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Abstract

Neuromorphic computing is an emerging brain-inspired information processing
paradigm that is well-suited for energy-efficient, real-time, and adaptive applica-
tions such as Dynamic Spectrum Access (DSA). In this paper, we develop for
the first time a neuromorphic-based learning architecture to address a challenging
decentralized DSA scenario where multiple source-destination pairs share a limited
number of spectrum bands. Sources, called Neuro-Cognitive Radios (NCR), run
spiking neural network (SNN)-based reinforcement learning (RL) architectures
that adapt their transmission strategy over time, in a decentralized manner, aiming
to maximize their own throughput while striving for network-wide fairness. We
evaluate NCR in several network settings and compare with an equivalent Deep
Q-Network (DQN) architecture that uses multi-layer perceptrons as opposed to
spiking neurons. Our simulation results show that NCR outperforms DQN in terms
of fairness while keeping a competitive throughput level, thereby demonstrating
the potential of neuromorphic computing to address DSA problems.

1 Introduction

The importance of Dynamic Spectrum Access (DSA) for next-generation wireless networks has been
highlighted in the U.S. National Spectrum Strategy [[1], in the OSTP National Spectrum Research
and Development Plan [2], in the International Telecommunication Union Report [3], and in many
other recent reports. DSA in decentralized wireless networks with multiple source-destination pairs
is especially challenging as it requires efficient, adaptive, and fair transmission scheduling policies
that can be deployed on resource-constrained radios.

In recent years, Reinforcement Learning (RL) has gained attention as an effective method for
facilitating DSA in decentralized wireless networks. Through interactions with both the environment
and other sources, RL enables sources (also called agents) to learn and adapt their transmission
strategies over time. However, most RL-based solutions proposed in the literature (see recent survey
in [4]) use complex architectures (e.g., Dueling Deep Q Networks with Likelihood Hysteretic Implicit
Quantile Network [[14]]), complex training procedures (e.g., centralized training and decentralized
execution [5} 16} 8, 9]]), and/or rely on the capability of sources to coordinate transmissions by sharing
information with other sources implicitly or explicitly [10-13]], thereby limiting the applicability of
these RL-based solutions to real-world DSA scenarios with resource-constrained radios.
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Neuromorphic computing (NMC) is an emerging information processing paradigm inspired by the
structure and function of the human brain, mimicking its sparse and event-driven communication,
where neurons fire only when necessary, as described in section [3.1] NMC has been successfully
applied to numerous applications [15H17] that require energy-efficient, real-time adaptation to
dynamic scenarios including: (i) drone navigation and perception under tight energy budgets [[19]; (ii)
visual SLAM using “event cameras” that capture scenes asynchronously, consuming less power [20];
and (iii) power-efficient sensing using micro-Doppler radars [22]]. We believe that these inherent
features of NMC makes it a promising approach to address challenging DSA scenarios.

To the best of our knowledge, this is the first paper to bring neuromorphic methods to DSA. We
propose Neuro-Cognitive Radio (NCR): a spiking neural network (SNN)-based RL architecture that
learns to adapt its transmission strategy over time, aiming to maximize its own throughput while
striving for network-wide fairness. NCRs training and execution is fully decentralized and does not
rely on information sharing among sources for coordinating transmissions.

Over the next sections, we formally describe the DSA problem (section [2), explain our NCR solution
in greater detail (section E]), discuss our numerical experiments (section El]), and our remarks on how
to leverage and further expand our model’s capabilities (section [3).

2 Dynamic Spectrum Access in Decentralized Wireless Networks

We consider a decentralized wireless communication network with M source-destination pairs
transmitting packets via IV orthogonal frequency bands. We assume that sources always have packets
to transmit and that destinations are constantly listening to all bands. In each time slot ¢ € {1,..., T},
each source m € {1, ..., M} takes an action a,,(¢) € {0,1,..., N}, where a,,(t) = 0 means that
source m is idle, and a,,(t) = n > 1 represents a transmission in band n during time slot ¢.

We then define o,,, (t) as the outcome of source m's action in time slot ¢. There are three possibilities
for oy, (t): if source m idles during ¢, then o,,(t) = 0; if only source m transmits in the selected
band, then the transmission is successful and o,,(t) = 1; finally, 0,,(t) = —1 when two or more
sources transmit in the same band, leading to a packet collision.

We consider a DSA problem in which sources share no information to coordinate transmissions. At
any given time slot ¢, source m knows only about its current and previous actions and outcomes—
{am(k)} k<t and {0y, (k) } i<, respectively. Furthermore, sources have no prior knowledge about the
network topology or size M.

3 Proposed Solution: Neuro-Cognitive Radio (NCR)

We present some fundamental concepts in neuromorphic computing followed by a detailed explanation
on how to apply such ideas to our specific DSA problem.

3.1 Fundamentals of Neuromorphic Computing

Drawing inspiration from the human brain, neuromorphic computing is fundamentally different
from its digital (von Neumann) counterpart on many levels. Apart from spike versus binary data
representation, other major differences include operation (parallel or sequential) and organization
(co-located or separated memory and processing units) [[15} [16]. Moreover, while digital processors
are time-driven (synchronous), neuromorphic processors are event-driven (asynchronous)—a major
feature that has been leveraged to build energy-efficient computing platforms [16].

The building block of neuromorphic computing is the neuron. There are multiple models that
accurately describe the neuron. Some optimize for higher biological fidelity (Hodgkin-Huxley,
Morris-Lecar) whereas others focus on computational efficiency (Izhikevich, AdEx IF). Our work
uses the leaky-integrate-and-fire (LIF) neuron due to its simplicity [18].

The LIF model approximates the neuron’s membrane potential U (¢) to a low-pass filter circuit made
of a resistor R and a capacitor C—which is valid from a biological standpoint—evolving over time as
du(t)

e =U(t) + RI(1), )



where 7 = RC' is the circuit’s time constant, and I (t) is the current flowing through the circuit at any
given time ¢. If the current I(¢) is constant over time, we obtain

U(t) = RI + (Uy — RIe™!/", )

—-1/7

where Uj is the membrane potential at ¢ = 0. Defining the decay rate as § = e , We can rewrite

U(t) in a discrete time domain via the forward Euler method as follows
Ult] = pUt = 1] + (1 = B)I[t] ©)

From a ML perspective, it is useful to write I[t] as W X [t], where TV is the weight matrix and X [¢] is
a vectorized input decoupled from effects of 3. By doing so, we can write

Ult] = BUt — 1] + WX[t] — S[t — 1)6, @)

which has three terms: decay (BU[t — 1]), input (W X [¢]), and reset (St — 1]6), in which S[t] = 1 if
Ult] > 0, and S[t] = 0 otherwise.

A practical way to understand U [¢] is that the membrane potential decays over time according to its
B factor and increases whenever a spike arrives at the neuron. At any time slot ¢, if the membrane
potential U[¢] reaches its threshold value 6, the neuron fires a spike to its neighboring neurons and its
potential resets to zero. In our model, both 5 and 6 are tunable hyperparemeters—to be discussed in
greater detail in sub-section [3.2]

3.2 Neuro-Cognitive Radio: States, SNN Architecture, Training Pipeline, and Rewards

In this section, we describe our proposed solution to the DSA problem, dubbed Neuro-Cognitive Radio
(NCR). Each source is a NCR running a neuromorphic agent. In time slot ¢, the agent’s state (s, (t))
includes its own actions, outcomes, and binary time references from the previous 7" time slots. The
binary time references [14]] are represented in modulo 16, i.e., mod(t,16), using 4 bits, allowing agents
to find transmission patterns of different lengths by adaptively ignoring bits. Mathematically, for
eachk € {t—T,...,t—1}, the state s,,(¢) will include time-ref(k), one-hot(a,, (k)), o, (k)] € Z,
where the feature size F' is given by F' =4 + A 4 1, and A is the action space size, i.e., A= N + 1
with all frequency bands and idle. Then, for k € {t —T,...,t— 1}, we have s,,(t) € RT*¥ which is
then converted into a torch tensor with dimension 1 x 1" x F to facilitate our model training pipeline.

Now, we describe the architecture of the SNN, which is composed of an input layer, one hidden layer,
and an output layer. For each time index k € {t — T+ 1, ..., t}, the input projection is done through
a hidden linear layer (size H) that gives us zj, = Wi, (k) + b, € R, where W;,, and b;,, are
the input weight matrix and bias vector, respectively. Then z; acts as input to a series of “spiking
blocks”. Each block is made of a linear layer (size H) followed by a LIF layer—analogously to
the traditional structure of a multi-layer perceptron. The dimensions of the SNN architecture are
(input gim., hiddengim , outputim) = (F, F, N + 1).

Now, we explain how the learning process works through the spiking backbone. Let L be the total
amount of spiking blocks and let’s initialize the first block (I = 1) input embedding as ho . = 2.
For each block I € {1,..., L}, we have the following forward pass mechanism: (1) linear step
as a = Wihi—1, + bi; (2) leaky-integrate as Uy, = B1U; k-1 + (1 — 8)ay ks (3) threshold as
Sik = H(Ul,k —0,); @) resetas U i, = Ul,k — 0,5 ; and (5) spike output as hy , = S; 1, € {0,1}.
In this case, the subscript [, k stands for the spiking block [ at a given time index k, H is the Heaviside
function, and U, (3, 0, S have the same definitions as those from sub-section 3.1

The forward pass output is the last step in the last layer, i.e., z = Sy 7 € {0,1}, which remains in
a spiking format. Then, to map it back to the problem’s original output space (i.e., the number of
bands), we use the Q-value concept—a way to represent our action quality at a given time slot k. We
do so via another linear layer: Q(s,a) = Woyu12 + by € R4, where A = N + 1.

To select an action, the agent turns a decision score into a choice through the e-greedy policy, by
taking argmax (s, a) with probability 1 — e—aiming to balance the exploitation of promising bands
and the exploration of new ones. Then, for each action, we save sequences (s, a,r, s, d) of length
T, where r is the immediate reward (to be defined later in this sub-section) received after taking
action a, s’ is the updated state, and d is the “done” flag. After saving the (s, a,r, s’, d) sequences,
and sampling a batch with size (B, T, F'), we define the target (y) and the loss (£) functions as
y=r+v(1 —d)max, Q(s’,a’) and the loss function £ = (y — Qonline (s, @))>.



Now, we describe backpropagation. As described above, the forward pass uses the Heaviside function,
which is not differentiable. A common way to address this issue is to differentiate a function with

similar format—also known as the surrogate gradient approach. We write dS; /dU; ~ g¢(U; — 6),
with surrogate gradient as g¢(u) = (1/¢)(1 4 (u/¢)?)~! so that ¢ is related to the “shape” of our
surrogate function.

Finally, we use Adam optimizer, update the hyperparameters, and periodically copy Qoniine to the
actual target. Having completed a cycle, we update our states s < s’, and continue to the next
time slot. It is worth mentioning that throughout this process we do not use a distinct Q;4rge: When
computing max, Q(s',a’).

Now, we describe the reward of agent m at the end of time slot ¢ which is given by

0.15 x (1.5 — wi (1)) , if 0, (t) = 1, [successful transmission]
) —1 X wy,(t), if 0, (t) = —1, [collision between two or more agents] )
T'm = . .
—0.6, if 0,,(t) = 0 and ZZ:t—L am (k) = 0, [idle for more than L slots]

0.03, otherwise

with w,,(t) representing the weight associated with agent m during time slot ¢, where
W (t) = 04W; + 0.6Wa/(N — 1), Wi = 0% Lo (hy=am @} (25 o (K)]), We =
Zg:o Tintan ()} S Lia,, (k)=n} (2" o (K)|). The value of W increases with the num-
ber of transmissions in the recent past k € {t — L,...,t — 1} using band a,,(t). The value of W,
increases with the number of transmissions in the recent past &k € {t — L,...,t — 1} using bands
other than a,,(t). The multiplicative factor 2*~* gives more importance to recent events. A high
weight w,, () reduces the reward of a successful transmission and increases the collision penalty.

It is worth noting that due to our focus on spiking architectures and strict page limit, we do not run
experiments with additional DSA baseline methods. For completeness, future work shall include,
for example, centralized-training RL methods [5} |6] as well as discretized tabular Q-learning (or
value-iteration) approaches [[7]].

4 Results: Comparison of Neuro-Cognitive Radio and Deep Q-Network

We evaluate the performance of our proposed Neuro-Cognitive Radio solution, which utilizes a
spiking neural network (SNN) backbone, against a baseline deep Q-network (DQN) approach (similar
to [8L19]) across several distinct DSA scenarios with different numbers of agents M and bands N. The
baseline DQN architecture is identical to the SNN architecture described in section [3.2] with the same
dimensions (inputgim, hiddengim, outputgim ) = (F, F, N + 1), but using multi-layer perceptrons
instead of spiking neurons. All experiments are conducted over a time interval sufficient to achieve
full convergence within the specified time slots. All experiments use the same hyperparameters
outlined in Table[T] Performance is assessed using two key metrics: Jain’s fairness index [23]], which
measures how equitably the spectrum is shared among agents (with 1 indicating perfect fairness),
and total throughput, defined as the moving average number of successful transmissions per time
slot (windowed by the last 500 time slots) normalized by the number of bands (N), reflecting overall
spectrum utilization efficiency (with 1 indicating perfect throughput).

Table @] summarizes the comparative results. In all scenarios, the SNN-based NCR achieves substan-
tially higher fairness indices compared to DQN, while maintaining nearly equivalent total throughput.
For instance, for M = 5 agents and N = 1 bands, fairness improves from 0.5289 (DQN) to 0.9459
(NCR), with throughput remaining at 0.9720. This indicates that our SNN architecture enables
more equitable access without sacrificing efficiency. Similar trends hold for M = 7and N =5
(fairness: 0.8041 to 0.9732) and M = 10 and N = 8 (fairness: 0.8670 to 0.9706), where throughput
reduces marginally from 0.9860 to 0.9688 and 0.9843 to 0.9685, respectively. These results highlight
the SNN’s ability to promote spectrum sharing in decentralized networks through its event-driven
processing of time-dependent transmission patterns.

In addition to the main results highlighted in Table[2] we also perform several additional experiments,
with M > 2 agents and N > 2 bands (Figure[I)) to further illustrate NCR’s capabilities. Across all
45 network settings, all using the same hyperparameters from Table[I] we can observe a high Jain’s
fairness index: greater than 0.95 in more than 50% of the experiments—achieving its lowest value



Table 1: Hyperparameters used in all experiments.

Parameter Value
LIF neuron decay factor () 0.25
LIF neuron threshold (6y) 0.03
Discount factor () 0.9
Exploration rate () 5x 1072
Exploration rate decay (€gecay) 6.5 x 1076
Minimum exploration rate (¢) 8§ x 1073
Learning rate (f) 5x 1074
Buffer size 500
Target network’s replace rate 50
Batch size (B) 64
Reward history length (L) 16
Temporal length (77 15
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Figure 1: Jain’s fairness index and total throughput across all 45 experiments conducted using NCR.

(0.8670) in the 9 agents and 2 bands setting. Moreover, we also observe high throughput—greater or
equal to 0.95 in 42 (out of 45) experiments.

To further illustrate the dynamics of the network settings in Table 2] Figure [2]depicts the evolution of
individual agent success rates (throughput per agent), along with aggregate collision and idle rates,
over time. Rates are computed as moving averages over 500 time steps for smoothness. In the plots
on the left side of Figure[2] across all scenarios, SNN agent success rates exhibit initial fluctuations
during exploration but rapidly converge to similar values, demonstrating the SNN’s ability to find
suitable transmission patterns for every agent, leading to superior fairness results. For M/ = 8 agents
and N = 2 band (Figure[2a), all eight agents stabilize around a success rate of approximately 0.25,
with collisions dropping sharply to near O and idle rates remaining low. For M = 7and N =5
(Figure [2¢)), all agents converge to rates around 0.6, reflecting fair distribution of the 5 bands. For



Table 2: Comparison of DQN and NCR across network settings with different numbers of agents
and bands. Both RL architectures have identical structures and use the hyperparameters outlined in
Table[T|in every experiment.

#Agents #Bands Deep Q-Network (DQN) Neuro-Cognitive Radio (NCR)
M N Fairness Index  Total Throughput Fairness Index Total Throughput
10 8 0.8670 0.9843 0.9706 0.9685
9 3 0.6393 0.9527 0.8929 0.9520
7 5 0.8041 0.9860 0.9732 0.9688
8 2 0.6544 0.9790 0.9513 0.9680
4 2 0.6651 0.9060 0.7721 0.9830
3 2 0.8723 0.9860 0.8864 0.9760

Table 3: Reward-based ablation study using the CP1 reward structure. Comparison of DQN and NCR
across network settings with different numbers of agents and bands. Both RL architectures have
identical structures and use the hyperparameters outlined in Table[T)in every experiment.

#Agents #Bands Deep Q-Network (DQN) Neuro-Cognitive Radio (NCR)
M N Fairness Index  Total Throughput Fairness Index  Total Throughput
10 9 0.9000 1.0000 0.9000 0.9913
10 7 0.7000 1.0000 0.7000 0.9866
10 5 0.5000 1.0000 0.5000 0.9844
10 3 0.3000 1.0000 0.3000 0.9713
9 2 0.2222 1.0000 0.2222 0.9760
8 2 0.2500 1.0000 0.2500 0.9860
7 2 0.2857 1.0000 0.2857 0.9730
6 5 0.8333 1.0000 0.8333 0.9872
5 4 0.8000 1.0000 0.8000 0.9925
2 2 1.0000 1.0000 1.0000 0.9860

M =10 and N = 8 (Figure[2e)), all agents settle at 0.8 each, with minimal variance. Collision and
idle rates decrease steadily, contributing to high throughput.

In contrast, in the plots on the right side of Figure 2] DQN agents shows greater disparity in their
performance, explaining the lower fairness indices in Table 2] For M = 8 and N = 2 (Figure[2b),
success rates diverge, with some agents dominating at 0.4 — 0.5 while others languishing below 0.2
and agent O remaining silent, leading to persistent collisions and uneven resource use. For M =7
and N = 5 (Figure[2d), although convergence is better, noticeable gaps remain (e.g., rates from 0.1
to 0.2). For M = 10 and N = 8 (Figure[2f), agents stabilize with more spread than in SNN, such
as some at 0.2. These plots underscore Neuro-Cognitive Radio’s superiority in achieving balanced,
adaptive spectrum access through neuromorphic principles.

Finally, we conduct a reward-based ablation study. On top of the main reward structure proposed
in Eq. [5] we also consider a traditionally used scheme known as Collision Penalty 1 (CP1) [8] 9]
defined as r,,, (¢t) = +3 if there is a successful transmission, 7, (t) = —1 if collision, and 7., (t) = 0
otherwise. Table 3| presents such results. As we can see, both DQN and NCR lead to approximately
the same fairness and throughput results across all experiments. As expected, given CP1’s simple
reward structure, the system tends to converge to an equilibrium state in which N agents occupy
distinct bands, while the remaining M — N ones remain idle, i.e., J converges to N/M.

We highlight that the only difference between NCR and DQN is that the first utilizes spiking neurons
while the second utilizes multi-layer perceptrons. Taken together, the results in Table[2]and Figure [2]
suggest that a neuromorphic (spiking) backbone is effective for fair, decentralized DSA: it achieves
a favorable fairness—throughput tradeoff while producing stable per-agent behavior suitable for
deployment on low-power neuromorphic hardware.
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Figure 2: Idle rate, collision rate, and agent’s throughput over time ¢{. Comparison between Neuro-
Cognitive Radio (left column) and DQN (right column) architectures across different scenarios.

5 Final Remarks

In this paper, we introduced Neuro-Cognitive Radio, a novel neuromorphic-based approach that
addresses challenging DSA scenarios by leveraging spiking neural networks to enable efficient, fair,
and decentralized spectrum sharing without requiring centralized training or explicit information ex-
change among agents. Our SNN backbone—built on leaky-integrate-and-fire neurons—incorporates
temporal dependencies through a sliding window of past actions and outcomes, achieving superior
performance in fairness while maintaining high throughput across diverse network configurations.

Our numerical experiments show that Neuro-Cognitive Radio consistently outperforms the baseline
DQN method in Jain’s fairness index—for example, improving from 0.6544 to 0.9513 in the scenario
with 8 agents and 2 bands—without significant loss in total throughput. This balance is particularly
evident in the convergence patterns of agent success rates, where Neuro-Cognitive Radio promotes
equitable access even in congested environments. These results underscore the potential of neuromor-
phic computing for DSA, capitalizing on its event-driven, parallel processing to address the energy
and latency constraints of future resource-constrained wireless devices, such as those in vehicular
networks or 10T ecosystems.

Looking ahead, Neuro-Cognitive Radio serves as a foundational step toward deploying spiking models
on neuromorphic hardware platforms, which could further enhance energy efficiency compared to
traditional von Neumann architectures. Future work could explore scaling to larger networks (e.g.,
hundreds of agents), integrating real-world channel impairments like fading or interference, and
hybrid approaches combining SNNs with other RL variants for enhanced robustness. Additionally,
empirical validation on physical testbeds would bridge the gap between simulation and practical
implementation, paving the way for neuromorphic solutions in next-generation wireless systems.
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