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Parameterized IQP circuits

Abstract
Simulating electromagnetic particle showers in calorimeters is a key task in HEP. To model these 
complex, correlated distributions on a quantum circuit, the energy data are reduced to binary 
or encoded into gate angles. When applied to non-binary distributions, these methods exhibit 
notable limitations: mapping integer numbers into qubit-compatible binary representations 
often destroys the original metric structure of the data. Instantaneous Quantum Polynomial 
(IQP) circuits have been proven useful in quantum generative learning models. Expectation 
values of IQP circuits can be estimated classically, while sampling remains hard. This means 

that training can be carried out using classical computing resources, while generation 
necessitates a quantum device. However, IQP circuits mainly focus on the generation of binary 
distributions. In our work, we extend parameterized IQP circuits to qudits, developing the 
framework for addressing the non-binary energy deposits from single-particle electron 
showers. We design a qudit-based quantum circuit and correspondingly adapt the loss 
function. The method can be extended to other applications that utilize quantum generative 
machine learning for non-binary data. 
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A centered window of size 25 × 25 × 25 is 
then extracted around the barycenter [1].

The model is trained classically.  The loss-function depends on being able to estimate expectation 
values from the IQP circuit. The model was developed for binary IQP circuits by Recio-Armengol et 
al. [4]. 

ESTIMATING EXPECTATION VALUES 

• We can classically estimate expectation values of  powers of  the qudit-  operator acting 
simultaneously on different qudits.  

• Each expectation value is estimated stochastically by sampling   strings from a uniform 
distribution. Each string is of length n and each element takes integer values between 0 and 

. 

EVALUATING THE LOSS FUNCTION 

The loss-function compares expectation values from the training data with estimated expectation 
values from the IQP circuit. 

1. Sample  operators that consist of tensor products of powers of . In this work the operators 
are drawn from a discretized Gaussian distribution.  

2. Stochastically approximate the expectation values of the  operators for the IQP circuit. 

3. Evaluate the corresponding expectation values on the training data. 

4. Compare the discrepancy between the expectation values to give the loss-function. 

5. With the samples fixed, the gradient of the loss-function is found with automatic differentiation.
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QUDITS:  

For each of the n pixels,  qubits are 
initialized in the zero state . The 
dimension of each qudit is therefore . A 
layer of QFTs is followed by a sequence 
of multi-body diagonal rotations. A final 
layer of inverse QFT gates is then 
applied.
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Data between [225, 275] GeV are 
selected  and projected onto the z-axis 
to form a 1D image.

The IQP circuit can be efficiently implemented using Parity Twine [2].  

For the diagonal gates, we take the ansatz to be all-to-all two-body qubit-  rotations 
as well as single-body qubit-  rotations. 

Using Parity Twine the circuit depth of the diagonal layer scales as  (  total 
number of pixels). Where  reflects the device connectivity,  for all-to-all device 
connectivity. 

The inverse QFT can also be implemented using Parity Twine. The depth scales as 
. Parity Twine QFT on 52 superconducting qubits has already been realized [3]. 

The initial QFT can be replaced by a layer of Hadamard gates.
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(left) Covariance 
matrix between pixels 
of the validation 
dataset. 

 (right) Estimated 
covariance matrix 
from the IQP circuit, 
obtained with 1000 
samples.

12 pixels,  : 60 qubits neededd = 32

(left) Correlation 
matrix between pixels 
of the same set.  

(right) Estimated 
correlation from the 
IQP circuit, obtained 
from the covariance 
calculation.

Circuit implementation

QUBITS:  

Each qubit is initialized in the zero state . 
A layer of Hadamards is followed by a 
sequence of diagonal multi-body Pauli-Z 
rotations. A final layer of Hadamard gates is 
then applied.
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A comparison of the QFT process 
fidelity for different system sizes. The 
data is obtained from running both 
methods on the ibm boston Heron r3 
device. Figure from [3].
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