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Abstract—Photonic-based neuromorphic hardware holds the
credentials for providing fast and energy efficient implementa-
tions of computationally complex Deep Learning (DL) models.
At the same time, the unique nature of neuromorphic photonics
also imposes a number of limitations that hinders its application,
including the need to re-train DL models in order to be compliant
with the underlying hardware architecture, as well as the
existence of various noise sources, which are prevalent in virtually
all neuromorphic photonic architectures and negatively affect the
accuracy of the deployed models. In this paper we propose a novel
noise-aware approach for training neural networks realized on
photonic hardware, which can alleviate some of these limitations.
To this end we first provide an extensive characterization of
the various noise sources that affect sigmoid-based recurrent
photonic architectures, as well as provide an extensive study
on the effect of various signal-to-noise-ratios (SNRs) levels on
the performance of such DL models. The effectiveness of the
proposed method is demonstrated on a challenging forecasting
problem that involves high frequency financial time series using
a state-of-the-art recurrent photonic architecture, which natu-
rally fits the requirements of such latency-critical applications.
Apart from providing more accurate models, the proposed
method opens several interesting future research directions on
co-designing neuromorphic photonics, including developing DL
models that can work on lower SNRs, leading to more energy
efficient solutions.

Index Terms—Photonic Deep Learning, Neural Network Ini-
tialization, Noise-aware Training

I. INTRODUCTION

Deep Learning (DL) allows for obtaining state-of-the-art
performance on a wide range of different problems [1]. Despite
being very successful on tackling such challenging tasks, DL
models are hindered by their high complexity, since they
are typically trained and deployed using powerful hardware,
which increases the cost of adopting DL, as well as restricts
its potential applications [2], [3]. This, in turn, fueled the
development of specialized hardware accelerators that are
capable of accelerating DL, leading to faster training and infer-
ence and reducing energy and power requirements. Graphics
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Processing Units (GPUs) [4] are among the predominantly
used accelerators employed to this end, due to their low
cost and ability to accelerate matrix-based calculations, which
cover a significant fraction of the calculations involved during
the training and inference of DL models. At the same time,
many other hardware accelerators have emerged, ranging from
Tensor Processing Units (TPUs) [5], to advanced neuromor-
phic hardware platforms [6], [7].

A very promising and increasingly popular research area is
the use of photonic hardware to provide such neuromorphic
architectures [8]. In neuromorphic photonics signals are en-
coded using light, instead of using electrical quantities, which
are then manipulated to provide the functionality of neurons.
Several approaches have been proposed to this end, ranging
from using purely optical components [9], [10], to advanced
combinations of electro-optical devices [11]. Neuromorphic
photonics provides several advantages over traditional elec-
tronic accelerators, since they are capable of operating at very
high frequencies, signals are propagated near to the speed of
light, while they also provide a massive parallelism potential
due to their enormous bandwidth.

The unique nature of neuromorphic photonics also imposes
a number of limitations that hinders their applications when
DL models are used. First, the vast majority of currently
available photonic architectures are facing challenges to sup-
port the activation functions that are traditionally used in
DL, such as ReLU [12], with most of them relying either
on sinusoidal activations [13], or sigmoidal activations [10].
This in turn requires training the DL models specifically
for neuromorphic photonic architectures, taking into account
the transfer functions of the employed components [13].
Furthermore, while photonic hardware implementations of
neurons leveraging advances in materials and waveguide
technologies [14], [15] enable ultra-fast analog processing
and vector-matrix multiplications with almost zero power
consumption [8], these implementations are susceptible to a
number of different noise sources that typically do not exist
on software-based DL implementations. For example, state-of-
the-art Digital-to-Analog (DAC) circuits employed in photonic
neurons constitute a significant noise source to the input of



DL models. Besides the inherent noise characteristics of the
employed DACs, thermal crosstalk being present almost in
all photonic weighting architectures can further increase the
imposed noise [11], [16]. Finally, additional noise stemming
from optical activation functions is also contributing to the
signal quality deterioration [17], as explained in more detail
in Section II.

Despite noise being prevalent in virtually all neuromor-
phic photonic architectures, most of the existing works are
limited on evaluating the effect of noise during the de-
ployment/inference and after the network has already been
trained. In fact, noise is usually treated as a characteristic
that concerns only the hardware and for which appropriate
hardware architectures must be devised in order to achieve
the required SNR that ensures that DL models will operate
as intended. However, this approach overlooks the fact that
DL models are intrinsically resistant to noise, especially when
they are first appropriately trained to withstand noisy signals.
Indeed, preliminary results reported in [13], demonstrated that
it is possible to derive models that can withstand such noise,
especially when the noise sources are appropriately modeled
and used during the training process. It is worth noting that
following such co-design approach, i.e., training the models
taking into account the actual limitations of the hardware, can
also lead to other benefits as well. For example, having DL
models that are capable of correctly operating using lower
SNRs can also allow for reducing the power requirements,
leading to more energy efficient architectures.

In this paper we propose a novel noise-aware approach for
training neural networks implemented with photonic hardware.
The contributions of this work are three-fold: a) we provide
an extensive characterization of the various noise sources that
affect sigmoidal-based recurrent photonic architectures, b) we
propose a training method that goes beyond traditional noise-
aware training approaches, by also taking into account the
initialization of photonic DL models, which can significantly
improve their performance, and c) we provide an extensive
study on the effect of various noise levels (SNRs) to the
performance of the network. To the best of our knowledge, the
proposed method is the first that is capable of appropriately ini-
tializing the network by taking into account the noise sources
that exist in the actual photonic implementation. Note that DL
involves non-convex optimization problems that almost always
end up on local minima [18]. Therefore, an improved initial
point for the learning process can have a significant effect on
the optimization process. The effectiveness of the proposed
method is demonstrated on a challenging forecasting problem
that involves high frequency financial time series data [19],
using a state-of-the-art recurrent photonic architecture, which
naturally fits the requirements of such latency-critical applica-
tions.

The rest of the paper is structured as follows. First, the
sigmoid-based recurrent photonic architecture is introduced
in Section II. Then, the proposed method is described in
Section III, while the experimental evaluation is provided in
Section IV. Finally, conclusions are drawn in Section V.
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Fig. 1: Photonic Recurrent Neuron Architecture

II. SIGMOID-BASED RECURRENT PHOTONIC NEURONS

The employed recurrent photonic architecture is composed
of multiple recurrent photonic neurons. The architecture of
each recurrent photonic neuron is shown in Fig. 1. Let x be
a multi-dimensional time series, while let xt ∈ RM denote
M observations fed to the neuron at the t-th time-step. Then,
the input signal is weighted by the i-th neuron using the input
weights w

(in)
i ∈ RM . Furthermore, the recurrent feedback

signal, denoted by y
(r)
t−1 ∈ RN , which corresponds to the

output of the N recurrent neurons at the previous time-step, is
also weighted by the recurrent weights w

(r)
i ∈ RN . The final

weighted output of the i-th recurrent neuron is then calculated
as:

u
(r)
ti = w

(in)
i

T
xt + w

(r)
i

T
y
(r)
t−1. (1)

Note that we omitted the bias term to simplify the employed
notation. Then, this weighted output is fed to the employed
photonic non-linearity f(·) to acquire the final activation of
the neuron as y(r)ti = f(u

(r)
ti ).

This architecture does not employ gating mechanisms,
which are typically present in many established recurrent
architectures, such as LSTMs [20] and GRUs [21]. This design
choice allows to directly use existing feed-forward photonic
neuron designs [10], [22] to implement the employed recurrent
model simply by adding a feedback loop, while keeping
the complexity of photonic hardware low compared to the
already demonstrated feed-forward layouts. More specifically,
the input signal is encoded using ultra-fast DACs that can
produce signals up to 100GBaud. Then, the weighted sum-
mation can be easily implemented using any of the already
demonstrated weighting techniques, such as employing WDM
layouts based on micro-ring resonators [11], Mach-Zehnder-
based coherent weighting [23], or even using phase-change
materials [24]. For the purpose of this study, we assume
that a coherent weighting scheme based on a Mach-Zehnder
interferometer is used. However, note that this is without loss
of generality, since similar analysis can be conducted for the
other two cases, after appropriately modeling the prevailing
noise sources during the signal weighting and summation.
Finally, the photonic activation function is implemented using
the layout proposed in [10], where two cascaded wave-
length converters are realized by a saturated differentially-



biased SOA-MZI followed by an SOA that performs cross-
gain modulation on its small-signal gain regime. The transfer
function of this photonic activation is approximated by fitting
a generalized logistic function to the experimental behavior
of the proposed scheme as f(x) = A2 + A1−A2

1+e((x−x0)/d) , where
A1 = 0.060, A2 = 1.005, x0 = 0.145, and d = 0.033. The
exact values of fitted function were calculated based on the
experimental observations reported in [10].

Following the brief description of possible noise sources
in a photonic neuron, we elucidate their origin by mapping
the underpinning photonic devices used to deliver necessary
functions of the neuron. First, noise on data encoding is
often attributed to the intrinsic noise of the employed DACs,
modulators and lasers. Second, crosstalk induced noise being
prevalent in weighting elements originates from the employed
control circuits and usually gets increased by the limited
resolution of the used DACs. Finally, noise owing to photonic
activation functions [10], [17], [25], e.g., gain fluctuation will
further increase the noise level. This kind of cumulative noise
has been thoroughly studied in optical communication links
pointing out that all the above-mentioned different source of
noises can be modeled as a channel with an Additive White
Gaussian Noise (AWGN) [26], [27]. Therefore, the BER in
such optical links can be measured precisely by simply calcu-
lating the SNR of the system considering AWGN and hence
the noise in photonic neurons can modeled by stochastically
corrupting the signal by drawing the corruption values from
a Gaussian distribution with zero mean and variance that
corresponds to the energy of the noise. The operation of the
neuron is modeled as:

u
(r)
ti =

M∑
j=1

w
(in)
ij

(
xtj +N (0, σ2

i )
)

+ w
(r)
i

T
y
(r)
t−1 +N (0, σ2

w),

(2)

where σ2
i is the variance of the noise that affects the input

and σ2
w is the variance of the noise that affects the weighting

process. Also, the final output of the neuron is modeled as:

(3)y
(r)
ti = f(u

(r)
ti ) +N (0, σ2

a),

where σ2
a is the variance of the noise induced by the activation

function. Finally, note that fully connected layers are also used
in the employed neural network architectures. For these layers
we used the same photonic architecture (after removing the
recurrent optical feedback loops), activation function and noise
models.

III. NOISE-AWARE ADAPTIVE INITIALIZATION

The response of the i-th layer of the employed architecture
is denoted by y

(i)
t ∈ Rm(i)

, where the notation m(i) is used
to refer to the number of neurons of the corresponding layer.
Note that this definition covers both recurrent and feed-forward
layers. Furthermore, we use the notation y

(0)
t = xt to refer to

the input of the model, while the response of the neurons is
calculated as:

u
(i)
t = Wiy

(i−1)
t + bi, (4)

where the notation Wi ∈ Rm(i)×m(i−1)

is used to refer to the
weights of the layer, while bi ∈ Rm(i)

denotes the correspond-
ing biases. This definition covers also the recurrent architecture
described in (1), since the response vector can be extended
to include the recurrent feedback, while the weights can be
similarly extended to include both the input and recurrent
weights. The final output of the layer is calculated by feeding
the weighted responses to the employed activation function,
i.e., y(i)

t = f(u
(i)
t ). To simulate the effect of noise during the

training process, we can simply add the corresponding noise
sources in the computational graph of the model, as described
in (2) and (3). Note that the SNR is controlled by changing
the variance of the corresponding noise source, i.e., σ2

i for
the input, σ2

w for the weighting processing, and σ2
a for the

activation function.
Existing initialization methods usually employ variance pre-

serving approaches, that ensure that the activation variance will
be maintained across the different layers of the network. These
approaches are activation-specific, i.e., different initialization
schemes are derived for different activation functions [12],
[13], [28], and ignore the existence of noise sources, as well
as their effects on the model. In this paper, we argue that
the initialization of the network must also take into account
the noise that might exist in the network architecture, instead
of just modeling the effect of the activation function on
the variance of the activations. To this end, we derive an
activation-agnostic initialization scheme that is data-driven and
takes into account the actual distribution of the activations,
instead of just the theoretical one [12], [13], [28] and/or just
relying on an ideal (noise-less) model of the network [29].
In this way, the proposed method is capable of modeling the
effect of noise on the various layers of the network in order
to better estimate the most appropriate initialization scheme
to be applied.

More specifically, we assume that the weights are initialized
by drawing from a Gaussian distribution with zero mean and
variance σ2

i , denoted by N (0, σ2
i ). The proposed method still

aims to estimate the optimal value for the initialization vari-
ance of each layer σ2

i . However, instead of focusing only on
a few properties of the network, such as the size of each layer
and the employed activation function [12], [28], we propose a
data-driven approach that exploits the effectiveness of training
shallow neural networks (up to 2 layers) to incrementally
estimate the most appropriate value for the variance. To this
end, we introduce an additional scaling factor αi for each
layer:

y
(i)
t = f(|αi|Wiy

(i−1)
t−1 + bi), (5)

where |·| denotes the absolute value operator. Altering the
value for this scaling factor is equivalent to altering the initial-
ization variance of the corresponding layer, i.e., it is equivalent
to initializing the layer by drawing from N

(
0, (αiσi)

2
)
. Then,

an auxiliary classification layer is trained directly on the
representation extracted from a specific layer. The weights of
this layer are denoted by Wclass

i ∈ Rm(i)×NC , where NC
is the number of classes (for classification problems) or the



number of values to regress (for regression problems). To
estimate the optimal initialization variance, all the layers of
the base network are fixed and the auxiliary classification
weights Wclass

i , as well as the the scaling factor αi, are
estimated using gradient descent, i.e., ∆αi = −η ∂L∂αi

, and
∆Wclass

i = −η ∂L
∂Wclass

i

, where L denotes the loss used for
training the network and η is the learning rate. This process
allows to effectively estimate the initialization variance of the
i-th layer in order to facilitate the task at hand. To understand
the effectiveness of the proposed method consider that the
back-propagated gradients only pass through one non-linearity,
lowering the risk of vanishing gradient phenomena, while the
scale of the weights of the i-th layer are indirectly adapted
through αi to facilitate the task at hand and the employed
activation, which is equivalent to initializing the layer with a
different variance (since none of the actual weights are actually
modified during this process).

After estimating the variance for the first layer, the layer
is appropriately re-initialized and the weights Wclass

i are
discarded. Next, the initialization process continues with the
remaining layers. Then, after all the layers have been initial-
ized using the proposed method, the network is trained in an
end-to-end fashion, as any regular deep neural network archi-
tecture. Note again that during the initialization process none
of the layers are actually trained. Therefore, the representations
extracted from them are random transformations / projections
of the input data. Such kind of transformations come with
strong theoretical guarantees, since it has been shown that they
can be used as universal function approximators [30], [31].
This further explains why the proposed method is capable of
estimating the initialization variance despite relying on random
projections of the input.

IV. EXPERIMENTAL EVALUATION

For evaluating the proposed method a challenging large-
scale high-frequency limit order book dataset (FI-2010) is
employed [19]. The FI-2010 dataset contains more than 4
million limit orders collected from 5 Finnish companies.
The anchored evaluation setup and pre-processing scheme
proposed and described in [19] were used for the evaluation
(splits 1 to 5 were used for the conducted experiments). The
forecasting task concerns the prediction of the direction of the
future mid-price movement (up, down or stationary) after 10
time-steps.

The DL model used for the conducted experiments is
composed of a recurrent photonic layer with 32 neurons,
as described in Section II. The output of this layer is then
fed to two fully connected layers with 512 and 3 output
neurons respectively. Again, the same photonic architecture is
employed for these layers [10]. The length of the time series
fed to the model was restricted to 10 (current and 9 previous
time-steps), while the optimization was performed using the
RMSprop algorithm with a learning rate of η = 10−4. The
DL models were trained for 20 epochs. The scaling factors αi
were estimated using 10 training epochs, while to accelerate

TABLE I: Evaluating the effect of noise on various parts of a
recurrent photonic architecture

σ2 Regular Training Noisy Training Adaptive Init. Proposed
Weight Noise (σw = σ, σin = σa = 0)

.1 0.0807 0.1146 0.1498 0.1712

.3 0.0486 0.1257 0.0809 0.1514

.5 0.0138 0.1199 0.0096 0.1228
Activation Noise (σa = σ, σin = σw = 0)

.1 0.0884 0.1079 0.1693 0.1897

.3 0.0681 0.1197 0.1410 0.1732

.5 0.0267 0.1041 0.0674 0.1351
Input noise (σin = σ, σa = σw = 0)

.1 0.0923 0.1102 0.1324 0.1626

.3 0.0635 0.1128 0.0975 0.1632

.5 0.0179 0.1003 0.0381 0.1068
Weight/Activation/Input Noise (σin = σa = σw = σ)

.1 0.0627 0.1195 0.1351 0.1566

.3 0.0274 0.1085 0.0552 0.1253

.5 0.0058 0.0917 0.0078 0.1000
No noise + Adaptive Initialization: 0.1738

the converge, only 5 recurrent time-steps were performed and
the learning rate for the scaling factor was set to 0.1.

The evaluation results are reported in Table I. The κ statistic
is used to measure the forecasting accuracy [32], since the
dataset is highly unbalanced, while the mean value over the
5 evaluation splits is reported. We separately evaluate the
effect of noise on the weights (rows 3-5), activation function
(rows 7-9) and input (rows 11-13). Furthermore, we also
evaluated the cumulative effect of noise on all the components
of the architecture (rows 15-17). We also evaluated four
different training approaches: a) directly training the models
using Xavier initialization (column 2) [28], b) training the
models using Xavier initialization and applying noise during
the training process (column 3), c) training the models by
estimating the most appropriate initialization variance (column
4, without taking into account the existence of noise [29]) and
d) using the proposed adaptive initialization method (column
5), which estimates the initialization variance taking into
account the existence of noise (by applying the noise during
the initialization process as well). Note that noise is always
applied during the inference process, regardless the employed
training process. The exact amount of noise used for each
experiment is reported in column 1.

Several interesting conclusions can be drawn from the
results reported in Table I. First, note that the performance
of the models always increases when noisy training is used.
Actually, as shown in column 2, the forecasting accuracy is
only slightly affected by the employed noise, since in most
of the cases we obtain a κ value of around 0.1, which is
significantly improved compared to regular training, where κ
collapses to less than 0.02, when higher levels of noise are
introduced (σ2 = 0.5). Just applying adaptive initialization by
itself can improve the results when small amounts of noise
exist, leading to an impressive κ value of 0.17, but quickly
degenerates to values close to zero when the SNR falls further.
At this point it is worth noting that a Photonic RNN with
the same architecture trained with adaptive initialization and
evaluated without noise reaches a κ value of 0.1738. Finally,



significant improvements are observed when the proposed
method is applied, since the best κ value is obtained in
every case. It is actually worth noting that when the noise
is applied on the activations only and using relatively high
SNR (σ2 = 0.1) the proposed method performs even better
than the baseline model, highlighting the effectiveness of the
proposed method and confirming the regularizing nature of
small amounts of noise [33].

V. CONCLUSIONS

A novel noise-aware approach for training recurrent pho-
tonic neural networks was proposed. The proposed method
models the various noise sources that usually exist in most
existing photonic platforms, providing a way to train models
that are more robust to noise, without requiring any additional
hardware components or design to mitigate the effects of noise.
Apart from providing more accurate models, the proposed
method opens several interesting future research directions on
co-designing nerumorphic photonics, including developing DL
models that can work on lower SNRs, leading to more energy
efficient solutions.
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