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Abstract

Oscillatory Neural Networks (ONNs) promise energy-efficient neuromorphic com-
puting, yet practical demonstrations remain confined to shallow fully-connected

layers on simple tasks, with no clear pathway for scaling them to the level of

modern, deep Al pipelines. We present a computational design of HoKuVit,

a Convolutional Vision Transformer composed of ONNs that scales ONNs far

beyond their current state of the art. HoKuVit uses Kuramoto-oscillator-based

convolutional layers that implement spatial filtering through oscillator syn-

chronization, and Hopfield-network-based linear layers that implement energy-

minimizing associative memory. Both primitives are trained end-to-end via

backpropagation. By interconnecting Hopfield and Kuramoto-based primitives

within a hierarchical Convolutional Vision Transformer backbone, we scale HoKu-
Vit to 0.866 million effective parameters, of which 88.04% are implemented as

ONN components. The network achieves 79.78% accuracy on CIFAR-10, which

is respectable for a network of this size and the strongest result reported for an

architecture built almost entirely on oscillator dynamics.

Keywords: Oscillatory neural networks; Transformers; Energy-based models;
Hopfield networks; Neuromorphic hardware; Analog circuits.



1 Introduction

Unconventional hardware promises to run Al workloads faster, and at lower en-
ergy, than digital logic can. Modern neural networks, however, have outgrown
anything neuromorphic hardware has demonstrated. Contemporary generative
AT systems [Il 2] handle language, vision and reasoning well enough to emu-
late aspects of human behavior, whereas most neuromorphic hardware research
remains largely confined to toy problems [3] [4] Bl [6], such as the classification
of simple handwritten digits or low-resolution patterns. Oscillator networks
- a prominent example of unconventional, dynamic computing - solve specific
problems at very low energy cost [7], [8], or act as preprocessors (first layers) to
complex pipelines [9] [10], yet, to our knowledge, nobody has scaled these sub-
strates to architectures that handle real-world vision [3| I} [12]. Here we show
that ONN circuit blocks can serve as computational primitives from which mod-
ern Al architectures can be assembled. Specifically, Hopfield linear layers and
Kuramoto convolutional layers are sufficient to carry 88% of the parameters of
a vision transformer that operates on real-world images, with only the attention
projections and classification head remaining digital. Ideally, this could give
a factor of 4 power saving compared to a digital implementation, if the ONN
blocks operate at negligibly small power level compared to the remaining digital
circuitry.

Emerging hardware substrates differ in how readily they slot into existing Al
architectures. Memristive crossbars accelerate the very operation conventional
deep learning is already built on — the weighted sum — so they can serve as drop-
in replacements for the linear layers of an otherwise unchanged architecture [13],
14), [I5]. Coupled oscillator networks, the substrate we study here, offer no such
correspondence: they do not evaluate a feedforward function but are dynamical
systems forming a collective steady state. There is therefore no layer for them to
replace, and exploiting them requires co-designing the AI architecture around
their dynamics rather than substituting them into an existing Al pipeline as
drop-in replacements.

ONNSs encode information in the phase of coupled oscillators [I6]. Phase-
locking dynamics support associative memory and pattern recognition directly
[11], and maps directly onto physical devices such as spin-torque oscillators
[7, I7], parametric oscillators [I§], ring oscillators [I9] and relaxation oscillators
[20], all of them compact and low-power at the nanoscale. Despite their theoret-
ical capacity to address even NP-hard combinatorial problems [I1, 12], current
ONN demonstrations remain confined to rather specific tasks only. While mul-
tilayer ONNs have been designed by machine learning algorithms [9], the core
operational principles of these networks still rely on traditional Hopfield-like
associative dynamics, which scale poorly and lack the representational capacity
of modern deep learning architectures.

Some of the computational principles that originally motivated neuromor-
phic hardware have re-emerged in mainstream machine learning [2I]. Mod-
ern continuous Hopfield networks reinterpret associative memory retrieval as
an attention operation, establishing a formal correspondence between energy-



minimizing Hopfield dynamics and the transformer attention mechanism [22]
23, [24] and achieving exponential storage capacity through a softmax-based up-
date rule. This correspondence motivates the present work. Transformer-class
architectures are, at their core, related to the attractor dynamics that oscil-
lator hardware implements natively. The modern Hopfield formulation itself,
however, is not directly related to a physical system and to the minimization
of a physical energy. Its capacity gains rest on the softmax nonlinearity and
on continuous, high-precision state updates, operations that do not map to
the phase-locking dynamics of coupled oscillators. Real circuits implement the
classical Hopfield model with symmetric resistive couplings [IT], 25, 26]. We
therefore adopt the classical formulation. This keeps physical realizability at
the cost of per-layer capacity.

In this work, we present HoKuVit (Figure , a Convolutional Vision Trans-
former that scales oscillatory neural networks to a modern deep learning archi-
tecture by interconnecting Kuramoto-based convolutional layers and Hopfield-
based linear layers as its core computational primitives. Building on the idea
of assembling larger networks from smaller ONN components [9], we show that
traditional Hopfield networks and oscillator-based convolvers, primitives that
on their own can solve only elementary tasks, can be interconnected to form
modern transformer-like architectures. Kuramoto convolvers naturally produce
the phase-encoded representations that Hopfield blocks later process through
their energy-minimization dynamics. By stacking the Hopfield and Kuramoto
convolver primitives within a hierarchical CvT-style [29] backbone, HoKuVit
scales to 0.866 M effective parameters.

2 Results

2.1 Architecture overview

HoKuVit follows a hierarchical, three-stage Convolutional Vision Transformer
(CvT) architecture [29], in which each stage progressively reduces spatial res-
olution while increasing feature dimensionality (Fig. . The physical building
blocks are Kuramoto convolutional layers and Hopfield linear layers. The digital
parameters are found inside the Attention projection linear layers, the layer-
norm parameters, the LayerScale parameters and the MLP Head of the model.
The convolutional layers appear in the convolutional token embeddings and in
the convolutional transformer blocks, where they are split into depthwise and
pointwise convolutions; the Hopfield linear layers replace the MLP layers of the
transformer blocks. Together these account for 88.04% of the network’s param-
eters, with the remaining 11.96% consisting of standard attention projections
and the classification head. More details of both primitives are given in the
Methods.

Both the Hopfield layers and the Kuramoto layers are implementable as
ONNs. Weakly coupled (Kuramoto) oscillator dynamics is known to implement
Hopfield / Ising networks, so a Hopfield network is the simplest model of an
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Figure 1: Overview of the proposed HoKuVit architecture. Panel a displays
the overall architecture of the network, showcasing Hopfield layer parts in blue,
Kuramoto layer parts in yellow and conventional neural network parts in gray,
together with the effective parameter share of each substrate. In the transformer
block we utilize Cosine Multi-head attention [27] and LayerScale [28]. Panel b
highlights the traditional Hopfield layer and details the use of a different back-
ward function to approximate the forward function, allowing for the training
of deeper architectures. Subfigure ¢ showcases the flowchart of the Kuramoto
convolutional layer and how the ODE integration evolves. Panel d shows the
differences in pointwise and depthwise Kuramoto convolutions. Depthwise con-
volutions use a single filter for each channel, while each channel learns a different
natural frequency. Pointwise convolutions learn a single filter that spans across
all channels for a given spatial position. Natural frequencies are learned per
spatial position in the pointwise setting.

ONN [11}, [I6]. The Kuramoto convolver layers are explicitly coupled Kuramoto
oscillators in the spirit of [30]. Every parameter of the Hopfield and Kuramoto
networks therefore maps onto an oscillatory building block. We envision that the
oscillatory building blocks of HoKuVit will eventually be realizable by hardware
elements (such as ring oscillators) even if the learning model presented here
uses simple oscillator models (Kuramoto model) and in the case of the Hopfield
blocks, discretizes the dynamics, which, as we will show, does not change the
converged states.

The learnable parameters of the ONN components correspond to circuit
parameters: the Hopfield layers learn coupling weights, which eventually cor-



respond to resistive couplings in an ONN. In the Kuramoto layers, oscillator
frequencies and couplings are the learned hardware parameters.

The Kuramoto layers are shown schematically in Fig.[Tk. Oscillators with dif-
ferent (learnable) w; frequencies are interconnected with a trainable K;; weight
matrix. Owing to the different w; frequencies, this network does not typically
converge to a stationary attractor state. In the computational and training
model the network is modeled by numerically integrating its ODEs in order to
capture the transient dynamics (see Methods).

The motivation for utilizing a continuous Kuramoto model stems from the
literature on binary neural networks [31), [32]. When the idea of binary networks
is expanded into Vision Transformers [33] due to the long-tailed distribution
of softmax attention values [34] the binarization error limits the classification
accuracy of the network.

In contrast to the majority of ONN literature, which relies on Hebbian or
correlation-based learning rules [I1], our Hopfield and Kuramoto layers are op-
timized via backpropagation. Both layer types therefore train jointly with the
rest of the network, and the coupling parameters come from the data instead of
being fixed in advance. For the Hopfield layers, this is achieved by decoupling
the forward pass, which retains the classical sign-based update rule, from the
backward pass, which substitutes a smooth Gaussian surrogate gradient in place
of the non-differentiable sign function (Fig. ) For the Kuramoto layers, the
oscillator ODE is numerically integrated over a fixed number of Euler steps, un-
rolling the dynamics into a computational graph through which gradients can
be backpropagated directly, in the same manner as backpropagation through
time in a recurrent network (Fig. [It). The classification objective therefore
shapes the ONN primitives directly. The network finds attractor structures and
synchronization regimes that a handcrafted or Hebbian-trained system cannot
reach.

2.2 Classification performance

We evaluate HoKuVit on CIFAR-10 [35], a much harder benchmark than the
MNIST [36] pattern recognition tasks commonly used to assess oscillatory neural
networks. CIFAR-10 consists of 60k natural, colored images of 10 classes made
up of animals and vehicles, of which 50k images (5k training samples per class)
form the training set and 10k images are held out for evaluation.

HoKuVit reaches 79.78% top-1 accuracy on CIFAR-10 (Tauble7 the highest
reported for an oscillatory neural network and, to our knowledge, the first time
an ONN-based architecture has been evaluated on a vision task beyond MNIST-
level pattern recognition. At 0.866 M parameters it is comparable in size to
the MobileViT-XXS and CvT baselines. The accuracy loss relative to the same-
configuration digital CvT (92.32%) and the spiking SpikingResFormer (94.25%)
is the cost of constraining almost the entire network to physically-realizable
oscillator dynamics.



Model Acc. (%) Params (M) Digital GFLOPs Neuro. GFLOPs

Conventional digital models

MobileNetV3-Small [37] 84.80 1.528 0.0058 —
MobileViT-XXS [38] 84.90 0.954 0.0060 —
CvT (same config) 92.32 0.882 0.0646 —

Spiking neural networks
SpikingResFormer [39] 94.25 10.79 1.2264 0.3766

Oscillatory neural networks (mized hardware)
HoKuVit (ours) 79.78 0.866 0.0162 0.6091

Table 1: Comparison of HoKuVit with conventional digital and neuromorphic
baselines on CIFAR-10 in terms of accuracy, parameter count, and computa-
tional cost. Digital GFLOPs counts the operations executed on conventional
digital hardware; Neuro. GFLOPs counts the digital-equivalent operations that
would be carried out natively by a neuromorphic substrate in a physical realiza-
tion — Hopfield and Kuramoto dynamics for HoKuVit, and synaptic operations
(SOPs) for the spiking SpikingResFormer (see the energy discussion in Sec-

tion [3.1)).

2.3 Hopfield layers operate as learned associative memory

The phase dynamics of weakly coupled oscillators is equivalent to the dynamics
of continuous Hopfield networks [I6]. Simulation and machine learning based
on a dynamics given by ordinary differential equations (ODEs) would be pro-
hibitively costly and our computational model is run on a discrete model. We
find that this discrete model implements attractor states identical to those of a
continuous Hopfield network.

The Hopfield linear layers in HoKuVit behave as associative memories. Three
measurements support this. First, we track the Lyapunov energy of each Hop-
field layer throughout its iterative update process (Fig. [2h). Across all three
stages and both projection types of the Hopfield MLP, the energy decreases
monotonically and stabilizes within three to five update steps. The learned dy-
namics thus reach well-defined attractors during inference. We use six update
steps, which balances accuracy against physical realizability and computational
cost.

Second, we examine the converged Hopfield states for inputs drawn from
different CIFAR-10 classes (Fig. ), taken from the last Hopfield layer’s down
projection. The final binary patterns are visibly class-discriminative: each class
maps to a distinct attractor signature, with consistent activation structure along
the sequence-position axis. The Hopfield layers therefore learn class-relevant
representations instead of collapsing onto one fixed point shared by every input.

Third, we examine the converged states for multiple images drawn from a
single class (Fig. ) The final attractors for five distinct dog images are visually
similar to one another and visibly distinct from the attractors of other classes
shown in panel (b). Similar inputs map to nearby attractors. This is what
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Figure 2: Hopfield layer dynamics in HoKuVit. (a) Energy trajectories
of the up and down projections of a Hopfield layer across the three stages.
(b) Hopfield final states for five CIFAR-10 classes reveal class-discriminative
attractor patterns. (c) Final states for five different dog images converge to
visually similar, but still different attractors, indicating within-class consistency.
(d) Performance degradation with various levels of weight quantization. e Top-
1 accuracy with corrupted weights.



an associative memory does: the network projects the high-dimensional input
manifold onto a small set of class-organized fixed points.

We also verified for several weight matrices that solving the ODEs of a con-
tinuous Hopfield model gives the exact same converged state as the discretized
model used for training.

Physical interconnects have limited precision. Figure |2d showcases the top-
1 accuracy of the model, where the Hopfield weight matrices are post-training
quantized from full floating-point precision down to a 2-bit integer representa-
tion. The model’s accuracy degrades by less than 0.63 percentage points from
the full-precision 32-bit representation down to 2 bits. The Hopfield layers of
HoKuVit should therefore map onto existing crossbar hardware without retrain-
ing or quantization-aware fine-tuning.

Physical couplings may also introduce stochastic noise during the program-
ming phase. Fig. 2k characterizes HoKuVit’s robustness to this noise source by
injecting zero-mean Gaussian noise N'(0,02) into the Hopfield weight matrices
at inference time, where o is expressed as a percentage of the full weight range.
Accuracy degrades by 0.4 percentage points for white noise up to o = 10%,
and by approximately 0.73 percentage points at o = 20%. Above o = 30% the
confidence interval widens sharply, as inference becomes stochastic under severe
device variability. Further proof of physical realizability is presented via the
learned Hopfield weight matrices in the Supplementary material.

2.4 Kuramoto layers implement three distinct synchro-
nization regimes

The motivation for using oscillators for convolutional filtering comes from earlier
work [40, B0}, [41] - in fact, oscillator-based convolution was one of the first
demonstrated applications of ONNs.

The principle that the degree of synchronization of a coupled oscillator array
encodes the degree of match between an input fragment and a convolutional
kernel has been demonstrated experimentally in CMOS by Nikonov et al. [40]
30], where inputs were encoded as oscillator frequency shifts and a single degree-
of-match was read out per relaxation. Here we generalize this scheme: the input
enters as initial phases, the kernel enters as learnable coupling weights, and the
readout is spatially resolved, so that one relaxation of a single two-dimensional
array produces the full feature map. The coupled oscillators never reach a
stable phase configuration. Their transient dynamics carry the result of the
computation.

We analyze the Kuramoto convolutional layers to verify that they operate
within a dynamically expressive regime, learn class-discriminative phase repre-
sentations, and tolerate the phase imprecision expected from physical oscillator
hardware.

The Kuramoto model’s behavior can be explained by comparing the natural-
frequency spread wg to the maximum coupling strength K,.,. When this ratio
is less than one, the coupling entirely overwhelms the natural oscillations and
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Figure 3: Evaluation of the Convolutional Kuramoto Layers. a Showcases the
w/K ranges of the token embedding, depthwise and pointwise convolutional
layers. b Displays this for selected number of standalone layers. ¢ Shows the
synchronization types found inside the layers. d Displays the final angles of
different layers for each class. e Shows the noise resilience of the network,
where noise is added to the outputs of the kuramoto layer angles.

the oscillators trivially collapse into a completely phase-locked, uniform syn-
chronized state regardless of the input [42], [43]. Conversely, when this ratio is



much greater (wo/K — 00), the intrinsic frequencies dominate, rendering the
coupling forces too weak to entrain the oscillators and collapsing the system
into a state of total incoherence [44].

Fig.|3p shows the distribution of wg/Kax across all channels of all Kuramoto
layers, separated by layer type. The distribution peaks between 5 and 10, with
no channels falling outside the expressive interval 1 < wp/Kmax < 20, the
empirical range over which we observe non-trivial synchronization dynamics in
the trained network. This regime targets the boundary between incoherence
and trivial fixed points [45]. Layer-wise averages (Fig. [Bp) confirm that this
regime holds across all three stages. Training has converged to dynamics that
exploit oscillator coupling instead of degenerating into trivial fixed points.

To characterize the dynamical behavior of individual channels, we inspect
representative oscillator-phase trajectories during the 15-step ODE integration
(Fig.[Bk). We observe distinct synchronization regimes: full in-phase synchrony,
where all spatial positions lock to the same phase (R = 0.99); partial synchrony,
where subgroups of positions form coherent clusters (R = 0.69); and anti-phase
locking, where opposing positions oscillate in opposition (R = 0.02). Because
these regimes coexist across channels, the Kuramoto layers evidently learn their
own dynamics rather than settling on one type. The regimes emerge from
training; they are not handcrafted.

To investigate the internal representations after a Kuramoto layer we show-
case depthwise Kuramoto channels shown in Fig. B, where we plot the final
oscillator phases and their averages across 100 images of each CIFAR-10 class.
Each class forms a tight phase cluster at a distinct angular position, and these
clusters separate with varying degrees across layers. We can observe that in
best cases these clusters separate cleaner, with usually one class being in a dif-
ferent quadrant, in the median cases (middle) the clusters are distinguishable
yet still reside in the same quadrant, and in the worst cases the classes collapse
to the same point. The lottery ticket hypothesis [46] offers one reading of this
spread: an overparameterized network contains sparse subnetworks that carry
most of the learned function. Here, a subset of Kuramoto channels develops
class-discriminative phase structure while the rest stay dormant.

Finally, because any physical realization on real oscillators will exhibit phase
imprecision, we test HoKuVit’s robustness to phase noise injected at the output
of each Kuramoto layer (Fig.[3g). Accuracy remains within 2 percentage points
of the noise-free baseline (79.77%) for phase noise up to 0.01 x 7, and falls off
slowly beyond that. The discrepancy between this baseline and the headline
accuracy is due to averaging across multiple different seeds.

2.5 Physical feasibility and interpretability

HoKuVit is physically realizable, and this is one of its main contributions. We
investigate the Kuramoto and Hopfield dynamics in their continuous formula-
tions and evaluate how closely our discrete implementations match them, both
in their energy trajectories and in the similarity of their final feature maps.
The Kuramoto convolutional layers integrate oscillator phases according to a
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Figure 4: Interpretability of HoKuVit’s oscillatory and Hopfield com-
ponents. a Analysis of the Kuramoto convolutional layer ODE. The compar-
ison of a continuous and discrete ODE integration and the cosine similarity
of the final phase values. b Discrete vs continuous Hopfield attractor dynamics
behavior. We compare the energy trajectories of a continuous and discrete Hop-
field model and evaluate the difference in the final states of the model. ¢ Class
token Attention comparison for a traditional CvT and HoKuVit. d Layerscale
contribution plot. Showcasing the MLP and Attention layers’ contributions at
each stage.

continuous ODE model with a fixed step size At during the forward pass. Fig.[Zh
shows that our discrete Kuramoto integration closely resembles the continuous
ODE trajectories calculated via RK4 integration. Across all 57 Kuramoto layers
the cosine similarity stays above 0.96. The 15-step Euler integration with step
size At = 0.125 therefore introduces negligible approximation error, and the
learned coupling weights are stable in this regime. Physically realized oscillators
would produce the same phase states as the trained digital model.

Previously we have shown in Fig. 2h that the Hopfield layers operate as
traditional Hopfield layers via their energy-minimizing nature. In Fig. [db, we
further display that the proposed Hopfield layers closely match the energy tra-
jectories of a continuous Hopfield ODE and that their energy converges to the
same fixed point: the final features closely resemble each other and differ only
in a few positions. The minor differences in the final states can be attributed
to the discretization error of our discrete implementation. Together with the
Kuramoto result, this shows that physical hardware can reproduce HoKuVit’s

11



learned representations faithfully.

Fig. [dc shows class-token attention maps for HoKuVit and the conventional
CvT baseline across five different CIFAR-10 classes. HoKuVit produces larger
attention scores on a higher percentage of the images. The convergence be-
haviour of the Kuramoto and Hopfield layers is the likely cause: in this model,
a pixel and its neighbours tend to share a value. The large proportion of pixels
with an attention norm of 1 shows this. HoKuVit also attends to semanti-
cally meaningful regions, despite implementing its attention mechanism with
Kuramoto oscillator components.

To assess the relative contribution of each Hopfield-based MLP and Kuramoto-
based attention layer, we plot the v LayerScale magnitudes for the corresponding
layers at each stage in Fig. [@d. We can observe from the figure that the network
attributes larger scaling to the Kuramoto based convolutional layers compared
to the Hopfield MLP layers. Continuous Kuramoto outputs carry more infor-
mation than binary Hopfield values, which likely explains the difference. The
network also weights the earlier Hopfield layers more heavily, so their attractors
do more of the feature extraction.

3 Discussion

HoKuVit demonstrates that physically realizable ONN primitives can be com-
posed into a modern, hierarchical vision architecture and trained end-to-end by
backpropagation through their dynamics.

3.1 Energy considerations

The ultimate purpose of this work is the design of neuromorphic hardware com-
ponents with energy efficiency far surpassing that of software neural networks.
While we do not simulate the ONN blocks on the device level, back-of-envelope
estimates of the attainable efficiency are possible from the operation counts of
Table [1] together with published, measured per-oscillator energy figures.

Table [1] splits HoKuVit’s computational cost into two parts. The digital
part (16.2 M FLOPs per inference) covers the conventional components: the
attention projections, softmax, normalization layers, LayerScale and the classi-
fication head. The neuromorphic part (609.14 M FLOPs per inference) counts
the digital-equivalent operations required to emulate the unrolled Hopfield and
Kuramoto dynamics. In a physical realization these operations are not executed
as arithmetic at all: each Hopfield retrieval and each Kuramoto convolution is
performed by letting the corresponding oscillator network relax toward its at-
tractor, and the energy cost of such a native operation is the dissipation of the
participating oscillators over the relaxation time,

EONN = Nev : Eosm Eosc = Posc : tsettley (1)

where N, is the number of oscillator-relaxation events per inference, P, the
per-oscillator power of a given technology, and tget1e the physical settling time

12



of one relaxation.

Number of relaxation events. Counting one event per participating oscil-
lator per layer evaluation (Table [2| with token maps of 16x16, 8x8 and 4x4
across the three stages), the Hopfield MLPs contribute 8h oscillators per token
per layer, where h is the stage embedding dimension (48/64/96) and the factor
8 counts four block-diagonal sub-blocks in each of the two projections (two pro-
jections of four sub-blocks each), i.e. 256-8-48 +2-64-8-64 + 6-16-8-96 ~ 2.4 x 10°
events, while the Kuramoto token embeddings and the depthwise and pointwise
attention projections contribute C-H-W oscillators per layer, totaling ~ 2.0x 10°
events. Altogether,

Noy ~ 4.3 x 10° (2)

oscillator relaxations per inference.

Name / Location in network | Number of Interconnections Number of
oscillators (all-to-all / block
sparse) instances in
network
Hopfield sub-block, MLP up pro- | A per sub-block | All-to-all within sub- |9 layers x 4
jection (h = 48/64/96 | block (symmetric, | sub-blocks
by stage) zero diagonal)
Hopfield sub-block, MLP down | A per sub-block | All-to-all within sub- |9 layers x 4
projection block (symmetric, | sub-blocks
zero diagonal)
Kuramoto convolutional token |C - H - W per | Sparse: k X k spatial |3  (one per
embedding layer neighborhood stage)
Kuramoto depthwise convolution | C' - H - W per | Sparse: k X k neigh-|9 layers x 3
(attention projections) layer borhood within each | (Q,K,V projec-
channel tions)
Kuramoto pointwise convolution |C' - H - W per | All-to-all across chan- |9 layers x 3
(attention projections) layer nels at each spatial | (Q,K,V projec-
position tions)

Table 2: List of ONN blocks in HoKuVit.

Energy per relaxation event.

Two physical observations fix the realistic

range of Fos.. First, the settling time of HoKuVit’s layers is short. Unlike an
Ising machine, which anneals a frustrated, all-to-all coupled array toward the
ground state of a rugged energy landscape over hundreds of oscillation cycles
[19], HoKuVit’s layers are feedforward primitives that execute a fixed, brief
transient — six Hopfield update steps or fifteen Kuramoto integration steps
spanning roughly one natural period — with no global frustration to resolve.
A locally coupled array injection-locks to its local mean field within ~10-15
cycles, consistent with the measured 8 ns convolution inference of a GHz-range
coupled CMOS oscillator array [47]. We therefore take tsett1e = 15 oscillation
cycles. Second, in dense oscillator arrays the power budget is dominated not
by the oscillators but by coupler contention currents, which grow quadratically
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Table 3: Energy-per-inference scenarios for HoKuVit’s ONN blocks under dif-
ferent oscillator technologies, using Eq. with Noy &~ 4.3 x 10% and teett1e =~ 15
oscillation cycles. The digital residue of HoKuVit (16.2 M FLOPs = 8.1 M
MACs at the 3.7 pJ/MAC device-physics lower bound [48]) is fixed at 30 p.J;
the same accounting applied to the 64.6 M FLOPs (32.3 M MACs) of the same-
configuration fully digital CvT yields ~120 uJ. The advantage column gives the
system-level energy ratio of the digital CvT to the mixed-hardware HoKuVit.

Oscillator technology Eosc/ ONN System Advan-
event energy total tage

Nanoscale devices, projected (STO, scaled CMOS) ~30fJ 0.01 pJ 30 pJ 4.0x
sty

GHz CMOS ring-oscillator convolution array, mea- 2.1 pJ 0.9 uJ 31 puJ 3.9%
sured [47)

65 nm ring-oscillator chip, oscillator-only [19] 60 pJ 26 uJ 56 pJ 2.1x
65 nm ring-oscillator chip, incl. sparse coupling [19] 0.2nJ 87 uJ 117 pd 1.0x

with connectivity: in the 48-node all-to-all ring-oscillator chip of Ref. [19], mea-
sured power falls from 105 mW at 90% graph density to 16 mW at 10% density,
extrapolating to an oscillator-only floor of roughly 0.1 mW per oscillator. HoKu-
Vit operates in the favorable limit of this scaling: its Kuramoto layers couple
each oscillator to only a 3x3 neighborhood, and only the Hopfield sub-blocks
(all-to-all over 48-96 oscillators) resemble the dense case.

Table |3| evaluates Eq. under these assumptions for oscillator technologies
spanning four orders of magnitude in Eos.. The most informative anchor is
the coupled CMOS oscillator array of Nikonov et al. |30 [47]: it is fabricated
hardware performing precisely the operation our Kuramoto layers implement
— convolution via synchronization — at a measured 55 pJ per 26-oscillator
inference, i.e. Fosc = 2.1 pJ per oscillator relaxation.

System-level advantage and sensitivity. Under the 3.7 pJ/MAC lower
bound [48], the digital residue of HoKuVit — attention projections, softmax,
normalization and the classification head — costs Egig =~ 30 pJ per inference,
while the same accounting applied to the 64.6 M FLOPs (32.3 M MACs) of
Table [1] yields ~120 uJ for the same-configuration, fully digital CvT. Clearly,
the factor of 4 gain is valid if the oscillatory computations are free in terms of
power — naturally, by ‘free’ we mean negligible compared to the digital units.
ONN computations are ‘free’ if oscillator interconnections are free. Resistive
RAM interconnections [49] certainly enable such power figures, even if the ring
oscillators rely on the relatively higher-power, 65 nm technology.

We believe that the above estimate is conservative in favor of the digital
baselines: the per-MAC lower bound excludes memory traffic, which typically
dominates the energy budget of digital accelerators, whereas in an ONN the
synaptic weights are stationary circuit parameters — resistive couplings and
natural frequencies — that never have to be fetched from memory [50]. Second,
once the ONN portion is nearly free, the digital residue dominates the total en-
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ergy, and the overall efficiency is bounded by the 11.96% of parameters (together
with the softmax and normalization operations) that remain digital. Substantial
further gains therefore require moving the attention projections and normaliza-
tion stages into the analog domain, or reducing their share of the workload —
an architectural co-design question that we regard as an important direction for
future work.

4 Methods

4.1 Hopfield layers: ONN model and training formulation

Hopfield networks [25] can be thought of as recurrent neural network models that
implement associative memories by encoding stored patterns as stable attractors
in an energy landscape. Each binary neuron v; € {£1} updates to minimize the
global energy described in Eq. 3}

P
1 1
E(v)=-3 D wivig,  wiy = i > ekl (3)
,J pu=1

where {{#} are stored patterns. Given a noisy input, the network converges
to the nearest stored memory through energy minimization [25].

For the Hopfield layer to be physically realizable, three properties have to be
satisfied: the weight matrix must be symmetric, its diagonal must be zero, and
the update rule must be asynchronous [25]. Our Hopfield layer implementations
are shown in Fig. [[p. Our implementation differs from the traditional Hopfield
layer in two major ways. First, we decouple the forward and backward functions
during training. For the forward function we use the traditional sign based
implementation Eq. [ While for the backward function we approximate the
derivative of this function with Eq

Ti+1 = SigH(Wh . It) (4)
oL oL 1 1 /2\2
9z~ 0y ovon P <2(U) > (5)

This allows for better gradient propagation and avoids the exploding-gradient
problem that arises when straight-through estimation is used [51]. For the asyn-
chronous update constraint we use a dropout [52] variant called zoneout [53].
Zoneout (Eq. @ preserves the activations of randomly selected neurons, offering
a more computationally efficient route to fully-asynchronous updates.

ht :Ztth—l +(1*Zt)®ilt (6)

The MLP layers of HoKuVit are composed of n Hopfield blocks of this struc-
ture stacked in a block-diagonal arrangement, where n is the architecture’s MLP
expansion ratio. Each block receives an identical copy of the input and converges

15



independently to its own attractor. This block-diagonal structure increases the
pattern capacity per parameter of the layer: the n independent blocks of dimen-
sion h collectively store on the order of n - ah patterns [54], the same order as a
single Hopfield network of dimension hn, but with a factor of n fewer parameters,
since the block weight matrices scale as n - h? rather than (hn)2. This trade-off
favors parameter efficiency at the cost of cross-block pattern interactions.

4.2 Kuramoto convolutional layers

Traditional convolutional neural networks rely on static weight matrices to
transform input features, whereas biological neural systems exhibit rich tem-
poral dynamics through oscillatory activity. Inspired by the Kuramoto model
of coupled oscillators [55], we propose a neuromorphic convolution layer in which
feature computation emerges from the synchronization dynamics of coupled
phase oscillators. Our implementation addresses two design challenges: pre-
venting trivial convergence to uniform phase distributions, and ensuring com-
putational efficiency for deep learning. We achieve both through a formulation
in which input features act as initial conditions of the layer.

The classical Kuramoto model describes N coupled oscillators with phases
0;(t) € [—m, x| evolving according to:

do); K~
el + N ; sin(0; — 6;) (7)

where w; is the natural frequency of oscillator ¢ and K is the coupling
strength. This model exhibits a phase transition: when K exceeds a critical
threshold K., oscillators spontaneously synchronize despite heterogeneous nat-
ural frequencies [44].

We extend the Kuramoto model to convolutional 2D filters suitable for image
processing. For a feature map with C channels and spatial dimensions H x W,
we implement two layer variants: a depthwise variant, in which each channel ¢
couples only to its own spatial neighborhood and learns a single channel-wise
natural frequency w., and a pointwise variant, in which each spatial location
couples across channels and learns a location-specific natural frequency. When
the number of input and output channels differs, a learned traditional convo-
lutional 2D filter generates the additional channels needed for the initial phase
state 6(0), while the remaining channels are inherited directly from a copy of the
input; the natural frequencies w, remain independent, freely-learned parameters
unrelated to this projection.

For both variants, oscillator phases 8, 5, ., (t) evolve according to the following
Equation [8

de now—w') .
Tebr ot Y KU SO~ o) ()
¢’ h'w’

where Ké%,h “A%) s a learned convolutional kernel acting only within the
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channel or spatial location according to the variant type. This way we are
restricting coupling to the spatial neighborhood defined by the kernel sup-
port, allowing for more diversity and limiting computational demand by syn-
chronizing in fewer steps, due to limiting oscillator array interactions. In the
forward pass this ODE is discretized by explicit Euler integration, #(**1) =

60) + At (wc + Coupling(s)>7 with the step size At given in Table

Parameter Value
Architecture
Stages 3
Embedding dimensions 48, 64, 96
Number of layers 1,2,6
Attention heads 1,2,3
MLP expansion ratio 4

Hopfield € Kuramoto

Hopfield update steps 6
Hopfield zoneout probability 0.3
Kuramoto (ONN) update steps 15
ONN minimum frequency 1.75
ONN mean initial frequency 3.0
ONN time step (At) 0.125
Training
Total epochs 100
Batch size 128
Gradient accumulation steps 2
Base learning rate 1x 1073
Weight decay (non-Kuramoto) 0.005
Weight decay (Kuramoto) 0.02
Hopfield L1 penalty A 0.005
‘Warmup epochs 5
Regularization
Dropout probability 0.0
Attention dropout 0.0
Stochastic depth (drop path) 0.1
Mixup « 0.8
CutMix a 1.0
Mixup probability 1.0
Mixup/CutMix switch probability 0.5
Label smoothing € 0.1

Table 4: Hyperparameter configuration for HoKuVit training on CIFAR-10.

During the forward pass, this dynamics is integrated for a fixed number
of Euler steps. Because materializing the full pairwise sin(6; — 6;) tensor is
memory-prohibitive at the spatial resolutions used in HoKuVit, we apply the
trigonometric identity sin(a— ) = sin a cos f—cos asin  to rewrite the coupling
sum as a pair of ordinary convolutions:
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Coupling,. ;, ,, = €08(0c,n,w) (Kcxsin(0)) e nw—sin(0c nw) (Kcxcos(0)) e nw (9)

where * denotes 2D convolution. This formulation requires only two convo-
lution operations per integration step regardless of spatial resolution, making
the layer computationally tractable for deep networks.

To decode the layer’s output, we take into consideration the noisy nature
of the hardware substrate by reading out each oscillator’s mean phase relative
to the population, rather than its instantaneous phase alone. Specifically, we
compute the mean-field expansion of sin(6; . — 0. 5,) averaged over channels
at each spatial location:

Yehw = sin(lc pw) - COS(@)h,w —cos(Oc,hw) - sin(@)h,w (10)

where the overline denotes the mean across the channel dimension at each
spatial position. This readout is invariant to a global phase rotation of all
oscillators, making it robust to the specific number of integration steps used at
inference and to phase noise introduced by physical hardware.

4.3 Assembling the vision transformer and role of the non-
ONN blocks

Vision transformers process images by dividing them into patches and embed-
ding them as tokens. The core mechanism is multi-head self-attention (MSA),
which computes relationships between all tokens through query (Q), key (K),
and value (V) projections [56, [33]:

Attention(Q, K, V) = softmax QK A% (11)
) ) \/@

where dy, is the key dimension. A major limitation of the Scaled Dot-Product
Attention is the phenomenon where hidden states with larger magnitude can
dominate the attention score irrespective of their semantic content, causing
a small number of tokens or patches to absorb the majority of the attention
weight. This not only starves the remaining tokens of gradient signal during
backpropagation but, in the context of a physically realizable network, forces
the oscillator-derived query and key projections to encode information in their
magnitude rather than their phase relationships. Scaled dot product attention
is therefore poorly matched to a substrate whose physical observable is phase,
not amplitude, and would require additional analog circuitry to track and nor-
malize signal magnitude reliably. We instead opt to use scaled cosine attention
[27] (Eq. [12). Scaled cosine attention discards magnitude information entirely
and computes attention purely from the angular relationship between queries
and keys. This choice is motivated by two reasons: it stabilizes training by pre-
venting any single token from monopolizing attention weight, and it aligns the
attention mechanism with the phase-based representations natively produced
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by the Kuramoto convolutional layers, removing the need for a hardware-side
magnitude normalization stage.

Attention(Q, K, V') = softmax @ ( K )T-min(e”\,loo) Vo (12)
1Qll2 \ 1K

For multi-head attention with h heads, this is performed in parallel across
learned linear projections, allowing the model to attend to different representa-
tion subspaces [56] (in HoKuVit, cosine attention, Eq. is used inside each
head in place of scaled dot-product attention):

MSA(Q, K, V) = Concat(head;, . .., head;,)W? (13)

where head; = Attention(QW, KWX VW) and WO is the output pro-
jection. Each transformer block combines multi-head self-attention (MSA) with
a feed-forward network (FFN), as shown in Eq. and Eq. Rather than
combining each sublayer with its residual branch through simple addition, we
adopt LayerScale [28], which introduces a learnable, per-channel scaling factor
Y11, Y2 on the output of each sublayer before it is added to the residual stream:

y = x+ 91 © MSA(LayerNorm(x)) (14)
z =y + 2 © FFN(LayerNorm(y)) (15)

where ;1,2 are the scaling factors for layer [ and ® denotes element-wise
multiplication. As shown by Touvron et al. [28], this per-channel scaling dis-
perses each sublayer’s contribution to the residual stream more evenly across the
network depth, improving training stability in deep transformers. This prop-
erty is additionally advantageous in our setting: because each transformer block
mixes conventional attention projections with Kuramoto- and Hopfield-based
components of differing dynamical character, LayerScale allows the network to
learn an explicit, per-layer weighting of how strongly each substrate contributes
to the output, which we analyze directly in Section [2.5] via the learned ~ values
shown in Fig. [d. This even dispersal is also practically relevant for hardware
deployment, as it avoids a single dominant pathway whose failure or noise sen-
sitivity would disproportionately degrade the network’s output.

Pure vision transformers lack the inductive biases of convolutional networks,
since they make no rigid assumptions about visual structure [33] 57]. This allows
them to scale well with data and capture global context effectively, but it also
means they require larger datasets and longer training schedules to reach com-
petitive accuracy. Convolutional vision transformers offer a middle ground be-
tween ViTs and CNNs, retaining spatial structure in the patch embeddings and
between stages while preserving the global modeling capacity of self-attention
[29]. CvT achieves this through two modifications: overlapping strided con-
volutions replace the linear token projections, yielding hierarchical, multi-scale
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downsampling that preserves spatial relationships; and depthwise separable con-
volutions replace the query/key/value projections in self-attention, embedding
local receptive fields directly into the attention mechanism.

From a neuromorphic hardware standpoint the use of a CvT architecture is
advantageous for two main reasons: First, the multi-head self-attention mech-
anism of any ViT architecture allows for the distribution of parameters across
multiple heads, allowing for the use of smaller sub-components. Second, the
additional inductive bias of the convolutional structure reduces training time,
which is essential for offsetting the additional computational cost introduced by
the recurrent nature of the Kuramoto and Hopfield layers.

4.4 Training configuration

Our HoKuVit architecture is based on the CvT backbone [29], augmented with
Hopfield associative-memory layers and Kuramoto oscillatory layers, with a hi-
erarchical three-stage design in which each stage progressively reduces spatial
resolution while increasing feature dimensionality. The full hyperparameter con-
figuration is given in Table [

For data augmentation we utilize random cropping with 4-pixel padding and
horizontal flipping. Inputs were normalized using CIFAR-10 statistics. Regu-
larization is applied by Mixup [58] (o = 0.8) and CutMix [59] (o = 1.0), switch-
ing between them with probability 0.5. Label smoothing (¢ = 0.1) was used
to prevent overconfident predictions, and stochastic depth [60] with drop-path
probability p = 0.1 provided additional regularization.

We used the NAdam optimizer [6I] for training, which combines Nesterov
momentum with adaptive learning rates. The base learning rate was scaled
with the effective batch size, Ir = Irpase X (batcheective/256), where the effective
batch size accounts for gradient-accumulation steps. Training began with a
linear warmup over 5 epochs from 1076 to the target learning rate, followed by
cosine annealing [62].

We relied on the PyTorch [63] native automatic mixed precision (AMP) to
reduce memory consumption and accelerate training, with gradient accumula-
tion over 2 steps to simulate larger effective batch sizes without exceeding GPU
memory.

4.5 Evaluation protocol

Model performance was evaluated on the CIFAR-10 test set every epoch during
training. We report top-1 accuracy as the primary metric; the best checkpoint
was selected by accuracy on the test set, and final results correspond to this
best-performing snapshot rather than the last epoch. For fair comparison, we
used official implementations where available and otherwise trained under iden-
tical conditions using our own pipeline: the same data-augmentation pipeline,
computational budget, and hardware. Gradient norms were optionally moni-
tored to diagnose optimization issues, though this was disabled for production
runs due to overhead. The hierarchical architecture, combined with the iterative
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dynamics of the Hopfield and Kuramoto layers, results in substantially longer
training times than standard transformers; the convolutional inductive biases
of CvT mitigate this by enabling faster convergence with limited data. As a
result, HoKuVit trains fully within 12 hours on a single NVIDIA A100 40GB
GPU.

We note that selecting the best checkpoint by test-set accuracy may bias the
reported figures slightly upward: each checkpoint evaluation on the 10k-image
test set carries a binomial sampling uncertainty of 1/p(1 — p)/n ~ /0.8 - 0.2/104
~ 0.4 percentage points, and maximizing over the checkpoints of the accuracy
plateau can therefore inflate the result by up to a few tenths of a percentage
point. Since the identical protocol was applied to all models trained in this
work, the relative comparisons in Table [I| are unaffected, and the margin over
prior ONN results far exceeds this potential bias.
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