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Analysis of Dopamine-like Learning Signal-Based STDP-SNN
Reinforcement Learning Methods
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ABSTRACT

This paper analyzes how the design of dopamine-like learning signals affects the learmning performance and stability of reinforcement
learning in Spiking Neural Networks(SNNs) based on Spike-Timing-Dependent Plasticity(STDP). An SNN actor that directly selects actions
was implemented in the CartPole-v1 environment. Actor-Critic TD-STDP and Proximal Policy Optimization(PPO) TD-STDP were compared
using the same spike encoding method and SNN actor architecture. Actor-Critic TD-STDP uses the Temporal-Difference error(TD-error)
calculated af each environment step as a dopamine-like learning signal. In contrast, PPO TD-STDP uses normalized and clipped
episode-level advantages estimated through Generadlized Advantage Estimation(GAE), fogether with policy-ratio-based update clipping.
The results showed that Actor-Critic TD-STDP improved rapidly during early fraining but exhibited greater performance variability in later
fraining. PPO TD-STDP learned more slowly initially but maintained relatively stable performance by mitigating abrupt changes in synaptic
weights and the policy. These findings suggest that the femporal range of dopamine-like learning signals and the approach used to
constrain policy changes should be considered fogether when designing STDP-SNN reinforcement learning algorithms. By comparing
learning-signal and policy-update designs under an identfical SNN architecture, this study provides a foundation and design guidance
for developing and evaluating biologically plausible and stable SNN reinforcement learning algorithms.

= keyword : Spiking Neural Networks; Spike-Timing-Dependent Plasticity; Reinforcement Learning; Dopamine-like Learning Signal;
CartPole; Actor-Critic
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(Figure 1) CartPole-v1 Environment and SNN Actor Architecture
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(Table 4) Comparison of Key Performance Metrics for Actor-Critic TD-STDP and PPO TD-STDP

37t A% Actor-Critic TD-STDP PPO TD-STDP
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(Figure 2) CartPole-v1 Learning Results for Actor-Critic TD-STDP and PPO TD-STDP Methods
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