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Abstract

Invertible Neural Networks (INN) have become established tools for the simulation and
generation of highly complex data. We propose a quantum-gate algorithm for a Quan-
tum Invertible Neural Network (QINN) and apply it to the LHC data of jet-associated
production of a Z-boson that decays into leptons, a standard candle process for parti-
cle collider precision measurements. We compare the QINN’s performance for different
loss functions and training scenarios. For this task, we find that a hybrid QINN matches
the performance of a significantly larger purely classical INN in learning and generating
complex data.
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1 Introduction

Generative modelling has been a field of particular interest in machine learning research, being
vastly improved by successful model architectures, including Variational Autoencoders (VAE),
Generative Adversarial Networks (GAN) and Invertible Neural Networks (INN) [1–3]. Among
other applications, their use in event generation has been extensively investigated [4–6]. Their
advantages over the Markov chain Monte Carlo (MCMC) techniques [7–11], which had so far
established themselves as the leading LHC simulation and interpretation methods go beyond
an increase of inference speed. Furthermore, generative models can be trained end-to-end,
allowing for a much more comprehensive range of applications such as unfolding [12–14],
anomaly detection [15–19] and many more [20].

However, the large parameter space of these Neural Networks (NN), which allows them
to model complex interactions, also leads to a massive demand for computing resources. The
size of popular NN architectures has long reached the boundary of computational feasibility.
Quantum Machine Learning (QML) introduces the power of quantum computing to the exist-
ing foundation of machine learning to establish and then exploit the quantum advantage for a
performance increase exclusive to quantum algorithms. While gate-based quantum computing
differs significantly from classical computing, many equivalents to aforementioned classical
generative networks have already been constructed, including Quantum Autoencoders [21]
and Quantum GANs [22–27]. The notable exception is INNs [28,29], which have not yet been
transferred to the realm of QML. Such networks would be a desirable addition to the array of
Quantum Neural Networks (QNN). While tractability of the Jacobian determinant in classical
INNs enables them to perform density estimation, which intrinsically prevents mode collapse,
the full Jacobian matrix can usually not be computed efficiently [30]. A fully tractable Jaco-
bian in INNs, available for QNNs, would allow efficient learning of the principal data man-
ifolds [31–34], opening up opportunities for interpretable representation learning and new
insights into underlying processes.

Coupling-based INN architectures have empirically shown to be more resilient to the
vanishing-gradient problem [28], which lets them directly benefit from deep architectures
with many parameters. However, many of the INN applications listed so far already require
considerable resources for training. Current research suggests that quantum models could
circumvent this need for an immense parameter space. They outclass regular NNs in terms
of expressivity, being able to represent the same transformations with substantially fewer pa-
rameters [35–39]. This theoretical groundwork is bolstered by several instances of specifically
constructed QML circuits presenting significantly more efficient solutions than classically pos-
sible to specially designed problems [40–43]. QNNs have already been successfully applied
to relatively limited high-energy physics problems [21,25,44–46,46–51], along non-QML ap-
proaches [52–56]. However, to our knowledge, there has not yet been an attempt to construct
an invertible QNN that can be used as a density estimator through its invertibility for generative
tasks.

With this work, we aim to fill the remaining gap of a quantum equivalent to classical
INNs, developing a Quantum Invertible Neural Network (QINN). We show how each step in
the QNN pipeline can be designed to be invertible and showcase the ability of a simulated
network to estimate the density of distributions. As a proof-of-principle, we apply our model
to complex simulated LHC data for one of the most important and most studied high-energy
physics processes,

pp→ Z j→ ℓ+ℓ− j ,

and show its capability to reconstruct the invariant mass MZ . While currently available noisy
intermediate-scale quantum computers (NISQ) cannot support models required for even basic
generative tasks, the concept of inverting QNNs still shows promise in light of the aforemen-
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Figure 1: Layout of a coupling block. The input is split into two halves along the
feature dimension. One half is used as neural network input to predict parameters
for either an affine or a spline transformation of the other. In the end, both halves
are fused again. The blue lines illustrate example coupling transformations of both
block types, based on the network output (black knots). The orange line shows the
inverse transformation.

tioned theoretical and simulation-based results, documenting their increased expressivity. As
we will confirm in our experiments, QINNs have the potential to express the same set of trans-
formations as classical INNs with much fewer parameters.

This study is structured as follows: In Sec. 2 we provide a short review of classical Invertible
Neural Networks. Then, Sec. 3 is dedicated to our proposal for a Quantum Invertible Neural
Network based on quantum-gate algorithms and outlining its technical challenges. Next, we
apply the QINN to simulated LHC data in Sec. 4. We offer a brief summary and conclusions

2 Classical invertible neural networks

To illustrate the advantages of invertible models and to benchmark the performance of the
QINN, we first present the architecture of a classical INN. As we will see in the following
section, we can train any model to perform density estimation as long as it fulfils the Jacobian
determinant’s requirements of invertibility and availability. To meet these requirements, the
INNs are constructed using coupling blocks, see Fig. 1. Each coupling block splits the data
vector in two halves x = [u, v]T along the feature dimension, transforming one half at a time.
The parameters for this transformation are predicted by a small model, e.g. a neural network,
based on the other half of the data. The transformation used as a benchmark in this work are
cubic spline coupling blocks [57]. However, we will introduce affine coupling blocks first as a
simpler example.

The affine coupling block performs an element-wise linear transformation on one half u,
with parameters s(v), t(v) predicted by a neural network from the other half v

�

û
v̂

�

=

�

u⊙ es(v) + t(v)
v

�

. (1)
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The inverse is now trivially given by
�

u
v

�

=

�

(û− t(v̂))⊙ e−s(v̂)

v̂

�

. (2)

In each layer the Jacobian is an upper triangular matrix, as the transformation of ui only
depends on v and ui

J =

�

diag es(v) finite
0 I

�

. (3)

Therefore the Jacobian determinant can be calculated and using det J( f1◦f2)=det J( f1)det J( f2),
the Jacobian determinant for the entire network can be assembled from all blocks individually.
In this configuration of the coupling block, the lower half v stays unchanged. After each block,
a unitary soft-permutation matrix is applied to the data vector to mitigate this fact. Since this
matrix is invertible and the Jacobian determinant is 1, this does not influence the network
prerequisites.

The spline coupling block is functionally similar, except that the transformation performed
in each block is a cubic spline of u, predicted from v. Given several buckets, ξ−1 (hyperparam-
eter), the coupling block subnetwork predicts 2ξ+2 parameters for each ui . These parameters
serve as anchor points for a cubic spline on ui , meaning x , y coordinates for ξ bucket bound-
aries (ensuring that x i < x i+1, yi < yi+1) and two values to define the slope of the interpolating
spline in the two outer anchor points. Since each bucket is simply a monotonous cubic func-
tion of u, the whole transformation is invertible, and the same argument for the triangularity
of the Jacobian from the affine coupling blocks still holds. Spline couplings trade increased
computation time for higher expressivity per parameter, which is why we choose them for the
comparison to QINNs in Sec. 4. We implement these networks in PYTORCH using the FREIA
module [58], where finer implementation details can be found.

2.1 Density estimation using invertible models

We aim to train the model to estimate the density of some given training data with distribution
p(x). This is achieved by learning a bijective mapping f , defined by network parameters θ ,
from some desired distribution p(x), x ∈ Rn to a normal distribution

f (x ∼ p(x)|θ )∼N n
0,1(z) . (4)

With an invertible network function f , new data can straightforwardly be generated from
the desired distribution by sampling x ∼ f −1(z ∼ N n

0,1(z)|θ ) =: p(x |θ ). To construct a loss
function, we can use the change of variables formula

p(x |θ ) =N n
0,1( f (x |θ ))
�

�

�

�

det
�

∂ f
∂ x

�

�

�

�

�

. (5)

The training objective is to find the network parameters θ which maximise the probability of
observing the training data from our model f

max
θ

p(θ |x)∝ p(x |θ )p(θ ) . (6)

We can transform this expression to obtain a loss function, by minimizing the negative log
likelihood, and substitute Equation 5 for p(x |θ ). Finally we assume a gaussian prior on
p(θ ) = exp(τθ2)1 and write J = det

�

∂ f
∂ x

�

to get the loss function

L = E
�

|| f (x |θ )||22
2

− log |J |
�

+τ||θ ||22 . (7)

1In our experiments we found it sufficient to set τ = 0 for quantum parameters, which indicates a uniform
weight prior on the qubit rotation angles.
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Therefore all we need to train a model to perform density estimation is invertibility and
the ability to calculate its Jacobian determinant w.r.t. the input x .

2.2 Maximum mean discrepancy

We can improve targeted observables by using a so-called Maximum Mean Discrepancy (MMD)
loss [59]. MMD estimates the distance of two given distributions in some Reproducing Kernel
Hilbert Space. In our case we want to minimize the distance d(p(φ(x)), p(φ( f −1(z|θ ))) given
some features of our choice φ. MMD approximates this distance given samples from the two
distributions X ∼ p(x) and Y ∼ p( f −1(z|θ )) and a function φ

L 2
M M D =

�

�

�

�

�

�

�

�

�

�

1
|X |

∑

x∈X

φ(x)−
1
|Y |

∑

y∈Y

φ(y)

�

�

�

�

�

�

�

�

�

�

2

2

(8)

=
1
|X |2
∑

x∈X

∑

x ′∈X

φ(x)Tφ(x ′) +
1
|Y |2
∑

y∈Y

∑

y ′∈Y

φ(y)Tφ(y ′)− 2
1
|X ||Y |

∑

x∈X

∑

y∈Y

φ(x)Tφ(y) .

Since all appearances of φ involve the inner product φT (·)φ(·) we can use the kernel trick
to substitute them with a matching kernel k that calculates the induced vector product< ·, ·>φ

L 2
M M D =< X , X >φ +< Y, Y >φ −2< X , Y >φ (9)

= k(X , X ) + k(Y, Y )− 2k(X , Y ) .

The kernel should be selected according to the distributions that are being compared. Since
a Gaussian-like distribution is generally a sufficient approximation in most cases, we use the
gaussian kernel function

kgauss(x , y) = exp

�

−
||x − y||22

2σ2

�

. (10)

In our experiments we will also apply a MMD to the invariant mass of a Z-Boson MZ . In this
case, since it has a Breit-Wigner distribution we use the corresponding kernel

kBreit-Wigner(x , y) =
σ2

σ2 + ||x − y||22
. (11)

The parameter σ determines the width of the kernel. Choosing this width correctly is
often more important than the correct kernel shape. If σ ≪ ||x − y||2 then k(x , y) ≃ 0 and
if σ ≫ ||x − y||2 then k(x , y) ≃ 1. In both cases, LM M D will be very close to zero, and the
gradient will vanish. While methods exist that adaptively change σ over the training to fit
the model distribution, another easy and effective way is to use multiple kernels of different
widths.

Classical INNs generally do not benefit greatly from an additional MMD loss for the over-
all training apart from improving specifically targeted observables. However, we found that
applying MMD on both the latent and input sides of the QINN to all training observables,
even simultaneously to train a gaussian latent and the target input distribution, significantly
improves performance.

3 Invertible quantum neural networks

As we will illustrate in this section, QNNs lend themselves well to being inverted, requiring
very few modifications from their most basic form. For example, the underlying architecture of
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y1
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y3

|0〉 R y(x1) Rot(θ ) Rot(θ )

|0〉 R y(x2) Rot(θ ) Rot(θ )

|0〉 R y(x3) Rot(θ ) Rot(θ )

State Preparation Layer 1 Layer 2 Measurement

Figure 2: An overview of the model circuit. We show a three-qubit, two-layer model
following the hardware efficient ansatz from [61]. The state preparation uses angle
encoding, where each feature is encoded on its qubit. The learnable parameters of
the model circuit are the rotation angles θ in each layer.

a circuit-centric QNN [60] can be split into three distinct parts, state preparation, model circuit
and measurement as seen in Fig. 2.

State preparation transforms a given data point x = (x1, . . . , xn)
T from the classical domain

into a quantum state |x〉. One of the simplest methods to achieve this is angle encoding,
in which each input dimension is interpreted as an angle for a qubit rotation. Therefore,
the number of qubits is fixed as the number of feature dimensions n. The entire dataset is
first scaled to Rn → [0,π]n. Next, we apply a global linear transformation to the input with
trainable parameters a ∈ [0, 1]n ; b ∈ [0,1− a]n, clipped to prevent x /∈ [0,π]. We obtain a
quantum state by defining a state preparation operator Sx = R y(x), which acts on the initial
state

|x〉= Sx |0〉
⊗n =

n
⊗

i=1

cos(x i) |0〉+ sin(x i) |1〉 . (12)

When performed this way, inverting the state preparation is straightforward since simply mea-
suring P(qubit i = 1) gives 〈x |σz,i|x〉= sin2(x i) =⇒ arcsin

�Æ

〈x |σz,i|x〉
�

= x i .
The model circuit is the quantum analogue of a classical neural network, mapping the

prepared state to the output state |x〉 7→ U |x〉 =: |y〉. The circuit comprises modular layers
U = Ul . . . U1. Each layer starts with a rotation gate for each qubit Rot(φ,θ ,η) parameterized
by trainable weights [61]. Afterwards, the qubits are entangled by applying CNOT gates be-
tween each adjacent pair of qubits and from the last to the first qubit. The entire model circuit
can be straightforwardly inverted by applying the adjoint to each layer in the reverse order

U† = (Ul . . . U1)
† = U†

1 . . . U†
l . (13)

The adjoint operation to each of the gates is simple to obtain

Rot†(φ,θ ,η) = Rot(−η,−θ ,−φ) , (14)

CNOT †(i, j) = CNOT (i, j) . (15)

Finally we measure P(qubit i = 1) for all n qubits and apply another trainable global linear
transformation with parameters c, d ∈ Rn

|y〉 7→ c 〈y|σz|y〉+ d . (16)

Inverting the final measurement is not directly possible, as many different states can lead to
the same expectation value E[y]. Note that the model function can still be bijective if no two
created states yield the same E[y]. Since the network input is x ∈ Rn the set of created final
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|0〉 H H
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Figure 3: The SWAP-test, comparing a state |y〉 = U |x〉 created in the forward di-
rection to | ỹ〉= g(y) created by the ISP. The CSWAP gate acts pairwise on the wires,
i.e. y1 is swapped with ỹ1, etc.

states only exists in a S ⊆ C2n
, s.t. dimS = n subspace of the state space. However, we need

to ensure that S does not share any E[y], as well as find the proper method to perform the
inverse state preparation (ISP) for each data point.

3.1 Inverse state preparation

Given a model circuit U and a data point y that arose from measuring |y〉 = U |x〉, it is
infeasible to search for an ISP method that creates |y〉 from y . Therefore we instead aim
to train the model circuit U in a way such that for a given fixed ISP g, the state |y〉 before
the measurement and | ỹ〉 := g(〈y|σz|y〉) are as close as possible. We evaluate the fidelity,
measuring the “closeness” of two quantum states [62],

F = 〈 ỹ|y〉 , (17)

using the SWAP-Test shown in Fig. 3. Which side of the model we perform the SWAP-Test on
does not matter, as the operator U is unitary. We train the entire model, the model circuit and
all ISP parameters, to adhere to F ≃ 1 for the loss function

LF = λF (log(F)) . (18)

While the model is invertible if the fidelity F ≃ 1, the opposite is not necessarily true. In
fact for a given circuit U we can find exponentially many different states | ỹ〉 such that

x̃ := 〈 ỹ|Uσ⊗n
z U†| ỹ〉= x . (19)

Thus, it seems more natural to define the invertibility loss directly on x̃ . We construct an
alternative loss function which only trains the model to adhere to x̃ ≃ x

LMSE = λMSE(x − x̃)2 . (20)

We compare both loss functions quantitatively in Sec. 4.
While one can select any ISP method of one’s choosing, a fixed ISP will often be too restric-

tive in practice. We, therefore, allow the model to learn its ISP by creating a separate module
which is only called in the inverse direction, mapping a measurement y to the quantum state
|y〉 = g(y), see Fig. 4. This module combines a small classical neural network gC with a
quantum neural network gQ. First, the neural network predicts 3n angles ψ from y

y
gC7→ψ ∈ R3n , (21)

which serve as inputs for the Rot gates. The quantum state prepared in this way is then further
transformed by the quantum neural network to create the input for the (inverse) model circuit

ψ
Rot
7→ |ψ〉

gQ
7→ | ỹ〉 . (22)
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Inverse State Preparation

Figure 4: A diagram of the learnable ISP method. To map a measurement back to
a quantum state, first a NN predicts 3n angles, which serve as state preparation for
|ψ〉, which is then transformed further by a separate QNN that recreates |y〉.

With these additional steps, we can ensure that the model is trained to be invertible. Fur-
thermore, as explained in Sec. 2.1, the model’s Jacobian needs to be tractable for density
estimation. For the QINN, it can be obtained in a similar way that the gradients are calculated
by using parameter shift rules [63,64].

The potential of a QINN is twofold. Firstly, a QINN provides the ability to compute the
full Jacobian matrix. Unlike classical INNs, which only allow for efficient computation of
the Jacobian determinant [30], a full Jacobian would open up opportunities for a new array
of applications. There has been extensive research into efficient learning of the principal data
manifolds in distributions [31–34], yet it remains a challenging and computationally expensive
task in higher dimensions. Exploiting the full Jacobian of a QINN to encode the principal
manifolds in selected latent variables would come at very little additional cost. This advantage
of QINNs could pave the way towards learning interpretable representations and new insights
into underlying processes.

The second advantage of a QINN lies in the increased expressive power provided by quan-
tum models, which extensive theoretical work has documented [35–38]. There has been con-
siderable effort to define quantum equivalents of multiple generative models in the current
machine learning landscape [65]. Sometimes, simulation of distributions created by quantum
circuits is not efficiently possible with classical methods [66]. For example, the authors of [67]
show an advantage in learning density estimation via samples with Quantum Circuit Born
Machines [68] using Clifford group gates [69]. Even though QINNs operate fundamentally
differently, since we marginalize over the measured state distribution, there remains reason
to assume increased expressivity of a QINN over the classical counterpart, which we aim to
further establish by the experiments shown in Sec. 4.

4 Application to high energy physics

We evaluate the performance of the QINN by learning to generate events of the LHC process

pp→ Z j→ ℓ+ℓ− j . (23)

We simulate 100k events using MADGRAPH5 [70] with generator-level cuts for the transverse
momentum and the rapidity of the leptons of 15 GeV < pT,ℓ±< 150 GeV and ηℓ± < 4.5 as
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Table 1: Hyperparameters for the QINN and INN used for training and setup. The
hyperparameters for the INN were chosen such that the performance of the QINN
and the INN were comparable while keeping the number of trainable parameters as
low as possible.

Hyperparameter QINN INN

LR scheduling 1cycle [73] same
Maximum LR 10−3 same
Start/Final LR factors 4 · 10−2/10−4 same
Epochs 200 same
Batch size 128 same
ADAM β1, β2 0.9, 0.9 0.5, 0.9

# Spline bins - 5/8/8
# Coupling blocks - 6/9/10
Layers per block - 3/3/3
Hidden dimension - 8/12/24

# Forward quantum layers 12 -
# ISP quantum layers 8 -
# ISP NN layers 3 -
# ISP hidden dimension 32 -

λM M D (input/latent) 1.0/0.5 -
λMZ

0.375 0.5
λF/MSE 10.0 -
MMD kernel widths [0.02, 0.1, 0.4, 1, 5] same
# Trainable parameters 2k (QNN ∼ 300, NN ∼ 1.7k) 2k/6k/16k

well as the energy of the Z-Boson EZ < 1900 GeV. The data sample is split into a training, a
validation and a test sample following the split of 37.5%/12.5%/50%.

We compare the two methods of training invertibility described in Sec. 3.1, the fidelity
of the quantum states and a mean squared error. Finally, we train a classical INN with the
spline coupling block architecture presented in Sec. 2 and compare the performance based on
the number of model parameters required. The setup of all models and hyperparameters can
be found in Table 1. We implement the training pipeline with PYTORCH [71], where we use
PENNYLANE [72] to implement the QINN and FREIA [58] for the classical INN. We train all
networks on the observables pT,ℓ± ,∆φℓℓ,ηℓ± , which we can use to reconstruct the Z-Boson.
The models are trained for 200 epochs with an MMD loss as described in Sec. 2.2 on the
MZ distribution, which significantly improves the results in this observable for all models. The
MMD loss on input and latent observables for the QINN are used throughout the entire training
process.

4.1 Comparing fidelity and mean squared error for the loss function

To decide which of the loss functions for invertibility is more advantageous for the QINN, we
perform experiments with the same hyperparameters, only changing the loss. A comparison
of the results is shown in Fig. 5. While both results are similar in performance of MZ , the
fidelity loss creates significant artefacts in the∆Rℓ+,ℓ− distribution whenever we use the MMD
loss necessary to improve MZ . This equations with the intuition of the MSE loss allowing
for a more flexible choice of ISP. We, therefore, proceed with the MSE loss for invertibility
throughout the rest of this work.
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Figure 5: MZ and ∆Rℓ+,ℓ− of the Z reconstructed from the leptons as generated by
the QINN with Fidelity and MSE loss for invertibility. True shows the distribution of
the entire test set.

4.2 Classical INN versus quantum INN

We choose three INN sizes: 2k parameters to match the QINN in parameter number, 6k and
16k parameters to approximately lower- and upper-bound the QINN performance. In Fig. 6,
we first compare correlations of low-level observables between the QINN and the 16k INN.
While both networks cannot learn the px double peak structure due to their limited size, they
both show no problems learning the hard pT cuts. Furthermore, the QINN shows no addi-
tional signs of deterioration or artefacts in the low-level observables that may have arisen
from underparameterization apart from the ones also present in the INN.

The networks’ ability to capture high-dimensional correlations can be tested by reconstruct-
ing the Z-Boson observables, specifically the invariant mass MZ from the generated leptons.
We show these reconstructed results in Fig. 7. It is immediately apparent that the 2k param-
eter INN is nowhere as expressive as the QINN. In fact, the QINN even outperforms the 16k
parameter INN at reconstructing the sharp peak of the MZ distribution, though it does not
match the tails of the shown distributions as well as the 16k INN. Comparing the QINN to the
6k INN, it arguably even outperforms a classical network three times its size. With an average
deviation of the reconstructed observables of || x̃−x

x || < 2.1%, we can also determine that the
MMD loss does not dominate the optimization process and the QINN does learn to perform an
invertible transformation.

In conclusion, we find the performance of the QINN to be equivalent to that of a classical
INN with around 3− 8 times the number of parameters on this 5dim task, with most of the
QINN parameter count still being attributed to the classical NN.

5 Conclusion

Generative modelling has become increasingly important for simulating complex data in var-
ious science areas. In recent years, neural network techniques, such as Variational Autoen-
coders, Generative Adversarial Networks and Invertible Neural Networks, have received at-
tention, showing promising outcomes. At the same time, algorithms designed for quantum
computers have opened a new avenue to expand on existing classical neural network struc-
tures. For example, quantum-gate algorithm-based Quantum Variational Autoencoders and
Quantum Generative Adversarial Networks have been studied thoroughly. They have been
shown empirically to match or even outperform their classical counterparts on specific tasks
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Figure 6: 2d correlations of selected ℓ± observables. We show the distribution in the
dataset (left) the one generated by the QINN (center) and the one generated by the
16k parameter INN (right).

or when limiting the size of the classical network, thereby indicating that QNNs can offer a
larger expressivity or faster and more robust network training.

In this work, we proposed a novel approach for Quantum Invertible Neural Networks and
highlighted their use as density estimators in generative tasks. By applying the QINN to the
simulation of final states of the LHC process pp → Z j → ℓ+ℓ− j, we showed its ability to
reconstruct the Z-Boson with significantly fewer parameters than classical INNs. Our model
combines the conventional QNN architecture, consisting of the trinity of state preparation
variational quantum circuit and measurement, with a classical-quantum hybrid network for
learning an Inverse State Preparation. Furthermore, we demonstrate how the combined model
can be trained to invert the quantum measurement of the QNN, allowing for a reversible
transformation. Through the property of having the entire network Jacobian at one’s disposal,
performing density estimation with QNNs could lead to new insights and better understanding
of the modelled generative processes.

The hybrid QINN with 2k trainable parameters, most of which originate in the classical
network part, showed to be more expressive than its entirely classical counterpart, thereby
evidencing a gain in expressivity due to the inclusion of the quantum circuit. This encouraging
result motivates the detailed future study and employment of QINNs in complex generative
tasks.
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the QINN and the reference INNs. True shows the distribution of the entire test set.
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