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semiconductor laser network
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Tong Yang, Li-Yue Zhang*, Song-Sui Li, Wei Pan, Xi-Hua Zou and
Lian-Shan Yan*

Accurately forecasting the high-dimensional chaotic dynamics of semiconductor laser (SL) networks is essential in pho-
tonics research. In this study, we propose a spatiotemporal multiplexed photonic reservoir computing (STM-PRC) archi-
tecture, specifically designed for parallel prediction of the high-dimensional chaotic dynamics in complex SL networks.
This is accomplished by decomposing the prediction task into multiple simplified reservoirs, leveraging the intrinsic topo-
logical characteristics of the network. Additionally, we introduce a dimensionality reduction technique for high-dimension-
al chaotic datasets, which exploits the symmetrical properties of the network topology and cluster synchronization pat-
terns derived from complex network theory. This approach further simplifies the prediction process and enhances the
computational efficiency of the parallel STM-PRC system. The feasibility and effectiveness of the proposed framework
are demonstrated through numerical simulations and corroborated by experimental validation. Our results expand the ap-
plication potential of SL networks in all-optical communication systems and suggest new directions for optical informa-
tion processing.
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Introduction model-based approaches typically involve constructing

Chaotic dynamics generated by semiconductor lasers simplified nonlinear mathematical models derived from

(SLs) have attracted significant attention due to their di- known physical principles or reconstructing the underly-

verse applications. These nonlinear phenomena have ing dynamics from empirical observations'* '*. However,

been extensively studied in areas such as chaotic secure
communication, high-speed physical random number
generation, and photonic neuromorphic computing'~'>.
Over the past decades, various methods have been devel-

oped to predict the chaotic dynamics of SLs. Traditional

these approaches often rely on empirical assumptions
about chaotic systems. Owing to incomplete representa-
tions of key dynamics and limitations in system dimen-
sionality, their application can lead to substantial predic-

tion errors'’.
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To address these limitations, machine learning has
emerged as a powerful data-driven alternative for fore-
casting chaotic behavior. By learning directly from ob-
servational data and leveraging strong nonlinear compu-
tational capabilities, machine learning methods can
achieve accurate predictions in complex systems!®2!,
Among these approaches, reservoir computing (RC) is
particularly notable for its simplicity, computational effi-
ciency, and effectiveness in modeling and predicting
chaotic dynamics®~?*. RC has also been utilized as a state
observer to perform cross-prediction of unmeasured
variables in chaotic SL systems®. As a specialized form of
recurrent neural network, RC typically consists of three
layers: an input layer, a reservoir layer, and an output
layer. The input weights and internal connections of the
reservoir are randomly generated and fixed, while only
the output weights require training through a simple al-
gorithm. This design not only accelerates computation
but also significantly reduces resource requirements. As
a result, RC has been widely applied in forecasting chaot-
ic spatiotemporal sequences, such as those generated by
SLs. Photonic reservoir computing (PRC), inspired by
neurocomputational mechanisms, extends the RC frame-
work by exploiting the nonlinear properties and high-di-
mensional state spaces of optical systems to perform effi-
cient computations”’ 2. A notable implementation of
PRC is time-delay reservoir computing (TDRC), which
employs a nonlinear node to map spatial interactions in-
to temporal sequences, thereby simplifying the hardware
design. Extensive research has demonstrated that TDRC
systems, utilizing semiconductor lasers as nonlinear
physical nodes, can achieve high accuracy in chaotic
time-series prediction tasks**73%. Recent advances have
demonstrated the potential of RC in predicting the
chaotic dynamics of SLs. Numerical studies have success-
fully predicted the amplitudes of upcoming emitted
chaotic pulses®, as well as the continuous intensity time
series and the underlying dynamical behavior of chaotic
SLs*. Furthermore, recent studies have proposed a sin-
gle-node PRC approach that forecasts the chaotic behav-
ior of external cavity SLs based solely on observed data*’.
Experimental validation has also demonstrated the effec-
tiveness of TDRC in predicting chaotic time series gener-
ated by SLs*>*. On the other hand, traditional TDRC has
demonstrated strong performance in predicting chaotic
signals. However, most studies have concentrated on
low-dimensional time series. When directly applied to

https://doi.org/10.29026/0ea.2025.250159

forecasting the high-dimensional dynamics of large com-
plex networks, TDRC often encounters substantial limi-
tations, including reduced prediction accuracy, the re-
quirement for an excessive number of virtual nodes, and
slow information processing. Moreover, regarding
chaotic signals generated by SLs, existing research has
primarily focused on predicting the chaotic dynamics of
isolated SLs, while the prediction of high-dimensional
chaotic signals in SL networks has not yet been thor-
oughly investigated. Therefore, applying RC to achieve
lightweight, high-speed, and accurate prediction of large-
scale complex chaotic systems, such as SL networks,
remains an important direction for further exploration.
In this work, we propose and experimentally validate a
parallel PRC architecture based on spatiotemporal multi-
plexing for accurate forecasting of the high-dimensional
chaotic dynamics in complex SL networks. By exploiting
the intrinsic topological features of the network, the
high-dimensional prediction task is decomposed into
multiple simplified reservoirs operating in parallel, en-
abling enhanced predictive accuracy and computational
efficiency across various network scales. To further facili-
tate hardware implementation, a dimensionality reduc-
tion strategy tailored for high-dimensional chaotic
datasets is introduced based on the inherent symmetry of
network topology. Finally, the feasibility and effective-
ness of the proposed framework are confirmed through

comprehensive experimental validation.

Methodology

Generation of chaotic dynamics in complex SL
network

In this paper, the SL network under consideration is
modeled as a homogeneous and undirected network. Us-
ing graph-theoretic methods from the field of complex
networks, the coupling interactions between SLs are
mathematically represented by an adjacency matrix A.
Specifically, if there exists a mutual coupling link be-
tween lasers SL,, and SL;, the corresponding elements of
the matrix are defined as A,,; = A,,, = 1. Conversely, if
no coupling exists between lasers m and [, the elements
are set to A,,; = A;,, = 0*. The dynamics of each node
in the network are governed by the Lang-Kobayashi
equations®. By incorporating the adjacency matrix into
the model, the rate equations for the SL network are for-
mulated as follows:
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where E,, and N,, are the complex electronic field
and the carrier number of SL,, respectively. a,,
is the linewidth
G, (1) = gINu(t) — NoJ /(1
gain, g¢g=15x10"%ps™!
N, = 1.5 x 108
s=5x10"7

T,.» = 2 ps is photon lifetime, 7,, = 1ns is the coupling

enhancement factor,
+s||E,.(£)]|*) is the optical
differential

is gain,

is transparency carrier density,

is nonlinear saturation coefficient,
delay between SLs, 7, = 1 ns is self-feedback delay, k; ,
is the self-feedback strength, w,, is the reference frequen-
cy corresponding to A = 1550 nm, o,, stands for the uni-
form coupling strength, 8, is spontaneous emission rate,
X,,(t) is the Gaussian noise with unity variance and zero
mean, We note that the results in this work are evaluat-
ed without noise, however the term of noise is presented
to elucidate that the scheme is robust. D, represents the
number of SLs in the network, p;,, is the current factor,
T, = 2 ns is carrier lifetime*. To evaluate the prediction
performance of the proposed STM-PRC architecture in
comparison with the conventional TDRC, we consider a
network composed of 8 SLs as a representative example.
The network topology, as defined by the adjacency ma-
trix A is shown in Fig. 1(a) and Fig. 1(b), respectively,
while Fig. 1(c) presents the corresponding temporal
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waveforms of each SL under the conditions of current
1

factor pg,,=2.5, an optical feedback strength k¢, = 5ns™",

and uniform coupling strength ¢,,= 15 ns™".
Spatial-temporal multiplexing photonic reservoir
computing

We first present the schematic of a conventional TDRC
system used for predicting high-dimensional time series.
As illustrated in Fig. 2, a standard TDRC architecture
consists of three key components: an input layer, a reser-
voir layer, and an output layer. In the input layer, the in-
put signal u(t) € R? is multiplied by an input weight
matrix W;, € RV to generate the input matrix S(t).

S() =u(t) x Wi, ,

W, =y x mask(t) , (3)

where, the mask(t) is a binary random matrix of dimen-
sions d X N with elements drawn from {0.1, 1}%,
where d denotes the dimensionality of the input time se-
ries with d = 8, and N denotes the number of virtual
nodes in TDRC system. Linear scaling of the input ma-
trix is achieved by adjusting the parameter y.

In the reservoir layer, the drive laser is modulated by
input matrix S$(¢) through an intensity modulator and
subsequently injected into the reservoir laser within a
time-delay loop. This delay loop contains N virtual
nodes, spaced by a time interval 8 = 7,/N, where 17, rep-
resents the self-feedback delay time of reservoir laser.
N)
corresponds to the transient response of reservoir laser.

Consequently, each node state X;(t),(i=1,2,...

Over the entire feedback delay time 7, these node states
collectively form a high-dimensional vector. Thus, the
input data S(¢) are nonlinearly mapped into an N-di-
mensional space. Previous studies have shown that
TDRCs do not require a predefined relationship be-

tween the clock cycle and the delay time. This
8
< | s,
sL,
3 SL,
& SL,
> 4t
% I SL,
2 SL,
sL,
SL,
0
71.0 711 71.2 71.3 71.4 71.5
Time (ns)

Fig. 1| (a) Topology of the network for prediction. (b) Adjacency matrix of the SL network. (¢) Dynamical evolution of SLs within the network in a

specific time interval, as shown in (a).
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Fig. 2 | The operation procedure of conventional TDRC.

independence between the two timescales provides
greater flexibility for hardware implementation®’. In this
work, we adopt the classical asynchronous configuration
7, = T+ 6. The dynamics of the optically injected reser-
voir laser can be described by the Lang-Kobayashi equa-
tions as follows*:

dE, (t) 1 +ioc,){GN(Nr(t)_N°) —1}E, )

=-(1
dt 2 ( 1+ &|E (1) Ty

+ ki E, (t — 1,) exp (—i2nfy7,)

+ K E (1) exp (2nAf) + /2B N.(1), (1) |
(4)

dn, (1) N Gy (N () — No) ,
dt *pf,r]th T, 1+e,\E, (t)‘z ‘Er (t)‘ ) (5)

where E,(f) and N,(t) denote the complex electric field
amplitude and the carrier density of the reservoir laser,
respectively. E, (t) = v/I; (1+€“®) /2 is the output of
drive laser which is modulated by S(t), and we employ
intensity modulation to inject the input data into the
reservoir. f3, is spontaneous emission rate, y (f) is the
Gaussian noise with unity variance and zero mean, we
note that the results in this work are evaluated without

noise, however the term of noise is presented to eluci-

date that the scheme is robust. k¢, indicates the self-feed-
back strength of reservoir laser and ki, , describes the in-
jection strength from driver laser. p;, denotes the cur-
rent factor of reservoir laser and Af; is the frequency de-
tuning between drive laser and reservoir laser. The other
typical parameters of the reservoir laser are summarized
in Table 1%.

In the output layer, the output vector y(t + At) € R?
is computed as a linear combination of the state vector
X(#) of the virtual nodes and the output connection

weight matrix W, (f) € R¥Y, expressed as:

P+ AL = Woy x X (1) ©)
To determine the output connection weight matrix
Wou(t), we employ the ridge regression algorithm as

follows:

Wow = (XX + A1) X u(t) 7)

where I denotes the N-dimensional identity matrix and
A is the ridge regression parameter. Typically, the opti-
mal value of 1 is selected via cross-validation based on
test samples to avoid overfitting, and is set to 5 x 107 in
this study.

Although conventional TDRC has demonstrated

Table 1 | Parameter values used for numerical calculation in TDRC and STM-PRC.

Parameter Symbol Value
Photon lifetime Tor 1.927 ps
Carrier lifetime Ts 2.04 ns
Gain saturation & 2.0x1072
Gain coefficient Gn 8.4 x 10713 m3-s~*
Linewidth enhancement factor ar 3
Intensity of light source Id 6.56 x 1020
Threshold current of the response lasers Jin 0.9892 x 103 m=3-s~!
Carrier density at transparency No 1.4 x 102 m=3
Node internal 6 10 ps
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relatively good performance in predicting the chaotic dy-
namics of SLs, its effectiveness is constrained as the di-
mensionality of the input signal increases. While increas-
ing the number of virtual nodes can moderately improve
prediction accuracy, it also significantly hinders process-
ing speed, limiting the system’s scalability and real-time
applicability.

Therefore, we propose a highly efficient spatiotempo-
ral multiplexed photonic reservoir computing (STM-
PRC) framework based on conventional TDRC, as de-
picted in Fig. 3. In this framework, each SL; in the target
network is equipped with its own dedicated reservoir R;
parallelly. In the input layer, the input signal u,,(t) to
each reservoir includes the temporal signal from its asso-
ciated SL; as well as additional signals from directly cou-
pled neighboring SLs of SL;. In this way, the spatial in-
formation of the network topology is multiplexed.
Specifically, the temporal dynamics of a given node serve
as the primary input to the reservoir associated with that
node itself. On the other hand, they are also spatially
multiplexed as supplementary input signals to the reser-
voirs of its directly coupled neighbors. The number of

e e e e e e e e e e e e =

(t+At)

_—— == ——

such neighbors is equal to the node’s degree D;. There-
fore, the input dimensionality is elevated from the tradi-
tional TDRC’s input u(t) € R? to u,,(t) € R”*' now.
Accordingly, the input weight matrix is changed to
Wi, € ROAHDXN,

ui(t)
up,i(t) - Z ucoupled,i(t) ’
Si(t) =ty (£) X W,
Wi, = y x mask;(t) ,

(8)

where, taking the prediction of chaotic dynamics in SLg
as an illustrative example, the inputs to reservoir Rg are
the signal of SLg itself, as well as that of directly connect-
ed neighbors: SL;, SL,, and SL4. Hence, reservoir R¢ pro-
cesses a four-dimensional input dataset defined as
w6 (t) = [us(t), (1), ur(t), us(t)]". The implementa-
tion of reservoir layer in STM-PRC scheme is consistent
with the conventional TDRC model as described previ-
ously. In the output layer, in contrast to conventional
TDRC methods employing a "multi-input, multi-output"
configuration, the proposed parallel STM-PRC architec-
ture adopts a "multi-input, single-output” scheme, where

) (t+00)

{0.1 1) Mask (1)

I [
! 1 |
| ; @ O AN JUILLE |
A 9 \ e ~J VN S(t)=yxu(t)Mask(t) ootical !
! : 3 0 Fitor !
i ) N QUL ottor |
> ( O ACT I it} |
19— %) k— T — !
‘o / NYAYAR VAP T=6xN R
//'I;es?in_g Sh;s; ____________ T 'I_'ra_inag_pﬂa_se_ . _[‘_ TN T T T e T _\ \
, e WA A VREM: Reservoir
¥ (t+AD=3 X0 ! Ridge n
regression

- - - -

(XX XT

Reservoir status matrix 11

I\ =T+0 7

Fig. 3 | Schematic illustration of the STM-PRC architecture. Each node in the SL network is assigned an independent reservoir R;. Reservoir (Rg)

of SLg is highlighted as an example. Its input signal is derived by the corresponding node (SLg) as well as its directly coupled neighbors (SL1,

SL,, and SLg4). This process is the same for each SL in the predicted network. Each reservoir is independently trained to predict the temporal dy-

namics of its associated SL.
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each R, is individually trained to predict the specific dy-
namics of SL;:

Wout,i == (X,'TX,' + AI) 71XiTui(t) 3

)
Yo (t+ At) = Wous X X (8) .

As a result, the "true data" in the output layer consist
exclusively of the one-dimensional time series from the
target SL (in the case of SLe, the "true data" correspond to
us(t)). The output weight matrix W, ; € RN is still
determined using ridge regression. And y, , (f + At) rep-
resents the predicted dynamics of SL; in STM-PRC.
Thus, in parallel STM-PRC mechanism, each reservoir
R; is dedicated to predicting the dynamics of individual
SL, which significantly reduces the number of virtual
nodes required for accurate prediction. This in turn facil-
itates a simplified hardware implementation with im-
proved processing speed. Moreover, the independence
among parallel reservoirs allows for efficient paralleliza-
tion, enhancing scalability and computational efficiency
when applied to large-scale and complex SL networks. In
addition, our extended analysis shows that introducing
indirectly coupled SLs with reduced weights can further
improve prediction performance under certain settings.
Nevertheless, considering both prediction accuracy and
the need to maintain a simple and lightweight architec-
ture, in STM-PRC the input signal is ultimately derived
from the node itself and its directly coupled neighbors.

The proposed STM-PRC scheme and the convention-
al TDRC scheme are evaluated under equivalent compu-
tational resource constraints, both utilizing an equal to-
tal number of virtual nodes N = N, ; x d, while each
configuration employs its respective optimal operational
parameters. The evaluation is based on their ability to
perform one-step-ahead prediction of the chaotic se-
quences in the SL network. To compare the effectiveness
of different prediction schemes, the normalized mean-
square error (NMSE) was employed as a metric for quan-
titatively quantifying the prediction accuracy:

L

Z i (G) = 3 ()
1 j=1

NMSE = —
L o () ,

where j represents the index of each data point in the

(10)

time series, L denotes the length of test set time series,
¥:(j) refers to the data predicted by the STM-PRC sys-
tem for SL;, y,(j) indicates the target values, and o(y;)
represents the variance. The NMSE is obtained by calcu-
lating the average of the NMSE values across all nodes in

the SL network to be predicted, with a lower NMSE val-
ue indicating superior predictive performance. The dy-
namics of the laser network in the dataset were generat-
ed under randomly chosen initial conditions, and the
dataset used in our machine learning task is provided in
supplementary information. Importantly, the prediction
performance of the proposed reservoir remains indepen-
dent of the specific initial conditions.

Results

Figure 4(a, b) compare the prediction performance of
conventional TDRC and parallel STM-PRC architec-
tures for the network shown in Fig. 1(a), using SLe as an
illustrative example. The results clearly demonstrate that
the conventional TDRC yields less accurate predictions
(orange curve in Fig. 4(a)), whereas the STM-PRC pro-
duces highly accurate predicted signals (orange curve in
Fig. 4(b)). Specifically, the STM-PRC architecture
achieves a substantially lower NMSE of 0.0019, com-
pared with 0.0744 for the conventional TDRC. Further-
more, we elucidate that this performance advantage re-
mains consistent across the predictions of all other SLs in
network. As shown in Fig. 4(c, d), the STM-PRC archi-
tecture maintains excellent prediction performance
across all SLs in the network, underscoring its superior
capability in reconstructing chaotic dynamics.

To quantitatively evaluate the advantages of this paral-
lel scheme, Fig.5 investigates the relationship between
the prediction performance, information processing
speed and training dataset size. And to mitigate fluctua-
tions caused by random mask signals, average NMSE
values are obtained from multiple mask realizations.
Firstly, as the number of virtual nodes directly influ-
ences the reservoir's ability to adequately learn the fea-
tures present in the training data, Fig. 5(a) plots the
NMSE as a function of the number of virtual nodes at a
fixed virtual node interval. Specifically, the red numeri-
cal values represent the number of virtual nodes per
reservoir N, ; in the STM-PRC, which is ranging from 20
to 200. While the blue values correspond to the equiva-
lent total number of virtual nodes N in the conventional
TDRC, ranging from 160 to 1600 with N = N,; x d.
Specifically, the information processing rate is defined as
1/T. For the STM-PRC architecture, each reservoir's pro-
cessing time is calculated as T = N, ; x 6. In contrast, for
traditional ~TDRC,  the
T= (N, xd)x8.

The corresponding information processing rates for

processing  time  is

250159-6
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Fig. 4 | Comparison of prediction performance for the chaotic time series of complex SL networks under two reservoir computing configurations.
The blue curve represents the ground truth, the orange curve depicts the predicted output signal, and the green curve illustrates the prediction er-
ror (i.e., the difference between actual and predicted values). (a) Results obtained using a conventional TDRC architecture with 800 virtual
nodes, exemplified by SLe. (b) Results obtained using a parallel STM-PRC architecture, each with 100 virtual nodes, exemplified by SLe. (c)
Comparison of prediction performance across network nodes between the conventional TDRC architecture and the parallel STM-PRC architec-

ture consisting of eight independent reservoirs. (d) A zoomed-in view highlighting the enhanced performance achieved with the parallel STM-

PRC architecture.

STM-PRC and TDRC are illustrated in Fig. 5(b), span-
ning 0.5-5 GSa/s and 0.0625-0.625 GSa/s, respectively.
Since each reservoir R; in the STM-PRC architecture is
dedicated to predicting a single node, the required virtu-
al node count N, ; per reservoir can be relatively small.
As clearly indicated, compared to traditional TDRC, the
STM-PRC architecture achieves higher prediction accu-
racy while significantly reducing the required number of
virtual nodes. This reduction directly contributes to an
approximately eightfold increase in information process-
ing speed. Consequently, parallel STM-PRC mechanism
could achieve an enhanced prediction performance with
an equivalent computational investment compared to
conventional TDRC. Moreover, the size of the training
dataset plays a critical role in balancing prediction accu-
racy and training efficiency. As shown in Fig. 5(c), the
STM-PRC consistently achieves notably lower NMSE
values compared to conventional TDRC, thereby effec-
tively improving training efficiency. Additionally, it can
be found that the NMSE values tend to plateau when the

training length surpasses about 12000 samples, this satu-
ration phenomenon indicates that once the intrinsic
memory capacity of the RC is exceeded, additional train-
ing data no longer contributes to improved prediction
performance, and may even result in overfitting and per-
formance stagnation.

To comprehensively demonstrate the significant ad-
vantages of the proposed STM-PRC architecture, we sys-
tematically compared its predictive performance against
conventional TDRC across the operational parameter
spaces of reservoir lasers ( pfx ki, and Af, X ki, ).
Specifically, each reservoir within the STM-PRC was
configured with the number of virtual nodes N, ; = 100,
while the conventional TDRC utilized a total of N = 800
virtual nodes. Figure 6(a) and 6(b) depict the variations
of the NMSE for TDRC and STM-PRC architectures
within the parameter space defined by current factor p;
and feedback strength k;,. Figure 6(c) and 6(d) further
depict the dependence of NMSE on detuning frequency

Af, and injection strength k;,, under a fixed current
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factor of p; = 0.9. The results clearly indicate that the
STM-PRC architecture achieves accurate predictive per-
formance over a broader parameter range, thereby re-
ducing the need for meticulous parameter tuning and
demonstrating enhanced practicality and robustness. In
addition, the NMSE trends of STM-PRC and conven-
tional TDRC remain largely consistent across compara-
ble parameter intervals. On the one hand, excessively
large feedback strength k;, can trigger strong chaotic dy-
namics, which in turn degrades the predictive perfor-
mance of the reservoir. Conversely, an insufficient cur-
rent factor p; weakens the nonlinear response of the sys-
tem, diminishing its sensitivity to subtle variations in the
input signal and ultimately limiting prediction accuracy.
Moreover, strong optical injection from the drive laser,
together with an appropriate negative frequency detun-
ing between the drive and reservoir lasers, can induce in-
jection locking, thereby stabilizing the system dynamics
and further improving prediction performance.

In addition to the processing speed, training dataset
size and parameter optimization, the complexity of the
high-dimensional dynamics being predicted also im-
pacts prediction accuracy. Even with an identical topolo-

gy, network dynamics with varying complexities show
differences in predictive performance. To address this,

we introduce normalized permutation

m!

PE(m) = — Zp(ﬂr) log(p(m,))/log(m!) as a metric for

r=1

evaluating the complexity of high-dimensional dynam-

entropy

ics, where PE (m) = 0 corresponding to a regular, pre-
dictable dynamics, and PE (m) = 1 to a fully random and
unpredictable one***°. PE is particularly effective for ana-
lyzing time series that exhibit strong nonlinear charac-
teristics and complex dynamic behaviors, and higher val-
ues of PE(m) indicate greater randomness and in-
creased complexity in the SL network. We chose PE over
approximate entropy or fuzzy entropy because it is espe-
cially well-suited for nonlinear and complex signals and
is more robust against small noise perturbations. By con-
trast, approximate entropy often lacks sufficient discrim-
inability for nonlinear dynamics, while fuzzy entropy in-
volves higher computational complexity and is highly
sensitive to the choice of fuzzy parameters, making
cross-scheme comparisons less consistent. In practice,
PE is calculated by reconstructing the time series in
phase space using the embedding dimension m and time
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delay I. In this work, we set m = 3,/ =1 to evaluate the
complexity of the SL network. Figure 7(a—d) explore how
the complexity of network dynamics and prediction ac-
curacy vary with the internal network operating parame-
ters such as linewidth enhancement factor «,,, coupling
strength o, feedback strength k, ¢ and current factor
Pem» respectively. The results clearly indicate that in-
creased parameter values correspond to higher network
complexity (PE) and elevated NMSE. More complex net-
work dynamics place greater demands on the nonlinear
mapping and memory capabilities of the RC system. As a
result, the prediction accuracy declines as the complexi-
ty of the network dynamics increases.

Furthermore, we demonstrate that the STM-PRC pre-
diction scheme is universally applicable to various net-
work topologies, different node degrees and large-scale
networks. Conventional TDRC is a purely data-driven
approach that does not leverage the physical model in-
formation underlying the original data generation. How-
ever, in STM-PRC, we incorporate the coupling relation-
ships between SLs, which allows for the effective capture

of the dynamic behavior of the SL network. As shown in

Fig. 8(a), while the conventional TDRC fails to accurate-
ly predict the dynamics characteristics of a complex net-
work with 20 SLs, STM-PRC maintains high predictive
performance. Meanwhile, to further validate its robust-
ness, we demonstrate that STM-PRC maintains high pre-
dictive accuracy across various settings of network node
degrees, as shown in Fig. 8(b). Additionally, the STM-
PRC scheme decompose the prediction of high-dimen-
sional dynamics into independent simplified RC parallel-
ly, which enables efficient parallelization of the training
process. This lightweight nature provides the system
with excellent scalability, making it adaptable to large-
scale networks. As shown in Fig. 8(c), the prediction per-
formance of conventional TDRC deteriorates rapidly as
the SL network size increases, while STM-PRC consis-
tently maintains stable and high prediction accuracy,
which confirms the generality and scalability of STM-
PRC mechanism.

Dimensionality reduction method for high-
dimensional spatial sequences
The topology of complex SL networks is intimately
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with varying node degrees. (¢) Comparison of prediction performance between TDRC and STM-PRC across SL networks of different sizes.

associated with their synchronization behavior, and ef-
fectively exploiting this property can further reduce the
dimensionality of high-dimensional chaotic data*>!%2
From a group-theoretic perspective, network symme-
tries can be rigorously characterized using permutation
matrices R,. Mathematically, a permutation matrix R,
applied to the network's adjacency matrix A rearranges
the SL nodes without altering the adjacent characteris-
tics, thus satisfying R,A = AR,*. Identifying these sym-
metries and their corresponding orbits enables the divi-
sion of the SL network into distinct synchronized clus-

ters. SLs within each cluster will remain synchronized

under identical initial conditions for the equivalent dy-
namical equations, while stable cluster synchronization
depends on network parameters with random initial
conditions for symmetry breaking. Figure 9(a) illustrates
a network consists of 14 SLs, grouped into five non-trivial
clusters represented by distinct colors C, = {1,2, 4,12},
C,={3,5},C, = {6,7,8,13} ,C, = {9,10} , Cs = {11,14}.
If the AeRY™  and

A, € RM*M(where N is the number of network nodes

adjacency  matrix

and M is the number of synchronized clusters), then

Agnn = ZAij,i € C,,.. Here, the adjacency matrix A is

J€Cn
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chronization phenomena in SL network.

reduced to A, as shown in Fig. 9(b). Figure 9(c) shows
that, despite the presence of 14 individual SLs, the net-
work outputs converge to five isolated dynamical trajec-
tories, indicating stable isochronous synchronization
within each cluster. We show that leveraging these inher-
ent symmetries could simplify the complex coupling re-
lationships, effectively reducing the dimensionality of the
chaotic time-series prediction task and thereby enhanc-
ing computational efficiency. Figure 9(d) illustrates the
practical utility of this concept by employing only five
parallel TDRC systems to accurately forecast the dynam-
ics of the SL network shown in Fig. 9(a), thereby demon-
strating that synchronization-based dimensionality re-
duction enables precise prediction of SL network dynam-
ics with fewer parallel reservoirs. This approach pre-
serves high prediction accuracy while enhancing compu-
tational efficiency and optimizing resource utilization in
the STM-PRC configuration, thereby making hardware

implementation more feasible and practical.

Experimental demonstration

Figure 10 illustrates the all-fiber STM-PRC experimental
setup based on SLs for predicting the chaotic dynamics
of each node in SL networks. A distributed feedback laser

(DFB, KG-BF-1550-F-S-FA) is utilized as the drive laser
(DL). The output of DL passes through an optical isola-
tor (OI) to suppress back reflections, preserving laser sta-
bility and output beam quality. A polarization controller
is then implemented to align the polarization state of the
optical signal, thereby reducing polarization-related loss-
es and improving system efficiency. An arbitrary wave-
form generator (AWG, M8195A, 65GSa/s) synthesizes
the masked input signal, which is subsequently intensity-
modulated onto the optical carrier using a Mach-Zehn-
der modulator (MZM). The MZM is accurately biased at
its quadrature point through precise voltage adjustments
to ensure optimal modulation stability and performance.
The modulated optical signal is amplified by an erbium-
doped fiber amplifier (EDFA) and then split by a 20:80
optical coupler (OC). One branch is directed towards a
power meter (PM) for real-time monitoring, and the
other branch injects the signal into a reservoir laser
through a circulator. On the other hand, the output of
the reservoir laser is subsequently split by a 50:50 OC,
with one portion fed back into the reservoir loop
through a 20:80 OC as a self-feedback and the other di-
rected to a photodetector (PD). The detected signal is
recorded using a high-speed digital signal analyzer
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Fig. 10 | Schematic of the experimental STM-PRC setup for each node.

(Agilent, DSA91304, 40 GSa/s). Both injected and self-
feedback optical signal intensities are meticulously con-
trolled using variable optical attenuators (VOA) and ver-
ified with a power meter to maintain experimental
precision.

During the experimental process, the optical delay of
the reservoir laser was fixed at 77.3 ns, with the tempera-
tures of the drive laser and the reservoir laser main-
tained at 23 °C and 21.9 °C, and the bias currents were
set to be 25 mA and 5 mA, respectively. The optical spec-
trum was measured by an optical spectrum analyzer
(Yokogawa), with the central wavelengths of the drive
laser and reservoir laser being 1548.752 nm and 1548.658
nm, respectively. Regarding the implementation of the
reservoir, the conventional TDRC employing a "multi-
input, multi-output” configuration with u(t) € R® and
y(t+ At) € R® for the prediction of high-dimensional
chaotic dynamics of complex SL networks in Fig. 1(a). In
contrast, the STM-PRC decomposes the prediction into
8 independent simplified RC parallelly with
u,;(t) € R”* and y,; (t+ At) € R'. Considering exper-
imental simplicity, instead of constructing eight separate
reservoirs, the STM-PRC experiment was implemented
using a single simplified RC, with eight different input
signals corresponding to the input information of the
eight nodes.

To demonstrate the effectiveness of the STM-PRC
scheme for forecasting of the high-dimensional spa-
tiotemporal dynamics generated by SL network. Figure
11 experimentally compares the prediction performance
between conventional TDRC and STM-PRC configura-
tions across variations in key experimental parameters,

including injection strength ki, ,, feedback strength k;,,
detuning frequency Af., and bias current J. The blue line
denotes NMSE values obtained from the conventional
TDRC, while red line plots represent NMSE results from
our parallel configuration consisting of eight SLs. Experi-
mental results illustrate the parallel STM-PRC configura-
tion consistently maintains high predictive accuracy
across diverse experimental conditions. This robust per-
formance underscores the enhanced flexibility and capa-
bility of STM-PRC in accommodating parameter varia-
tions. Consequently, these findings confirm the superior
predictive efficiency and accuracy of STM-PRC over
conventional isolated TDRC, highlighting its potential
for effectively modeling and forecasting complex SL net-
work dynamics.

To further validate the generality of STM-PRC, we
evaluate its performance on high-dimensional chaotic
time series generated from a physical experimental sys-
tem. As depicted in Fig. 12, the experimental setup for
generating high-dimensional chaotic dynamics compris-
es a SL network consisting of three SLs. Specifically, SL;
(DFB, KG-BF-1550-F-S-FA) operates at a central wave-
length of 1549.382 nm with a bias current of 10 mA. In
contrast, SL, and SL3 (KG-BF-1550-F-S-FA) is tuned to a
slightly shifted central wavelength of 1549.386 nm, while
retaining the same bias current of 10 mA. SL; is mutual-
ly coupled to SL, and SL3 as shown in Fig. 13(a) and the
coupling strength between these lasers is precisely con-
trolled using variable optical attenuators. Each of the
three SL outputs is independently detected by a photode-
tector (PD) and subsequently sampled using a
high-speed digital signal analyzer (Agilent, DSA91304,
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Fig. 12 | The experimental setup for synchronization of an undirected SL network consisting of three SLs.

40 GSa/s). sess the stability of cluster synchronization in SL net-

Furthermore, to validate the feasibility of the pro- work. This function is defined by calculating the correla-
posed dimensionality reduction method, the cross-corre- tion coefficient between the dynamics of the SLs within
lation function (CCF) is introduced to quantitatively as- the same cluster, as expressed in Eq. (11):
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Chup=
(L (t+ A1) — (L (1 + A1) - (1, (1) — (L, (£))))
VAL (4 80 = (1, (4 80)) - (1 (1) = (1, (1))
(11)
where I,, = |E,(t)’| and I, = |E;(t)’| represent the opti-
cal intensity of SL, and SLj3 respectively, (-) stands for

)

time averaging, At is the varying shift time. The maxi-
mum value of the CCF represents the degree of correla-
tion in the range of At = [—20 ns, —20 ns]. Figure 13(b)
presents the dynamical evolution of SL; and SL3 under
the aforementioned operating conditions. As observed in
Fig. 13(c), isochronous between SL, and SL3; within the
same cluster is achieved, as evidenced by the overlap-
ping of chaotic trajectories. Consequently, the complexi-
ty of forecasting tasks within this SL network can be ef-
fectively simplified, reducing from the prediction of
three separate chaotic time series to forecasting the dy-
namics of two synchronized clusters.

Figure 14 presents the predictive performance of the
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1 1 | 1
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STM-PRC architecture for two synchronized clusters:
C = {1} and G, = {2,3}. In C,, since SL; and SLj are
already synchronized, we only need to predict the out-
put of either SL, or SL3. Specifically, Fig. 14(a) shows the
prediction results for SL; in cluster C,, while Fig. 14(b)
presents the prediction results for SL, in cluster C,,
which can also represent SL3. The achieved prediction
accuracies, measured by NMSE, are 0.032 and 0.0219, re-
spectively. These results confirm the feasibility of syn-
chronized dimensionality reduction, enabling significant
simplification of the parallel STM-PRC structure while
preserving high prediction accuracy. This approach fur-
ther enhances the system's computational efficiency.

Conclusions

In this work, we propose and experimentally validate a
STM-PRC architecture based on spatiotemporal multi-
plexing for accurate forecasting of high-dimensional
chaotic dynamics in complex SL networks. By leveraging
the intrinsic network topological characteristics, we
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Fig. 14 | The prediction performance of the two synchronized clusters. (a) Cluster C1 = {1}. (b) Cluster C; = {2, 3}.
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strategically decompose the high-dimensional predic-
tion task into parallel, simplified, and independent reser-
voir computing modules. This approach effectively ad-
dresses the challenges associated with predicting high-di-
mensional chaotic dynamics, enabling both accelerated
processing and hardware-friendly implementation.
Moreover, a dimensionality reduction method based on
network symmetry and synchronization theory is intro-
duced to significantly reduce the complexity of chaotic
time-series prediction, thereby enhancing the computa-
tional efficiency of STM-PRC and enabling its scalable
deployment in large-scale photonic systems. Finally, the
generality of the STM-PRC architecture is validated
through the prediction of high-dimensional chaotic dy-
namics experimentally generated in SL networks. Chaot-
ic optical communication offers significant potential for
physical-layer secure transmission but is currently con-
strained by hardware mismatches and synchronization
challenges in high-speed, long-distance links. To over-
come these limitations, AI-based chaotic optical commu-
nication schemes®**> have been developed, which are
compatible with high-speed coherent optical fiber sys-
tems and can enhance transmission security with low
complexity and cost. Looking forward, as next-genera-
tion optical networks evolve toward increased complexi-
ty and heterogeneity, the ability to predict the spatiotem-
poral dynamics of SL networks could provide valuable
opportunities for advancing chaos-based all-optical se-
cure communication.

References

1. Chen RX, Shu HW, Shen BT et al. Breaking the temporal and
frequency congestion of LiDAR by parallel chaos. Nat Photon-
ics 17, 306-314 (2023).

2. Tang X, Xia GQ, Ran C et al. Fast physical random bit genera-
tion based on a broadband chaotic entropy source originated
from a filtered feedback WRC-FPLD. /IEEE Photonics J 11,
7800710 (2019).

3. Argyris A, Syvridis D, Larger L et al. Chaos-based communica-
tions at high bit rates using commercial fibre-optic links. Nature
438, 343-346 (2005).

4. Jiang N, Wang YJ, Zhao AK et al. Simultaneous bandwidth-en-
hanced and time delay signature-suppressed chaos generation
in semiconductor laser subject to feedback from parallel cou-
pling ring resonators. Opt Express 28, 1999—-2009 (2020).

5. Xiang SY, Shi YC, Guo XX et al. Hardware-algorithm collabora-
tive computing with photonic spiking neuron chip based on an
integrated Fabry-Perot laser with a saturable absorber. Optica
10, 162-171 (2023).

6. Wang LS, Wang JL, Wu YS et al. Chaos synchronization of
semiconductor lasers over 1040-km fiber relay transmission with
hybrid amplification. Photonics Res 11, 953-960 (2023).

7. Liu HX, Pan BC, Huang YS et al. Ultra-compact lithium niobate

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

250159-15

photonic chip for high-capacity and energy-efficient wavelength-
division-multiplexing transmitters. Light Adv Manuf 4, 13 (2023).
Guo Y, Cai Q, Li P et al. Ultrafast and real-time physical ran-
dom bit extraction with all-optical quantization. Adv Photonics 4,
035001 (2022).

Wei C, Yu YR, Wang ZY et al. Ultra-wideband waveguide-cou-
pled photodiodes heterogeneously integrated on a thin-film lithi-
um niobate platform. Light Adv Manuf 4, 30 (2023).

Xiang SY, Shi YC, Zhang YH et al. Photonic integrated neuro-
synaptic core for convolutional spiking neural network. Optfo-
Electron Adv 6, 230140 (2023).

Deng Y, Fan ZF, Zhao BB et al. Mid-infrared hyperchaos of in-
terband cascade lasers. Light Sci Appl 11, 7 (2022).

Kanno K, Uchida A, Bunsen M. Complexity and bandwidth en-
hancement in unidirectionally coupled semiconductor lasers with
time-delayed optical feedback. Phys Rev E 93, 032206 (2016).
Zhao AK, Jiang N, Peng JF et al. Parallel generation of low-cor-
relation wideband complex chaotic signals using CW laser and
external-cavity laser with self-phase-modulated injection. Opfo-
Electron Adv 5, 200026 (2022).

Li XZ, Zhuang JP, Li SS et al. Randomness evaluation for an
optically injected chaotic semiconductor laser by attractor recon-
struction. Phys Rev E 94, 042214 (2016).

Li NQ, Zunino L, Locquet A et al. Multiscale ordinal symbolic
analysis of the Lang-Kobayashi model for external-cavity semi-
conductor lasers: a test of theory. IEEE J Quantum Electron 51,
2200206 (2015).

Miranian A, Abdollahzade M. Developing a local least-squares
support vector machines-based neuro-fuzzy model for nonlin-
ear and chaotic time series prediction. IEEE Trans Neural Netw
Learn Syst 24, 207-218 (2013).

Chakraborty K, Mehrotra K, Mohan CK et al. Forecasting the
behavior of multivariate time series using neural networks. Neu-
ral Netw 5, 961-970 (1992).

Karunasinghe DSK, Liong SY. Chaotic time series prediction
with a global model: artificial neural network. J Hydrol 323,
92-105 (2006).

De Oliveira KA, Vannucci A, da Silva EC. Using artificial neural
networks to forecast chaotic time series. Phys A Stat Mech Ap-
pl 284, 393—404 (2000).

Sun Y, Zhang LY, Yao MH. Chaotic time series prediction of
nonlinear systems based on various neural network models.
Chaos Solitons Fractals 175, 113971 (2023).

Ramadevi B, Bingi K. Chaotic time series forecasting approach-
es using machine learning techniques: a review. Symmetry 14,
955 (2022).

Pathak J, Hunt B, Girvan M et al. Model-free prediction of large
spatiotemporally chaotic systems from data: a reservoir comput-
ing approach. Phys Rev Lett 120, 024102 (2018).

Srinivasan K, Coble N, Hamlin J et al. Parallel machine learning
for forecasting the dynamics of complex networks. Phys Rev
Lett 128, 164101 (2022).

Weng TF, Yang HJ, Gu CG et al. Synchronization of chaotic
systems and their machine-learning models. Phys Rev E 99,
042203 (2019).

Li XZ, Yang B, Zhao S et al. On prediction of chaotic dynamics
in semiconductor lasers by reservoir computing. Opt Express
31, 40592-40603 (2023).

Cunillera A, Soriano MC, Fischer |. Cross-predicting the dynam-
ics of an optically injected single-mode semiconductor laser us-
ing reservoir computing. Chaos 29, 113113 (2019).

Appeltant L, Soriano MC, Van der Sande G et al. Information


https://doi.org/10.1038/s41566-023-01158-4
https://doi.org/10.1038/s41566-023-01158-4
https://doi.org/10.1038/s41566-023-01158-4
https://doi.org/10.1038/nature04275
https://doi.org/10.1364/OE.385889
https://doi.org/10.1364/OPTICA.468347
https://doi.org/10.1364/PRJ.478487
https://doi.org/10.29026/oea.2023.230140
https://doi.org/10.29026/oea.2023.230140
https://doi.org/10.29026/oea.2023.230140
https://doi.org/10.1038/s41377-021-00697-1
https://doi.org/10.1103/PhysRevE.93.032206
https://doi.org/10.29026/oea.2022.200026
https://doi.org/10.29026/oea.2022.200026
https://doi.org/10.29026/oea.2022.200026
https://doi.org/10.1103/PhysRevE.94.042214
https://doi.org/10.1109/TNNLS.2012.2227148
https://doi.org/10.1109/TNNLS.2012.2227148
https://doi.org/10.1016/S0893-6080(05)80092-9
https://doi.org/10.1016/S0893-6080(05)80092-9
https://doi.org/10.1016/j.jhydrol.2005.07.048
https://doi.org/10.1016/S0378-4371(00)00215-6
https://doi.org/10.1016/S0378-4371(00)00215-6
https://doi.org/10.1016/S0378-4371(00)00215-6
https://doi.org/10.1016/j.chaos.2023.113971
https://doi.org/10.3390/sym14050955
https://doi.org/10.1103/PhysRevLett.120.024102
https://doi.org/10.1103/PhysRevLett.128.164101
https://doi.org/10.1103/PhysRevLett.128.164101
https://doi.org/10.1103/PhysRevE.99.042203
https://doi.org/10.1364/OE.504792
https://doi.org/10.1063/1.5120822
https://doi.org/10.29026/oea.2025.250159

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Yang T et al. Opto-Electron Adv 8, 250159 (2025)

processing using a single dynamical node as complex system.
Nat Commun 2, 468 (2011).

Cai Q, Guo Y, Li P et al. Modulation format identification in fiber
communications using single dynamical node-based photonic
reservoir computing. Photonics Res 9, B1-B8 (2021).

Shen YW, Li RQ, Liu GT et al. Deep photonic reservoir comput-
ing recurrent network. Optica 10, 1745-1751 (2023).

Bueno J, Maktoobi S, Froehly L et al. Reinforcement learning in
a large-scale photonic recurrent neural network. Optica 5,
756-760 (2018).

Zhou CD, Huang Y, Yang YG et al. Streamlined photonic reser-
voir computer with augmented memory capabilities. Opto-Elec-
tron Adv 8, 240135 (2025).

Tan XS, Hou YS, Wu ZM et al. Parallel information processing
by a reservoir computing system based on a VCSEL subject to
double optical feedback and optical injection. Opt Express 27,
26070-26079 (2019).

Cai DY, Huang Y, Yang YG et al. Enhanced performances of
photonic reservoir computing using a semiconductor laser with
random distributed optical feedback. Opt Lett 48, 6392-6395
(2023).

Yang YG, Zhou P, Mu PH et al. Time-delayed reservoir comput-
ing based on an optically pumped spin VCSEL for high-speed
processing. Nonlinear Dyn 107, 2619-2632 (2022).

Li XY, Jiang N, Zhang Q et al. Performance-enhanced time-de-
layed photonic reservoir computing system using a reflective
semiconductor optical amplifier. Opt Express 31, 28764-28777
(2023).

Guo XX, Xiang SY, Cao XY et al. Experimental and numerical
demonstration of hierarchical time-delay reservoir computing
based on cascaded VCSELs with feedback and multiple injec-
tions. Sci China Inf Sci 67, 122403 (2024).

Hasegawa H, Kanno K, Uchida A. Parallel and deep reservoir
computing using semiconductor lasers with optical feedback.
Nanophotonics 12, 869-881 (2023).

Li SS, Li JW, Zou XH et al. Photonic reservoir computing using
a self-injection locked semiconductor laser under narrowband
optical feedback. Opt Lett 48, 2006—2009 (2023).

Amil P, Soriano MC, Masoller C. Machine learning algorithms
for predicting the amplitude of chaotic laser pulses. Chaos 29,
113111 (2019).

Li XZ, Sheng B, Zhang M. Predicting the dynamical behaviors
for chaotic semiconductor lasers by reservoir computing. Opt
Lett 47, 2822-2825 (2022).

Kai C, Li P, Yang Y et al. Forecasting the chaotic dynamics of
external cavity semiconductor lasers. Opt Lett 48, 1236-1239
(2023).

Guo XX, Zhou HX, Xiang SY et al. Short-term prediction for
chaotic time series based on photonic reservoir computing us-
ing VCSEL with a feedback loop. Photonics Res 12, 1222—1230
(2024).

Zhang LY, Huang CK, Li SS et al. Heterogeneous forecasting of
chaotic dynamics in vertical-cavity surface-emitting lasers with
knowledge-based photonic reservoir computing. Photonics Res
13, 728-736 (2025).

Zhang LY, Pan W, Yan LS et al. Cluster synchronization of cou-

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

https://doi.org/10.29026/0ea.2025.250159

pled semiconductor lasers network with complex topology. |IEEE
J Sel Top Quantum Electron 25, 1501007 (2019).

Lang R, Kobayashi K. External optical feedback effects on semi-
conductor injection laser properties. IEEE J Quantum Electron
16, 347-355 (1980).

Kuriki Y, Nakayama J, Takano K et al. Impact of input mask sig-
nals on delay-based photonic reservoir computing with semicon-
ductor lasers. Opt Express 26, 5777-5788 (2018).

Tang JY, Lin BD, Shen YW et al. Asynchronous photonic time-
delay reservoir computing. Opt Express 31, 2456-2466 (2023).
Zhang LY, Peng L, Li SS et al. Hybrid parallel photonic reser-
voir computing with accelerated data processing speed. Opt
Laser Technol 175, 110830 (2024).

Bandt C, Pompe B. Permutation entropy: a natural complexity
measure for time series. Phys Rev Lett 88, 174102 (2002).
Xiang SY, Pan W, Yan LS et al. Quantifying chaotic unpre-
dictability of vertical-cavity surface-emitting lasers with polar-
ized optical feedback via permutation entropy. /EEE J Sel Top
Quantum Electron 17, 1212-1219 (2011).

Zhang LY, Motter AE, Nishikawa T. Incoherence-mediated re-
mote synchronization. Phys Rev Lett 118, 174102 (2017).

Liu SQ, Jiang N, Zhao AK et al. Secure optical communication
based on cluster chaos synchronization in semiconductor lasers
network. /EEE Access 8, 11872-11879 (2020).

Pecora LM, Sorrentino F, Hagerstrom AM et al. Cluster synchro-
nization and isolated desynchronization in complex networks
with symmetries. Nat Commun 5, 4079 (2014).

Jiang L, Feng JC, Yan LS et al. Chaotic optical communications
at 56 Gbit/s over 100-km fiber transmission based on a chaos
generation model driven by long short-term memory networks.
Opt Lett 47, 2382-2385 (2022).

Feng JC, Jiang L, Sun JH et al. 256 Gbit/s chaotic optical com-
munication over 1600 km using an Al-based optoelectronic os-
cillator model. J Lightwave Technol 42, 2774-2783 (2024).

Acknowledgements

This work was supported in part by National Natural Science Foundation of
China under Grant (Nos. 62431024, U22A2089, 62375228), Sichuan Sci-
ence Fund for Distinguished Young Scholars (2023NSFSC1969), Funda-
mental Research Funds for the Central Universities (2682025ZTPY058).

Author contributions

T. Yang and L. Y. Zhang contributed to the idea, conducted the experi-

ments and the writing of the manuscript. L. S. Yan, L. Y. Zhang, and S. S. Li

supervised and directed the research. L. S. Yan, W. Pan, and X. H. Zou were

responsible for funding acquisition. All authors discussed the results and

commented on the manuscript.

Competing interests

The authors declare no competing financial interests.

Supplementary information

Supplementary information for this paper is available at
https://doi.org/10.29026/0ea.2025.250159

250159-16

Scan for Article PDF


https://doi.org/10.1038/ncomms1476
https://doi.org/10.1364/PRJ.409114
https://doi.org/10.1364/OPTICA.506635
https://doi.org/10.1364/OPTICA.5.000756
https://doi.org/10.29026/oea.2025.240135
https://doi.org/10.29026/oea.2025.240135
https://doi.org/10.29026/oea.2025.240135
https://doi.org/10.29026/oea.2025.240135
https://doi.org/10.1364/OE.27.026070
https://doi.org/10.1364/OL.506633
https://doi.org/10.1007/s11071-021-07140-5
https://doi.org/10.1364/OE.495697
https://doi.org/10.1007/s11432-022-3618-3
https://doi.org/10.1515/nanoph-2022-0440
https://doi.org/10.1364/OL.485755
https://doi.org/10.1063/1.5120755
https://doi.org/10.1364/OL.459638
https://doi.org/10.1364/OL.459638
https://doi.org/10.1364/OL.480874
https://doi.org/10.1364/PRJ.517275
https://doi.org/10.1364/PRJ.538181
https://doi.org/10.1109/JQE.1980.1070479
https://doi.org/10.1364/OE.26.005777
https://doi.org/10.1364/OE.478728
https://doi.org/10.1016/j.optlastec.2024.110830
https://doi.org/10.1016/j.optlastec.2024.110830
https://doi.org/10.1103/PhysRevLett.88.174102
https://doi.org/10.1109/JSTQE.2010.2091397
https://doi.org/10.1109/JSTQE.2010.2091397
https://doi.org/10.1103/PhysRevLett.118.174102
https://doi.org/10.1109/ACCESS.2020.2965960
https://doi.org/10.1038/ncomms5079
https://doi.org/10.1364/OL.456258
https://doi.org/10.1109/JLT.2024.3352892
https://doi.org/10.29026/oea.2025.250159
https://doi.org/10.29026/oea.2025.250159

	Introduction
	Methodology
	Generation of chaotic dynamics in complex SL network
	Spatial-temporal multiplexing photonic reservoir computing

	Results
	Dimensionality reduction method for high-dimensional spatial sequences
	Experimental demonstration

	Conclusions
	References

