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Abstract: Existing work on coherent photonic reservoir computing (PRC) mostly concentrates
on single-wavelength solutions. In this paper, we discuss the opportunities and challenges related
to exploiting the wavelength dimension in integrated photonic reservoir computing systems.
Different strategies are presented to be able to process several wavelengths in parallel using the
same readout. Additionally, we present multiwavelength training techniques that allow to increase
the stable operating wavelength range by at least a factor of two. It is shown that a single-readout
photonic reservoir system can perform with ≈0% BER on several WDM channels in parallel for
bit-level tasks and nonlinear signal equalization. This even when taking manufacturing deviations
and laser wavelength drift into account.

© 2022 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Reservoir computing (RC) employs a randomly initialised fixed recurrent neural network (RNN),
called the reservoir, which is left untrained and to which a simple linear readout layer is added.
Only this linear readout is trained, greatly facilitating the practical application of RNNs for
hardware implementations [1–4] (Fig. 1). RNNs differ from feedforward neural networks by
preserving in their internal states a nonlinear transformation of the input history. In other words,
they have dynamical memory, which makes them ideally suited to process temporal information.

This reservoir does not need to be a traditional network of artificial neurons implemented in
software, but it can be any dynamical system obeying a certain set of broad constraints. This
means that a hardware implementation of RC is a logical choice. Indeed, letting a dynamical
system evolve in hardware is typically more efficient than solving the equations that govern
its behaviour on a general-purpose computer. Also, since the reservoir is initialised randomly
anyway, deviations from the reservoir design during fabrication can be compensated for by
tailoring the readout weights.

Photonics-based hardware implementations have an additional set of advantages. In particular,
low power consumption and high data bandwidth make photonics-based hardware implementations
attractive choices. In addition, exploiting wavelength division multiplexing, as is done in this
paper, enables parallelism. There are many potential photonics-based hardware implementations.
Among those investigated are systems consisting of a single non-linear node with feedback and
free-space reservoir systems [6–22]. The former use of only a single node limits data bandwidth
while the latter is not as compact, fast or cost-efficient as integrated systems. Here, we will
focus on multi-node waveguide-based integrated RC systems developed on a silicon photonics
platform. Such systems have been proven to perform well for various tasks such as bit-level tasks,
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Fig. 1. Schematic representation of a reservoir computing system. The input signal u(t) is
fed into the reservoir, and the resulting reservoir states x(t), possibly together with the input
or a bias signal, are used to learn a linear readout that is then used to generate the output
signal y(t). Reprinted with permission from Katumba et al. [5].

nonlinear dispersion compensation and isolated spoken digit recognition [5,23,24]. However,
the footprint of waveguide-based photonic reservoirs, where waveguides form the interconnects
and nodes consists of optical elements such as multimode interferometers [22], is typically on
the order of one to a few tens of mm2. This large footprint translates into added cost, which
negatively impacts economic viability. One way to make more efficient use of a given chip area
is to exploit wavelength-division multiplexing, as it allows to unlock the inherent parallelism
in optical processing. This presents opportunities to increase processing power significantly,
depending on the number of multiplexed channels used. Similar ideas have been explored in
e.g. [25–27], although using different reservoir architectures and technologies. In the silicon
photonics approach we discuss here, we employ a so-called optical readout, where the different
nodes of the reservoir are weighted in the analog optical domain for both amplitude and phase
[28], e.g. using heaters or reverse-biased pn-junctions in Mach-Zehnder configurations. We want
to use a single set of optical weights for all wavelengths, as having a separate sets of optical
weights for each wavelength would eliminate all the chip area savings. This can only be achieved
in cases where a single task has to be executed for several wavelength channels in parallel. This
is often the case in the telecommunication industry, an example being signal equalization.

The simulated reservoir is an integrated passive silicon photonics reservoir based on the
designs outlined in [29–31] that strives to give an accurate reproduction of the reservoir dynamics
and readout performance by including relevant manufacturing deviations as outlined in appendix
A. (Fig. 2). The nodes consist of 3x3 multimode interferometers (MMIs) simulated using scatter
matrix formalism. All nodes are connected to readout weights, consisting of both amplitude
and phase weights, simulated by complex multiplication of complex weights with complex
electrical field values. A 17th amplitude-phase weight set was connected to a continuous-wave
optical signal serving as a trainable optical bias. The extra connections for the nodes at the
edges of the reservoir help improve the reservoir dynamics and avoid the modal radiation losses
at 2x1 combiners [30]. The multiple-input strategy increases the computational power of the
reservoir through varied mixing between the multiple copies of the input signal with different
phases. Additionally, multiple inputs lead to a more even power distribution throughout the
reservoir benefiting node signal extraction, reservoir dynamics and reservoir memory. To limit
the additional hardware needed with driving more nodes, only a subset of the 16 nodes was
selected, based on a heuristic approach, as in [32]. The nonlinearity required for nonlinear tasks
is supplied by the inherent nonlinearity of the photodetector.

The simulations are done in Photontorch [33], a set of photonic simulation tools for simulation
and optimization of photonic circuits in time and frequency domain. The framework is built on
top of the deep learning framework PyTorch, which enables the use of native PyTorch optimizers
to optimize the (physical) parameters of the circuit.
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Fig. 2. Schematic of the simulated system. Signal input in injected in the orange diamond
shaped nodes. All nodes are connected to the readout. Arrows indicate propagation direction
of the signal throughout the reservoir.

The remainder of this paper is structured as follows. In section 2. it will be shown how good
performance can be achieved at multiple wavelength channels by engineering the interconnection
length parameter. In section 3, we propose a different approach to achieve good performance at
multiple wavelength channels, based on adjusting the readout training. In section 4, we discuss
how we can use similar techniques to mitigate laser wavelength drift. In section 5. this technique
is then applied in combination with the method of section 2, leading to a demonstration of reliable
operations at multiple wavelengths in parallel in a simulated photonic reservoir computing system.

2. Engineered interconnection lengths

The main reason why reservoir performance goes down when varying the wavelength/frequency
is the resulting variation in phase shifts in the waveguide interconnections. This leads to altered
signal mixing for which the readout was not trained, leading to an incorrect weighting and
recombination of node outputs. However, when all interconnections are of identical length, there
will be frequency changes for which the corresponding phase shift variation equals an integer
multiple of 2π. The frequency change inducing a 2π phase shift is approximately constant, with
variation being caused by dispersion. This gives rise to approximate frequency periodicity in
reservoir performance (Fig. 3(a)). By engineering the waveguide interconnection length, one
can ensure that the frequency spacing between DWDM or CWDM channels corresponds to this
period.

An important boundary condition when engineering the interconnection length, is that the
interconnection length should not surpass the distance that light can travel during a single bit
period (dmax). This causes previously injected bits to be in transit in between nodes, hidden from
the readout. These bits cannot contribute to the output until they reach the next nodes. Therefore,
the system has gaps in its memory, which is detrimental for tasks requiring memory, such as the
2-bit delayed XOR task studied here. There is thus an upper limit imposed on the interconnection
length, which depends on the input bitrate. This in turn imposes a lower limit on the frequency
periodicity. For the bitrate B of 32 GHz, employed for the bit level tasks throughout this paper,
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Fig. 3. Exploiting engineered interconnection length. (a) Training only occurred for one
wavelength (1552.5244 nm), as indicated by the orange arrow. (b) Performance for the
delayed 2-bit XOR task. (c) Performance for the nonlinear signal equalization task. Error
bars indicate minimum and maximum achieved BER over 10 different reservoirs each with
their own manufacturing deviations.

using Eqs. (1) and (2):
dmax =

c
Bng

, (1)

2πneff(λ)

λ
dmax =

2πneff(λ + ∆λ)

λ + ∆λ
dmax + 2π, (2)

the maximum interconnection length dmax ≈ 2 mm and the minimum frequency periodicity
≈ 32 GHz corresponding to a wavelength shift ≈ 0.257 nm around 1552.5244 nm. Here, c
stands for the speed of light and neff is the effective index of the waveguide. Throughout this
paper, reservoir interconnections consist of strip waveguides with a width w = 0.45µm, thickness
h = 0.22µm, neff(1550nm) = 2.28 and ng(1550nm) = 4.56. First order dispersion of neff is
considered (appendix Eq. (6)).

We test this method using a nonlinear bit-level task, namely the delayed 2-bit XOR task, and
nonlinear signal equalization. The delayed 2-bit XOR task consists of performing the Boolean
XOR operation using the current and previous bit of an idealized on-off keying (OOK) 32GHz
optical signal. For the nonlinear signal equalization task we use as data a simulated OOK 10 GHz
optical signal that has travelled through 2000km of dispersion- and loss-compensated optical
fiber with Kerr nonlinearity and thus self phase modulation. Simulations for acquisition of this
data were performed using VPIphotonics Design Suite. The readout weights are trained on a
training bit stream of 1000 bits using the Adam optimization algorithm, as implemented by the
PyTorch Python library based on [34,35] with as error metric the mean squared error (MSE) as
defined by Eq. (3):

MSE =
1
n

n∑︂
i=1

(yi − ŷi)
2. (3)

yi signifies the target value and ŷi signifies the predicted value. The threshold, based on which
outputs are classified as 1 or 0, is then optimised for the lowest possible bit error rate (BER) on
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the train data processed by this trained readout. The trained readout and optimised threshold
are then applied to the states of the reservoir for a test bit stream of 100,000 bits to acquire the
test BER. Since we use 105 bits in our simulations, good practice is to limit resolution of and
crop the BER at 10−3 i.e. 2 orders of magnitude higher than the lowest BER one can find in the
simulation [36].

In practice, each manufactured reservoir has its own variations in interconnection lengths
and interconnection effective indices, leading to variations in interconnection phases, due to
manufacturing deviations. These manufacturing deviations are explained and quantified in
appendix A. The main conclusions are that interconnection phases need to be considered random
in simulations and that interconnection length variations are normally distributed with mean 0 and
standard deviation 21.08 nm. To investigate if reliable performance can be achieved despite such
manufacturing deviations, 10 different reservoirs, each with different manufacturing deviations,
were trained and tested in the manner described above.

Results, using the minimum periodicity of 32 GHz, are shown in Figs. 3 and 4. At 1552.5244
nm, and the wavelengths separated from it by the period, a BER ≈ 0% is achieved for all reservoirs
(Remember that the size of test set puts a lower limit on the BER we can reliably measure of
10−3). For the nonlinear dispersion compensation task it is also clear that the eye diagrams are
much improved. This shows that neither manufacturing deviations nor dispersion were an issue.

[a] [b]

Fig. 4. Nonlinear signal equalization. (a) Eye diagram for original data stream after 2000km
long dispersion- and loss-compensated optical fiber with Kerr nonlinearity. (b) Eye diagram
after reservoir for wavelength 1552.5244 nm.

However, the wavelength range over which a low BER is reliably achieved for all reservoirs, is
quite narrow. This would indicate a relatively high sensitivity to e.g. laser wavelength drift, this
issue is addressed in sections 4. and 5.

3. Multiple-wavelength training

The method to achieve WDM described in section 2. works well but has a drawback. Indeed,
there is a lower limit on the frequency spacing between channels, depending on the input bitrate.
For bitrates of ≈ 12.5 GHz and higher, the smallest ITU-T DWDM spacing of 12.5 GHz [37]
cannot be attained. Using Eqs. (2) and (6) with λ = 1552.5244nm and dmax ≈ 2mm yields
dwl ≈ 0.257nm which corresponds to 32 GHz frequency spacing. Therefore, in this section,
we present another method, based on minimising the MSE for multiple wavelength channels
simultaneously (Fig. 5(a)).

Taking into account more than one wavelength during training poses a greater challenge as
a machine learning task. However, for the tasks we studied here, it turns out that this is not
prohibitive and performance can be as good as that achieved for single wavelength training.
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Fig. 5. Multiple-wavelength training for bit level tasks. (a) Training occurred at 2
wavelengths as indicated by the orange arrows. In this case, we used 1552.4239 nm and
1552.5244 nm, which correspond to the smallest wavelength channel spacing (12.5 GHz) on
the ITU-T DWDM grid [37]. (b) Performance for the delayed 2-bit XOR task. Wavelength
channels achieve 0.2% and 0.1% mean BER respectively. (c) Performance for a 3-bit
sequence recognition task. Target sequences were [111],[110],[101] and [011]. Both
wavelength channels achieve 0.2% mean BER. (d) Performance for the nonlinear signal
equalization task. Both wavelengths achieve ≈ 0% BER. Error bars indicate minimum and
maximum achieved BER for different reservoirs with their own simulated manufacturing
deviations.

This is illustrated in Fig. 5, for the delayed 2-bit XOR task, for general bit sequence recognition
tasks and for the nonlinear signal equalization task. For the recognition tasks, the output needs to
be 1 when observing certain target sequences of an idealized OOK 32GHz optical signal, and 0
for the non-target sequences. The results show that the readouts achieve good performance at
both trained wavelength channels for all 10 different reservoirs.

In Fig. 6 we visualize the eye diagrams of nonlinear signal equalization performed for 2
wavelengths in parallel through multiple wavelength training for one specific reservoir. It is
clear that compared to the orignal eye diagram, the eye diagrams at both wavelengths are much
improved.
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Fig. 6. Multiple-wavelength training for nonlinear signal equalization. (a) Eye diagram for
original data stream after 2000km long dispersion- and loss-compensated optical fiber with
Kerr nonlinearity. (b) Eye diagram after reservoir for wavelength 1552.4239 nm. (c) Eye
diagram after reservoir for wavelength 1552.5244 nm.

4. Mitigating laser wavelength drift

The input laser wavelength can drift over time, moving away from the optimal performance point,
which can be a problem if the operating range is rather narrow. Therefore, in this section, we aim
to enlarge the wavelength range over which good performance is achieved. Note that we suppose
that this drift takes place on timescales much larger than the bit period. If not, the reservoir
dynamics would be significantly altered compared to those used for training the readout, which
would be detrimental to the performance.

As there is no closed-form analytical relation between this stable operating wavelength range
and the readout weights, it is not possible to directly train the readout for this metric. Instead,
the readout is trained to minimize the MSE for multiple wavelengths symmetrically situated
around the targeted wavelength channel, similarly as in section 3. The number of wavelengths
trained and the wavelength spacing between them need to be considered. For some reservoirs
it suffices to train the target wavelength channel and the extremes of the targeted wavelength
range. For other reservoirs, multiple closely spaced intermediary wavelengths are trained, so as
to maintain consistent good performance over the targeted wavelength range. The difficulty thus
lies in maximising the width of the wavelength range over which consistent good performance is
achieved, without decreased performance in between trained wavelengths.

The targeted wavelength channel was chosen to be 1552.5244 nm. This is a wavelength
channel on the ITU-T defined DWDM grid for all of the various possible frequency spacings
(12.5 GHz, 25 GHz, 50 GHz, 100 GHz) [37]. Results are displayed in Fig. 7 for two specific
reservoir initializations for a nonlinear bit level task, namely the 2-bit delayed XOR task, and the
nonlinear signal equalization task.
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[d] [e]

Fig. 7. Mitigating laser drift (a) The orange arrows indicate the wavelengths that are trained.
(b-c) Performance for the delayed 2-bit XOR task. (d-e) Performance for the nonlinear signal
equalization task. For the bit level tasks it is common, and as is the case in (b) and (c),
that only training 3 wavelengths is necessary. For the nonlinear signal equalization (d-e) a
total of 5 training wavelengths, being the center and extremes of the targeted range and two
intermediary wavelengths, yielded better results. Each figure corresponds to a particular
reservoir initialization. Green indicates 1-wavelength training and blue 3-wavelength training.
The orange boundaries indicate the targeted wavelength range over which to achieve good
performance.

For the delayed 2-bit XOR task, averaged over 10 different reservoirs, good performance,
defined as <1% bit error rate (BER), is achieved over a wavelength range of 63.1 pm or a
corresponding frequency range of 7.8 GHz in case of multiple wavelength training. This is a
significant improvement compared to the 24.5 pm and 3 GHz ranges in case of 1-wavelength
training.

For the nonlinear signal equalization task, averaged over 10 different reservoirs, good
performance, again defined as <1% bit error rate (BER), is achieved over a wavelength range
of 95.4 pm or a corresponding frequency range of 11.9 GHz in case of multiple wavelength
training. This is a significant improvement compared to the 41.0 pm and 5.1 GHz ranges in
case of 1-wavelength training. For comparison, the commercially available Menara networks
5ZR0A00-TNBL 50GHz C-band tunable transceiver lists its wavelength stability after startup as
±25 pm, thus a total wavelength variation of 50 pm [38].

Additionally, we remark that this increased stable operating range will also benefit robustness
against other environmental effects (e.g. temperature).
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5. Robust WDM operation

Finally, in this section, we combine the tuning of the interconnection delay as in section 2.
with the robustness technique of section 4. Figure 8 shows that such a combination is indeed
successful. This results in a system where laser wavelength drift is taken into account during
training and where processing power is greatly increased without the need for an increased
system footprint. By broadening the operating range of the readout, any imperfection of the
performance periodicity (e.g. due to dispersion) is also mitigated. This allows for multiplexing
many wavelength channels even with large wavelength spacing.

[a] [b]

[c]

Fig. 8. Robust WDM operation (a) The orange arrows indicate the wavelengths that are
trained. For these particular reservoirs and tasks it was again sufficient to only train the target
wavelength and the extremes of the targeted wavelength range over which to achieve good
performance. Some other studied reservoirs needed inclusion of additional wavelengths
in the targeted wavelength range during training to maintain good performance over the
entire range. (b) Performance for the delayed 2-bit XOR task for one particular reservoir. (c)
Performance for the nonlinear signal equalization task for one particular reservoir. Other
reservoirs showed similar characteristics with some variation in the width of the good
performance wavelength range. All achieve ≈ 0 BER at target wavelengths.

Dispersion ultimately limits the number of 50-GHz-spaced DWM channels for which good
performance can be achieved. In practice, it turns out that we can easily accommodate tens
to hundreds of 50-GHz-spaced channels, with 1552.5244 nm as the central channel. This is
demonstrated in Fig. 9 where the BER for 50 GHz spaced channels were displayed. Note that in
the wavelengths between these channels, for which BER is not shown, the BER will vary. It is
clear that the BER remains near optimal value for several THz away from the central channel for
which the interconnection length was designed.
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[a] [b]

Fig. 9. BER at target channels indicates robust WDM operation (BER outside of the target
channels not plotted) (a) For the delayed 2-bit XOR task and reservoir of 8[b] (b) For the
nonlinear signal equalization task and reservoir of 8[c]. In both of these cases and for all
other reservoirs, dispersion only significantly impacts performance after >1 THz wavelength
spacing away from the designed wavelength channel. This corresponds to many tens to
hundreds of DWDM channels.

6. Conclusion

We showed that including the wavelength dimension in both the design and training process of a
photonic RC system opens up the possibility of greatly increasing system bandwidth through
WDM. In particular, we demonstrated that a single-readout photonic RC system can perform
with ≈ 0 BER at several wavelength channels for bit level tasks such as the delayed 2-bit
XOR task and the nonlinear signal equalization task. This was done while taking into account
manufacturing deviations, by reviewing 10 different reservoirs, and mitigating laser wavelength
drift by increasing the stable operating wavelength range from 24.5pm/3GHz to 63.1pm/7.8GHz
and from 41.0pm/5.1GHz to 95.4pm/11.9GHZ for the bit level 2-bit delayed XOR task and
nonlinear signal equalization task respectively. This clears the way toward commercial viability
of photonic RC systems as the same chip footprint now has significantly increased processing
power and reliability.

A. Appendix: manufacturing deviations

A.1. Waveguide roughness

Due to the high refractive index contrast of the silicon-on-insulator (SOI) platform, the devices
are very sensitive to geometric variations [39]. For this work, the intra-die geometric variation,
specifically the variation related to the interconnection waveguides in a single reservoir, is of
importance, as it impacts the phase information inside the reservoir. Phase information is a key
aspect of photonic RC using coherent reservoirs, as interference effects play a key role in the
reservoir dynamics.

Variations include thickness and width fluctuations caused by pattern density non-uniformity
[40]. These waveguide width fluctuations can also be referred to as waveguide (sidewall)
roughness. It is most often studied in the context of propagation losses, but here its effect on the
phase is of interest. This waveguide roughness depends on the fabrication process and will be
very different for devices fabricated with deep UV lithography or e-beam lithography, and vary
between fabs. The thickness fluctuations on the other hand depend largely on the qualities of
the source wafer. These width and thickness fluctuations impact the neff of the interconnection
waveguides and thus the phase change light undergoes travelling through such an interconnection
waveguide. From [40] ∆neff,intradie ≈ 0.015 and ∆ng,intradie ≈ 0.015 for the IMEC Multi-Project
Wafer (MPW) service, which uses 200 mm wafers and fabrication through 193 nm deep-UV
lithography. Applying this to an interconnection waveguide with a length l = 1mm (a typical
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length for the delay spirals inside the reservoir) at wavelength λ = 1550 nm, using Eq. (4):

∆ϕ =
2π
λ

l∆neff , (4)

the resulting phase change due to the waveguide roughness ∆ϕ ≈ 61 ≫ 2π.
In other words, the exact phase change accumulated over interconnection waveguides cannot

be known. This needs to be taken into account during simulations but does not preclude good
system performance, as the readout can adapt to this during training. Indeed, not having to know
or control the exact implementation of the reservoir is one of the key advantages of the reservoir
computing paradigm. This does mean however that each reservoir needs its own individually
trained readout and that it can not be readily assumed that different reservoirs will give rise to
identical performance.

Of interest for our purposes is the additional wavelength dependence of this phase deviation,
which, if sufficiently large, could cause the 2π phase shifts exploited in section 2. to no longer
be regularly spaced in the frequency dimension. From a first-order approximation of the group
index as defined by Eq. (5) [41]:

ng(λ0) = neff(λ0) − λ0
neff(λ) − neff(λ0)

λ − λ0
, (5)

the effective index neff(λ) is calculated from the known effective index neff(λ0) and group index
ng(λ0) using Eq. (6):

neff(λ) = neff(λ0) −
λ − λ0
λ0

(ng (λ0) − neff(λ0)) . (6)

The manufacturing deviations can then be taken into account by adding extra deviations
∆neff(λ0) and ∆ng(λ0) to the formula:

neff(λ) = neff(λ0) + ∆neff(λ0) −
λ − λ0
λ0

(ng(λ0) + ∆ng (λ0) − neff(λ0) − ∆neff(λ0)) . (7)

Let us now consider the phase change undergone by light at wavelength λ passing through the
waveguide of length l with refractive indices neff(λ0) + ∆neff(λ0) and ng(λ0) + ∆ng(λ0) as shown
in Eqs. (8) and (9):

ϕ(λ2) − ϕ(λ1) = 2πl
(︃
neff(λ2)

λ2
−

neff(λ1)

λ1

)︃
, (8)

ϕ(λ2) − ϕ(λ1) = 2πl
[︁(︂ 1

λ2
− 1

λ1

)︂
(neff(λ0) + ∆neff(λ0))

− 1
λ0

(︂
λ2−λ0
λ2

−
λ1−λ0
λ1

)︂ (︁
ng(λ0) + ∆ng(λ0) − neff(λ0) − ∆neff(λ0)

)︁ ]︁
,

(9)

which give the total difference in phase change between wavelengths λ1 and λ2.
From this one can deduce the difference in phase change for two wavelengths solely due

to geometric variation by extracting the terms containing ∆neff(λ0) and ∆ng(λ0) as shown in
Eq. (10):

(ϕ(λ2) − ϕ(λ1))∆geometric = 2πl
[︁(︂ 1

λ2
− 1

λ1

)︂
∆neff(λ0)

− 1
λ0

(︂
λ2−λ0
λ2

−
λ1−λ0
λ1

)︂ (︁
∆ng(λ0) − ∆neff(λ0)

)︁ ]︁
.

(10)

To estimate the magnitude of this expression, let us assume that the interconnection waveguide
has a length of 1 mm. For the wavelengths, choose λ0 = 1550 nm and λ1 = 1551.7208 nm and
λ2 = 1552.5244 nm, which corresponds to two neighbouring wavelength channels for a 100 GHz
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channel spacing, the largest channel spacing for DWDM according to ITU-T specifications [37].
We assume ∆neff(λ0) and ∆ng(λ0) to be independent from each other and set ∆neff(λ0) ≈ −0.015
and ∆ng(λ0) ≈ 0.015. These are the maximal possible intra-die variations according to [40] for
the previously mentioned IMEC MPW service. Both neff and ng thus have the maximum variation
and in such a way that they contribute maximally to the extra wavelength dependence. This then
leads to ϕ2 − ϕ1 ≈ − π

100 . This is a very modest extra phase shift due to the dispersion, which
does not impact the performance of a readout in a significant way even when not improving its
robustness as in section 4. This extra phase shift is linear with λ2 − λ1.

In conclusion, manufacturing deviations lead to a random but largely wavelength-independent
phase change contribution. This means that it is possible to exploit phase periodicity to achieve
good performance at regularly spaced wavelength channels, as long as interconnection length
deviations and dispersion can be managed.

A.2. Waveguide length deviations

Waveguide length deviations depend on the manufacturing process used. For this research,
IMEC’s Silicon Photonics platform is employed. According to [40] a fabricated 450 nm waveguide
will have ±20 nm variations. As length is also a 2D feature this same ±20 nm variation is assumed
for length. Interconnection waveguides often consist of spirals with multiple straight segments
subject to possible length variation. Assuming a Gaussian distribution for length variation with
mean 0 nm and standard deviation 20

3 nm and 10 straight segments per interconnection, the

standard deviation for the total length variation in an interconnection =
√︃

10 ·

(︂
20
3

)︂2
≈ 21.08 nm.

As the sum of independent normally distributed random variables is itself a normally distributed
variable, its variance being the sum of the variances of the random variables [42].
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