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Abstract—Deploying Vision Transformer (ViT) models on edge
devices poses significant challenges due to the high bandwidth,
energy demands, and latency associated with transmitting large
weight parameter sets to the sensing unit, along with limited
on-chip memory resources, which are often insufficient for
storing these parameters. To address these constraints, we present
a software-hardware co-design framework that incorporates a
novel in-sensor Compressed Weight Retrieval mechanism within
an intelligent vision sensor. This framework offers two key contri-
butions. First, we propose an innovative hardware-friendly weight
compression algorithm that substantially reduces bandwidth and
power consumption by optimizing on-chip memory usage for
storing weight parameters. Second, we leverage the exceptional
efficiency of Silicon Photonic (SiPh) devices and design a novel
in-sensor accelerator called INSPIRE for the first time to perform
in-sensor retrieval of the compressed weights and parallel fine-
grained convolution operations next to the pixel array, enabling
low-power adaptable ViT inference on resource-constrained edge
platforms. Our extensive simulation results show that INSPIRE
can remarkably reduce the memory footprint of ViT results
with favorable accuracy. Besides, INSPIRE significantly reduces
the bandwidth and power requirements associated with storing
weight parameters in on-chip memory. INSPIRE achieves up to
2454 Kilo FPS/W and reduces the data transfer energy by a
factor of ~11x on average compared with 4-bit quantized ViTs.

I. INTRODUCTION

Most Internet of Things (IoT) vision sensors still rely
predominantly on cloud-based decision-making due to limited
on-device resources, mainly memory, resulting in high power
consumption data transmission as well as compute-intensive
algorithms and inefficient data usage. It has been reported
that in edge vision sensors, over 96% of the total power
consumption is attributed to the processes of pixel value
conversion and storage [1], [2].

On the hardware implementation front, recent advancements
in CMOS image sensor technology have focused on enhanc-
ing Deep Neural Network (DNN) processing capabilities. A
notable strategy involves integrating CMOS image sensors
and processors onto a single chip, a configuration known
as Processing-Near-Sensor (PNS) technology [3], [4], illus-
trated in Fig. 1(a). An even more advanced technique, termed
Processing-In-Sensor (PIS), incorporates computational units
within each pixel [2], facilitating data processing at the pre-
Analog-to-Digital Converter (pre-ADC) stage before trans-
mission to either on-chip or off-chip processors. Despite
these innovations, several challenges persist. High energy con-
sumption in components such as Analog-to-Digital Converters
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Fig. 1: Overview of (a) Existing processing-near-sensor platforms and

challenges, (b) our proposed system.

(ADCs) and Digital-to-Analog Converters (DACs) within PIS
and PNS architectures, limited on-chip weight storage capac-
ity, and the substantial power and bandwidth required for data
transfer to the cloud impose significant constraints, as depicted
in Fig. 1(a), limiting the feasibility of deploying DNNs adja-
cent to pixel arrays [1], [5]. Besides, data transmission on
most advanced 4G and 5G networks to edge devices involves
critical trade-offs in terms of power consumption and latency
performance, where the power requirements to maintain high
data rates and ensure signal reliability are substantial.

On the software implementation front, sophisticated models
have continued to grow in size and complexity, demanding
substantial memory and energy resources. The Vision Trans-
former (ViT) architecture has ushered in a new era in machine
learning, demonstrating exceptional performance and even
surpassing traditional Convolutional Neural Networks (CNNis)
in many cases. While ViT has achieved remarkable success in
image classification tasks, it presents additional challenges for
edge device deployment due to its significant memory and en-
ergy demands. Finding the response to sensors’ resource con-
straints has driven significant research into model compression
techniques. Strategies such as pruning [6], quantization [7],
and neural architecture search [8], together with developments
like MobileNets [9], have allowed for the effective deployment
of DNN without major sacrifices in accuracy. While existing
compression techniques can reduce model size with minimal
accuracy loss, they remain impractical for deploying ViTs
on edge devices. For instance, DeiT-Small has a parameter
size of approximately 85 MB. Parameter compression through
existing methods to accommodate on-chip deployment of
ViT (Typical memory of about 8 MB) would require more
than 10x weight compression, which results in substantial
accuracy degradation. The performance degradation arises
because aggressive weight compression techniques may result
in substantial information loss within the compressed weights.



Consequently, facilitating on-chip development of ViTs neces-
sitates not only more aggressive weight compression strategies
but also effective on-chip weight decompression methods to
recover lost information and preserve accuracy.

This paper addresses the bandwidth and memory bottle-
necks of deploying ViTs on edge devices by proposing a
software—hardware co-design that combines in-sensor weight
retrieval with an efficient in-sensor Silicon Photonics (SiPh)
accelerator. As shown in Fig. 1(b), the proposed framework
reduces power, computation, and latency under tight on-
chip memory constraints. Our primary contributions in this
work are as follows. (1) We introduce INSPIRE as a novel
Encoded Weight Compression & Compressed Weight Retrieval
algorithm designed to significantly reduce the bandwidth and
power requirements associated with transmitting and storing
weight parameters to on-chip memory. (2) We co-design
INSPIRE architecture, as a novel SiPh in-sensor accelerator for
enhancing ViT efficiency at edge, for the first time to perform
weight decompression and parallel Multiply-and-Accumulate
(MAC) operation next to the pixel array; (3) We develop a
bottom-up evaluation framework from SiPh device fabrication
to application study to demonstrate the effectiveness of pro-
posed technique in deploying ViTs on vision sensors.

II. BACKGROUND

Vision Transformers Compression. ViT [10] has shown
exceptional performance in image classification when trained
on large-scale datasets. This led to the emergence of several
transformer-based vision models. For instance, DeiT [11]
reduced the dependency on large datasets, Pyramid Vision
Transformer (PVT) [12] and Swin Transformer [13] incor-
porated hierarchical feature representations, broadening ViTs’
applicability across diverse computer vision tasks. However,
ViTs demand substantial memory, limiting their use on edge
devices and prompting research into compression techniques.
Compression techniques, such as unstructured pruning [14],
removes redundant parameters, but the irregular sparsity
patterns are less hardware-efficient. More hardware-friendly
structured pruning, for instance, [15] uses binary masks based
on parameter importance, while another method [16] combines
pruning, layer skipping, and knowledge distillation to com-
pactly represent transformers. Quantization, another common
technique, reduces memory use by converting parameters
to lower precision [17]. Tailored quantization methods for
ViTs include PTQ4ViT [18], which applies twin uniform
quantization with Hessian-guided scaling, FQ-ViT [19] utilizes
powers-of-two scale quantization, RepQ-ViT [20] decouples
quantization from inference to manage extreme activation
distributions, and [21] enables data-free quantization. Despite
these advancements, current pruning and quantization ap-
proaches still struggle to compress ViTs to meet edge devices’
stringent memory, latency, and energy constraints without
compromising performance.
MicroRing Resonators and SiPh Acceleration. SiPh-based
accelerators, with high operational bandwidth and solutions for
fan-in/fan-out issues, enhance DNN and machine vision tasks
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Fig. 2: (a) MR input and through ports’ spectra after imprinting a parameter.
By adjusting the MR’s resonant wavelength, part of the input signal drops
into the ring while the remaining propagates towards the through port,
hence imprinting any parameter in the transmitted signals. (b) Multiple MRs
in a single arm imprint weight values onto the input signal at different
wavelengths. (c) SEM image of our fabricated SiPh integrated MR array.

[22], [23], [24]. These accelerators are categorized into coher-
ent designs, using a single wavelength for encoding parameters
in the optical signal [25], and non-coherent designs, using
multiple wavelengths for parallel computations [22], [26]. Mi-
croring Resonators (MRs) dynamically manage wavelengths
and modulate light intensity in non-coherent systems, acting
as input/weights [22], [26] or only weights [27]. MRs enhance
Multiply-and-Accumulate (MAC) operations by modifying
the transmission spectrum (as shown in Fig. 2) and tuning
resonant wavelengths to overlap with input light. The resonant
wavelength is calculated as A,.s = M, where ngsy is
the effective refractive index, L is the MR’s circumference,
and m is the resonant mode order [28]. Previous research
has explored MR-based photonic technologies for DNN ac-
celeration. LightBulb [24] accelerates binarized Convolutional
Neural Networks (CNNs) with photonic XNOR operations but
has high power consumption due to ADCs. ROBIN [26] and
CrossLight [22] use low-bit-width weights for convolutional
layers, relying on DACs/ADCs, which increase footprint and
power. Lightator [27] is aimed to realize a near-sensor DNN
accelerator enabling compressive acquisition of input frames
and fine-grained convolution. Yet, to our knowledge there is
no SiPh acceleration technique has been developed for ViTs.

III. PROPOSED INSPIRE METHOD

We propose INSPIRE algorithm, which is capable of aggres-
sively compressing the weights of a given ViT model through
weight encoding to a lower dimension. However, to preserve
model performance, it incorporates a decompressor unit that
reconstructs the weights back to their original decompressed
version at inference, as shown in Fig. 3. Proposed INSPIRE
algorithm consists of two components: i) Encoded Weight
Compression algorithm, which trains a unified compressor-
decompressor model end-to-end with the base ViT model, and
ii) After training, we only retain the decompressor and com-
pressed weights and perform Compressed Weight Retrieval at
inference. In section IV, we elaborate on efficiently performing
the decompression step using the INSPIRE accelerator.

Encoded Weight Compression. We propose a unified
compression-decompression training strategy to train com-
pressor and decompressor networks jointly. The compressor
network, denoted as F with parameters W, learns to com-
press the original model weights w from R? to R", where
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Fig. 3: Proposed INSPIRE algorithm. The Compressor and Decompressor
network parameters are optimized jointly to minimize the loss Liotal for
training. After training, only compressed weights and the decompressor
network are retained for In-Sensor Decompression.

r < d. Simultaneously, the decompressor network, G, learns
to decompress the compressed weights back to the original
weight dimension R?. For our purposes, we use a single
fully connected layer as our decompressor network, G with
weight Wp € R to reduce computation associated with
the decompression step. After training, we no longer need the
compressor network and only the compressed weights and
the decompressor network are retained for inference. Given
a high compression ratio, the compressed weights and the
decompressor network G have the potential to be stored in
the on-chip memory of edge devices, effectively eliminating
the significant latency and energy consumption associated
with off-chip memory access. Additionally, to reduce memory
requirements during inference, we decompress each layer
sequentially, i.e., after decompressing weights of a given layer,
we perform computations on the given layer and store results
temporarily in on-chip memory after freeing up any previously
saved result. This temporary stored value helps perform infer-
ence on the next layer. This sequential decompression strategy
ensures that we remain within the budget of on-chip memory.
Consider a ViT model Hw () with L layers, where the
weights of the layers are represented by the set W =
{w1,wa,...,wr}. During training, each layer’s weight w;
is first passed through the compressor network F to compress
them to a lower dimension representation, z; = F'(w;). And
the decompressor G is used to decompress them back to their
original dimensionality. So, the reconstructed weight can be
expressed as W = {W1,Wa,..., W}, where w; = G(z;).
The compressor parameters W ¢ and decompressor parameters
W are jointly optimized by minimizing the Mean Squared
Error (MSE) between the original and the reconstructed
weights. The MSE-based reconstruction loss is defined as:

L
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Lmse - Z .571 sz - wzH (1)

However, due to the nature of MSE loss optimization, the
distribution of reconstructed weight may become significantly
different from the original weights even after the optimization.
So, relying solely on MSE-based weight reconstruction does
not necessarily improve task performance [29]. Hence, we
proposed incorporating the base ViT model in the training
loop. To do so, we will utilize a Cross-Entropy (CE) and
Knowledge Distillation (KD) loss from a pre-trained model

during training. CE ensures the ViT model is optimized w.r.t.
the ground truth, while KD prevents the decompressed weight
parameters from deviating significantly from the pre-trained
ViT model’s weight distribution.

Note that we do not update the ViT model’s weight directly,
instead, after obtaining W from the decompressor, the forward
pass of the end-to-end training is expressed as Hw () —
Hy, (-), implying the ViT model only uses the decompressed
weights for inference. This forward pass computes predictions
as y = Hy, (x), where x are input images and y are the
predictions. The CE and KD losses are then computed as:

‘ ’ (2)

where yT are the predictions from the pre-trained teacher
model and KL is the Kullback-Leibler divergence. The total
loss function is:

Liotal = Lmse + M1 - LcE + M2 - LKD, 3

where p1; and po control the contributions of CE and KD
losses. Finally, the overall loss is minimized by jointly optimiz-
ing the compressor and decompressor parameters, W, Wp.

In summary, this algorithm ensures that the decompres-
sor network not only reconstructs the original weights with
minimum reconstruction error but also improves task-relevant
performance. After the training is complete, it is sufficient to
keep only the decompressor parameters, W p and compressed
weight representations, Z = {z1,2s, ...,z } for reconstruct-
ing the original weights.

Compressed Weight Retrieval. During inference, we de-
code the compressed representation of the weights in a layer-
by-layer fashion to stay within the limited on-chip memory
constraints of edge devices. Let, Z = {z1,22,...,2} are
the set of compressed weights saved in memory. Consider
the forward pass of an input activation x; € RVXY in the
network. The weight z; is matrix multiplied by wp to get
the decompressed weight, W; = (z; x wp) € R4, The
input activation x; goes through matrix multiplication with the
resulting decompressed weight to get x; = x; x w; € RV*4,
Let, A[-] be an activation function. Then the output activation
for the layer can be defined as x;1; = A[x}]. This output
activation x;1 is stored in memory, rewriting any previously
saved activations and used for inference of the next layer.
Typically, the value of the compressed dimension r is chosen
so that the compression follows the strict memory budget of
a given device.

IV. INSPIRE ON SILICON PHOTONICS SUBSTRATE

Architecture and Flow. To demonstrate the practicality of
INSPIRE algorithm, we introduce an in-sensor SiPh accelera-
tor designed to perform compressed weight retrieval leveraging
parallel MAC operations efficiently during inference. Fig. 4
illustrates the proposed architecture with its electronic and
photonic building blocks, all of which are co-designed and co-
optimized to have a standalone reconfigurable, energy-aware
optical vision sensor node to integrate sensing and processing
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Fig. 4: Proposed INSPIRE architecture: (a) Sensing component, (b) Processing
component enabling in-sensor compressed weight retrieval and computation.
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phases during inference. Such a design can be manufactured
leveraging 2.5D and 3D heterogeneous integration. INSPIRE
architecture consists of two key components, i.e., the sensor
array in Fig. 4(a) and the in-sensor optical core in Fig. 4(b).
INSPIRE intrinsically implements a granularity-configurable
convolution operation required in a wide variety of vision
processing tasks, such as data compression and complex
classification as well as processing the layers in ViT in a low-
bit-width fashion, to tailor the trade-offs between power con-
sumption and accuracy. A power-aware Active Controller (see
Fig. 4(a)) is devised to account for the sensor node’s power
state while orchestrating different components to maximize the
overall performance and efficiency.

During step @, the compressed ViT parameters (z; and
wp) are received from the cloud using an RF transceiver
and written to the on-chip memory banks. In step @, the
compressed weight values z; will be converted to analog
signals and applied layer-by-layer to adjust the underlying MR
devices within the optical core for weight modulation and de-
compression. At the same time, wp that is initially written to
the activation memory will pass through the CMOS drivers de-
signed with integrated Vertical-Cavity Surface-Emitting Laser
(VCSEL) sources, to optically feed the values to the optical
core. To execute MAC-based decompression operation, a light
signal generated by VCSELs, modulated at different wave-
lengths to carry all necessary wp values, travels through an
arm embedded with MRs where z;-weights are mapped. As
the light progresses along the arm, each MR modulates the
intensity of light at the wavelength linked to that particular
MR. At the end of each arm, a Balanced PhotoDetector
(BPD) performs the accumulation, enabling MAC operations
(W; = z; X wp) across each arm within the optical core
(@). In step @, w; is written back to the on-chip weight
memory bank. In step @, the input image is captured by a
power-aware RGB image sensor pixels and pre-processed in
an ADC-less fashion following the method presented in [30],
co-designed with VCSEL light sources, to optically feed x;
to the optical core. The CMOS driver is also implemented
to support applying previous-layer activations coming from
the activation memory. Simultaneously, w; is imprinted on
MRs in the optical core to enable layer-wise MAC operation.
The results generated at step @ (x;+1 = A[x; X W;]) can be
readily activated and/or written back to the activation memory
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Fig. 5: Matrix splitting and mapping methodology.

(step @) for the next layer processing. Implementing the
activation function at the end of each layer is more efficient
in the electronic domain than in the optical domain [22],
[26]. Consequently, the electronic component is designated to
handle the GELU and Softmax activation functions.

Photonic-Friendly Hardware Mapping. ViT’s large matri-
ces (d, xdy,) exceed MR capacity. We propose matrix splitting
and mapping (Fig. 5), where each optical core has 64 arms
and 32 VCSEL-driven wavelengths. Thus, 32 vector elements
are injected per cycle, multiplied with pre-tuned weights, and
accumulated over slots to reconstruct full computation. This
ensures efficient wavelength/arm utilization without oversized
arrays. Finally, we embed attention scaling factor ﬁ into
MR tuning. Rather than dividing outputs post-computation,
the MR bank is tuned with W—f, eliminating extra division,
reducing latency, and avoiding "ADC/DAC conversions. To-
gether, decomposition, splitting, and embedded scaling provide
hardware-aware mapping that maximizes throughput while
minimizing photonic tuning overhead.

V. EXPERIMENTAL RESULTS

Setup. We present a bottom-up evaluation framework, il-
lustrated in Fig. 6, for the comprehensive implementation of
INSPIRE. At the device level, MR components were fabricated
and meticulously calibrated to achieve up to 8-bit precision
(SEM image of the MR array is shown in Fig. 2(c)). The
measured data were modeled and co-simulated with interface
CMOS circuits using the Synopsys HSPICE tool. At the circuit
level, the pixel array, optical core, and peripheral circuits were
initially designed with the 45nm Predictive Technology Model
(PTM) library in Synopsys HSPICE, allowing for output
voltages and currents to be obtained. All other components,
excluding the memories, were developed in Synopsys Design
Compiler [31]. The memory component was implemented in
Cacti [32]. At the application level, we extensively modified
the PiPSim [33]. PiPSim serves as a flexible platform, offering
a broad sensor array configuration option that allows precise
efficiency and accuracy tuning within DNN structures. We
designed the INSPIRE with a pixel array size of 600x600 and
a 3-transistor 1-photo-diode pixel structure as shown in Fig.
4(a). We let ADC precision vary between 4 and 8 and consider
a parallelism level of 3, which means three 3x3 filters are
read and computed at the time. The INSPIRE model’s peak
activation memory is limited to 512kB, while the total on-
chip weight memory is capped at three configurations (2MB,
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f
Design and Verification of INSPIRE's Pixel
Array and Peripheral Circuits using HSPICE

4MB, 8MB). These constraints are configured to align with the
optimized memory capabilities of the Cepton Vista-P60 [34]
and Espressif ESP32-S3 [35] vision sensors. We compare our
INSPIRE performance with a highly-pruned model (termed as
P) in [15] and a 4-bit and 8-bit quantized models (Q4 and QS)
[36] deployed onto the same INSPIRE architecture.

The compressor and decompressor networks are trained for
200 epochs with a batch size of 256 and a base learning rate
of 1 x 1074, using a cosine learning rate scheduler without
a warm-up phase. For data augmentation and KD, we apply
the standard augmentation techniques and pre-trained distilled
DeiT models used in [11], and set 1 = 1 and po = 2 X 103.
As a next step, we quantize the compressed weights and the
decompressor parameters to 4 bits and perform Quantization
Aware Training of compressed weights and the decompressor
parameters for an additional 20 epochs without the MSE loss.
Similar to [17], we quantize both the patch embedding (first)
layer and the classification (last) layer with 8-bit precision.
The weight parameters are extracted, quantized, fine-tuned,
and scaled to preserve performance before being mapped into
the INSPIRE’s optical core. The data is then transmitted to
the MRs via VCSELs. The modeled VCSEL exhibits a delay
of 10 ns and consumes approximately 0.66 mW of power, as
reported in [39].

Accuracy Analysis. In Fig. 7, we summarize the DeiT-
Small model’s compression performance across different prun-
ing and quantization methods on the ImageNet-1K dataset.
Among the methods, INSPIRE achieves the highest compres-
sion ratio of 15X, reducing the model size to 5.63 MB while
maintaining a top-1 accuracy of 78.03%, which is only 1.69%
lower than the uncompressed DeiT-S baseline (79.72%). In
contrast, WDPruning [15] achieves much lower accuracies
of 60.51% with small compression gain of 2.5x, which is
not suitable for resource-constrained devices. LSQ [37] and
Q-ViT [15] achieve 68% and 71.90% accuracy, respectively,
under a 13.6X compression on a 2-bit compression, falling
behind INSPIRE accuracy by ~10% and ~6%, respectively.
Although 4-bit LSQ retains 79.6% accuracy, the 7.46x com-
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Fig. 7: Comparison of INSPIRE with SOTA ViT compression methods [15],
[37], [17] for compressing DeiT-S [11] trained on Imagenet-1k [38].

pression is not competitive. This makes INSPIRE the only
method suitable for effective deployment on edge devices with
aggressive compression requirements.

Multi-Objective Performance Optimization. To evaluate
the INSPIRE platform performance for edge deployment, it
is essential to establish strict constraints on peak activation
memory and on-chip weight storage. The DeiT-S model under
analysis presents an initial memory footprint of 84.12 MB,
which is incompatible with the on-chip memory limitations.
Applying our custom INSPIRE algorithm reduces this foot-
print to 5.63 MB, thereby freeing approximately 2.37 MB on-
chip for decompression processes given an 8MB on-chip mem-
ory size. However, given a smaller memory size, transferring
the complete set of weight parameters to the edge sensor in a
single batch is infeasible due to the model’s memory profile.
Furthermore, energy and latency associated with data transfer,
weight loading, and decompression significantly impact the
system’s overall energy efficiency and performance. These
factors must be carefully optimized to meet the INSPIRE’s
operational constraints and maintain feasible latency and en-
ergy profiles. We can cast the problem as a multi-objective
optimization problem, where we aim to minimize an overall
design cost C(z) while satisfying both intra-level and inter-
level constraints. Let x represent the design parameters, and
let the cost function combine memory M (x), timing T'(x),
and energy F(z):

minC(z) =a-M(z)+ B -T(z) + - E(x), €]

where «, (3, and v are coefficients indicating the priority of
each term in the objective function. These coefficients can be
properly calculated to meet the edge device constraints.
Storage Requirement Analysis. A thorough evaluation
of the DeiT-S model’s memory requirements is conducted
by calculating its peak memory consumption. Using TFLite-
Micro as the interpreter, we assess memory usage by tracking
the execution sequence of model operations to pinpoint the
peak memory utilization. This precise approach ensures that
the model adheres to defined limits, aligning with INSPIRE’s
hardware specifications. We assume a cloud server with a
ViT weight parser that transmits weight parameters in variable
batch sizes to the edge device. Fig. 8(a) displays the memory
footprint breakdown across different configurations: INSPIRE,
the 32-bit baseline, Q8, Q4, and P models. Given an 8MB on-
chip memory, INSPIRE stands out as the only configuration
that does not require batching, allowing the entire model to
fit within the chip. The next best fit is the Q4 model, with a
footprint of 10.51 MB with batching. To better understand the
impact of memory demands, we define a Memory Bottleneck
Ratio (MBR), representing the proportion of time computation
is delayed while waiting for data transfers between on-chip and
off-chip memory, which impacts overall performance and leads
to the memory wall effect. This analysis accounts for peak
performance and empirically derived data for each platform,
considering the number of memory accesses across bit-width
configurations. As shown in Fig. 8(b), INSPIRE experiences
an MBR of around 14%, while the next closest option, Q4,
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Fig. 8: (a) Memory footprint in MB, (b) Memory bottleneck ratio, (c) Resource
utilization ratio.

shows an MBR of approximately 33.2%. A lower memory
wall ratio corresponds to a higher Resource Utilization Ratio
(RUR) for the compression algorithm, as illustrated in Fig.
8(c), reinforcing the findings from Fig. 8(b).

Energy Consumption and Execution Time. Fig. 9(a)-(b)
illustrates the energy consumption and execution time break-
down for INSPIRE running various compression algorithms
across different on-chip memory sizes. We factor in the data
transfer component using a 5G protocol with ultra-low latency
and high bandwidth (1 Gbps, ~10~* J/bit). In cases where
the on-chip memory capacity is exceeded by the compression
algorithms under test, multiple layers are batched before
transmission. In addition, the performance of the INSPIRE
optical core in both computation and decompression scenarios
is evaluated, as well as transceiver and controller performance
included under miscellaneous.

Key observations are as follows: (i) INSPIRE demonstrates
the lowest energy consumption for processing DeiT-S with
12 transformer blocks. It achieves ~18.9x, 10.6x, and 4.7 x
energy efficiency compared to P, Q8, and Q4 mechanisms,
respectively. As on-chip memory size decreases, INSPIRE
shows even greater efficiency. (i¢) In the 8MB configu-
ration, INSPIRE reduces data transfer energy by approxi-
mately 17.7x, 11.1x, and 3.8x compared to P, Q8, and Q4
mechanisms, respectively. With further reductions in on-chip
memory size, these energy savings become more pronounced,
reaching around 32.4x, 19.3x, and 11x, respectively. (i)
In terms of total MAC energy consumption, the INSPIRE
mechanism incurs approximately 40% higher energy costs
for decompression compared to the Q4 quantization scheme.
Nonetheless, INSPIRE demonstrates lower overall power con-
sumption than QS8 in the evaluated cases. (iv) Regarding
execution time, the INSPIRE architecture achieves significant
improvements, yielding approximately 12.1x, 8.9%, and 2.3x
speedups relative to P, Q8, and Q4 quantization mechanisms.
This performance gain is primarily attributed to reduced data
transfer overhead. Fig. 9(c) provides a performance guideline
for the INSPIRE, illustrating the correlation between power
efficiency, data transfer energy, and on-chip memory size for
the INSPIRE compared to other methods. As shown, INSPIRE
can achieve performance levels of 75.4, 198.5, 245.4 KFPS/W
(kilo frames per second per Watt) with on-chip memory sizes
of 2MB, 4MB, and 8MB, respectively. This efficiency trans-
lates to substantial reductions in data transfer energy. These
design exploration results can be utilized to optimize the model
according to the objective function previously discussed.
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Fig. 9: Breakdown of (a) Energy consumption, (b) Execution time of INSPIRE
with various compression mechanisms vs. on-chip memory size. (c) INSPIRE
power efficiency (KFPS/W) vs. data transfer energy.

Performance Comparison Vs. SiPh Accelerators. Table
I compares the efficiency of various MR-based optical accel-
erators, including LightBulb [24], HolyLight [23], HQNNA
[40], Robin [26], CrossLight [22], and Lightator [27] as
described in the background section. For objective comparison,
we reconstructed each design from scratch to closely match the
original, leveraging our evaluation framework and proprietary
simulator, and ensured a consistent area constraint across
all accelerators (approximately 20-60mm?). We observe that
INSPIRE significantly outperforms comparable designs, es-
pecially with an 8MB on-chip memory size, it improves
power efficiency by 30.3%, 363.8%, 427.7%, and 609.2% over
Lightator [27], CrossLight [22], Robin [26], and HQNNA [40].

TABLE I: Comparison with SOTA SiPh accelerators.

q LightBulb  HolyLight HQNNA Robin CrossLight Lightator
Designs 124] 23] [40] 126] 221 271 INSPIRE
Node (nm) 32 32 45 45 * 45 5
KFPS/W 5775 33 34.6 46.5 10.78-52.59  61.61-188.24  75.4-245.4

Tmprov. 324.9%(T)  T336.3%M)  6092%(0)  427.1%M) _ 3638%(D 30.3%(1) rel

*Data is not reported/not achievable from the paper [22].

Vs. Common Computing Platforms. The efficiency of the
INSPIRE platform on the same algorithm is further evaluated
and compared with state-of-the-art FPGA and GPU platforms
commonly utilized for ViT inference [41], including Xilinx
VCK190 and TensorRT implementations on NVIDIA A100
GPUs. The findings underscore the outstanding energy effi-
ciency of INSPIRE, which achieves two to three orders of
magnitude greater efficiency. Specifically, INSPIRE attains a
peak performance of 245.4 KFPS/W with an 8MB on-chip
memory, while Xilinx VCK190 and NVIDIA A100 deliver
1.42 and 0.86 KFPS/W, respectively.

VI. CONCLUSION

This work introduced the INSPIRE as a novel com-
pressed weight retrieval mechanism co-developed with a high-
performance and energy-efficient in-sensor SiPh ViT accel-
erator. This combination could effectively minimize the on-
chip memory footprint, data transfer energy, and bandwidth
requirements for ViTs for the first time without compromising
model accuracy. Our results validate the framework’s potential
for low-power, high-performance ViT inference on resource-
constrained edge platforms. INSPIRE achieves up to 245.4
Kilo FPS/W and reduces the data transfer energy by a factor
of ~11x on average compared with 4-bit quantized ViTs.
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