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• Machine learning classifiers are increasingly used for 
cancer detection tasks [1]

• Many cancer image datasets contain few malignant 
examples compared to benign ones - training on such 
datasets can lead to poor model performance

• Quantum Circuit Born Machines (QCBMs) outperform 
many classical models, specifically when training data 
is scarce [2]

• We can use QCMBs to generate synthetic data to 
augment the datasets to train more accurate classifiers
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• Use BUSI dataset

• Train baseline classifier (ResNet-18) and record F1 and 
AUC-ROC numbers

• Loss function for variational autoencoders:
• loss = MSE(x, x_recon) + (1 - SSIM(x, x_recon))

• Build and train QCBMs on Braket SV1 using MMD as 
loss function [3]

• Generate and decode synthetic latent vectors using 
QCBMs and decoders

• Train new classifier on augmented dataset (original 
BUSI + synthetic images)

• Benchmark classifier trained on non-augmented data: 
Accuracy – 0.8974, F1 Score – 0.8000, AUC-ROC – 
0.9555

• Autoencoder training produced unsatisfactory results 
when trained on dataset with mixed classes

• Best reconstruction image quality was achieved when 
training separate autoencoders for separate image 
classes (normal, benign, malignant)

• Train two variational autoencoders (one for normal and 
one for malignant cancer images) to compress images 
into 16-dimensional latent vectors

• Train two QCBMs on normal and malignant latent 
vectors to generate new synthetic latent vectors

• Decode generated latent vectors to create synthetic full 
resolution images

• Train new classifier on augmented data and compare to 
baseline, GAN augmentation, and SMOTE oversampling

• Use AWS Braket for Simulations

• Training separate autoencoders for separate image 
classes produced significant reconstructed image 
quality improvement

• Future work: Build and train QCBMs, generate and 
decode synthetic latent vectors, train final classifier, 
and compare to baseline model
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