
Introducing  temporal and spatial locality to Spiking Neural Network training
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ŷt

Win

x
t

z
t

1

Wout

y
t

z
t

2

Whid

Lt(yt
, ŷt)
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Single global loss function Global + local loss functions Global loss function + direct 
feedback to individual layers 
through random weight matrices 

Learning 
Method

Temporal 
locality

Spatial 
locality

BPTT ❌ ❌

E-prop [1] ✅ ❌

DECOLLE [2] ✅ ✅

DRTP [3] ❌ ✅

ETLP [4] ✅ ✅

Event-based Three factor local 
plasticity (ETLP) combines 
eligibility traces and DRTP to 
enable both temporally and 
spatially-local plasticity.  



Temporal/Spatial locality impact on evaluation benchmarks
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Top-1 test set accuracies reported for BPTT, E-prop, 
DECOLLE and ETLP in [1]

Based on experimental evaluation results reported in the 
literature for N-MNIST and Spiking Heidelberg Digits (SHD) 
datasets:

• ETLP and DECOLLE lead to degradation in test set top-1 
accuracy when compared to BPTT and E-prop.

• ETLP underperforms E-prop by -3.6 % at N-MNIST and -6.1% 
at SHD.

Spatial locality comes with the cost of decreased accuracy!

We suspect that the use of either local loss functions or 
feedback from random weight matrices hurts the learning 
process by producing gradients which do not track the global 
optmization objective effectively.

Learning method N-MNIST SHD

BPTT 97.67 75.23

E-prop 97.90 80.79

DECOLLE 96.27 62.01

ETLP 94.30 74.59

Research problem/questions: 
• Existing gradient-based learning rules that 

guarantee temporal and spatial locality for 
training Spiking Neural Networks cause 
degradation in evaluation benchmarks when 
compared to BPTT. 

• What is the cause of this performance gap and 
how could it be bridged?
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