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Message: + SVPG, a spikuiigsed variational policy gradient method with RWTA network a&d BP. ji',.
+ Experiment results reveal its potential for solving RL tasks and to have inherent robustnessode

1. Background & Problem
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Problem

LIF neuron model p(1) = exp{u(l) —uw} uwl)= ) wj/O k(y)S;(1 —y)dy + b
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@ How to establish the connection?
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3. Policy Inference & Optimization

Policy Inference

Target function P(Va, vpls) == 515y exp{E(v)}

A

Meartfield inference p(va,vn|s) := p(va|s)p(vn,|s) - p(vn, |s)
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In RWTA network ¥

Let pi(l) = pas, then |pi = pexpi{w g, ;g +wey ;G +bi —10g > i) exPiwy, ;G +wey ;g +05})
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Minimize KtdivergenceoDxw(s)/0gi = 0B 4 = 57— exp{Wro i@ +weoiid + bi}

In neuron model
Let [ k(y)dy=1/p thap

pi(l) = pexp{u;(l) —log >, exp(w; ()},
u;(l) = ZjeN(i) wijfooo R(y)Si; (1 — y)dy + b

Policy Optimization
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q-r bi} (iterate until convergence)

awjk; 8wjk ) abj a_bj’
M = diag(qy,)|—Ghradiag(q) + Dsel
Approximation treat aon the right side as constants
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In STDP framework E[R()STDP ()] = R[p;(vi — pi/p) + pi(v; — p;/p)]

1. Assume a large enough spiking step number ’
E[S;(1)] = ps, E[fooo Ap (wiz)Si(I — y)dy] = Ay (wij)p;s /\
2. Let<Wprea WpostaA+(wij)aA— (w@'j)> — <U737Uja —1/:5; —1/A>

A The designed STDP rules can do approximated policy optimizati

Il A RWTA net is suitable for policy inference
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Policy Function
Policy’ based on amnergy functiorof the firing states.
T(vals) = >, P(va,vn|s) p(vg,vp|s) = ﬁ exp{E(v)} E(v):=v'Wuv+b v

o: firing states of the neuronsa firing probabilities of the neurons

4. EXperiments

Tasks & Variations
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Results
SVPG BP BPTT EP pervised) ANN2SNN
MNIST 0.926+ 0.001 0.933+ 0.062 0.898+ 0.067 0.971+ 0.001 0.933+ 0.062
GymlIP 199.87 + 0.27 199.95 + 0.13 19996 + 0.12 N/A 190.79 + 277.64

Length in training = 1.5 | Thickness in training = 0.05
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