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ABSTRACT
The ever-increasing volume of data demarcating from the exponential scale of Artificial Intelligence (AI) and Deep Learning (DL) models
motivated research into specialized AI accelerators in order to complement digital processors. Photonic Neural Networks (PNNs), with
their unique ability to capitalize on the interplay of multiple physical dimensions, including time, wavelength, and space, have been brought
forward with a credible promise for boosting computational power and energy efficiency in AI processors. In this article, we experimentally
demonstrate a novel multidimensional arrayed waveguide grating router (AWGR)-based photonic AI accelerator that can offload bandwidth-
bounded linear algebra while leaving memory hierarchy, control, and nonlinearities to electronics and can execute tensor multiplications at
a record-high total computational power of 262 TOPS, offering a ∼24× improvement over the existing waveguide-based optical accelerators.
It consists of a 16 × 16 AWGR that exploits the time-, wavelength-, and space-division multiplexing (T-W-SDM) for weight and input
encoding, together with an integrated Si3N4-based frequency comb for multi-wavelength generation. The photonic AI accelerator has been
experimentally validated in both Fully Connected (FC) and Convolutional NN (CNN) models, with the FC and CNN being trained for DDoS
attack identification and MNIST classification, respectively. The experimental inference at 32 Gbaud achieved a Cohen’s kappa score of 0.8652
for DDoS detection and an accuracy of 92.14% for MNIST classification, respectively, closely matching the software performance.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0271374

I. INTRODUCTION

Electronic AI accelerators continue to improve at the sys-
tem level, yet the slowing of traditional voltage/frequency scaling
(“power wall,” “dark silicon”)1 together with the rapid rise in

compute demand for frontier AI training2,3 motivated a paradigm
shift into specialized hardware that can complement digital plat-
forms, sustaining the compute and energy growth. Within this
framework, photonic neural networks (PNNs) have been theoreti-
cally predicted to hold the credentials for addressing these
computational and energy challenges toward enabling peta-scale
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compute power and fJ/OP-scale energy efficiency,4–6 leveraging their
high-bandwidth and low-power characteristics with their constantly
growing integration maturity. However, the transfer of theoreti-
cal predictions into experimental demonstrations6–31 has revealed a
different reality for PNNs, primarily marked by architectural chal-
lenges toward safeguarding scalable layouts. Given the footprint
handicap of integrated photonic components against their electronic
counterparts, PNNs can address scalability only through architec-
tural schemes that can seamlessly support the interplay between
time- and space-dimensions together with the traditional optical
advantages, i.e., the wavelength-dimension and high-speed opera-
tion, which, however, is still absent in state-of-the-art integrated
photonic Matrix-Vector-Multiply (MVM) architectures.

More specifically, the demonstrations in Refs. 7 and 16 exploit
photonic meshes and spatial division multiplexing (SDM), executing
computations via the use of cascaded Mach–Zehnder interferom-
eter (MZI) nodes. This approach directly correlates physical with
computational space, implying a scalability plateau since the larger
networks would inevitably result in higher insertion losses.32 On the
other hand, extensive research has been conducted on PNN archi-
tectures that utilize the wavelength division multiplexing (WDM)
technique.15,26 The main building block in these architectures is the
microring resonator (MRR) bank, which comprises multiple MRRs
flanked by two parallel waveguides and is responsible for imple-
menting channel-selective weighting. Despite their impressive per-
formance in a range of applications, the computational power and
circuit size of these layouts can scale only by increasing the number
of laser sources. At the same time, they necessitate the simultaneous
operation and precise control of numerous resonant devices, rais-
ing an additional concern regarding their power consumption and
scalability perspectives. Photonic MVM circuit size can enjoy unlim-
ited scaling only by exploiting time-division-multiplexing (TDM),
with the authors in Refs. 12, 14, 20, and 27 demonstrating the
effective synergy of SDM and TDM by incorporating high-speed
input/weight nodes and time integrating receivers for the accumu-
lation operation. Consequently, the size of the PNN is effectively
increased without the need to fabricate large photonic circuits, while
the employment of the time integrating receiver enables the use
of low-power and low-cost analog-to-digital converters (ADCs) as
it relaxes their bandwidth requirements. Yet, these architectures
neglect the use of wavelength division multiplexing (WDM) that
forms the typical capacity parallelization factor in optics, limiting
the ability of PNNs to fully exploit all available degrees of free-
dom and hence potentially boost their computational power and
energy efficiency metrics. The benefits of additionally incorporating
the wavelength dimension in time-space division multiplexed setups
have been highlighted in more recent demonstrations,23,28,29 lead-
ing also to computational powers up to 11 TOPS23 that comprise
the current record among all state-of-the-art waveguide-based opti-
cal processors so far. To the best of our knowledge, only diffractive
optics have managed to break the 100 TOPS computational power
barrier,33–35 either by chiplets built upon diffractive principles33

or by a hybrid combination of diffractive regions with inference
modules.34,35 However, the use of diffractive elements requires the
a priori encoding of weighting values during the fabrication process,
and as such, it inherently constrains photonic AI accelerators to a
certain inference task. To this end, the high computational powers
enabled by diffraction-based optical processors come at the expense

of their flexibility and universality, restricting their deployment only
in application-specific inference applications and abandoning the
general-purpose character.

In this paper, we experimentally present the first photonic AI
accelerator that is powered by a microcomb laser source and is capa-
ble of executing Matrix-by-Tensor-Multiply (MbTM) operations at
a record-high computational power of 262 TOPS. The proposed
architecture consists of a 16 × 16 AWGR module, broadband inten-
sity modulators for weight and input encoding at 32 Gbaud, and
a Si3N4 frequency comb laser source for multi-wavelength genera-
tion. This approach extends our recent study on the first AWGR-
based PNNs,36 demonstrating a more than 60% increase in total
computational power performance and an ∼8.5% higher classifi-
cation accuracy by exploiting 32 G clock rates and microcomb-
laser-generated wavelength channels. The topology relies on the
cyclic wavelength routing properties of the AWGR and supports
simultaneously time-, wavelength-, and space-division multiplexing
(TWSDM) for weight and input vector encoding, forming a power-
ful framework for matrix and tensor multiplications. To validate the
performance of the proposed tensor accelerator in both FC and CNN
layouts, two Deep Learning (DL) models were trained for executing
different applications while taking into account the optics-informed
DL training framework4 to adapt to the underlying constraints of
the photonic hardware, like noise,13,37 quantization,38,39 and value
non-negativity.40 The first application was the identification of dis-
tributed denial of service (DDoS) attacks in a fully connected NN
(FCNN), where the accelerator achieved an experimental Cohen’s
kappa score of 0.8652 for the 2048 inferred samples, closely match-
ing the software performance. The second task concerned the
classification of handwritten digit images (MNIST) through a con-
volutional NN (CNN), with the hardware inference revealing an
accuracy of 92.14%, showing only 1.55% degradation compared to
the accuracy achieved via the software.

II. MATRIX-BY-TENSOR MULTIPLICATOR CONCEPT
AND PRINCIPLE OF OPERATION

The proposed matrix-by-tensor multiplication engine in its
generic N × K × S arrangement is illustrated in the conceptual lay-
out of Fig. 1(a). It comprises an N × N AWGR module with N and
K broadband modulators connected to its #N input and #K output
ports (K <= N), respectively. A multi-λ stream, generated by mul-
tiplexing N laser beams, is split into N channels of equal powers,
with the ith channel (i ∈ [1, N]) entering the ith broadband mod-
ulator. The modulator is electrically driven by a weight row vector
Ð→
Wi(t), which contains L elements and is optically imprinted on all
#N wavelengths, so that the output of each ith modulator consists of
an L-symbol long time series. This implies that the supported weight
matrices W can have N rows and L columns, with every weight
row vector W i consisting of L discrete symbols that correspond to
the number of discrete time slots allocated for its representation.
The AWGR collects the outputs of all i modulators at its input
ports and allows all #N different weight row vectors

Ð→
W1(t), . . .,Ð→

WN(t) to emerge at each AWGR output port by taking advantage
of its wavelength cyclic routing properties. Consequently, the whole
N × L weight matrix W appears at every jth output ( j ∈ [1, K]), with
every weight row vector carried by a different wavelength within
the multi-λ stream that emerges at the same AWGR output port.

APL Photon. 10, 110805 (2025); doi: 10.1063/5.0271374 10, 110805-2

© Author(s) 2025

 09 D
ecem

ber 2025 17:52:39

https://pubs.aip.org/aip/app


APL Photonics ARTICLE pubs.aip.org/aip/app

FIG. 1. (a) Conceptual layout of
the AWGR-based matrix-by-tensor-
multiplication, (b) the corresponding
W-matrix and X-tensor with their respec-
tive results Yij, and (c) the envisioned
integrated AWGR-based accelerator.

A splitter with a 1:S ratio at every jth AWGR output port is then
employed to broadcast the multi-λ weight matrix into S spatially
separated copies of equal power level. The resulting signals prop-
agate through a Xjl broadband modulator that is placed at every
splitter output, with l ∈ [1, S]. The

Ð→
Xjl (t) electrical input column

vectors drive the Xjl-modulators so that the time instances match
the respective L-symbol length of the weight vectors. Therefore, the
multi-λ signal emerging at the output of the Xjl-modulator car-
ries the Hadamard product (HP)

Ð→
Wi(t)o

Ð→
Xjl (t) between the

Ð→
Xjl (t)

input time vector and all weight time vectors. By demultiplexing
the multi-λ signal arising at the output of the Xjl-modulator into
its wavelength-components, one obtains every L-symbol long HP
between a single weight row vector and the input vector. Accumu-
lation is then performed by employing an optical or optoelectronic
integrator at every demultiplexer output, which integrates over an
L-symbol time duration to provide the dot-product, Yi,jl, between
the vectors

Ð→
Wi(t) and

Ð→
Xjl (t), as proposed in Ref. 41. In this way,

a different MbMM, between the weight matrix W and the respec-
tive input matrix formed by the S different

Ð→
Xjl (t) column vectors,

is calculated for each jth AWGR output, as shown in Fig. 1(b). By
exploiting the spatial dimension and equipping all K AWGR out-
put ports with a similar 1:S split-and-modulation MbMM stage, the

proposed architecture can successfully execute a number of K differ-
ent MbMM operations, effectively turning the setup into a MbTM
layout where an N × L weight matrix gets multiplied by an L × S × K
input signal tensor. In this way, assuming a typical case where K =N
for the AWGR input and output ports, the proposed layout supports
a total number of N2⋅S computations. By additionally assuming an
operational baud-rate of B Gbaud at every modulator and a splitting
ratio S that equals the number of ports N, then the number of com-
putations scales as O(N3), although the circuit complexity scales as
O(N2), resulting in a total computational power of N3⋅B GMAC/sec
or, equivalently, 2⋅N3⋅B GOPS. Figure 1(c) pictorially represents the
envisioned AWGR-based architecture, showcasing all key building
blocks comprising the proposed topology. In addition, we can define
the bandwidth of the parameter load rate as Cw × q × B, where
Cw is the concurrent weight channels (or active weight-imprinting
modulators), q is the bits/symbol, and B remains the baud-rate. For
detailed, numerical examples, please see the supplementary material,
Sec. S4.

III. EXPERIMENTAL IMPLEMENTATION OF THE
AWGR-BASED ACCELERATOR

The experimental implementation of the AWGR-based pho-
tonic MbTM engine is illustrated in Fig. 2(a). A silicon nitride

APL Photon. 10, 110805 (2025); doi: 10.1063/5.0271374 10, 110805-3
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FIG. 2. (a) AWGR-based experimental testbed for MbTM products verification, (b) frequency comb output spectrum, with the red rectangle denoting the experimental
wavelength-window, and (c) zoomed-in spectrum of the experimental wavelengths.

(Si3N4)-based frequency comb source (Enlightra’s SLC) was
employed as a continuous wave (CW) generator, with the presented
block diagram revealing the basic building blocks: (i) a CW pump
laser, (ii) a high-quality Si3N4 micro-resonator, and (iii) a con-
trolling unit for the electronics. Light coupled into the ring cavity
builds in intensity with each roundtrip pass until the circulating
optical power exceeds the material’s nonlinear threshold to gen-
erate a wide range of frequencies, i.e., a frequency comb, with a
free spectral range (FSR) of 100 GHz. The combination of high
Kerr nonlinearity in silicon nitride, group velocity dispersion, and
a high-Q factor around 1 × 106 of the microresonator enables the
generation of a highly coherent optical frequency comb through
cascaded four-wave mixing processes. The generated optical spec-
trum is centered at 1550 nm and features a 3-dB bandwidth of
>2 THz with an OSNR reaching 50 dB. An integrated feedback
loop with built-in photodiodes (PD on the figure) and electronics
ensures long-term stabilization of the system, with >2000 h of non-
stop operational stability having been confirmed experimentally. An
external graphical user interface allows control of the internal com-
ponents and parameters of the frequency comb. Enlightra’s SLC was
emitting a total optical power of 1 mW for all the produced wave-
lengths, with an erbium doped fiber amplifier (EDFA) connected at
the output of the device boosting the optical power. The CW gen-
eration stage was followed by a demultiplexing-multiplexing stage
allowing for a per-channel adjustment of the selected wavelengths’
power levels, ensuring the generation of 16 power-equalized chan-
nels with a channel spacing of 0.8 nm within the spectral window of
1535.9–1547.8 nm, with a spacing error of ±0.01 nm. The polariza-
tion state of every channel was also adjusted on a per-channel basis
to allow for efficient amplitude modulation of all 16 wavelengths in
the subsequent modulation stage. A second EDFA was placed after

the multiplexer for loss compensation, with a bandpass filter (BPF)
of 12 nm optical bandwidth removing the amplified spontaneous
emission noise. The filtered multi-λ stream with a total average
power of 28.1 mW, or ∼1.8 mW per wavelength-channel, was then
injected into an indium phosphide (InP) Mach–Zehnder modulator
(MZM) with 35 GHz electro-optical (EO) bandwidth (Fraunhofer
HHI InP MZM 64 Gbaud), which was driven by an arbitrary wave-
form generator (AWG – Keysight M8194A) to generate the

Ð→
Wj(t)

row vector of the W-matrix. The AWG generated the electrical sig-
nal with a power of 350 mV, which was further amplified via an
RF amplifier (SHF M804B), reaching ∼3.5 V as necessitated from
the InP MZM. In this way, an L-value weight row vector

Ð→
Wj(t)

was imprinted as a time series onto all 16 wavelength-channels.
After optically amplifying the W-modulator output to compensate
for losses in the subsequent components, the signal was split into
16 identical spatial components via a 1:16 splitting stage, with the
16 WDM signals getting decorrelated via the employment of differ-
ent fiber-length delays at every of the 16 paths prior to entering the
respective AWGR input. The employed AWGR (Semicon SAWG-
G-100G-32-32-C) is commercially available and consists of 32 input
and 32 output ports with a 3 dB bandwidth of 0.4 nm. For this exper-
iment though, we only exploited the 16 input and 16 output ports
acting in this way as a 16 × 16 AWGR. As such, the

Ð→
Wj(t) row vec-

tor entering the AWGR via a certain input port will emerge at every
one of the 16 AWGR output ports but at a different wavelength
at each port due to the cyclic wavelength routing properties. This
means that every AWGR output port will carry 16 different wave-
lengths, with every wavelength stemming from a different AWGR
input and carrying a time-delayed copy of the

Ð→
Wj(t) row vector. In

this way, only one wavelength can be considered at a certain AWGR
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output to carry the targeted
Ð→
Wj(t) row vector, with the rest of the

15 wavelength-channels exiting through the same AWGR output,
aggregating the channel under evaluation. The multi-λ modulated
stream derived at the kth AWGR output was further split by a 1:16
splitter, creating 16 identical copies at respective paths. Each ith
splitter output port was fed to a LiNbO3 Xki-input MZM (iXBlue
MX-LN-40) with 40 GHz EO bandwidth, designated to modulate the
corresponding

Ð→
Xki(t) input vector. The LiNbO3 MZM was driven

again by the AWG module to produce the optical Xki input vec-
tor time series, and as before, a RF amplifier (SHF L806A) was
employed to amplify the 200-mV electrical signal generated via the
AWG. By sequentially connecting the Xki-input MZM to the 16 split-
ter outputs of the kth AWGR output port, we successfully acquire
the MbMM product. After repeating the above-mentioned proce-
dure for the remaining AWGR ports by successively connecting the
1:16 split-and-modulate AWGR output stage to all AWGR outputs,
the required MbTM products are obtained. To evaluate the differ-
ent Hadamard products carried by every wavelength, the multi-λ
signal was demultiplexed into its 16-wavelength constituents at the
output of every Xki-MZM. Every channel was then amplified in an
EDFA followed by a BPF with 0.55 nm bandwidth prior to entering
a 70 GHz photodiode (PD, Finisar XPDV3120) and being recorded
by a 256 GSa real-time oscilloscope (RTO, Keysight UXR0704AP).
A software-based filter was implemented via the RTO and applied
to the captured signal, with a manually adjusted 3 dB bandwidth of
20 or 32 GHz in order to mitigate the excess noise bandwidth of the
PD. The integration and non-linear activation function (AF) were
performed off-line via a respective software routine.

IV. EXPERIMENTAL VALIDATION IN DL APPLICATIONS
The experimental validation of the proposed MbTM architec-

ture was carried out in two different AI applications that exploit two
different DL models and respective NN configurations. The scope
of the two applications was (i) cybersecurity, through the identi-
fication of DDoS attacks in Data Centers (DCs) via the analysis
of data packet traffic and the classification between malicious and
benign packets, and (ii) classification of handwritten digits, using
the MNIST dataset. The training procedure for the DDoS identifica-
tion and MNIST classification tasks started with the software-based
implementation of the task-specific NN models, i.e., an FC for
the DDoS and a CNN for the MNIST, using the PyTorch frame-
work. In parallel, following the pipeline described in Ref. 38, we
extracted the noise of the hardware, which was modeled based on
the std, for each targeted operational speed. As also described in the
supplementary material, Sec. S1, following this procedure enabled
the extraction of the noise-equivalent bit resolution (NEB) for our
photonic hardware, which later defined the training constraints.

The first step was to apply a linear dimensionality reduction
to the DDoS dataset using Principal Component Analysis (PCA) to
reduce the input vector size of the telemetry data to 6. The extrac-
tion process of the characteristics for the DDoS dataset is further
detailed in Ref. 42. After each layer, the digital sigmoid AF provided
the non-linearity of the system. The NN was trained with the Adam
optimizer43 for 100 epochs, applying hard constraints to weights,
forcing them to non-negative values within the range of [0, 1]. These
weight constraints were incorporated during training by introducing
a penalty term to the loss function, formulated as

L(ŷ, y; w) = Lc(ŷ, y) + α
K

∑
k=0

Nk

∑
i=0

Mk

∑
j=0

√
max {−w(k)ij , 0, w(k)ij − 1}

2

NkMk
,

(1)
where Lc denotes the cross-entropy loss and α is the weighting fac-
tor for the penalty term, which by default is set to α = 10. The Nk
and Mk define the fan-in and fan-out of the kth layer, respectively.
In addition, the hard constraints for the clipping of the weights in
the range of [0, 1] were applied after the tenth epoch, following the
optimization step.

The implementation of the CNN for MNIST classification
employed three convolutional software-based layers, two convolu-
tional hardware-based layers, and one fully connected hardware-
based layer. The software-based convolutional layers introduced a
backbone for feature extraction and consisted of three layers. The
first two (Conv 1, 2) employed a 3 × 3 kernel with three channels
each and applied the digital ReLU AF as the non-linearity. The third
(Conv 3) employed a 3 × 3 kernel with four channels, with a stride
and dilation equal to 2, with the non-linearity implemented by the
digital sigmoid AF. The backbone’s output, a four-channel 11 × 11
feature map, was fed into the cascaded layers, which were validated
through the optical hardware. The first optical convolutional layer
(Conv 4) applied a 4 × 4 kernel with eight channels and a stride of
4. The extracted feature map continued to the second optical convo-
lutional layer (Conv 5) that applied a 2 × 2 kernel with 32 channels.
The output of the last photonic convolutional layer (Conv 5) was
flattened to a column vector consisting of 32 values ready to be
processed by the optical classification/output layer (FC). The non-
linearity selected for the hardware-based layers was experimentally
extracted by a programmable opto-electro-optical system with the
operational principles detailed in Ref. 44. The CNN was trained in
an end-to-end manner for 75 epochs, applying different optimiza-
tion approaches to the software-backbone layers and to the hardware
layer. Specifically, the backbone optimization employed the Adam
optimizer with a learning rate equal to 0.001 and included a learning
rate scheduler to reduce its value by half every 25 epochs. The optical
layers were restricted to 3-bit precision and employed a normalized
quantization-aware training approach.39 Optimization of the optical
layers utilized the multiplicative Adam optimizer40 to ensure that the
non-negativity applied during weight initialization remained during
the training process. In this way, the hard constraints on the optical
layers’ weights were mitigated using only the upper-bound penalty
term of the applied loss function of Eq. (1), with α = 1.

Figure 3(a) illustrates an instance of telemetry data of the data
traffic within a DC, which were used in the DDoS identification task.
The telemetry data were categorized into six classes, corresponding
to the six input vectors of the first FC NN layer, as shown in
Fig. 3(b), followed by an output FC layer and two outputs. Each of
the neurons of layer 1 (L1) and layer 2 (L2) is described by the layout
of Fig. 3(c). Prior to evaluation, a preliminary pre-emphasis proce-
dure (discussed in the supplementary material) was employed to
compensate for (i) the noise originating from the limited frequency
response of the deployed modulators and (ii) the non-linearities
within the electro-optic system. In order to allow the processor
architecture to utilize all its weighting and input signal modulators
for useful computations without sacrificing any wavelength or mod-
ulator resources for negative number representation,45 the DDoS
classification NN was trained to allow only for non-negative
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FIG. 3. (a) Telemetry data of the DC traffic, (b) fully connected NN topology, (c) L1 and L2 neuron breakdown, (d) time traces for the software experimental traces at 20
and 32 Gbaud, with their respective errors, and (e) confusion matrices obtained from the inference performed on software, hardware at 20 and 32 Gbaud, along with the
respective achieved kappa scores.

values through the use of optics-informed DL models.4
Figure 3(d) illustrates the software-obtained data together
with the experimental time traces of the Hadamard productsÐ→
Wi(t)o

Ð→
Xjl (t) obtained at the first splitter output connected

to the first AWGR output at wavelength λ1 at two different symbol
rates, i.e., 20 and 32 Gbaud, respectively. As can be observed, the
experimental traces closely follow their respective software-obtained
counterparts. The noise distribution at both 20 and 32 Gbaud is also

FIG. 4. (a) The CNN network used for MNIST classification, with the software and hardware layers being denoted; (b) software and hardware traces at 32 Gbaud for Conv
5 and FC layers, together with the respective errors; and (c) confusion matrices for software and hardware inferences, with their kappa scores.
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shown in Fig. 3(d), revealing a standard deviation (STD) of only
0.05 when fitted with a Gaussian distribution for 20 Gbaud, while
for the error of the 32 Gbaud operation, the Azzalini skew-normal
fit46 was employed to also consider the negative tail of the histogram
bins, exhibiting a σSN = 0.093. Similar results were obtained for all
wavelengths across all 16 outputs of the split-and-modulate stage
at every AWGR output port. The DDoS attack recognition used
a set of 2048 input samples consisting of 81.45% (1668) benign
and 18.55% (380) malicious packets, which resulted in a highly
imbalanced dataset. The Cohen’s kappa-score27,47 metric accounts
for the imbalance of classes and, therefore, provided a more accu-
rate representation in the final validation. The confusion matrices
resulting from the software-based inference and the hardware
when operating at 20 Gbaud and then at 32 Gbaud are presented
in Fig. 3(e), along with their respective kappa scores. The scores
obtained with this hardware, i.e., 0.8718 and 0.8677 for the 20- and
32-Gbaud cases, respectively, indicate excellent performance with
minor degradation compared to the software case.

To evaluate the performance of the photonic AI accelerator also
in CNNs, a second experimental validation process was carried out
for the classification of handwritten digits through a hybrid soft-
ware/hardware NN. More specifically, the NN topology comprised
five convolutional layers and a fully connected layer for the final
classification. Among these layers, the first three convolutional lay-
ers were executed in software and were responsible for the initial
dimensionality reduction, while the remaining two convolutional
layers and the last fully connected layer were implemented over
the photonic hardware. The NN topology and the respective size
of each layer are illustrated in Fig. 4(a). Again, an optics-informed
DL training scheme was employed to allow for the use of strictly
non-negative values and take into account the different value, quan-
tization, and noise constraints of the photonic hardware. Figure 4(b)
depicts an indicative time trace at the output of the CNN layer five
(Conv 5) and the FC layer for the software and hardware multipli-
cations, after the software correlation, for a time-window of 4.7 ns,
or 150 symbols, at 32 Gbaud. The experimental traces closely fol-
low those acquired from the software, with similar results being
obtained for all different wavelengths across all possible PNN out-
puts. The noise distribution of all output waveforms is shown in
the same figure and reveals a noise STD of only 0.053 and 0.12

for the Conv 5 and FC layer, respectively. This NN task classified
a total of 256 images using software and hardware inference with
relatively balanced subsets for each class. The confusion matrices
of the software- and hardware-based classifications are depicted in
Fig. 4(c). The software-based inference for the selected 256 samples
reached 94.53% accuracy, and the hardware-based inference, at 32
Gbaud operation, achieved 92.57% accuracy. This difference corre-
sponds to a misclassification of only five samples for the hardware
inference. The kappa-score values were also calculated to account
for the slightly imbalanced classes in the dataset, revealing software-
and hardware-based values of 0.9389 and 0.9214, respectively.

V. DISCUSSION
The proposed AWGR-based multidimensional tensor-

multiplication demonstrator consisted of a 16 × 16 AWGR module,
a frequency comb laser providing the 16 carrier wavelengths,
and high-speed MZMs. By driving the weight and input signal
modulators at 20 Gbaud, the total computational power reaches the
value of 163.84 TOPS, which increases to the record-high value of
262 TOPS when increasing the symbol rate at 32 Gbaud, exhibiting
a ∼60% increase in computational power when compared to our
previous study36 or a ∼2200% increase when compared to the
next in the exhibited TOPS, the PNN architecture.23 Figure 5(a)
juxtaposes the recent PNN demonstrators in terms of the achieved
compute performance in TOPS, where a projection of a future
implementation of a 32 × 32 AWGR accelerator is included.
Following the same rationale, Fig. 5(b) depicts the comparison of
our envisioned SiPho-integrated demonstrators with the established
electronic state-of-the-art accelerators.48–61 It should be noted that
the energy efficiency of our architecture follows the calculations
presented in the supplementary material, Sec. S3.

The demonstrated version of the hyperdimensional AWGR-
based hardware prototype employed fiber-based components but
can potentially be transferred to a chip-scale integrated version,
taking into account the current capabilities of silicon photonic inte-
gration technology. A viable roadmap in view of transferring our
prototype architecture to an integrated form is shaped along exploit-
ing the developments of the optical interconnect infrastructure

FIG. 5. Comparison of state-of-the-art.
(a) Photonic and (b) electronic topolo-
gies. ∗Projected EE of this study,
based on SiPho components (see the
supplementary material, S3), for the 16
× 16-AWGR accelerator and for 32G
operation.
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toward leveraging the low-cost and high-volume credentials offered
by SiPho technology. In the current implementation, the transmitter
(T×) and receiver (Rx) arrays are established with bulky fiber-based
components; hence, the first step would focus on migrating to read-
ily available deployments of SiPho T×,62 R×,63 and T×/R× array
prototypes.64 The next step would target replacing the currently
employed silica-based (de)MUX and AWGR devices with SiPho-
based integrated prototypes, capable of reducing the architecture’s
chip real-estate requirements. High-port-count demonstrators have
already shown their credentials in Si-based65,66 and SiN-based67

platforms, exhibiting ultra-compact 32× (de)MUX65 and high-
performing 16 × 16 AWGR66 prototypes, while enabling low-loss
and low-fabrication variation characteristics toward employing low-
phase noise with reduced crosstalk AWGR modules.67 The final
stage of integration envisions a multi-chiplet architecture,68 inter-
connected through an electro-optic printed circuit board (PCB)69

capable of hosting both electronic and photonic subsystems. Mov-
ing to a chiplet-based integration provides a key advantage, as it
eliminates the area and thermal restrictions inherent to monolithic,
single-reticle processors. In this scheme, distinct functionalities are
separated, each undertaken by a dedicated chiplet: (i) a laser chiplet
generates the multi-wavelength optical carriers, (ii) a modulator
chiplet implements the input and weight encoding modules form-
ing the computational core, (iii) the AWGR can be integrated on
another chiplet along with the (de)MUX and photodiode arrays, and
(iv) a final electronic chiplet hosts the DAC/ADC and driver cir-
cuitry. This modular organization serves two main purposes. First,
it enables scaling to larger systems by combining multiple smaller
T×/R× chiplets. Second, it permits cross-platform compatibility,
allowing components from different silicon photonics platforms to
be assembled into a single system. Overall, this roadmap builds on
established optical interconnect technologies and current trends in
photonic integration, projecting that the hardware cost trajectory
will continue to follow the downward curve characteristic of pho-
tonic interconnects.70 While this concept could represent a potential
path toward realizing large-scale AWGR-based tensor accelerators,
the present discussion serves as a preliminary outlook, and a detailed
exploration of such multi-chiplet implementations remains beyond
the scope of this study. Nevertheless, we have already initiated efforts
in this direction, which could enable full-scale realizations of the
proposed architecture.71

Although setting an integration roadmap could benefit the
prospect of transferring our prototype to a SiPho integrated plat-
form, the scalability of the 1:N and 1:S splitting ratios is limited. To
estimate the maximum N, S ratios, we first need to set the require-
ments in laser power and amplification for the proposed accelerator,
which will consequently determine (i) the number of active com-
ponents and (ii) their respective power consumption. These num-
bers can be calculated based on the ILTotal (see the supplementary
material, S3). The starting point of this analysis is the sensitivity of
the receiver circuitry (Rsens), which for the envisioned SiPho AWGR-
based accelerator topology is set to −16 dBm at 20 Gbaud,72 which is
in line with state-of-the-art transimpedance amplifier (TIA) perfor-
mance. The IL values included in the analysis were chosen based on
the literature as ILWDM = 1.6 dB,65 ILmod = 3.7 dB,73 and ILAWGR
= 3 dB.67 For each N×N-sized AWGR topology (N = 4,8,16,32),
the IL of each splitting stage can be calculated based on ILS = 3
× log2 (N). Hence, the higher the scale of the topology, the more

FIG. 6. Feasibility analysis for the N × N-AWGR based MbTM photonic acceler-
ator, with N = 4,8,16,32, considering the insertion loss (IL) of each stage and the
respective amplification requirements.

IL introduced from the N, S splitting ratios, which in turn necessi-
tates the introduction of amplification stages. However, to calculate
the N, S and the amplifications, we should account for the optical
power limitation within the waveguide, prior to which nonlinear
effects dominate, which is assumed to be ∼16 dBm for Si-based
waveguides.74 Applying these limitations, a breakdown analysis was
conducted for the proposed system, considering the less-possible
active components within the system. The emission power of each
comb-line was assumed based on the targeted value of the next gen-
eration and optimized for the Enlightra SLC frequency comb. The
Si3N4 microresonator technology allows for selection of a narrower
band, e.g., 16 or 32 lines, which can further boost the per-line optical
power to 10 mW, while careful engineering enables a smaller per-
line fluctuation, at ±2 dB. The laser power reflects a single line of
the optimized comb, wherein each case was aptly selected to match
the limitations of intra-waveguide power while also considering
the sensitivity of the receiver. Figure 6 illustrates the integration-
feasibility analysis of the proposed MbTM demonstrator, indicating
the need for optical amplification at N = 8,16,32, with a 20 dB gain
amplifier incorporated for the cases of N = 8,16. For the case of
N = 32, the increased IL, owed to the higher splitting ratio, neces-
sitates two 15 dB gain amplification stages. This analysis constitutes
a first indication for the feasibility of the proposed hyperdimensional
tensor-accelerator while also reflecting on the maximum N, S split-
ting ratios, defined directly from the inherent linear-power within
the Si-waveguides.

Figure 7 depicts the scalability perspectives of the architecture
and plots the two key metrics of computing engines, i.e., com-
putational power (CP) and energy efficiency (EE) vs the AWGR
size, considering state-of-the-art integrated photonic components
(supplementary material, S3). The analysis assumes the use of an
integrated N × N AWGR, while the PNN operates at three differ-
ent data rates: 20 and 32 Gbaud, as presented in this study, and a
future target of 50 Gbaud that has already been shown to success-
fully support AI applications at chip-scale.27 For the feasibility of
integrating the whole system, the aggregated in-band crosstalk of
the AWGR and (de)multiplexing devices should also be considered.
Crosstalk can be modeled as additive noise and bounded relative to
the effective bit precision of the system. A detailed calculation of
the crosstalk requirements together with closed-form scaling limits
is provided in the supplementary material, Sec. S5. Quantification
of the respective EE requires a detailed breakdown of the power
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FIG. 7. Scalability analysis of compute power and energy efficiency vs AWGR size.
1 POPS = 1015 ops/s.

consumption (PC) of all its active components, incorporating also
the electronic digital-to-analog conversion (DAC), integrator, and
analog-to-digital conversion (ADC) circuits. The assumptions about
the speed and energy consumption of a chip-scale PNN version
are provided in detail in the supplementary material. The MbTM
throughput scales with O(N3), and the achieved operations can be
calculated as 2 ⋅ N3 ⋅B GOPS, for K=N, with a more detailed analysis
of the throughput being presented in the supplementary material,
Sec. S4. As such, the total computational power increases with the
cube of the AWGR dimensions, while energy efficiency improves
since the total power consumption scales with the total number
of active components employed, which in turn scales with O(N2).
The computational power and energy efficiency also improve with
increasing data-rate, indicating that a silicon photonic version of
the 16 × 16 AWGR-based PNN layout at 32 Gbaud allows for a
total compute power of 262 TOPS with an energy efficiency of 273
fJ/OP. Assuming a 32 × 32 AWGR75 silicon-based PNN operating
at 50 Gbaud symbol rates could then, in principle, enable a total
computational power up to 2 ⋅ 323 ⋅ 50 ⋅ 109 = 3.276 POPS, within
a power consumption envelope of 309.5 W, suggesting an energy
efficiency of ∼94 fJ/OP. Although the estimated absolute power con-
sumption of ∼310 W is higher than that of present-day electronic
accelerators, the true value of the proposed architecture lies in its
throughput-per-watt scaling. While the computational power scales
as O(N3), the power consumption grows only as O(N2), leading to
an overall ∼2× improvement in energy-per-operation. This becomes
evident when doubling the I/O port count of the AWGR, where
the computational power scales by a factor of 8× while the power
consumption increases by only ∼4×. Such scaling behavior consti-
tutes the key advantage of our AWGR-based tensor engine, while
the further maturation of the SiPho technology is expected to fur-
ther improve modulation efficiency, AWGR IL, and co-packaged
integration, which can further reduce the absolute consumption,
thereby narrowing the gap with electronics while preserving the
scaling advantage.

VI. CONCLUSIONS
We have experimentally validated an MbTM architecture that

comprises a comb laser source, a 16 × 16 AWGR, and broadband

MZMs driven up to 32 Gbaud data-rates, providing a record-high
computational power of 262 TOPs. Two different DL models for
respective applications were trained and utilized for the experimen-
tal validation of the proposed MbTM layout in the AI domain:
a FC NN for DDoS identification and a deep NN formed by
multiple convolutional layers and a last FC layer for MNIST clas-
sification. Successful classification between benign and malicious
traffic in the DDoS attack identification task was experimentally
observed, with an experimentally obtained Cohen’s kappa-score
of 0.8677 over 2048 inference samples with only a 0.05 degrada-
tion compared with software. The classification of digits within the
MNIST dataset achieved an experimental accuracy of 92.14% over
the hardware inference of 256 samples, which closely matched the
software performance of 93.89%. Finally, we discussed the inte-
gration perspectives of the proposed architecture and highlighted
this as a promising roadmap toward additional improvements in
computational power and energy efficiency. The projected AWGR-
based architecture, with upgraded connectivity to 32 × 32 and a
compute rate of 50 Gbaud, is expected to allow for 3.276 POPS
of computational power consuming sub-100 fJ/OP, which con-
stitutes a ∼298× increase in computational power compared to
state-of-the-art photonic accelerators.

SUPPLEMENTARY MATERIAL

The supplementary material provides additional details on
the pre-emphasis process for the photonic link linearization, vali-
dation of multi-wavelength operation, power consumption break-
down, computational throughput analysis, crosstalk tolerance, and
an illustrative discussion on the compatibility of the AWGR-based
accelerator with GEMM algorithms for contextual benchmarking.
It also contains the referenced figures and tables (supplementary
material, Figs. 1–2 and Tables 1–2) that support the results and
analysis presented in the main paper.
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