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Abstract

The escalating energy demands for high-performance machine learning have
sparked growing interest in unconventional computing paradigms rooted in phys-
ical systems. At the core of this emerging direction is the leveraging of physical
properties to design computing frameworks that integrate strong learning capa-
bilities, efficient training strategies, and practical implementability. Here, we
present a simple, efficient, and scalable framework aimed at achieving this,
and validate it on an optoelectronic platform. This framework features our
proposed training mechanism—state-skipping direct feedback alignment—which
eliminates access to intermediate states of the system and thereby significantly
simplifies the error backpropagation process, enhancing both training efficiency
and practical feasibility. Compared to conventional deep neural networks, our
approach substantially reduces computational costs and training parameter
count while achieving comparable performance. Furthermore, we integrate our
scheme into modern architectures, attaining improved performance with an
approximately 40% reduction in computational resources. Notably, our approach
challenges the scaling laws of conventional counterparts, underscoring its strong
scalability and practical promise.



1 Introduction

Deep learning has performed remarkably well across a wide range of complex tasks
as model scales continue to grow. However, this success has come with sharply rising
demands for computational energy and hardware resources, raising concerns about
its long-term sustainability [1-3]. Consequently, the development of computationally
efficient paradigms has become a priority. Unconventional computational paradigms
based on physical platforms are increasingly recognized as a promising way to over-
come the computational bottlenecks of deep learning. Unlike the conventional Von
Neumann architecture, which separates processing units and memory, these paradigms
harness physical processes for information processing, offering inherent advantages in
latency and energy efficiency [4-9]. Various physical platforms have been explored
to demonstrate this potential. For instance, spintronic systems leverage electron spin
to integrate memory and logic operations [10-12], while soft-body and mechanical
components exploit mechanical responses to emulate neural behavior with low energy
consumption [7, 13-16], other approaches, such as phase-change materials and chem-
ical reaction networks have also shown promise [17, 18]. Among these, optical neural
networks (ONNs) stand out due to their unique physical properties, including ultrafast
propagation speed, inherent parallelism, and near-zero heat dissipation. These advan-
tages make ONNs strong candidates for scalable and energy-efficient computational
paradigms [19-21]. However, challenges remain—particularly the limited flexibility in
adjusting the weights of optical layers, which hampers efficient training. Additionally,
reliance on complex control systems and repeated photoelectric conversions further
increases architectural complexity [22, 23].

Reservoir computing (RC), characterized by randomly initialized and fixed inter-
nal connectivity, offers a promising paradigm to address the aforementioned issues.
Owing to its simple, weight-frozen architecture, RC can be implemented across diverse
physical substrates, leveraging their dynamics to perform nonlinear information pro-
cessing [24-26]. Conventional RC is driven by external inputs and excels at time-series
processing. However, for classification and image processing, it typically serializes
information or images into pixel streams, disrupting spatial structure and complicat-
ing wiring and control overhead [25, 27, 28]. Instead, autonomous state-propagating
RC (ASP-RC) encodes static information/images as initial states and lets the system
evolve to produce high-dimensional transient trajectories—an approach better suited
to classification and image processing [29-31], as shown in Fig. la. In physical imple-
mentations, ASP-RC operates without continuous driving inputs, largely outsourcing
computations to passive dynamics and thereby improving energy efficiency and simpli-
fying deployment. To meet the demands of modern large-scale image tasks, ASP-RC
is gaining attention. For instance, Refs. [32, 33] implement ASP-RC on analog cir-
cuits and photonic platforms, respectively, by exploiting chaotic dynamics to achieve
high-dimensional transformations. In parallel, Refs. [29, 34] present implementations
on spintronic simulators, as shown in Fig. 1b. Across these studies, training primar-
ily relies on two strategies: readout-only training via regression and backpropagation
(BP), the prevailing algorithm in software-based neural networks. The former offers
implementation simplicity but struggles to achieve competitive performance. The lat-
ter improves performance but remains challenging to implement physically, due to
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Fig. 1 (a) Schematics of conventional reservoir computing (RC) for processing temporal signals
and of autonomous state-propagating RC (ASP-RC) for processing images. (b) Schematic diagram
of unconventional computing paradigms on diverse physical platforms based on ASP-RC. (c) Illus-
trations comparing backpropagation through time (BPTT) and the proposed state-skipping direct
feedback alignment (SS-DFA) used to train the model. W denotes the internal connectivity of the
reservoir layer, which remains fixed throughout the entire process, while w® and W+ represent
the trainable adjacent linear layers. SS-DFA breaks the sequential error propagation, eliminates the
need to access all intermediate states within the reservoir layer, enables parallel training, and sup-
ports a gradient-free variant, which is called SS-augmented DFA (SS-aDFA), by replacing the precise
derivative f’ with alternative nonlinear functions g.

the requirements for time-ordered error propagation, storage and retrieval of inter-
mediate states, and high-precision computation—even when physical-layer weights



remain unchanged. Consequently, training becomes a bottleneck, hindering the realiza-
tion of energy-efficient, high-performance ONNs within this paradigm, that is, optical
autonomous state-propagating RC (OASP-RC).

From the neuromorphic computing perspective, direct feedback alignment (DFA)
offers an alternative to BP by projecting the global error through fixed random map-
pings directly onto each layer, thereby eliminating the need for layer-by-layer gradient
propagation [35, 36]. Recent advances have extended DFA to gradient-free training,
such as augmented DFA, which replaces activation-function derivatives with alter-
native nonlinear functions [37, 38]. As another line of development, reservoir DFA,
offers a variant that harnesses physical dynamics to generate random projections [39].
Taken together, these advances underscore DFA’s hardware adaptability and practical
implementability. Inspired by the attractions of DFA, we extend it from the view-
point of state evolution over time, proposing a novel training strategy, state-skipping
DFA (SS-DFA), for OASP-RC to address the aforementioned training bottleneck when
implementing ONNs within this paradigm. SS-DFA eliminates the need to access all
intermediate states, breaking dependence on time-ordered gradient propagation and
repeated states storage/retrieval. In addition, it can be integrated with the aforemen-
tioned variants to further enhance practical realizability, thereby providing an efficient
training strategy. It is worth emphasizing that, due to its ability to propagate gradi-
ents, our algorithm can be naturally extended to deep architectures, thereby offering
superior scalability and an enhanced ability to tackle complex tasks.

In this work, we first validate the effectiveness of the proposed SS-DFA on a
general, fully-coupled OASP-RC model. To minimize reliance on physical-layer infor-
mation during the training and reduce computational cost, we then introduce the
single-map architecture, a new proposed OASP-RC framework. We train it by using
our algorithm and systematically evaluate its scalability in terms of network depth
and width. Numerical simulations show that the single-map framework outperforms
structurally matched fully connected networks and fully-coupled architectures while
requiring minimal computational cost and far fewer trainable parameters. As a proof
of concept, we conduct physical experiments on an optoelectronic RC platform. The
results align with our simulation results, confirming the practical feasibility of both the
proposed algorithm and the proposed framework. Finally, we extend the single-map
framework to a modern architecture— the residual multilayer perceptron (ResMLP)
[40, 41]—to challenge the scaling laws observed in conventional counterparts, thereby
further highlighting its efficiency and scalability, while achieving better performance
with an approximately 40% reduction in resources.

2 Results
2.1 SS-DFA and the single-map framework

Fig. 1c demonstrates the operating mechanism and training process of the ASP-RC
model, details our proposed SS-DFA training strategy, and compares it with BP. Dur-
ing forward propagation, the output signal a) = W z® from the preceding linear
layer serves as the initial state s(0) of the reservoir layer. The state update is described
as s(t+ 1) = f(z), where 2, = Ws(t), and s(t) € RV denotes the state of system at



iteration t; W € RY*¥ is the internal connectivity of the reservoir layer, which gov-
erns its underlying dynamical properties. It is randomly initialized and subsequently
normalized as W + pW/ max(|eigen(WW)|), where p denotes the target spectral radius.
Once configured, W remains fixed throughout the entire process together with the
nonlinear activation function f. After T iterations state-evolve, the final state s(T")
serves as the reservoir output fed to the subsequent layer. To train such networks, lin-
ear layers (e.g., W(l)) need to be updated to minimize the prediction loss E. Although
training is simplified—owing to the absence of external inputs during state evolution
and fixed reservoir weights—in reservoir layers, error signals must still be propagated
backward along the temporal dimension to deliver gradient information to upstream
linear layers. Backpropagation through time (BPTT), as a temporal extension of the
standard BP, is a widely used gradient computation method for training networks
with temporal structures. It harnesses the chain rule to propagate output errors back-
ward in temporal order, reaching all historical states and accumulating gradients at
each time step [42]. The gradient of the reservoir layer state at time ¢, as obtained by
BPTT, is given by:

e® = [WTetD] © f(2) (1)
where e € RY is defined as e(t) = 9E/0s(t), the superscript T denotes transposition,
and ® represents the Hadamard product. The error signal used to update W that
is, the cumulative error information propagated through the reservoir layer, can be
further expanded as follows:

e® = WwHDT D) 1L (diag(f/(2)) - W] (2)

where e®) € RY denotes the error signal at the Ith trainable linear layer, diag(-) is
used to construct a diagonal matrix to enable element-wise operations, and [],—,[]
is the multistep chain multiplication that represents the sequential accumulation of
error information across time steps. From Equation 2, the gradient for each W® can
be calculated as OW " = —eWz():T Tt is evident that training based on Equation 2
requires propagating error signals both layer by layer and across time steps, access-
ing all intermediate states within the reservoir layer, and repeatedly computing the
transpositions of the continually updated weight matrices in the linear layers. These
requirements pose significant challenges for practical implementation and result in
substantial computational cost. Therefore, despite its success in conventional neural
network models, this training strategy is not well suited to OASP-RC.

Let us consider our proposed SS-DFA. First, the standard DFA strategy is adopted,
where the global output error from the final layer L, e(X), is directly projected onto
each linear layer through a fixed, randomly initialized mapping, thereby breaking the
layer-by-layer error propagation mechanism. Then, the initial state of the reservoir
layer and its system information accumulation are harnessed to replace the cumulative
error term in Equation 2, thus eliminating the need to access all intermediate states.
Based on this design, the following update rule is derived:

e® = BO™) (WY & (2)W T (3)



where B € RN*N" g the random projection matrix for updating the lth layer,
and (W T)* represents the accumulation of the system topology information over k
iterations. In our experiments, for simplicity, k is set to T — 1, meaning that the
accumulation of topological information is fully preserved. However, in practice, k can
be chosen to be smaller than T — 1, thereby reducing the degree of accumulation (see
Supplementary Information). It is worth noting that W remains fixed and acts like a
scaling term, thus (W T)* can be precomputed offline and does not incur additional
computational cost during training. Furthermore, the derivative function f’ can be
substituted by alternative nonlinearities g, enabling gradient-free training—SS-aDFA.

In a practical physical implementation, minimizing the precise system informa-
tion required during training is a primary objective. While our approach eliminates
dependence on access to intermediate states and exact derivatives, knowledge of the
system topology (i.e., W) remains necessary. Further simplification reveals that the
scaling factor p controlling the magnitude of W in Equation 3 can be omitted; how-
ever, accurate connectivity remains essential. A similar discussion can be found in [43].
In addition, due to temporal iteration, fully-coupled ASP-RC frameworks inevitably
incur significant computational cost from extensive matrix — vector multiplications
(MVMs). To overcome these constraints at the model level, we propose an OASP-RC
framework using the single-map architecture, as shown in Fig. 2c. This framework cen-
ters on one-dimensional discrete dynamics, employing only the scalar p to modulate
system properties. The state update is given by s(t) = f(ps(t — 7)), where 7 denotes
the time delay (set to 1 for simplicity in this work). By omitting the scaling factor, its
SS-DFA update rule can be expressed as:

eV = B 6 f(z) (4)

It can be observed that the single-map framework dispenses with explicit connectivity,
simplifying training to dependence on the initial state alone. Simultaneously, it col-
lapses per-iteration computation from MVMs to scalar operations, thereby markedly
reducing computational cost and implementation complexity. In our experiments, to
align with the nonlinear characteristics of optical systems, the activation function f
is held constant as f(z) = sin(z + ¢) and, for simplicity, ¢ is set to 0.

2.2 Basic characterization of SS-DFA

First, we validate the effectiveness of the proposed SS-DFA on a fully-coupled OASP-
RC model, systematically study its basic characterization, and further investigate
opportunities for algorithmic simplification. In our experiments, we use the standard
image classification benchmark—MNIST [44]—with the most basic architecture com-
prising a linear input layer, a reservoir layer with 500 nodes, and a linear output layer.
Given that the reservoir behavior is governed primarily by its spectral radius p and
iterations for the temporal evolution of the state, denoted by T, we systematically
analyze the dependence of performance on p and T'. The recording T is varied from
1 to 30, and p is swept over the range [0.1, 3.0]. Stochastic gradient descent (SGD)
[45, 46] is employed as the optimizer with a learning rate of 0.005 and a batch size
of 64. Additional training details are summarized in the Supplementary Information.
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Fig. 2 (a) Performances on the MNIST dataset for the general, fully-coupled OASP-RC trained with
SS-DFA. The x- and y-axes denote, respectively, the spectral radius p and the number of iterations
of the reservoir layer. |log(e)| is used as a proxy for test accuracy (higher values indicating better
performance), where € denotes the prediction error. Left: training with p; the white curve denotes
the Lyapunov time of the system, defining the effective prediction horizon. Right: p is omitted during
training; black lines mark the boundary of the effective operating region inferred from the left panel.
(b) Robustness to randomized reservoir connectivity during training (p = 1). In the backward process,
proportionally selected elements in W T are replaced with random values (the rest remain unchanged).
The heatmap shows performance as a function of the replacement ratio and the reservoir iterations.
(c) Schematic of the proposed single-map architecture and its bifurcation diagram, showing the (long-
term) node state s as a function of the scaling factor p. The green region denotes the single fixed-point
regime, the blue region is the dual-fixed-point (bistable) regime, and period doubling bifurcation is
found in the red region. (d) Performance of the single-map framework trained with SS-DFA. The
right panel shows an enlarged view of the performance in the transient expanding/chaotic regime. (e)
Convergence speed of fully-coupled and single-map frameworks as a function of p and iterations. (f)
The best performance achieved at different p, and the required iterations to achieve this performance.



Fig. 2a (left panel) illustrates the performance of it as a function of p and T'. For clar-
ity, |log(e)| is harnessed as a proxy for test accuracy, with higher values indicating
better performance, where € is the classification error. As can be seen, the test accu-
racy achieved is highly dependent on the choice of p and T. When p < 1, the reservoir
exhibits contraction dynamics, where the states decay with increasing T and converge
to a fixed point, progressively erasing information and collapsing performance. When
p > 1, the system enters the expanding regime in which nonlinearity and sensitivity to
initial conditions intensify, producing stretching dynamics in state space that enhance
feature separability and yield superior performance. This expansion-driven improve-
ment in representation has been observed across various deep learning models [47-54].
Although one of the optimal regions is in the expanding regime, taking too large a
value for T drives the system into excessive chaotic dynamics, nearly completely losing
its memory of the initial input, thus making predictions unstable or even meaningless.
The available horizon is theoretically bounded by the Lyapunov time, which refers to
the characteristic timescale over which an infinitesimal perturbation grows exponen-
tially, as shown by the white curve in the panel. The above SS-DFA results accord with
the bifurcation analysis and are consistent with the overall trends revealed by training
with BP and linear regression (see Supplementary Information), thereby validating
the effectiveness of the proposed training strategy. To reduce the dependence of train-
ing on precise system information, we investigate algorithmic simplifications. Fig. 2a
(right panel) shows results for the simplified SS-DFA obtained by omitting the scaling
factor during the backward process (i.e., sets p of W in Equation 3 to 1). The simpli-
fied method remains effective; moreover, its effective operating region becomes even
broader because error signals are no longer excessively attenuated or amplified by con-
tractive or expanding dynamics. Furthermore, to assess the sensitivity of the training
to precise connectivity, we randomly select a controlled proportion of elements in W
(Equation 3) and replace them with random values while fixing p = 1. Performance
as a function of the replacement ratio and 7" is shown in Fig. 2b. The results indicate
that introducing random substitutions degrades performance, with the effect intensi-
fying as T increases, highlighting the critical role of precise connectivity. In summary,
in the training stage of a fully-coupled OASP-RC with SS-DFA, the scaling of W by
p can be omitted, whereas precise connectivity remains indispensable.

We then evaluate the proposed single-map OASP-RC, which removes internal
connectivity and thus eliminates reliance on precise topological information during
training. Its structural schematic and bifurcation diagram are shown in Fig. 2c. The
bifurcation analysis indicates that within the range of p shown in the figure: for p < 1,
states of the system converge to the fixed point zero; for 1 < p < 2.2 | states converge
to two symmetric fixed points (+); for p 2 2.3, the system starts to show period-
doubling bifurcation toward chaos; and as p further increases to ~ 4.8, the system
returns to the bistable (dual-fixed-point) regime [55]. Fig. 2d presents the results of
a single-map framework trained with updated SS-DFA defined in Equation 4 on the
MNIST dataset. When the system resides in the single fixed-point region, its per-
formance trend aligns with that of the fully-coupled framework; upon entering the
dual-fixed-point region, information is compressed, yet the dynamics preserve the sign
of initial condition by mapping it to distinct basins, thereby enabling the framework



to retain discriminative capability; and when p 2 2.3, the framework remains effective
because excessively chaotic dynamics have not yet been reached. A finer resolution
and a broader sweep in p, providing a more detailed characterization, are summarized
in the Supplementary Information. Particularly noteworthy is that optimal regions
emerge at the bifurcation point (p ~ 1) and for small T with p > 1; the latter
stems from the transient expanding/chaotic dynamics of the system. Since bifurcation
reflects the system’s global property on a long-term scale, this transient characteristic
is not directly visible from bifurcation analysis. Instead, this local instability on a finite
timescale requires quantitative interpretation using the finite-time maximum Lya-
punov exponents (FTMLE). Detailed derivations and FTMLE analysis are provided in
the Supplementary Information. Fig. 2e shows and compares the convergence speed of
a fully-coupled and the proposed single-map frameworks under SS-DFA,| measured by
the number of epochs required for the training error to drop to 10~2. Similar to perfor-
mance trends, the transient expanding/chaotic regime exhibits the fastest convergence
for both frameworks. Compared to the fully-coupled framework, the proposed single-
map framework streamlines training, offers a wider operating range, converges faster
overall, and shows better performance. In particular, it achieves the highest test accu-
racy of 98.33% at p = 2.7,T = 1, whereas the fully-coupled framework achieves 98.26%
at p = 2.8, T = 1. Furthermore, we could successfully extend the proposed approach to
the gradient-free variant, SS-aDFA, thereby completely eliminating reliance on precise
system information (see Supplementary Information).

Fig. 2f illustrates the optimal performance of both frameworks across different val-
ues of p, together with the required T' to achieve that performance. As p increases,
performance steadily improves and converges toward the optimal operating range.
Once in this high-performance region, the required 7" decreases with further increases
in expansion. Given that state iterations incur additional computational cost, strategi-
cally increasing p leverages the advantages of transient expanding/chaotic dynamics to
improve performance while reducing the computational burden, thus offering guidance
for the practical application of our approach.

2.3 Scalability and resource efficiency

Here, we assess the scalability (in network width and depth) and resource efficiency
of the single-map OASP-RC. Fig. 3a shows the performance of the aforementioned
basic architecture trained with SS-DFA as network size varies under various (p,T)
settings. As a comparison, a size-matched three-layer baseline MLP trained with BP
is employed. Label smoothing [56] is applied on both tasks, and for the CIFAR-10
dataset [57], mild data augmentation [58] is additionally incorporated to mitigate
overfitting. Figs.3b and 3c compare corresponding computational cost and trainable
parameter counts, including fully-coupled OASP-RC for comparison. Following Refs.
[59, 60], computational cost is quantified by the floating point operations (FLOPSs) per
epoch of training, primarily driven by MVMs. Results demonstrate that, across most
settings, our framework outperforms the baseline MLP and achieves superior resource
efficiency and scalability. Specifically, on MNIST and CIFAR-10, even at the largest
T setting, the maximum reductions in FLOPs and trainable parameter counts reach
around 90% and 75%, respectively.
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0.33%. (c) Comparison of trainable parameter counts between the baseline MLP and the employed
OASP-RC. (d) Schematic of the deep architectures with embedded single-map modules trained with
SS-DFA. (e) Test error of deep OASP-RCs with varying depths as a function of p; the legend indi-
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Fig. 3d presents the schematic of a deep network embedding the single-map module.
Fig. 3e shows its performance as a function of p across different depth configurations,
with T = 1. We observe that deep networks with the single-map modules operate
effectively; as p increases, performance improves (on MNIST, the decline in deeper
networks is attributable to overfitting), with shallower networks benefiting more signif-
icantly. This suggesting that moderately enhancing the system’s bifurcation parameter
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p not only reduces the required 7" but also allows shallower networks to match or even
surpass deeper counterparts, thereby further decreasing overall computational cost.

2.4 Physical implementation

(a) Input mask
Temporal ~ (tunable) Images

signal
Arbitrary waveform generator g
- |:| -
Input

MTX ! MXN Update

Optical
Amp. LN-MzM Variable optical
attenuator

Final state l

Laser LN-MZM i — Output
1550 I —
( " | - . — Error
Synchronize 100m : - 1
i fiber delay : — Target
Oscilloscope Photodetector Tteration . 1¥N
L
Sampling
(b)
97.10%
95
& 90 94.20% o
= 92.90%
) 85 85 8
3 80 - 80 '
g 75 FB gain = -2dB 75 FB gain = 2dB 75 / FB gain = 6dB
(p ~0.80) (p ~1.26) (p ~2.00)
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Fig. 4 (a) Schematic of the single-map framework implemented on an optoelectronic RC platform.
The input is masked by a random matrix in a digital processor and then converted to the optical
domain by an optical intensity modulator based on LiNbO3 Mach—Zehnder modulator (LN-MZM).
The optical signal is injected into a 200-meter-long, fiber delay with a single optoelectronic nonlin-
earity and operates in a time-multiplexed manner, forming the reservoir layer. A variable optical
attenuator is employed to adjust the feedback gain «, thereby controlling p in the single-map frame-
work and modulating the system’s transient properties. The state s(t) is converted to a digital signal
by a photodetector (PD), amplified by a radio-frequency amplifier (RF-Amp.), and measured with an
oscilloscope. The state at the final step is fed into the digital readout layer to produce a prediction.
The mask matrix and readout are updated via SS-DFA. (b) Training and test accuracy as functions
of epochs at different o on the MNIST dataset; readout-only training results are included as compar-
isons. The best test accuracy is indicated respectively.

As a demonstration of our proposed framework, we implement the aforementioned
basic single-map framework trained with SS-DFA on a delay-based optoelectronic
reservoir computer. Fig. 4a illustrates the experimental platform. In this setup, input
images are masked by W € RV*N' in a digital processor (where N’ is the input
size) and then converted to optical signals by an optical intensity modulator with
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time interval #. Thus, the input signals for a single image are elongated to duration
Trc = NO. The signals are subsequently injected into a 200-meter-long spiral-based
delay ring system with a single optoelectronic nonlinearity, functioning as the reser-
voir layer. A variable optical attenuator adjusts the feedback gain « of the system,
thereby controlling p in the single-map framework and modulating the system’s tran-
sient properties. As the nonlinear element, we employ a Mach—Zehnder modulator
(MZM), providing the activation f(x) = sin(x + ©bias), Where @pias is the MZM bias
voltage. The resulting system state can then be expressed as:

s(t) = sin{as(t — T) + Pbias} (5)
where @hias is set to 0. A typical delay line RC approach [61, 62] is adopted, where
the length of the delay ring 7 is set such that 7 ~ Trc to couple with previous state
of itself, thus implementing single-map functionality.

Models Training strategy MNIST | CIFAR-10 | Sim./Exp.
Autonomous Analog circuit [32] Linear regression 95.42% -
state-propagating Spin-torque oscillators [34] Gradient-based optimization | 98.49% 53.49% Sim.
RC Feedforward ESN [29] BPTT 98.23% -
. . . 97.30% 46.60% Sim.
Continuous-time system [63] DFA-adjoint
96.40% - Exp.
98.96% 55.80% Sim.
Deep reservoir computing [37] aDFA i 2 i m
97.80% 47.83% Exp.
ONNs 94.00% - Sim.
Pre-sensor ONN [64] Forward-Forward
93.00% - Exp.
. . . . 98.93% - Sim.
Quasi-convolution deep RC [65] Ridge regression
96.28% - Exp.
Optical multimode fiber [9] PhyLL 96.36% - Exp.
Baseline MLP BP 98.16% 48.39% Sim.
. . 98.33% | 54.85% Sim.
Basic architecture
Ours SS-DFA 97.10% - Exp.
Scaled architecture* 98.89% | 62.50% si
im.
(hidden nodes) (4500) (5000)

Table 1 Comparison of various models on MNIST and CIFAR-10 (simulation and experiment
results). The scaled architecture uses label smoothing on both MNIST and CIFAR-10; for
CIFAR-10 it further employs mild data augmentation.

We first conduct readout-only experiments to verify consistency between the phys-
ical implementation and numerical simulations of the proposed single-map framework,
the results exhibit consistent trends (see Supplementary Information). We then per-
form end-to-end training with T = 1 across different o configurations. To reduce
experimental duration and operational overhead, we adopt a two-stage strategy: (i)
update W™ and WO for 5 epochs under real-time optimization conditions to rapidly
improve performance; and (ii) train only W°" for a further 195 epochs to achieve
robust convergence. The results are shown in Fig. 4b. It can be seen that the proposed
framework works effectively on the physical platform; compared to the readout-only
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reference, performance improves substantially when W™ is trained, further validating
the success of the SS-DFA training strategy. Notably, in our experiments, o« = —2dB
(corresponding to p ~ 0.8)—in other words, around the bifurcation point corre-
sponding to the transition from single fixed point to bistable states—yields the best
performance. The transient expanding regime performs well yet remains suboptimal;
we attribute this to amplification of hardware noise when the system operates in the
expanding regime. Table 1 presents our simulation and experiment results, and com-
pares them to existing research. These results show that our framework not only aligns
with numerical simulations in its physical implementation but also exhibits compet-
itive performance—in both simulation and experiment—within the ASP-RC model
and ONNs domain.

2.5 Embedding into modern architecture and challenging
scaling laws

To further evaluate the applicability and efficiency of the proposed single-map mod-
ule, we integrate it into a modern deep architecture, ResMLP, a great baseline with
minimal induction bias. As shown in Fig. 5a, in the no-normalization baseline model,
the nonlinearity and linear readout within each block are replaced by the single-map
module. Given that computational cost is driven primarily by architecture rather
than training strategies, we train on CIFAR-10 with a 1024-node hidden dimension
using BP for simplicity and to emphasize the module’s inherent advantages. To fully
unlock the models’ potential, the LION optimizer [66], label smoothing, and strong
data augmentation (including Mixup [67]) are employed. Fig. 5b and 5d show the
training curves, test accuracies, computational cost, and trainable parameter counts
for six-block baseline and proposed frameworks at T' = 1 over various p, alongside a
lightweight baseline variant that omits the linear readout to mirror the proposed block
design. The results demonstrate that ResMLP with embedded single-map modules
works effectively: upon entering the transient expanding regime, it achieves faster con-
vergence and superior performance with nearly 40% reduction of the computational
cost and trainable parameters of the baseline.

Fig. 5¢ summarizes the scaling laws of the baseline and proposed frameworks (p =
1.2, T =1). In deep learning, scaling laws relate performance to compute via a power
law, typically expressed as E(C) = aC~F [68, 69], where E is test error and C denotes
computational cost; a larger exponent P indicates better scaling behavior, showing
lower computational consumption, while a smaller coefficient a reflects improved offset.
In our experiments, we systematically scale frameworks by varying the hidden-layer
width (512, 1024, 2048) and the number of blocks (2, 4, 6). The minimum test error
is recorded every 10 epochs to track how performance improves as compute increases.
Under power-law fitting, the baseline fits as E(C) = (1/6.50 x 1073%)C =345 while
our framework follows E(C) = (1/2.20 x 10737)C %30, This breaks the scaling laws
exhibited by the baseline—at equal resources, our framework exceeds conventional
expectations—thus establishing a new performance—-compute relationship, and offering
a new perspective for developing efficient and scalable computing paradigms.
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Fig. 5 (a) Schematics of the baseline ResMLP and the proposed framework incorporating single-
map modules, in which the original nonlinearity and the linear readout within each block are replaced
by a single-map module. (b) Test accuracy on CIFAR-10 dataset of the proposed framework as a
function of training time at various transient expanding levels (p). The baseline framework serves
as the reference, alongside the lightweight variant (single linear) that retains one linear layer and
a nonlinearity within each block. (¢) Scaling laws and corresponding power-law fits for the baseline
and proposed frameworks. Bx—Nk denotes a model with x blocks and a hidden layer dimension of
k; the number of trainable parameters is given in parentheses. (d) Comparison of test accuracy,
computational cost, and number of trainable parameters.
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3 Discussion

In this study, we introduce a novel unconventional computing framework based
on ASP-RC, which achieves strong expressiveness and high training efficiency, and
validate it on an optoelectronic platform. Training is simplified via SS-DFA, remov-
ing reliance on precise system information and on access to intermediate states,
which ensures practical implementability. Benefiting from the single-map architecture,
requiring no training, and featuring no internal connections, the proposed frame-
work significantly reduces computational cost. Interestingly, the transient expanding
property can be leveraged to enhance performance and accelerate convergence. When
integrated into a modern deep architecture, it challenges conventional scaling laws,
demonstrating outstanding scalability and adaptability.

Beyond the scope of this study, the autonomous state-propagating paradigm
deserves further exploration on two fronts: embedding it within more complex modern
architectures and implementing and evaluating it across diverse physical platforms,
thereby offering a general route to more efficient computation. Current limitations
should be acknowledged: Systematic investigation across larger-scale, multimodal
models, and more complex tasks remains lacking. Fortunately, the block-level, plug-
gable structural characteristic demonstrated here provides a potential pathway for
transitioning to such complex scenarios. Regarding physical implementation, while the
framework exhibits robustness to noise (see Supplementary Information), fully exploit-
ing the benefits of transient expanding property in hardware may require further
analysis and calibration, as hardware-level noise in the expanding regime potentially
differs from conventional assumptions. Although we have validated the approach on
an optoelectronic platform, cross-platform generalization—including analog circuits,
spintronic systems, or compute-in-memory devices—remains an avenue for future
investigation.

Methods

Lyapunov exponent

The Lyapunov exponent is an important tool for measuring the sensitivity of a dynam-
ical system to initial conditions. It characterizes the average rate of divergence of
two initially nearly identical trajectories as they evolve over time. If small perturba-
tions grow at an exponential rate, the system exhibits chaotic behavior [70]. For a
one-dimensional continuous system, the system has only one direction of evolution, so
the Lyapunov exponent itself represents the maximal value. This maximum Lyapunov
exponent (MLE) is derived as:

1
A= lim lim -1In [9(2)]
t—00 |80| 0 |0o]

(6)

where g is the initial perturbation and §(¢) denotes the evolution of the perturbation
after time ¢. The condition |dy| — 0 guarantees the validity of the linear approximation
at any time. For discrete-time systems (e.g., maps or recursive model updating as in
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our model) defined by z,+1 = f(x,) for an orbit starting with z¢, this definition can
be translated as:

Ao nlggoﬁzlnlf ;)| (7)
where f’(x;) denotes the derivative of the system at x;. Lyapunov time, Ty, is a
timescale used to describe the sensitivity of a dynamical system to initial conditions,
reflecting the effective time window for prediction in chaotic systems. It represents
the amount of time after which the system completely loses memory of its initial
perturbations, rendering future states unpredictable (Here we use a one-dimensional
system as an example; high-dimensional systems will be demonstrated later). T, is
typically defined as the reciprocal of the MLE, shown as:

T =5 ®)

However, the MLE and T}, define the global dynamics of the system based on an infinite
timescale and may mask transient instabilities as well as local, finite-time expanding
and chaotic behavior. Therefore, for our model, it is more appropriate to consider a
local-time version of the MLE, known as the finite time maximum Lyapunov exponent
(FTMLE). It is defined as follows:

Ar(zo) = In[f'(z;)| 9)
where 7' denotes the evolution time of the system. Extending to high-dimensional
systems, the propagation of perturbations depends not only on the stretching strength
at the current position but also closely on the direction of the perturbation. Therefore,
the Jacobian matrix needs to be introduced to characterize the linear approximate
transformation at each step. Consider introducing a unit perturbation vector vy at the
initial point zy of the system. Its propagation during the T steps evolution process
can be expressed as the following chain product:

(5$T = J(Z‘T_l) cee J(Jfo)vo (10)
where J(z;) = 0f(x;)/0x is the Jacobian matrix of the system at step 4. In this high-
dimensional system, the FTMLE is defined as the growth rate of perturbations in
the most unstable direction, represented by the maximum singular value of the chain
product matrix as:

AT (xo) = %lnal(J(xT,l)-"J(xo)) (11)

where o1(-) denotes the maximum singular value. In actual calculations, we use sin-
gular value decomposition (SVD) to compute it. On a finite timescale, an FTMLE
greater than 0 indicates that the orbit is sensitive to initial conditions in the short
term, demonstrating expanding and chaotic behavior or transient instability. When
the FTMLE is less than 0, the orbit tends toward an attractor or stable periodic orbit,
indicating that the system has good local stability and is controllable.
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Computational cost and floating point operations (FLOPs)

Computational cost typically refers to the amount of various resources required
during training or inference (such as time, computing power, etc.). In deep learn-
ing, the computational cost of a model is roughly measured using floating point
operations (FLOPs) or multiply-accumulate operations (MACs). FLOPs refer to
the total number of floating-point addition, subtraction, multiplication, and divi-
sion operations performed during a single forward propagation of a model. It is a
hardware-independent theoretical metric that can be used to compare the computa-
tional complexity and efficiency of different model architectures. When calculating
FLOPs, the number of operations in each layer is usually accumulated layer by layer.
In this work, we consider smaller models; so, in addition to matrix operations, we also
take into account the operations of the activation function. The FLOPs of the fully
connected linear layer with the activation function are calculated as follows:

Crc = Cyvm + Cact (12)
=2 X Nip X Nout + Nout (13)

where Cyryvum denotes the FLOPSs for MVMs, C,.t denotes the FLOPs for the activation
function operations, and Nj, and N, represent the input and output dimensions of
this layer, respectively. The coefficient of 2 indicates that during MVM operations,
each output neuron performs one multiplication on Nj, inputs and then accumulates
the results. For our model, we considered two topologies of the reservoir layer. The
first is fully-coupled, whose FLOPs can be calculated as follows:

C1fu11y—coupled =T x (CMVM + Cact) (14)
=T x(2x N?+N) (15)

where T' denotes the iterations of system state evolution, IV represents the number of
nodes in this reservoir layer. The second is the single-map framework, and its FLOPs
are calculated as:

Csingle—map =T x (CMS + Cact) (16)
—2xTxN (17)

where Cyis = N denotes the matrix scalar multiplication derived from s(t) = f(ps(t—
7)). It should be noted that in the single-map framework, MVMs are not included.
These operations are essentially implemented through memory reordering or delay-
line buffering—that is, data transfer rather than floating-point computation—and do
not involve multiplication or addition; thus they are not counted as FLOPs.

Next, consider the total computational cost required for these layers in one epoch
of training. Following [59, 60, 69], the total computational cost Ciota incurred from
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training the fully connected linear layer on E examples for one epoch with BP is as
follows:

Ciotal rec = 3 X Cpc X E (18)
where the coefficient of 3 accounts for the two main stages of the training process,
forward propagation and backward propagation of the error. The FLOPs of backward
propagation are approximately twice those of the forward pass, since gradients must
be computed for both the layer activations (to propagate the error signal upstream)
and the weights (to perform parameter updates). Meanwhile, in the ASP-RC, since
the reservoir layer parameters remain fixed during training, the computational cost
incurred by parameter updates can be ignored. Thus, the FLOPs of the ASP-RC
trained with BP-based methods can be expressed as:

CtotaLRC =2X Cforward x B (19)

where Ciorward denotes the FLOPs incurred during the forward pass.

At the same time, our SS-DFA-trained ASP-RC avoids the accumulated derivative
calculation in error backpropagation by eliminating the access to intermediate states
(as shown in Equation 3), thereby further simplifying the computational cost. For
fully-coupled topology, the Ciota can be simplified to:

Ototal,fully—coupled = (Cfully—coupled +T x2x N2 + N) X K (20)
For the single-map framework, the Ciota) is further updated to:

Ototal,single—map = (Csingle—map + N) X K (21)
where the accumulation of the scaling factor is eliminated further; therefore, the matrix
scalar multiplications are not even required and only the computational cost of f’(-)
operation needs to be considered. From the above equations, it can be seen that the
single-map version trained with SS-DFA can further markedly reduce the computa-
tional cost by completely decoupling the backward pass from the temporal evolution
process. In addition, in our framework, T plays an important role in FLOPs. When
adopting the large p and small T strategy mentioned in Section 2.2, the computational
cost of our framework can be much lower than that of conventional fully connected
networks.

Optoelectronic benchtop

In the setup of Fig. 4a, datasets on a host computer are streamed over a USB link
to an arbitrary waveform generator (AWG; Keysight M8195A; 18 GHz bandwidth; 60
GSa/s). The matrix operation of images and input mask are executed on the stan-
dard electronic computer. The resulting electrical waveform drives a first LiNbOgs
Mach—Zehnder modulator (LN-MZM, Thorlabs LNO5FC; 32 GHz), converting it to
optical intensity that propagates through a single mode fiber-based delay line and
is detected by a photodetector (Finisar XPRV2022; 33 GHz). The detected signal is
amplified by a radio frequency (RF) amplifier (SHF-S807C; 50 GHz). Internal dynam-
ics are tapped via a 50:50 optical splitter and routed to the photodetector (PD)/RF
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chain. Then, the RF signals are again converted to optical signals by second LN-MZM,
making the nonlinear recurrent connection within the optical circuit. Finally, the elec-
trical output is digitized by a real-time oscilloscope (Teledyne, Labmaster 10, 20GHz;
80GSa/s). The feedback gain « can be controlled by changing the variable optical
attenuator value. We set the bias voltage of the first LN-MZM to zero, which sets
the optical intensity within the fiber ring to zero in the absence of input signals. This
enables the initial state to be fixed within the optical reservoir, even in the chaotic
region with high feedback gain. We oversample the input/output signals to reduce the
signal distortion and noise. Therefore, the effective clock rate of the computation is
30GSa/s (half of the sampling rate of the AWG). All the above-described processes
are implemented through a PyTorch-compatible software interface.

Numerical simulation

The benchmark datasets used in this study are publicly available: MNIST (http://
yann.lecun.com/exdb/mnist/); CIFAR-10 (https://www.cs.toronto.edu/~kriz/cifar.
html). The numerical experiments were performed on a dual-socket AMD EPYC 7702
server (2 x 64-core, 128 logical CPUs; base 2.0 GHz, boost enabled; 2 NUMA nodes;
512 MB total L3 cache) equipped with two NVIDIA A100 (40 GB) GPUs. Most
experiments were implemented using our own PyTorch/Python codebase.

Data availability

The benchmark datasets used in this study are publicly available via PyTorch or
TensorFlow. All data and methods necessary to reproduce and evaluate our results
are provided in the main text and the Supplementary Information.

Code availability

Code that is used in this paper is available from the corresponding author on
reasonable request.
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