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An enhanced delay-based photonic reservoir computing system assisted by ultrashort optical
feedback is proposed and numerically demonstrated. Specifically, a picosecond-scale ultrashort
optical feedback loop is integrated into a conventional semiconductor laser-based single-feedback
reservoir computing (RC) architecture. The ultrashort feedback loop acts as a fast dynamical
regulator, enabling multiscale temporal dynamics while largely preserving the structural simplicity
of the single-feedback configuration. The RC performance is evaluated in terms of separability
and consistency. The results show that appropriately selected ultrashort feedback parameters can
increase between-class separation and reduce within-class dispersion while maintaining
reproducible reservoir responses. Moreover, the memory capacity performance and benchmark
evaluations using Santa Fe chaotic time-series prediction and nonlinear channel equalization

demonstrate that the proposed system outperforms the conventional single-feedback reservoir.

Keywords: photonic reservoir computing, semiconductor laser, ultrashort optical
feedback, state separability, reservoir consistency
PACS: 42.62.-b, 05.45.-a

1. Introduction

Reservoir computing (RC), originating from Recurrent Neural Networks (RNNs), is
an efficient information processing paradigm based on nonlinear dynamical systems.
It utilizes the transient response of complex systems to process time-dependent tasks
and requires only the training of a linear readout layer.!'”! By eliminating the
backpropagation training for internal connection weights, RC demonstrates excellent
stability and computational efficiency in modeling complex nonlinear dynamics and
time-series tasks.

In recent years, the increasing demand for high-speed and low-power information
processing, as well as high-accuracy pattern recognition, has driven significant
interest in delay-based photonic reservoir computing (DPRC),[**! due to its structural
simplicity and high experimental feasibility. A typical DPRC system comprises a
physical nonlinear element combined with an optical feedback loop, where a
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high-dimensional network of virtual nodes is implemented through
time-multiplexing.”'") Numerous studies have demonstrated that DPRC can achieve
performance comparable to, or even superior to, conventional neural networks in
tasks such as chaotic time-series prediction, nonlinear channel equalization, and
pattern recognition.!'*'®! Various architectural approaches have also been investigated
to improve DPRC performance. For instance, the nonlinear dynamics of the system
can be enhanced by introducing multiple feedback loops,!'”'® the diversity of virtual
node states can be improved through optimized input masking strategies,!'” and the
linear memory capacity (MC) can be strengthened by constructing multi-delay
architectures.””) These approaches have achieved certain improvements in RC
performance.

Previous studies on semiconductor laser dynamics have shown that the external
cavity delay is a key parameter governing the dynamical behavior of the system.?"**!
Even in the short external cavity regime, optical feedback can significantly influence
the nonlinear response of the laser.**) Furthermore, the coexistence of feedback loops
with different timescales can effectively reshape the overall dynamical structure of
delay-coupled laser systems.”* However, the combined use of long and short
feedback loops in RC has received limited attention.

In this work, we propose a high-performance delay-based photonic reservoir
computing system assisted by ultrashort optical feedback (DPRC-UOF). The
proposed system is analyzed in terms of separability and consistency, and its
computational capability is further validated using benchmark tasks. The remainder of
this paper is organized as follows. Section 2 introduces the proposed system and its
mathematical model. Section 3 analyses the separability and consistency of the
reservoir states. Section 4 evaluates the proposed architecture using Santa Fe chaotic
time-series prediction, nonlinear channel equalization and memory capacity (MC)
task. Finally, Section 5 presents the conclusion.

2. Principles and system model

Fig. 1 shows the schematic of the proposed DPRC-UOF system. In the input layer,
during each input period 7, the input signal u(n) is multiplied by a mask signal m(¢)
and scaled to generate the driving signal for the phase modulator, s(¢) = u(n)xm(t)*y,
where n denotes the discrete time index and y is the scaling factor. Then the
modulated signal is injected into the reservoir.!*! The reservoir consists of a response
semiconductor laser (RSL) with two optical feedback loops characterized by
substantially different delay times: a long optical feedback loop and a
picosecond-scale ultrashort optical feedback (UOF) loop. This configuration differs
significantly from conventional dual-delay reservoir architectures with comparable
delay times.!"™ As the main feedback delay, the long delay has a delay of 7 = T+6),
ensuring that the states of all virtual nodes associated with the current input are fed
back into the RSL while preventing interference with the next input period.****! The
UOF (i.e. »< 0.1 ns) provides additional fast-timescale dynamical modulation that
regulates the reservoir states. Consequently, multiscale temporal dynamics are
introduced while the structural simplicity of the system is largely preserved. The
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reservoir output y(n) is calculated as a linear combination of the virtual nodes x,(n) (i
=1, 2,3, ..., N) and their corresponding readout weights W, as expressed by:

y(n) =ZWm(n) (1)

It serves as the read-out estimator, and the output weights are optimized using
ridge regression to minimize the mean square error between the target values y(n) and

¥ (n).
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Fig. 1. Schematic diagram of DPRC-UOF. RSL: response semiconductor laser, DSL: driving
semiconductor laser, PM: phase modulator.

The proposed system can be modelled using the following Lang-Kobayashi
equations:['® ']

El) 1+ a g t)_Noy L E(D+kE(t—7
de 2 l+¢& T - ()
+lE(t—1 T Ha B (1) + f(2)
dN (¢) ZJ_N(t)_g N(z)—N02 () 3)
ds [ 1+8|E(t)|

where E(f) and Eiyj(¢) are the complex electric fields of the RSL and the driving
semiconductor laser (DSL). N(?) is the corresponding carrier density, and N is the
carrier density at transparency. k; and 7y (k; and ) are the strength and delay time of
the long (ultrashort) feedback loop, respectively. kiyjis the injection strength, o is the
linewidth enhancement factor, g is the differential gain coefficient, and ¢ denotes the
gain saturation coefficient. v is the frequency of RSL, and Av is the frequency
detuning between DSL and RSL. 7, 1s the photon lifetime, 7 is the carrier lifetime. J is
the injection current. f{¢) represents the white Gaussian noise. In our simulation, the
signal-to-noise ratio (SNR) of the RSL was set to 20 dB,!"® unless stated otherwise.
Einj(?) 1s given by the following equation,

E, (t)=[I,e™" )

where /g4 is the light intensity of the steady state of the DSL.
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Equations (2)-(3) are solved using the fourth-order Runge—Kutta method with a
time step of 1 ps. The parameters are set as follows: &= 3.0, g = 8.4x10™"° m’s™, Ny =
1.4x10%* m>,=2.0 x 102, 7,=1.927 ps, = 2.04 ns, ki = 12.43 ns™, v=1.96x10"*
Hz, Av = -4.0 GHz, J = 1.037x10” m’s™", I = 6.56x10°, and k; = 15.53 ns™. In the
simulations, we set 7= 1 ns, N =100, 8= T/N, y= 0.6, and 7, = T+6. Meanwhile, a
chaotic signal with peak frequency 5.7 GHz, standard deviation 1, and mean value 0

is used as the mask signal. To prevent overfitting, the ridge regression parameter A is
set to 1x107.1%"!

3. Reservoir State Analysis
An effective reservoir should satisfy two requirements. First, different inputs

should be mapped into sufficiently distinguishable reservoir states.”” '! Second, the
reservoir should produce consistent and reproducible responses when the same input
is repeatedly presented.[*”!
3.1. Separability

The separability of reservoir states determines how distinguishable different inputs
are in the high-dimensional state space, thereby directly affecting the ability of the
linear readout layer to extract target information. Here, the separability is quantified

using a Fisher discriminant ratio F,*'*! which is defined as follows:
tr(S,)
F=—2" 5
tr(S,) ©)

where tr(-) is the trace of matrix, S, and Sy are the between-class and within-class
scatter matrices, respectively, and are defined as follows:

S, = iln (u,— ). —p)' (6)

Sy = é%(xw. —H, )(x(,,‘,- _”c)T )

where g is the overall mean state vector, C is the number of classes, g 1s the mean
state vector of the c-th class, and n. is the number of samples in the c-th class. The
vector x.; € R” denotes the j-th reservoir-state sample in the c-th class, where ¢ = 1,
2, ..,Candj=1,2, ..., n. Specifically, x.; = [xc1, xcj2, xc{,-,g,...xc,j,N]T, whose
components represent the states of the N virtual nodes. The tr(Sy) characterizes the
overall separation between the centers of different input classes in the reservoir state
space. A larger tr(Sy) indicates greater separation between the class means. In contrast,
tr(Syw) characterizes the dispersion of samples within each class. A smaller tr(Sy)
indicates that samples belonging to the same class are more tightly clustered in the
reservoir state space.

Fig. 2 presents the evolutions of tr(Sy), tr(Sw) and F versus 7, and k,. Here, u(n) is
randomly chosen from {-3, -1, 1, 3}, corresponding to C = 4. The parameters of the
long feedback loop are set to & = 15.53 ns” and 7; = 1.01 ns. The nominal
long-feedback parameters are fixed here to isolate the influence of the UOF
parameters and identify a favorable UOF operating region. After the first 200 transient
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samples are discarded, the remaining 3800 reservoir-state samples are grouped into
four classes according to their corresponding input-symbol labels (X = n.= 3800). As
shown in Fig. 2(a), when 2 and , are in the ranges of 20 - 60 ps and 1 - 25 ns”,
respectively, tr(S,) of the DPRC-UOF can exceed 1.5x10°, which is higher than the
value obtained without UOF (~1.18x10°). The boundary of the 7 can be attributed to
that 7, < 60 ps yields an external-cavity free spectral range (FSR) over 16.67GHz,
which is far away from the that of long feedback loop and the relaxation oscillation
frequency (~5.7 GHz). Therefore, it would not lead to significantly coherence
collapse.*” Moreover, the system may also lose stability when 7, becomes
comparable to the photon lifetime (2.04 ps). Fig. 2(b) corresponds to the evolution of
tr(Sw). Clearly, relatively low tr(Sy) are also obtained within the same parameter
region and are lower than the value obtained without UOF (~2.62x10°). As a result, a
region with high F area (>0.75) is observed in Fig. 2(c), substantially exceeding the
value obtained without UOF (0.452). These results show that the separability of the
reservoir states can be improved by appropriately selecting the UOF parameters.

tT(Sw) x10

o (ps) 2 7, (ps)

Fig. 2. Separability as functions of 7 and k, (a) tr(Sb), (b) tr(S,,) and (c) F. k; = 15.53 ns™ and 7; =
1.01 ns.

Fig. 3 presents the evolution of F as a function of k; and 7;, respectively. Here k,
=15ns" and 5 = 50 ps are selected as representative operating parameters based on
the favorable UOF parameter region identified above. A weak k; degrades the
performance of the RC,"”*! and the RC would be dominated by the relatively strong
UOF. Therefore, k; is set in the range of 7 ns™' - 23 ns”'. Apparently, the proposed
DPRC-UOF consistently achieves higher F' values than the conventional DPRC
without UOF throughout this range. The inset of Fig. 3 shows F evolution as a
function of 7; (Here N is fixed to 100, but & is changed). The proposed DPRC-UOF
maintains higher F values than the conventional DPRC when 7; is in the range of 0.5 -
10 ns. However, F decreases as 7 is increased further. These results indicate that the
proposed DPRC-UOF is relatively robust against variations in the long feedback loop
parameters within the investigated ranges.
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Fig. 3. F as a function of k; with 7; = 1.01 ns, the inset is /" as a function of 7; with & = 15.53 ns’.

3.2. Consistency

Consistency is defined as the reproducibility of the response waveforms of a
nonlinear dynamical system when it is driven repeatedly by the same input signal
under different initial conditions. For simplicity, two independent simulations with the
same input signal are performed under different initial conditions. Consistency is
quantified using two metrics: the node correlation coefficient (CC) and the relative

root mean square error (ReIRMSE), which are defined as follows: 367!

<(x(1) _ <x<l>>)(x<z> _ <x<z)>)>

T )o@ o
-]

RelRMSE = ] E ©)
F

where x*) denotes the whole node sequence in the k-th simulation (k&=1, 2), o denotes
the standard deviation of the target sequence, X* = [x(n)®]€RM?" denotes the
reservoir-state matrix, x;(n)* is the virtual node corresponding to the k-th simulation,
M is the number of valid input samples (here, M = 3800), and ||-||[r represents the
Frobenius norm. A large CC (close to 1) and a small RelRMSE indicate highly
consistent reservoir responses.

Fig. 4 shows the evolutions of CC and ReIRMSE as functions of 7 and k;. As
shown in Fig. 4(a), when k> <10 ns”, CC > 0.99 is maintained over the entire
investigated range of 7 (1 — 100 ps). As k, increases beyond 10 ns™, the range of 7
over which CC>0.99 is achieved gradually narrows. For instance, when &, = 20 ns™,
CC > 0.99 is achieved only for 7, between 10 ps and 47 ps. However, the CC results
alone do not clearly demonstrate the superiority of the proposed DPRC-UOF, since
CC > 0.99 is also achieved in the case without UOF (Seeing k»= 0 ns'). Fig. 4(b)
shows that, within the region enclosed by the black dashed contour, the ReIRMSE of
the proposed DPRC-UOF remains below 1.2x107°. Tt is noted that without UOF (k, =
0 ns™), the RelRMSE is 1.25x10°. These results indicate that, within the identified
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parameter region, the proposed DPRC-UOF achieves higher consistency than the
conventional DPRC without UOF.

cC RelRMSE <1076

FZ.O

1.5

1.0

100 0 25 50 75 100
5 (ps)

Fig. 4. Consistency of the DPRC-UOF as a function of 7, and 4, (a) CC and (b) ReIRMSE with £,
=15.53 ns™ and7; = 1.01 ns.

Fig. 5 shows the RelRMSE of the proposed DPRC-UOF and the conventional
DPRC without UOF as functions of k;. With &k, = 15 ns ! and 7 =50 ps, when k) <21
ns', both systems maintain ReIRMSE values on the order of 10°. However, the
proposed DPRC-UOF consistently exhibits lower RelRMSE values than the
conventional DPRC without UOF, indicating better consistency. The inset in Fig 5
shows the RelRMSE as a function of 7. Similarly, the DPRC-UOF maintains lower
RelIRMSE values than the conventional DPRC without UOF over the investigated
range of 7;. Moreover, when 7; > 6 ns, the ReIRMSE increases with increasing 7,
leading to a slight degradation in consistency. Overall, these results demonstrate that
the consistency of the proposed DPRC-UOF is relatively robust to the parameter
settings of the long feedback loop.

8x107°

—a— DPRC-UOF
—»— w/o UOF

3107

4x10°

RelRMSE

8 12 16 20 24

Fig. 5. ReIRMSE as a function of k; with 7; = 1.01 ns; the inset is ReIRMSE as a function of 7
with k; = 15.53 ns™.

4. Task Evaluation

To assess the practical information processing performance of the proposed system,
the well-known Santa Fe chaotic time-series prediction task and nonlinear channel
equalization task are employed as benchmarks.!'***!

4.1. Santa Fe chaotic time-series prediction task
Briefly, 3000 samples from the Santa Fe chaotic time-series are used for training and
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a further 1000 samples are used for testing.'® **! The prediction performance is

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

(1) = v(n 2>
— (¢ ) ) )
o (y(n))

where y(n) is the prediction result of the RC system, and y(n) is the corresponding
target value.

Fig. 6 shows the variation of the NMSE with respect to 7 and k,. Clearly, NMSE

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

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

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

NMSE

- 0.20

0.15

< N 0.10
~¥N

10.05

I 0.00

Fig. 6. Distribution of NMSE for the Santa Fe time-series prediction task as a function of 7 and
ka,

the star marks the operating point with k, = 27 ns™ and 7 = 41 ps, while the circle indicates &, =
15 ns” and % = 50 ps.

7, (ps)

For the conventional DPRC without UOF, the NMSE is 0.0184. When with &, =
15 ns'and 7, = 50 ps, the NMSE is ~ 0.0115. When with k, = 27 ns! and 7 =41 ps,
the NMSE is further reduced to 0.0065. Figs. 7(al)-(b2) show the performance of the
system in the Santa Fe chaotic time-series prediction task. Clearly, with k&, = 27
ns'and % = 41 ps, the predicted sequence agrees much more closely with the target
sequence, and the local peaks in the prediction error are substantially reduced relative
to that without UOF. Fig. 7(c) shows the NMSE evolution as a function of 4,
obtained by averaging over 10 independent simulations. When k; < 23 ns™', the NMSE
of the DPRC-UOF decreases with increasing k; and remains lower than that of the
conventional DPRC without UOF. When k; exceeds 23 ns'], the NMSE of both
systems increases rapidly. Moreover, as shown in the inset, the DPRC-UOF achieves
a lower NMSE than the conventional DPRC when 7y < 8 ns. Overall, these results
demonstrate that the introduction of UOF can significantly improve the Santa Fe
time-series prediction performance with appropriately chosen feedback parameters.
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= 2 _ -
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2 A A
. 0.5 (a2) NMSE = 0.01841 r (b2) NMSE = 0.0065 1
g 00 Wt
M.t 1t 1
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0.10 T T T
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0.00 - L

8 12 16 20 24
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Fig. 7. Prediction results of the Santa Fe chaotic time-series task. (a) without UOF. (b)
DPRC-UOF, k, =27 ns” and » =41 ps. the black, red and blue curves denote the target, predicted,
and error signals, respectively. (¢c) NMSE as a function of £, with ;= 1.01 ns; the inset shows
NMSE versus 7; with k= 15.53 ns™.

4.2. Nonlinear channel equalization task

Next, the nonlinear channel equalization task is employed to further evaluate the
performance of the proposed DPRC-UOF. The objective of this task is to recover the
input symbol d(n) from the received signal m(n) transmitted through a standardized
nonlinear multipath RF channel, affected by multipath propagation, nonlinear
distortion and additive noise.”” The received sequence m(n) is aligned with the target
symbol d(n) during the numerical implementation, and no additional equalization
delay is introduced. The input symbols d(n) are randomly chosen from {-3, -1, 1, 3}
and the channel model is defined as follows:!”’

q(n)=0.08d(n+2)—-0.12d(n+1)+d(n)+0.18d(n—1)
—0.1d(n—2)+0.091d(n—3)—-0.05d (n—4) (11)
+0.04d(n—-5)+0.03d(n—6)+0.01d(n—7)

m(n) = q(n)+0.036¢° (n)—0.011¢°(n) + £(n) (12)

where &(n) is a Gaussian noise with zero mean, adjusted to yield signal-to-noise ratios
(SNRs) ranging from 12 dB to 32 dB.

Fig. 8 shows the effect of ©» and &, on the symbol error rate (SER) in the
nonlinear channel equalization task. Here, SER is defined as the ratio of the number
of incorrectly recovered symbols to the total number of test symbols. After the
continuous readout output is obtained, each output value is mapped to the nearest
symbol in the set {-3, -1, 1, 3}. The recovered symbols are then compared with the
corresponding target symbols to calculate the SER. The SNR is set to 20 dB, and 9000



295
296
297
298
299
300
301
302
303
304

305

306
307

308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324

Chinese Physics B

symbols are generated, of which 3000 samples are used for training and 6000 for
testing.””) As shown by the white dashed contour, the SER of the proposed
DPRC-UOF is less than 0.048, which is lower than that of the conventional DPRC
without UOF (~0.049 with k=0 ns'l). Furthermore, within the red dashed contour,
SER < 0.024 is achieved. For instance, with k&, = 15 ns'and 7 = 50 ps, the SER is
~0.025, while with k&, = 27 ns'and » = 41 ps, the SER is ~0.023. Notably, the
low-SER region is also consistent with the parameter region exhibiting enhanced
separability and consistency, as shown in Figs. 2 and 4. Overall, these results
demonstrate that the introduction of UOF can significantly improve the nonlinear
channel equalization performance of the reservoir computing system.

SER
HO.SO
0.40

10.30

k, (ns™)

Fig. 8. SER as a function of 7, and k,, the star marks the operating point with k, = 27 ns” and n=
41 ps, while the circle indicates k, = 15 ns™ and % = 50 ps.

Fig. 9(a) presents the SER evolution as a function of k;, with the SNR fixed at 20
dB. The SER values shown in Fig. 9(a) and Fig. 9(b) are obtained by averaging over
10 independent simulations. As k; increases, the SER of the proposed DPRC-UOF
decreases, reaching a minimum at k; = 15 ns'l, and then it increases. For the
conventional DPRC without UOF, the SER remains nearly constant (SER ~ 0.035)
over the range of 7 ns' < k; < 11 ns'. When k; exceeds 11 ns'l, the SER increases
with increasing k. It is worth noting that, throughout the investigated range of &; (7
ns” - 25 ns™), the proposed DPRC-UOF consistently achieves a lower SER than the
conventional DPRC without UOF. Moreover, it maintains a SER<0.03 for 7 ns' <k <
21 ns”. The inset of Fig. 9(a) shows the SER versus 7. Clearly, the DPRC-UOF
outperforms the conventional DPRC without UOF over the entire investigated range
of 71 (0.5 ns - 10 ns). Fig. 9(b) presents the SER as a function of the SNR. As the SNR
increases, the SER of both systems gradually decreases. However, the proposed
DPRC-UOF consistently achieves a lower SER than the conventional DPRC without
UOF across the entire investigated SNR range, demonstrating its superior nonlinear
channel equalization performance.
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10°

(a) - w/o UOF (b) - wio UOF
' + DPRC-UQF o~ DPRC-UOF
1oty \‘\‘\
& T
% TT—— ¢
10?2
10 10°
8 12 16 20 24 10 15 20 25 30
ky (ns™) SNR (dB)

Fig. 9. SER evolution as a function of, (a) k; with 7; = 1.01 ns, and (b) SNR with &, = 15.53 ns™,
71=1.01 ns, k, =27 ns”! and » =41 ps, the inset in (a) is SER versus 77 with ;= 15.53 ns’.

4.3. MC task

Here, the linear memory capacity (LMC) and the quadratic memory capacity
(QMC) are used to evaluate its ability to reproduce the past input signals and their
higher-order Legendre polynomials, respectively, which are quantified by **!

Me=3 (u(n=i)y(m)’

(13)
= o [um]o*[y(n)]

MC e <[3u2(n—i)-l]y(n)>2
< ,Z:; o’ [3u2(n)-1] o’ [y(n)]

For the DPRC without UOF, with k= 15.53 ns”' and 7= 1.01 ns, the LMC and
QMC are calculated as 3.626 and 1.594, respectively. The ALMC and AQMC are
defined as the increment of LMC and QMC relative to the DPRC without UOF. Fig.
10 (a) and (b) show the evolutions of ALMC and AQMC as a function of &, and 7,
respectively. Clearly, a positive ALMC can be achieved when the 7, 1s in the range ~
20-60 ps. Similar results are also observed in the AQMC evolution. Moreover, a
relatively large k, (> 25 ns™) is detrimental to ALMC, but can still be used to achieve
positive AQMC, particularly when 30 ps <z, < 45 ps. Notably, the ranges for positive
ALMC and AQMC are similar to those observed for the separability, consistency, and
benchmark task performance investigated in Figs. 2, 4 ,6 and 8.

(14)

AQMC
2.0

kz(ns'l)

: . 2.0 o S . 2.0
20 40 60 80 100 20 40 60 80 100
% (ps) 7, (ps)

Fig. 10 Evolutions of the ALMC (a) and AQMC (b) as a function of &; and 7,
Fig. 11 shows the LMC and QMC as a function of the ;. Here, two DPRC-UOF
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configurations with (k,=15 ns™', ;=50 ps) and (k;=27 ns™', ;= 41 ps) are studied and
compared with the counterpart without UOF. As shown in Fig. 11(a), with k; increases,
LMC in all three cases initially rises and reaches its maximum near the destabilization
point [See the insets in Fig. 11(a)]. The LMC values then decrease upon further
increasing k;. Notably, the cases of DPRC with UOF can both hold a much larger
LMC than that without UOF. As for the QMC, as shown in Fig. 11(b), the two cases
of DPRC with UOF can still hold lager QMCs than that without UOF. Therefore, the
introduction of UOF yields a better capability to reconstruct the linear components of
past input signals and capture the second-order nonlinear correlations of historical
inputs.

T .
o ky=15n5" =50 ps ! '3"‘?#51 (a) @ k=1505™ 5=50ps | . (b)
4 k=27 ns™" =41 ps Fs \ 4 k=27 ns™ =41 ps | // \
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Fig. 11 LMC (a) and QMC (b) versus kj, the insets (i)-(ii1) are corresponding to the bifurcations of
RC without UOF, with (k=15 ns'l, 7,=50 ps) and (k=27 ns'l, 7,= 41 ps) respectively.

The picosecond-scale UOF loop could in principle be implemented using a
compact external optical path or an integrated optical waveguide, and the feedback
strength can be adjusted through optical attenuators.'*') In practice, the component and
fabrication tolerances may cause deviations in the effective 7, and k, from their
nominal values. Our investigation present that the RC performance is robust to the 7,
and k, to some extent. Moreover, the feedback phase is kept fixed, therefore, the
influence of independent phase fluctuations is beyond the scope of the present work.
Experimental implementation of the proposed architecture and a more comprehensive
investigation of its robustness under realistic experimental imperfections will be
pursued in future work.

5. Conclusions

This work proposes a high-performance delay-based photonic RC architecture by
integrating a picosecond-scale ultrashort optical feedback loop into a conventional
single-feedback reservoir system. The embedded ultrashort loop acts as a fast
dynamical regulator (enabling multiscale temporal dynamics). It can effectively
reshape the reservoir state space and enhance the system’s ability to capture complex
nonlinear dynamical features, while largely preserving the structural simplicity of the
conventional single-feedback designs. A systematic analysis of the reservoir states
confirms that ultrashort feedback enhances both state separability and operational
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consistency within an appropriate parameter range, thereby improving the
information-processing capability of the system. The effective performance of the
proposed architecture is further verified using two standard RC benchmark tasks. For
Santa Fe chaotic time-series prediction, optimized ultrashort feedback reduces the
NMSE from 0.0184 for the conventional DPRC to 0.0065 for the proposed
DPRC-UOF. In the nonlinear channel equalization task, the proposed DPRC-UOF
achieves a SER below 0.024, compared with approximately 0.049 for the
conventional DPRC without UOF. Notably, the parameter regions yielding improved
performance closely coincide with those exhibiting enhanced state separability and
consistency. These results indicate that the richer dynamics RC with the aid of
ultrashort optical feedback can facilitate the separability by mapping of scalar inputs
into higher-dimensional dynamics, improve state consistency, and consequently
enhances prediction capabilities. Moreover, the MC study presents that with
appropriate feedback parameters (UOF) and relatively strong feedback strength in the
long feedback loop, the LMC and QMC can be improved effectively, which indicting
a better capability to process past input signals and implement second-order nonlinear
transformations of delayed inputs. Therefore, incorporating a properly optimized
picosecond-scale ultrashort feedback loop provides an effective and structurally
simple approach to enhancing the computational capacity of delay-based photonic
reservoir computing.
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