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Abstract

Neuromorphic radio-frequency (RF) sensing is attractive for always-
on edge devices, but RF data-rate interfaces and conventional pre-
processing can offset activity-dependent hardware advantages. To
mitigate this constraint on deployment hardware and the related re-
source demands during training, we present a simulated multi-rate
spiking neural network architecture that progressively compresses
streaming in-phase/quadrature (I/Q) time series data. Relative to
single-rate operation, this yields 50- and 40-fold reductions in rate-
normalised neuron updates and GPU memory use, respectively,
while achieving high-SNR validation F1 above 0.9 on a synthetic
ten-family narrowband automatic modulation classification task.
We additionally present supporting training techniques, including
a persistent-state protocol that jointly controls state handling and
data progression. Under synthetic receiver/front-end impairments
absent from the training waveforms, configurations using this pro-
tocol show mean validation F1 degradation of about 0.03, compared
with 0.14 for corresponding reset-state configurations. A super-
vised class-similarity hidden-layer loss provides additional gains
primarily at high SNR or when combined with the persistent-state
protocol.
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1 Introduction

The activity-dependent power consumption of neuromorphic de-
vices is attractive for always-on radio-frequency (RF) edge sensors
[16]. Real-time RF sensing can require acquisition at rates from
several to hundreds of megasamples per second, creating compute,
memory, and data-transfer pressure in downstream processing [13].
Digital neuromorphic radar studies show that timestep count can
materially affect accuracy and computational cost, and that non-
neuromorphic preprocessing and interface overhead can under-
mine the neuromorphic advantage [18]. Reported neuromorphic RF
preprocessing studies also show that implementing conventional
stages neuromorphically is not automatically efficient: a neuro-
morphic Fast Fourier Transform (FFT) and cell-averaging constant-
false-alarm-rate (CA-CFAR) variants show significant hardware-
dependent latency and energy trade-offs [11, 19].
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RF tasks can therefore span a wide data—feature—decision rate
hierarchy: in-phase/quadrature (I/Q) samples arrive at the acquisi-
tion rate, local features emerge over short groups of samples, and
class decisions aggregate those features over much longer intervals.
Learning relationships across these scales is difficult for recurrent
spiking neural networks (SNNs), which inherit limitations of recur-
rent neural networks (RNNs) in long-range sequence modelling,
while adding non-differentiable binary spiking activations [17]. Sim-
ilarly, the combination of high acquisition rates and long decision
intervals constrains backpropagation through time (BPTT) training,
because GPU memory must retain intermediate neural states and
activations at every unrolled timestep [3, 12, 20].

To bridge this hierarchy, we propose a multi-rate SNN in which
successive layers operate at progressively reduced local update
rates, so each deeper-layer timestep covers an increasingly long
interval of the original I/Q sequence. At each rate-reducing layer
boundary, a neuron population applies learned temporal-convolution
weights to accumulated ordered outputs from the preceding faster
layer, combines them with earlier recurrent spikes in its local rate
domain, and performs one Leaky Integrate-and-Fire (LIF) update.
Regular temporal sparsity is enforced in the wider, deeper layers of
the network, allowing them to integrate features over long signals
without updating once per input sample and reducing the state
histories retained in GPU memory during BPTT.

The feasibility of this approach is evaluated on non-cooperative
Automatic Modulation Classification (AMC), an RF edge-sensing
task in which a receiver identifies modulation structure from ob-
served signals without transmitter cooperation [14, 21]. The con-
trolled benchmark uses synthetic I/Q signals and signal-to-noise
ratio (SNR) curricula to test whether temporal compression can re-
tain discriminative amplitude, phase, spectral, and timing structure
relevant to cognitive radio and electronic surveillance [14].

Two additional training mechanisms were intended to make long-
sequence training more efficient and stable. The persistent-state
protocol carries network state across boundaries between training
steps, using it as informed initialisation, and uses the relationship
between subsequent stimuli as a performance-based feedback vari-
able to progressively increase task difficulty. Separately, supervised
class-similarity hidden-layer losses use training metadata to shape
hidden-layer behaviour and encourage class-specific temporal rep-
resentations.

2 Background

Deep-learning AMC has an established non-spiking radio-frequency
machine-learning (RFML) literature using convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and trans-
formers [14]. Neuromorphic RF (NMRF) processing often applies



SNNss after spectrogram or range—Doppler pipelines, and related
work has addressed spectrum surveillance and electronic-support
tasks such as low-probability-of-intercept (LPI) waveform detec-
tion [6, 8, 15]. These examples establish the feasibility of NMRF
systems, but many still rely on image-like RF representations, nar-
row detection objectives, or fixed observation windows rather than
continuous minimally processed I/Q streams.

At the opposite end of the task scale, an ultra-low-power 1.1 nW
on-off keying (OOK) receiver performs a simpler RF detection task
with only two or three Leaky Integrate-and-Fire (LIF) neurons [9].
Recent direct-I/Q SNN AMC work sits between image-like NMRF
pipelines and this simple detector, pushing natively neuromorphic
processing toward more complex RF tasks.

Guo et al’s direct-I/Q approach uses the similarity between
Sigma-Delta analog-to-digital converters (ADCs) and LIF neurons
to treat oversampled ADC output as spike-encoded time-domain
AMC data [4]. Instead of reconstructing or decimating the spike
stream into a slower, higher-resolution conventional sample rep-
resentation for digital signal processing (DSP), fixed windows of
oversampled spike-like binary ADC output are fed to an SNN imple-
mented on a field-programmable gate array (FPGA). This aligns the
shorter-scale oversampled ADC dimension with SNN simulation
time while representing the longer radio frame spatially across
input-layer neurons.

Happek et al’s direct-I/Q study applies sample-synchronous
SNN processing to 500-timestep AMC windows [5]. Its analysis
focuses on digital and analog neuromorphic implementations, while
spike encoding, initialisation, timing, and state propagation across
windows remain less optimised. Together, these examples reduce
conversion overhead or preserve sample-synchronous processing
within fixed windows, but still leave open how to reduce real-time
neuron-update burden while preserving state over an always-on
stream.

3 Methods
The method targets five linked constraints:

o non-differentiable spike events;

e Jong I/Q sequences;

e mismatch between RF sample rate and neuromorphic up-
date rate;

o state discontinuities introduced by interval training; and

e weak supervision of deep hidden spike trains.

Training is performed in discrete time, offline, using GPU simu-
lation with snnTorch for neuron models and surrogate-gradient
descent for optimization [3, 12]. LIF neurons provide simple stateful
temporal dynamics with low model complexity [3]. A single neuron
is modeled by its membrane potential u € R and its spiking output
s+ € {0, 1}. The membrane potential is updated every timestep ¢ by
a weighted input s; and decay according to a constant f§ € [0,1]
according to:

Uy = Pus1 +w-sp —5;10. (1)
The threshold 0 is subtracted after the previous spike s;_; € {0, 1},
and binary spike emission is determined by

_ {0, lfu[ < 6,
=

1, otherwise.
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Table 1: Multi-rate architecture values shared by all configu-
rations.

Setting Value

Hidden widths 8, 16, 32, 64, 128 X 3, 256 X 3
Output layer 10 family neurons
Compression p = 2inlayers 0-8;

p =1in layers 9-10

Temporal buffers k}l) = k;l) =2

Equations (1) and (2) are depicted in the right-hand "Neurons" box
of Figure 1.

For layers after the input, s; contains spikes emitted by the
previous layer at the current layer update and buffered same-layer
recurrent spikes from earlier updates. The first layer is an exception:
two I/Q pseudo-neurons provide real-valued I and Q samples rather
than binary spikes. All inputs are weighted by w as described in
Figure 1, and synaptic weights plus LIF parameters f§ and 0 are
optimized during training.

Surrogate-gradient descent addresses the non-differentiable thresh-
old in (2) by replacing it with a differentiable backward-pass ap-
proximation [12]. This makes gradient-based learning possible for
binary-spike forward dynamics, but approximation error can accu-
mulate with depth and sequence length [3]. BPTT follows causal
state transfer from one timestep to the next, but requires interme-
diate membrane, spike, and buffer histories to remain in GPU mem-
ory [3, 12, 20]. Truncated BPTT (TBPTT) addresses this memory
pressure by splitting simulation into intervals, applying backprop-
agation within each interval, and carrying only forward state to
the next interval [3, 20]. This truncation is a compromise for AMC
because discriminative signal structure may be brief and separated
over longer timescales than a single training interval [17].

3.1 Multi-Rate SNN Architecture

The multi-rate architecture addresses the mismatch between fast RF
samples and slower neuromorphic update rates. On current and fu-
ture hardware platforms, more neurons that update less frequently
may be easier to map than a smaller population forced to follow
the input rate [7]. Delta-sigma front ends provide one example of
mixed-rate RF-to-spike processing, motivating architectures that
bridge an AMC signal’s data rate and feature size without first
returning to a conventional uniformly sampled representation [4].

Layers of the proposed architecture progressively convert high-
rate I/Q samples into lower-rate spike trains, as shown in Figure
1, by accumulating multiple successive outputs of previous layers
before updating. The compression factor p, forward buffer length
ks, and recurrent buffer length k;, describe how each layer trades
update rate, temporal context, and recurrent state. The forward
compression and buffer parameters correspond to stride and kernel
size in a Temporal Convolutional Neural Network (TCNN), while
also representing potential interfaces between hardware blocks or
clock-rate domains.

Using the layer widths N and compression factors in Ta-
ble 1, with cumulative compression C¥) = Hin:() p{™ | the rate-
normalised LIF update density is U = 3; N /C() = 25.0195 per
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Figure 1: One multi-rate SNN layer buffers previous-layer spikes (s!'")), downsamples by its compression factor p"), combines

O]
kf

buffered spiking outputs from the previous layer with k,(l) recurrent historical emissions of its own spikes (s('). Previous

layer values are shown in grey and have a width corresponding to the number of neurons in the previous layer (N‘~)). Current
layer values are shown in black, with dashed lines representing binary spikes and solid lines representing real valued currents
or potentials. Current layer connections carry one value for each current layer neuron and therefore have width (N()).

incoming I/Q sample pair. The corresponding single-rate architec-
ture requires Ugingle = 2y N (D = 1,282 updates per pair, so temporal
compression reduces update density by 51.2X.

This likely represents significantly more processing than the
demonstrated task requires; however, a sufficiently large neuron
population may still be needed to perform it. For comparison,
Happek et al’s shallow direct-I/Q SNN has 1024 + 512 + 4 LIF
neurons. Taking a classification after the first 100 of 500 timesteps,
where reported confidence curves reach their maxima, gives U =
(1024 + 512 + 4)100/500 = 308, about 12.3X higher [5].

Having neurons running at multiple rates throughout the net-
work allows a deliberate distribution of neuron-update resources
across timescale and processing stage. In this case only eight actual
LIF neurons run at the fastest internal rate, fig/2, while the wider
128-256-neuron layers operate after 32xX-512X temporal compres-
sion.

Reducing the neuron-update density also reduces the GPU re-
source usage required for TBPTT. At batch 64, a matched synthetic-
input training-step profile reduced peak allocated GPU memory
from 6,469 MiB without temporal compression to 159 MiB with
512X compression (40.6X). This permits larger batches or longer
training intervals, both of which improve training stability.

3.2 Persistent State Training

Persistent state training addresses the discontinuity created when
long signals are split into short training intervals. Stateful Long
Short-Term Memory (LSTM) training has shown that recurrent
state can persist across subsequence boundaries while TBPTT still
trains on short slices [10]. For the multi-rate SNN, this is especially
relevant because deep layers receive very few updates per interval
after temporal compression, making their initial membrane and
buffer state disproportionately important. Persistent state can there-
fore act as informed initialisation for later intervals or subsequent

signals, reducing the need for deep layers to reconstruct context
from only a small number of new updates.

Conventionally, when a batch of samples used for training is
complete it is replaced with a new batch, and in the case of stateful
networks that state is reinitialised. For a recurrent SNN this entails
clamping the membrane potentials to 0 and discarding buffered
spikes. If this is not done, then the state persists, each initialised
network within the batch gains meaningful identity, and the data
presented to it on subsequent optimiser steps becomes a choice in
designing the training protocol.

For the Persist and Both configurations (see Table 2), each GPU-
resident batch is processed over successive TBPTT intervals and
replayed after a resident waveform ends. Presentation then restarts
at sample zero while optimiser updates continue and each row
retains its membrane potential and forward/recurrent spike buffers.
Membrane potentials are clipped to [—1, 1] because repeated signal-
state trajectories can otherwise grow faster than parameter updates
can recover.

Resident inputs change at two levels. Batches are replaced when
the proportion of rows that achieve a multilabel exact match classi-
fication, p, exceeds a threshold. Before the whole batch advances,
|p?B] signals that were exactly matched by network predictions
are randomly permuted among existing rows without moving the
network state. The squared rule increases turnover smoothly as p
rises while ensuring that the number selected cannot exceed the
number of exact-matched rows.

Base and Sim instead fully zero membrane and spike-buffer state
at each signal boundary, advance to a new batch after the previous
batch is presented once, and do not permute that batch while in
use.



Table 2: Controls used by the four evaluated training config-
urations.

Control Base Persist Sim Both
Buffered Spikes reset retain reset retain
Membrane clip [0,0] [-1,1] [0,0] [-1,1]
Batch advance 1signal p > 0.618 1signal p > 0.618
Swap fraction 0 p? 0 p?
Class-sim. weight 0 0 1074 1074

3.3 Training Objective

The training objective combines output classification, hidden spike-
rate, and optional class-similarity components as £ = }}; 1 jL;.U .
For sample b and class c, let zp. be the one-hot label and let Sl(,i(;)
denote output spikes across T timesteps. Classification is the mean
squared error between the output spike rate and a class-dependent
target rate:

. 1 (10)
Ybe = T Sper >
t
chzroff+Zbc(r0n_roﬂ)) 3)
1

Los = (gbc - ch)Z .

BC

b,c
The labelled and off-target rates are ron = 1.0 and rog = 0.2, re-
spectively. The non-zero off-target rate keeps all output neurons
active while the higher on-target rate encourages the labelled class
to spike.

Hidden spike-rate losses address silent or saturated hidden pop-
ulations that can arise from surrogate-gradient error accumulation
or exploding and vanishing gradients. For hidden spikes sp,;, with
N hidden neurons and T timesteps per batch, the bulk sparsity term
controls total average activity:

2
l *
BI\[_T Z Sbnt — sSparSityj| . 4)

b,n,t

-[-:sparsity =

*
A low target Sparsit

per-neuron activity term prevents individual hidden neurons from
becoming silent by penalising deviation from a higher target rate:

2
1
Lactivity = N Z

n

v penalises dense population-level spiking. The

®)

l *
BT Z Sbnt = Sactivity
b,t

Together, the spike-rate losses encourage sparse but active hidden
representations. Both are applied to layers 0-9, with s:parsity =0.0
and szctivity =0.8; each uses 1 = 1074,

Contrastive hidden-layer losses address weak supervision of
deep temporal spike patterns when learning depends only on the
output classification loss. They use class labels to shape internal
network behaviour after the cost of offline backpropagation has
already been paid. For hidden-layer spikes S;il)t, class fingerprint
Ag,)t is formed by centring spikes at 0.5 and averaging over batch
samples of each class:

AD = eyl cle i > (slff]t - 0.5) . ©)

biceyy,
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Cosine similarity between class fingerprints is then penalised for
off-diagonal class pairs:

o 1 D) A
‘Eclass»sim - N2 Z cos (Ac” ’Adn) . (7)

n,c#d

Centering at 0.5 makes the similarity term invariant to spike/non-
spike encoding inversion and helps decouple it from spike-rate con-
trol, while layer-specific weights balance class separation against
sparsity. The simple time-aligned fingerprint has low computational
cost, but assumes class-specific patterns are aligned and is therefore
less suitable for offset-sensitive early layers. This term is disabled
in the "Base" and "Persist" configurations and enabled in the "Sim"
and "Both" configurations; Sim is therefore the class-similarity-only
configuration. For Sim and Both, it is applied to layers 4-8 with rel-
ative layer weights 0.125,0.25, 0.5, 1, 0.25. Its aggregate coefficient
is given in Table 2.

3.4 Dataset and Task

A modulation-family classification task using isolated narrowband
TorchSig signals was selected as a controlled first test of streamed-
I/Q AMC. On related TorchSig data, such reduced-complexity fam-
ily classification is near-saturated by conventional deep learning,
whereas specific-modulation classification remains substantially
more difficult [1]. The selected task therefore provides a develop-
ment step towards individual-modulation classification and the lo-
cation and classification of multiple signals in wideband recordings.
TorchSig narrowband synthetic I/Q signals assume one isolated sig-
nal with bandwidth 12.5-25% of sample rate and centre frequency
near DC [1]. The present setting uses 4,096 I/Q samples and ten
family labels, deliberately removing within-family discrimination.
Each example occupies the full sample range; training uses 655,360
signals and validation uses 2,560 signals with equal family represen-
tation. Training uses a coarse easy-to-hard clean-SNR curriculum
(54, 27, 14, 7, 0 dB) with additive white Gaussian noise (AWGN) at
the active SNR.

Training and validation use the same generation procedure, save
for the presence of simulated front-end and receiver impairments
in validation data. Validation every 1,024 steps uses clean and im-
paired data; after 2,048 steps without improvement on the matching
SNR validation loss, the current stage ends and training advances
to the next SNR. Validation sets network state to zero at each signal
boundary and uses top-output multiclass decisions over all out-
put timesteps. The receiver/front-end-impaired condition applies
TorchSig level-2 impairments at load time [2]. These include IQ
imbalance/DC offset, carrier-phase rotation, spectral inversion, LO
phase noise, LO frequency drift, and quantisation. Before AWGN,
each clean waveform is unit-power normalised to remove SNR
distributions as learnable discriminative features.

4 Results

Figure 2 reports F1 across clean and synthetically impaired vali-
dation data after each SNR curriculum stage. All configurations
reach high F1 at 7 dB and above on recently trained clean data,
with several clean current-SNR cases exceeding 0.9. At the 7 dB
current-training stage, the clean versus receiver/front-end-impaired
F1 pairs are 0.904/0.827 for Base, 0.917/0.889 for Persist, 0.851/0.756
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10-class F1 score transfer across noise levels
Validation SNR varied; training SNR fixed Training SNR varied; validation SNR fixed
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Figure 2: F1 scores across validation conditions and completed clean-SNR curriculum stages for the four training configurations.
The two columns provide complementary views of the same training—validation SNR matrix. Each left-hand panel fixes the
training SNR of the completed curriculum stage and varies validation SNR; each right-hand panel fixes validation SNR and
varies the completed training stage. The 54 — 27 — 14 — 7 — 0 dB curriculum therefore progresses down the left column and
from left to right within each right-hand panel. Vertical markers indicate equal training and validation SNR, while shading
indicates conditions in which training SNR is lower than validation SNR.

for Sim, and 0.923/0.906 for Both. At the 0 dB current-training stage, unseen-SNR, and earlier-stage retention cases, while Persist re-
clean F1 reaches approximately 0.653—0.780, so useful low-SNR mains competitive in current-SNR cells. Class-similarity loss can
performance requires explicit low-SNR training. help at high SNR and when combined with persistence, but used

Across the two matched configuration pairs, mean clean-to- alone it underperforms the baseline on previously seen data at the
receiver/front-end-impaired F1 degradation over the five diago- 7 and 0 dB stages.

nal current-training-SNR stages is 0.146 for Base versus 0.024 for
Persist, and 0.130 for Sim versus 0.029 for Both. Persist and Both
therefore show approximately fivefold smaller degradation than
their reset-state counterparts. Both is strongest in several impaired,



5 Discussion and Conclusion

The high-SNR F1 results show that surrogate-gradient backpropa-
gation can train a temporally compressed multi-rate SNN on long-
sequence time-domain I/Q data. The evidence remains bounded to
synthetic ten-family TorchSig AMC with zero-initialised validation
boundaries. Each configuration used one training seed, with the five
clean curriculum stages requiring approximately 42-77 hours per
configuration; confidence intervals across independently trained
models are therefore unavailable. Validation loss determined when
each SNR curriculum stage ended, and the same validation data
supplied the reported metrics, so no independent held-out test re-
sult is reported. Evaluation under broader controlled impairments
and on over-the-air recordings would test generalisation beyond
the synthetic validation distribution.

Within this controlled setting, high-SNR F1 exceeds 0.9, explicit 0
dB training gives useful low-SNR performance, and Persist and Both
show approximately fivefold smaller mean clean-to-receiver/front-
end-impaired F1 degradation than their corresponding reset-state
configurations. This establishes that state handling and data sched-
uling are part of the learning problem rather than an implemen-
tation detail, and suggests that assumptions inherited from inde-
pendent batched ANN training can be mismatched to temporal
SNN dynamics. The class-similarity loss remains conditional: it
helps high-SNR performance and retention with persistence, but
underperforms alone at low SNR. Further work should prioritise
multi-seed replication, component-wise ablation of the persistent-
state protocol, matched uncompressed and external baselines, and
state-preserved validation. In particular, the hardware implications
of reduced neuron-update density must be validated and quanti-
fied on a specific plausible NMRF processing deployment. Subject
to these evaluations, multi-rate temporal compression, persistent-
state training, and conditional hidden-layer supervision suggest
that adapting training techniques and architectures to better fit
the context of SNNs and RF processing can assist in training and
inference of neuromorphic systems on minimally processed RF
streams.
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