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Abstract—Driven by an exponential growth of data,
neuromorphic computing has risen in popularity as a new
method for high-performance computing. The adopted neural
network (NN) model relies on parallel processing between
neurons and synapses, which reduces the energy consumption
and boosts the computational efficiency. Photonics empowers
neuromorphic processors through its inherent parallelism, along
with high speed and unique bandwidth characteristics. Yet, it
requires to transfer each constituent of the NN model to the
optical realm, including the challenging nonlinear part of an
activation function. Towards this direction, we experimentally
demonstrate a photonic rectified linear unit (ReLU) function by
employing frequency coding of neural signals in combination
with a periodic optical filter. Furthermore, we show that multiple
neural sub-circuits can be collapsed over the proposed photonic
ReLU hardware and further evaluate the possibility to integrate
weighting functionality with the frequency-domain ReLU as a
way to further simplify the optical NN. For these demonstrations,
we accomplish a low penalty of 1-3% in terms of accuracy when
transferring the Iris flower classification challenge from the
digital to the optical realm. Finally, we introduce an efficient
translucent interface between the linear and nonlinear circuits of
a photonic neuron, utilizing an optical frequency-coder that is
directly driven by the photocurrent of a preceding photodetector
— without the need for electrical amplification.

Index Terms—Multilayer perceptrons, Neural network
hardware, Optical signal processing, Neuromorphic photonics

1. INTRODUCTION

IGITAL electronic computing has been developed over

decades, eventually reaching the scale of high-
performance supercomputers [1-2]. These processing
machines are based on the von-Neumann architecture, where
communication between a dedicated central processing unit
(CPU) and a physically separated memory is occurring
sequentially [3]. This specific computing architecture is
currently hitting a bottleneck due to the limited data transfer
rate between the high-speed processor and large memory
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pages, resulting in a latency obstacle that is causing the overall
computing efficiency to slow down [4-5]. Additionally, dense
and long electronic interconnects lead to a limited signal
bandwidth, heat dissipation, and high energy consumption [6].

On the contrary, the human brain hosts about 10'! neurons;
each of these is connected to ~10* inputs, resulting in a total of
10'3 synaptic connections [7]. More interestingly, the nature-
built brain facilitates this computation interconnect with a
rather low power consumption of only 20 W. This corresponds
to a computational efficiency that is eight orders-of-magnitude
higher than human-created digital machines [8]. Due to this
astonishing advantage over the classical computing
architecture, a bio-inspired neural network (NN) model has
been an integral part of modern technologies concerning
artificial intelligence (AI). Over the past few years, successful
Al software-implementations leveraging on classical computer
hardware have triggered the development of neuromorphic-
based computing architectures that aim at an energy-efficient
information processing machine. In this architecture, both
CPU and memory are governed by the neurons and synapses
[9]. Owing to parallelism, the delay in data processing can be
minimized and high-speed information processing at low
power consumption can be unlocked for practical applications
on the longer term [10].

Photonic is a suitable building block in turning the notion of
neuromorphic computing into reality [11-12]. It drives NN
processing, thanks to its inherent abilities to efficiently
multiplex signals (parallelism) and its low power consumption
in view of large electro-optic bandwidths [13]. Optical NN
(ONN) based computing machines have been conceptually
proven to offer low latency and fast signal processing in the
GHz range for a wide range of applications [14-17]. The
fundamental NN architecture comprises a multiply-accumulate
(MAC) operation incorporating a weighting process, followed
by a nonlinear activation function. Linearity is at the heart of
optics; therefore, weighted summation has been demonstrated
for a plethora of approaches, including Mach-Zehnder
interferometer (MZI) meshes [18], micro-ring resonator
(MRR) weight banks [19], semiconductor optical amplifier
(SOA) based variable-gain networks [20], and frequency-
coded synapses in combination with spectral processing [21].

In addition, the activation element in a NN plays the
important role of discriminating data using a decision
boundary, involving functions such as the rectified linear unit
(ReLU), the sigmoid or hyperbolic tangent functions — each of
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Fig. 1. Neural network based on the multilayer perceptron scheme, which is
considered in the offline training as a benchmark for the optical neural
network evaluation. (a) A functional diagram of a photonic neuron, which
fundamentally comprises a linear weighted summation ¥ and a ReLU
activation function. (b) Photonic ReLU concept, employing an interferometric
filter slope with a noisy photodetector to realize a rectification operation.

.v-coded signal

these being characterized through different advantages and
suited for a specific set of applications [22]. However,
nonlinear operation in view of either of those functions is
rather challenging to accomplish in the realm of photonics. In
the past few years, research efforts on optical activation
functions have demonstrated the feasibility to practically
realize opto-electronic or purely optical representations of
these NN elements. One proposal relies on the use of electro-
absorption modulators (EAM) to realize an electro-optic
sigmoid activation [23]. A similar proposal can be obtained by
using other modulators such as MRR, MZI on-chip with
different architectures [24, 25, 26], or its combination with
optoelectronic detectors [27]. The applied phase shift during
modulation is the parameter that modifies the profile of the
activation function, including the ReLU-like function.
However, these electro-optic schemes require preceding opto-
electronic conversion circuits.

An alternative all-optical approach relies on an MZI-
integrated SOA configuration, which is operated in the deeply
saturated differentially biased regime, followed by another
SOA that performs a cross-gain modulation-based wavelength
converter, showing a sigmoid-like transfer function [28].
However, the device occupies a relatively large footprint,
which hinders the scaling for a larger-scale NN integration.
Similar approaches have been shown by implementing SOA-
based wavelength converters in which the synaptic weight is
governed by the variation of SOA gain and also realizing a
sigmoid function [29], or by employing a self-induced
polarization rotation effect in a single SOA to achieve an
arbitrary activation function such as ReLU or Softplus [30].
Furthermore, it is also possible to employ a plasma effect by
changing the free carrier concentration in a waveguide [31] to
vary the coupling ratio of a Mach-Zehnder coupler to
eventually detune the wavelength between MRR resonance
and the input signals. By tuning the thermal heaters that
influence the amplitude and phase biases of these devices, a
variety of nonlinear activation functions can be generated such
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Fig. 2. (a) Measured and modelled 7(v) transmission function of an optical
25/50 GHz IL and (b) linear approximation L(v) around its quadrature point,
which defines the drop and pass region of the IL. Signal clipping of the neural
data s, is obtained through the noise background n of a photodetector,
introducing a drop window (D). (c) Sub-optimal noise thresholds where non-
linear distortion for the neural signal appears at the extinction ez and
maximum transmission my. of the IL. (d) Optimal threshold n* yielding a
rectified photocurrent i* defined by the frequency deviation Av, the ReLU bias
b, and the frequency-to-intensity conversion ky, of the IL.

as sigmoid, radial-basis and clamped ReLU. Although this
scheme enables the reconfigurability of arbitrary functions, it
is presently bound to latency and large energy consumption.
Other MRR-based activation functions have been realized via
silicon MRR loaded with phase change materials [32] or in a
Ge/Si hybrid structure [33], showing different types of ReLU.
However, these approaches necessitate very specific
fabrication processes.

Further studies have shown that a semiconductor laser can
be used to generate ReLLU-like function by using an integrated
III-V semiconductor membrane laser [34] or by exploiting the
bistability of an injection-locked Fabry—Perot semiconductor
laser [35]. Nonetheless, these schemes still require external
modulation, which complicated their overall integration.
Compelling results have been shown using a nonlinear
periodically-poled thin-film Lithium-Niobate waveguide [36],
exploiting second harmonic generation and degenerate optical
parametric amplification as resources to realize a ReLU-like
function. A linear rectification has been achieved by choosing
the bias pulse power and the waveguide length, but the use of
a rather exotic material and optical pumps might likely make it
difficult to scale up this NN concept.
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Fig. 3. Experimental setup to characterize the response of the photonic ReLU
function and resulting transmission function after clipped photodetection.

In this work, we investigate another approach of ONN
scheme based on optical frequency coding, as an extension of
our previous findings [37, 38]. As a first step, we characterise
and evaluate an experimental implementation for a photonic
ReLU activation function via frequency-coded signals by
employing a combination of chirped directly modulated laser
(CML) and an optical interleaver (IL) as a spectral processing
function. We achieve a penalty of 3% in accuracy with respect
to an all-digital NN (DNN), which provides an inherent
accuracy of 93% when being tasked with Iris flower
classification. We then include the proposed ReLU as part of a
photonic neuron, together with the linear weighted summation.
We found a small 1% penalty for this hybrid ONN
implementation by sharing the photonic ReLU hardware
within multiple neural sub-circuits. Furthermore, the IL-based
ReLU builds on elements that are well known from the field of
optical telecommunications and can be further combined with
the weight polarity assignment for neural signals. This
promises a simplification of the overall photonic neuron and
thus a smoother scaling of an ONN.

The paper is organized as follows. Section II describes the
notions behind the photonic ReLU operation based on
synaptic frequency coding and introduces the application
framework. Section IIT evaluates the proposed ReLU concept
in comparison with an electro-optic ReLU scheme. Section IV
expands this characterisation with simultaneous weighting
operation and shows that neural sub-circuits can be collapsed
over the same optical hardware. Section V introduces a novel
direct-drive scheme that permits an efficient translucent layer-
to-layer concatenation within the ONN. Finally, Section VI
draws a conclusion on the presented findings.

II. LINEAR RECTIFICATION THROUGH FREQUENCY CODING

A. Frequency-Domain ReLU Function

Figure 1(a) introduces a photonic neuron within the ONN. It
has a linear part, devoted to a weighted summation, and a
nonlinear part responsible for neural activation. This second
aspect is supported through a photonic ReLU function, which
is implemented according to Fig. 1(b). Here, the optical input
signal to the ReLU is coded in optical frequency v, yielding a
neural signal representation according to
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Fig. 4. Practical configuration and principal transmission characteristics of
photonic ReLU schemes using (i) a combination of chirped-laser CML,
interleaver and noisy PIN photodetection, which together with a low received
optical power (ROP) is responsible for the noise () that clips the signal, and
(i) a directly modulated laser (DML).

ss(V) = v+ Av s(), (1)

where s(f) is the neural data, v, is the optical frequency of
the frequency-coded signal and Av its peak-to-peak frequency
deviation applied during coding. The signal s, then passes
through the quadrature point of an interferometric filter, which
for example can be an optical IL as it is commonly used for
optical communication systems. We can express the
transmission of such an IL through the periodic function

re)=2fi-eosGasro-n))] @

where vy is the offset of the transfer function to the ITU-T
grid, and 0T is the delay parameter that defines the free
spectral range and thus the grid spacing of the IL. Figure 2(a)
presents the measured transmission of a 25/50 GHz IL,
together with its modelled transmission 7. This transfer
function for frequency-to-intensity conversion will determine
the activation slope of the ReL.U function.

Next, we can approximate the transmission function at its
quadrature point at T = -3dB, which yields the linear function

L(v)=a+B[v-wT =0)] 3)

for which

1

a=T(VT=0)= ,B=j—VT(v(T=O))=7r§T “)

This linear approximation is introduced to Fig. 2(b) together
with the model T of the IL. This IL function passes the
spectral components of the neural data signal s, in a way that —
in case of the exemplary spectral allocation shown in Fig. 1(b)
— lower frequencies would be suppressed yet not rectified. To
accomplish the latter, the linear function L acts in combination
with the added noise n of the subsequent photodetector, which
covers the drop window (D) with a noise background, thus
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Fig. 5. Experimental setup to evaluate the performance of ReLU units based
on (7) an optical interleaver and a PIN photodetector, in combination with a
CML emitter, and (i) an electro-optic approach by employing a DML.
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Fig. 6. (a) Optical spectra of CML+IL based ReLU implementation before (o)
and after (f) the IL, including the IL transmission y. (b) DML output
spectrum for bias points above (£) and below (8) the threshold current 7.
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clipping the neural data signal as defined by the bias b, for the
spectral alignment of s,. This eventually provides the ReLU
function required for the ONN implementation.

The clipping threshold n will generally depend on the
received optical power (ROP) to the photodetector. Figure 2(c)
presents two cases where the ROP is sub-optimally chosen. If
the ROP is too high, the threshold n’ will be low and the
ReLU function will be impacted by the non-linear IL slope
below its -3 dB transmission point, as indicated through ej;.
Conversely, for a too low ROP, the threshold n” will be too
high and the neural data signal will find itself above the -3 dB
point of the IL slope, leading to a non-linear response at the
maximum of the IL transmission (m;). The ROP has to be
optimized to minimize the error ¢ in the ReLLU function, which
is given by the deviation from its linear slope according to

£= ”]M|T (V)= L(v)|dv ®)

Va

and is indicated by the red areas at ey, and my. in Fig. 2(c). The
condition for an ideal threshold n* is sketched in Fig. 2(d).
The processed neural data, which is represented by the
photocurrent i* of the optical interleaver output after
frequency-to-intensity conversion ki at its linear slope, is
correctly rectified while no additional distortion is incurred.
This further requires a careful match of the frequency
deviation Av to the free spectral range of the IL, to retain the
neural signal s, within the linear region L(v). At the same time,
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Fig. 7. Normalized ReLU output from all-digital NN (o) and photonic ReLU
implementations based on (a) CML+IL (e), and (b) a DML (A) for 150 Iris
flower samples. The eye diagram on the bottom shows the output ReLU based
on (c) all-digital NN, (d) photonic ReLU using CML+IL, (e) photonic ReLU
using DML with sub-threshold current, and (f) above the threshold in the
linear regime.
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Fig. 8. Error histogram of photonic ReLU operation based on CML+IL (k),

which is lower than using DML implementation (g).

Av cannot be made arbitrarily small to ensure linear operation
since this would result in a degraded signal-to-noise ratio. A
careful trade-off that balances non-linear distortion and excess
noise needs to be made.

Although a photonic approach involving opto-electronics is
required, we will show in Section V that a conversion between
the optical and electrical domains between the layers of the
ONN does not necessarily relate to complex or inefficient
interfaces.

We characterized the response of this ReLU function
experimentally. For this, a vector network analyzer (VNA)
drives an optical inphase/quadrature modulator (IQM) through
a wideband radio frequency (RF) 90° hybrid. This enables us
to generate an optical single-sideband frequency sweep. A
25/50 GHz IL (Optoplex IL-COSBFASO004) with a slope of k.
= 543 dB/GHz is then inserted between IQM and PIN
photoreceiver (HP 11982A) with a noise equivalent power of
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30 pW/VHz. The response of this link is then acquired through
the VNA. Figure 3 presents the corresponding transfer
function when spectrally allocating the optical source at the
onset of an IL transmission window while adjusting the launch
power with an attenuator to accomplish clipping of the filtered
response. For an average ROP below -10.5 dB, we see a
suppression towards lower frequencies f < fx, with fx = 0 GHz.
Above fk a linear slope is obtained, which together with the
suppressed region resembles a ReLU function.

B. Neural Network Model and Application Setting

In our work, we use the Iris flower classification problem to
evaluate the performance of the proposed photonic neuron.
For this, a dataset of 150 flowers is distributed in three classes:
Iris setosa, Iris versicolor, and Iris virginica [39]. Each flower
sample has four features, consisting of information on its sepal
(length and width) and petal (length and width). For that
purpose, we use a multilayer perceptron (MLP) architecture
(Fig. 1) with three hidden layers besides the input and output
layers. In each hidden layer, there are four nodes, except layer
3 with only three nodes. As a benchmark, the DNN has been
trained offline with 100 epochs using the Adam optimization
[40]. There are in total 55 trainable parameters with a
distribution of 20, 20, and 15 parameters for layer 1, 2 and 3,
respectively. It shall be noted that the activation function does
not occupy the parameters. Moreover, a common partition of
80% for training and 20% for testing has been implemented in
the DNN. In addition, a batch size of 20 and a learning rate of
107 have been used in the training optimization.

Each input (x;) of the four nodes in the first layer represents
one feature of the flower. Each neuron in the NN, featuring the
architecture shown in Fig. 1(b), is characterized by weighting
coefficients (w;) as an outcome of the training process.
Afterwards, we perform a MAC operation and apply a bias (b)
to their sum (¥). Then, we utilize the nonlinear activation
function (f) and the resulting output is sent to the subsequent
NN layer. At the final output layer, a softmax function (z;) is
applied to determine the prediction probability. For
performance evaluation, the outcome of the ONN involving
the photonic ReLU activation function will be compared to the
ideal DNN implementation.

III. COMPARISON OF RELU FUNCTIONS FOR ONNS

First, we evaluate photonic ReLU functions based on two
schemes (Fig. 4), including (i) the proposed frequency-domain
ReLU with optical IL and (ii) a directly modulated laser
(DML).

In the first implementation, the weighted sum X from the
digital linear part of a neuron within the DNN is frequency-
coded on an optical wavelength A. The Zpy signal is then
processed by the transfer function of the IL in combination
with the subsequent photodetector, as previously discussed in
Section II.A. In the second case of employing a DML, we
utilize the electro-optic conversion characteristics to realize a
ReLU function. This is done by adding a bias current on the
weighted sum signal Xgr, to align the neural signal to the light-
current (L-I) characteristics of the DML which resemble a
ReLU function around the threshold current Iy, of the DML.

Figure 5 introduces the experimental setup to evaluate these
two ReLU functions. The weighted sum data Xw;s;(f) from
node O, layer 2 of the DNN (see Fig. 1 for reference) is
programmed in an arbitrary waveform generator (AWG),
without being digitally processed by an activation function.
The 1 Gb/s neural data signal then drives a 10-GHz butterfly
CML (Finisar DM80) operating at 1600.6 nm. The inset in
Fig. 5 shows the optical output of the CML, which features a
low intensity extinction ratio of 0.3 dB, as it is expected for an
optically frequency modulated (FM) signal. The CML output
is then processed by the optical 25/50 GHz IL to perform
ReLU operation through frequency-selective demodulating of
the FM signal to an intensity modulated (IM) signal, using the
linear IL transmission slope around its quadrature point.
Figure 6(a) depicts the optical spectra of CML before () and
after passing the IL (f), along with the transfer function of the
IL channel (y). The output of the photonic ReLU is received
by a PIN receiver, which is responsible for clipping the optical
output of the IL at its lower intensity levels, and digitized
through a real-time oscilloscope. The digitized signal is then
fed back to the DNN implementation for evaluation of the
error and NN accuracy.

For the second ReLU implementation, a 10-GHz butterfly
DML (Youopto YDBK) operating at 1554 nm was used.
According to its threshold current I; of 6.5 mA, we
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Fig. 10. Optical spectra of four CMLs in C- and L-band after shared IL
hardware. The insets highlight the spectral allocation of the CMLs to the even
and odd channels of the IL, realizing the weight polarity assignment.

investigated two different bias currents for ONN operation, as
will be motivated shortly. The first bias resembles a sub-
threshold current of 5.5 mA (), followed by a bias current of
11.2 mA () above I. The corresponding optical spectra are
reported in Fig. 6(b) and indicate a wider spectral feature for
the sub-threshold condition.

Figure 7(a) reports the normalized neural signal at the
output of the ReLU unit based on CML+IL for all 150 Iris
flower samples (®). The processed RelLU output of the hybrid
ONN is in good agreement with the digitally computed output
of the DNN (o). This remarkable match is evidenced by the
very similar eye diagrams between the reference ReLLU output
of the DNN (Fig. 7(c)) and the CML+IL based ReLU unit
(Fig. 7(d)).

In contrast, the ReLU operation based on the DML (A)
introduces a larger error when applying the low sub-threshold
bias current to rectify the neural data signal, as depicted in Fig.
7(b). This error is explained by the gain switching effect under
sub-threshold conditions, which are noticeable through the
pulsed DML emission in the corresponding eye diagram (Fig.
7(e)) or the broadened optical spectrum (Fig. 6(b, §)). When
instead increasing the DML bias above I in an attempt to
overcome this effect, the ReLLU operates in the linear L-/
region without gain switching artifacts. This, however,
prevents us from performing rectification, as it becomes clear
from the up-shifted eye diagram (Fig. 7(f)). Therefore, the
DML is not suitable to perform the ReLU function.

Figure 8 summarizes the resulting error in the ReLU
operation for both, CML+IL and DML based
implementations. The error & is defined as the absolute
difference between the normalized optical output signals of
the photonic ReLU and that of the DNN. The error under
CMLAHIL operation (k) is expectedly lower, with an average
error of € = 0.14 (36 = 0.36) when compared to the DML
operation (), for which the error is distributed in a range of 0
<e<0.7.

Additionally, we fed the output of the photonic ReLU back
to the DNN layer, meaning that the digitized measurement
data is propagated forwardly to the output layer of MLP
architecture. For the chosen Iris flower classification problem,
we achieve an accuracy of 90% and 62% by using the
CML+IL and DML based ReLU implementations,
respectively. This emphasizes that the CML+IL is suitable to
perform the photonic ReLU function, leading to a 3% penalty

2 3 4 5 6 7 8 9
Frequency [GHz]
Fig. 11. Heterodyned neural spectra before (o, ) and after (p, ¢) the shared IL
for (a) negatively and (b) positively weighted neural signal, respectively.

10 11 12

in terms of accuracy when compared to the DNN, which itself
features a 93% accuracy after offline training. Therefore,
further investigations will build on the CML+IL combination
as a photonic ReL.U.

It shall be stressed that the NN training did not take
component imperfections of the ONN layer into consideration,
meaning that the DNN training on the neurons is directly
transferred to the optical layer, regardless of the actual sub-
system implementation for the involved photonic neuron.

IV. ADOPTION OF THE FREQUENCY-DOMAIN RELU IN ONNS

The CML+IL based ReLU scheme will be further evaluated
in ONN environments with simultaneous weighting operation
and under the aspect of adopting shared optical hardware
among multiple neuromorphic circuits.

A. Collapsing multiple neural sub-circuits over a common
optical-layer hardware

In the first scenario, for which the experimental setup is
reported in Fig. 9(a), the IL is used as a shared ReLU element
for two neural sub-circuits. All synaptic emitters will share the
same IL to provide a simplified and cost-optimized ONN
layout where multiple neural circuits can share the hardware
within a NN layer.

We use four CMLs, two of which are in the C-band (1535.2
and 1535.55 nm) and two are allocated to the L-band (1599.65
and 1600.5 nm). Both C-band CMLs define the synaptic
emission of two nodes in layer 2 (E and F in Fig. 1). The
corresponding wideband PIN receiver yields the output of the
neuron of node 2, layer 3 (H). Similarly, both L-band CMLs
represent the same emitters (E and F) and the processed result
is dedicated to the neuron at node 0, layer 3 (G). The optical
spectrum of all CMLs after the shared IL is shown in Fig. 10
with the IL transmission function of even and odd channels
reported as insets. The spectral allocation of the CMLs to the
IL slopes again follows the synaptic weight assignment.

We send the data from DNN s,#) of the corresponding
neurons in layer 2 to drive the CMLs at 1 Gb/s. Assigning the
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Fig. 12. (a) Error histogram for the optical NN output of node O (x) and node 2 (v) in layer 3, after performing optically weighted sum and ReLU function, and (b)
corresponding NN accuracy for Iris flower classification at 1 Gb/s for an average error € of 0.1 and the drop in accuracy through additive white Gaussian noise

(AWGN) that has been artificially added to degrade €. (c) Average error € as a function of the data rate.

sign of the weight, sgn(w;), is accomplished through an
alignment of the frequency-coded signals to the respective

- ; . . o MZM  PIN DBR laser PIN
positive or negative IL slopes, taking advantage of its periodic y i oH &
v

transfer function. Moreover, a frequency-agnostic variable
optical attenuator (VOA) is placed in each CML output to set
the weight magnitude Iw;l. The two neurons (E and F) have
alternating signs (w4, w.) based on the DNN training. In this
second scenario, we used 1x2 splitters to enable the required
weight combinations and connections towards the even (+)
and odd (-) input of the shared IL, while C/L waveband
splitters are separating the two ONN sub-circuits. Finally, the
signal is detected by PIN receivers in either waveband and the
output is digitized through a real-time oscilloscope to
determine the accuracy of the ONN.

Figure 11 shows how the synaptic weight assignment in
correlation with the frequency-coded ReLU operation is
conducted by using a CML with a chirp parameter of 2.9. The
spectra summarize the continuous-wave beat notes (z, ) for
the unmodulated C-band CML and a reference laser, resulting
in a down-conversion frequency of ~6.6 GHz. In addition, the
RF spectra report the heterodyned neural signals before (o, y)
and after (p, @) the shared IL for a negative (Fig. 11(a)) and a
positive (Fig. 11(b)) sign setting. For a proper rectification in
case of a negative sign, the higher frequencies of the
frequency-coded neural signal are suppressed by the falling
slope of the IL (p), as shown in Fig. 11(a). Conversely, the
rising slope of the IL suppresses the lower frequencies of the
neural signal (¢ in Fig. 11(b)) for the positive sign setting.

Figure 12(a) reports the error histogram for the two ReLU
sub-circuits with shared IL. The result for both neurons in
layer 3, node O (4, L-band) and node 2 (v, C-band), has the
same average error € as low as 0.1. We further calculated the
accuracy of Iris flower prediction by propagating the optical
measurement data through the remaining portion of the DNN.
Figure 12(b) summarizes the accuracy as a function of €,
taking input from the experiment and from an evaluation
where we added additional noise to the experimental data at
the digital domain in order to simulate further degradation of
the neural signal. For both neurons, we obtain an accuracy of
92% for the experiment at 1 Gb/s, without modifying the NN
training procedure to take the specifics of the involved optical
elements into consideration. This result stands very close to
the accuracy of 93% for the DNN. When € increases due to an
artificial noise degradation, we see a rather large drop in

RelU circuit

IL Att

DNN layer

Fig. 13. Concept and experimental setup for an o/e/o conversion between the
linear and nonlinear part of a photonic neuron, employing a DBR laser
directly driven by a PIN photodiode current. The same photonic ReLU scheme
is used to evaluate the direct-drive scheme.

accuracy for node 2 (A). On the other hand, the accuracy for
node O (@) depletes just slightly. This result can be understood
in view of the distinct noise tolerance of the involved neurons.
It would require precise optical implementations for the
particularly noise-sensitive neurons, while other sub-circuits
could feature more relaxed conditions.

Figure 12(c) shows the relationship between € and the
neural data rates for the noise-sensitive node 2 at layer 3. We
see a slight increase in € from 0.10 to 0.12 for a range of 1 to 5
Gb/s in data rate where the accuracy drops to 90% at SGb/s.

B. Scaling simultaneous weighting and ReLU operation

In the second scenario, we investigate whether the
combination of ReLU function and weight setting can scale.
The corresponding experimental setup is presented in Fig. 9(b)
and features a single neural circuit with three synaptic
emitters. We weight the outputs of the neurons in layer 1 (A,
B, D in Fig. 1) and sum them, resulting in the output of node
0, layer 2 (E) after performing the ReLU function. We use two
CMLs in the L-Band to represent the emitters of the two nodes
in layer 1 (A [w;] and D [wy]) and one CML in the C-band for
the third node (B [w:]). In the same manner as the first
scheme, the si(f) data is sent to the CMLs of the respective
neurons at 1 Gb/s. The two neural data streams in the L-band
have negative signs (w.), while the signal in the C-band has
positive polarity (w,). The three synaptic signals are combined
with a colourless 4x1 splitter and sent to the IL to perform the
ReLU activation function. Finally, the signal is detected by a
PIN receiver and we again determine the accuracy of the ONN
after digitization of the neural signal.

In this scenario, we achieve an average error € of 0.2. This
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Fig. 14. Spectrogram of the DBR laser output and spectral alignment of the
DBR laser to the IL transfer function to realize a photonic ReLU function.

is higher than what we obtained in the first scenario. When we
feed the optical measurement signal back to the MLP
architecture of the DNN, we still achieve an accuracy of 91%
for the Iris flower classification challenge. However, this
might be the result of a noise-insensitive neuron configuration,
given the rather high € value. The latter is explained by the
fact that the integration of the weight polarity setting with the
ReLU function does not resemble the original function of the
neuron since the ReLU is not applied to the weighted sum.
Precise neural signal processing in a scaled-up ONN would
therefore require a clear split between the linear and the
nonlinear sub-circuits within the photonic neuron. An efficient
method to do so will be introduced in the next Section.

V. TRANSLUCENT CONCATENATION OF
WEIGHTED SUM AND NONLINEAR ACTIVATION

When realizing the nonlinear activation function of the
photonic neuron as a dedicated photonic circuit, the necessity
for signal translation between the electrical and optical layers
at the boundary of the linear and nonlinear neural sub-circuits
arises. This optic/electric/optic (o/e/o) translation can quickly
become a burden when scaling up the ONN. The following
experimental demonstration aims to prove that a detriment in
energy consumption, such as it arises from signal conditioning
during o/e/o conversion, can be largely avoided.

This o/e/o process shall be accomplished by a direct-drive
scheme where a highly efficient FM transmitter is directly
driven by the photocurrent of a preceding photodiode (Fig.
13). Specifically, a tandem of PIN photodiode and distributed
Bragg reflector (DBR) laser constitute a translucent intensity-

digital ReLU

Probability of € [%]

0 0.1 0.2 0.3 0.4 0.5

Fig. 15. ReLU output from the optical and all-digital NN implementation, and
corresponding error histogram for the photonically implemented ReLU
function, resulting to a low average error € of 0.1.

to-frequency converter where the detected photocurrent is
translated to an optical frequency-coded representation
according to Eq. (1), with s(f) now being the photocurrent that
represents the optically computed weighted sum.

Figure 14 characterizes the efficiency of this frequency
translation process through the DBR laser (Youopto YTET)
for a neural input with a 100 Mbaud information rate. For this
purpose, the DBR laser output has been directly acquired with
a high-resolution optical spectrum analyzer and has been
additionally heterodyned with a reference laser to obtain its
FM spectrum at a down-conversion frequency of ~5.5 GHz.
As Fig. 14 proves, a ROP of -7 dBm to the PIN photodiode
that drives the DBR section leads to a frequency-translated
neural signal with a deviation of Av = 4 GHz at the DBR laser
output, meaning a ~50-fold spectral expansion from the
amplitude to the frequency space — without necessitating an
electronic amplifier. This remarkable ratio between neural
symbol rate and frequency deviation is propelled by the
excellent spectral tuning efficiency of DBR lasers. Given the
passive and athermal nature of the IL and the direct-drive
capability of the DBR laser, which requires no means of RF
amplification, the energy efficiency of the entire ReLU
function is determined mainly by the optical gain for the laser
source and the post-amplification stage of the photodetector.
Towards these, the currently employed DBR laser was
supplied at a bias of 40 mA at a forward voltage of 1.2V for its
gain section, while the TIA of the photodetector was supplied
at 25 mA at a 3V rail. The static power consumption of the
ReLU is therefore ~125 mW, equivalent to 1.3 nJ/operation
given the currently low information rate of 100 Mbaud. This
efficiency value would decrease significantly once DBR lasers
with higher electro-optical modulation bandwidth, such as
[41], become widely available.

The spectrum in Fig. 14 further proves that the FM signal at
the DBR laser output, overlaid with the transmission function
of the IL of the ReLU circuit, features a deviation wide
enough to obtain the desired rectification effect, which in case
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of the spectrum shown in Fig. 14 relates to a (partial)
suppression of the levels 2 and 3 of the neural data (see Fig.
7(c) as a reference) after passing the photonic ReLU function.

We have then evaluated the error resulting from the
insertion of this o/e/o conversion. As Fig. 13 details, the
weighted sum signal Zw;si(f) of node O layer 2 in the DNN (E
in Fig. 1) is converted to an optical signal at 1550 nm by a
Mach-Zehnder Modulator (MZM). This optical representation
of the sum feeds a PIN photodetector, which then drives the
DBR section of the laser that optically supplies the ReLU
circuit. The DBR laser is aligned to the periodic IL
transmission of the ReLU function through a fine-tuning of the
bias current of the gain section of the DBR laser. After passing
the ReLU, the signal is detected by a PIN photodiode and
evaluated following the same methodology presented earlier.

A comparison between a photonically performed ReLU (red
trace) and a digitally performed ReLU (yellow) is reported in
Fig. 15. We see a good agreement between the optical and
digital computation, apart from a bandwidth limitation in the
optical signal. This is attributed to the limited electro-optic
3dB bandwidth of the DBR section, which was 270 MHz.
However, the neural signal levels agree with the digital levels
at the optimum decision sampling point. This is confirmed by
the error histogram: By using the proposed direct-drive DBR
scheme of the FM transmitter, we obtain an average error € of
0.1. This is slightly lower than for the CMLA+IL based scheme
evaluated earlier in Section IV. When feeding back the signal
acquired at the ReLU output to the MLP architecture in the
digital domain and forwardly propagating it to the output
layer, we achieve an accuracy of 92% for Iris flower
classification. This 1% penalty in comparison to the DNN
proves that an efficient o/e/o conversion between two photonic
signal processing circuits can be realized, without the need for
electrical signal conditioning.

VI. CONCLUSION

We have experimentally demonstrated a photonic ReLU
function in the frequency domain, leveraging optical
frequency modulation in combination with chirped light
sources or frequency-tunable lasers in combination with
periodic optical filters, followed by a PIN photodiode. Based
on our evaluation, the electro-optic DML approach is
incompatible to perform the desired ReLU function. The
proposed ReLU function centric to the CML+IL tandem has
been integrated in a hybrid digital/optical NN implementation,
showing the beneficial sharing of the ReLU hardware by
multiple neural circuits. We have further proven that a penalty
as low as 1% can be achieved in terms of accuracy when
solving the Iris flower classification problem. Moreover, we
have evaluated the simultaneous weight setting through the
same hardware used to perform the ReLLU function. Though
moderate errors have been achieved for a low number of
neural inputs, a scalable solution calls for separate sub-circuits
dedicated to linear and nonlinear processing. Towards this
direction, we have experimentally demonstrated a simplified
and efficient translucent o/e/o interface between weighted sum

computation and ReLU activation, essentially bonding these
two functions with a tandem of a PIN photodiode and DBR
laser, with the latter being directly driven through the
photocurrent of the preceding photodiode. Although larger
bandwidths are required for DBR modulation, it promises an
energy-efficient interface with small footprint due to its
amplifier-less nature. The investigation of more compact
optical elements replacing the currently used optical
interleaver is left for future work.
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