A% .
> photonics

Article

Optical Mask Generation Based on State-Switching Dynamics
for Time-Delay Reservoir Computing

Tong Zhao 123*, Tianpei Cui 12, Baofeng Feng 2, Zhimin Bai 2, Pengfa Chang 23, Lijun Qiao 23, Su Yan ¢

and Xiaopeng Fan 23

Received: 9 June 2026
Revised: 29 June 2026
Accepted: 30 June 2026
Published: 1 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

1 Key Laboratory of Advanced Transducers and Intelligent Control System Ministry of Education,
Taiyuan University of Technology, Taiyuan 030024, China; 2023521634@link.tyut.edu.cn (T.C.);
2023521636@link.tyut.edu.cn (B.E.); 2023521623@link.tyut.edu.cn (Z.B.)

2 College of Physics and Optoelectronics, Taiyuan University of Technology, Taiyuan 030024, China;
changpengfa@tyut.edu.cn (P.C.); qiaolijun@tyut.edu.cn (L.Q.); xiaopengfan@tyut.edu.cn (X.E.)

3 Shanxi Key Laboratory of Precision Measurement Physics, Taiyuan University of Technology,
Taiyuan 030024, China

4 Fenyang Fengyuan Grid Co., Ltd., Fenyang 032200, China; yansu8247@163.com

Correspondence: zhaotong@tyut.edu.cn

Abstract

In time-delay reservoir computing (TDRC), mask signal generation techniques in the in-
put layer remain a key factor limiting system integration. In this study, we propose an
optical mask generation scheme based on steady—quasi-periodic state switching (S-QPS)
dynamics in a semiconductor laser with optical feedback. Experimentally generated S-
QPS signals are applied to a TDRC system as mask signals, and the system performance
is evaluated using the Santa Fe chaotic time-series prediction task. S-QPS signals are nu-
merically generated based on the Lang-Kobayashi rate equations. The optimal normal-
ized mean square error is 0.027. An analysis of the factors affecting system performance
is carried out. The results indicate that period offset has a limited impact on system per-
formance. In contrast, noise-induced amplitude fluctuations have a more pronounced im-
pact. These results provide insights into the use and optimization of S-QPS signals for
optical mask generation in TDRC systems.

Keywords: mask signal generation; steady—quasi-periodic state switching; time-delay
reservoir computing; semiconductor laser with optical feedback

1. Introduction

Reservoir computing is a simplified recurrent neural network in which only the out-
put weights need to be trained [1-3], and it has been widely applied in time-series predic-
tion, speech recognition, and financial forecasting [4-6]. Subsequently, time-delay reser-
voir computing (TDRC) replaces multiple physical nodes using a single nonlinear node
with a delayed feedback loop, significantly reducing hardware implementation complex-
ity [7-9]. Thus, TDRC has attracted widespread attention and research interest.

A typical TDRC system consists of three parts: an input layer, a reservoir layer, and
an output layer. With the assistance of appropriate optical and electronic auxiliary mod-
ules, the reservoir and output layers can achieve a high degree of hardware integration
[10-16]. Meanwhile, the technique of mask generation restricts the integration of the input
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layer, thereby hindering the hardware implementation of TDRC systems. As an indispen-
sable component of the input layer, the mask induces complex transient responses and
enhances the computational capability of the TDRC system [17]. Previous studies on mask
signal mainly focused on the influence of different mask formats on the performance of
TDRC, such as optimized binary [18], six-level [19], chaotic [20], or colored-noise [17]
mask signals. To meet the requirements for periodicity and sufficient intra-period numer-
ical diversity in the mask signal, most TDRC schemes have relied on high-bandwidth ar-
bitrary waveform generators (AWG) to generate mask signals, which are costly and func-
tionally redundant. With the continuous maturation of TDRC and related hardware tech-
nologies, researchers urgently need to explore the generation of the mask signal to pro-
mote the TDRC system integration. Specifically, the all-optical mask signal will be seam-
lessly integrated with photonic TDRC for high-speed information processing.

In 2016, Duport et al. demonstrated that mask signals could be generated by feeding
two continuous-wave radio frequency (RF) tones into a modulator [21]. In 2021, Argyris
etal. generated quasi-sinusoidal signals using a semiconductor laser with optical feedback
(SL-OF) and produced mask signals by adjusting the strengths of different frequency com-
ponents in the microwave domain through multiple electrical amplifiers [22]. Subse-
quently, Yue et al. realized mask generation in 2022 and 2024 by combining a mode-locked
laser with dispersion elements, realizing it in an optical spectral filter and a Mach-
Zehnder interferometer or a three-section fiber structure, respectively [23,24]. In 2025,
Chen et al. utilized a sinusoidal signal to modulate the pump current of the SL-OF to gen-
erate periodic complex signals as mask signals [25]. Meanwhile, Bauwens et al. designed
a space-time hybrid TDRC architecture, in which the input masking function is imple-
mented using a passive spatially distributed photonic network [26]. However, the com-
plexity of the device and the slow cycle of the mask limit the processing speed of the
TDRC. On the other hand, researchers have attempted to design mask-free TDRC archi-
tectures in order to bypass the difficulty of mask generation [27,28], but the generality still
needs to be discussed. Therefore, exploring efficient mask generation schemes continues
to be a key issue in current research for TDRC.

We find that the “steady—quasi-periodic state switching” (S-QPS) dynamic states no-
ticed by Dong et al. in the SL-OF system [29,30] are highly consistent with the fundamental
requirements of mask signals. The S-QPS behavior has been verified through both exper-
iments and numerical simulations in multiple types of semiconductor laser [31-33]. The
controllable periodicity and rich numerical diversity within their quasi-periodic segments
have motivated us to explore the S-QPS signal as a mask in TDRC systems to replace the
conventional AWG-based approach.

Moreover, compared with existing mask generation schemes, the S-QPS-based ap-
proach offers the following specific advantages: (1) High integrability. It is difficult to in-
tegrate AWG with photonic chips, whereas the 5-QPS scheme relies solely on a single
optical-feedback laser with a small size and low power consumption, enabling direct on-
chip integration. (2) High generation rate. AWG-based, RF, and pump-modulated
schemes [21,25] are all constrained by electronic bandwidth, while mode-locked schemes
[23,24] are limited by low repetition rates; in contrast, the S-QPS signal is directly gener-
ated by the SL-OF, fully matching the high-speed processing capability of TDRC. (3) Low
hardware complexity. Frequency adjustment schemes [22] require additional amplifica-
tion and attenuation modules, mode-locked schemes [23,24] introduce additional filtering
modules, and the passive spatially distributed photonic network [26] relies on complex
waveguide arrays; in contrast, the S-QPS scheme requires only a simple optical feedback
structure, without any additional functional modules. (4) High numerical diversity. The
RF scheme [21] provides limited dynamic complexity, while the quasi-periodic segments
of the S-QPS signal introduce rich numerical diversity. (5) Optical domain generation. RF,
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frequency adjustment, and pump-modulated schemes [21,22,25] rely on electrical modu-
lation, whereas the S-QPS signal is generated entirely in the optical domain and requires
no additional electronic modules, avoiding electro-optic conversion losses and electronic
bottlenecks. In summary, the S-QPS mask scheme combines high integrability, fast gener-
ation rate, low complexity, rich numerical diversity, and optical domain generation, serv-
ing as an ideal candidate to replace traditional AWG for fully integrated all-optical TDRC
systems.

In this study, we first evaluate the performance of TDRC using experimentally gen-
erated S-QPS signals for masking. Subsequently, the stability of S-QPS-based mask signals
in both the phase and amplitude dimensions is analyzed; furthermore, we elucidate how
these factors influence the prediction performance of TDRC. This study provides new in-
sights into mask generation and lays a foundation for further optimization in TDRC’s
practical applications.

2. Evaluation of the Applicability of the Mask
2.1. Mask Generation

The schematic of the S-QPS signal generation experimental setup is shown in Figure
1. The bias current and temperature of the laser are controlled by a current source (LDX-
3412, ILX Lightwave, Bozeman, MT, USA) and a temperature controller (LDT-5416, ILX
Lightwave, Bozeman, MT, USA), respectively. The optical output of the semiconductor
laser is split into two paths by an 80:20 fiber coupler (FC). One portion (80%) of the light
is reflected by a fiber mirror (FM) and then fed back into the laser to induce nonlinear
dynamical behavior. A polarization controller (PC) is used to match the polarization of
the feedback light with the laser, and a variable optical attenuator (VOA) is used to adjust
the feedback power. The feedback ratio ¢ is defined as the ratio of the feedback power to
the laser output power. The external cavity length of the feedback loop is about 7.4 m,
corresponding to an external cavity round-trip time of 74 ns. The other portion (20%) of
the optical signal is amplified by an erbium-doped fiber amplifier (EDFA), converted into
an electrical signal using a 50-GHz bandwidth photodetector (Finisar, XPDV2120RA,
Sunnyvale, CA, USA), and recorded using a real-time oscilloscope (MSO73304DX, Tek-
tronix, Beaverton, OR, USA) with a bandwidth of 33 GHz and a sampling rate of 100 GS/s.

80:20

| -5 o — C)

FC

EDFA :;

Figure 1. Experimental setup of the S-QPS signal generation. FC: fiber coupler; VOA: variable opti-
cal attenuator; PC: polarization controller; FM: fiber mirror; EDFA: erbium-doped fiber amplifier;

PD: photodetector; OSC: oscilloscope.

Figure 2 shows the obtained output time series of two typical S-QPS states and their
corresponding autocorrelation functions at a bias current of I = 30 mA with feedback ratios
of xt = 0.00039 and «r = 0.00019, respectively. The time series consist of high-frequency
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oscillations and low-frequency envelopes, revealing a clear multiscale temporal structure.
Itis clear that, combined with their autocorrelation functions, both signals exhibit a period
of 74.1 ns, which corresponds to the external cavity round-trip time. The time series reveal
that the first signal has one envelope per period (referred to as Exp. 1-envelope signal)
and the second has five envelopes per period (referred to as Exp. 5-envelope signal), as
shown in Figure 2(al) and (b1), respectively. The property of the period combined with
the external cavity length can meet the requirements of the different processing rates of
the TDRC. Meanwhile, the significant amplitude fluctuations exhibited in their quasi-pe-
riodic segments show excellent numerical diversity, which satisfies the demand for real-
izing high-dimensional conversion. Thus, the S-QPS signal is a highly promising mask
signal at first glance. To ensure consistency in the amplitude range when the signals are
subsequently used as mask signals, all experimentally measured time series data are lin-
early normalized, with their amplitudes mapped into the interval [0,1].

T=30 mA, #, = 0.00039 [(a2) s
—>
0.0 Period (one envelope) -1.0f
1050 1100 1150 1200 1250 0 75 150 225
Time (ns) Time (ns)
1.0 r(b1) I=30 mA, x;=0.00019 1.0k(Db2) 74.1ns
0.0 Period (five envelopes) -1.0F
1050 1100 1150 1200 1250 0 75 150 225
Time (ns) Time (ns)

Figure 2. The time series (al,a2) and the corresponding autocorrelation function curves (b1,b2) of
two typical S-QPS states, with the condition: bias current of I = 30 mA with feedback ratio of «t =
0.00039 (al,a2) and «¢=0.00019 (b1,b2).

To better evaluate the applicability of S-QPS signals as mask signals, we investigated
their long-term temporal characteristics in detail. Specifically, the 1st, 2000th, and 4000th
periods of the Exp. 1-envelope and Exp. 5-envelope signals are extracted using the 74.1 ns
period obtained from the autocorrelation function and overlaid, as shown in Figure
3(al,a2). In total, 4000 periods are selected to match the number of periods used in the
subsequent TDRC task. It can be clearly observed that, as the period number increases
from 1 to 4000, the envelopes of both signals exhibit an obvious temporal offset, which is
inconsistent with our expectations. This indicates that the time-domain repeatability of
the signals is not optimal when 74.1 ns is used as the overlay period.

Therefore, we fine-tune the period length to more accurately determine the effective
repetition period. The results show that, when the period of Exp. 1-envelope signal is set
to 73.99 ns and that of Exp. 5-envelope signal to 74.0 ns, the overlap of the curves for
different periods is significantly improved as shown in Figure 3(b1,b2). In the subsequent
mask construction and TDRC analyses, the period T of the two S-QPS signals is taken as
73.99 ns and 74.0 ns, respectively.
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Moreover, the period overlay curves of different period numbers do not overlap per-
fectly, manifesting in both the phase and amplitude factors. In terms of phase, as the pe-
riod number increases, the period envelopes of both signals exhibit a gradual temporal
offset. Moreover, this period offset accumulates over multiple periods. In terms of ampli-
tude, noticeable amplitude fluctuations are also observed among different periods, indi-
cating that the signal amplitude and local waveform details cannot be maintained identi-
cally from period to period. These phenomena are possibly caused by device noise and
environmental disturbances.

(al) period =74.1ns ====period_1

1.0

(a2) period =74.1ns =====period_1

= period_2000 = period_2000
o riod_4000 o e neriod_4000
308 g
< Z0.
Q Q
=1 =
£ £o.
g E
- 0.4 Z0.

0 20 20 50 0 20 20 60
Time (ns) Time (ns)
(b1) period =73.99ns =====period_1 “1(b2) period = 74ns period_1
Lo s neriod_2000 s period_2000)

—_ period_4000 —_ e neriod_4000)
3 0.8 g
< 0.8
< <
26 £os
g E
< 04 <04

0.2 0.2

0 20 40 60 0 20 40 60
Time (ns) Time (ns)

Figure 3. Overlay of representative periods extracted from the experimental time series for the Exp.
1-envelope signal and Exp. 5-envelope signal. The 1st, 2000th, and 4000th periods are shown to
compare long-term period consistency. (al,a2) Period overlays using a period of 74.1 ns; (b1,b2)
Period overlays using period of 73.99 ns (for Exp. 1-envelope signal) and 74.0 ns (for Exp. 5-envelope
signal).

2.2. Evaluation

A simulated opto-electronic TDRC system [34] with a Santa Fe time-series prediction
task [35] test is employed to evaluate the suitability of these two signals as masks. To ac-
commodate the task configuration of 3000 training steps and 1000 testing steps (totaling
4000 steps), we collected experimental time-series data at a sampling rate of 100 GS/s with
a total duration of 370 ps, which far exceeds the required time length of 4000 x 74 ns =296
us and fully satisfies the data volume demand for both the training and testing.

We directly use 4000 consecutive periods extracted from the output time series of the
Exp. 1-envelope signal and Exp. 5-envelope signal as masks applied to the TDRC system.
The virtual node interval 0 is treated as a tunable parameter, and the number of virtual
nodes N is varied correspondingly based on 0. Since T/0 is generally not an integer, N is
determined by taking the floor of this ratio. The normalized Santa Fe benchmark time
series are temporally expanded to ensure that each scalar input value spans one complete
mask period. Then, each value is multiplied point-by-point with the mask to generate a
masked signal. This signal is sequentially injected into the single nonlinear node imple-
mented by a Mach-Zehnder modulator with delayed feedback. The responses of the vir-
tual nodes are collected and processed using linear regression to obtain the prediction
output.
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The prediction performance is quantitatively evaluated using the normalized mean
square error (NMSE). In general, when NMSE < 0.1, the TDRC system is considered capa-
ble of effectively performing the Santa Fe chaotic time-series prediction task, indicating
good prediction performance [36].

Figure 4 shows the NMSE using the two mask signals as a function of the virtual
node interval 6 from 0.6 ns to 1.4 ns. A large value of 0 leads to an insufficient number of
virtual nodes within a single period, thereby reducing the dimensionality of the reservoir
state space and weakening its high-dimensional nonlinear mapping capability. Con-
versely, a small value of O causes the transient responses of adjacent virtual nodes to be
highly correlated, resulting in severe information redundancy that prevents the compu-
ting performance from being effectively improved. Overall, the scanning range of 0.6-1.4
ns corresponds to 53-123 virtual nodes per period, aligning well with the typical number
of virtual nodes required for chaotic time-series prediction tasks in TDRC systems. From
the perspective of hardware implementation constraints, the experiment employs a 100
GS/s oscilloscope with a sampling interval of 10 ps. The lower bound of the scanning range
is set at 0.6 ns, which is much larger than this sampling interval. The black curves corre-
spond to the NMSE results obtained using Exp. 1-envelope signal, while the red curves
represent those using Exp. 5-envelope signal.

0.6
== Exp. 1-envelope signal
== Exp. 5—envelope signal
0.5F
0.4
=
7
=
Z 0.3}
0.2F NMSE = 0.209
NMSE = 0.198
0.1 1 1 1 L L
0.6 0.8 1.0 1.2 14

0 (ns)

Figure 4. NMSE as a function of the virtual node interval 0 (ranging from 0.6 ns to 1.4 ns) using the

two mask signals (Exp. 1-envelope signal and Exp. 5-envelope signal).

Across the entire scanned range of 8, similar NMSE trends are observed for the TDRC
system using the two mask signals, where the NMSE first decreases and then increases as
O rises. This indicates that the proposed mask signals can, to some extent, support nonlin-
ear dimensionality expansion in the TDRC system. However, the minimum NMSE values
of the TDRC system using the two mask signals at 0 = 0.9 ns are 0.209 and 0.198, respec-
tively, which are higher than the standard threshold of 0.1. This performance is likely lim-
ited by experimental noise, such as that introduced by the laser, photodetector, amplifier,
and oscilloscope.

The experimentally obtained S-QPS signals exhibit clear periodic structures and in-
tra-period amplitude modulation at a macroscopic level, thereby formally satisfying the
basic requirements of mask signal in TDRC. However, the actual prediction performance
achieved remains unsatisfactory, likely affected by noise. Specifically, it can be attributed
to two factors: period offset and amplitude fluctuations. In addition, these two factors are
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highly coupled in experiments, making it difficult to isolate their respective contributions
solely through experimental means, and it remains unclear whether the period offset orig-
inates from the intrinsic dynamical characteristics of the system or from cumulative drift
induced by noise. Therefore, in the subsequent study, we simulate the dynamic character-
istics of an SL-OF using the Lang—Kobayashi rate equations to generate S-QPS signals un-
der noise-free conditions. By testing their performance for TDRC and analyzing the effects
of both phase and amplitude factors on system performance, the applicability of S-QPS
signals as masks in TDRC is evaluated, providing theoretical support for their generation
and practical application.

3. Simulation

The SL-OF system for generating S-QPS signals is simulated using the Lang—Koba-
yashi equations [37]:

dA(Z)_l rg[N(t)_No]_ L i i
dt _2{ 1+eA%(r) 7, :|A(t)+f- A(t —1;)cos O (1)

in

dp(t) _a| FgINO=N,] | & At-7) .,
l+ed(t) °

dt 2 T AQ) N Ggigr (2)
NG _ TN _gINO-N,] .
dt qV 1+84(2)

Q) (3)

A(t) denotes the amplitude of the optical field emitted by the laser, and N(t) represents the
carrier density in the laser cavity. The feedback strength &tis defined as (1 — ro?)re/ro, with
ro and re being the amplitude reflectivities of the laser facet and the external mirror, re-
spectively. 7t refers to the external cavity round-trip time, and I is the bias current. The
optical phase is expressed as ¢(t), and the optical feedback phase difference is defined as
Ouitt = wott + @(t) — @(t-71). The second terms on the right-hand sides of Equations (1) and
(2) correspond to the feedback terms, describing the amplitude and phase variation rates
induced by optical feedback. The rate equations are solved using a fourth-order Runge-
Kutta method, and the main laser parameters and their values are listed in Table 1.

Table 1. Values of the parameters for SL-OF.

Parameter Description Value

q Electron charge 1.6 100 C

Vv Volume of the active region 1 x 107 m3

™ Carrier lifetime Photon lifetime 2ns

T Photon lifetime 1.6 ps

Tin Internal cavity round-trip time 7 ps

r Confinement factor 0.3

No Transparency carrier density 1x102 m3

€ Saturation coefficient 1 %102 m?3

a Linewidth enhancement factor 5

g Differential gain 4.5 x 1012 m3!

o Angular frequency 1.215 x 10" rads™

Figure 5 shows two S-QPS signals with different shapes from laser output under
noise-free conditions with an external-cavity round-trip time of 7¢= 2.5 ns. When the bias
current is set to [ = 8]mand the feedback strength is & = 0.022, the signal (referred to as the
Sim. Long steady-state signal) exhibits a typical S-QPS state, as shown in Figure 5a. Com-
pared with the experimentally observed signals, the envelope modulation is more regular,
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and the inter-period waveform repeatability is significantly improved. This output fea-
tures a periodic structure composed of one envelope per period, the period of which is
2.608 ns, matching closely with 7:. A similar signal (referred to as Sim. Short steady-state
signal) is obtained for I = 5Im and & = 0.016, with a period of 2.644 ns. Compared with
Figure 5a, the duration of the steady state is shortened and the two signals exhibit slightly

different periods.
0.6 0.6
(@) I=8I,,&=0.022 (b) I=5I,,&=0.016
= < 0.5}
Z 0.5} s
g )
& 5 0.4
) @ \
2 0.4 I 3
A -
0.3F
4> +—>
0 Period (one envelope) , Period (one envelope) .
1006 1008 1010 1012 1006 1008 1010 1012
Time (ns) Time (ns)

Figure 5. S-QPS states of an SL-OF under noise-free conditions with an external-cavity round-trip

time of 7¢=2.5ns: (a,b) simulated time series at I = 8], &r=0.022 and I = 51, &r= 0.016, respectively.

As described above, the long-time-scale period evolution analysis is carried out on
the two simulated signals in Figure 5 to identify the source of the observed period offset.
By selecting and comparing representative periods at different instants, we examine the
temporal consistency of the period structure and its evolution over time. Note that nu-
merical simulations are implemented with a fixed discretization time step (0.002 ns in this
work). Consequently, certain simulated periods (e.g., 2.61 ns and 2.646 ns) deviate from
the corresponding reference periods (2.608 ns and 2.644 ns) by one sampling interval,
which may impede the accurate analysis of period consistency and temporal evolution.
Therefore, these periods are excluded, and only those exactly matching the reference pe-
riods are retained. This eliminates numerical deviations introduced by discrete-time sam-
pling, ensuring the reliability of period evolution analysis.

Figure 6 shows the magnified time series of the selected periods. Figure 6(al-a3,b1-
b3) corresponds to the Sim. Long steady-state signal and the Sim. Short steady-state sig-
nal, respectively. As seen in Figure 6(al,b1), the time series of the first and second periods
nearly overlap, confirming high temporal consistency between consecutive periods. By
comparing the 1st, 20th, and 35th periods in Figure 6(al-a3), as well as the 1st, 20th, and
40th periods in Figure 6(b1-b3), we observe that the envelope gradually shifts along the
time axis with increasing period number and then returns to near its initial position after
35 and 40 periods, respectively, exhibiting a clear “offset-return” behavior.

These results demonstrate that period offset persists in the S-QPS signals even in the
complete absence of noise. This behavior indicates that the observed period offset is not
noise-induced but rather an intrinsic property of the S-QPS states.

We construct mask signals using the identical procedure employed in the experi-
ments and perform the Santa Fe time-series prediction task. The signal period is set to T =
2.608 ns for the Sim. Long steady-state signal and T = 2.644 ns for the Sim. Short steady-
state signal. To investigate the influence of period offset on prediction performance, two
types of mask signals are prepared for comparison. The first type retains the natural pe-
riod offset behavior (referred to as Offset mask). For comparison, an ideal mask without
period offset (referred to as Non-offset mask) is constructed by extracting a single refer-
ence period from the same signal and repeating it exactly 4000 times. This ensures perfect
alignment among all periods with no temporal misalignment.

https://doi.org/10.3390/photonics13070641
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Sim. Long steady—state signal Sim. Short steady—state signal
(al) e period_1| (b1) e period_]1|
| period_2] period_2
060" period 1 and 2 0.60F  period 1 and 2
0.45
0.45F
0.30
03013 ®2)
;0.60 - Period 20 § 0.60F Period 20
g’ < 0.45
5045 5
Z Z
s s 030
0.30 £a3) . L (53)
0-60F  period 35 0-60F  period 40
0.45
045
0.30
030G———— ———
Time (ns) Time (ns)

Figure 6. Time series of two noise-free simulated S-QPS signals for different periods: (al) overlay of
the first and second periods, (a2,a3) the 20th and 35th periods of Sim. Long steady-state signal; (b1)
overlay of the first and second periods, (b2,b3) the 20th and 40th periods of Sim. Short steady-state

signal.

Figure 7 presents the NMSE obtained using the two mask signals as a function of the
virtual node interval 6 from 0.01 ns to 0.07 ns, with (a) and (b) corresponding to the Sim.
Long steady-state signal and the Sim. Short steady-state signal, respectively. The black
curves correspond to the NMSE results obtained with the Offset masks, while the red
curves represent those with the Non-offset masks. Overall, for both mask signals, the use
of Non-offset masks consistently yields lower NMSE values over the entire scanned range
of 0. In Figure 7a, the NMSE obtained with the Offset mask remains stable at 0.02-0.05 in
the low 0 range (0 < 0.04 ns) and then gradually rises to 0.11 as 0 increases to 0.07 ns. The
system with the Non-offset mask maintains a low and stable NMSE of 0.019-0.028 across
the entire 0 range. In Figure 7b, the system with the Offset mask exhibits a distinct NMSE
peak of 0.12 at 6 = 0.05 ns, while the system with the Non-offset masks maintains a low
NMSE, showing similar performance to that obtained with the Sim. Long steady-state sig-
nal. Combining the results of Figure 7a,b, under optimal & conditions, the system with the
Non-offset masks achieves a slightly lower NMSE than that with the Offset masks.

0.16 0.16
(a) —&— Offset mask (b) —Q&— Offset mask
0.14f —@— Non—offset mask 0.14f —@— Non—offset mask
0.12f 0.12F
% 0.10F = 0.10F
= 0.08f E 0.08}F
7. 0.06} Z. 0.06}
0.04F 0.04}F
0.02f 0.02f
0.00 0.02 0.04 0.06 0.08 0.00 0.02 0.04 0.06 0.08
0 (ns) 0 (ns)
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Figure 7. NMSE comparison using masks with and without period offset as a function of the virtual
node interval 0 (ranging from 0.01 ns to 0.07 ns), (a,b) constructed from Sim. Long steady-state sig-
nal and Sim. Short steady-state signal. The black curves correspond to mask signals containing pe-

riod offset, while the red curves correspond to ideal mask signals without period offset.

These results indicate that the tiny period offset, as an intrinsic dynamical feature,
exerts a limited influence on reservoir computing performance. Although this offset dis-
rupts the strict alignment between successive periods over finite durations, it exhibits an
offset-return behavior over long time scales, which thus mitigates its adverse effects to a
certain extent.

Furthermore, the performance degradation of the Offset mask becomes more pro-
nounced as 0 increases. We speculate that this behavior arises for the following reasons.
When 0 is small, each virtual node corresponds to a relatively short time segment. In this
case, even if a slight period offset exists between adjacent cycles, the virtual nodes are
likely to sample similar system responses. Therefore, the influence of the offset on the
reservoir states remains limited. By contrast, as 0 increases, each virtual node spans a
longer temporal interval. In this condition, even a small period offset may cause the vir-
tual nodes to sample noticeably different system responses, thereby increasing the incon-
sistency of the reservoir states across periods and leading to a larger performance gap
compared with the non-offset mask. Based on this mechanism, selecting a smaller 0 value
can effectively mitigate the adverse effects of period offset, allowing offset masks to
achieve near-optimal prediction performance in practical applications.

Following the phase analysis above, we further analyze the impact of the amplitude
fluctuations induced by noise on TDRC performance, as well as the output response con-
sistency of the system by directly superimposing Gaussian white noise on the two Non-
offset mask signals. The virtual node interval 0 is fixed at 0.04 ns, which corresponds to
the value at which the system achieves optimal prediction performance, and the Santa Fe
time-series prediction task is performed under this condition. By adjusting the noise am-
plitude, the impact of noise perturbations on the TDRC performance and the consistency
of system outputs is systematically investigated. The noise strength is characterized by
the signal-to-noise ratio (SNR), with its expression provided as follows:

Pi nal
SNR =10log,,(—2=) 4)
where Psignaland Proise denote the average power of the mask signal and the Gaussian white
noise, respectively. These power values are calculated as the average of the squared am-
plitudes over all signal points. A lower SNR corresponds to a higher noise level.

Figure 8 presents the variation in the NMSE using the two Non-offset mask signals
under different SNR conditions. The black and red lines denote the results obtained with
the Sim. Long steady-state signal and the Sim. Short steady-state signal, respectively. As
the SNR decreases from 41 dB to 18 dB, the NMSE in both cases exhibits a clear monotonic
increasing trend, indicating that increasing noise continuously degrades the prediction
performance of the TDRC. In the high-SNR regime (41-29 dB), the system maintains rela-
tively low prediction errors with both mask signals. However, when the SNR is reduced
to 26 dB and below, the NMSE increases more rapidly, and the prediction performance
deteriorates noticeably. These results demonstrate that the noise progressively degrades
TDRC performance by disturbing the stability of the mask signals, with a pronounced
performance deterioration occurring at low SNR levels. By comparison, under the same
SNR conditions, the NMSE obtained with the Sim. Long steady-state signal is consistently
slightly higher than that of the Sim. Short steady-state signal, indicating relatively weak
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noise robustness. This difference may be attributed to the disparity in steady-state dura-
tion: the steady-state process is more susceptible to noise, and this effect tends to accumu-
late over longer durations.

0.24
0 =0.04 ns == Sim. Long steady—state signal

021k == Sim. Short steady—state signal

0.18

0.15

NMSE

0.12F

0.09

0.06

005 40.5 36.0 31.5 27.0 22.5 18.0

SNR (dB)

Figure 8. NMSE as a function of the SNR (ranging from 41 dB to 18 dB) for the Santa Fe time-series
prediction task with 0 = 0.04 ns, where additive Gaussian white noise of varying amplitude is in-
jected into the two mask signals. The black curves correspond to Sim. Long steady-state signal, while

the red curves correspond to Sim. Short steady-state signal.

On this basis, we further evaluate the system response consistency under different
noise levels. For each tested SNR level, we fix the original mask waveform and average
noise power level and superimpose two independent random noise sequences onto the
mask signal to conduct two groups of repeated simulations. The response consistency at
the same noise power is evaluated by calculating the Pearson correlation coefficient be-
tween the two output responses obtained from the two runs. To further ensure reliability,
we repeat this process five times for each SNR level and take the average of the resulting
correlation coefficients.

As shown in Figure 9, the correlation coefficient exhibits a slight downward trend as
the SNR decreases. For both the Sim. Long and Sim. Short steady-state signals, the corre-
lation coefficients remain above 0.988 and the two curves nearly overlap across the entire
tested SNR range from 41 dB down to 18 dB. Even under low SNR, the correlation coeffi-
cient only drops marginally. This result demonstrates that response consistency is only
slightly weakened by noise-induced amplitude fluctuations.

In summary, Period offset and noise affect TDRC performance in two distinct dimen-
sions with vastly different impacts. The adverse impact of period offset is mitigated by
the inherent offset-return behavior. The amplitude fluctuations induced by noise exert a
dominant influence, causing irreversible and cumulative fluctuations in mask signals.
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1.008F 0=0.04 ns —@—Sim. Long steady—state signal
—@— Sim. Short steady—state signal

1.004
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0.996

0.992

Correlation coefficient

0.988

0.984

0-980 40.5 36.0 31.5 27.0 22.5 18.0
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Figure 9. Correlation coefficient as a function of the SNR (ranging from 41 dB to 18 dB) for the Santa
Fe time-series prediction task with 0 = 0.04 ns, where additive Gaussian white noise of varying am-
plitude is injected into the two mask signals. The black curves correspond to the Sim. Long steady-

state signal, while the red curves correspond to the Sim. Short steady-state signal.

4. Discussion

Both experimental and numerical results demonstrate that S-QPS signals satisfy the
fundamental requirements for TDRC mask signals. The signal period can be flexibly tuned
through the external cavity length to match different processing rates, while the rich intra-
period amplitude modulation provides sufficient numerical diversity for high-dimen-
sional nonlinear mapping. The experimentally obtained S-QPS masks exhibit limited pre-
diction performance in the Santa Fe time-series prediction task, mainly due to the noise
introduced in the experimental devices. Noise-free simulations confirm that period offset
is an intrinsic dynamical property of S-QPS signals. Its influence on reservoir performance
is limited and can be effectively mitigated by selecting an appropriate virtual node inter-
val. In contrast, amplitude noise is identified as the dominant factor degrading reservoir
performance. It introduces random fluctuations in signal amplitude and local waveform
structures, leading to the irreversible deterioration of reservoir-state consistency and a
significant reduction in prediction accuracy as the noise level increases.

Therefore, future research should prioritize suppressing this dominant amplitude
noise to bridge the gap between experiment and simulation.

5. Conclusions

This study systematically investigates the feasibility of using S-QPS signals generated
by SL-OF as mask signals for TDRC. By combining experimental measurements and nu-
merical simulations, the long-term dynamical characteristics of S-QPS signals (including
period consistency, period offset, and noise-induced perturbations) are analyzed, and
their impacts on TDRC prediction performance are quantitatively evaluated.

These results verify the potential of S-QPS signals as optical masks for TDRC and
clarity the distinct roles of period offset and noise in affecting system performance. This
study lays a foundation for the generation, optimization, and practical application of this
type of mask signal.

Future research can be carried out on the following three areas. First, regarding signal
generation, reinforcement learning [38—41] will be introduced to optimize the laser bias

https://doi.org/10.3390/photonics13070641



Photonics 2026, 13, 641

13 of 15

References

current and feedback strength for the adaptive generation of optimal S-QPS mask signals.
Meanwhile, the Riemann-Hilbert approach and Lie-group numerical methods will be em-
ployed to analyze the optical feedback laser dynamics, enabling the precise regulation of
the mask period and envelope shape [42,43].

Second, a noticeable performance gap exists between the experimental and simula-
tion results, which is primarily caused by noise. To address this issue, noise suppression
efforts will proceed at both experimental and algorithmic levels. Experimentally, we have
completed noise calibration tests for the key devices in the optical path. The results show
that the EDFA and the photodetector introduce noise figures of approximately 3.8 dB and
4.5 dB, respectively, while the oscilloscope exhibits a background noise floor of approxi-
mately 0.8 mV RMS. In addition, optical path reflections also introduce a certain level of
noise into the system. On this basis, research will focus on optical link optimization, such
as by inserting optical filters and implementing strict temperature control of the devices.
Algorithmically, PDE-based image denoising algorithms will be utilized to preprocess the
collected optical time-series data [44], thereby weakening the interference of experimental
noise. Additionally, an improved PINN framework will be adopted to construct a hybrid
TDRC system, improving the time-series prediction accuracy under strong noise condi-
tions [45,46].

Third, to verify the general applicability of the proposed scheme, the research will be
expanded in two dimensions. On the one hand, the S-QPS mask scheme will be applied
to more complex reservoir computing tasks, including image recognition and multi-step
prediction. On the other hand, the mask scheme will be adapted to quasi-convolution cod-
ing-based reservoir computing frameworks [47], to further evaluate its cross-architecture
performance and application potential.
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