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Error-mitigated photonic quantum circuit Born machine
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In this Letter, we study quantum circuit Born machines (QCBMs) in the context of photonic quantum
computing. QCBMs are a popular choice of quantum generative machine learning models, and we present
a QCBM designed for linear optics. We show that a recently developed error mitigation technique called
recycling mitigation greatly improves the training of QCBM s in realistic scenarios with photon loss, which is the
primary source of noise in photonic systems. We demonstrate this through numerical simulations and through
an experiment on a quantum photonic integrated processor. We expect our work to pave the way towards more
demonstrations of error mitigation techniques tailored to photonic devices which can enhance the performance

of a quantum algorithm.
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Introduction. Generative learning has captured much at-
tention in the field of classical machine learning over the
last decade, with the advent of deep generative models such
as variational autoencoders (VAEs), generative adversarial
networks (GANSs), diffusion models, and most recently large
autoregressive models [1-3]. Over the same period of time,
the field of quantum machine learning has emerged and grown
fast, with a recent focus on variational quantum algorithms
[4], which are hybrid quantum-classical models that can be
implemented on noisy intermediate-scale quantum (NISQ)
devices [5]. In these algorithms, the model is implemented
by a parametrized quantum circuit often called an ansatz, and
the parameters are optimized through a classical procedure.
While classification tasks have been studied extensively [6,7],
considerable progress has also been achieved on quantum gen-
erative models [8]. Quantum GANs and quantum VAEs were
introduced in Refs. [9,10] and Ref. [11] respectively, while
energy-based models such as quantum Boltzmann machines
were studied in Refs. [12,13].

Quantum circuit Born machines (QCBMs) were intro-
duced as a circuit-based model [14,15], where the circuit
ansatz prepares a state and the Born rule is naturally imple-
mented by the measurements at the end of the circuit. These
models are implementable on NISQ hardware, and a first
experimental realization was obtained in Ref. [14] on an ion
trap quantum processor. Since then, further demonstrations of
QCBMs and QCBM-like models were realized on ion traps
[16,17], as well as on superconducting platforms [18-20].

Each platform that is being considered for the development
of a quantum computer has its strengths and weaknesses,
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whose importance may vary according to the task at hand. Fast
sampling, for instance, could be particularly interesting for
generative learning, and is a benefit of photon-based devices.
Quandela introduced in Ref. [21] a quantum processor called
Ascella, made of a quantum-dot single-photon source sup-
plying a universal linear optical network on a reconfigurable
chip. A very similar processor with a larger chip called Al-
tair was recently developed [22]. Photonic platforms are also
known for demonstrations of quantum advantage [23,24] via
Gaussian boson sampling [25].

While such devices are currently state of the art, they
have not yet entered a regime where quantum error correction
(QEC) can be applied at scale. In contrast to QEC protocols,
which require a large overhead of qubits to be realized [26],
quantum error mitigation (QEM) replaces this qubit overhead
with a sampling overhead. More precisely, QEM requires
more runs of a quantum algorithm, but allows this algorithm
to be run on a NISQ device without the need for any ancil-
lary qubits [27,28]. This makes QEM particularly useful for
current and near-term quantum hardware. Photonic devices
suffer significantly from a particular type of noise: erasure
noise in the form of photon loss. In related work [29], a
recycling mitigation technique is presented that deals with
photon loss. This technique makes use of photonic output
states that would normally be discarded in postselection, and
provably outperforms postselection up to large sample sizes.

In this Letter, after introducing a QCBM scheme for lin-
ear optical circuits, we show that its training is significantly
improved by the recycling mitigation technique in realistic
scenarios with photon loss. We demonstrate several situations
where a QCBM becomes trainable if recycling mitigation is
applied, including a proof-of-concept experiment on our pho-
tonic quantum processor Altair. In the discussion, we consider
the question of classical simulability, hardness, and the link
with boson sampling [30,31].

A photonic QCBM: Generative learning. Given a set of data
instances X and labels Y, while a discriminative or classifi-
cation model aims at predicting P(Y |X), a generative model
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FIG. 1. (a) QCBM ansatz pictured for a circuit with m = 12 modes and n = 4 photons and input Fock state [101010100000). We allow
the variational blocks parametrized by 6; to be repeated k times. The photon coincidence counts measured at the end of the circuit are sent
to a classical processor. (b) One variational block is a universal interferometer. Each crossing between the optical modes corresponds to a

Mach-Zender interferometer that is parametrized by two phases.

seeks to estimate the joint distribution P(X,Y), or simply
P(X) if there are no labels. If the model has parameters 6, a
loss function £ is defined which should express how close the
distribution of the generated samples is to the one of X. The
loss is optimized so as to obtain 6* = argming £(0]X). Once
the model is trained, it can be used to generate new samples
with similar properties to the training dataset.

Photonic architecture. We propose using an ansatz based
on the universal interferometer design of Ref. [32], as shown
in Fig. 1. We believe our choice to be well motivated, since
the interferometer guarantees interactions between all modes,
allows for arbitrary unitary transformation on the modes,
and matches the scenario of boson sampling. Note that in
Refs. [33,34], the authors present QCBMs with a different lin-
ear optical ansatz resembling the gate-based one of Ref. [15].

Our QCBM ansatz consists of a linear optical circuit with
m modes and n photons. It receives a Fock state as input,
|hiin) = |ni1“, e, niz), where n%“ indicates the number of pho-
tons in mode i and ) ;n" = n. This state is transformed
according to the parametrized universal interferometer which
implements a unitary U (6). Indeed, the scheme of Ref. [32]
allows for the decomposition of an arbitrary unitary into a
product of 7'(6/, 6;/) matrices. Each matrix corresponds to a
Mach-Zender element between the jth and (j + 1)th modes,
as depicted in Fig. 1(b), and has the form

1 o - 0
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e cos - sin %
0l .07 07
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1 0
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There are m(m — 1)/2 Mach-Zender elements per universal
interferometer as depicted in Fig. 1(b), and thus m(m — 1)
phases or parameters per block. While a sequence of unitaries
can always be rewritten as one single unitary and thus imple-
mented with one block, we consider it interesting to explore

whether this parametrization structure can impact training
performance, along with other parametrization choices such
as setting all 6/ to a fixed value and optimizing only over

the 0;’ . In practice, however, we obtained the best numerical
results for k = 1.

At the output of the circuit, the state is measured by photon
detectors. Different Fock states |figu) = 1™, ..., n3") are
detected as arrangements of photons in the output modes,
that we denote s = (n{™, ..., n"). With photon loss, the n{™"
may not sum to n. Detecting all possible output states is not
straightforward in practice because photon number resolving
detectors are not readily available with current technology. To
match experimental settings, we make the simplifying choice
of using threshold detectors in most of our simulations, thus
only allowing n{" to be 0 or 1 (“click” or “no click”). We
refer to the Supplemental Material [35] for more details on
no-collision regimes and recycling mitigation.

After detection, outputs s are mapped through classical
postprocessing to the space of the data that the model aims to
generate. For instance, if we consider simple one-dimensional
numerical data X set between xp;, and xy.x, we proceed by
binning the range of values [Xpin, Xmax], then defining a map-
ping between each possible output and each bin. If the data are
discrete, there is no need for the binning, and a certain output
s* can directly be interpreted as a value x*.

Training strategy. The model is trained as a variational al-
gorithm, which means that a classical optimization procedure
is applied to the model parameters 6, as shown in Fig. 1. In
many of our simulations, we use the Kullback-Leibler (KL)
divergence [36] as a loss function. We recall the definition of
the KL divergence, given two probability distributions Q and
P defined on the same sample space X:

(an)
o))

We also use the total variational distance (TVD) which can be
written on discrete domains as [37]

KL(P||Q) = ) P(x)log,

xeX

(D

1
TVD(P, Q) = 5 > IP@) = Q). 2

xeX
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Both the KL and the TVD measure how different Q is from P.
The lower the value of the metric, the more similar are the dis-
tributions, and a value of O can reached if the two distributions
are identical. This is not always desirable as it may indicate
overfitting or memorization of the model, and slightly higher
values could imply better generalization properties as pointed
out in Ref. [38].

In generative learning, additional metrics are often used
outside of the loss function to evaluate new model samples,
sometimes with respect to a test set. For the generation of
images, examples include the Fréchet inception distance [39]
or the structural similarity index measure [40]. We consider
this to be outside the scope of this Letter, as we focus on the
impact of recycling mitigation on loss function behavior.

Other popular choices of loss functions for quantum mod-
els include the maximum mean discrepancy (MMD) [41] or
the Sinkhorn divergence studied in Ref. [42]. We refer to the
last section of this Letter for a discussion around the choice
of the loss function, and to the Supplemental Material [35] for
more details on model training.

Recycling mitigation. Recycling mitigation is a technique
for mitigating the effects of uniform photon loss in linear opti-
cal quantum circuits consisting of single photons, multimode
linear optical interferometers, and single-photon detectors
[29]. At the heart of recycling mitigation are the recycled
probabilities, constructed from the statistics of the linear opti-
cal circuit affected by photon loss, that is, statistics where the
number of detected photons at the output of the circuit is less
than at the input. The standard method in near-term photonic
quantum algorithms is to apply postselection, i.e., discard the
statistics where photon loss occurs, and only use the statistics
where no loss occurred for the computation.

For a given output s of a linear optical circuit, as defined
above, the recycled probability pg(s) is of the form

Pr(S) = p1pia(s) + (1 = pI(s), 3)

where 0 < p; < 1, pig(s) is the ideal probability of outcome s
in the absence of photon loss, and /(s) is the interference term,
which is an artifact of constructing recycled probabilities
from probabilities affected by photon loss. Recycling miti-
gation consists of applying certain classical postprocessing
techniques, detailed in Ref. [29], to the set of recycled prob-
abilities {pgr(s)}, resulting in a set of mitigated probabilities
{pmic(s)}, which are approximations of the ideal probabilities
{Pia(s)}.

On an intuitive level, recycling mitigation uses lossy pho-
ton statistics in order to get estimates of the ideal (lossless)
probabilities. Crucially, the goal of recycling mitigation is to
beat postselection, in the sense of getting lower statistical
errors on the estimated ideal probabilities. Postselection is
an unbiased estimator of the ideal probability with the only
error being a statistical error €y post. Conversely, recycling
mitigation results in a biased estimator of the ideal probability,
with a bias error €piys as well as a statistical error € rec.
Because recycling mitigation uses the (more probable) lossy
statistics to construct its estimators, then € rec < €stat,post DY
construction. Furthermore, it was shown in Ref. [29] that the
bias error is small enough such that the inequality

€stat,rec T €bias < €stat,post » 4)

holds for up to a very large number of samples, and for a
generic choice of interferometer. This makes recycling mit-
igation a powerful error mitigation technique applicable to
near-term photonic quantum hardware.

Numerical simulations. PERCEVAL [43] is a software plat-
form for discrete-variable photonic quantum computing,
which we use in our simulations. We denote by N the number
of initial samples for a given simulation, and by 7 the loss
parameter, i.e., the probability that one photon is lost during
the computation. Note that, when working with n photons, the
probability of observing n-photon coincidence counts at the
output of the circuit scales as (1 — n)".

Given the same resources, we typically compare the fol-
lowing cases: (1) the ideal lossless case; (2) the lossy case,
where for typical values of 7, only a small fraction of N are
detected as n-photon counts, and where the n’-photon counts
with n’ < n are discarded through postselection; and (3) the
same lossy case where recycling mitigation is applied, which
means that information from the n’-photon counts is taken
into account to train the QCBM, as explained in the previous
section.

We summarize our results in Fig. 2. We consider in
Figs. 2(a) and 2(b) the problem of learning a bimodal distri-
bution consisting of two superimposed Gaussian distributions
with different means, as in Ref. [44]. This distribution can
be generated straightforwardly in PYTHON. We then consider
financial foreign exchange data in Fig. 2(c)—as in Ref. [19],
we collected daily log returns of the EUR/USD currency pair
over the last 20 years to form the dataset. There, we use the
TVD as a loss function as we found it more suitable for a
sparser distribution. In Fig. 2(d), we compare the distributions
of the generated and target data.

We observe that for given N and 7, recycling mitiga-
tion significantly improves the training of lossy QCBMs and
brings the value of the loss function close to the lossless one,
while the lossy unmitigated case remains mostly untrainable.
While the steadily decreasing trend of the loss function shows
that the model is learning, we note that there is room for
improvement in the model optimization, which would be in-
teresting to study in future work. In particular, the importance
of initialization parameters and the variance in the training
process can be observed in Fig. 2(b). Note that simulation
results are displayed for loss parameter n = 0.8, which is
within reach for near-term hardware [21]. Our results remain
valid for higher loss regimes and values of 7, as we show in
the next section.

Experiment. For our experimental setup, we use the Altair
quantum photonic integrated processor. We implement the
same scenario as in Fig. 2(a), although the main difference is
that we find ourselves in a high loss regime: 7 is estimated
to be around 0.96. Additionally, the device is affected by
other types of noise, such as photon distinguishability [45,46],
which would require a different kind of error mitigation [47].
Further technical details on the setup can be found in the
Supplemental Material [35].

We present our results in Figs. 2(e) and 2(f). All runs
were obtained with the same initialization, for a fairer com-
parison. In Fig. 2(e), we observe as before a large gap
between the unmitigated and mitigated cases. In Fig. 2(f), we
plot one mitigated experimental training instance along with
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FIG. 2. (a) Value of the KL loss function for the mixed Gaussian case, averaged over 20 training instances. The shaded area depicts
a standard deviation from the mean. Each training instance has different initialization parameters. (b) We highlight the five best training
instances out of the 20 simulations. (c) Value of the TVD loss function for the financial foreign exchange dataset. (d) Comparison between the
target samples from the financial dataset and the samples generated by one of the trained (lossless) QCBM models. (e) Experimental results
on Altair for the mixed Gaussian case: three training instances with recycling mitigation, and three without. (f) Comparison between best
mitigated experimental instance and corresponding simulations. All but one curve are affected by photon distinguishability.

corresponding simulations. We note the effect of distinguisha-
bility, as the fully noiseless simulation reaches a lower value
of the loss.

While the experimental data follow the simulation, there
remains a difference in the final loss function value which
we can attribute to the following factors: There are variations
due to the stochasticity of the optimizer; in practice, losses
are not fully uniform throughout the setup; and there may
be inaccuracies in the transpilation, which is the process of
applying adequate voltages to the chip to implement the right
phase values, as explained in Ref. [48].

As an alternative strategy for dealing with losses, we could
have increased the initial number of samples N enough to
make the unmitigated case trainable. However, this would
significantly increase the time required for each experiment.

Discussion. When considering quantum advantage of mod-
els based on linear optical circuits, it is natural to look for a
connection with boson sampling. In this context, we note that
generative models may be better candidates for a potential
quantum advantage than classifiers obtained from a similar
circuit, such as the ones in Refs. [21,49]. Indeed, as Aaronson
and Arkhipov pointed out in their original article [30], if the
circuit is used for probability estimation instead of sampling,
there is a polynomial-time (in the input size) classical algo-
rithm by Gurvits which approximates the permanent of any
submatrix of a unitary matrix to within polynomially small
additive error [50,51]. This means that estimating the perma-
nent from a polynomial (in input size) number of experiments
does not yield an exponential advantage over classical algo-
rithms estimating the permanent, by standard arguments from
statistics [52].

However, since generative models such as QCBMs are
based on sampling rather than permanent estimation, there
remains potential for an exponential advantage. In Ref. [42],
the authors clarified the distinction between classical hard-
ness of simulating the circuits that make up the model,
and what they defined as quantum learning supremacy: the
ability of a quantum model to provably outperform all clas-
sical models in a certain task. Our model has the capability
to achieve classical hardness, provided n and m have suf-
ficiently high values, and losses are limited [53]. Indeed,
by varying the values of 6k, the model can span across all
possible m-mode interferometers, and there is very strong
evidence that sampling, either exactly or approximately,
from the output distribution of generic m-mode interferom-
eters is hard to do classically [30,54]. Quantum learning
supremacy, however, remains an open question for this pho-
tonic QCBM as well as for the qubit-based one presented in
Ref. [42].

While the above observations hold true when using a
trained model to produce samples, they do not always apply to
the training phase of the model. For instance, in our training,
we exploited the output probability distribution of the circuit,
which allowed us to apply recycling mitigation. The use of
an explicit loss function [55] based on the output probability
distribution then comes at no additional cost, so it made sense
for us to use the KL divergence or the TVD.

Nevertheless, this particular approach to training retains
potential, as it turns out that there is still a polynomial advan-
tage in estimating probabilities given by the modulus squared
of a permanent in a boson sampling experiment. Indeed,
we show in the Supplemental Material [35] that statistics
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collected from ¢ independent and identically distributed runs
of a boson sampler allow, with high probability, for estimating
the modulus squared of the permanent of an arbitrary matrix
to a smaller additive error, as compared to the additive error
estimate obtained from Gurvits algorithm with a run time
of O(t). While these results hold for the lossless case only,
this leads us to the open question: Could recycling mitigation
make these claims robust to noise? Finally, with respect to the
recent results of Ref. [56], we point out that they do not apply
to our setup as we do not consider expectation values of Pauli
operators, but a linear optical evolution.

In future work, it would be interesting to extend recycling
mitigation techniques to work with implicit loss functions
such as the MMD or the Sinkhorn divergence. These would
allow for the training phase to be based on samples only,
which would also be key to scaling the model [55]. Other
future research directions include developing mitigation tech-
niques for other types of photonic errors, as well as improving
model optimization in the context of photonics, focusing on
topics such as gradient evaluation or parameter initialization,

or considering circuit components beyond linear optics such
as adaptivity and feedforward.

Conclusion. Our work shows that recycling mitigation can
positively impact the training of quantum machine learning
models on realistic photonic devices. Given a certain amount
of resources, for several scenarios recycling mitigation makes
QCBMs that would otherwise be untrainable trainable. Our
work also proposes a straightforward design for a photonic-
tailored QCBM, which we hope can be built upon, as we make
our code available [57].
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