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Message: + SVPG, a spiking-based variational policy gradient method with RWTA network and R-STDP.
+ Experiment results reveal its potential for solving RL tasks and to have inherent robustness.

1. Background & Problem

Background

- Human-level?

ANN Adaptability, robustness ...
RL - Computational 515! By Performance
_ SNN < ANN-to-SNN conversion X e /
Surrogate gradient-based BP v X V4
Modulated STDP v/ V4 X
e " This paper Rely on expert{e'signs

Problem

LIF neuron model  p(l) = exp{u(l) — u¢n}

Local learning rules

+ Si(1) [Whost + /O CAW (y)S; (1 — y)dy|

@ How to establish the connection?
T—1 T—1
Global RL target |:VQJ(7TB) =Erum[ > V'1e ¥ Vologma(ak|sy)]
t=0 k=0

3. Policy Inference & Optimization

Policy Inference

Target function P(Va, vp|s) = % exp{E(v)}

A

Mean-field inference  p(va,Vn|s) := D(va|s)D(Vh, [S) - - 'P(’Uhnh 5)

1
Minimize KL-divergence 9Dxw(s)/0q; =0 W ¢ = (o) eXP{W gy ;G + Weo) 1 + bi}
In RWTA network ¥

Let pi(l) = pas, then |pi = pexp{w, oy ;G +Wey ;@ +bi =108 Y~ sy EXP{Wyo 14+ Weoy ;4 + 0}
JEG() J

/| = RWTA net is suitable for policy inference
pi(l) = pexp{u;(l) —log >, exp(w; ()},
will) = 3 seniy wisJy #)Si; (1 —y)dy + b

In neuron model
Let [° k(y)dy = 1/p, then »

Policy Optimization

Policy function ¢ = ! exp{wW, .y iq + Weo) 4
y Z(QG(Z)) row,1 COl,1?

q+bi} (iterate until convergence)

Precise differential X Requires pseudo-inverse of M (W + W!)-- computationally infeasible

ge = M (Ui +Usy)q + M(W + W)L S — Mb+ MW + W) 5L,

M = diag(qy,)|—Ghradiag(q) + Dsel

Approximation treat q on the right side as constants
U5t =(Usdiag(q) + diag(q)U.) — diag(q) Uy + Ui )diag(q),

Olog(gi) ., _ 7i . ’ o0J (m
ob u; dla’g(q)uG(%) %@J) :Et’)/t’l"t [q@(’Uj — qj) —+ qj (’Ui — qz)1

I
In STDP framework E[R()STDP ()] = Rlp;(vi — pi/p) + pi(v; — p; /p)]
1. Assume a large enough spiking step number

E[Si(D)] = pi E[fy” Av(wiy)Si(l — y)dy] = Ay (wi;)pi \’
2. Let (Wore, Woost, Ay (wij), A (wig)) = (vi,v5, =1/p, —1/p)

— The designed STDP rules can do approximated policy optimization

RWTA Network

Winner-take-all circuits

Environment

Action
Selection

Unidirectional FC
Bidirectional FC
Rate-coding QO] WTA
State Hidden circuits Action

Policy Function
Policy T based on an energy function of the firing states.
7T(’Ua|8) = th p(’va, ’Uh‘s) p('va, ’Uh|8) = ﬁ eXp{E(’U)} E(fv) — viWo + blo

v: firing states of the neurons; q: firing probabilities of the neurons

4. Experiments

Tasks & Variations

Label preprocess
—_ - J -
& 2 =
Reward — D
\: 5 Net R g N U - Reward
2 = {+1, -1} s Net 1 s [ 1)
é 2 5 3 (until end)
Q
. >

~ MNIST (RL)

A

Gym InvertedPendulum-vO0

< a3NL LAY

Input noises Network noises Pendulum length  Pendulum thickness
Results
SVPG BP BPTT EP perviseq) ANN2SNN
MNIST 0926+ 0.001 0.933+0.062 0.898+ 0.067 0.971+ 0.001 0.933+ 0.062
GymIP 199.87 £0.27 19995 +£0.13 199.96 = 0.12 N/A 190.79 = 27.64

Length in training = 1.5 Thickness in training = 0.05
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