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Abstract—Spiking Neural Networks (SNNs) promise low-
power, real-time control but their training can be challenging for
reinforcement learning (RL) tasks, due to the non-differentiability
of spikes and the hardware non-idealities of emerging analog
and mixed-signal neuromorphic processors. Whithin this context,
we present a gradient-free framework for training SNN policies
with Metropolis-Hastings (MH) sampling, using episode returns
as a reward-driven pseudo-likelihoods to propose, accept or
reject network parameter updates. In evaluations on standard
RL benchmarks (AcroBot and CartPole), our single-layer SNN
policies outperform deep Q-learning (DQL) baselines while using
fewer neurons and training episodes: Acrobot reaches −90 vs.
−140 (for DQL), and CartPole achieves the maximum score
of 500 vs. 280, plateauing within ≈ 50 episodes. These results
highlight the effectiveness of MH-trained SNNs for control and
their suitability for neuromorphic deployment.

Index Terms—Spiking Neural Networks, Metropolis-Hastings
sampling, Dynamical Agent, Control, Reinforcement Learning.

I. INTRODUCTION

Reinforcement learning (RL) has achieved strong results
in control using deep Q-learning (DQN) and proximal policy
optimization (PPO) [1]–[3]. However, these methods require
substantial computation and rely on gradient backpropagation,
which limits the deployment on ultra-low power platforms and
mixed-signal neuromorphic hardware [4].

Spiking Neural Networks (SNNs) offer event-driven effi-
ciency, temporal processing, and biological plausibility, mak-
ing them attractive for low-power real-time control [5]–[7].
However, training SNNs for RL remains challenging: spike
events are nondifferentiable, so surrogate gradient methods
are required, and these are computationally intensive and less
robust on analog substrates with process–voltage–temperature
(PVT) variations [8]. This motivates gradient-free optimization
that is robust to hardware non-idealities.

We propose a Metropolis–Hastings (MH) reward–driven
procedure that trains SNN policies without gradients by ac-
cepting parameter proposals in proportion to episode return
[9], [10]. The framework naturally supports chip-in-the-loop
optimization and robustness to hardware noise/variability [11].
We extend MH sampling to RL settings, specifically focusing
on dynamical-agent control (Fig. 1). The key contributions of
this paper are:

1) Introducing MH sampling for training SNNs in RL-
based dynamical-agent control tasks.

2) Demonstrating that MH-trained SNNs outperform tra-
ditional DQL baselines on standard RL benchmarks
(AcroBot and CartPole).
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3) Achieving stronger generalization and performance with
simpler network architectures than gradient-based meth-
ods.

Fig. 1: Environments used in our experiments for the control of
dynamical agents. a) AcroBot, b) Cart-Pole

II. BACKGROUND THEORY

A. Metropolis-Hastings sampling
In this work, we use the Metropolis-Hastings sampling

algorithm [10] as a Bayesian training approach to learn the
SNN weights. Metropolis-Hastings provides a computationally
tractable way for estimating the posterior distribution of the
SNN weights P (W |D) given the data D following Bayes’
rule [10]:

P (W |D) =
L(D|W )P (W )

P (D)
(1)

where, in the context of this paper, W denotes the SNN
weights, L(D|W ) is the likelihood probability distribution
of the data given the SNN weights, P (W ) is the prior
distribution, P (D) is the data distribution and P (W |D) the
posterior distribution of W .

It is commonly known in the Bayesian inference literature
that the explicit use of the Bayes rule (1) typically comes
with a high computational complexity the more the dimensions
of the weight tensor W grows [?]. For this reason, we
make use of the Metropolis-Hastings sampling algorithm for
implicitly estimating the posterior density over the weights
P (W |D). Metropolis-Hastings estimates P (W |D) by provid-
ing a sequence of weight tensor samples W ∼ P (W |D)
which provably correspond to true samples drawn from the
distribution P (W |D) [10]. Remarkably, these samples are ob-
tained without an exact knowledge of the posterior distribution
P (W |D).

Fig. 2 provides a conceptual illustration of the Metropolis-
Hastings sampling algorithm. First, the sampler is initialized
with a random weight tensor W1 at sampling step n = 1. Then,
a symmetric distribution Q (typically a Gaussian) is used to
obtain a proposal sample W

′ ∼ Q(W
′ |Wn−1) using Wn−1

as the mean value of Q. Second, the likelihoods of the data D



given the newly-proposed weight W
′

and the previous weight
Wn−1 are computed as L(D|W ′

), L(D|Wn−1) (where L is
an arbitrary-chosen likelihood function suitable for the task to
be solved). Third, the following ratio p is computed:

p =
L(D|W ′

P (W
′
)

L(D|Wn−1)P (Wn−1)
(2)

where P (W
′
) and P (Wn−1) respectively denote the prior

probability of W
′

and Wn−1. Finally, the newly-proposed
sample W

′
is accepted as a true sample drawn from P (W |D)

if and only if the outcome of a binary Bernoulli trial with
probability min(p, 1) is successful.

B. Spiking Neural Networks
We control dynamical agents with SNNs, whose event-

driven computation is well suited to low-power, real-time con-
trol [12], [13]. We use leaky integrate-and-fire (LIF) neurons:
given input current J [m] = w̄⊤s̄[m], the membrane potential
updates as

V [m]← αV [m− 1] + (1− α)J [m], (3)

and when V [m] ≥ µ the neuron emits a spike (δout=1) and
resets V [m]← 0. Using LIF units instead of analog activations
(e.g., ReLU) enables spike-based communication and temporal
dynamics closer to biological processing [13].

III. METHODS

In this paper, we propose to leverage MH sampling for
learning to control dynamical agents within a RL-like setting.
In such RL setting, the environment in which the dynamical
agent operates returns rewards rj for each time step j during
the execution of an agent control episode, with a maximum
number of time step per episode j = 1, ..., Tmax during
which the agent is expected to attain its goal. It is assumed
that the agent control is done through an arbitrary SNN
architecture and we note by W the tensor containing all of
the learnable SNN parameters (e.g., weights, neural membrane
decay constant αdecay and spiking threshold µ). Hence, the
optimization objective of the SNN learning process can be
written as the maximization of the accumulated reward:

Wbest = argmax
W

Tmax∑
j=1

rj(W ) (4)

Here, we note a similarity between the SNN learning
objective (4) and the objective of MH sampling, which is to
provide SNN parameter samples that will maximize a certain
likelihood L(D|W ) in (1). Hence, by defining:

L ≡ R(W ) =

Tmax∑
j=1

rj(W ) (5)

where R(W ) denotes the total accumulated reward over an
episode, it is possible to use the pseudo-likelihood measure L
in (5) in place of an exact likelihood function within the MH
sampling procedure. This is possible thanks to the fact that MH
sampling makes use of the ratio between the current and past
likelihood functions in (2), which makes it possible to drop
the requirement for an exact knowledge of the normalization
terms defining the absolute likelihood function.

Following these observations, our proposed reward-driven
MH algorithm for SNN training is provided in Algorithm 1.
The algorithm follows the MH sampling procedure illustrated
in Fig. 2 with the crucial addition of the accumulate rewards
R(W ) and R(Wn−1) as likelihood values in lines 4-5-6 of
Algorithm 1.

Algorithm 1 Proposed Reward-driven Metropolis-Hastings
method for SNN training

Require: Gym environment (e.g., AcroBot and
Cart-Pole), initial weights W0

1: Init. Rbest = −∞, Wbest = W0

2: for n = 1 to Niter do
3: Sample proposal W ′ ∼ Q(W ′|Wn−1)
4: Run the gym agent control environment with the SNN

with weights W ′ and compute the total accumulated
reward R(W ′).

5: Run the gym agent control environment with the SNN
with previous weights Wn−1 and compute the total
accumulated reward R(Wn−1).

6: Assign likelihoods: L1 ← R(W ′), L2 ← R(Wn−1)
7: Compute priors: P1 ← P (W ′), P2 ← P (Wn−1)
8: Compute acceptance ratio: p = L1·P1

L2·P2

9: Sample u ∼ Uniform(0, 1)
10: if u < min(p, 1) then
11: Accept proposal: Wn ←W ′

12: else
13: Reject proposal: Wn ←Wn−1

14: end if
15: if R(W ′) > Rbest then
16: Rbest ← R(W ′)
17: Wbest ←Wn

18: end if
19: end for
20: Return Wbest

IV. EXPERIMENTS

We evaluate the proposed method on two classic control
environments from the OpenAI Gym suite [14]: AcroBot
and Cart-Pole (Fig. 1). As a baseline, we compare against
DQL [2].

We use a public DQL implementation1 with Adam at
default settings, standard experience replay, and an ϵ-greedy
policy [15]. We found the default hyperparameters sufficient
in terms of convergence speed and return; additional tuning
did not improve results.

As an SNN architecture, we use the 1-layer topology shown
in Fig. 3. The SNN has two sets of weights: an input weight
matrix Win mapping the agent’s state vector s̄ to the output
LIF neurons, and a lateral inhibition and recurrence weight
matrix Wlateral feeding back the output spike vector ū to the
output neurons. The decay constant αdecay and threshold µ of
the output LIF neurons are also tuned by the proposed MH
training procedure. Naturally, the input and output dimensions
depend on the specifications of each environment to be solved
(AcroBot having 6 states, and Cart-Pole having 4 states.
During the training procedure, the MH algorithm provides
samples of vectors containing an estimate of the network
parameters {Win,Wlateral, αdecay, µ} with the goal of max-
imizing the accumulated reward returned by the environment
(see Algorithm 1).

A. AcroBot Environment
The AcroBot task is a two-link underactuated pendulum

that must swing up so the tip reaches a goal line above the

1https://github.com/johnnycode8/gym_solutions



Fig. 2: Conceptual illustration of the Metropolis-Hastings algorithm.

Fig. 3: SNN architecture. We use a 1-layer SNN topology with input
weight matrix Win and lateral recurrence weight matrix Wlateral.
As input to the network, we feed the agent’s state vector (with the
input dimension depending on the environment to be solved). The
output is then used to select the action to be executed by the agent
(each output neuron corresponding to a possible action).

pivot (Fig. 1a). The agent observes a 6-D state related to
the angular position of the pendulum joints and their angular
velocities.

Figure 5 shows the training return under MH. After an initial
transient of ∼160 episodes, the return increases and plateaus
near −100, which corresponds to solving the task in roughly
100 time steps per episode (the environment returns −1 per
step until termination).

In addition, Fig. 6 shows the results obtained using the
DQL baseline (using a similar DNN topology to the SNN
architecture shown in Fig. 3, with the LIF neurons replaced
with ReLUs). It can be seen that the DQL setup achieves a
reward plateau with a significantly smaller accumulated reward
of at most ∼ −150, while our proposed SNN-MH setup
achieves an accumulated reward of ∼ −100 (see Table I).

B. Cart-Pole Environment
The Cart-Pole environment consists of a cart that can

move horizontally with an inverted pendulum mounted on its
top (see Fig. 1 b). The goal is to control the cart in order
to keep the inverted pendulum vertical and not let it fall due
to gravity. The agent has 4 observable states related to the
position and velocity of the cart, as well as the angle and
angular velocity of the inverted pendulum.

Fig. 7 shows the evolution of the accumulated reward during
the MH training procedure on the Cart-Pole environment.
It can be seen that the accumulated reward grows and reaches

Fig. 5: Evolution of accumulated reward during MH sampling on
the Acrobot environment. The orange curve is a 50-episode moving
average of the blue reward trace.

Fig. 6: AcroBot—DQL training return. Episode return vs. iteration;
orange is a moving average (window 50). DQL plateaus near ∼−150
(cf. SNN–MH ∼−100 in Fig. 5).

within 50 episodes a reward plateau around 500 (which is the
maximum reward attainable in the case of the Cart-Pole
environment).

In addition, Fig. 8 shows the results obtained using the
DQL baseline. Remarkably, DQL was not able to solve the
Cart-Pole environment using a similar DNN topology as
used by our SNN (i.e., a 1-layer network). This is why we
experimented with an increasing amount of hidden layers in
the DNN (using 16 neurons in each hidden layer). Fig. 8 shows
that the maximum accumulated reward grows as we increase
the number of hidden layers. At the 3 hidden layers, the DQL



Fig. 7: Evolution of the accumulated reward along the MH
sampling episodes. Using the Cart-Pole environment. The orange
line was obtained by applying a moving average filter of width 50
on the reward curve in blue.
setup is finally able to solve the Cart-Pole environment
by reaching an accumulated reward of 500. This is in striking
contrast with our proposed SNN-MH setup which is able to
solve Cart-Pole by reaching a reward plateau of 500 (see
Fig. 7) while using the 1-layer SNN architecture described in
Fig. 3. The comparison between the SNN-MH setup and the
DQL setup is also reported in Table I.

Fig. 8: DQL: evolution of accumulated reward in the CartPole
environment. In contrast to our proposed SNN-MH setup, using a
one- or even two-hidden-layer network in the DQL case is insufficient
to solve the environment (i.e., reach the maximum reward of 500).

SNN-MH DQL
AcroBot −90 −140
Cart-Pole 500 280

TABLE I: Maximum accumulated reward for both the SNN-
MH and the DQL with equivalent 1-hidden-layer architecture
(rewards are rounded to the nearest decade).C. Discussion on the results

Our findings show the effectiveness of training SNNs with
MH sampling in controlling dynamic agents within RL en-
vironments. Firstly, MH sampling improves generalization

compared to the gradient-based optimization used in DQL
by exploring the Bayesian posterior and thus better avoiding
local optima [10], [16]. Concurrently, the event-driven, sparse
activations of SNNs act as an inductive bias, regularizing
the policy network and simplifying decision boundaries. This
synergy underlies our method’s fast convergence and high
reward performance on both AcroBot and CartPole. Table I
clearly demonstrates the usefulness of our SNN-MH setup,
where the reward-driven MH sampling method proposed in
this work systematically reaches a higher accumulated reward
than DQL.

Finally, the gradient-free nature of the MH sampling method
used in this work confers robustness to hardware non-idealities
during chip-in-the-loop training [11]. Its MH stochastic accep-
tance mechanism tolerates analog noise, voltage fluctuations,
and timing jitter, making it particularly suitable for neuromor-
phic chip-in-the-loop implementations.

V. CONCLUSION

We introduced a reward-driven, gradient-free procedure
that trains SNN control policies via MH sampling, using
episode return in place of a likelihood. On AcroBot and
Cart-Pole, a single-layer SNN trained with our method
achieved higher returns and faster convergence than DQL
baselines, while avoiding backpropagation and remaining com-
patible with neuromorphic chip-in-the-loop training. Future
work includes adaptive proposal distributions and scaling to
more complex tasks and hardware deployments.
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