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ABSTRACT

This paper proposes a high-performance and energy-efficient opti-
cal near-sensor accelerator for vision applications, called Lighta-
tor. Harnessing the promising efficiency offered by photonic de-
vices, Lightator features innovative compressive acquisition of in-
put frames and fine-grained convolution operations for low-power
and versatile image processing at the edge for the first time. This
will substantially diminish the energy consumption and latency of
conversion, transmission, and processing within the established
cloud-centric architecture as well as recently designed edge accel-
erators. Our device-to-architecture simulation results show that
with favorable accuracy, Lightator achieves 84.4 Kilo FPS/W and
reduces power consumption by a factor of ~24x and 73X on average
compared with existing photonic accelerators and GPU baseline.
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1 INTRODUCTION

While the prevalence of the Internet of Things (IoT) has grown
significantly, it still lacks inherent intelligence and heavily depends
on cloud-based decision-making. In such a cloud-oriented para-
digm, a considerable portion of data created by IoT sensors remains
unprocessed [15, 23]. Vision sensors typically capture light and
convert it into electrical signals, which are subsequently stored,
processed, transmitted, and utilized. This procedure necessitates
the transformation of all individual pixels into predetermined dig-
ital values with a fixed bit-width (e.g., 8 bits [3, 23]). Remarkably,
the major share of power consumption in traditional vision sensors,
exceeding 96% [23], is ascribed to the conversion and retention of
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pixel values. This is predominantly associated with memory- and
computation-intensive algorithms and the limited processing capa-
bilities of current IoT devices, which are constrained by power and
size limits [3, 21]. To confront these challenges, a shift from a cloud-
oriented to a thing-centered (data-centric) approach is imperative,
wherein IoT nodes locally process the data [10].

Recent efforts to improve CMOS image sensors for faster pro-
cessing of Deep Neural Network (DNN) workloads have resulted
in emerging new solutions such as integrating sensors and pro-
cessors on a single chip, known as Processing-Near-Sensor (PNS)
[5, 11, 25]; And incorporating computation units with individual
pixels, termed Processing-In-Sensor (PIS) [3, 20, 23, 24]. The PIS
platform processes pre-Analog-to-Digital Converter (pre-ADC) data
before transmitting it to the on-/off-chip processor. However, chal-
lenges remain, such as high energy usage in ADC, DAC, and sense
amplifiers, limiting the deployment of all DNN layers into the pixel
array [9, 15]. Most studies have focused on accelerating the initial
layer and outsourcing the remaining layers to a digital accelerator
due to the restricted resources of PIS. Therefore, three key chal-
lenges remain unaddressed in current electronic PIS/PNS designs:
(i) power-hungry peripherals and ADC/DAC units, even when re-
duced for sensing and computing [8, 10, 16, 23]; (ii) significant area
overhead and power consumption in recent PNS/PIS units, necessi-
tating additional memory for intermediate data storage [3, 15, 20];
and (iii) constrained computation speed due to electronic systems
operating at a few GHz, lacking the capability to support the high
speeds and extensive parallelism observed in optical systems with
photo-detection rates exceeding 100GHz [7, 16, 19].

With further advancement of integrated photonic devices (e.g.,
energy-efficient and tunable Microring Resonators (MRs) and Mach-
Zehnder modulators), CMOS-compatible silicon photonics offer
a promising alternative to digital electronics for high-speed and
energy-efficient optical DNN accelerators, as evidenced by various
research studies [12, 14, 16, 19, 27], though the edge deployment
of such MR devices has been insufficiently explored. Besides, even
the existing MR-based accelerators have faced several challenges
that this work aims to solve including (i) excessive use and tuning
power overhead of MRs in accelerators for activation parameters
[16, 19]; (ii) high power and area overhead resulting from exces-
sive using of ADCs and DACs [12, 14, 17]; (iii) limited flexibility in
processing various DNN layers (Pooling, etc.) with no compression
support; and (iv) lack of correlated hardware mapping methodolo-
gies to support various kernel sizes in DNNs. The key contributions
of this work are as follows: (1) we propose a high-performance
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and energy-efficient optical PNS accelerator for vision applications
called Lightator that can fully process various DNN layers with
weight-based optical cores without relying on the cloud; (2) to meet
the physical limitation of the photonic domain and power budget
of IoT devices, we create innovative microarchitectural and circuit-
level strategies for Lightator that enables compressive acquisition of
input frames and novel hardware partitioning and mapping mecha-
nisms to support various DNN kernel sizes; (3) we establish a solid
device-to-architecture evaluation framework from the ground up
and conduct thorough performance analysis and comparison of
our proposed designs with state-of-the-art optical and electronic
accelerator designs.

2 BACKGROUND AND RELATED WORK

Offering notably elevated operational bandwidth compared to elec-
tronic accelerators along with addressing fan-in/fan-out problems
make silicon-photonic-based accelerators a promising candidate
to accelerate DNN and machine vision applications [12, 16, 18, 27].
Such accelerators can be broadly categorized into two primary
designs: coherent and non-coherent architectures. Within the co-
herent category, a single wavelength is employed for operations,
and weight/activation parameters are incorporated into the elec-
trical field amplitude, phase, or polarization of an optical signal
[26]. Conversely, the non-coherent designs [16, 19] employ multiple
wavelengths each of which capable of conducting computations
concurrently. Within non-coherent architectures, the weight and
input parameters of DNN are imprinted upon the signal’s amplitude
[16, 19]. To manipulate individual wavelengths, MRs—depicted in
Fig. 1—can be employed whose central frequency can be actively
adjusted (i.e., through tuning mechanisms using, e.g., microheaters
or PIN junctions), to selectively interact with specific wavelengths.
By appropriately tuning the MRs, the incoming light intensity of
a specific wavelength can be weighted. In non-coherent designs
[16, 19], MRs as a fundamental component hold the weight and
activation values to be utilized in the Multiply-and-ACcumulate
(MAC) operation. During photonic MAC, the transmission spec-
trum of input lights can be multiplied by the value adjusted on the
MRs (through applying a tuning signal, see Fig. 1). Such a value is
adjusted by tuning the resonant wavelength of the MR which can
partially overlap with the wavelength of the input signal, to imprint
the parameter into the transmission spectrum of the input signal
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(see Fig. 1). The resonant wavelength is given by A5 = %

where n, s is the effective refractive index of the MR, and L and m
denote MR’s circumference and order of the resonant mode. [4].
Previous studies have explored accelerating DNNs through the
application of both coherent and non-coherent photonic principles.
LightBulb [27] as a fully binarized Convolutional Neural Network
(CNN) accelerator has been proposed which replaces the floating-
point MAC operations with photonic XNOR and popcounts. With
reduced computation latency and memory storage, LightBulb’s
excessive ADCs increased the power consumption of the design.
Robin [19] also presents an MR-based binary CNN accelerator, op-
timizing electro-optic components across device, circuit, and archi-
tecture layers. Despite circuit-level tuning enhancements to reduce
inference latency, the excessive number of MRs and subsequent
DACs required for the tuning process reduced the efficiency of the
design. CrossLight [16] as a 4-bit weight-input CNN accelerator
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Figure 1: MR input and through ports’ spectra after imprint-
ing a parameter (using tuning signal). By adjusting the MR’s
resonant wavelength (1,.;) using the phase shifter, part of
the input signal drops into the ring (through the coupling re-
gion) towards the drop port while the remaining propagates
towards the through port, hence imprinting any parameter
in the transmitted signals. FMHW is full width at half maxi-
mum of resonance spectrum.

requires tuning both activation and weight values in the MRs and
only supports convolution layer processing similar to the previous
designs. The design in [17] proposes a CNN accelerator with mixed-
precision weight-input support. This non-coherent silicon photonic
accelerator utilizes both Wavelength-Division Multiplexing (WDM)
and Time-Division Multiplexing (TDM). However, the persistent
use of DACs and ADCs as inter-layer transformers is a notable
concern which increased the overall area and power consumption
of the entire architecture. HolyLight [12] as a nanophotonic acceler-
ator enhances the inference throughput of CNN by using MR-based
adders and shifters instead of ADCs. Nevertheless, over-utilization
of MRs for both activation and weight values not only increased
overall delay and power consumption but also reduced its flexibility
to be used for various DNNGs.
3 LIGHTATOR ARCHITECTURE
We propose Lightator as a high-performance, energy-efficient, and
versatile PNS accelerator with compressive acquisition for real-time
image processing at the edge. The key idea behind developing such
an architecture is to have a standalone optical framework (not rely-
ing on off-chip processors [3, 20, 23]) for the first time to compress
and process all layers in Multi-Layer Perceptron (MLPs) and CNNs
in a low-bit-width fashion to tailor the trade-offs between the power
consumption and accuracy. The high-level operational flow of Ligh-
tator represented by node i in a multi-node IoT structure is shown
in Fig. 2. The design consists of a mxn sensor array and an ultra-
fast Optical Core (OC) interfacing through a Directly-Modulated
VCSEL Array (DMVA). In step @), the input frame f; is captured by
a global-shutter RGB image sensor and processed in an innovative
ADC-less fashion with the DMVA unit. In @), the resulting waveg-
uides can be optionally fed to an OC’s Compressive Acquisitor (CA)
unit that reduces the spatial dimension by mean pooling across
channels and strided convolution to generate f;. This step can be
readily skipped depending on the workload and requirements. In
©. the All-in-One Convolver (AOC) processes the DNN layer and
transmits the results f, in step @) to be used by DMVA as the input
to the next layer. Therefore, step @« @) features layer-by-layer
DNN process through a novel hardware mechanism to reuse DMVA
and eliminates the need for conventional area-/power-consuming
activation banks [16, 19] and prepares the result for transmitter @.
The detailed architecture of Lightator is presented in Fig. 3. A
sensor array in an ADC-less fashion is connected to the VCSEL dri-
ver circuit using a Comparator-based pixel Reading Circuit (CRC).
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Figure 2: High-level operational flow of Lightator.

VCSEL driver drives an array of VCSELs in the OC. The Matrix-
Vector Multiplication (MVM) banks and the subsequent summation
section handle the execution of MAC operations across different
network layers. The primary advantage of Lightator processing
core is that it only requires mapping weight data onto MRs, while
activation values are directly modulated onto the core’s input light
through VCSELs by adjusting their driving currents, unlike prior
designs discussed in the previous section. This configuration allows
the entire capacity of the OC to be dedicated to weight values rather
than activation, resulting in substantial energy savings, as driving
VCSELSs consumes significantly less power compared to tuning MRs
[16, 19]. Moreover, additional energy efficiency is achieved as the
VCSEL driver directly takes the digital output of the previous layer,
eliminating the need for conversion to analog MR tuning signals
using DACs. The electronic component on top consists of the ac-
tivation functions supporting Sign, ReLU, and tanh, as well as the
storage for the weights and the activated feature maps from previ-
ous layers. A more detailed explanation of the various components
of Lightator architecture is provided in the following.

ADC-Less Imager. A 256x256 global-shutter RGB image sensor
has been considered in the presented design. Every pixel’s Photo-
Diode (PD) generates a photo-current with respect to the external
light intensity which in turn leads to a voltage drop (Vpp). By
utilizing the CRC, the usage of power-hungry and area-consuming
ADC:s is resolved. The CRC is responsible for reading the output
of the pixel and so the analog output of pixels will be converted to
4-bit digital data.

Directly-Modulated VCSEL Array. DMVA is developed to
convert its electrical input to light with a specific wavelength and
intensity. Instead of generating raw light, the intensity of light
generated by VCSELSs is correlated with the input data of the VCSEL
driver, and the wavelength is correlated with the VCSEL structure
itself. The input of the VCSEL driver comes from either the pixel
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Figure 3: Lightator architecture consisting of a sensor array
and the optical core.

array or the output of the previous layer which is processed by the
OC. This input is modulated to a specific wavelength and fed to OC
as activation to participate in the MAC operation of the next DNN
layer. The DMVA consists of three components as shown in Fig. 4:
CRC, Selector, and VCSEL driver. Each CRC unit (Fig. 4(a)) contains
15 voltage comparators and is utilized instead of ADCs to read the
pixel’s output voltage. CRC receives pixel’s Vpp and compares it
with 15 reference voltages (Vg y) which are spanned in the range of
pixel output voltage. According to the value of the Vpp, the output
of the comparators (Vs) will be either ‘0’ or ‘1’ and later these binary
voltages will be used to control the VCSEL’s driving transistors.
Fig. 4(d), depicts a sample waveform of the pixel’s output voltage
and comparator outputs that are used for controlling the driving
current of the VCSELs. According to Fig. 4(d), by increasing the
Vpp, more number of comparators outputs (Vs) will be ‘1’ leading
larger number of ON transistors in the VCSEL driver circuit.

A selector circuit is used to select the input-controlling voltages
of the VCSEL driver as depicted in Fig. 4(b). During processing
the first layer of the network, the selector connects the output of
the pixel array to VCSEL and later when the rest of the layers are
getting processed, the selector connects the output of previous
network layers as the input of VCESL driver to be modulated and
fed as the activation of next layers. The VCSEL driver circuit (Fig.
4(c)) comprises 16 parallel driving transistors that encode 4-bit data.
Depending on input signals from either the CRC (Vs) or the output
of the previous layer (V) coming from the selector in Fig. 4(b), the
number of transistors supplying VCSEL’s driving current will be
adjusted. When pixel voltage is large or the digital input from the
previous layer is greater, more driving transistors will be activated,
leading to an increase in the light intensity generated by VCSEL.

Optical Core. OC’s MR-based computational units are virtually
divided into multiple banks as color-coded in Fig. 3 including com-
pressive acquisitor, convolutional layer, and fully-connected layer
to execute various DNNs all through adjusting weight parameters
and MVM operation if required.

1. All-in-One Convolver (AOC): The OC comprises three main
components as depicted in Fig. 3, VCSELs, MVM banks, and the
summation section. VCSELSs generate light waves that represent
activation values, with the intensity of the light corresponding
to these values. MVM banks contain MRs that are mapped with
weight values and partitioned in the arms. The MRs adjust the
intensity of incoming light based on their mapped weight values,
affecting only light with the same wavelength as the MR. This
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Figure 4: Components of the DMVA: (a) CRC, (b) Selector, (c)
VCSEL driver, (d) Sample waveforms of CRC input from the
pixel and respective outputs .



process involves multiplying the activation’s light intensity with
the weight stored in the MR that is shown in Fig. 5. To perform MAC
operation, a light signal containing all of the required activation
values that are modulated on different wavelengths passes through
the arm housing MRs with mapped weights. As the light passes
the arm, each MR influences the intensity of light at a wavelength
corresponding to that specific MR. A Balanced PhotoDetectors
(BPD) at the end of each arm handles accumulation, enabling MAC
operations to be performed in each arm of the MVM bank.

The number of multiplication that can be conducted inside an
arm is equal to the number of MRs in the arm. In the case of process-
ing fully connected layers or convolutional layers with large kernel
sizes that require MAC operation of a large number of activations
and weights, the number of multiplications exceeds the capacity of
the arm. In these cases, a large number of MACs are divided into
smaller segments that can fit within an arm. Subsequently, these
segmented MAC results are summed in the summation section to
obtain the final MAC result. To facilitate the processing of multiple
layers and enable the processing of the entire neural network on
the Lightator platform, in addition to the optical core, an electronic
part is required. This part is essential for storing the weight values
of various layers since, due to the core’s physical limitations, all of
the weights of a network cannot be simultaneously mapped to the
optical core. Thus, weight values are stored in a dedicated memory
and then mapped to the MRs during the processing of each layer.
Another memory is utilized to retain the processed output from the
network’s previous layer, which is subsequently fed as activation to
the next layer. In addition, implementing an activation function at
the end of each layer is more efficient in the electronic domain than
the optic domain [16, 19], thus, the electronic part is responsible
for performing the activation function. The controller unit controls
the procedure and timing of the platform.

2. Compressive Acquisitor (CA): CA banks are dedicated to serv-
ing as a compression/pooling layer, where an RGB-to-grayscale
conversion and/or configurable average pooling can be done all
through adjusting MRs. We propose to conduct the compression in
a single operational cycle by mapping proper compression weights
to the OC banks and performing the corresponding MAC opera-
tion. The conversion from RGB to grayscale can be achieved by
forming a weighted sum of the R, G, and B pixel values after CRC
as PGrayscale = (0.299 X Pg) + (0.587 x Pg) + (0.114 X Pp). And,
as an example, the 2x2 average pooling layer containing P; to Py
pixels can be formulated similar to a weighted sum as follows:
Payg = (0.25XP1) +(0.25X P2) +(0.25X P3) +(0.25 X Py). Therefore,
a nicely-compressed and gray-scale-converted input can be given
by properly tuning the weight parameters as follows.

PavgGray = (0.25 X 0.299 X PyR) + (0.25 X 0.587 X P15)
+(0.25 X 0.114 X P1g) + ... + (0.25 X 0.299 X P4p)+ (1)
(0.25 X 0.587 X P4g) + (0.25 X 0.114 X P4g)

Where in P;j, i is the pixel number identifier and j denotes the
channel which can be R, G, or, B. By using the above method and
mapping the coefficients of the resultant equation (1) in the OC’s
MR banks, RGB-to-grayscale conversion and average pooling of
any size can be conducted simultaneously.
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Figure 5: Implementing a 3x3 kernel in an arm.

4 HARDWARE MAPPING

Methodology. The MVM banks within the OC are vital for process-
ing various layers like compression, convolution, or fully connected
layers, requiring respective weights assigned to MRs. In our setup,
MRs are grouped in sets of 9 within each arm to efficiently handle
3x3 kernel strides, resulting in 96 banks organized into an 8x12
array, with each bank containing 54 MRs. Thus, the MVM banks
collectively accommodate 5184 MRs, allowing a maximum of 5184
MAC operations per operational cycle of the OC. Fig. 6 depicts the
bank configuration for MAC operations in a convolutional layer
with 3x3, 5x5, and 7x7 kernel sizes, with summation sections lo-
cated at the right end of each bank. As the configuration of OC is
specified for 3x3 kernels, as depicted in Fig. 6(a), all of the MRs are
allocated to be mapped with weight values enabling each arm to
execute a stride. BPD performs the required summation, enabling
direct transmission of the MAC result without using the summa-
tion component, which remains inactive (depicted in gray in Fig.
6(a)). This way, each bank can execute 6 strides. For 5x5 kernels, 25
weight values are mapped on MRs, with 3 arms per bank allocated
for one stride. 27 MRs are available in 3 arms, thus, in each set of
arms, 2 MRs remain unused and inactive, indicated by the gray
shading in Fig. 6(b). Since each arm lacks summation capability for
all multiplication elements, additional summation stages for partial
sums are required, with the initial stage activated while the second
stage remains inactive (grayed out). As illustrated in Fig. 6(b), in
this case, each bank can perform 2 strides. For a 7X7 kernel size, a
total of 49 MRs are necessary for weight mapping, leading to the
entire bank being dedicated to a single stride. Nevertheless, 5 MRs
per bank remain inactive and unused, shown in gray in Fig. 6(c).
Through further processing involving two stages of the summation
part, partial products are combined, allowing the final MAC results
to be sent out. In the case of fully-connected layers, we segment the
entire MAC operations into sets of 9 MACs, map their correspond-
ing weights to arms, and subsequently aggregate the partial results
using the summation part to derive the ultimate MAC result.
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Figure 6: Hardware mapping for (a) 6 Strides (3x3), (b) 2
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5 EXPERIMENTS

Framework. As shown in Fig. 7, the assessment framework con-
sists of device-, circuit-, architecture-, and application-level compo-
nents. At the device level, we manufactured and fine-tuned the MR
devices and obtained the circuit parameters for co-simulation with
interface CMOS circuits in Cadence Spectre and SPICE. Progressing
to the circuit level, we initially implement the pixel’s array and
peripheral circuitry using the 45nm NCSU Product Development
Kit (PDK) library [1] in Cadence, from which we derive the output
voltages and currents. Then we proceed to develop all Lightator’s
components excluding kernel banks (implemented in Cacti [22]) in
Cadence Spectre. At the application level, we train PyTorch models
w.r.t. the under-test DNN models and datasets and extract weight
parameters. These parameters are then quantized and mapped into
the OC for adjusting MR elements. To preserve optimal accuracy
post-precision reduction, we undertake an additional six epochs of
training employing quantization-aware techniques. This ensures
the model’s robustness and performance integrity in the face of
reduced precision. At the architecture level, we develop a custom
in-house simulator for Lightator to work with the 15/-to-last layer
weight parameters and calculate both the execution time and power
consumption required for the DNN models as well as inference
accuracy. Moreover, it offers flexibility in terms of MVM array
configuration and the selection of peripheral designs. We conduct
experiments on Lightator considering various [Weight: Activation]
configurations with several datasets, including MNIST evaluated
on LeNET, and CIFAR10, and CIFAR100 on VGG9.

Power Consumption & Performance. Fig. 8 shows the layer-
wise breakdown of components of power consumption including
ADCs, DACs, DMVA (with CRC, VCSELs, and drivers), Tuning cir-
cuitry (TUN), BPDs, and Misc. (Controller, etc.) for LeNET model
mapped to Lightator. Lightator effortlessly implements all convolu-
tional and pooling layers (indicated by L;) for three weight and acti-
vation [W:A] configurations of [4:4], [3:4], and [2:4]. Pooling layers
are implemented within CA banks with pre-set weight coefficients.
We observe that decreasing the bit-width of weight parameters for
each layer results in power saving for the edge device, where on
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Figure 8: Break-down of power consumption for LeNET on
[4:4], [3:4], and [2:4]. Note: Pooling layers are implemented
within CA banks with pre-set weight coefficients.
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[3:4] configuration.
average 2.4X more power efficiency is reported. This mainly comes

from power-gating parts of the 4-bit DAC circuits that are related to
its extra bit precision, when they process 3-bit and 2-bit data. In Fig.
9, the distribution of power consumption components for the VGG9
model is depicted layer-by-layer, specifically focusing on configura-
tions limited to [3:4]. We leverage CA banks for a light compression
of input images as the proof-of-concept before feeding them into
the model. This leads to a 42.2% reduction in power consumption
of the first layer. The pie chart in Fig. 9 clarifies the breakdown
of power consumption in a sample layer as well. We observe that
consistently across all layers, DACs contribute to more than 85% of
the total power consumption, as DAC usage is required to convert
all of the weight values to analog inputs for tuning purposes.

Comparison with Optical Accelerators. Table 1 provides our
comprehensive simulation results for selected MR-based optical
accelerators and Lightator in various [W:A] configurations com-
pared with the baseline, an NVIDIA Geforce RTX 3060Ti GPU. The
under-test DNN accelerators includes LightBulb [27], HolyLight
[12], HONNA [17], Robin [19], and CrossLight [16] discussed in the
background section. To ensure an unbiased assessment, we created
the designs from the ground up resembling the original design,
employing the evaluation framework and our in-house simulator,
and reported the results in a reasonable area constraint for all ac-
celerators (~20-60mm?). Our framework features 96 banks, each
comprising 6 arms with 9 MRs.

Table 1: Performance comparison with optical designs.

Designs & Process node Max Power KEPS/W Accuracy (%)
[W:A] (nm) (W) MNIST CIFAR10 CIFAR100

baseline [32:32] 8 200 - 98.53 90.46 67.8
LightBulb [1:1] [27] 32 68.3 57.75 96.7 - -
HolyLight [4:4] [12] 32 66.9 33 98.9 88.5 -
HQNNA [17] 45 - 34.6 - 89.68 61.95
Robin [1:4] [19] 45 106 465 - 62.5 45.6
CrossLight [4:4] [16] - 84-390 10.78-52.59  92.6 78.85 -
Lightator [4:4] 45 5.28 61.61 98.12 88.87 64.22
Lightator [3:4] 45 2.71 117.65 98.05 86.3 61.04
Lightator [2:4] 45 1.46 188.24 93.95 70.55 414
Lightator-MX [4:4][3:4]" 45 3.64 84.4 97.85 85.65 63.37
Lightator-MX [4:4][2:4]* 45 1.97 126.6 94.8 78.87 51.29

SNVIDIA Geforce RTX 3060Ti GPU. * Data is not reported/not achievable in the paper. TLightator with mixed-precision
scheme, where L1[4:4] - L2:LN [3:4]. ¥ Lightator with mixed-precision scheme, where L1[4:4] - L2LN [2:4].

Here we list our key observations. (1) We observe Lightators’s
variants demonstrate remarkable power efficiency over counterpart
designs on the VGG9 model running CIFAR100, e.g., Lightator [3:4]
consumes 2.71 W which can be drawn from the low power bud-
get of edge devices, however, the best low-power accelerator, i.e.,
HolyLight [12] requires 66.9 W or higher [19]. Such striking power
efficiency comes from (i) eliminating the MRs tuned by activation
parameters which results in saving the tuning power required for
the MRs, and (ii) reducing the additional power and area require-
ments caused by the extensive utilization of ADCs and DACs. (2)
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Figure 10: Log-scaled execution time of various accelerators.

YodaNN’s results for VGG16 are substituted with VGG13.

Lightator

On average the Lighator reduces power consumption by ~73X,
24.68%, 30.9x compared with the baseline [32:32], HolyLight [4:4]
[12], and CrossLight [4:4] [16], respectively. (3) As we reduce the
weight bit-width, the power consumption can be reduced at the cost
of accuracy degradation, where Lightator [3:4] achieves ~2x power
saving at the cost of 3.17% accuracy drop. (4) The mixed precision
implementation of DNNs on Lightator is termed as Lightator-MX
in Table 1 in which the first layer configuration is kept to [4:4] and
the rest of the layers are processed in [3:4] or [2:4] precision. We
observe the trade-offs between power consumption and accuracy
that can be readily adjusted based on the image-processing task
requirements. As shown, Lightator-MX [4:4][3:4] as an optimal
design imposes ~0.9 W extra power consumption to the Lighatator
[3:4] increasing the accuracy of CIFAR100 by 2.33%. (5) As for the

throughput ({ ;C‘ZZ;) per watt, Lightator [3:4] demonstrates 117.65
kilo FPS/W increasing inference performance by ~2Xx compared
to the best result reported for LightBulb [27]. Overall, considering
the test accuracy results over three under-test data-sets, Lightator-
MX [4:4][3:4] offers the best performance-quality number with
84.4 kilo FPS/W. (6) As for only accuracy, our experiments gener-
ally reveal that Lightator with [3:4] and [4:4] configurations could
demonstrate acceptable accuracy over three under-test data-sets.
On MNIST and CIFAR10 data-sets, Lightator [4:4] achieves the
second-highest accuracy among all optical accelerators after Holy-
Light [12] and HQNNA [17], respectively, while showing higher
KFPS/W compared to them. (7) We observe that activations and
weights exhibit increasing sensitivity to changes in bit-width.
Comparison with Electronic Accelerators. To demonstrate
the intrinsic parallelism observed in Lightator as an optical accel-
erator, we further explore its execution time compared with four
well-known digital electronic accelerators, each with a distinct
parallelism technique and hardware mapping method, i.e., Eyeriss
[6], YodaNN [2], AppCip [20], and ENVISION [13] running VGG16
and AlexNet. Eyeriss employs a spatial architecture that utilizes
row-stationary dataflow to minimize energy consumption. YodaNN
is an ASIC accelerator optimized for binary-weight CNNs with
support for different filter sizes in parallel. AppCip as a PIS imple-
ments instant RGB-to-grayscale conversion, highly parallel analog
convolution-in-pixel, and low-precision quinary weight neural net-
works. ENVISION utilizes subword parallel MACs with dynamic
adjustments to voltage, frequency, and bit precision scaling. The
simulation results plotted in Fig. 10 demonstrate the superiority of
the optical accelerator in processing DNN layers compared with
the electronic ones over both models. We observe Lightator reduces
the execution time by a factor of 10.7x%, 20.4x, 18.1X, 8.8X over Eye-
riss [6], YodaNN [2], AppCip [20], and ENVISION [13] on AlexNet,

respectively. A similar trend is observable for the VGG16 model.
6  CONCLUSION

Here, we presented an efficient optical near-sensor accelerator for
vision applications named Lightator. Our design features innovative

compressive acquisition of input frames and fine-grained convo-
lution operations for low-power and versatile image processing at
the edge. Our results demonstrate that with acceptable accuracy,
Lightator achieves 84.4 Kilo FPS/W and reduces power consump-
tion by a factor of ~24x and 73X on average compared with recent
photonic accelerators and GPU baseline.
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