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INTRODUCTION

Diffusion Models (DMs) are a leading class of physics-inspired generative AI (GenAI) models. DMs obtained
state-of-the-art results with Denoising Diffusion Probabilistic Models (DDPMs) [1], which progressively add noise
to data and then reverse the process by learning the noise added at each forward time step (denoising) [2]. Despite
their benefits, they require intensive computational resources, long training procedures and many diffusion steps to
permit the model to learn how to map the features from pure noisy samples to original ones. In parallel, due to
the rise of quantum computing and its potential to represent exponentially large systems with a polynomial number
of qubits [3], there has been a growing interest in quantum GenAI that has yielded to the introduction of quantum
diffusion models (QDMs) [4]. The majority of the works in the context of QDMs propose to implement the backward
part with a parametrized quantum circuit that is iteratively trained to minimize an appropriate loss function [5, 6, 7].
Our formulation goes in the opposite direction: we execute the forward dynamics on a real noisy intermediate-scale
quantum (NISQ) device [8] of IBM to take advantage of the intrinsic quantum noise of the machine, and use a classical
learning model for data generation.

SUMMARY OF THE CONTRIBUTIONS

The state-of-the-art of hybrid and quantum algorithms applied to real-world data often faces challenges due to the
impossibility for current NISQ devices to deal with large and resource-intensive data such as high-resolution images
and volumes. Our work contributes in different ways to circumvent this issue: we demonstrate that currently available
NISQ devices can be used to model the forward process of a DM without the need of error correcting codes, directly
exploiting intrinsic quantum noise of the machine. Second, we demonstrate that our hybrid quantum forward dynamics
can handle complex data samples such as RGB colored images, large-scale grayscale images, and 3D volumes, such
as medical imaging datasets. Our main contributions are:

• The generation of real-world complex medical data of independent size, in particular grayscale, RGB 2D and
3D images (BloodMNIST [9], BraTS2020 [10, 11, 12] and FractureMNIST [9]);

• The introduction of a classical U-Net model with an appropriate time embedding and skip connections;

• The introduction of the optimization level, a native error mitigating scheme to reduce the aggressiveness of the
noise of the machine;

• The evaluation of the generated samples through three distinct metrics widely used in the context of GenAI for
medical imaging such as Kullback-Leibler divergence (KL-div.) [13], Frechèt Inception Distance (FID) [14]
and Structural Similarity Index Measure (SSIM) [15] to produce a fair comparison with the classical scenarios;

• The introduction of a weighted loss function that incorporates the KL-div. for accurate probability distribution
generation;

• A comparison between two versions of the corresponding classical Markov chain with variable time scheduler
function proposed in [16, 17].



This formulation extends the capabilities of previous attempts in [18]. A detailed description of our method can be
found in our publication [19].

RESULTS

We execute multiple model trainings on the three datasets: a single class of blood cells RGB images of size 64× 64
composed of 32 color intensity states belonging to BloodMNIST dataset, MRI grayscale tumoral brain images of
BraTS2020 dataset of dimension 190 × 190 with 64 color intensity states and 3D grayscale volumes of 64 color
intensity states of dimension 28× 28× 28 extracted from FractureMNIST dataset.
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Figure 1. Qualitative comparison between original and generated samples for three medical imaging datasets. (a) BloodMNIST
images, (b) BraTS2020 MRI scans, and (c) FractureMNIST3D volume renderings. The top rows correspond to five random
original images and volumes, while the bottom rows are the generated ones.

We obtain comparable results with the classical case, achieving FID ≈ 243, 297, 156 and SSIM ≈ 0.377, 0.676, 0.602
for BloodMNIST, BraTS2020 and FractureMNIST respectively.

METHODS

Classical diffusion models in discrete state space
Classical DDPMs are represented by a forward Markov chain that progressively transforms an initial data sample into
pure noise, and a reverse procedure that learns to remove the noise at each time step. In classical discrete-state space
DMs [16], the data x are scalar random variables of K ∈ N categories. The forward dynamics is given by

q(xt|xt−1) = Cat(xt; p = xt−1Qt), (1)

where Cat(x; p) is a categorical distribution over the one-hot row vector x with probabilities p, and the transition
matrix [Qt]ij = q(xt = j | xt−1 = i) tells us how likely a walker in the state xt−1 = i has the chance to move to
the site xt = j after a time-step. The prior p(xT ) is a K−discrete Uniform distribution. In the backward part, deep
learning models estimate

pθ(x0:T ) = p(xT )

T∏
t=1

pθ(xt−1|xt). (2)

Hybrid quantum diffusion models on NISQ device
In our case, we use a native quantum algorithm particularly suitable for being executed on IBM NISQ devices and
that fits in the domain of the discrete state space DMs [16, 17]: the discrete-time quantum walk (DTQW) [20]. We
use Nq qubits to embed V = 2Nq classical states into which the walker can jump to, and an extra qubit to reproduce
the coin operator for a total number of Nq + 1 qubits. The topology on which the DTQW operates is represented
by nearest-neighbor connections of degree 2 and 3, forming a ring-chain network. In this way, we converge to the
Uniform distribution by exploiting the quantum noise of the machine and the periodic boundary conditions of the
topology. Moreover, the DTQW needs few time steps since efficient implementations exists for currently available
IBM quantum devices [21]. Mathematically, the DTQW state is represented as

ρ = |Ψ⟩⟨Ψ| = |sC⟩⟨sC | ⊗ |ψP ⟩⟨ψP |, (3)

the tensor product of the quantum state of the coin operator |s⟩C ∈ HC and the one associated to the shift operator
acting on the positions V |ψ⟩P ∈ HP , written in terms of the density operator to represent general quantum state



mixtures. To construct the dynamics of the walker, we apply a sequence of unitary operators that perform a single
(forward/backward) step as formalized

ρt+1 = E(UρtU †), (4)

where E corresponds to a noisy set of channels. In our case, given a quantum walker initially at the position |i0⟩,
which corresponds to the intensity value (and intensity value graph node) i0 of the color state space, the new value
after t evolution steps is obtained by

it ∼ Cat
(
p = diag(ρt)

)
. (5)

The sampling operation from the categorical distribution is analogous to a quantum measurement of the state, since
it allows to decouple the quantum evolution of a generic-pixel DTQW from its application to the real images by
estimating diag(ρt) with a finite number of shots (8 192 in our case).

Classical backward model
We employ a U-Net with variable structure, depending on the data used to train it. For instance, given a batch of 2D
data samples of discrete values

x ∈ {0, ..., L− 1}C×W×H , (6)

where L ∈ {0, ..., 2Nq − 1} is the number of discrete intensity values corresponding to the positional qubits Nq, C
is the number of channels, W and H are the image dimensions; the model maps it into a higher dimensional vector
that comprises a time dimension. We use a time embedding to condition the model on the discrete temporal index
t ∈ [1, T ] to represent different distributions at different time steps. The structure of the U-Net comprises a sequence
of 5 downsampling encoders consisting of a variable number of convolutional layers controlled by a tunable parameter
hL. The other part of the model contains 4 upsampling decoders that use transpose convolutions for upsampling and
are connected to the same encoder index l via skip connections. At each decoder, the upsampled feature map is
concatenated with the corresponding encoded feature map.

Metrics and loss
The used metrics are the KL div [13] divergence DKL(P || Q)

DKL(P || Q) =
∑
x∈X

P (x) log
P (x)

Q(x)
, (7)

which computes the divergence between the original pixel-intensity distribution of the entire dataset and the generated
distribution. The FID [14]

FID = ∥µr − µg∥22 + tr
(
Σr +Σg − 2(ΣrΣg)

1/2
)

(8)

that is a commonly used statistical metric to assess the quality of images generated by models. µr and µg represent
the mean feature vectors of real and generated samples extracted using a pre-trained Inception-v3 network, while Σr

and Σg denote their corresponding covariance matrices. Finally we calculate the SSIM [15] between the generated
image and the real reference image to assess perceptual quality

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2x + µ2y + c1)(σ2x + σ2y + c2)
, (9)

where µx and µy denote the mean pixel intensities of the two image distributions, σx and σy their standard deviations,
and σxy the covariance. The constants c1 = (k1L)

2 and c2 = (k2L)
2 stabilize the division, where L is the dynamic

range of the pixel values (typically 2bits per pixel − 1), and the default parameters are k1 = 0.01 and k2 = 0.03. We
decided to introduce a different kind of loss to induce a more accurate pixel-value distribution for a specific image
class:

L =

T∑
t=1

(
−αt

∑
x∈X

yx log(px)− (1− αt)
∑
x∈X

P (x) log
P (x)

Q(x)

)
. (10)

The first term is the cross-entropy, also used for the training of the model with the other two datasets, and the second
one is the KL-divergence between the original and target pixel-value distributions. αt ∈ [0, 1] is a time-dependent
factor that is proportionally scaled with t so that for higher values of t the model learns mainly to match the pixel-value
distribution and for lower values the model is trained to reconstruct the image xt.
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