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Significance
This semester, our team focused on addressing the particle image 

classification problem associated with the CMS detector at the Large 
Hadron Collider. As image classification challenges grow in scale and 
complexity, classical vision transformers face significant limitations 
due to their large parameter requirements as the complexity of the 

classification expands. In the Eyup et al. study, their team proposed a 
hybrid transformer that incorporates quantum computing in the 

multi-head attention segment of the transformer to achieve 
comparable accuracy while significantly reducing the number of 

parameters. Our research aimed to reproduce the results of Eyup et 
al. using the MNIST dataset, and extend their findings by improving 
the hybrid approach with a quantum neural network integrated into 

the final stage of the transformer.

The classical transformer follows a six-step process. First, the 
input data is read and layer-normalized to ensure 

standardization. Next, the transformer employs multi-head 
attention (MHA) to extract features relevant to image 

classification. The output of the MHA is then combined with the 
initially processed data through residual connections to prevent 
information loss, followed by another layer normalization. This 

processed data is passed through a multi-layer perceptron 
(MLP). Finally, the output is combined with the pre-MLP data 
via residual connections, completing the classification process.

The hybrid model streamlines this workflow by condensing 
several steps. After the input data is read and layer-normalized, 

it is fed directly into a hybrid MHA process, which leverages 
quantum circuits to perform matrix multiplications. The 

resulting data is then processed through the same MLP as in the 
classical model, completing the classification process.

This hybrid approach offers a way to address the 
resource challenges of classical models. Quantum 

computing could achieve better scaling with 
complex, high-dimensional data, rendering it ideal 
for certain kinds of tasks arising in fields such as 
particle physics, where both the complexity and 
volume of data are enormous. By showing that 

hybrid models perform similarly to classical models 
on smaller-scale tasks, such as the MNIST dataset, 

this study lays the groundwork for broader 
applications as quantum computing improves. 

The goal of the current project was to replicate 
the results of Eyup et. al. In the future, we hope 
to incorporate more quantum elements in the 

hybrid transformer, since the current process is 
not much different than the classical approach. 
We aim to replace the multi-layer perceptron 
(MLP) used in the hybrid transformer with a 
Quantum Neural Network (QNN) to improve 

the transformer further.

Fig. 2. Flowchart explaining how the classical vs the hybrid computing models work
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