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Problem and relevance

* The problem is the development of an energy-efficient method for
dynamic control in a time-varying environment for autonomous devices.

* One possible solution is to use neuromorphic devices together with
spiking neural networks implemented on them.
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Objective and tasks

* The objective of this work is to develop a method for solving
reinforcement learning problems based on local plasticity learning
rules.

* The tasks are to select the spiking neural network architecture, the
learning rules for the spiking neural network, the benchmarks and
metrics for comparing solution quality.



Related works

Approach Features

Actor-critic with FBTDSTDP learning rule
(Chunget al., 2020 [1])

Spiking actor is trained using feedback-
modulated TD-STDP, spiking critic is trained
using TD-STDP

Multilayer spiking neural network (Chevtchenko
et al., 2023 [2])

Two-layer FEAST clustering of input states with
temporal difference error modulationin a
spiking actor-critic

R-STDP with formal critic (Aenugu et al., 2020
[3])

Critic is not spiking and is trained using TD(A);
spiking actor is trained using RSTDP

Actor-critic with TD-LTP learning rule (Fremaux
et al., 2013 [4])

Actor and critic are spiking with TD-LTP
learning rule




Reinforcement learning tasks

Goal Balance the pole for 200 time steps by
applying a unit horizontal force to the }_
cart at each step o

Environment | 1. cartcoordinate x

state 2. cartvelocity x -
3. Angle of the pole w.r.t. vertical 6 “
4. Angle velocity of the pole 6 g

<X
Reward +1 for every step before the balance Fig. 1: Cartpole system

breaking




Reinforcement learning tasks

Goal Reach the top bar in under 500 time
steps by applying, at each step, either a
unit torque or zero torque to the joint
between the links
Environment | 1. angle 0, e,
state 2. angle 6, *’\
3. Rate of change of angle 0, §‘~‘§>
4. Rate of change of angle 0, Sl
Reward -1 for every step before reaching the Fig. 2: Acrobot system
upper bar n +10 in the end of successful
episode
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Fig. 3. lllustration of LIF neuron model

Neuron voltage dynamic for the LIF (Leaky Integrate-and-Fire) neuron model:

T = (1) ~ tyeer) + RICD

if u(t) = 6 — spike and reset
Input impulses are stored in the membrane potential u, exponentially decaying with the

rate T. When the potential reaches the threshold 8, neuron emits spike and potential is

set to the Uy pg¢-

Neuron model




STDP - learning rule for
the hidden layer of actor

STDP (Spike-timing dependent plasticity)

( 1Ay
) AwtT = AT e Tt

Yy
Aw~ =—-4"-e -

where At = tlf — t]f Is the time difference
between post- and presynaptic spikes, T, and
T_ are the time constants, A~ (w) are the

constant amplification and depression
amplitudes.

Synaptic change (%)

Spike timing (ms)

Fig.4. Illustration of spike timing
dependent plasticity time windows




TD-STDP - learning rule for the output layer of actor

TD-STDP (STDP modulated by temporal difference

error) learning rule is the following:

dw 5 ;
dt rp - e(pre,post)

e = — Ti + STDP(pre, post),

where e(pre, post) is the eligibility trace keeping the
history of spike activity, T, is the time constant of
eligibility trace decay, pre and post are the spike

trains of pre- and postsynaptic neurons respectively

Temporal difference error:

Orp(t+ 1) = R q + YV (Se41) — V(syp),
where R, is the reward from the
environment during the transition from

state s; to s; 1, Y is the discount

factor, V(s;) is the value of state s;



Network architecture
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Fig. 5. Neural network diagram.
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CartPole results

Reward during training episodes
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Fig. 6. Reward during training episodes of solving Cartpole-v0 task along with the running reward averaged
over 50 episodes
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Acrobot results

Reward during training episodes
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Fig. 7. Reward during training episodes of solving Acrobot-v1 task along with the running reward averaged
over 10 episodes. Mean test reward is -301.
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Results comparison

Approach Description Average test reward for Number of training iterations
Acrobot task for Cartpole task

Two-layer spiking actor with The first layer of actor is -301
TD-STDP learning rule (current trained using STDP, the second -
approach) using TD-STDP, critic is not-
spiking and is trained using TD-
learning
Actor-critic with FBTDSTDP Spiking actor is trained using - 169.5
learning rule (Chung et al., 2020 feedback-modulated TD-STDP,
[1]) spiking critic is trained using TD-
STDP
Multilayer spiking neural Two-layer FEAST clustering of -128 400*
network (Chevtchenko et al., input states with temporal-
2023 [2]) difference-error modulationin a
spiking actor—critic
R-STDP with formal critic Critic is not spiking and is -168 2000
(Aenugu et al., 2020 [3]) trained using TD(A); spiking actor
is trained using RSTDP
Actor-critic with TD-LTP Actor and critic are spiking -150 3500
learning rule (Fremaux et al., with TD-LTP learning rule
2013 [4])

* - approximate estimation of number of iterations from the plot in the paper -



Conclusion

The novelty of this work lies in the development of a two-layer spiking
actor trained using a three-factor TD-STDP rule, in which the global
temporal-difference error modulates local weight updates. The proposed
method was experimentally validated on the Acrobot and CartPole control
environments, achieving goal attainment in Acrobot within 301 steps and
convergence to a stable solution on CartPole after 715 training episodes -

performance that is on par with other spiking neural network—-based
approaches.
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Future work

* A keydirection for further research is to
train a spiking critic based on the outputs
of a hidden layer trained with STDP. This
will enable approach to solving a range of
reinforcement learning tasks and reduce

the number of synaptic connections that
need to be trained.
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