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Animals process information using neural networks 

Sensory inputs Behavior
Key question: How do hidden units learn?

● Start with a random network model 
● Include data driven plasticity model
● Observe function → Limited success in 

learning useful hidden layer representations

Bottom-up approach

Top-down approach

● Start with function in mind 
● Derive suitable plasticity rules
● Build functional network models
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Deep neural networks implement functions
They ”learn”, but they don’t spike

2) Loss function

3) Adjust weights
Gradient descent

1) Input data

Parameter

Lo
ss

Algorithmic question: How to compute the gradient?

Conceptual question: Which functions are learned?
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The more recent excitement about 
(deep) neural networks

Plausible vector-valued feedback!
● Lillicrap et al. (2016)
● Nøkland (2016)
● Guerguiev et al. (2017)
● Scellier & Bengio (2017)
● Whittington & Bogacz (2017)
● Sacramento et al. (2018)
● Pozzi et al. (2018)

pre
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feedback

“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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Spatial credit assignment

What to learn?

Feedback signals
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Petersen & Berg (2016)1s
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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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1) Input
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2) Output
(target spike train)

3) Adjust weights
(surrogate gradients)

1) Input
(spatiotemporal)

Towards functional neural network models
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Starting point: Can we do supervised 
learning in spiking multi-layer networks 

with a local online learning rule?

E
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Time
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Zenke & Ganguli (2018)
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Towards spiking network models which compute

2) Output
(classification)

3) Adjust weights
(gradient descent)

1) Input
(spatiotemporal)
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Zenke & Ganguli (2018)
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Today: Surrogate gradients.
Bohte (2011), Zenke & Ganguli (2018), 
Shrestha & Orchard (2018),
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Many more: e.g. firing-rate approaches
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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) 

In ML: “Straight-through estimators” Bengio et al. (2013)
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● Hebbian part 
“STDP-like”

● Voltage nonlinearity
● Third factor 

”specific feedback”
● Eligibility trace 

“Ca transient”

Threshold

SuperSpike: An online rule for surrogate 
gradient learning in spiking neural networks

Zenke & Ganguli (2018)

Time
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All quantities computed online. Temporal 
credit assignment through dynamics at 

synaptic level (eligibility trace).
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Important insight: Spiking neural networks are 
binary RNNs with specific intrinsic recurrence

● 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)
● Huh & Sejnowski (2018)
● Shrestha & Orchard (2018)
● Bellec, Salaj, Subramoney, Legenstein, and Maass (arXiv)
● Neftci, Mostafa, & Zenke (arXiv)

Surrogate gradient

Neftci, Mostafa, & Zenke (in rev.)
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2) Output
(classification)

3) Adjust weights
(surrogate gradients)

1) Input
(spatiotemporal)

Towards functional neural network models
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Benchmarks (2)

Fashion MNIST 
Xiao, Rasul & Vollgraf (2017)

Zenke & Vogels (in prep.)
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In collaboration with
Benjamin Cramer

Kirchhoff Institute of Physics
Uni Heidelberg

Benchmarks: The need for objective 
comparison of spiking networks

Spiking benchmark data sets
● Spoken digits & commands

German/English
● More than 100k examples
● Spikes from cochlea model 

(3.5k channels)

Cramer, Stradmann, Schemmel & Zenke (in prep.)
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Benchmark results

In collaboration with
Benjamin Cramer

Kirchhoff Institute of Physics
Uni Heidelberg

Spiking networks LSTM

Preliminary

Cramer, Stradmann, Schemmel & Zenke (in prep.)
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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
● What next …?

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

– Study unsupervised cost functions (e.g. prediction)
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Artwork: 
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