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An enhanced delay-based photonic reservoir computing system assisted by ultrashort optical 12 

feedback is proposed and numerically demonstrated. Specifically, a picosecond-scale ultrashort 13 

optical feedback loop is integrated into a conventional semiconductor laser-based single-feedback 14 

reservoir computing (RC) architecture. The ultrashort feedback loop acts as a fast dynamical 15 

regulator, enabling multiscale temporal dynamics while largely preserving the structural simplicity 16 

of the single-feedback configuration. The RC performance is evaluated in terms of separability 17 

and consistency. The results show that appropriately selected ultrashort feedback parameters can 18 

increase between-class separation and reduce within-class dispersion while maintaining 19 

reproducible reservoir responses. Moreover, the memory capacity performance and benchmark 20 

evaluations using Santa Fe chaotic time-series prediction and nonlinear channel equalization 21 

demonstrate that the proposed system outperforms the conventional single-feedback reservoir.  22 
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1. Introduction 28 

Reservoir computing (RC), originating from Recurrent Neural Networks (RNNs), is 29 

an efficient information processing paradigm based on nonlinear dynamical systems. 30 

It utilizes the transient response of complex systems to process time-dependent tasks 31 

and requires only the training of a linear readout layer.
[1-3]

 By eliminating the 32 

backpropagation training for internal connection weights, RC demonstrates excellent 33 

stability and computational efficiency in modeling complex nonlinear dynamics and 34 

time-series tasks.  35 

In recent years, the increasing demand for high-speed and low-power information 36 

processing, as well as high-accuracy pattern recognition, has driven significant 37 

interest in delay-based photonic reservoir computing (DPRC),
[4-8]

 due to its structural 38 

simplicity and high experimental feasibility. A typical DPRC system comprises a 39 

physical nonlinear element combined with an optical feedback loop, where a 40 
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high-dimensional network of virtual nodes is implemented through 41 

time-multiplexing.
[9-11]

 Numerous studies have demonstrated that DPRC can achieve 42 

performance comparable to, or even superior to, conventional neural networks in 43 

tasks such as chaotic time-series prediction, nonlinear channel equalization, and 44 

pattern recognition.
[12-16]

 Various architectural approaches have also been investigated 45 

to improve DPRC performance. For instance, the nonlinear dynamics of the system 46 

can be enhanced by introducing multiple feedback loops,
[17,18]

 the diversity of virtual 47 

node states can be improved through optimized input masking strategies,
[19]

 and the 48 

linear memory capacity (MC) can be strengthened by constructing multi-delay 49 

architectures.
[20]

 These approaches have achieved certain improvements in RC 50 

performance. 51 

Previous studies on semiconductor laser dynamics have shown that the external 52 

cavity delay is a key parameter governing the dynamical behavior of the system.
[21,22]

 53 

Even in the short external cavity regime, optical feedback can significantly influence 54 

the nonlinear response of the laser.
[23]

 Furthermore, the coexistence of feedback loops 55 

with different timescales can effectively reshape the overall dynamical structure of 56 

delay-coupled laser systems.
[24]

 However, the combined use of long and short 57 

feedback loops in RC has received limited attention.  58 

In this work, we propose a high-performance delay-based photonic reservoir 59 

computing system assisted by ultrashort optical feedback (DPRC-UOF). The 60 

proposed system is analyzed in terms of separability and consistency, and its 61 

computational capability is further validated using benchmark tasks. The remainder of 62 

this paper is organized as follows. Section 2 introduces the proposed system and its 63 

mathematical model. Section 3 analyses the separability and consistency of the 64 

reservoir states. Section 4 evaluates the proposed architecture using Santa Fe chaotic 65 

time-series prediction, nonlinear channel equalization and memory capacity (MC) 66 

task. Finally, Section 5 presents the conclusion. 67 

 68 

2. Principles and system model 69 

Fig. 1 shows the schematic of the proposed DPRC-UOF system. In the input layer, 70 

during each input period T, the input signal u(n) is multiplied by a mask signal m(t) 71 

and scaled to generate the driving signal for the phase modulator, s(t) = u(n)×m(t)×, 72 

where n denotes the discrete time index and  is the scaling factor. Then the 73 

modulated signal is injected into the reservoir.
[25]

 The reservoir consists of a response 74 

semiconductor laser (RSL) with two optical feedback loops characterized by 75 

substantially different delay times: a long optical feedback loop and a 76 

picosecond-scale ultrashort optical feedback (UOF) loop. This configuration differs 77 

significantly from conventional dual-delay reservoir architectures with comparable 78 

delay times.
[18]

 As the main feedback delay, the long delay has a delay of 1 = T+, 79 

ensuring that the states of all virtual nodes associated with the current input are fed 80 

back into the RSL while preventing interference with the next input period.
[26-28]

 The 81 

UOF (i.e. 2 < 0.1 ns) provides additional fast-timescale dynamical modulation that 82 

regulates the reservoir states. Consequently, multiscale temporal dynamics are 83 

introduced while the structural simplicity of the system is largely preserved. The 84 
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reservoir output y(n) is calculated as a linear combination of the virtual nodes xi(n) (i 85 

= 1, 2, 3, …, N) and their corresponding readout weights Wi, as expressed by： 86 

 
1

y( ) ( )
N

i i

i

n W x n


  (1) 87 

It serves as the read-out estimator, and the output weights are optimized using 88 

ridge regression to minimize the mean square error between the target values y̅(n) and 89 

y(n). 90 

 91 

Input layer

PM

×

m(t) s(t)

1
2

3 4 5

N
N-1

N-2 N-3

θ

τ1
τ2

Reservoir

T T T T

RSLDSL

u(n)

�Wi xi 

y(n)

Output layer
.
.
.

 92 
Fig. 1. Schematic diagram of DPRC-UOF. RSL: response semiconductor laser, DSL: driving 93 

semiconductor laser, PM: phase modulator. 94 

 95 

The proposed system can be modelled using the following Lang-Kobayashi 96 

equations:
[16, 18]

 97 
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where E(t) and Einj(t) are the complex electric fields of the RSL and the driving 100 

semiconductor laser (DSL). N(t) is the corresponding carrier density, and N0 is the 101 

carrier density at transparency. k1 and 1 (k2 and 2) are the strength and delay time of 102 

the long (ultrashort) feedback loop, respectively. kinj is the injection strength,  is the 103 

linewidth enhancement factor, g is the differential gain coefficient, and  denotes the 104 

gain saturation coefficient. v is the frequency of RSL, and v is the frequency 105 

detuning between DSL and RSL. p is the photon lifetime, s is the carrier lifetime. J is 106 

the injection current. f(t) represents the white Gaussian noise. In our simulation, the 107 

signal-to-noise ratio (SNR) of the RSL was set to 20 dB,
[18]

 unless stated otherwise. 108 

Einj(t) is given by the following equation, 109 

 
 iπ

inj d( )
s t

E t I e  (4) 110 

where Id is the light intensity of the steady state of the DSL. 111 
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Equations (2)-(3) are solved using the fourth-order Runge–Kutta method with a 112 

time step of 1 ps. The parameters are set as follows:  = 3.0, g = 8.4×10
-13

 m
3
s

-1
, N0 = 113 

1.4×10
24

 m
-3

, ε=2.0 × 10
−23

, p = 1.927 ps, s = 2.04 ns, kinj = 12.43 ns
-1

, v = 1.96×10
14

 114 

Hz, v = -4.0 GHz, J = 1.037×10
33

 m
3
s

-1
, Id = 6.56×10

20
, and k1 = 15.53 ns

-1
. In the 115 

simulations, we set T = 1 ns, N = 100,  = T/N,  = 0.6, and τ1 = T+. Meanwhile, a 116 

chaotic signal with peak frequency 5.7 GHz, standard deviation 1, and mean value 0 117 

is used as the mask signal. To prevent overfitting, the ridge regression parameter  is 118 

set to 1×10
-6

.
[29]

 119 

 120 

3. Reservoir State Analysis  121 

An effective reservoir should satisfy two requirements. First, different inputs 122 

should be mapped into sufficiently distinguishable reservoir states.
[9, 11]

 Second, the 123 

reservoir should produce consistent and reproducible responses when the same input 124 

is repeatedly presented.
[30]

  125 

3.1. Separability 126 

The separability of reservoir states determines how distinguishable different inputs 127 

are in the high-dimensional state space, thereby directly affecting the ability of the 128 

linear readout layer to extract target information. Here, the separability is quantified 129 

using a Fisher discriminant ratio F,
[31-33]

 which is defined as follows: 130 
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 (5) 131 

where tr() is the trace of matrix, Sb and Sw are the between-class and within-class 132 

scatter matrices, respectively, and are defined as follows: 133 
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where  is the overall mean state vector, C is the number of classes, c is the mean 136 

state vector of the c-th class, and nc is the number of samples in the c-th class. The 137 

vector xc,j  R
N
 denotes the j-th reservoir-state sample in the c-th class, where c = 1, 138 

2, …, C and j = 1, 2, …, nc. Specifically, xc,j = [xc,j,1, xc,j,2, xc,j,3,…xc,j,N]
T
, whose 139 

components represent the states of the N virtual nodes. The tr(Sb) characterizes the 140 

overall separation between the centers of different input classes in the reservoir state 141 

space. A larger tr(Sb) indicates greater separation between the class means. In contrast, 142 

tr(Sw) characterizes the dispersion of samples within each class. A smaller tr(Sw) 143 

indicates that samples belonging to the same class are more tightly clustered in the 144 

reservoir state space. 145 

Fig. 2 presents the evolutions of tr(Sb), tr(Sw) and F versus 2 and k2. Here, u(n) is 146 

randomly chosen from {-3, -1, 1, 3}, corresponding to C = 4. The parameters of the 147 

long feedback loop are set to k1 = 15.53 ns
-1

 and τ1 = 1.01 ns. The nominal 148 

long-feedback parameters are fixed here to isolate the influence of the UOF 149 

parameters and identify a favorable UOF operating region. After the first 200 transient 150 
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samples are discarded, the remaining 3800 reservoir-state samples are grouped into 151 

four classes according to their corresponding input-symbol labels (∑4 

c=1nc = 3800). As 152 

shown in Fig. 2(a), when 2 and k2 are in the ranges of 20 - 60 ps and 1 - 25 ns
-1

, 153 

respectively, tr(Sb) of the DPRC-UOF can exceed 1.5×10
5
, which is higher than the 154 

value obtained without UOF (~1.18×10
5
). The boundary of the 2 can be attributed to 155 

that τ2 < 60 ps yields an external-cavity free spectral range (FSR) over 16.67GHz, 156 

which is far away from the that of long feedback loop and the relaxation oscillation 157 

frequency (~5.7 GHz). Therefore, it would not lead to significantly coherence 158 

collapse.
[34]

 Moreover, the system may also lose stability when τ2 becomes 159 

comparable to the photon lifetime (2.04 ps). Fig. 2(b) corresponds to the evolution of 160 

tr(Sw). Clearly, relatively low tr(Sw) are also obtained within the same parameter 161 

region and are lower than the value obtained without UOF (~2.62×10
5
). As a result, a 162 

region with high F area (>0.75) is observed in Fig. 2(c), substantially exceeding the 163 

value obtained without UOF (0.452). These results show that the separability of the 164 

reservoir states can be improved by appropriately selecting the UOF parameters. 165 

 166 

Fig. 2. Separability as functions of 2 and k2, (a) tr(Sb), (b) tr(Sw) and (c) F. k1 = 15.53 ns
-1

 and
 
τ1 = 167 

1.01 ns. 168 

 169 

Fig. 3 presents the evolution of F as a function of k1 and 1, respectively. Here k2 170 

= 15 ns
-1

 and 2 = 50 ps are selected as representative operating parameters based on 171 

the favorable UOF parameter region identified above. A weak k1 degrades the 172 

performance of the RC,
[35]

 and the RC would be dominated by the relatively strong 173 

UOF. Therefore, k1 is set in the range of 7 ns
-1

 - 23 ns
-1

. Apparently, the proposed 174 

DPRC-UOF consistently achieves higher F values than the conventional DPRC 175 

without UOF throughout this range. The inset of Fig. 3 shows F evolution as a 176 

function of 1 (Here N is fixed to 100, but  is changed). The proposed DPRC-UOF 177 

maintains higher F values than the conventional DPRC when 1 is in the range of 0.5 - 178 

10 ns. However, F decreases as 1 is increased further. These results indicate that the 179 

proposed DPRC-UOF is relatively robust against variations in the long feedback loop 180 

parameters within the investigated ranges. 181 



Chinese Physics B 

 182 

Fig. 3. F as a function of k1 with τ1 = 1.01 ns, the inset is F as a function of 1 with k1 = 15.53 ns
-1

. 183 

 184 

3.2. Consistency 185 

Consistency is defined as the reproducibility of the response waveforms of a 186 

nonlinear dynamical system when it is driven repeatedly by the same input signal 187 

under different initial conditions. For simplicity, two independent simulations with the 188 

same input signal are performed under different initial conditions. Consistency is 189 

quantified using two metrics: the node correlation coefficient (CC) and the relative 190 

root mean square error (RelRMSE), which are defined as follows:
[30, 36, 37]

 191 
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where x(k) denotes the whole node sequence in the k-th simulation (k=1, 2), σ denotes 194 

the standard deviation of the target sequence, X
(k) = [xi(n)(k)]∈RM×N

 denotes the 195 

reservoir-state matrix, xi(n)(k) is the virtual node corresponding to the k-th simulation, 196 

M is the number of valid input samples (here, M = 3800), and ||·||F represents the 197 

Frobenius norm. A large CC (close to 1) and a small RelRMSE indicate highly 198 

consistent reservoir responses. 199 

 Fig. 4 shows the evolutions of CC and RelRMSE as functions of 2 and k2. As 200 

shown in Fig. 4(a), when k2 <10 ns
-1

, CC > 0.99 is maintained over the entire 201 

investigated range of 2 (1 – 100 ps). As k2 increases beyond 10 ns
-1

, the range of 2 202 

over which CC>0.99 is achieved gradually narrows. For instance, when k2 = 20 ns
-1

, 203 

CC > 0.99 is achieved only for 2 between 10 ps and 47 ps. However, the CC results 204 

alone do not clearly demonstrate the superiority of the proposed DPRC-UOF, since 205 

CC > 0.99 is also achieved in the case without UOF (Seeing k2 = 0 ns
-1

). Fig. 4(b) 206 

shows that, within the region enclosed by the black dashed contour, the RelRMSE of 207 

the proposed DPRC-UOF remains below 1.2×10
-6

. It is noted that without UOF (k2 = 208 

0 ns
-1

), the RelRMSE is 1.25×10
-6

.
 
These results indicate that, within the identified 209 
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parameter region, the proposed DPRC-UOF achieves higher consistency than the 210 

conventional DPRC without UOF. 211 

 212 

Fig. 4. Consistency of the DPRC-UOF as a function of 2 and k2, (a) CC and (b) RelRMSE with k1 213 

= 15.53 ns
-1

 and
 
τ1 = 1.01 ns.  214 

 215 

Fig. 5 shows the RelRMSE of the proposed DPRC-UOF and the conventional 216 

DPRC without UOF as functions of k1. With k2 = 15 ns
-1

 and 2 = 50 ps, when k1 < 21 217 

ns
-1

, both systems maintain RelRMSE values on the order of 10
-6

. However, the 218 

proposed DPRC-UOF consistently exhibits lower RelRMSE values than the 219 

conventional DPRC without UOF, indicating better consistency. The inset in Fig 5 220 

shows the RelRMSE as a function of 1. Similarly, the DPRC-UOF maintains lower 221 

RelRMSE values than the conventional DPRC without UOF over the investigated 222 

range of 1. Moreover, when 1 > 6 ns, the RelRMSE increases with increasing 1, 223 

leading to a slight degradation in consistency. Overall, these results demonstrate that 224 

the consistency of the proposed DPRC-UOF is relatively robust to the parameter 225 

settings of the long feedback loop.  226 

 227 

Fig. 5. RelRMSE as a function of k1 with τ1 = 1.01 ns; the inset is RelRMSE as a function of 1 228 

with k1 = 15.53 ns
-1

. 229 

 230 

4. Task Evaluation  231 

To assess the practical information processing performance of the proposed system, 232 

the well-known Santa Fe chaotic time-series prediction task and nonlinear channel 233 

equalization task are employed as benchmarks.
[19, 38]

  234 

 235 

4.1. Santa Fe chaotic time-series prediction task 236 

Briefly, 3000 samples from the Santa Fe chaotic time-series are used for training and 237 
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a further 1000 samples are used for testing.
[18, 28]

 The prediction performance is 238 

quantified using the normalized mean square error (NMSE), defined as: 239 

 
 

2

2

( ) ( )
NMSE

( ( ))

y n y n

y n


  (10) 240 

where y(n) is the prediction result of the RC system, and y̅(n) is the corresponding 241 

target value.  242 

Fig. 6 shows the variation of the NMSE with respect to 2 and k2. Clearly, NMSE 243 

< 0.013 can be achieved by properly setting the UOF parameters within the region 244 

enclosed by the white dashed contour. Notably, the parameter region associated with a 245 

low NMSE is consistent with the results of the separability and consistency analysis. 246 

 247 
Fig. 6. Distribution of NMSE for the Santa Fe time-series prediction task as a function of 2 and 248 

k2, 249 

the star marks the operating point with k2 = 27 ns
-1

 and 2 = 41 ps, while the circle indicates k2 = 250 
15 ns

-1
 and 2 = 50 ps. 251 

 252 

For the conventional DPRC without UOF, the NMSE is 0.0184. When with k2 = 253 

15 ns
-1

and 2 = 50 ps, the NMSE is ~ 0.0115. When with k2 = 27 ns
-1

 and 2 = 41 ps, 254 

the NMSE is further reduced to 0.0065. Figs. 7(a1)-(b2) show the performance of the 255 

system in the Santa Fe chaotic time-series prediction task. Clearly, with k2 = 27 256 

ns
-1

and 2 = 41 ps, the predicted sequence agrees much more closely with the target 257 

sequence, and the local peaks in the prediction error are substantially reduced relative 258 

to that without UOF. Fig. 7(c) shows the NMSE evolution as a function of k1, 259 

obtained by averaging over 10 independent simulations. When k1 < 23 ns
-1

, the NMSE 260 

of the DPRC-UOF decreases with increasing k1 and remains lower than that of the 261 

conventional DPRC without UOF. When k1 exceeds 23 ns
-1

, the NMSE of both 262 

systems increases rapidly. Moreover, as shown in the inset, the DPRC-UOF achieves 263 

a lower NMSE than the conventional DPRC when 1 < 8 ns. Overall, these results 264 

demonstrate that the introduction of UOF can significantly improve the Santa Fe 265 

time-series prediction performance with appropriately chosen feedback parameters. 266 

 267 
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 268 
Fig. 7. Prediction results of the Santa Fe chaotic time-series task. (a) without UOF. (b) 269 
DPRC-UOF, k2 = 27 ns

-1
 and 2 = 41 ps. the black, red and blue curves denote the target, predicted, 270 

and error signals, respectively. (c) NMSE as a function of k1 with 1 = 1.01 ns; the inset shows 271 
NMSE versus 1 with k1 = 15.53 ns

-1
. 272 

 273 
 274 

4.2. Nonlinear channel equalization task 275 

Next, the nonlinear channel equalization task is employed to further evaluate the 276 

performance of the proposed DPRC-UOF. The objective of this task is to recover the 277 

input symbol d(n) from the received signal m(n) transmitted through a standardized 278 

nonlinear multipath RF channel, affected by multipath propagation, nonlinear 279 

distortion and additive noise.
[37]

 The received sequence m(n) is aligned with the target 280 

symbol d(n) during the numerical implementation, and no additional equalization 281 

delay is introduced. The input symbols d(n) are randomly chosen from {-3, -1, 1, 3} 282 

and the channel model is defined as follows:
[19]

 283 
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2 3( ) ( ) 0.036 ( ) 0.011 ( ) ( )m n q n q n q n n     (12) 286 

where (n) is a Gaussian noise with zero mean, adjusted to yield signal-to-noise ratios 287 

(SNRs) ranging from 12 dB to 32 dB. 288 

Fig. 8 shows the effect of 2 and k2 on the symbol error rate (SER) in the 289 

nonlinear channel equalization task. Here, SER is defined as the ratio of the number 290 

of incorrectly recovered symbols to the total number of test symbols. After the 291 

continuous readout output is obtained, each output value is mapped to the nearest 292 

symbol in the set {-3, -1, 1, 3}. The recovered symbols are then compared with the 293 

corresponding target symbols to calculate the SER. The SNR is set to 20 dB, and 9000 294 
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symbols are generated, of which 3000 samples are used for training and 6000 for 295 

testing.
[39]

 As shown by the white dashed contour, the SER of the proposed 296 

DPRC-UOF is less than 0.048, which is lower than that of the conventional DPRC 297 

without UOF (~0.049 with k2=0 ns
-1

). Furthermore, within the red dashed contour, 298 

SER < 0.024 is achieved. For instance, with k2 = 15 ns
-1

and 2 = 50 ps, the SER is 299 

~0.025, while with k2 = 27 ns
-1

and 2 = 41 ps, the SER is ~0.023. Notably, the 300 

low-SER region is also consistent with the parameter region exhibiting enhanced 301 

separability and consistency, as shown in Figs. 2 and 4. Overall, these results 302 

demonstrate that the introduction of UOF can significantly improve the nonlinear 303 

channel equalization performance of the reservoir computing system. 304 

 305 

Fig. 8. SER as a function of 2 and k2, the star marks the operating point with k2 = 27 ns
-1

 and 2 = 306 
41 ps, while the circle indicates k2 = 15 ns

-1
 and 2 = 50 ps. 307 

 308 

Fig. 9(a) presents the SER evolution as a function of k1, with the SNR fixed at 20 309 

dB. The SER values shown in Fig. 9(a) and Fig. 9(b) are obtained by averaging over 310 

10 independent simulations. As k1 increases, the SER of the proposed DPRC-UOF 311 

decreases, reaching a minimum at k1 = 15 ns
-1

, and then it increases. For the 312 

conventional DPRC without UOF, the SER remains nearly constant (SER ~ 0.035) 313 

over the range of 7 ns
-1 

< k1 < 11 ns
-1

. When k1 exceeds 11 ns
-1

, the SER increases 314 

with increasing k1. It is worth noting that, throughout the investigated range of k1 (7 315 

ns
-1

 - 25 ns
-1

), the proposed DPRC-UOF consistently achieves a lower SER than the 316 

conventional DPRC without UOF. Moreover, it maintains a SER<0.03 for 7 ns
-1 

< k1 < 317 

21 ns
-1

. The inset of Fig. 9(a) shows the SER versus 1. Clearly, the DPRC-UOF 318 

outperforms the conventional DPRC without UOF over the entire investigated range 319 

of 1 (0.5 ns - 10 ns). Fig. 9(b) presents the SER as a function of the SNR. As the SNR 320 

increases, the SER of both systems gradually decreases. However, the proposed 321 

DPRC-UOF consistently achieves a lower SER than the conventional DPRC without 322 

UOF across the entire investigated SNR range, demonstrating its superior nonlinear 323 

channel equalization performance. 324 
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 325 

Fig. 9. SER evolution as a function of, (a) k1 with 1 = 1.01 ns, and (b) SNR with k1 = 15.53 ns
-1

, 326 

1 = 1.01 ns, k2 = 27 ns
-1

 and 2 = 41 ps, the inset in (a) is SER versus 1 with k1 = 15.53 ns
-1

. 327 

 328 

4.3. MC task 329 

Here, the linear memory capacity (LMC) and the quadratic memory capacity 330 

(QMC) are used to evaluate its ability to reproduce the past input signals and their 331 

higher-order Legendre polynomials, respectively, which are quantified by
 [40]

 332 
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For the DPRC without UOF, with k1 = 15.53 ns
-1

 and 1 = 1.01 ns, the LMC and 335 

QMC are calculated as 3.626 and 1.594, respectively. The ΔLMC and ΔQMC are 336 

defined as the increment of LMC and QMC relative to the DPRC without UOF. Fig. 337 

10 (a) and (b) show the evolutions of ΔLMC and ΔQMC as a function of k2 and τ2 338 

respectively. Clearly, a positive ΔLMC can be achieved when the τ2 is in the range ~ 339 

20-60 ps. Similar results are also observed in the ΔQMC evolution. Moreover, a 340 

relatively large k2 (> 25 ns
-1

) is detrimental to ΔLMC, but can still be used to achieve 341 

positive ΔQMC, particularly when 30 ps <τ2 < 45 ps. Notably, the ranges for positive 342 

ΔLMC and ΔQMC are similar to those observed for the separability, consistency, and 343 

benchmark task performance investigated in Figs. 2, 4 ,6 and 8.  344 

 345 

Fig. 10 Evolutions of the ΔLMC (a) and ΔQMC (b) as a function of k2 and τ2 346 

Fig. 11 shows the LMC and QMC as a function of the k1. Here, two DPRC-UOF 347 
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configurations with (k2=15 ns
-1

, τ2=50 ps) and (k2=27 ns
-1

, τ2= 41 ps) are studied and 348 

compared with the counterpart without UOF. As shown in Fig. 11(a), with k1 increases, 349 

LMC in all three cases initially rises and reaches its maximum near the destabilization 350 

point [See the insets in Fig. 11(a)]. The LMC values then decrease upon further 351 

increasing k1. Notably, the cases of DPRC with UOF can both hold a much larger 352 

LMC than that without UOF. As for the QMC, as shown in Fig. 11(b), the two cases 353 

of DPRC with UOF can still hold lager QMCs than that without UOF. Therefore, the 354 

introduction of UOF yields a better capability to reconstruct the linear components of 355 

past input signals and capture the second-order nonlinear correlations of historical 356 

inputs. 357 

 358 

 359 

Fig. 11 LMC (a) and QMC (b) versus k1, the insets (i)-(iii) are corresponding to the bifurcations of 360 

RC without UOF, with (k2=15 ns
-1

, τ2=50 ps) and (k2=27 ns
-1

, τ2= 41 ps) respectively. 361 

 362 

The picosecond-scale UOF loop could in principle be implemented using a 363 

compact external optical path or an integrated optical waveguide, and the feedback 364 

strength can be adjusted through optical attenuators.
[41]

 In practice, the component and 365 

fabrication tolerances may cause deviations in the effective τ2 and k2 from their 366 

nominal values. Our investigation present that the RC performance is robust to the τ2 367 

and k2 to some extent. Moreover, the feedback phase is kept fixed, therefore, the 368 

influence of independent phase fluctuations is beyond the scope of the present work. 369 

Experimental implementation of the proposed architecture and a more comprehensive 370 

investigation of its robustness under realistic experimental imperfections will be 371 

pursued in future work. 372 

 373 

 374 

5. Conclusions 375 

This work proposes a high-performance delay-based photonic RC architecture by 376 

integrating a picosecond-scale ultrashort optical feedback loop into a conventional 377 

single-feedback reservoir system. The embedded ultrashort loop acts as a fast 378 

dynamical regulator (enabling multiscale temporal dynamics). It can effectively 379 

reshape the reservoir state space and enhance the system’s ability to capture complex 380 

nonlinear dynamical features, while largely preserving the structural simplicity of the 381 

conventional single-feedback designs. A systematic analysis of the reservoir states 382 

confirms that ultrashort feedback enhances both state separability and operational 383 



Chinese Physics B 

consistency within an appropriate parameter range, thereby improving the 384 

information-processing capability of the system. The effective performance of the 385 

proposed architecture is further verified using two standard RC benchmark tasks. For 386 

Santa Fe chaotic time-series prediction, optimized ultrashort feedback reduces the 387 

NMSE from 0.0184 for the conventional DPRC to 0.0065 for the proposed 388 

DPRC-UOF. In the nonlinear channel equalization task, the proposed DPRC-UOF 389 

achieves a SER below 0.024, compared with approximately 0.049 for the 390 

conventional DPRC without UOF. Notably, the parameter regions yielding improved 391 

performance closely coincide with those exhibiting enhanced state separability and 392 

consistency. These results indicate that the richer dynamics RC with the aid of 393 

ultrashort optical feedback can facilitate the separability by mapping of scalar inputs 394 

into higher-dimensional dynamics, improve state consistency, and consequently 395 

enhances prediction capabilities. Moreover, the MC study presents that with 396 

appropriate feedback parameters (UOF) and relatively strong feedback strength in the 397 

long feedback loop, the LMC and QMC can be improved effectively, which indicting 398 

a better capability to process past input signals and implement second-order nonlinear 399 

transformations of delayed inputs. Therefore, incorporating a properly optimized 400 

picosecond-scale ultrashort feedback loop provides an effective and structurally 401 

simple approach to enhancing the computational capacity of delay-based photonic 402 

reservoir computing.  403 

 404 

 405 

Data availability statement  406 

The data that support the findings of this study are available from the corresponding 407 

author upon reasonable request. 408 

 409 

Acknowledgment 410 

This work was supported in part by the National Natural Science Foundation of China 411 

(Grant No. 62175116). 412 

 413 

References 414 

[1] Jaeger H and Haas H 2004 Science 304 78 415 

[2] Lukoševičius M and Jaeger H 2009 Comput. Sci. Rev. 3 127 416 

[3] Tang J, Xia L, Li G, Fu J, Duan S and Wang L 2024 Chin. Phys. B, 33 037302. 417 

[4] Tanaka G, Yamane T, Héroux J B, Nakane R, Kanazawa N, Takeda S, Numata H, 418 

Nakano D and Hirose A 2019 Neural Netw. 115 100 419 

[5] Wang D L, Nie Y K, Hu G L, Tsang H K and Huang C R 2024 Nat. Commun. 15 420 

10841 421 

[6] Zhong D Z, Xu Z, Hu Y L, Zhao K K, Zhang J B, Hou P, Deng W A and Xi J T 422 

2022 Chin. Phys. B 31 074205 423 

[7] Guo X X, Zhou H X, Xiang S Y, Yu Q, Zhang Y H, Han Y N and Hao Y 2024 424 

ACS Photonics 11 1327 425 

[8] Zhang J, Zhang L, Pang X, Ozolins O and Yu X 2024 J. Lightwave Technol. 42 426 

8739 427 



Chinese Physics B 

[9] Appeltant L, Soriano M C, Van der Sande G, Danckaert J, Massar S, Dambre J, 428 

Schrauwen B, Mirasso C R and Fischer I 2011 Nat. Commun. 2 468 429 

[10] Lee W W, Cho J, Hur J, Oh H and Yoo H 2025 Nano Converg. 12 57 430 

[11] Larger L, Baylón-Fuentes A, Martinenghi R, Udaltsov V S, Chembo Y K and 431 

Jacquot M 2017 Phys. Rev. X 7 011015 432 

[12] Ortín S, Soriano M C, Pesquera L, Brunner D, San-Martín D, Fischer I, Mirasso 433 

C R and Gutiérrez J M 2015 Sci. Rep. 5 14945 434 

[13] Tan S L, Wu Z M, Yue D Z, Wu W L and Xia G Q 2022 Opt. Continuum 1 1593 435 

[14] Harkhoe K, Verschaffelt G, Katumba A, Bienstman P and Van der Sande G 2020 436 

Opt. Exp. 28 3086 437 

[15] Zhu P, Wang H and Ji Y 2025 IEEE J. Sel. Top. Quantum Electron. 31 7400112 438 

[16] Sugano C, Kanno K and Uchida A 2020 IEEE J. Sel. Top. Quantum Electron. 26 439 

1500409 440 

[17] Chen Y, Yi L, Ke J, Yang Z, Yang Y, Huang L, Zhuge Q and Hu W 2019 Opt. Exp. 441 

27 27431 442 

[18] Hou Y S, Xia G Q, Yang W Y, Wang D, Jayaprasath E, Jiang Z F, Hu C X and Wu 443 

Z M 2018 Opt. Exp. 26 10211 444 

[19] Jin J, Jiang N, Zhang Y, Feng W, Zhao A, Liu S, Peng J, Qiu K and Zhang Q 445 

2022 Opt. Exp. 30 13647 446 

[20] Tavakoli S K and Longtin A 2024 Phys. Rev. E 109 054203 447 

[21] Qiu F, Bai Y, Qu D, Han L, Zhang Y, Shan G and Chen M 2023 Laser Phys. 33 448 

075001 449 

[22] Abdulrhmann S, Alhasan A M and Madkhli A Y 2023 Appl. Sci. 13 12827 450 

[23] Zhang M J, Niu Y N, Zhao T, Zhang J Z, Liu Y, Xu Y H, Meng J, Wang Y C and 451 

Wang A B 2018 Chin. Phys. B 27 050502 452 

[24] Soriano M C, García-Ojalvo J, Mirasso C R and Fischer I 2013 Rev. Mod. Phys. 453 

85 421 454 

[25] Hua F, Fang N and Wang L T 2019 Acta Phys. Sin. 68 224205 (in Chinese) 455 

[26] Paquot Y, Duport F, Smerieri A, Dambre J, Schrauwen B, Haelterman M and 456 

Massar S 2012 Sci. Rep. 2 287 457 

[27] Duport F, Schneider B, Smerieri A, Haelterman M and Massar S 2012 Opt. Exp. 458 

20 22783 459 

[28] Nakayama J, Kanno K and Uchida A 2016 Opt. Exp. 24 8679 460 

[29] Liu Q, Li P, Kai C, Hu C Q, Cai Q, Zhang J G and Xu B J 2021 Acta Phys. Sin. 461 

70 154209 (in Chinese) 462 

[30] Uchida A, McAllister R and Roy R 2004 Phys. Rev. Lett. 93 244102 463 

[31] Hourdakis E and Trahanias P 2013 Neurocomputing 107 40 464 

[32] Roy S and Basu A 2016 Neural Comput. 28 2557 465 

[33] Jin Z, Yang J Y, Tang Z M and Hu Z S 2001 Pattern Recognit. 34 2041 466 

[34] Yue D, Wu Z, Hou Y, Cui B, Jin Y, Dai M and Xia G 2019 Opt. Exp. 27 19931 467 

[35] Tobbens A and Parlitz U 2008 Physical Review E 78, 016210 468 

[36] Lymburn T, Khor A, Stemler T, Corrêa D C, Small M and Jüngling T 2019 Chaos 469 

29 023118  470 

[37] Choi J, Park E, Jang B and Kim Y 2023 AIP Adv. 13 115110 471 



Chinese Physics B 

[38] Huang Y, Zhou P, Yang Y and Li N 2021 Opt. Lett. 46 6035 472 

[39] Vinckier Q, Duport F, Smerieri A, Vandoorne K, Bienstman P, Haelterman M and 473 

Massar S 2015 Optica 2 438 474 

[40] Shen Y W, Li R Q, Liu G T, Yu J, He X, Yi L and Wang C 2023 Optica 10 1745 475 

[41] Wu Q, Zhou L, Sun X, Zhu H, Lu L and Chen J 2015 Optics Communications 476 

341 69 477 

 478 


