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Scaling photonic neural networks:
A silicon photonic GeMM leveraging
a Time-Space multiplexed Xbar

S. Kovaios, I. Roumpos, M. Moralis-Pegios, G. Giamougiannis, M. Berciano,
F. Ferraro, D. Bode, S. A. Srinivasan, M. Pantouvaki, N. Pleros and A. Tsakyridis

Abstract— We demonstrate a silicon photonic Xbar-based
general matrix multiplier (Xbar GeMM) for optical neural
network (NN) applications, utilizing a hybrid time-space
multiplexing scheme for supporting matrix dimensions far beyond
the dimensions of the Xbar circuit. We present the operational
principle of the silicon photonic accelerator that is capable of
merging space and time division multiplexing techniques through
the use of high-speed input and weighting nodes within a coherent
MxN  Xbar. The proposed scheme was demonstrated
experimentally using a 2x2 Xbar that employs electro-absorption
modulators (EAM) with 56 GHz bandwidth both at its input signal
vector and its weight matrix modulation stages. Its experimental
validation as a photonic GeMM engine was performed for 5, 10,
20, 30 and 50 GBd compute rates and was benchmarked as a NN
classifier for the IRIS dataset, successfully executing a total
number of 2100 products over a 2x2 matrix hardware with an
accuracy up to 93.3%. All SiGe EAMSs were driven by high-speed
electrical signals with a peak-to-peak voltage ranging between 0.9-
1.2 V, suggesting a strong potential for a photonic engine that will
be capable to perform with CMOS-compatible driving voltages.
Finally, we discuss the pros and cons of the proposed hybrid
multiplexing scheme, concluding to a thorough system
performance and energy efficiency analysis.

Index Terms—coherent photonic Xbar, photonic neural
networks, space division multiplexing, time division multiplexing

I. INTRODUCTION

The development of a revolutionary computing technology
that will be capable of keeping pace with the exponential rise of
artificial intelligence (Al) and deep neural networks (DNNSs),
appears currently as an imperative solution for sustaining the
advances of next generation computing systems [1]. Within this
frame, the emersion of optical computing and its projection
onto modern photonic integration technologies seem to hold a
strong potential for shaping a highly prominent computational
fabric that can harmonically combine bandwidth, energy and
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footprint merits [2], [3]. This builds upon the significant
progress that has been witnessed in the field of integrated
optical Matrix-Vector-Multiplication (MVM) layouts and
linear optical circuits [4], while utilizing the unique native
properties of light and photonics: their broadband analog
waveform processing credentials together with numerous
physical degrees of freedom that are exploitable in different
multiplexing schemes.

Several demonstrations of photonic systems incorporating
different multiplexing paradigms exist in the literature [5]-[25],
reporting on the computation of large matrix-vector (MV)
products through limited photonic hardware. Prominently,
space (SDM), wavelength (WDM) and time (TDM) division
multiplexing exploit spatial, spectral and time dimensions
respectively, for extending the available computational space
offered by photonic hardware. In more detail, SDM-based
layouts consider primarily photonic meshes, in which
computations are performed by synergizing cascaded stages of
Mach-Zehnder interferometer (MZI) nodes [5]-[8]. This
approach directly associates physical with computational space,
imposing in this way scalability challenges, since larger
network sizes would inevitably lead to higher insertion losses
and lower fidelity performance [9],[10], thereby limiting the
potential of SDM layouts to match the large neural network
(NN) sizes. Similarly, WDM layouts rely on the deployment
and manipulation of multiple wavelengths from the photonic
hardware [11]-[14], with existing technologies failing to
provide a sufficient number of optical channels compliant with
the size of NN parameters. Finally, TDM schemes unfold the
NN operations over the time domain by serializing
multidimensional data [15]-[17], potentially enabling the
calculation of arbitrarily large MV products through any
dimensioned photonic NN architecture. However, this comes at
the cost of increased latency [18]- an effect that becomes even
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Fig. 1. (a) A fundamental TDM architecture for photonic neural networks, incorporating the MV product unit, a photodetector and a temporal integrator. (b) TDM
workflow, resulting in the computation of one neuron per K time slots. (c) The MxN Xbar GeMM layout, embracing time and space division multiplexing. (d)
Hybrid space-time division multiplexing workflow of the Xbar GeMM, allowing the computation of N neurons per K/M time slots.

more pronounced when slow weight update rate is utilized [21].

Reducing this latency, while maintaining the TDM
credentials for supporting arbitrarily large matrix dimensions,
can yield the analogous of a typical General Matrix Multiplier
(GeMM) circuit in the photonic domain. This requires,
however, the use of an additional multiplexing dimension, such
as space and/or wavelength, to be enforced simultaneously with
the TDM scheme for parallelizing computations. Although
several hybrid multiplexing schemes have been reported so far
for optical NN demonstrations [22], most of them are tailored
only along inference operations without supporting fast weight
reconfigurability and GeMM functionality.

In this paper, we present a photonic GeMM for operation up
to 50 GHz by combining for the first time space and time
division multiplexing over a coherent linear optical circuit. Its
architecture relies on the use of the recently introduced photonic
Crossbar (Xbar) architecture [10] that supports high-speed
modulation both at its input and weighting stage. This allows to
support two additional spatial dimensions for parallelizing
operations and reducing latency, i.e. the number of Xbar rows
and the number of Xbar columns. The photonic GeMM
architecture was validated experimentally via a silicon photonic
(SiPho) 2x2 Xbar circuit that incorporates high-speed silicon
germanium (GeSi) electro-absorption modulators (EAMS) to
imprint both the input vector and the weight matrix of an NN.
The performance of the 2x2 Xbar GeMM is benchmarked in a
NN classification task using the IRIS dataset, for compute rates
ranging from 5 to 50 GBd, demonstrating a successful
execution of 2100 products over a 2x2 matrix hardware with
accuracies up to 93.3%. Finally, a discussion on the advantages
and disadvantages of the proposed Xbar GeMM is conducted,

along with a comprehensive energy efficiency analysis that
reveals sub-pJ/MAC all-optical performance.

The rest of the paper is organized as follows. Section 1l
presents the operational principles of TDM and SDM in the
Xbar GeMM along with its computational workflow. Section
I11 reports on the experimental study of the 2x2 Xbar, including
DC characterization and the execution of an NN classification
task. Section IV discusses the operation of the Xbar GeMM and
provides a projected energy efficiency analysis for different
compute rates and circuit sizes. Finally, Section V outlines the
main conclusions of our work.

Il. TIME AND SPACE DIVISION MULTIPLEXING

A. Time division multiplexing

An elementary photonic architecture supporting TDM and its
computational workflow to compute large MV products of the
form Y=WxX are presented in Fig. 1(a) and 1(b), respectively.
Two cascaded amplitude modulators, operating at the same
compute rate, are imprinting the elements of the weight matrix
W (of size KxK) and the input vector X (of size K) of a specific
neural network layer on the optical domain. The input time
vector X(t), consisting of sequential copies of the NN input
vector, and the serialized weight time vector /(t), generated by
flattening the weight matrix, are fed to two modulators,
producing a time vector W(t)OX(t), where O denotes the
element-wise product between two time vectors. The generated
waveform contains K? products W;;X;, each assigned to a
specific time slot. After photodetection, the signal is forwarded
to an electronic integrator, designed to perform the necessary
accumulation operations for a single neuron, over a time span
of K slots. At the output of the TDM system, the serialized MV
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Fig. 2. (a) The 2x2 Xbar. (b) Equivalent design of 2x2 Xbar, incorporating
MZIs instead of waveguide crossings. (c) Fabricated SiPho chip.

product Y(t) is obtained, with each neuron spanning an interval
of K time slots. Even though the TDM scheme allows for large
MYV products computations through limited photonic hardware,
it inevitably increases the operation time of a single NN layer,
imposing  additional challenges when dealing with
contemporary vast-dimensional NNs.

B. Time and space division multiplexing with an Xbar GeMM

To alleviate the latency-related challenges of the TDM
scheme, we have incorporated the space dimension in a space-
time multiplexed approach that relies on the recently introduced
photonic Xbar architecture [10] shown in Fig. 1(c). The MxN
Xbar, comprises a coherent layout that is capable to directly
map the input NN elements (defined as X;) on its amplitude
modulators (AM) and the NN weight matrix elements (defined
as I/T/l-j) on its computational nodes, consisting of an AM and
phase modulator (PM), to imprint the amplitude and sign of the
weight, respectively. Each column output is equipped with an
optical receiver and an electronic integrator to accumulate the
temporal partial linear summations. Xbar architecture has been
designed as a loss-balanced layout by properly selecting the
splitting ratio of the deployed directional couplers (é-couplers)
at each column [10]. Therefore, the matrix accuracy
representation, also known as fidelity metric, is always unity
irrespective of the size and/or the matrix node loss [10],
allowing in this way for the deployment of high-speed
modulators both for X; and W;;.

These benefits facilitate the adoption of time-space
multiplexed scheme and enable the computation of large MV
products. The Xbar-based GeMM accelerates the calculations
required for the computation of a single neuron by distributing
the input and weight vector along the different Xbar rows. In
parallel, an additional parallelization factor is provided by
distributing multiple neurons at different Xbar columns. In
more detail, the weights of the m-th neuron are separated into
M time vectors w,,; (t) and assigned to the corresponding nodes
of the m-th column of the Xbar. The same segmentation and
mapping is performed for the input vector, leading to the
construction of M different input time vectors X;(t), each
spanning K/M time slots. At the column’s output, the time series
C;(t) =Yw; ©X; is calculated in the photonic domain,
forming a time series of the neuron’s partial sums S;. Following
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Fig. 3. (a) Experimental setup for DC and RF measurements (b) ER and IL
measurements of a standalone EAM, extracted from DC measurements of the
2x2 Xbar. (c) DC weight calibration of the 2x2 Xbar.

photodetection, the remaining accumulations are performed
through temporal integration, completing the computation of a
single neuron in an interval of K/M time slots at the column
output ¥;(t), as visually illustrated in Fig. 1(d).

Under this framework, at the first interval of computation T,
a batch of N neurons will be computed by the Xbar GeMM
within a time window of K/M time slots, yielding in this way a
time acceleration factor of M-N compared to the simple TDM
setup of Fig. 1(a). Upon completion, the next batch of N neurons
will be imprinted over the same photonic hardware, projecting
the calculation of the MV product along a continuous pipeline.
As a result, the computation of the MV product involving the
W matrix, will be completed over K/N computational intervals,
due to the parallelized computations enabled by the N columns
of the photonic Xbar. Taking into account that each interval is
equal to K/M time slots, it is evident that the output of the MV
product will span a total of K¥MN time slots, significantly
improved compared to the case of the TDM scheme.

I1l. EXPERIMENTAL DEMONSTRATION OF
THE 2%x2 XBAR GEMM

A. SiPho chip

To validate the operation of the Xbar GeMM, we consider
the case of a 2x2 Xbar, with its theoretical layout presented in
Fig. 2(a). In order to avoid the use of waveguide crossings
(WC), that may affect the matrix fidelity performance due to
crosstalk, and to allow for the characterization of the different
individual components within the Xbar circuit, an alternative
yet functionally equivalent design has been finally fabricated,
as shown in Fig. 2(b). This design incorporates 1:2 and 2:2
multimode interferometers (MMI) instead of directional
couplers, electro-absorption modulators (EAMs) for imprinting
the input vector and weight matrix of a NN and thermo-optical
phase shifters (TO-PS) for encoding the weight sign
information. WCs could be avoided by employing an output
stage of two thermo-optic symmetric Mach Zehnder
Interferometers (MZI-A and MZI-B) that were both configured
to operate at their cross state.

The photonic chip was fabricated in IMEC’s SiPho-300 mm
wafer technology [24]. The EAMs employed for the input
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Fig. 4. (a) Fully connected NN, used for the IRIS classification task. (b) Output traces of the different NN’s layers at a compute rate of 20 GBd. (c) MSE per layer

and total accuracies for 5, 10, 20, 30 and 50 GBd.

X; and weight w,; modulators had a bandwidth of 56 GHz and a
length of 50 um. The deployed TO PS had a length of 150 um
and required a power of ~10 mW for a pi-shift. The photonic
integrated circuit (PIC) is presented in Fig. 2(c), with the 2x2
Xbar covering a total area of 5.7 mm?.

B. Experimental setup

The setup used for the experimental study of the Xbar GeMM
is presented in Fig. 3(a). A continuous wave (CW) beam, with
an output optical power of 6 dBm is injected to the PIC through
a fiber array, with a polarization controller (PC) establishing the
optimum coupling efficiency of the incident light beam with the
integrated grating couplers. The insertion loss (IL) of a single
grating coupler was measured to be 2.5 dB at 1550 nm, through
reference waveguide measurements. The outputs of the chip
were directed to an optical power meter for the DC
measurements of the PIC. The EAMSs’ reverse bias voltage and
all the thermo-optical elements were controlled through
external digital to analog converters (DAC).

For the RF measurements, and the demonstration of the
GeMM operation in NN tasks, the two input EAMs together
with two weight EAMs were driven by a 4-channel Keysight
M8194a arbitrary waveform generator (AWG), allowing the
full dot-product operation of a single column per measurement.
Four SHF-S804b electrical amplifiers were equipped at each
channel of the AWG, to ensure that the high-speed analog
signals were reaching the EAMs with adequate electrical
power. The modulated optical output of the Xbar was directed
to an erbium-doped amplifier (EDFA), and an optical band pass
filter, before captured by a 70 GHz photodiode (PD). The
received signal was recorded by a 72 GHz Keysight N1046A
sampling scope with both the integrator and the activation
function (AF) units implemented in software, to complete the
operation of a single NN layer.

C. DC characterization - calibration

The characterization of the EAMSs included in the 2x2 Xbar
was performed through a series of DC measurements, with the
indicative IL and static extinction ratio (ER) as a function of
wavelength presented in Fig. 3(b). By setting the two MZIs ata
bar-state, the products w,,X; and W,,X, can be directed to the
“monitor” and “Y;” ports respectively, permitting the extraction
of the IL and ER figures. Both MZIs were tuned through
iterative measurements at a wavelength of 1550 nm. Under the

assumption that both the input and the weight EAMs present
approximately the same behavior, the IL of a standalone EAM
was identified to be 8 dB in the range of 1550-1560 nm. The
measured ER reached approximately 5 and 11 dB for a reverse
bias voltage of 1 and 3 V respectively. Even though standalone
EAM measurements could provide more appropriate metrics,
our implicit characterization provides an estimation of the
effective performance of the computational nodes, in the
presence of wavelength dependent variations of the constituent
components. Based on our measurements, a wavelength of
1550 nm was selected for the RF measurements.

Furthermore, to account for the different losses of the optical
paths from the input EAMs up to the output of a single column,
the calibration of the 2x2 Xbar was performed, with the results
presented in Fig. 3(c). Following the analysis presented in [26],
we record the optical Xbar outputs for all the combinations of
applied voltages, with each EAM being reverse biased at 0, 1,
2 or 3 V respectively. Through a linear regression analysis, the
differential path losses within a single column can be extracted
and consequently compensated by proper selection of the
weight EAM driving voltage. The latter is depicted in Fig. 3(c),
where a non-linear relationship between the targeted weight
values and the EAM bias voltage is observed, with the minor
differences occurring between the different Xbar EAM voltage
curves being enforced for balancing any intra-column
differential path losses.

D. The Xbar GeMM for the IRIS classification task

To evaluate and benchmark the performance of the 2x2 Xbar
GeMM in NN applications, we consider a fully connected NN,
trained for the classification of the IRIS dataset. The deployed
NN, illustrated in Fig. 4(a), consists of 2 fully connected layers,
with a topology of 4:10:3, where each input has a batch size of
30. Therefore, the full inference of the NN would require the
computation of 1200 and 900 products for Layer 1 and Layer 2
respectively, promoting this model for benchmarking the
accelerator’s performance, due to its relatively large size. The
GeMM output signals were captured and subsequently
normalized in order to allow for their comparison with their
expected software-obtained waveform counterparts. For both
layers, an ideal tunable integrator is considered to perform the
remaining accumulations, followed by an ideal sigmoid AF
[27]. The experimental traces obtained within an indicative time
window at both Xbar outputs and for both NN layers at 20 GBd
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are presented in Fig. 4(b) together with the corresponding
waveforms produced when executing the NN in software. As
can be seen, only negligible deviations were observed between
the experimental and the software-based traces, validating the
operation of the photonic processor. The amplitude of the
EAMs’ electrical driving signals lied in the range of 0.9 — 1.2
V for both NN layers and for all compute rates used in our
experiments, indicating a strong potential to operate under
CMOS compatible driving voltages.

To benchmark the performance of the Xbar GeMM, we
proceed with a series of measurements for 5, 10, 20, 30 and 50
GBd rates, with the extracted MSE values per layer and NN
accuracies summarized in Fig. 4(c). The low MSE values,
below 0.0025 for all compute rates and layers, as well as the
high experimental accuracy of 93.3%, negligibly lower than the
software accuracy of 96.6%, validate the near error free
operation of the proposed layout for compute rates up to 20
GBd. Increasing further the compute rate induces a small
degradation to the performance of the system, which is
imprinted in the increase of the MSE values and the decrease of
the experimental accuracy that goes down to 76.7% when
performing at 50 GBd. This behavior is expected, as the
increased analog noise associated with higher compute rates
translates to lower bit resolution performance [28]. Finally, it is
worth noting that the SiPho processor was utilized for executing
the NN inference, while the training was performed offline. The
rationale behind this selection is two-fold: (a) inference process
is, generally, more power consuming than training because of
the multiplicative factor of using the deployed system many
times [29], while training, even if it involves repetitions, is
performed only once. For example, in modern large language
models, inference workloads are estimated to consume 25x-
1386x higher power than training [30]. Therefore, the energetic
savings of photonic accelerators would be much more manifest
when inference process is targeted. (b) Inference models work
quite well with 4-8-bit resolution and sometimes even down to
1-2 bits [31],[32], a performance that PNNs could handle by
trading off the computational rate [28]. On the other hand, the
precision requirements during the training process could reach
up to 8-16 bits [33],[34] which is rather challenging to achieve
with current photonic technology. On top of that, during the
training process there are additional operations, beyond matrix
multiplication, such as loss function and gradient calculation
that, are still immature in the optical domain. However, given
the continuous advancements in optical technologies and the
crossbar’s capability to perform NN inference operations with
high accuracy in the GHz regime, we anticipate that in the near
future, our architecture could even be leveraged to accelerate
the training process.

IV. DISCUSSION

We have experimentally demonstrated a robust framework
that exploits hybrid time-space division multiplexing for
enabling the computation of large MV products within a
reduced latency envelope. The proposed scheme
simultaneously accelerates and parallelizes the computation of
all multiply operations encountered in MV products, requiring
just a few accumulations to be performed through temporal
integration at the circuit output. The use of the integrator allows

for the employment of lower speed and as such lower power
analog-to-digital converters (ADCs) at the Xbar outputs [35],
contributing to reduced energy consumption.

Moreover, the proposed Xbar GeMM has the potential to
form a CMOS compatible solution that can be directly adapted
to an integrated opto-electronic system, thanks to the low
driving voltage requirements of the incorporated EAMSs. In
particular, the EAMs provide a static ER of 5 dB at 1550 nm at
1V reverse bias voltage. This feature is also supported by the
supplemented RF electrical power measurements since the
amplitude of the required EAM electrical driving signals ranged
between 0.9 and 1.2 VV when measured just before being applied
to the photonic chip. These voltage requirements assert a strong
potential for operating with CMOS driving voltages,
eliminating the need for on-chip RF amplifiers. This is expected
to provide an additional boost to energy efficiency and to reduce
the system complexity of scaled up architectures. In addition,
EAMs serve as an optimal modulator choice for scalable Xbar
GeMM layouts compared to other technologies [36],[37]. Their
small footprint (in contrast with Mach Zehnder modulators),
combined with the high bandwidth credentials, offer the
potential of realizing scaled up Xbar layouts, whereas their
relatively low IL (compared to other high-speed modulators
such as plasmonic organic modulators) and low complexity
configuration (compared to exhaustive external thermal control
of micro-ring modulators), currently place EAMs as the
preferred technology for amplitude modulation in Xbar
GeMMs. An illustration of the envisioned Xbar GeMM is
presented in Fig. 5(a), including all the necessary optical and
electronic components.

The energy efficiency of the Xbar GeMM can be
theoretically calculated both for different Xbar dimensions as
well as for different computing rates, following the theoretical
analysis presented in [37]. We consider square Xbar layouts, of
size NxN, operating at 1550 nm, comprising directional
couplers with splitting ratio &; for the inter-column splitting, a
binary tree of 1:2 MMIs for the initial splitting stage and 2:1
MMIs at the recombination stages of each Xbar column. A
requirement of 4-bit resolution for the peripheral electronics is
assumed, whereas the integrator and the ADCs are considered
to operate at a rate of a few hundred MHz, implying that the
targeted MV products exceed the size of the Xbar architecture
by at least an order of magnitude.

The energy efficiency e of the Xbar GeMM can be
decomposed into two contributions: the optical energy
efficiency, accounting for the power consumption of the laser
and the opto-electronic components, and the electrical
efficiency, accounting for the power consumption of the
peripheral electronics.

total power consumption

€= # MAC/s

= €opt +eg (1)

The optical efficiency e,,, is defined as:
Copt
_ Pigser + NPgay—in + NZ(PEAM—weight + PPS) (2)
B CR - N2

where Pigser, Peam—iny Pps @Nd Pgap—weigne are the laser, input
EAM, weight PS and weight EAM electrical power
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consumption values, respectively, with CR denoting the
deployed compute rate. The power consumption of the laser can
be directly extracted from the required output optical power
Ligser 8 Pigser=liaser /@, Where a is the wall plug efficiency of
the laser. The optical laser power required for the circuit
operation is equal to:

Ligser[dBm] = Sg, T ILypar (3)

with sz being the receiver sensitivity and Ly, being the
Xbar insertion loss [10], which is defined as:

ILXbar[dB] = ZILEAM + ILPS + IL{ - 1010g10 512

N 4)
+ (5 - 1) ILy + (21ogy N)I Ly

where ILgap, ILps, ILg, Ly and ILy are the insertion loss of
asingle EAM, a single PS, a directional coupler, an MMI and a
waveguide crossing respectively, and &, is the splitting ratio of
the implemented directional couplers that ensures a loss-
balanced Xbar layout as thoroughly analyzed in [10].

Finally, the power consumption of a standalone EAM can be
divided in a dynamic and a static part [38],[39] and set equal to:
Cdeyn

1
+ >R Vsiar - Ipam (4)

P, =C(CR-
EAM )

where C is the capacitance of the EAM, V,,,,, and Vg, are the
dynamic and the static bias voltage of the EAM respectively, R
is the responsivity of the EAM and Iz, is the optical power
reaching the EAM. Since both input and weight EAMs are
operating at the same high compute rate, the only factor that
differs is the input optical power, which can be defined for each
case as:

Igam—in = liaser [dBm] — 10 logio N

5
— (logy N)I Ly ®)
IEAM—weight = Igap—in — Lgam — ILf (6)
— 10logy, 512
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Fig. 5. (a) Perspective of the system layout of the Xbar GeMM (b) Energy
efficiency of the NxN Xbar GeMM as a function of Xbar size N for 2, 20 and
50 GBd compute rates.

Finally, the electrical energy efficiency for arbitrary bit
resolutions can be calculated as:
o = (N? 4+ N)Poygam + NPeipp;i )
et CR-N2
where P, a4y is the power consumption of the electronic
hardware driving the EAMs and P pp, Is the power
consumption of the electronic components following photo-
detection. Considering that the optical receiver’s power
consumption is dictated by the transimpedance amplifier (TIA),
which is followed by the low bandwidth integrator and ADC,
the electrical energy efficiency is deduced to:
2 (N2 + N)Ppyc + N(Pri4)
CR - N2
N(Pont + Panc) ®
CR - N2

€e1 =

with Py, and P, being the power consumption of the digital
to analog converter (DAC) and receiver’s TIA circuitry
respectively, scaled to 1-bit resolution [40], while P, and P;,,;
correspond to the absolute power consumption of the ADC and
integrator circuitries respectively. Equations (2) and (7)
respectively allow the calculation of the energy efficiency for
arbitrary compute rates and Xbar designs, with the complete list
of parameters adapted in our analysis summarized in Table 1.
The optical and electrical energy efficiencies of the Xbar
GeMM as a function of its size for compute rates equal to 2, 20
and 50 GBd are presented in Fig. 5(b). The Xbar GeMM
demonstrates sub-pJ/MAC optical energy efficiencies for
almost all examined scenarios, that can be improved by
increasing Xbar size and compute rate. Specifically, the 2x2
Xbar presents optical energy efficiencies of 1.11, 0.36 and 0.23
pJ/MAC at 2, 20 and 50 GBd respectively, which scale down to
0.38,0.08 and 0.05 pJ/MAC for the 32x32 design. The situation
is different when incorporating the electrical energy efficiency:
the calculated electrical energy efficiency of the 2x2 Xbar
exceeds 10 pJ/MAC for all three compute rates, improving with
the circuit dimensions but still being above the pJ/MAC regime
even for the 32x32 case. This is mainly the result of requiring a
discrete DAC for driving each input and weighting node EAM,
so that the electrical energy efficiency is mainly dictated by the
energy efficiency of the DAC module and converges to this
value as the circuit scales to higher dimensions. This also
explains why the energy efficiency at 2 GBd gets finally lower
than the respective values at higher rates, since the DAC energy
efficiency tends to improve with decreasing compute rates. To
this end, the roadmap towards enabling sub-pJ/MAC energy
efficiency in this time-space multiplexed photonic GeMM

layout seems to extend along two main pillars: i) it closely
Table 1. Energy efficiency parameters.

Constant parameters
a=02 C =20 fF [38] Py =84 mW [45]
ILga, =8dB IL; =0.1dB [41] Py =2 MW [46]
Vayn=1V 1Ly = 0.06 dB [42] n=4
Vgt =05V ILy =0.02dB [43]
ILps = 0.3 dB [44] Ppg = 0.49 mW [44]
Compute rate dependent parameters
CR (GBd) | sg, (dBm) Pr; 4 (MW) Pp e (MW)
2 -18 [47] 5 @1-bit res [47] | 14 @6-bit res. [49]
20 -12 [47] 5 @1-bitres [47] | 144 @2-bit res. [50]
50 -10 [48] 59 @2-bit res [48] | 168 @3-hit res. [51]
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follows the roadmap for reducing energy consumption of high-
speed DACs, but also ii) can support an additional energy
saving mechanism by extending the hybrid multiplexing
scheme into the 3D domain, introducing also wavelength
simultaneously with the time-space multiplexing scheme [52],
[53].

V. CONCLUSION

We have presented a photonic GeMM accelerator that relies
on the Xbar architecture and operates under a hybrid space and
time division multiplexing scheme. Following the description
of the Xbar GeMM, its evaluation within a 2x2 experimental
matrix layout was performed in a series of experiments, serving
as the neural layers required for executing the classification of
the IRIS dataset. The experimental evaluation of the 2x2 Xbar
GeMM revealed constant accuracies of 93.3% for compute
rates below 20 GBd, with 83.3% and 76.7% accuracies
achieved at 30 and 50 GBd respectively. Finally, a thorough
analysis of the performance and energy efficiency of the
proposed photonic accelerator was performed, revealing the
energy consumption of the electrical DAC as the dominant
power contributing factor and highlighting the extension
towards a 3D multiplexing scheme as the way for sub-pJJMAC
energy efficiencies.
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