City Research Online
City St George’s, University of London

ST GEORGE'S

UNIVERSITY OF LONDON

Citation: Ibadulla, R., Chen, T. M. & Reyes-Aldasoro, C. C. (2026).
ConvShareViT: A Vision Transformer-Like Architecture for Free-Space Optical
Accelerators. IEEE Transactions on Neural Networks and Learning Systems, PP,
pp. 1-15. doi: 10.1109/tnnls.2026.3689450

This is the accepted version of the paper.

This version of the publication may differ from the final published version. To cite
this item please consult the publisher's version.

Permanent repository link: https://openaccess.city.ac.uk/id/eprint/37679/

Link to published version: https://doi.org/10.1109/tnnls.2026.3689450

Copyright and Reuse: Copyright and Moral Rights remain with the author(s) and/or
copyright holders. Copies of full items can be used for personal research or study,
educational, or not-for-profit purposes without prior permission or charge, unless otherwise
indicated, provided that the authors, title and full bibliographic details are credited, a
hyperlink and/or URL is given for the original metadata page and the content is not changed
in any way. For full details of reuse please refer to City Research Online policy.

City Research Online: http://openaccess.city.ac.uk/ publications@citystgeorges.ac.uk



https://openaccess.city.ac.uk/policies.html
mailto:publications@citystgeorges.ac.uk
http://openaccess.city.ac.uk/

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

ConvShareViT: A Vision Transformer-like
Architecture for Free-Space Optical Accelerators

Riad Ibadulla, Thomas M. Chen, Senior Member, IEEE, Constantino Carlos Reyes-Aldasoro, Senior Member;
IEEE

Abstract—This paper introduces ConvShareViT, a novel deep
learning architecture that adapts the Vision Transformer (ViTs)
architecture to the 4f free-space optical system. ConvShareViT
replaces linear layers in multi-head self-attention (MHSA) and
Multilayer Perceptrons (MLPs) with a depthwise convolutional
layer with shared weights across input channels. The effectiveness
of the attention mechanism was analysed systematically in 12
experiments with different Models. Experimental results demon-
strated that configurations with valid-padded shared convolutions
successfully learned attention, achieving comparable quantitative
attention scores to those obtained with standard ViTs. However,
same-padded convolutions showed limitations in attention learn-
ing and operated like regular CNNs rather than transformer
models. In terms of speed, ConvShareViT can theoretically
achieve up to 3.04 times faster inference than GPU-based systems.
This potential acceleration makes ConvShareViT an attractive
candidate for future optical deep learning applications.

Index Terms—Optical transformers, Neural Networks, Vision
transformers, Convolutional transformers Free-space optics

I. INTRODUCTION

Computer vision has advanced significantly with the devel-
opment of the deep learning approaches [1]-[3]. Convolutional
Neural Networks (CNNs) have been the standard approach
for tasks like image classification [4], object detection [5],
[6], image segmentation [7]-[9], visual recognition [10] due
to their ability to efficiently capture spatial hierarchies in im-
ages [1]. CNNs were challenged by the invention of Vision (or
Visual) Transformers (ViT) [11]-[15], which use the encoder
of the transformer and its self-attention mechanisms [16]—[18].
Unlike the CNNs that treat an image as a whole, ViTs divide
the images into patches, treating each patch as a sequence
token. This approach has shown outstanding success [19],
when models pre-trained on large datasets like ImageNet are
fine-tuned on smaller, task-specific datasets. However, CNNs
still stay the first choice for small datasets when trained
from scratch, due to their simplicity and sometimes better
performance over transformers for specific datasets [20], [21].

Deep Learning is well-known to be data hungry [22] and
the amount of training data can have an impact on the results
[23]-[25]. In addition to the large data requirements, as deep
learning models grow in complexity, advanced hardware accel-
erators [26] are increasingly needed to efficiently manage their
computational demands. Conventional electronic accelerators
struggle with limitations in power consumption and processing
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speed as model sizes continue to expand [27]. Optical comput-
ing [28], [29], particularly the 4f system, offers a promising
solution due to its ability to process data rapidly and with high
energy efficiency . Optical systems take advantage of light’s
parallel processing capabilities. A 4f system, first described
by Weaver and Goodman in 1966 [30], is an optical setup
consisting of a laser, modulators, lenses, and a camera or
photodetector, with each component separated by one focal
length of the lens. The entire arrangement spans four focal
lengths, hence the name ‘4f system’ as illustrated in (Figure 1).
This system, also known as a 4f correlator, is commonly used
to perform the convolution operation in optics.

The 4f system is particularly effective for accelerating
CNNs through its efficient handling of convolution operations.
While various optical setups have been developed for specific
neural networks [31]-[39], the 4f system’s ability to accelerate
CNN s could, in theory, be generalised across different network
architectures, enabling a single device to support multiple
model types. This creates the potential for a standardised
optical approach to training neural networks. Since it is
expected that the free space optics [40] and photonics markets
[41] will grow in the near future, the integration with Deep
Learning techniques is evidently important.

With ViTs gaining popularity in computer vision [42], and
pattern recognition [43] using convolutional layers within the
multi-head self-attention (MHSA) [44] layers on the same 4f
system could simplify the hardware landscape. This eliminates
the need for multiple specialised processors, streamlining both
training and inference and making optical computing more
practical and scalable for complex neural network tasks.

In this paper, we propose the Convolutional Shared Vision
Transformers (ConvShareViT), a hybrid model that incorpo-
rates convolutional operations within the Vision Transformer
architecture, enhancing its adaptability to optical systems like
the 4f. ConvShareViT This model strictly uses convolutional
operations in the MHSA layers and replaces traditional MLPs
with convolution-based structures, which ensures a compatibil-
ity with the 4f system. We systematically analysed different ar-
chitecture configurations strategies such as channel/kernel/mix
tiling to optimise these operations and efficiently manage the
computational load. Moreover, we analysed different methods
of using convolutions within the ViT’s MHSA layers.

ConvShareViT preserves the patch-based processing funda-
mental to the Vision Transformer philosophy. It is worth men-
tioning that there are other hybrid models such as CvT [45],
which alter the intrinsic structure of Vision Transformers
by incorporating pooling and downsizing mechanisms. , our
ConvShareViT strictly preserves the patch-based processing
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fundamental to the Vision Transformer philosophy. In Con-
vShareViT This ensures that each image patch is processed in-
dependently through convolution-enhanced self-attention lay-
ers. , respecting the original Transformer design while In addi-
tion, ConvShareViT improves the model’s ability to generalise
from limited data by leveraging the locality and invariance
properties typical of CNNs. While our work explores con-
volutional strategies similar to CvT, one of our objectives is
also to demonstrate that MHSA can be implemented within
a 4f optical system. This capability is essential not only for
image classification, but also for enabling a wider range of
transformer-based applications in optical computing. There-
fore, we prioritise the replication and extension of the original
VIiT architecture, rather than adopting structural changes char-
acteristic of CvT. Unlike prior work that adapts hardware to
accommodate VITs, our approach adapts ViTs to align with
the properties of the optical accelerators, bringing it to a new
direction in the field of optical transformers.

The contributions introduced in this paper are significant
in two key areas: firstly, we demonstrate that convolutional
operations can be seamlessly integrated into Vision Trans-
formers without compromising their essential patch-processing
methodology. Secondly, we demonstrated the capability of
ConvShareViT to learn attention through a systematic eval-
uation and visualisation of our models’ performance with
different methods of incorporating convolution operations into
the MHSA and MLP of the ViT.

II. RELATED WORK

Deep Learning in computer vision has advanced signifi-
cantly with the development of CNNs, and the introduction of
Vision Transformers has elevated the field to new heights [46].
While both approaches are much more efficient than fully
connected neural networks, the need to accelerate Deep Learn-
ing performance has become increasingly critical. Various
techniques have been employed to speed up deep learning,
such as using shallower networks [47], pruning redundant
weights [48], or adopting lower quantisation levels [49].
Moreover, hardware accelerators, such as application-specific
integrated circuits (ASICs) [50], have been used to greatly
enhance training and inference speeds, often outperforming
conventional CPUs/GPUs.

However, as Moore’s law slows down [51] and the limits of
electronic hardware become clearer, the need for alternative
methods, such as optical accelerators, is growing more impor-
tant. Optical computing, with its ability to process many tasks
in parallel and at high speed, provides a promising way to
overcome the challenges of traditional hardware and improve
the performance of deep learning systems.

There are two main approaches to optical neural networks:
the free-space method, and the silicon photonics approach.
The free-space method uses spatial light modulators (SLMs) to
propagate light through media such as air or vacuum, without
the need for physical waveguides [31], [33], [35], [37]-[39].
The silicon photonics approach uses Mach—Zehnder inter-
ferometers (MZIs) [52], [53], which offer faster processing
speeds, with clock rates reaching several GHz. However, it
offers inferior parallelism compared to the free-space system.

The reader is referred to [54] for a comprehensive review
of different methods of implementing optical neural networks.
The review presents interesting comparisons of free-space
techniques with silicon photonics methods. the latter being
described as waveguide optical interconnection in their work.

Although direct optical matrix-vector multiplication ap-
proaches, such as demonstrated by Anderson et al. [55],
implement Transformer architectures using free-space optics,
our ConvShareViT model contributes uniquely by showing
how existing 4f optical systems—already widespread for
convolution operations—can be directly used to implement
Vision Transformers. Our findings are significant because they
indicate not only a path for a broad adoption of optical
Transformers within existing devices but also deepen our
theoretical understanding by proving that shared depthwise
convolution is capable of learning attention. Therefore, our ap-
proach complements specialised matrix vector multiplication
accelerators by expanding the versatility of convolution-based
optical computing.

1) Free-space optical image classification: In this study, we
focus on active 4f free-space optical accelerators, which play a
crucial role in high-speed image processing and classification
tasks. The 4f system is an optical setup used primarily for
performing convolutions, a core operation in computer vision
tasks such as image classification. The 4f system takes its
name from the optical configuration, in which a light beam
travels through four focal lengths between lenses and spatial
modulators to perform a Fourier transform and its inverse
as illustrated in Fig. 1. This system’s ability to perform
optical convolution exploits the Fourier transform, where the
convolution operation in the spatial domain becomes a simple
pointwise multiplication in the frequency domain.

Input image
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Fig. 1. Schematic illustration of a 4f optical system executing a convolution
operation. The system consists of an input plane (laser source), a convex
lens, and a Fourier plane (containing a modulator or phase mask), followed
by another convex lens and a camera, each positioned one focal length away
from the lenses. As the light passes through the first lens, it undergoes a 2D
Fourier transform at the Fourier plane, where it is multiplied by the kernel in
the frequency domain. The light then travels through the second lens, which
transforms it back to the spatial domain, and the camera captures the output.

The process of the convolution operation in the 4f system
with the simulated results is shown in Fig. 1 and performed as
follows: First, light is directed onto the light modulator, where
it is modulated by the input image. When the beam then passes
through a convex lens, the resulting wavefront, after travelling
one focal distance, represents the Fourier Transform of the
image. Another light modulator, positioned in the Fourier
plane, is used to perform element-wise multiplication with
the image in the frequency domain. The modified beam then
passes through a second lens, which performs the inverse
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Fourier Transform, converting the image back into the spatial
domain. The final output, after another focal distance, is the
convolved image, which is captured by a camera.

2) Parallelism in 4f system: The primary advantage of 4f
free-space optical neural networks is their ability to enable
massive parallelism, allowing high-resolution inferences and
the execution of multiple inferences simultaneously. This
allows the 4f system to effectively process high-resolution
inputs and kernels without compromising the frame rate. Since
the 4f system efficiently processes high-resolution inputs, it is
possible to parallelise the inference through the 4f system by
tiling the inputs into a large block of inputs and performing
the convolution of several inputs with the same kernel. This
method is known as input tiling or batch tiling [36], as the
inputs of the entire mini-batch can be tiled to fit the entire
input tensor (n-dimensional matrix) of the CNN.

Since the convolution operation is commutative, the order
of the operands does not matter. This means that tiling can be
applied to the kernels instead of inputs, given that the input
is a single 2D feature map. This approach has been used by
Chang et al. [32] and also described by Li er al. [56] as
kernel tiling, where the kernels are zero-padded to a size of
(M+N—-1)x (M+ N —1), with M x M being the input
resolution and N x N representing the kernel resolution. After
padding, these kernels are arranged into a single large tiled
kernel block. The input must also be padded to match the
dimensions of this kernel block to enable optical convolution.
The resulting output consists of multiple tiled sections, each
corresponding to the convolution of the input feature map with
one of the kernels from the tiled array.

Another approach by Li er al. [31] achieved parallelism in
CNNs using the 4f system, which is channel tiling. Similar to
kernel tiling, this method involves padding of both kernels
and channels. The padded channels and kernels are then
tiled into respective blocks and convolved. The result of the
convolution produces a block of outputs with dimensions
(2y/N. —1) x (2¢/N, — 1), where N, is the number of input
channels. All outputs, except for the one in the centre, are
considered invalid and discarded. The valid output represents
the sum of the convolution of each input channel with its
corresponding kernel. As this method provides both the con-
volution and the summation of the results, it can be utilised
in the channel summation process.

Unfortunately, this method computes only a single output
channel. The third and most efficient method, as described by
Li et al., is mixed tiling, which allows the entire convolutional
layer to be performed in a single inference through the 4f
system. Mixed tiling combines both kernel tiling and channel
tiling, providing full parallelism for the entire convolutional
layer. This method ensures that the convolution of all input
channels with their respective kernels is completed, and the
results are summed across the output channels. However,
it requires a significant amount of spatial space within the
4f system, often making it impractical to execute the entire
process in a single inference.

In this method, inputs are padded as before and tiled
horizontally. Likewise, the kernels are also padded to the
same dimensions and tiled along both the z and y axes,
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Fig. 2. Self-Attention mechanism. Inputs are mapped to Query, Key, and
Value vectors. Attention scores, calculated from Query-Key multiplications,
achieving dependencies between tokens. These scores are then used to weight
the Value matrix, amplifying relevant information.

with each row corresponding to an output channel. Similar to
channel tiling, the output block contains invalid regions due to
unnecessary convolutions, while the valid outputs are located
in the centre of each row of the output block.

3) Vision Transformers: ViTs represent a paradigm shift in
the field of computer vision, achieving state-of-the-art results
by using transformer-based architectures, initially designed
for natural language processing (NLP) [13], [57]. Unlike
traditional CNNs, which rely on convolutional operations to
extract hierarchical features from images, ViTs apply the trans-
former’s attention mechanism to capture global dependencies
between different regions of an image. This is illustrated in
the top half of Fig. 3.

At the core of ViTs is the self-attention mechanism, a
component originally introduced in the transformer models for
NLP. The attention mechanism allows the network to weigh
the relationships between different parts of the input data,
enabling it to capture contextual information across the entire
image. To process an image, the ViT model divides it into
fixed-size patches, which are treated similarly to tokens in NLP
models (Fig. 3). Each patch is then flattened into a vector, and
positional embeddings are added to retain spatial information,
ensuring that the ViT is aware of the position of the patches in
the original image. This helps to maintain the spatial structure
which could be lost after the tokenisation.

The tokens are passed through consecutive MHSA and MLP
layers and repeated N times. The depth of the transformer is
a crucial hyper-parameter, which depends on the task.

The pipeline for the self-attention mechanism is shown in
Fig. 2, where the tokens are part of the matrix X. The input
matrix is multiplied by matrices W,, Wy, and W, produce
new sets of @@ (Query), K (Key) and V (Value) matrices.
The multiplication of the input matrix by W,, Wy, and W,
is simply achieved using a linear layer without a bias term. It
is important to note that each row of the input matrix (token)
is mapped to the (), K, and V independently without any
interaction with the adjacent tokens. The interaction between
the tokens occurs later when calculating the attention scores
through matrix multiplication QK .

The self-attention of each head is computed as follows:

T
Attention(Q, K, V) = softmax( QK

Vd

WV, (D
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where d is the dimensionality of the QKV vectors, included
to scale the results of attention scores and improve numerical
stability in the softmax calculation. ), K, and V represent
query, key, and value matrices respectively, which are mapped
from the input embeddings by linear projections.

Multi-Heads Self-Attention (MHSA) layer processes mul-
tiple self-attention mechanisms in parallel, each focusing on
different aspects of the patches.

4) Use of convolution operations in transformers: One of
the ViT variations, which used a similar shape of the network
as the CNN:s, is the Pyramid Vision Transformer (PVT) [58].
PVT reshapes feature maps into a matrix form after each
transformer block, creating a pyramid-like architecture where
the feature map size progressively reduces. This hierarchical
structure similar to the CNNs, unlike the standard ViT, is better
suited for visual tasks such as classification. Notably, PVT-
Large delivers comparable top-1 ImageNet accuracy (a 0.1%
decrease) to ViT-Base/16 [11] while significantly reducing
computational complexity (9.8 GFLOPs vs. 17.6 GFLOPs) and
the number of parameters (61.4M vs. 86.6M).

While PVT mimics CNN-like feature extraction through its
cone-shaped architecture, it does not incorporate convolutional
layers. However, another model known as the Convolutional
Vision Transformer (CvT) [45] model introduces convolution
operations into the ViT pipeline, where overlapping convo-
Iutions are used for token embedding. This step captures
local spatial information while simultaneously reducing the
sequence length and increasing token feature dimensions,
similar to CNN architectures. The convolutional token em-
bedding stage also spatially down-samples the feature maps
while increasing the number of channels, which enhances the
model’s hierarchical representation capabilities.

In each Convolutional Transformer Block, CvT replaces
the standard matrix multiplication for query, key, and value
embeddings with depthwise separable convolutions. After each
transformer block, the 2D feature map is reconstructed and
passed through another convolutional token embedding layer,
ensuring a cone-shaped architecture similar to CNNs used in
classification tasks.

Unlike standard ViTs, which process non-overlapping
patches and rely solely on the attention mechanism for com-
munication between patches, CvT re-tokenizes the feature map
after each transformer block, allowing for integrated feature
representations. Additionally, due to the use of overlapping
patches, CvT eliminates the need for positional encoding.

In the work of Ding et al. [59], the authors revisit large ker-
nel design in convolutional networks, proposing RepLKNet,
a CNN architecture with kernel sizes as large as 31 x 31.
This work is particularly notable because, although it does
not employ the attention mechanisms seen in ViTs, it ef-
fectively closes the performance gap between CNNs and
ViTs. According to the authors, the reason for the strong
performance in ViTs is their high effective receptive field
(ERF), which can be replicated in CNNs by leveraging large
depthwise convolutions. This allows the model to capture
both local and global information, similar to what attention
mechanisms achieve in ViTs. Ding et al. demonstrate that
the large kernels of RepLKNet deliver competitive results on

ImageNet, achieving 84.8% top-1 accuracy, which is on par
with the Swin Transformer [60] but with lower latency. Their
approach shows that CNNs, through the strategic use of large
kernels, can match or even surpass ViT performance without
relying on attention mechanisms.

III. PROPOSED METHOD

Regular vision Transformers can be divided into four main
components: tokenisation, multi-head self-attention, multilayer
perceptron, and classifier head. Multi-head self-attention, on
the other hand, can be split into three main stages: QKV
projection, attention score calculation, and weighted sum of
values. In this section, we will describe how each task is
transformed to use only convolution operations.

1) Shared depthwise convolution: It is important to note
initially that the linear layer is the main component of all
layers in the transformer’s encoder, as it can be seen from
Fig. 3 and as part of the MHSA from Fig. 2. Each output node
of the linear layer is the weighted sum of the input nodes as
illustrated in Fig. 4 (a). Since the ConvShareViT model deals
with patches as matrices rather than vectors, each patch can be
convolved with the weight matrix of the same resolution, with
valid padding to achieve the output node, as shown in Fig. 4
(b). If the same padding is used, the middle pixel of the output
will be the valid region. This highlights a key architectural
constraint for ConvShareViT: using valid padding results in a
single output per token (matching a linear projection), whereas
same padding produces a feature map and can behave like a
convolutional feature extractor rather than a token-wise linear
mapping.As shown in Fig. 4 (c), when applied optically, kernel
tiling allows the simultaneous computation of all output pixels.

In a typical convolutional layer, the kernels are 3D, with the
number of kernels matching the number of output channels
and the depth of each kernel equal to the number of input
channels. Alternatively, this can be viewed as having a set of
2D kernels, where each pair of input and output channels has
its own 2D kernel. The results of these 2D convolutions are
then summed across the input channels to produce the final
output, as shown in Fig. 5 (a).

In our case, each input channel corresponds to a separate
patch that needs to be processed independently, without any
interaction between patches. Therefore, summing across chan-
nels should be avoided. To achieve this, we use depthwise
convolution, where the number of convolution groups is equal
to the number of input channels (See Fig. 5 (b)).

However, when a tensor passes through a linear layer, the
last dimensions are all mapped into new vectors, meaning the
same layer is applied to all dimensions, or in other words,
the weights are shared across input channels. Thus, if we
emulate a linear layer using convolution, the kernels must be
repeated for each input channel during depthwise convolution.
This approach, shown in Fig. 5 (c), is what we refer to
as shared depthwise convolution. If kernels are not shared,
the layer no longer emulates a linear projection applied to
all tokens, and it instead introduces channel-specific feature
extraction behaviour similar to CNNs. This mimics a linear
layer because each input channel (i.e., patch) is convolved with
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Fig. 3. Comparison of the regular ViT (top of figure) and ConvShareViT (bottom of the figure) pipelines. ViTs vectorise patches of the image and apply
a linear layer to map them into higher dimensional embeddings, while ConvShareViT keeps the patches in 2D format and uses Transpose Convolution to
increase the dimensionality. ConvShareViT uses MHSA and MLPs using Shared Depthwise Convolutional layers.

an identical kernel, resulting in the same linear transformation
being applied independently across spatial locations, just as
in a linear layer where the same weight matrix is applied
to each input vector. Avoiding channel mixing and repeating
kernels across all inputs preserve the behaviour of the linear
transformation within the convolutional framework.

2) Multi-head self attention: As it was mentioned before,
unlike Vision Transformers, ConvShareViT uses a tensor in-
stead of a matrix as the input. In Vision Transformers, the input
is the matrix, where each row vector is the embedding of the
input patch. In ConvShareViT, the embedding is represented
as the 2D matrix of a 3D tensor, where the depth of the tensor
corresponds to the number of patches (tokens). When passed
to the different heads of the multi-head self-attention layer, the
matrix is split into equal patches, and each patch is fit into its
corresponding head. The output of each head is then located at
the correct location, where the patch was initially taken from
(See Fig. 6).

When the patches are inputted into the head of the self-
attention layer, they go through the QKV projection. In the
original Transformer, this stage was performed by passing the
inputs through the linear layer.

This can be replicated by using our shared depthwise

convolutional layer, with the kernel resolution equal to the
input resolution and the number of kernels (output channels)

equal to the number of nodes required at the output of the
mimicked linear layer. The spatial resolution of the output
of the shared depthwise convolution will be 1 x 1 with a
number of channels equal to the total number of nodes of the
mimicked linear layer, which can be reshaped into the regular
matrices. The input tensor is passed through three distinct
shared depthwise convolutions in order to achieve Query, Key
and Value tensors.

The next stage is the attention score calculation. In the
original Vision Transformer, this is achieved by matrix mul-
tiplication of the () with the transposed K matrix. In other
words, the dot product of all vectors () and K. In ConvShare-
ViT, tokens are preserved as 2D matrices rather than flattened
vectors, and the attention score between tokens ¢ and j is
therefore computed as s; ; = >_, , Qi(u,v)K;(u,v), which
is equivalent to the standard dot product after flattening.

For two matrices of identical resolution, this dot product
is equivalent to a valid 2D cross-correlation between (); and
K. This corresponds to sliding the key kernel over the query
feature map and retaining only the valid region, resulting in
one scalar per token pair.

As in deep-learning frameworks, this operation corresponds
to cross-correlation rather than mathematical convolution;
however, we use the term convolution throughout in keeping
with the optics literature. Although these operations differ in
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Fig. 4. Implementation of the linear layer using convolution and tiled

convolution for 4f system. (a) A simple linear layer of one input vec-
tor with four values represented by four boxes with solid colours. The
output vector, boxes with different colours in grid layout, is the vector-
matrix multiplication of the input vector with the weight matrix with val-
ues Wi, War, W31, Way, Waq, . ... Each output node has its own set of
weights. (b) Illustration of a case where the input is in 2D matrix format,
which is then convolved with the kernel of equal size and valid padding i.e.,
the white region around the kernel. Weights have diagonal coloured lines. The
output is similar to one output pixel of the linear layer. (c) Kernel tiling is
used to tile all weights of the linear layer in the kernel block. The input is
padded to the required resolution. The output archives all linear layer output
nodes, with the requirement of reshaping (removes zeros in invalid regions).

kernel orientation and indexing conventions, they are all linear
transformations and, under the reshaping scheme used in Con-
vShareViT, they produce equivalent dot-product interactions
between tokens.

The resulting matrix can be scaled, as in the original Vision
Transformer, by the square root of the token dimension — in
our case, simply the width or height of the token matrix, and
normalised with softmax to obtain the attention weights A.

The last step is the weighted sum of the values using the
attention weights Y = AV, which we implement as a point-
wise (1 x 1) convolutional layer by treating the attention
weights as the layer weights. The outputs are then located
in the correct location of the main larger patches.

To do this using the convolution, it first needs to look at the
general formula for the 2D convolutional layer without bias:

Cin H-1W -1

Yipg = E § E Xeptigti X Wieying

c=1 i=0 j=0

2

where, X 4 4, refers to the input feature map with the
dimension Channels, Height, Width ( [Cjy, Hipn, Wiy]), and
the output Y with the dimensions [Coyt, Hout, Wout]. W repre-
sents the set of kernels with the dimension [Cyz, Cin, H, W].

When the convolution is 1D, the spatial dimension is
reduced to one, the convolution is simplified to:

Cin

a
Vip =2 D Keprs x Wies

c=1i=—a

3)

When the convolutional layer uses 1x1 kernels, the convo-
lution effectively becomes a point-wise matrix multiplication
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Fig. 5. Shared depthwise convolutional layer, copies the weights across all
input channels. As with Fig. 4 , the input values are represented with solid
colours, the weights with diagonal lines and the output with grids. (a) Regular
convolutional layer, with the groups=1. The number of 2D kernels is equal to
the number of input channels X the number of output channels. (b) Depthwise
convolution, where the number of groups is equal to the number of input
channels. In this case, each output channel gets only one 2D kernel, meaning
no channel summation happens. (c) In the shared depthwise convolutional
layer, unlike the regular depthwise convolutional layer, the weights are shared
across input channels, making it ideal for the emulation of the Linear Layer. If
kernels are the same resolution as inputs, the valid convolution yields 1 pixel
for each output channel, which can be reshaped into the initial resolution.

across channels, identical to dense layer operations. For 1D
convolution, the formula with 1x1 kernels becomes:
Cin
Yip = ZXc,p X Wie,

c=1

4)

which is equivalent to W x X. This leads to the conclusion
that matrix multiplication can be treated as the convolutional
layer, with the left term being a weight matrix.

3) Multi Layer Perceptron: In a vanilla transformer en-
coder, each multi-head self-attention layer is followed by an
MLP layer. This MLP usually consists of two linear layers;
the first one maps the embedding vectors into the high-
dimensional space, and the second one maps it back to the
original dimension. One of the hyperparameters of the MLP is
the MLP ratio, which indicates how many times the dimension
is scaled, meaning the ratio of the hidden layer to the input
or output layer. Since the original transformer uses a linear
layer, our method leverages the same concept used for the
QKYV projection in the MHSA layer.

First, a depthwise convolutional layer with a kernel size
equal to the input size is used to map the input into the higher
dimension. The output of this layer’s resolution is 1 x 1 and the
number of channels equals to (number of tokens * mlp_ratio *
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Fig. 6. Visual comparison of input split in regular multi-head attention and
our method when the inputs are two-dimensional. (a) In regular multi-head
attention, the input vectors are split into equal-sized vectors, each assigned to
a dedicated head of attention, followed by the concatenation of the outputs.
(b) In our method, the process can be viewed as patchification, where the
two-dimensional input is divided into smaller patches that fit into the heads
of convolutional attention layers. The outputs are then merged back into their
corresponding locations.
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Fig. 7. Multi-head self-attention layer using only convolutional layers. The
patches of the original tokens are passed through the three shared depthwise
convolutional layers, which are reshaped into the original format. The resulting
Query and Key matrices then convolved with each other to produce the
attention score matrix, which is then softmaxed and used as the weights of the
convolutional layer for the values tensor. Parallelism for the QKV projection
is shown in Fig. 9, while mixed tiling is used to the remaining components.
The parallelisation strategy can be adjusted based on the device’s and the
input resolution.

H % W). This is then reshaped into the H x W with the
channels number of (number of tokens*xmlp_ratio), increasing
the number of tokens by a factor of MLP ratio.

Similarly, the output resolution of the second shared depth-
wise convolutional layer is 1 x 1 and number of channels
(number of tokens * H % W), which can be reshaped to the
input’s original shape H x W x number of tokens.

4) Theoretical parallelism in the 4f system: The motivation
for integrating convolution operations within attention layers is
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Fig. 8. Shared depthwise convolutional layer with the valid convolution and
reshape of the output for full emulation of the Linear layer using convolution.
(a) Shared depthwise convolutional layer from one matrix into two matrices.
In this case, two matrices have been mapped into 4, where each has been
mapped into corresponding two outputs. The technique can be used from few
to many mapping. (b) Shared depthwise convolutional layer from two matrices
into one. In this case, four matrices have been mapped into two, each group
of two into one corresponding output matrix. The technique can be used from
many to fewer matrices.

not only to explore the possibility of integrating convolutions
into the MHSA but also to exploit the 4f system’s capability
to perform these tasks more rapidly and efficiently than con-
ventional electronic components. A key benefit of free-space
optics is its ability to carry out high-resolution operations
without incurring latency.

In contrast to CNNs, which rely on convolutional layers,
Transformers use linear layers and are typically more efficient
on GPUs, where entire tensors are loaded for optimised and
rapid computation. However, in an optical setup, the standard
input tiling method described earlier becomes inadequate.
Parallelisation in this context can be achieved using mixed
tiling following the approach of Li et al. [31].

While mixed tiling is generally used for standard convolu-
tion operations, here it must be adapted for depth-wise convo-
lutional layers. This adaptation is accomplished by zeroing out
all kernels except the one associated with the output channel,
as shown in Fig. 9 (a).

In QKV projection, the kernels for the ), K, and V' output
pixels can be tiled within a single mixed tiling block and then
separated post-output, as shown in Fig. 9 (b). In most cases, the
number of kernels will likely exceed the resolution capacity
of the 4f system, necessitating multiple inferences.

IV. EXPERIMENTS

In this work we performed 4 experiments with ViT and 12
experiments with our method, ConvShareViT. Several models
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Fig. 9. Mixed tiling with depthwise convolutional layers and its application
in QKV projection for convolutional attention layers. (a) Basic mixed tiling
of kernels, with all kernels except those corresponding to the output channel
set to zero to prevent summation. (b) Illustration of how shared depthwise
convolutions can be applied in the Q@ K'V projection.

intentionally test constraints like same padding or non-shared
depthwise kernels to identify when convolutional layers em-
ulate the linear projections required for attention, and when
they instead act like feature extractors.

Initially, four standard ViTs were trained to establish base-
line performance, shown in the first part of Table I. These
included combinations of ViTs with and without trainable
positional encoders, as well as models using either multi-
head (12 heads) or single-head attention mechanisms. The
image patch size was fixed at 4 x 4 from the original image
resolution of 32 x 32, resulting in 64 patches (65 when
including the classification token). Tokens were embedded
into a 192-dimensional space, similar to Lee ef al. [61]. Each
model comprised 9 transformer blocks with an MLP ratio of
2. Training was conducted for 310 epochs, with the first 10
epochs allocated for warmup [62]. The Adam optimiser [63]
was used, starting with a learning rate of 5 x 10~* and using
a Cosine Annealing Scheduler [62].

For the ConvShareVit models, the main twelve experiments
consisting of different methods of application for MHSA,
MLP, Shared depthwise convolution and valid convolutions
are summarised in the second part of Table I. Each model
represents a distinct combination of these methods, enabling
a systematic analysis of their effects on model performance.
Additional details, such as embedding dimensions, the absence
of bias and the use of the trainable positional encoder in certain
models, are also provided to offer a comprehensive view of
the configurations tested. All models were trained using the
Adam optimiser, with a learning rate of 5 x 10~* for Models
1-5 and 8 x 10~* for Models 6-12.

It can be seen that Models 2, 3, and 4 seem identical. The
difference lies in the Q KV projection, which is listed below:

e Model 2 uses a depthwise convolutional layer with same
padding and a kernel size equivalent to the patch resolu-
tion (4 in this case). The number of input/output channels
is the same, corresponding to the number of patches.

o Model 3 applies four consecutive depthwise convolutional
layers to expand the number of channels by a factor of 7,
before reducing it back to the original number and repeats
this process.

e Model 4 uses two consecutive depthwise convolutional

layers to expand the number of channels by a factor of
14 before reducing them back to the original count.

A similar pattern is observed with Models 5 and 6, where
both models use valid depthwise convolution, reshaping the
1x 1 outputs to match the original resolution. However, Model
5 includes an additional depthwise convolutional layer, similar
to that in Model 2, before the valid convolution is applied

With the ConvShareViTs, the objective was to maintain as
much consistency as possible with the original ViTs trained in
this study, preserving key aspects such as the MLP ratio, the
number of layers, and the patch size of 4 x 4. The primary
difference lay in the embedding dimension, as the ConvShare-
ViTs required maintaining a square shape for compatibility, as
shown in Fig. 6. Most models, except for Models 10 and 12,
had embedding dimensions of 16x16, resulting in a total of
256 dimensions—higher than the original ViTs’ embedding
dimensions. This increase was essential to enable the extrac-
tion of 16 attention heads, each corresponding to a 4 x 4
token. In contrast, Models 10 and 12 utilised an embedding
dimension of 13 x 13, which yields 169 dimensions, lower
than in our implementations of ViTs. As these models were
designed with a single attention head, the tokens did not
require further division into patches (Fig. 6(b)), when passed
into the convolutional attention layers.

Throughout this study, the CIFAR-100 dataset was em-
ployed for all experiments. Data augmentation techniques were
applied uniformly across all models, including PyTorch’s built-
in "CIFAR10” auto-augmentation, random cropping with a
padding of 3, random horizontal flipping, and standardisation
using the dataset’s mean and standard deviation. Train and
validation accuracy was measured by the number of correct
class predictions over the total number of predictions. Atten-
tion scores were assessed in the following way. The objects
of interest (apples, rocket) were delineated to create a hand-
drawn mask. A ratio between the scores inside the mask and
outside the mask was calculated for each attention map of each
model. For the case of the rocket, it was noticed that attention
may focus on the rocket itself, or the rocket and the blast, so
both were considered.

V. RESULTS AND DISCUSSION

The test accuracies of four variations of the regular ViT
are shown in the last column of Table I. It is clear that the
models ViT 3 and ViT 4 using the fixed sinusoidal positional
encoder outperform those with trainable position encodings,
ViT 1 and ViT 2. This observation aligns with previous
findings in Transformer research [64], suggesting that fixed
sinusoidal positional encodings provide more positional infor-
mation. Furthermore, when the positional encoder is trainable,
the single-head model slightly surpasses the twelve-headed
model, although the difference is minimal. In contrast, with
sinusoidal positional encoding, both models perform nearly
identically. Although the test accuracy for both is 64%, the
training curves in Fig. 10 illustrate that the twelve-headed ViT
with sinusoidal positional encoding demonstrates higher vali-
dation performance. On the other hand, the twelve-headed ViT
with trainable positional encoding, despite achieving better
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Trainable Number of Shared dw Valid . . . Number of
Model Pos Encoding Heads MLP used Convolution  Convolution Bias  Embed Dimension  Accuracy (%) Parameters
ViT 1 v 12 v - - 192 61 2,702,500
ViT 2 v 1 v - - 192 63 2,702,500
ViT 3 12 v - - 192 64 2,702,500
ViT 4 1 v - - 192 64 2,702,500
Model 1 v 1 v 16 x 16 49 1,445,481
Model 2 v 16 v v 16 x 16 42 1,460,530
Model 3 v 16 v v 16 x 16 52 1,460,530
Model 4 v 16 v v 16 x 16 52 11,130,868
Model 5 v 16 v v v 16 x 16 48 11,552,068
Model 6 v 16 v v v 16 x 16 53 123,188,068
Model 7 v 16 v v 16 x 16 54 9,639,972
Model 8 v 16 v 16 x 16 25 103,167
Model 9 v 16 v v 16 x 16 58 3,004,452
Model 10 v 1 v v 13 x 13 62 2,763,015
Model 11 v 1 v v 16 x 16 63 5,992,740
Model 12 1 v v 13 x 13 59 2,752,030

TABLE I

COMPARISON OF METHODS APPLIED TO DIFFERENT MODELS DURING CONVSHAREVIT DEVELOPMENT WITH OUR IMPLEMENTATION OF REGULAR
VITS AND THEIR PERFORMANCE IN TERMS OF ACCURACY AND NUMBER OF PARAMETERS AS AN INDICATION OF COMPLEXITY. THIS TABLE OUTLINES
THE PRIMARY EXPERIMENTS CONDUCTED AND THE METHODS APPLIED TO EACH MODEL. EACH ROW REPRESENTS A DISTINCT MODEL AND INDICATES

THE PRESENCE OF SPECIFIC METHODS WITH A CHECKMARK. THE DIFFERENCES AMONG MODELS 2, 3, AND 4 LIE IN THE CONVOLUTIONAL LAYERS

USED IN THE Q KV PROJECTION (SEE DETAILS IN SECTION IV).
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Fig. 10. Comparison of training and validation curves for four ViT models,
each using different configurations of positional encoders (trainable vs.
sinusoidal / ViT 1, 2 vs ViT 3, 4) and attention heads (single head vs. twelve
heads/ ViT 2, 4 vs ViT 1, 3).(a) Training accuracy per epoch. (b) Validation
accuracy per epoch.

training performance, shows poor validation accuracy, which
is reflected in its test accuracy of 61%. This suggests that
the twelve-headed model might have been over-parameterised
for a relatively simple dataset like CIFAR-100, especially
when combined with a trainable positional encoder, potentially
leading to overfitting.

These results can be directly compared with those from prior
studies. However, it is important to note that our results are not
directly comparable to the results of the original ViT achieved
by Dosovitskiy et al. [11], nor to state-of-the-art benchmarks
for CIFAR-100 classification, as our architecture is novel and
does not benefit from pre-trained ViT weights. Dosovitskiy et
al. themselves emphasised that ViTs require pre-training on

large-scale datasets such as ImageNet to achieve strong per-
formance on smaller datasets like CIFAR-100. In contrast,
our model is trained entirely from scratch on CIFAR-100,
and is thus best compared with studies that similarly train
transformer-based models from scratch on this dataset. The
selection of the twelve-headed, nine-layer ViT with 4 x 4
patches was inspired by the work of Lee et al. [61]. In their
study, they also trained ViTs from scratch on CIFAR-100,
which is somewhat unusual, as ViTs are typically pre-trained
on larger datasets before fine-tuning. Lee et al.achieved a test
accuracy of 60.01% without augmentation and 73.81% using
several augmentation techniques, including CutMix, Mixup,
and AutoAugment. Additionally, they employed methods such
as label smoothing, stochastic depth, and random erasing.

In contrast, our approach only used AutoAugment, yet it
outperformed Lee’s model without augmentation. Although
our results are lower than their fully-augmented model, our
method still proves effective. The exclusion of CutMix and
Mixup was a deliberate choice to maintain training efficiency,
as multiple experiments were required to validate our ap-
proach. Another study by Zhu et al. [65] trained a smaller
ViT on CIFAR-100 with six layers and eight heads, achieving
a test accuracy of 54.31%.

Our novel method, ConvShareViT, also yielded specific
performance characteristics. Notably, Models 10, 11, and 12,
which all employed a single attention head, outperformed
the multi-headed models, as shown in Table I. Model 8, the
only model to use the same padding in the Q KV projection,
achieved a poor test accuracy of 25%. This suggests that
using valid convolution and reshaping the outputs (effectively
mimicking an MLP) is crucial for performance. Interestingly,
models up to model 4 also used the same padding but retained
the original output shapes, as in Fig. 5 (b). These models
had more trainable parameters due to not sharing weights
across input channels, which may explain their relatively high
performance. Despite their strong results, these models did not
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Fig. 11. Training curves comparison for the Training set and Validation set of
CIFAR-100 with different ConvShareVit models (a) Training curve for train
set of CIFAR-100, with the best model being model 11. (b) The training
curve for the validation set of CIFAR-100, with the best model being model
11. Models with validation accuracy lower than 30% after epoch 200 were
terminated early due to poor performance.

employ traditional attention mechanisms, as revealed by later
visualisation analyses.

Fig. 11 shows the training process of all models which
employed the convolution operation within the MHSA layers.
All models were trained for 310 epochs, with 10 epochs
reserved for warmup, except for model 2, which was halted
early due to poor performance and no improvement in the
loss. Model 11 led both in training and validation curves,
consistent with its test accuracy in Table I. While model 9
appeared second in training accuracy, model 10 outperformed
it in validation accuracy. This is also evident from the test
accuracies in Table I, where models 9 and 10 scored 58%
and 62%, respectively, suggesting that model 9 may suffer
from slight overfitting. It is also worth noting that model 10,
which uses a single head and a smaller embedding dimension
of 13, performed better than the multi-headed model 9. This
reinforces the hypothesis that single-head attention may suffice
for classifying CIFAR-100, where the dataset complexity does
not require multiple attention subspaces.

To assess the robustness of our models, we evaluated the
accuracy of all ConvShareViT variants alongside baseline
ViTs under additive Gaussian noise. The results in Figure 13,
demonstrate an immediate drop in accuracy when even a
small amount of noise is introduced in all models, which
may be attributable to the low resolution of the input images.
ConvShareViT models, particularly Models 9-12, maintain
stronger robustness than the other models, although slightly
lower compared to the standard ViTs under noisy condi-
tions. This suggests that if ConvShareViT was deployed in
environments with unpredictable optical distortions or noise,
additional robustness measures measures may be required.

Figure 12 presents a quantitative assessment of the attention.
Figures 14 and 15 provide visual comparisons of average
attention scores per layer for both the standard ViT and
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Fig. 12. Quantitive evaluation of the attention scores inside and outside a
hand-drawn mask delineating the object(s) of interest. (a) Apples. (b) Rocket.
(c) Rocket and blast. In general attention ratios increase with higher attention
maps where ViTs perform better than most models. It should be noticed that
the actual region of interest (rocket v. rocket and blast) can provide very
different results.
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Fig. 13. Quantitative evaluation of the model robustness. The input image was
added increasing levels of Gaussian noise (o). The models’ accuracy dropped
considerably with the minimum level of noise and then decreased slightly
as noise increased. Whilst Model 11 achieved the highest overall accuracy,
Model 12 demonstrated the strongest robustness to additive Gaussian noise.
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the ConvShareViT models for selected images of “apples”
and a “rocket” from CIFAR-100. Notably, only models from
Model 8 onwards implement shared depthwise convolution.
However, Model 8 does not apply valid convolution with
output reshaping, making the visualisation of attention scores
only meaningful from Model 9 onwards.

Model 9 provides a consistent good performance, especially
from the fifth layer upwards and the attention scores start
to concentrate primarily on the objects in the image. For
the apples, it is only outperformed by ViT, but for the
rocket it provides equivalent results for both the rocket alone
and the rocket and the blast. It is interesting to note that
despite Model 10 performing well on training, some of its
attention scores did not focus on the object with the last
layer focusing on the background. This occurred only for the
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Fig. 14. Visualisation of the average attention scores projected onto the original input image of Apples from the test set of CIFAR-100. This figure compares
the performance of the last seven models with the regular ViT (Vision Transformer with 12 heads). The vertical axis corresponds to the models and the
horizontal to the attention layers. The ViT model achieved good attention scores in the final layers using a standard attention mechanism. Models 9, 11,
and 12 also achieved attention scores similar to the original ViT. In contrast, Model 10’s attention scores look incorrect as it is focusing on the background
instead, as evidenced by other visualisations. Model 8 did not converge, while Models 7 and 6 did not employ the Shared DW convolutional methods without
emulating the linear layer, causing the models to not learn the attention scores in the same manner as the ViT.

rocket class and only in the final layer; previous layer correctly
attended to the object. Residual connections likely mitigated
the impact, allowing accurate classification despite this. The
top-performing model, model 11, shows good learning, with
noticeable attention scores throughout the layers. Overall,
Model 11 is most suitable when maximising classification
accuracy is the primary objective, whereas Model 12 offers
a trade-off when lower computational cost and memory usage
are prioritised. But Model 11 also demonstrates bias in its
learnable positional encoding across all layers, which produces
high attention scores near the corners.

To mitigate the issue of biased positional encoding, Model
12 was developed with fixed sinusoidal positional encoding.
This change led to more balanced attention scores, though
there was a slight drop in test accuracy to 59%. This per-
formance decline is likely attributable to Model 12’s reduced
size, as it uses an embedding dimension of 13 x 13.

These results suggest that while the models can achieve high
accuracy, the use of same padding in shared depthwise con-
volution yields suboptimal results (Model 8). This behaviour
is expected from the architectural constraints described in
previous sections: same padding produces spatial feature maps
rather than a single output per token, weakening the intended

equivalence to a linear projection. Models that used same
padding but without weight sharing across the input channels
performed better than Model 8, likely because they operate
as regular feature extractors as in CNNs. This suggests that
the suboptimal performance of Model 8§ arises from the fact
that, while behaving like a standard CNN due to the use of
same padding, the weight sharing reduced number of trainable
parameters, therefore led to underfitting. The visualisations
indicate that models only effectively learn attention when
shared depthwise convolution is combined with valid padding
and output reshaping—essentially when convolution functions
similarly to a standard linear layer.

This finding implies that the use of convolution in self-
attention layers is only beneficial when it can replicate linear
layers. In cases where this is not achieved, the convolution
behaves more like traditional convolutional neural networks,
introducing additional complexity without improving model
performance. Although models 7 and earlier converged, it
is difficult to categorise them as transformers. Nonetheless,
the results confirm that convolution can be used to replicate
linear layers by employing shared depthwise convolutional
layers, and can be effectively integrated into the 4f system.
Based on these observations, the explored design space can
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Fig. 15. Visualisation of the average attention scores projected onto the original input image of a rocket from the test set of CIFAR-100. This figure compares
the performance of the last seven models with the regular ViT (Vision Transformer with 12 heads). The vertical axis corresponds to the models and the
horizontal to the attention layers. The ViT model achieved good attention scores in the final layers using a standard attention mechanism. Models 9, 11, and
12 also achieved attention scores similar to the original ViT. In contrast, Model 10’s attention scores focused on the background instead, which still managed
to achieve a good performance. Model 8 did not converge, while Models 7 and 6 did not employ the Shared DW convolutional methods without emulating
the linear layer, causing the models to not learn the attention scores in the same manner as the ViT.

be interpreted in three categories: (i) architectures that closely
emulate transformer linear projections through shared depth-
wise convolution with valid padding (Models 9-12), (ii) hybrid
models that combine token-wise processing with local feature
extraction (Models 5-7), and (iii) configurations that behave
primarily as convolutional feature extractors despite using
attention terminology (Models 1-4 and 8).

For efficient parallel inference, as discussed earlier, the
most effective setup in a 4f system network is a single-
head model with a 13 x 13 embedding dimension, similar to
models 10 and 12. This setup can be parallelised using mixed
tiling. The number of possible input or output channels in
mixed tiling depends on the kernel size and input size. The
maximum number of input channels or output channels for the
M+N 7| (5), where M, N, R
are the input, kernel and device resolutions respectively.

In shared depthwise convolution with valid padding, the
input size equals the kernel size, which in this case is 13.
With an estimated 4K resolution (2160 pixels per dimension),
the number of input and output channels is 86. This results
in 65 input channels and 65 x 132 output channels. For the
three QKV (Query, Key, Value) projections, 384 inferences
are needed. To compute the attention scores, 50 inferences are

convolutions is given by n =

required, using a 4f system with mixed tiling at 4K resolution.
Finally, the weighted sum attention score is computed in one
inference using mixed tiled convolution.

For the convolutional MLP blocks, kernel tiling is more
efficient. In this case, the required number of input channel
inferences is 65 and 65 x 2, leading to 195 inferences per
block. Across nine layers, this totals 5,670 inferences for the
4f system. On a 2 MHz device [31], [35], this process would
take 2.8 ms, compared to measured 8.5 ms on a T4 GPU,
based on 700 inference runs, with the GPU warmed up for 10
iterations beforehand.

Vision Transformers are known to benefit from large-
scale pretraining, and ConvShareViT is expected to follow
a similar trend on larger datasets such as ImageNet. Since
ConvShareViT preserves the patch-based structure of ViTs,
pretrained weights could in principle be transferred, provided
the convolutional layers emulate the linear projections. From
an optical perspective, scaling to larger token sizes or more
channels is limited by the resolution of the 4f system, which
determines the level of parallelism.

The present work has a number of limitations. First, the
work is based on simulations that do not consider a number
of physical systems parameters such as lens misalignment
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[66], ambient or electronic noise [67], environmental vari-
ations [68], weather influence [69], degradation of signal
quality [70], and more factors like light source inconsistency.
These could be incorporated to the experiments but we con-
sider these to be outside the scope of the present work in
which the objective is to introduce a novel architecture that
adapted ViTs to optical systems. Second, we restricted the
work to the CIFAR-100 dataset. Future work should consider
other datasets with different characteristics; image dimensions,
class imbalance, background complexity, etc. Despite these
limitations, we and others consider that the future of free
space optics will grow in areas like computer vision [71] and
LLMs [72], [73]. In addition, since ConvShareViT relies on
convolution to emulate linear projections, deviations in optical
conditions (e.g., noise or drift) may gradually alter the learned
attention behaviour while still performing well. In such cases,
the model may no longer preserve transformer-like token
interactions. As a simple safeguard for deployment, monitoring
attention statistics or prediction confidence during inference
could help detect such degradation. Furthermore, performance
variability across multiple training runs was not evaluated due
to the computational cost of architectural configurations and
simulations; future work should include reporting mean and
standard deviation to further assess the statistical significance
of the observed differences.

VI. CONCLUSION

In this work we have presented a ConvShareViT architecu-
ture, which is a Vision Transformer adapted for the 4f free-
space optical accelerators to enhance neural network speed
by taking advantage of the high-resolution capabilities of
free-space optics. ViTs were trained from scratch on the
CIFAR-100 dataset, and their performance was compared with
twelve models incorporating convolutional operations into the
attention mechanism. The only models that effectively learned
the attention mechanism were those employing the newly
developed shared depthwise convolutional layers with valid
padding, reshaped to mimic linear layers, as evidenced by the
average attention score visualisations.

The study successfully demonstrated the viability of training
ViT models using only convolutional layers within the 4f
system for acceleration. The changes in performance and
increase in the inference speed were investigated with vari-
ous tiling methods, including mixed and kernel tiling. These
techniques broaden the potential of 4f free-space optical accel-
eration to transformer-based models like ViTs, moving beyond
traditional CNN architectures. ConvShareViT is suitable for
optical computing applications such as edge-based sensing
[74] and industrial inspection [75], where rapid inference and
low power consumption are critical, as well as accelerator
modules in data centres, where optical processing can com-
plement electronic computation to increase throughput [76],
[77]. As a standardised building block, ConvShareViT enables
attention-based models to be deployed within existing optical
convolution pipelines, demonstrating that 4f convolution-based
systems can support a wider class of neural networks without
requiring entirely new photonic architectures.

Future work could explore approaches similar to FatNet [9],
[36] to further optimise ConvShareViTs for minimal inference
use by taking advantage of the high-resolution capabilities
of the 4f system for additional performance improvements.
Moreover, more efficient methods of running the models could
be investigated, particularly to evaluate their performance on
a simulator or in a real 4f free-space optics environment.
Additionally, the effects of noise [78] and misalignment of
the elements [32] during optical training could be explored
in relation to the models used in this work. Future studies
could also extend the experiments to perform ablation studies
on kernel size, attention head count, transformer depth with
inclusion of the stochastic depth and LayerScale [79] to
further investigate the generalisability of ConvShareViT. In
addition, reinforcement learning could be explored to adapt
optical parameters such as masks, tiling strategies, or atten-
tion configurations in response to physical noise and system
drift. In such a framework, the system state could include
measurements related to optical alignment, noise levels, or
recent model confidence, while actions correspond to adjusting
system parameters or triggering recalibration, with a reward
balancing accuracy, latency, and stability.

In conclusion, ConvShareViT demonstrates, for the first
time, that full attention mechanisms in ViTs can be realised
using only convolution operations compatible with existing
4f optical systems. Moreover, its core mechanism, shared
depthwise convolution, which is mimicking linear layers opens
the possibility for a standardised approach allowing free-space
optics to support a wider range of neural networks that rely
on linear projections. Furthermore, while larger ConvShareViT
models successfully replicate ViT’s behaviour with high accu-
racy, smaller variants, despite lack in attention learning, remain
viable for low-power edge cases for preferred efficiency.
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