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RESEARCH QUESTION

How can Vision Transformer architectures be redesigned to operate
efficiently in quantum domain, while maintaining competitive accu-
racy and scalability?

CONTRIBUTIONS

* Developed Quantum Fourier Transform-based Vision Transformer
(QFT-VIiT), designed specifically for efficient vision tasks on quan-
tum hardware.

* Introduced a QF T-based token mixer that enables fast global token
mixing with poly-logarithmic time complexity.

* Incorporated adaptive frequency filtering in the quantum spectral
domain to balance accuracy, scalability, and resource efficiency.

PROPOSED QFT-BASED QVITs

Our QFT-VIT architecture replaces the resource-heavy self-attention
mechanism with a quantum-native token mixing module based on
the QFT. The QFT converts an input quantum state |;) into a Fourier
basis as follows:
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In the QFT-VIT encoder, image token embeddings are first encoded
iInto a quantum state. After applying the QFT, a learnable Parameter-
ized Quantum Circuit (PQC) acts as an adaptive filter in the frequency
(spectral) domain, enabling the model to focus on task-relevant fea-
tures:
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An Inverse QFT then transforms the filtered state back to the token
domain for measurement. This quantum token mixer, combined with
a hybrid Quantum MLP, is integrated within a standard residual block.
This design avoids non-native guantum operations and exploits the
QFT’s efficient O((logn)*) complexity.
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Figure 1: Workflow of QFT-ViT
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(a) Adaptive quantum filter Ugjer (@) for the QFT Token mixer. It uses layers of single-qubit
rotations and entangling CNOT gates to process the spectral states.
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(b) PQC for Ugmip (1) quantum MLP. It processes encoded features using learnable single-qubit

rotations and a linear chain of entangling gates to enhance feature transformation.

Figure 2: PQCs used in the encoder block.

EXPERIMENTAL RESULTS

We evaluated our QFT-ViT against the standard ViT, a Hybrid Quan-
tum ViT, and the classical FFT-ViT on the CIFAR-10, MEDMNIST,
and OASIS datasets. The key metrics were test accuracy and com-
putational cost (FLOPs), with all experiments simulated classically.

Table 1: Performance comparison on CIFAR-10.

Model Test Acc. (%) FLOPs (G)
ViT 80.50 0.19
Hybrid Quantum ViT 81.30 0.21
FFT-ViT 81.40 0.09
QFT-ViT (Ours) 82.00 0.13

The results on CIFAR-10 show that QFT-ViT achieves the highest
test accuracy while maintaining a low computational footprint, signif-
icantly outperforming the standard ViT in efficiency. The model also
demonstrated strong, competitive performance on the MEDMNIST
and OASIS medical imaging benchmarks, confirming the robustness
and generalization of our quantum-native approach.

DISCUSSION & CONCLUSION

Our QFT-VIT balances efficiency and accuracy by replacing the re-
source intensive self-attention with a QF T-based token mixer, reduc-
ing complexity from quadratic to poly-logarithmic O((logn)?). Adap-
tive spectral filtering via a learnable PQC enables effective feature ex-
traction while being quantum hardware-friendly. The design is inher-
ently compatible with quantum hardware, demonstrating a promising
path toward scalable quantum vision models.
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