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Abstract

The field of quantum generative models based on Instantaneous Quantum Polynomial (IQP) circuits has seen
significant interest in recent years, driven by results proving classical difficulty of sampling from sparse anti-
concentrated IQP circuits and efficient trainability. Practical demonstrations of the former are crucial in estab-
lishing the superiority of these circuits in generating samples over classical methods. In this work, we show that
Linear Cross Entropy benchmarking, the most widely considered test to demonstrate quantum supremacy, using
IQP circuits can be spoofed efficiently and argue that beating the spoofer using quantum computers will require
near fault-tolerant levels of fidelities, which puts such experiments firmly beyond the capabilities of current hard-
ware. Furthermore, we introduce an algorithm that can compute amplitudes of large sparse IQP circuits consisting
of 30-50 qubits in under 1 second on GPUs, which can be leveraged to generate samples in under a minute. As a
final contribution, we show how one can generate peaked IQP circuits defined on hundreds of qubits efficiently,
using which one can set up verifiable supremacy tasks, thus providing a better path towards the experimental
demonstration of quantum supremacy using IQP circuits. Finally, we argue that such peaked circuits can be the
cornerstone of classical difficulty arguments for IQP-based generative models, since we believe it is unlikely that
flat anti-concentrated distributions, which are challenging to distinguish from uniform, will appear in practically
relevant datasets.

1 Overview

Recent results linking trainability with classical simulation have led to growing concerns that quantum machine
learning could be limited to physics-based use cases or will have to wait for fault-tolerant devices [CLGM ™ 25|]. One
of the leading approaches that goes against this belief is generative machine learning using Instantaneous Quantum
Polynomial (IQP) circuits [RAB25,[SPDW26]. These circuits start and end with a layer of Hadamards each, and
contain only diagonal gates in between. Since all diagonal gates commute, there is no time ordering for the gates and
hence the term "instantaneous". Their suitability for quantum advantage in generative machine learning is predom-
inantly driven by research in two broad directions: complexity theoretical results showing that classically sampling
from the output distributions of certain families of random IQP circuits is provably hard [BMS17,[BJS10]], and the
ability to train them classically efficiently to solve generative learning problems [RAB25/[RAAB25,SPDW26]. The
focus of our work is in the former direction, especially its practical consequences.

The first step to physically achieving this advantage for quantum computers is to implement a protocol that
demonstrates this classical sampling difficulty on currently available quantum hardware. Since the complexity ad-
vantage of IQP sampling relies on a property known as anti-concentration (very "flat" output distributions), which
is also shared by the Google supremacy experiments [AAB™19,MVM ™24, a natural experimental demonstration of
hardness would be the Linear Cross Entropy (XEB) benchmarking tests that they pioneered.

An apt IQP candidate is the sparse IQP circuit family introduced in [BMS17]], whose output distributions are
anti-concentrated and provably hard for classical computers to sample from, and can be transpiled onto quantum
systems with square grid topologies in sublinear depth. They are also considered good candidates for generative
learning tasks, as it has been proven that they avoid the notorious barren plateau issue [LTW 23] that has plagued
many quantum machine learning models [SPDW26]. Hence, XEB-based experiments using sparse IQP circuits have
gained traction recently [HKB ™ 24L,PK25, BEG"23].

In this work, we show how the XEB-based supremacy experiments using IQP circuits can be efficiently spoofed,
where one aims to not sample from a distribution close to the target but from one that has high XEB with the target.
This is possible since XEB is not a true metric on the set of probability distributions. Though the technique is quite
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Figure 1: (a) XEB scores computed on a real quantum computer vs spoofers discussed in this work. We can see that
extremely high gate fidelities will be required to beat the MPS-based spoofer, especially on devices with restricted
topologies. (b) Time required to compute one output probability using the tensor network-based technique introduced
in this work. All amplitudes are computed under 1 second, raising the bar significantly for demonstrating quantum
advantage through sampling, even for fault tolerant IQP circuits.

different, it follows the spirit of [TGB26, GKC™24], who showed similar results for Google’s family of circuits.
This research direction is crucial for exploring the boundaries of classical computation, as well as for understanding
the right way to design tasks that demonstrate the superiority of quantum computers in generating samples in the
pre-fault-tolerant era. The existence of this spoofer implies that one would require near fault-tolerant levels of gate
fidelities to produce samples that can beat the spoofer in an XEB test, and demonstrate something genuinely quantum.

Furthermore, we introduce an algorithm inspired by the work of [CvdW23|] which is able to calculate sparse IQP
circuit amplitudes in under 1 second on GPUs for circuits of size 30-50 qubits. Whilst this enables us to calculate
XEB values for much higher circuit sizes, it also allows us to sample exactly from the distribution classically with
a number of amplitudes scaling linearly in the number of qubits by leveraging the methods developed in [BGL22],
further raising the bar for a genuine show of quantum advantage. Also, we discuss a new method to spoof the
XEB-based experiments by computing a constant number of amplitudes, thus increasing the difficulty even higher
for XEB-based experiments.

One approach proposed to avoid these pitfalls of XEB experiments has been to focus on peaked circuits, where
the aim is to construct quantum circuits that have output distributions with only a few bitstrings having large prob-
abilities. Given this capability, one can frame a supremacy problem where the task is to find these bitstrings - a
quantum computer can easily find them by sampling from the circuit, and hopefully it is difficult for any classical
algorithm [AZ24,[Uda25,GMS™25||. The hardness of finding these peaks implies the hardness of sampling from such
distributions. This is relevant to quantum generative models, since we believe it is unlikely that flat anti-concentrated
distributions, which are challenging to distinguish from uniform, will appear in practically relevant datasets.

Our third and final contribution is a novel method of generating peaked IQP circuits, which could be used for
designing efficiently verifiable supremacy circuits. This is also achieved by starting with sparse random difficult IQP
circuits, followed by IQP circuits that are trained to peak them. The commutation property of gates, along with the
presence of the difficult random IQP circuit, is leveraged to make the circuit difficult for classical algorithms. We
demonstrate that one can generate descriptions of peaked IQP circuits defined on hundereds of qubits easily on a
laptop, and empirical results reveal that Matrix Product State (MPS) based classical simulation algorithms struggle
to find these bitstrings in a reasonable time.

2 Results

2.1 Spoofing XEB-Based Supremacy Experiments of IQP Circuits

The XEB achieved by our efficient spoofer is presented using the red curve in Figure|l|(a). One can see that the XEB
scores achieved by the spoofer are many orders of magnitude higher than the XEB on a real quantum computer (IQM
Emerald). Further analysis shows that such an experiment will require near fault-tolerant levels of fidelities on fixed
topologies to beat this spoofer. The spoofer is built using the local expectations based MPS approximation algorithm
introduced in [CPF"10)], as such expectations can be computed efficiently classically for IQP circuits [vdN10]. We
also design another inefficient spoofer, which, although it requires computation of amplitudes, only requires very
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Figure 2: (a) Peak probability values of IQP circuits generated using our method. (b) The number of multi-local gates
required. (c) Probability of the target bitstring of the MPS approximation. Here, as an example, we have created a
100 qubit IQP circuit with around 1200 multiqubit gates that has peak probabilities around 10~#, which will take an
MPS approximation algorithm with bond dimension 200 around 10'> samples to find these bitstrings.

few of them. Its performance is plotted with the yellow curve in Figure 1| (a), where for each circuit, we use only 5
ampltiudes for the spoofer. As we can see, the XEBs are very high, and for the chosen sparsity levels, higher than
the XEBs that the true distributions would produce. This shows that for sparse IQP circuits, since there are methods
like the ones introduced in this work that can compute amplitudes much faster than in the case of generic circuits,
and since only very few amplitude computations suffice, even a fault-tolerant sparse IQP implementation should at
least have a number of logical qubits that is beyond this capability to demonstrate quantum advantage in sampling
using XEB experiments.

2.2 IQP Probability Computation Using Tensor Networks

The computation times required for single amplitudes for different sparse IQP circuits are given in Figure|[I|(b), where
we show that amplitudes of large circuits can be computed under 1 second. Here, ¥ is a parameter that controls the
density of the circuit; the higher the 7, the more two-qubit gates are involved. The algorithm is inspired by the graph-
based IQP amplitude computation algorithm introduced in [CvdW23]]. In that work, ZX calculus is used to reduce an
amplitude computation into a series of "lighter" amplitude computations over maximally independent sets of qubits
of the circuit. In our version, we show that similar computational reductions into graphs that are "almost" trees can
be carried out without ZX calculus by using techniques developed in [RWL24], making the final evaluation easy
for tensor networks. The results shown in Figure [T| b) have not been optimised - with appropriate hyperparameter
choices, we expect to improve this plot to scale linearly for each fixed 7.

2.3 Peaked IQP Circuits

In Figure [2] we provide the results of different circuits that we have generated, which are trained to peak over 2
bitstrings, with their gate costs, as well as the quality of solutions produced by MPS approximation algorithms.
Here, as an example, we have created 100 and 150 qubit IQP circuits with around 1200 and 2000 multiqubit gates,
respectively, that have peak probabilities around 10~3, which will take an MPS approximation algorithm with bond
dimension 200 around 10" and 10?° samples to find these bitstrings. These circuits are created by starting with
a sparse random IQP circuit, and then inverting different subcircuits within this circuit as much as possible with
newer subcircuits, defined on more qubits, that do not contain the connections featured in the original subcircuits.
Furthermore, by using commutation of the gates, we mix and combine all the gates of the final circuit in random,
different ways, which makes it difficult for classical algorithms to identify the inversions and peaks. An interest-
ing feature here is that peaked circuits like these can be prepared for other commuting classes of circuits, which
consist of diagonal gates sandwiched by layers of some arbitrary single-qubit gates (and their inverses) instead of
Hadamards. This allows us to generate circuits that are robust towards marginal-based classical simulation tech-
niques proposed for certain classes of peaked IQP circuits, such as [PBG20]. The results presented above involve
multi-local gates, making them difficult to run on fixed topologies. Our current research is focused on developing
new methods to generate similar circuits that are easier to apply on square grid topologies, implementing them on
IQM hardware, and also testing our circuits against other classical algorithms such as tensor networks equipped with
belief propagation [AA21]]. We hope to additionally present these results at QTML *26.
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