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I NTRODUCTION . The ability to learn from the outcome of past experiences is crucial for the survival of animals.
How this is implemented in neurons and synapses is less clear. Recent work in neuroscience casts some light on
this question.
First, in a series of landmark experiments, Schultz and colleagues have shown that the activity of dopamine
neurons match very well the reward prediction error in reinforcement learning [1], suggesting dopamine as a
possible neural correlate to the δ of TD learning. Second, various experiments have shown that dopamine receptors
D1/D5 modulate spike-timing synaptic plasticity [2].
These findings suggest that reinforcement learning could be implemented neurally by so-called three factor
rules, where the information given by a global reward signal is combined with the local pre/post spike timing
information at each synapse. Several such rules have been proposed, and used for simple tasks. However, no
systematical comparison of these rules has been published so far. In this research, we propose a spatiotemporal
learning task and directly compare how these rules perform.
L EARNING RULES . We compare two rules that combine spike-timing dependent plasticity [3, 4] with a global
reward factor (such as dopamine or other neuromodulators). The first rule [5–7] takes a standard STDP model
[3, 8] and modulates the learning rate by reward. We call this the R-STDP model. The second rule [6, 9, 10] is
derived from a reward maximization approach akin to policy-gradient rules in reinforcement learning [11, 12]. We
call this the R-max rule.
Both rules have the same general form: the weight change is driven by the product of a synaptic eligibility
dw
trace ei j trace and a global reinforcement signal R(t): dti j = γ R(t) ei j (t). The eligibility trace is a filtered version
of a spike timing dependent kernel ξi j (t):
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The rules differ in the form of the ξi j (t) term, that depends on the firing times t jf and tif of the pre- and
post-synaptic neurons, respectively. In R-STDP, the factor ξi j (t) is:
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For the R-max rule, ξi j (t) depends in addition on the instantaneous firing rate ρ (t) of our stochastic neuron:
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Here ε (t − t jf ) denotes the time course of an excitatory post-synaptic potential (EPSP).
For both learning rules, we use a spike response model
 [13] as our post-synaptic neuron model. The
 (SRM)
u(t)−θ
instantaneous firing rate is then given as ρ (t) = ρθ exp
, where u(t) is the membrane potential.
∆u
In the limit ∆u → 0, this becomes a deterministic neuron model, with θ as threshold.
S PIKE T RAIN L EARNING . We simulate a simple paradigm consisting of 50 input spike trains, that project, via
learning synapses, to a layer of 5 noisy SRM neurons. The task is to respond to a spatiotemporal-spike pattern
in the input with a target spike pattern in the output (see inset of figure). The input spike trains are generated
once by homogeneous Poisson processes at 6Hz and kept fixed afterwards. The target output pattern is generated
by presenting the input pattern to the network, with a set of random synaptic efficacies drawn uniformly in the
interval (0, 1). Hence the task is to find the correct set of weights so as to reproduce the target. At the beginning
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of the learning phase, all weights are set to 0.5. In each trial, the input pattern is presented, and the actual output
pattern is compared with the target pattern [14]. This results in a score measure Sn . A reward Rn = Sn − S̄n is
computed, where S̄ is a running average of the score.
The global score Sn is computed as a mean of the individual scores Sni of each output neuron’s spike train in
trial t against its target spike train. The learning is done at the end of each trial in batch mode: ∆wi j = η Rn ei j (T ).
R ESULTS . Our results (see main figure) show that the R-max rule perform significantly better than R-STDP in
our learning paradigm. This is not very surprising as this rule is optimal for precise spike time learning. In our
experiments with the R-STDP rule, we found that the ratio A+ τ+ /A− τ− does not affect learning in a significant
way. It follows that the negative part of the STDP window is not necessary for learning in a reward modulated
context.
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