperSpike: An online rule for surrogate
gradient learning in spiking neural networks
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SuperSpike: An online rule for surrogate
gradient learning in spiking neural networks
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4 . .
All quantities computed online. Temporal
credit assignment through dynamics at
synaptic level (eligibility trace).
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Important insight: Spiking neural networks are
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Important insight: Spiking neural networks are
binary RNNs with specific intrinsic recurrence
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Important insight: Spiking neural networks are
binary RNNs with specmc Intrinsic recurrence

e Can be trained using BPTT or RTRL

. Several groups have realized this:
Esser, Merolla, Arthur, Cassidy, Appuswamy, Andreopoulos,
Berg, McKinstry, Melano, Barch, et al. (2016)
* Zenke & Ganguli (2018)
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Towards functional neural network models

1) Input 3) Adjust weights 2) Output
(spatiotemporal) (surrogate gradients) (classification)

neural processing



Input: Spatiotemporal spike patterns
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Input: Spatiotemporal spike patterns
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Output: Linear combination of filtered
output spike trains
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Output: Linear combination of filtered
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Output: Linear combination of filtered
output spike trains
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Output: Linear combination of filtered
output spike trains
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MNIST Is solved with a handful of spikes
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MNIST Is solved with a handful of spikes
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Benchmarks (2)

Fashion MNIST

Xiao, Rasul & Vollgraf (2017) Fashion MNIST
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Surrogate gradient learning is robust to the
choice of voltage nonlinearity
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Surrogate gradient learning is robust to the
choice of voltage nonlinearity
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Benchmarks: The need for objective
comparison of spiking networks

Voice recordings Cutting and mastering
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AT N > Kirchhoff Institute of Physics
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Spiking benchmark data sets
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Benchmark results

Preliminary
Spiking networks LSTM
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Summary & Outlook

* Surrogate gradient learning in spiking neural
networks

* A nonlinear voltage-dependent learning rule is
crucial for learning with hidden units

* Temporal credit assignment through eligibility
traces
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Summary & Outlook

e Surrogate gradient learning in spiking neural networks

* A nonlinear voltage-dependent learning rule is crucial
for learning with hidden units

* Temporal credit assignment through eligibility traces

e \What next ...?

- Elucidate feedback channels
(e.g. inhibitory microcircuits, neuromodulators)

— Study unsupervised cost functions (e.g. prediction)
Copyright 2019 fzenke.net
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