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QDataSet, quantum datasets for 
machine learning
Elija Perrier1,2,4 ✉, akram Youssry  1,3,4 & Chris Ferrie1

the availability of large-scale datasets on which to train, benchmark and test algorithms has 
been central to the rapid development of machine learning as a discipline. Despite considerable 
advancements, the field of quantum machine learning has thus far lacked a set of comprehensive 
large-scale datasets upon which to benchmark the development of algorithms for use in applied and 
theoretical quantum settings. In this paper, we introduce such a dataset, the QDataSet, a quantum 
dataset designed specifically to facilitate the training and development of quantum machine learning 
algorithms. The QDataSet comprises 52 high-quality publicly available datasets derived from 
simulations of one- and two-qubit systems evolving in the presence and/or absence of noise. the 
datasets are structured to provide a wealth of information to enable machine learning practitioners 
to use the QDataSet to solve problems in applied quantum computation, such as quantum control, 
quantum spectroscopy and tomography. accompanying the datasets on the associated GitHub 
repository are a set of workbooks demonstrating the use of the QDataSet in a range of optimisation 
contexts.

Background & Summary
Quantum machine learning (QML) is an emergent multi-disciplinary field combining techniques from quan-
tum information processing, machine learning and optimisation to solve problems relevant to quantum com-
putation1–4. The last decade in particular has seen an acceleration and diversification of QML across a rich 
variety of domains. As a discipline at the interface of classical and quantum computing, subdisciplines of QML 
can usefully be characterised by where they lie on the classical-quantum spectrum of computation5, ranging 
from quantum-native (using only quantum information processing) and classical (using only classical informa-
tion processing) to hybrid quantum-classical (a combination of both quantum and classical). At the conceptual 
core of QML is the nature of how quantum or hybrid classical-quantum systems can learn in order to solve or 
improve results in constrained optimisation problems. The type of machine learning of relevance to QML algo-
rithms very much depends on the specific architectures adopted. This is particularly the case for the use of QML 
to solve important problems in quantum control, quantum tomography and quantum noise mitigation. Thus 
QML combines concepts and techniques from quantum computation and classical machine learning, while also 
exploring novel quantum learning architectures.

While quantum-native QML is a burgeoning and important field, the more commonplace synthesis of 
machine learning concepts with quantum systems arises in classical-quantum hybrid architectures1,6–8. Such 
architectures are typically characterised by a classical parametrisation of quantum systems or degrees of free-
dom (measurement distributions or expectation values) which are updated according to classical optimisation 
routine. In applied laboratory and experimental settings, hybrid quantum-classical architectures remain the 
norm primarily due the fact that most quantum systems rely upon classical controls9,10. To this end, hybrid 
classical-quantum QML architectures which are able to optimise classical controls or inputs for quantum sys-
tems have wider, more near-term applicability for both experiments and NISQ11,12 devices. Recent literature 
on hybrid classical-quantum algorithms for quantum control13,14, noisy control15 and noise characterisation13 
present examples of this approach. Other recent approaches include the hybrid use of quantum algorithms and 
classical objective functions for natural language processing16. Thus the search for optimising classical-quantum 
QML architectures is well-motivated from a theoretical and applied perspective.

1Centre for Quantum Software and Information, University of Technology, Sydney, Sydney, 2000, Australia. 
2University of Sydney, Sydney, 2000, Australia. 3Quantum Photonics Laboratory and centre for Quantum 
Computation and Communication Technology, RMIT University, Melbourne, VIC, 3000, Australia. 4these authors 
contributed equally: Elija Perrier, Akram Youssry. ✉e-mail: eper2139@uni.sydney.edu.au

Data DESCrIPtor

oPEN

https://doi.org/10.1038/s41597-022-01639-1
http://orcid.org/0000-0001-7301-5834
mailto:eper2139@uni.sydney.edu.au
http://crossmark.crossref.org/dialog/?doi=10.1038/s41597-022-01639-1&domain=pdf


2Scientific Data |           (2022) 9:582  | https://doi.org/10.1038/s41597-022-01639-1

www.nature.com/scientificdatawww.nature.com/scientificdata/

Despite the increasing maturity of hybrid classical-quantum QML as a discipline, the field lacks many of the 
characteristics that have been core to the extraordinary successes of classical machine learning in general and 
deep learning in particular. Classical machine learning has been driven to a considerable extent by the availa-
bility of large-scale, high-quality accessible datasets against which algorithms can be developed and tested for 
accuracy, reliability and scalability. The availability of such datasets as MNIST17, ImageNet18, Netflix19 and other 
large scale corpora has acted as a catalyst to not just innovations within the machine learning community, but 
also for the development of benchmarks and protocols that have helped guide the field. Such datasets have also 
fostered important cross-collaborations among disciplines in ways that have advanced classical machine learn-
ing. By contrast, QML as a discipline lacks a similarly standardised set of canonical large-scale datasets against 
which machine learning researchers (along the quantum-classical spectrum) may benchmark their algorithms 
and upon which to base innovation. Moreover, the absence of such large-scale standardised datasets arguably 
holds back important opportunities for cross-collaboration among quantum physicists, computer science and 
other fields.

In this paper, we seek to address this gap in QML research by presenting a comprehensive dataset for use 
in QML tailored to solving problems in quantum control, quantum tomography and noise mitigation. The 
QDataSet is a dedicated resource designed for researchers across classical and quantum computation to develop 
and train hybrid classical-quantum algorithms for use in theoretical and applied settings relating to these sub-
fields of QML related to control, tomography and noise characterisation of quantum systems. We name this 
dataset QDataSet and our project the QML Dataset Project. The motivation behind the QML Dataset Project is 
to map out a similar data architecture for the training and development of QML as exists for classical machine 
learning. The focus of the QDataSet on quantum control, tomography and noise problems means that it is of 
most relevance to these areas as distinct from other areas of QML, such as the development of quantum-only 
machine learning architectures per se. The contributions of our paper are as follows:

 1. Presentation of QDataSet for quantum machine learning, comprising multiple rich large-scale datasets 
for use in training classical machine learning algorithms for a variety of quantum information process-
ing tasks including quantum control, quantum tomography, quantum noise spectroscopy and quantum 
characterisation;

 2. Presentation of desiderata of QML datasets in order to facilitate their use by theoretical and, in particular, 
applied researchers; and

 3. Demonstration of using the QDataSet for benchmarking classical and hybrid classical-quantum algorithms 
for quantum control.

Methods
overview. The QDataSet comprises 52 datasets based on simulations of one- and two-qubit systems evolv-
ing in the presence and/or absence of noise subject to a variety of controls. It has been developed to provide a 
large-scale set of datasets for the training, benchmarking and competitive development of classical and quan-
tum algorithms for common tasks in quantum sciences, including quantum control, quantum tomography and 
noise spectroscopy. It has been generated using customised code drawing upon base-level Python packages and 
TensorFlow in order to facilitate interoperability and portability across common machine learning and quantum 
programming platforms. Each dataset consists of 10,000 samples which in turn comprise a range of data relevant 
to the training of machine learning algorithms for solving optimisation problems. The data includes a range of 
information (stored in list, matrix or tensor format) regarding quantum systems and their evolution, such as: 
quantum state vectors, drift and control Hamiltonians and unitaries, Pauli measurement distributions, time series 
data, pulse sequence data for square and Gaussian pulses and noise and distortion data. The total compressed size 
of the QDataSet (using Pickle and zip formats) is around 14TB (uncompressed, several petabytes). Researchers 
can use the QDataSet in a variety of ways to design algorithms for solving problems in quantum control, quantum 
tomography and quantum circuit synthesis, together with algorithms focused on classifying or simulating such 
data. We also provide working examples of how to use the QDataSet in practice and its use in benchmarking cer-
tain algorithms. Each part below provides in-depth detail on the QDataSet for researchers who may be unfamiliar 
with quantum computing, together with specifications for domain experts within quantum engineering, quantum 
computation and quantum machine learning. The Supplementary Information contains extensive background 
material for researchers unfamiliar with quantum computation. The Supplementary Information also contains 
discussions of relevant definitions and concepts and so should be read in conjunction with this paper. We also set 
out further below examples applications of the QDataSet together with links to corresponding Jupyter notebooks. 
The notebooks are designed to illustrate basic problem solving in tomography, quantum control and quantum 
noise spectroscopy using the QDataSet. They are designed to enable machine learning researchers to input their 
algorithms into the relevant section of the code for testing and experimentation. Machine learning uptake often 
occurs via adapting example code and so we regard these examples as an important demonstration of the use-case 
for the QDataSet.

QDataSet methodological overview. In this section, we provide an overview of the methods according 
to which the QDataSet was developed. Our exposition includes detail of (i) the Hamiltonians used to generate 
the dataset, (ii) characteristics of control mechanisms used to control the evolution of the quantum simulations 
and (ii) measurement procedures by which information is extracted from the evolved quantum simulations. This 
section should be read in tandem with the Supplementary Materials. We aim to equip classical machine learn-
ing practitioners with a minimum working knowledge of our methodology to enable them to understand both 
how the datasets were generated and the ways in which quantum data and quantum computing differ from their 
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classical counterparts relevant to solving problems in quantum control, tomography and noise spectroscopy. Our 
focus, as throughout this paper, is on the application of classical and hybrid classical-quantum machine learning 
algorithms and techniques to solve constrained optimisation problems using quantum data (as distinct from the 
application of purely quantum algorithms). A synopsis of quantum postulates and quantum information process-
ing set out in the Supplementary Material aims also to provide a mapping between ways in which data and com-
putation is characterised in quantum contexts and their analogues in classical machine learning. For example, the 
description of dataset characteristics, dimensionality, input features, training data to what constitutes labels, the 
types of loss functions applicable are all important considerations in classical contexts. By providing a straightfor-
ward way to translate quantum dataset characteristics into typical classical taxonomies used in machine learning, 
we aim to help lower barriers to more machine learning practitioners becoming involved in the field of QML. A 
high-level summary of some of the types of quantum features that QML-dedicated datasets ideally would con-
tain is set out in the Supplementary Information. Our explication of the QDataSet below provides considerable 
detail on each quantum data feature contained within the datasets including parameters, assumptions behind our 
choice of quantum system specifications, measurement protocols and noise context. A dictionary of specifications 
for each example in the QDataSet is set out in Tables (7 and 8).

Scalability. The QDataSet was based on simulations of one and two-qubit systems only. The QDataSet was 
generated over a six-month period using the University of Technology, Sydney’s High Performance Computing 
(HPC) cluster. To generate the datasets, we wrote bespoke code in TensorFlow which enabled us to leverage 
GPU resources in a more efficient manner. As we discuss below, we were interested in developing a dataset that 
simulated noise affecting a quantum system. This required performing Monte Carlo simulations and solving 
Schrödinger’s equation several times for each dataset. While existing packages, such as Qutip (see below) are 
available to model the effect of noise on quantum systems, we chose not to rely upon such systems. The reason 
was that Qutip relies upon Lindblad master equations to simulate system/noise interactions which in turn rely 
upon the validity of certain assumptions and approximations. Chief among these is that noise is Markovian. In 
our datasets, we included coloured noise with a power-spectrum density which is non-Markovian. Furthermore, 
Qutip’s methods assumes a model of a quantum system interacting with a fermionic or bosonic bath which was 
not applicable in our case given we were modelling the imposition of classical noise using Monte Carlo methods.

The resource cost for simulating the various qubit systems depended upon whether we sought to simulate 
noise or distortion. We found, however, that simulating the two-qubit systems took a significant amount of 
time, nearly four-weeks of runtime for a single two-qubit system. While multiple nodes of the HPC cluster were 
utilised, even on the largest node on the cluster (with at least 50–100 cores and two GPUs), the simulation time 
was extensive, even using GPU-equipped clusters. We estimate that more efficient speedup could be obtained 
by directly simulating in lower-order languages, such as C++. For this reason, we restricted the QDataSet 
to simulations of at most two-qubit systems. Such a choice obviously limits direct real-world applications of 
algorithms trained on the QDataSet to one- and two-qubit systems generally. While this may appear a notable 
limitation given the growing abundance of higher-order multi-qubit NISQ systems, it remains the case that 
many experimental laboratories remain limited to small numbers of qubits. We expect in most situations that 
one and two-qubit gates are all that are available. Engineering more than two-body interactions is an incredible 
challenge and only available in certain architectures. NISQ devices offer promising next steps, but it is primarily 
one- and two-qubit systems that have demonstrated the type of long coherence times, fast gate execution and 
fault-tolerant operation needed for truly scalable quantum computation11,20,21. As a result, the QDataSet can be 
considered relevant to the state of the art. Additionally, simulating more than two qubits would have exceeded 
computational capacity constraints related to our specific simulated code which includes interactions and iter-
ations over different noise profiles. Moreover, developing algorithms on the basis of small qubit systems is a 
commonplace way of forming a basis for algorithms for larger multi-qubit systems: training classical machine 
learning algorithms on lower-order qubit systems has the benefit of enabling researchers to consider how such 
algorithms can or may learn multi-qubit relations which in turn can assist in algorithm design when applied to 
higher-order systems. Doing so will be an important step in building scalable databases for applying machine 
learning to problems in quantum computing.

One- and two-qubit hamiltonians. We begin by describing the QDataSet Hamiltonians which are integral to 
understanding the method by which the datasets were generated. First we describe the single-qubit Hamiltonian 
and then move to an exposition of the two-qubit case. For the single-qubit system, the drifting Hamiltonian is 
fixed in the form:

H t H( ) 1
2 (1)d d zσ= = Ω .

The Ω term represents the energy gap of the quantum system (the difference in energy between, for example, 
the ground and excited state of the qubit, recalling qubits are characterised by having two distinct quantum 
states). The single-qubit drift Hamiltonian for the QDataSet is time-independent for simplicity, though in real-
istic cases it will contain a time-dependent component. For the single-qubit control and noise Hamiltonians we 
have two cases based upon the concept of which axes controls and noise are applied. Recall we can represent a 
single qubit system on a Bloch sphere, with axes corresponding to the expectations of each Pauli operator and 
where operations of each Pauli operator constitute rotations about the respective axis. Our controls are control 
functions, mostly time-dependent, that apply to each Pauli operator (generator). They act to affect the amplitude 
over time of rotations about the respective Pauli axes. More detailed treatments of noise in quantum systems and 
quantum control contexts can be found in ref. 22.
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As discussed above, the functional form of the control functions fα(t) varies. We select both square pulses 
and Gaussian pulses as the form (see below). Each different noise function βα(t) is parameterised differently 
depending on various assumptions that are more specifically detailed in ref. 13 and summarised below. Noise and 
control functions are applied to different qubit axes in the single-qubit and two-qubit cases. For a single qubit, we 
first have single-axis control along x-direction:

σ=H t f t( ) 1
2

( )
(2)x xctrl

with the noise (interaction) Hamiltonian H1(t) along z-direction (the quantification axis):

β σ=H t t( ) 1
2

( )
(3)z z1

Here the function βz(t) (a classical noise function β(t) applied along the z-axis) may take a variety of forms 
depending on how the noise was generated (see below for a discussion of noise profiles e.g. N1-N6). It should 
be noted (for researchers unfamiliar with noise) noise rarely has a functional form and is itself difficult to char-
acterise (so β(t) should not be thought of as a simple function). For the second case, we implement multi-axis 
control along x- and y- directions and noise along x- and z-directions in the form:

σ σ= +H t f t f t( ) 1
2

( ) 1
2

( )
(4)x x y yctrl

H t t t( ) 1
2

( ) 1
2

( )
(5)x x z z1 β σ β σ= + .

Noiseless evolution may be recovered by choosing H1(t) = 0. For the two-qubit system, we chose the drifting 
Hamiltonian in the form:

σ σ σ σ= Ω ⊗ + Ω ⊗ .H t( ) 1
2

1
2 (6)d z z1 0 2 0

For the control Hamiltonians, we also have two cases. The first one is local control along the x-axis of each 
individual qubit, akin to the single-qubit case each. In the notation, f1α(t) indicates that the control function 
is applied to, in this case, the second qubit, while the first qubit remains unaffected (denoted by the ‘1’ in the 
subscript and by the identity operator σ0). We also introduce an interacting control. This is a control that acts 
simultaneously on the x-axis of each qubit, denoted by fxx(t):

H t f t f f t( ) 1
2

( ) 1
2

( )
(7)x x x x xx x xctrl 1 0 1 0σ σ σ σ σ σ= ⊗ + ⊗ + ⊗ .

The second two-qubit case is for local-control along the x- axis of each qubit only and is represented as:

H t f t f( ) 1
2

( ) 1
2

,
(8)x x x xctrl 1 0 1 0σ σ σ σ= ⊗ + ⊗

For the noise, we fix the Hamiltonian to be along the z-axis of both qubits, in the form:

β σ σ β σ σ= ⊗ + ⊗ .H t t( ) 1
2

( ) 1
2 (9)z z z z1 1 0 1 0

Notice, that for the case of local-only control and noiseless evolution, this will correspond to two 
completely-independent qubits and thus we do not include this case, as it is already covered by the single-qubit 
datasets. We also note that not all interaction terms (such as σz ⊗ σz need be included in the Hamiltonian. The 
reason for this is that to achieve universal control equivalent to including all generators, one only need include 
one-local control for each qubit together with interacting (entangling) terms. As detailed in the Supplementary 
Information, assuming one has a minimal set of Pauli generators in the Hamiltonian, one may synthesise any 
Pauli gate of interest for the one- or two-qubit systems (i.e. given two Pauli gates, one can synthesise the third), 
thus achieve effective universal control.

To summarise, the QDataSet includes four categories for the datasets set-out in Table 5. The first two catego-
ries are for 1-qubit systems, the first is single axis control and noise, while the second is multi-axis control and 
noise. The third and fourth categories are 2-qubit systems with local-only control or with an additional interact-
ing control together with noise.

Control. The control pulse sequences in the QDataSet consist of two types of waveforms. The first is a train of 
Gaussian pulses, and the other is a train of square pulses, both of which are very common in actual experiments. 
Square pulses are the simplest waveforms, consisting of a constant amplitude Ak applied for a specific time 
interval Δtk:

Δ = = Δf t f A t( ) (10)k k k
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where k runs over the total number of time-steps in the sequence. The three parameters of such square pulses 
are the amplitude Ak, the position in the sequence k and the time duration over which the pulse is applied Δt. 
In the QDataSet, the pulse parameters are stored in a sequence of vectors {an}. Each vector an is of dimension 
r parameters of each pulse (e.g. the Gaussian pulse vectors store the amplitude, mean and variance, the square 
pulse vectors store pulse position, time interval and amplitude), enabling reconstruction of each pulse from 
those parameters if desired. For simplicity, we assume constant time intervals such that Δtk = Δt. The Gaussian 
waveform can be expressed as:

∑= μ σ

=

− −f t A e( )
(11)k

n

k
t

1

( ) /2k k
2 2

where n is the number of Gaussian pulses in the sequence. The parameters of the Gaussian pulses differ some-
what from those of the square pulses. Each of the n pulses in the sequence is characterised by a set of 3 param-
eters: (i) the amplitude Ak (as with the square pulses), (ii) the mean μk and (iii) the variance σk of the pulse 
sequence. Thus in total, the sequence is characterised by 3n parameters. The amplitudes for both Gaussian and 
square pulses are chosen uniformly at random from the interval [Amin, Amax], the standard deviation for all 
Gaussian pulses in the train is fixed to σk = σ, and the means are chosen randomly such that there is minimal 
amplitude in areas of overlapping Gaussian waveform for the pulses in the sequence. The pulse sequences can 
be represented in the time or frequency domains23. The QDataSet pulse sequences are represented using the 
time-domain as it has been found to be more efficient feature for machine learning algorithms13.

As discussed in13, the choice of structure and characteristics of quantum datasets depends upon the particular 
objectives and uses cases in question, the laboratory quantum control parameters and experimental limitations. 
Training datasets in machine learning should ideally be structured so as to enhance the generalisability. In the 
language of statistical learning theory, datasets should be chosen so as to minimise the empirical risk associated 
with candidate sets of classifiers24,25. In a quantum control context, this will include understanding for example 
the types of controls available to researchers or in experiments, often voltage or (microwave) pulse-based26. 
The temporal spacing and amplitude of each pulse in a sequence of controls applied during an experiment may 
vary by design or to some degree uncontrollably. Pulse waveforms can also differ. For example, the simplest 
pulse waveform is a constant-amplitude pulse applied for some time Δt27. Such pulses are characterised by for 
example a single parameter, being the amplitude of the waveform applied to the quantum system (this manifests 
as we discuss below as an amplitude applied to the algebraic generators of unitary evolution (see refs. 14,28 for 
an example)). Other models of pulses (such as Gaussian) are more complex and require more sophisticated 
parametrisation and encoding with machine learning architectures in order to simulate. More detail on such 
considerations and the particular pulse characteristics in the QDataSet are set-out in Tables (7 and 8).

QDataSet noise methodology. Noise characteristics. The QDataSet was developed using methods that 
aimed to simulate realistic noise profiles in experimental contexts. Noise applicable to quantum systems is gen-
erally classified as either classical or quantum29. Classical noise is represented typically as a stochastic process22 
and can include, for example (i) slow noise which is pseudo-static and not varying much over the characteristic 
time scale of the quantum system and (ii) fast or ‘white’ noise with a high frequency relative to the characteristic 
frequencies (energy scales) of the system30. The effect of quantum noise on quantum systems is usually classified 
in two forms. The first is dephasing (T2) noise, which characteristically causes quantum systems to decohere, thus 
destroying or degrading quantum information encoded within qubits. Such noise is usually characterised as an 
operator acting transverse to the quantisation axis of chosen angular momentum.

What this means in practice for the use of the QDataSet is usefully construed as follows using a Bloch sphere. 
Once an orientation (x,y,z-axes) is chosen, one is effectively choosing a choice of basis i.e. the basis of a typical 
qubit |ψ⟩ = a|0⟩ + b|1⟩ is the basis of eigenstates of the σz operator. When noise acts along the z-axis (i.e. is asso-
ciated to the σz operator), then it has the potential to (if the energy of the noise is sufficient) shift the energy state 
in which the quantum system is in, represented by a ‘flip’ in the basis from |0⟩ to |1⟩ for example. This type of 
noise is T1 noise. By contrast, noise may act along x- and y-axes of a qubit, which is represented as being associ-
ated with the σx and σy operators. These axes are ‘transverse’ to the quantisation axis. Noise along these axis has 
the effect of dephasing a qubit, thus affecting the coherences encoded in the relative phases of the qubit. Such 
noise is denoted T2 noise. Open quantum systems’ research and understanding noise in quantum systems is a 
vast and highly specialised topic. As we describe below, the QDataSet adopts the novel approach outlined in ref. 
13 where, rather than seeking to fully characterise noise spectra, the only the information about noise relevant to 
the application of controls (to dampen noise) is sought. Such information is encoded in the VO operator, which 
is an expectation that encodes the influence of noise on the quantum system (see the section on “QDataSet noise 
operators” below). In a quantum control problem using the QDataSet samples containing noise, for example, the 
objective would then be to select controls that neutralise such effects.

QDataSet noise profiles. In developing the QDataSet, we chose sets of noise profiles with different statistical 
properties. The selected noise profiles have been chosen to emulate commonplace types of noise in experimental 
settings. Doing so improves the utility of algorithms trained using the QDataSet for application in actual experi-
mental and laboratory settings. While engineers and experimentalists across quantum disciplines will usually be 
familiar with theoretical and practical aspects of noise in quantum systems, many machine learning and other 
researchers to whom the QDataSet is directed will not. To assist machine learning practitioners whom may not 
be familiar with elementary features of noise, it is useful to understand a number of conceptual classifications 
related to noise used in the QDataSet as follows: (i) power spectral density (which describes the distribution of 
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the noise signal over frequency); (ii) white noise (usually high-frequency noise with a flat frequency); (iii) colored 
noise, a stochastic process where values are correlated spatially or temporally; (iv) autocorrelated stochasticity, 
which describes where the noise waveform characteristics are biased by tending to be short (blue) or long (red) as 
distinct from unautocorrelated noise, where waveforms are relatively uniformly distributed across wavelengths; 
and (v) stationary noise (a waveform with a constant time period) and non-stationary noise (a waveform with 
a varying time period). See literature on noise in signal processing for more detail (such as ref. 31 for an intro-
duction or ref. 22 for a more advanced quantum treatment). The noise realizations are generated in time domain 
following one of these profile listed as follows (see ref. 13 for specific functional forms):

•	 N0: this is the noiseless case (indicated in the QDataSet parameters as set out in Tables (7 and 8);
•	 N1: the noise β(t) is described by its power spectral density (PSD) S1(f), a form of 1/f noise with a Gaussian 

bump;
•	 N2: here β(t) is stationary Gaussian colored noise described by its autocorrelation matrix; chosen such that 

it is colored, Gaussian and stationary (typically lower frequency) and is produced via convolving Gaussian 
white noise with a deterministic signal;

•	 N3: here the noise β(t) is non-stationary Gaussian colored noise, again described by its autocorrelation matrix 
which is chosen such that it is colored, Gaussian and non-stationary. The noise is simulated via multiplication 
of a deterministic time-domain signal with stationary noise;

•	 N4: in this case, the noise β(t) is described by its autocorrelation matrix chosen such that it is colored, 
non-Gaussian and non-stationary. The non-Gaussianity of the noise is achieved via squaring the Gaussian 
noise so as to achieve requisite non-linearities;

•	 N5: a noise described by its power spectral density (PSD) S5(f), differing from N1 only via the location of the 
Gaussian bump; and

•	 N6: this profile is to model a noise source that is correlated to one of the other five sources (N1-N5) through a 
squaring operation. If the β(t) is the realization of one of the five profiles, N6 will have realizations of the form 
β2(t). This profile is used for multi-axis and multi-qubit systems.

The N1 and N5 profiles can be generated following the method described in ref. 13 (see the section entitled 
“Implementation” onwards). Regarding the other profiles, any standard numerical package can generate white 
Gaussian stationary noise. The QDataSet noise realisations were encoded using the Numpy package of Python. 
We deliberately did so in order to avoid various assumptions used in common quantum programming packages, 
such as Qutip.

To add coloring, we convolve the time-domain samples of the noise with some signal. To generate 
non-stationarity, we multiply the time-domain samples by a some signal. finally, to generate non-Gaussianity, 
we start with a Gaussian noise and apply non-linear transformation such as squaring. The last noise profile is 
used to model the case of two noise sources that are correlated with each other. In this case we generate the first 
one using any of the profiles N1-N5, and the other source is completely determined.

Distortion. In physical experiments, the control pulses are physical signals (such as microwave pulses), which 
propagate along cables and get processed by different devices. This introduces distortions which cannot be 
avoided in any real devices. However, by properly engineering the systems, the effects of these distortions can be 
minimized and/or compensated for in the design. In this paper, we used a linear-time invariant system to model 
distortions of the control pulses, and the same filter is used for all datasets. We chose a Chebychev analogue 
filter32 with an undistorted control signal is the input and distorted the filter output signal. Table (6) sets out a 
summary of key parameters.

QDataSet noise operators. In developing the QDataSet, we have assumed that the environment affecting the 
qubit is classical and stochastic, namely that H1(t) will be a stochastic term that acts directly on the system. The 
stochasticity of H1(t) means that the expectation of any observable measured experimentally will be given as:

ρ=O T OTr( ( ) ) , (12)c c

where O represents the measurement operator corresponding to the observable of interest (e.g. =.O Mm in 
notation above) and the 〈·〉c is a classical expectation over the distribution of the noise realizations. It can then 
be shown (see ref. 13) that this can be expressed in term of the initial state ρ(0), and the evolution fixed over the 
time interval [0, T] as:

ρ=O T V T U T U T O( ) Tr( ( ) ( ) (0) ( ) ) (13)O 0 0
†

where T= ∫
+

−U T e( ) i H t dt
0

( )T
0 0  is the evolution matrix in the absence of noise and:

V T W T( ) ( ) (14)O O c=

⟨ ⟩
†

=. .∼ ∼−O U T OU T( ) ( ) (15)I I c
1

is a novel noise operator introduced in13 which characterises the expectation of noise relevant to synthesising 
counteracting control pulses. We encapsulate the full quantum evolution via the operator WO (T). Note that VO 
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is formed via the partial tracing out of the effect of the noise and its interaction with the control pulses, so 
encodes only those features of importance or relevance to impact of noise (not the full noise spectrum). 
Importantly, the use of the VO operator is designed to allow information about noise and observables to be sep-
arated (a hallmark of dynamic decoupling approaches). The modified interaction unitary ∼U T( )I  is defined such 
that:

U T U T U T( ) ( ) ( ), (16)I 0= ∼

where = ∫
+

−TU T e( ) i H t dt( )T
0  is the full evolution matrix. This contrasts the conventional definition of the inter-

action unitary which takes the form U(T) = U0(T)UI(T). The VO operator is used in the simulation code for the 
QDataSet to characterise the effect of noise on such values. Ideally, in a noise-free scenario, those expectations 
should tend to zero (representative of the absence of noise). The idea for including such noise operators is that 
this data can then be input into machine learning models to assist the algorithms to learn appropriate, for exam-
ple, pulse sequences or controls that send VO → I (neutralising the noise).

A detailed explanation and example of the use of the VO operator is provided in ref. 13. For machine learning 
practitioners, the operator VO may, for example, be used in an algorithm that seeks to negate the effect of VO. The 
utility of this approach is that full noise spectroscopy is not required.

QDataSet measurement methodology. QDataSet POVMs. The simulated quantum measurements of 
the QDataSet are inherently probabilistic. As set out in the Supplementary Information, measurement of quan-
tum systems yields an underlying probability distribution over the possible measurement outcomes (observables) 
mi of the system which are in turn determined by the state of the system and the measurement process. There are 
several ways to describe quantum measurements mathematically. The most common method (which we adopted) 
involves projective measurements. In this case, an observable O is described mathematically by a Hermitian oper-
ator. The eigendecomposition of the operator can be expressed in the form O = ∑m mPm, where m are the eigen-
values, and Pm are the associated projectors into the corresponding eigenspace. The projectors Pm must satisfy that 

=P Pm m
2 , and that ∑m Pm = I (the identity operator), to ensure we get a correct distribution for the outcomes. In 

more sophisticated treatments, the operators O belong to POVM described above which partition the Hilbert 
space H into distinct projective subspaces mH  associated with each POVM operator O. The probability of meas-
uring an observable is given by:

ρ=m PPr( ) Tr( ), (17)m

for a system in the state ρ. The expectation value of the observable is given by:

O O mP m mTr( ) Tr Pr( )
(18)m

m
m

⟨ ⟩ ∑ ∑ρ ρ= =










= .

As detailed below, the QDataSet contains measurement outcomes for a variety of noiseless and noisy systems. 
The POVM chosen is the set of Pauli operators for one and two-qubit systems. The measurement operators 
chosen are the Pauli operators described below and the QDataSet contains the expectation values for each Pauli 
measurement operator. In a classical machine learning context, these measurement statistics form training data 
labels in optimisation problems, such as designing algorithms that can efficiently sequence control pulses in 
order to efficiently (time-minimally) synthesise a target state or unitary (and thus undertake a quantum com-
putation) of interest.

Pauli matrices. The POVM for the QDataSet is the set of Pauli operators which are important operators in 
quantum information processing involving qubit systems. This is in part because such qubit systems can be 
usefully decomposed into a Pauli operator basis via the Pauli matrices:

( ) ( ) ( )i
i

0 1
1 0 , 0

0 , 1 0
0 1 (19)x y zσ σ σ= = − =

−

together with the identity (denoted σ0). Pauli operators are Hermitian (with eigenvalues +1 and −1), traceless 
and satisfy that Ii

2σ = . Together with the identity matrix (which is sometime denoted by σ0), they form an 
orthonormal basis (with respect to the Hilbert-Schmidt product defined as A,B = Tr(A†B)) for any 2 × 2 
Hermitian matrix. QDataSet qubit states can then be expressed in this basis via the density matrix:

ρ σ= + ⋅I r1
2

( ) ,
(20)

where the vector r = (rx, ry, rz) is a unit vector called the Bloch vector, and the vector σ = (σx, σy, σz). The dot 
product of these two vectors is just a shorthand notation for the expression r·σ = rx σx + ry σy + rz σz. Any 
time-dependent Hamiltonian of a qubit can be expressed as

∑ α σ=
∈

H t t( ) ( ) ,
(21)i x y z

i i
{ , , }

with the time-dependence absorbed in the coefficients αi (t).
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Pauli measurements. The measurements simulated in the QDataSet are what are known as Pauli measure-
ments. These are formed by taking the expectation value of each Pauli matrix e.g. Tr(ρσi) for I ∈ {x, y, z} (the 
identity is omitted). The resultant measurement distributions will typically form labelled data in a machine 
learning context. Measurement distributions are ultimately how various properties of the quantum system are 
inferred (i.e. via reconstructive inference), such as the characteristics of quantum circuits, evolutionary paths 
and tomographical quantum state description. As we describe below, measurements in the QDataSet comprise 
measurements on each eigenstate (six in total) of each Pauli operator by all Pauli operators. Hermitian operators 
have a spectral decomposition in terms of eigenvalues and their corresponding projectors

( )P I0 0 1
2

( ) 1 0
0 0 (22)z0 σ= = + =∣ ⟩ ⟨ ∣

∣ ⟩ ⟨ ∣ σ= = − = ( )P I0 0 1
2

( ) 0 0
0 1 (23)z1

thus we can write:

σ = × − ×( ) ( )1 1 0
0 0 1 0 0

0 1 (24)z

For example, a Pauli measurement on a qubit in the −1 eigenstate with respect to the σz operator

ρσ = 

 −



 =

−
= −( ) ( ) ( )Tr( ) Tr 0 0

0 1
1 0
0 1 Tr 0 0

0 1 1
(25)z

†

which is as expected. The probability of observing λ = −1 in this state we should expect to be unity (given the 
state is in the eigenstate):

ρ= − = =Pr m P( 1) Tr( ) 1 (26)1
2

For n-qubit systems (such as two-qubit systems in the QDataSet), Pauli measurements are represented by 
tensor-products of Pauli operators. For example, a σz measurement on the first qubit and σx on the second is 
represented as:

σ σ⊗ (27)z x

In programming matrix notation, this becomes represented as a 4 × 4 matrix (tensor):

σ σ⊗ =
−

⊗( ) ( )1 0
0 1

0 1
1 0 (28)z X

=







×

− ×







( )
( )

1 0 1
1 0 0

0 1 0 1
1 0 (29)

=






−

−







0 1 0 0
1 0 0 0
0 0 0 1
0 0 1 0 (30)

The Pauli representation of qubits used in the QDataSet can be usefully visualised via the Bloch sphere as per 
Fig. 4. The axes of the Bloch sphere are the expectation values of the Pauli σx, σy and σz operators respectively. As 
each Pauli operator has eigenvalues 1 and −1, the eigenvalues can be plotted along axes of the 2-sphere. For a 
pure (non-decohered) quantum state ρ, ρ = + + =∣ ∣ r r r 1x y z

2 2 2  (as we require Trρ2 = 1), thus ρ is repre-
sented on the Bloch 2-sphere as a vector originating at the origin and lying on the surface of the Bloch 2-sphere. 
The evolution of the qubit i.e. a computation according to unitary evolution can then be represented as rotations 
of ρ across the Bloch sphere. In noisy contexts, decohered ρ are represented whereby |ρ| < 1 i.e. the norm of ρ 
shrinks and ρ no longer resides on the surface.

For machine learning practitioners, it is useful to appreciate the operation of the QDataSet Pauli operators 
σx, σy, σz as the generators of rotations about the respective axes of the Bloch sphere. Represented on a Bloch 
sphere, the application of σz to a qubit is equivalent to rotating the quantum state vector ρ about the z-axis (see 
Fig. 4). Conceptually, a qubit is in a z-eigenstate if it is lying directly on either the north (+1) or south (−1) pole. 
Rotating about the z-axis then is akin to rotating the vector on the spot, thus no change in the quantum states 
(or eigenvalues) for σz occurs because the system exhibits symmetry under such transformations. This is simi-
larly the case for σx, σy generators with respect to their eigenvalues and eigenvectors. However, rotations by σα 
will affect the eigenvalues/vectors in the σβ basis where α ≠ β e.g. a σx rotation will affect the component of the 
qubit lying along the σz axis. Similarly, a σz rotation of a qubit in a σx eigenstate will alter that state (shown in (a) 
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and (b) of Fig. 4). An understanding of Pauli operators and conceptualisation of qubit axes is important to the 
understanding of the simulated QDataSet. An understanding of symmetries of relevance to qubit evolution (and 
quantum algorithms) is also beneficial. As we describe below, controls or noise are structured to be applied along 
particular axes of a qubit and thus can be thought of as a way to control or distortions upon the axial rotations of 
a qubit effected by the corresponding Pauli generator.

There exist higher dimensional generalization to the Pauli matrices that allow forming orthonormal basis to rep-
resent operators in these dimensions. In particular if we have a system of N qubits, then one simple generalization is to 
form the set { }i i i

N

i x y z

(1) (2) ( )

{0, , , }N
j

1 2
σ σ σ⊗ ⊗

∈
� . In other words we take tensor products of the Pauli’s which gives a set 

of size 4N. For example, for a two-qubit system we can form the 16- element set { , ,x0 0 0σ σ σ σ⊗ ⊗  
σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ σ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗ ⊗, , , , , , , , , , , , ,y z x x x x y x z y y x y y y z z z x z y0 0 0 0 0  
σ σ⊗ .}z z  Moreover, for many use cases, we are interested in the minimal number of operators, such as Pauli operators, 
required to achieve a requisite level of control, such as universal quantum computation.

For the single qubit system, initial states are the two eigenstates of each Pauli operator. As noted above, the 
quantum state can be decomposed in the Pauli basis as ρ σ= ±I( )j j

1
2

, for j = 1, 2, 3. This gives a total of 6 
states. We perform the three Pauli measurements on each of these states, resulting in a total of 18 possible com-
binations. These 18 measurements are important to characterize a qubit system. For two-qubits, it will be similar 
but now we initialize every individual qubit into the 6 possible eigenstates, and we measure all 15 Pauli observ-
ables (we exclude identity). This gives a total of 540 possible combinations.

Monte carlo measurements. Measurements of the one- and two-qubit systems for the QDataSet are undertaken 
using Monte Carlo techniques. This means that a random Pauli measurement is undertaken multiple times, 
with the measurement results averaged in order to provide the resultant measurement distribution for each of 
the POVM operators. The measurement of the quantum systems is contingent on the noise realisations for each 
system. For the noiseless case, the Pauli measurements are simply the Monte Carlo averages (expectations) of 
the Pauli operators. Systems with noise will have one or more noise realisations (applications of noise) applied 
to them. To account for this, we include two separate sets of measurement distribution. The first the expectation 
value of the three Pauli operators over all possible initial states for each different noise realisation. These statistics 
are given by the set {VO} in the QDataSet. Thus for each type of noise, there will be a set of measurement statis-
tics. The second is a set of measurement statistics where we average over all noise realisations for the dataset. This 
second set of measurements is given by the set {EO}. Including both sets of measurements enables algorithms 
trained using the QDataSet to be more fine-grained in their treatment of noise: in some contexts, while noise 
profiles may be uncertain, it is clear that the noise is of a certain type, so the first set of measurement statistics 
may be more applicable. For other cases, there is almost no information about noise profiles or their sources, in 
which case the average over all noise realisations may be more appropriate.

Monte carlo simulator. For the benefit of researchers using the QDataSet, we briefly set out a bit more detail 
of how the datasets were generated. The simulator comprises three main components. The first approximates 
time-ordered unitary evolution. The second component generates realisations of noise given random parametri-
sations of the power spectral density (PSD) of the noise. The third component simulates quantum measurement. 
The simulations are based upon Monte Carlo methods whereby K randomised pulse sequences give rise to 
noise realisations. The quantum systems are then measured to determine the extent to which the noise realisa-
tions affect the expectation values. Trial and error indicated a stabilisation of measurement statistics at around 
K = 500, thus K ≥ 1000 was chosen for the final simulation run to generate the QDataSet. The final Pauli meas-
urements are then averages over such noise realisations. The parameter K is included for each dataset and exam-
ple (as described below). For more detail, including useful pseudocode that sets out the relationship between 
noise realisations, β(t) and measurement, see the Supplementary Material in ref. 13.

Data records
Dataset description and format. The QDataSet is available via the Cloudstor online data reposi-
tory (https://cloudstor.aarnet.edu.au/plus/s/rxYKXBS7Tq0kB8o) as set out in ref. 33.

QDataSet form. Quantum information in the QDataSet is stored following the Tensorflow convention of inter-
preting multidimensional arrays. For example the noise Hamiltonian for one example is stored as a (1, M, K, 2, 2) 
array, where the first dimension is the batch, the second is time assuming M steps, then whatever comes next is 
related to the object itself. In this case the third dimension denotes the noise realization assuming a maximum of 
K realizations, and the last two dimensions ensure we have a square matrix of size 2.

The simulation of the datasets is based on a Monte Carlo method, where a number of evolution trajecto-
ries are simulated and then averaged to calculate the observables. The exact details can be found in ref. 13 (see 
“Implementation” section) which we reproduce and expand upon in this paper for completeness.

QDataSet parameters. Further detail regarding the 52 datasets that we present in this paper for use solving 
engineering applications discussed in section using classical machine learning can be found on the repository 
for the QDataSet33. Table (1) sets out the taxonomy of each of the 52 different datasets. Each dataset comprises 
10,000 examples that are compressed into a Pickle file which is in turn compressed into a zip file. The Item field 
indicates the dictionary key and the Description field indicates the dictionary value.
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Datasets and naming convention. Each dataset can be categorised according to the number of qubits in 
the system and the noise profile to which the system was subject. Table (5) sets out a summary of such categories. 
While other types of profiles or combinations could have been utilised, our aim was to select categories which 
reflect the types of noise and categorisations relevant to experimental laboratories working on problems such as 
quantum computation. For category 1 of the datasets, we created datasets with noise profiles N1, N2, N3, N4, 
together with the noiseless case. This gives a total of 5 datasets. For category 2, the noise profiles for the X and Z 
axes respectively are chosen to be (N1, N5), (N1, N6), (N3, N6). Together with the noiseless case, this gives a total 
of 4 datasets. For category 3 (two-qubit system), we chose only the 1Z (identity on the first qubit, noise along the 
z- axis for the second) and Z1 (noise along the z- axis for the first qubit, identity along the second) noise to follow 
the (N1,N6) profile. This category simulates two individual qubits with correlated noise sources. For category 
4, we generate the noiseless, (N1, N5), and (N1, N6) for the 1Z and Z1 noise. This gives 3 datasets. Therefore, 
the total number of datasets at this point is 13. Including the two types of control waveforms, this gives a total 
of 26. If we also include the cases of distortion and non-distorted control, then this gives a total of 52 datasets. 
Comprehensive detail on the noise profiles used to generate the datasets is set-out above.

We chose a convention for the naming of the dataset to try delivering as much information as possible about 
the chosen parameters for this particular dataset. The name is partitioned into 6 parts, separated by an under-
score sign “_”. We explicate each part below:

 1. The first part is either the letter “G” or “S” to denote whether the control waveform is Gaussian or square.
 2. The second part is either “1q” or “2q” to denote the dimensionality of the system (i.e. the number of 

qubits).
 3. The third part denotes the control Hamiltonian. It is formed by listing down the Pauli operators we are 

using for the control for each qubit, and we separate between qubit by a hyphen “-”. For example, category 1 
datasets will have “X”, while category 4 with have “IX-XI-XX”.

Item Description

simulation_ parameters

name: name of the dataset;
dim: the dimension 2n of the Hilbert space for n qubits (dimension 2 for single qubit, 4 for two qubits);
Ω: the spectral energy gap;
static_operators: a list of matrices representing the time-independent parts of the Hamiltonian (i.e. drift 
components);
dynamic_operators: a list of matrices representing the time-dependent parts of the Hamiltonian (i.e. control 
components), without the pulses. So, if we have a term f t g t( ) ( )x yσ σ+ , this list will be [ , ]x yσ σ . This dynamic 
operators are further distinguished (and labelled) according to being (i) undistorted pulses (labelled pluses) or (ii) 
distorted pulses (labelled distorted);
noise_operators: a list of time-dependent parts of the Hamiltonian that are stochastic (i.e. noise components). so if 
we have terms like β σ β σ+t t( ) ( )z y1 2 , the list will be [ , ]z yσ σ ;
measurement_operators: Pauli operators (including identity) (I , , ,x y zσ σ σ )’
initial_states: the six eigenstates of the Pauli operators;
T: total time (normalised to unity);
num_ex: number of examples, set to 10,000;
batch_size: size of batch used in data generation (default is 50);
K: number of randomised pulse sequences in Monte Carlo simulation of noise (set to K=2000);
noise_profile: N0 to N6 (see above);
pulse_shape: Gaussian or Square;
num_pulses: number of pulses per interval;
elapsed_time: time taken to generate the datasets.

pulse_parameters
The control pulse sequence parameters for the example:
Square pulses: Ak amplitude at time tk;
Gaussian pulses: Ak (amplitude), μ (mean) and σ (standard deviation).

time_range A sequence of time intervals tjΔ  with j = 1, ..., M;

pulses Time-domain waveform of the control pulse sequence.

distorted_pulses Time-domain waveform of the distorted control pulse sequence (if there are no distortions, the waveform will be 
identical to the undistorted pulses).

expectations
The Pauli expectation values 18 or 52 depending on whether one or two qubits (see above). For each state, the 
order of measurement is: , ,x y zσ σ σ  applied to the evolved initial states. As the quantum state is evolving in time, 
the expectations will range within the interval [1, −1].

VO operator The VO operators corresponding to the three Pauli observables, obtained by averaging the operators WO over all 
noise realizations.

noise Time domain realisations of the relevant noise.

H0 The system Hamiltonian H0(t) for time-step j.

H1 The noise Hamiltonian H1(t) for each noise realization at time-step j.

U0 The system evolution matrix U0(t) in the absence of noise at time-step j.

UI The interaction unitary UI(t) for each noise realization at time-step j.

VO
Set of 3 × 2000 expectation values (measurements) of the three Pauli observables for all possible states for each 
noise realization. For each state, the order of measurement is: , ,x y zσ σ σ  applied to the evolved initial states.

EO
The expectations values (measurements) of the three Pauli observables for all possible states averaged over all 
noise realizations. For each state, the order of measurement is: , ,x y zσ σ σ  applied to the evolved initial states.

Table 1. QDataSet characteristics. The left column identifies each item in the respective QDataSet examples 
(expressed as keys in the relevant Python dictionary) while the description column describes each item.

https://doi.org/10.1038/s41597-022-01639-1


1 1Scientific Data |           (2022) 9:582  | https://doi.org/10.1038/s41597-022-01639-1

www.nature.com/scientificdatawww.nature.com/scientificdata/

 4. The fourth part and fifth parts indicate (i) the axis along which noise is applied (fourth part) and (ii) the 
type of noise along each axis (fifth part). So “G_2q_IX-XI_IZ-ZI_N1-N6” represents two qubits with con-
trol along the x axis of each qubit, while the noise is applied along the z-axis of each. In this case, N1 noise 
is applied along the z-axis of the first qubit and N6 noise is applied along the z-axis of the second qubit. For 
datasets where no noise is applied, these two parts are omitted.

 5. Finally, the sixth part denotes the presence of control distortions by the letter “D”, otherwise it is not 
included.

For example, the dataset “G_2q_IX-XI-XX_IZ-ZI_N1-N6” is two qubit, Gaussian pulses with no distortions, 
local X control on each qubit and an interacting XX control along with local noise on each qubit with profile 
N1 on the first qubit z-axis and N6 on the second qubit z-axis. Another example the dataset “S_1q_XY_D”, is a 
single-qubit system with square distorted control pulses along X and Y axis, and there is no noise.

technical Validation
Technical validation of the QDataSet was undertaken by comparing the QDataSet data against leading quantum 
simulation toolkit Qutip, an open-source software for simulating the dynamics of open quantum systems34. For 
each of the 26 different simulated systems (each comprising a noisy and noise-free case), the procedure set out 
below was adopted. A Jupyter notebook containing the code used for technical validation and verification of the 
datasets is available on the QDataSet repository.

Distortion analysis. Firstly, for each of the one- and two-qubit datasets, the distorted and undistorted pulse 
sequences were compared for a sample of examples from each dataset in order to assess the effect of relevant 
distortion filters. A plot of the comparison for the single-qubit case with Gaussian control along the x-axis is pre-
sented in Fig. (1). The plot compares the distorted sequence of control Gaussian control pulses for the undistorted 
case (blue) and distorted case (orange). The expectation was for a shift in the Gaussian pulse curves as a result 
of the distortion filters. An error with the datasets would have seen the distorted pulses not resemble such the 
undistorted pulses significantly and, moreover, would have likely seen non-Gaussian pulse forms. As can be seen 
from Fig. (1), the distorted and undistorted pulses appear almost identical but for a shift and a minor amplitude 
(f(t)) reduction in the distorted case, which was seen for each example. This provided us with assurance that sim-
ulation was appropriately modelling distortion of the pulses. As a second assurance, we plotted the effect of the 
distortion filter (when applied) and evaluate the frequency response of the filter. The aim of this process was to 
identify visually whether the form frequency response H(Ω) and phase response Ω exhibit the appropriate form 
(i.e. no obvious errors). The verification plot is shown in Fig. (2).

Comparison with Qutip. The second and primary technical validation of the QDataSet was undertaken by 
comparing mean expectation values of observables for subsamples of each of the datasets against the equivalent 
expectations for simulations and measurements undertaken in using Qutip34. To generate the Qutip equivalents, 
the equivalent parameters (e.g. Hamiltonian parameters, pulse parameters) were input into Qutip to generate the 
relevant outputs. For each dataset in the QDataSet, the verification procedure was run on varying samples. To 
undertake this process, we adopted two validation strategies Figs. 3, 4.

•	 Mean expectation of all observables over all noise realisations. In this case, for a sample of examples from each 
dataset in the QDataSet, the mean expectation over all noise realisations for all observables (i.e. measure-
ments) was compared against the same mean measurements for the equivalent simulation generated in Qutip. 

Fig. 1 Plot of an undistorted (orange) pulse sequence against a related distorted (blue) pulse sequence for the 
single-qubit Gaussian pulse dataset with x-axis control (‘G_1q_X’) over the course of the experimental runtime. 
Here f(t) is the functional (Gaussian) form of the pulse sequence for time-steps t. These plots were used in the 
first step of the verification process for QDataSet. The shift in pulse sequence is consistent with expected effects 
of distortion filters. The pulse sequences for each dataset can be found in simulation_parameters =⇒ dynamic_
operators =⇒ pulses (undistorted) or distorted_pulses for the distorted case (see Table (1) for a description of the 
dataset characteristics).
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Fig. 4 An example of a quantum state rotation on the Bloch sphere. The |0 > 0, |1⟩ indicates the σz-axis, the X 
and Y the σx and σy axes respectively. In (a), the vector is residing in a +1 σx eigenstate. By rotating about the σz 
axis by π/4, the vector is rotated to the right, to the +1 σy eigenstate. A rotation about the σZ axis by angle θ is 
equivalent to the application of the unitary θ θ σ= −U i( ) exp( /2)z z .

Fig. 2 The frequency response (left) and the phase response (right) of the filter that is used to simulate 
distortions of the control pulses. The frequency is in units of Hz, and the phase response is in units of rad.

Fig. 3 Plot of average observable (measurement) value for all observables (index indicates each observable 
in order of Pauli measurements) for all measurement outcomes for samples drawn from dataset G_1q_X 
(using TensorFlow ‘tf ’, orange line) against the same mean for equivalent simulations in Qutip (blue line - not 
shown due to identical overlap) for a single dataset. Each dataset was sampled and comparison against Qutip 
was undertaken with equivalent results. The error between means was of order 10−6 i.e. they were effectively 
identical (so the blue line is not shown).
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This was done for the noiseless and noisy case. The two means were then compared. On average the error 
(difference between the means) of the order 10−06, demonstrating the equivalence of the QDataSet simulation 
code with that from Qutip. A plot is set out in  Fig. 3.

•	 Mean expectation of single observables over separate noise realisations. In the second case, the mean expecta-
tion over all noise realisations for each separate observable was compared against the same mean measure-
ments for the equivalent simulation generated in Qutip. Again, this was done for the noiseless and noisy case. 
Comparison of the two means showed that on average the error (difference between the means) of the order 
10−07, in turn demonstrating the equivalence of the QDataSet simulation code with that from Qutip.

Usage Notes
overview. In this section, we include further usage notes related to the comprises 52 QDataSet datasets based 
on simulations of one- and two-qubit systems evolving in the presence and/or absence of noise subject to a vari-
ety of controls. The QDataSet has been developed primarily for use in training, benchmarking and competitive 
development of classical and quantum algorithms for common tasks in quantum control, quantum tomography 
and noise spectroscopy. It has been generated using customised code drawing upon base-level Python packages in 
order to facilitate interoperability and portability across common machine learning and quantum programming 
platforms. Each dataset consists of 10,000 samples which in turn comprise a range of data relevant to the training 
of machine learning algorithms for solving optimisation problems. The data includes a range of information 
(stored in list, matrix or tensor format) regarding quantum systems and their evolution, such as: quantum state 
vectors, drift and control Hamiltonians and unitaries, Pauli measurement distributions, time series data, pulse 
sequence data for square and Gaussian pulses and noise and distortion data. The total compressed size of the 
QDataSet (using Pickle and zip formats) is around 14TB (uncompressed, well-over 100TB). Researchers can use 
the QDataSet in a variety of ways to design algorithms for solving problems in quantum control, quantum tomog-
raphy and quantum circuit synthesis, together with algorithms focused on classifying or simulating such data. 
We also provide working examples of how to use the QDataSet in practice and its use in benchmarking certain 
algorithms. Each part below provides in-depth detail on the QDataSet for researchers who may be unfamiliar 
with quantum computing, together with specifications for domain experts within quantum engineering, quantum 
computation and quantum machine learning.

The aim of generating the datasets is threefold: (a) simulating typical quantum engineering systems, dynam-
ics and controls used in laboratories; (b) using such datasets as a basis to train machine learning algorithms to 
solve certain problems or achieve certain objectives, such as attainment of a quantum state ρ, quantum circuit 
U or quantum control problem generally (among others); and (c) enable optimisation of algorithms and spur 
development of optimised algorithms for solving problems in quantum information, analogously with the role 
of large datasets in the classical setting. We explain these use cases in more detail below:

 1. Datasets as simulations. Firstly, we have aimed to generate datasets which abstractly simulate the types of 
data, characteristics and features which would be commonly used in laboratories and experimental setups. 
Each dataset is an abstractions (say of particular Hamiltonians, or noise profiles) which can have any num-
ber of physical realisations depending on the experimental design. So different experiments can ultimately 
realise, in the abstract the same or a sufficiently similar structure as that provided by the data. This is an 
important design choice relating to how the QDataSet is intended to be used. For example, the implemen-
tation of the particular Hamiltonians or state preparation may be done using trapped-ion setups, quantum 
dot or transmon-based qubits35, doped systems or otherwise. We assume the availability of a mapping 
between the dataset features, such as the controls pulses, and particular control devices (such as voltage or 
microwave-based controls), for example, in the laboratory.

 2. Training algorithms using datasets. The second usage case for the QDataSet is related but distinct from 
the first. The aim is that training models using the datasets has applicability to experimental setups. Thus, 
for example, a machine learning model trained using the datasets in theory should provide, for example, 
the optimal set of pulses or interventions needed to solve (and, indeed, optimise) for some objective. It is 
intended that the output of the machine learning model is an abstraction which can then be realised via 
the specific experimental setup. The aim then is that the abstraction of each experiments setup allows the 
application of a variety of machine learning models for optimising in a way that is directly applicable to ex-
perimental setups, rather than relying upon experimentalists to then work-out how to translate the model’s 
output into their particular experimental context. Requiring conformity of outputs within these abstract 
criteria thus facilitates a greater, practical, synthesis between machine learning and the implementation of 
solutions and procedures in experiments.

 3. Benchmarking, development and testing. The third primary use of the datasets is to provide a basis for 
benchmarking, development and testing of existing and new algorithms in quantum machine learning for 
quantum control, tomography and related to noise mitigation. As discussed above, classical machine learn-
ing has historically been characterised by the availability of large-scale datasets with which to train and de-
velop algorithms. The role of these large datasets is multifaceted: (i) they provide a means of benchmarking 
algorithms (see above), such that a common set of problem parameters, constraints and objectives allows 
comparison among different models; (ii) their size often means they provide a richer source of overt and 
latent (or constructible) features which machine learning models may draw upon, improving the versatility 
and diversity of models which may be usefully trained. The aim of the QDataSet is then that it can be used 
in tandem by researchers as benchmarking tool for algorithms which they may wish to apply to their own 
data or experiments.
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Machine learning using the QDataSet. There are many problems related to the characterization and 
control of quantum systems that can be solved using machine learning techniques. In this section, try to give an 
overview on a number of such problems and how to approach them using machine learning. Here we provide 
a brief overview of the different types of problems in quantum computing, engineered quantum systems and 
quantum control for which the QDataSet and algorithms trained using it may be useful. The list is necessarily 
non-exhaustive and is intended to provide some direction mainly to machine learning researchers unfamiliar 
with key problems in applied quantum science.

Benchmarking. Benchmarking algorithms using standardised datasets is an important developmental char-
acteristics of classical machine learning. Benchmarks provide standardised datasets, preprocessing protocols, 
metrics, architectural features (such as optimisers, loss functions and regularisation techniques) which ultimately 
enable research communities to precisify their research contributions and improve upon state of the art results. 
Results in classical machine learning are typically presented by comparison with known benchmarks in the field 
and adjudged by the extent to which they outperform the current state of the art benchmarks. Results are pre-
sented in tabular format with standardised metrics for comparison, such as accuracy, F1-score or AUC/ROCR 
statistics. The QDataSet has been designed with these metrics in mind. For example, a range of classical or quan-
tum statistics (e.g. fidelity) can be used to benchmark the performance of algorithms that use the datasets in 
training. The role of benchmarking is important in classical contexts. Firstly, it enables a basis for researchers 
across machine learning subdisciplines to gauge the extent to which their results correlate to algorithmic design 
as distinct from unique features of training data or use cases. Secondly, it provides a basis for better assessing 
the algorithmic state of the art within subfields. Given its relative nascency, QML literature tends to focus on 
providing proof-of-concept examples as to how classical, hybrid or quantum-native algorithms can be used for 
classification or regression tasks. There is little in the way of systematic benchmarking of QML algorithms against 
their classical counterparts in terms of performance of specifically machine learning algorithms.

Recent examples in a QML setting of benchmarking include comparisons of using different error distribu-
tions relevant to quantum chemistry (and how these affect performance)36, benchmarking machine learning 
algorithms for adaptive phase estimation37 and generative machine learning with tensor networks38. In quantum 
information science more broadly, comparison with classical algorithms is often driven from computational 
complexity considerations and the search for quantum supremacy or outperformance, namely whether there 
exists a classical algorithm which can achieve results with equivalent efficiency of the quantum algorithm. Users 
of the QDataSet for QML research into quantum control, tomography or noise mitigation would benefit from 
adopting (and adapting) practices common in classical machine learning when reporting results, especially the 
inclusion of benchmarks against leading state of the art algorithms for particular use-cases, such as classification 
or regression tasks. Selecting the appropriate benchmarking algorithms itself tends to benefit from domain 
expertise. The QDataSet has been designed in order to be benchmarked against both classical and quantum 
algorithms.

Benchmarking by learning protocol. Typically machine learning algorithm classification is based firstly on 
whether the learning protocols are supervised, unsupervised or semi-supervised25,39. Supervised learning uses 
known input and output (label) data to train algorithms to estimate label data. Algorithmic models are updated 
according to an optimisation protocol, typically gradient descent, in order to achieve some objective, such as 
minimisation of a loss function that compares the similarity of estimates to label data. Unsupervised learning, 
by contrast, is a learning protocol where label or classification of data is unknown and must be estimated via 
grouping or clustering together in order to ascertain identifying features. Common techniques include clus-
tering, dimensionality reduction techniques or graph-based methods. Semi-supervised learning is an interme-
diate algorithmic classification drawing on aspects of both supervised and unsupervised learning protocols. 
Usually known label data, say where only part of a dataset is labelled or classified, is included in architectures in 
order to learn the classifications which in turn can be used in a supervised contexts. The QDataSet can be used 
in a variety of supervised, unsupervised or semi-supervised contexts. For example, training an algorithm for 
optimal quantum control can be undertaken in a supervised context (using pulse data, measurement statistics 
or Hamiltonian sequences) as label data and modelling estimates accordingly. Alternatively, semi-supervised 
or unsupervised protocols for tomographic classification can be trained using the QDataSet. In any case, an 
understanding of standard and state of the art algorithms in each category can provide QML researchers using 
the QDataSet with a basis for benchmarking their own algorithms and inform the design of especially hybrid 
approaches (see ref. 40. for an overview and for quantum examples of the above).

Benchmarking by objectives and architecture. The choice of benchmarking algorithms will also be informed by 
the objectives and architecture. Classically, algorithms can be parsed into various categories. Typically they are 
either regression-based algorithms, used where the objective is to estimate (and minimise error in relation to) 
continuous data or classification-based algorithms, where the objective is to classify data into discrete categories. 
Regression algorithms are algorithms that seek to model relationships between input variables and outputs itera-
tively by updating models (and estimates) in order to minimise error between estimates and label data. Typical 
regression algorithms usually fall within broader families of generalised linear models (GLMs)41 and include 
algorithms such as ordinary least squares, linear and logistic regression, logit and probit models, multivariate 
models and other models depending on link functions of interest. GLMs are also characterised by regularisation 
techniques that seek to optimise via penalising higher complexity, outlier weights or high variance. GLMs offer 
more flexibility for use in QML and for using the QDataSet in particular as they are not confined to assuming 
errors are normally distributed. Other approaches using Bayesian methods, such as naive Bayes, Gaussian Bayes, 
Bayesian networks and averaged one-dependence estimators provide yet further avenues for benchmarking 
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algorithms trained on the QDataSet for classification or regression tasks. Classification models aim to solve deci-
sion problems via classification. They typically compare new data to existing datasets using a metric or distance 
measure. Examples include clustering algorithms such as k-nearest neighbour, support vector machines, learn-
ing vector quantisation, decision-trees, locally weighted learning, or graphical models using spatial filtering. 
Most of the algorithms mentioned thus far fall within traditional machine learning.

Over the last several decades or so, neural network architectures have emerged as a driving force of machine 
learning globally. Quantum analogues and hybrid neural network architecture has itself a relatively long lineage, 
including quantum analogues of perceptrons, quantum neural networks, quantum hopfield networks (see refs. 40,42) 
through to modern deep learning architectures (such as convolutional, recurrent, graphical and hierarchical neural 
networks and generative models39). One feature of algorithmic development that is particularly important is deal-
ing with the curse of dimensionality - and in a quantum context, barren plateaux. Common techniques to address 
such problems include dimensionality reduction techniques or symmetry-based (for example, tensor network) 
techniques whose ultimate goal is to reduce datasets down to their most informative structures while maintaining 
computational feasibility. While the QDataSet only extends to two-qubit simulations, the size and complexity of 
the data suggests the utility of dimensionality-reduction techniques for particular problems, such as tomographic 
state characterisation. To this end, algorithms developed using the QDataSet can benefit from benchmarking and 
adapting classical dimensionality-reduction techniques, such as principal component analysis, partial regression, 
singular value decompositions, matrix factorisation and other techniques25. It is also important to mention that 
there has been considerable work in QML generally toward the development of quantum and hybrid analogues of 
such techniques. These too should be considered when seeking benchmarks.

Finally, it is worth mentioning the use (and importance) of ensemble methods in classical machine learning. 
Ensemble methods tend to combine what are known as ‘weak learner’ algorithms into an ensemble which, in 
aggregate, outperforms any individual instance of the algorithm. Each weak learner’s performance is updated by 
reference to a subset of the population of weak learners. Such techniques would be suitable for use when training 
algorithms on the QDataSet. Popular examples of such algorithms are gradient-boosting algorithms, such as 
xGboost43.

Example applications of the QDataSet. In this section, we outline a number of applications for which 
the QDataSet can be used. These include training machine learning algorithms for use in quantum state (or 
process) tomography, quantum noise spectroscopy and quantum control. The QDataSet repository contains a 
number of example Jupyter notebooks corresponding to the examples below. The idea behind these datasets is 
that machine learning practitioners can input their own algorithms into the code to run experiments and test how 
well their algorithms perform.

Quantum state tomography. Quantum state tomography involves reconstructing an estimate �ρ  of the state of a 
quantum system given a set of measured observables. The quantum state of interest may be in either a mixed or 
pure state and the task is to uniquely identify the state among a range of potential states. Tomography requires 
that measurements be tomographically complete, which means that the set of measurement operators form a 
basis for the Hilbert space of interest. Abstractly, the problem involves stipulating a set of operators {Oi}i as input, 
and the corresponding desired target outputs {〈Oi〉}i. The objective is to find the best model that fits this data. We 
know that the relation between these is given by 〈Oi〉 = Tr(ρOi) and we can use this fact to find the estimate of 
the state. Tomography requires repeatedly undertaking different measurements upon quantum states described 
by identical density matrices which in turn gives rise to a measurement distribution from which probabilities of 
observables can be inferred. Such inferred probabilities are used to in turn construct a density matrix consistent 
with observed measurement distributions thus characterising the state. More formally, assuming an informa-
tionally complete positive-operator valued measure (POVM - see Supplementary Information for theoretical 
background) {Oi} spanning the Hilbert-Schmidt space B( )H  of operators on H, we can write the probability of 
an observation i given density matrix ρ using the Hilbert-Schmidt norm above i.e:

p i O O( ) Tr( ) (31)i iρ ρ= =

Data are gathered from a discrete set of M experiments, where each experiment is a process of initial state 
preparation, by applying a sequence of gates {Gj} and measuring. This experimental process and measurement is 
repeated N times leading to a frequency count ni of a particular observable i. The probability of that observable 
is then estimated as:

p i
n
N

p( ) i
iρ ≈ = �

from which we reconstruct the density matrix ρ. Quantum process tomography is a related but distinct type of 
tomography. In this case, we also have a set of test states {ρj} which span HB( ). To undertake process tomogra-
phy, an unknown gate sequence Gk comprising K gates is applied to the states such that:

∣ �ρ ≈ =( )p i G
n
N

p,
(32)j

i
j i,

The QDataSet can be used to train algorithms for machine learning algorithms for tomography. Quantum 
state and process tomography is particularly challenging. One must ensure that the estimate we get is physical, 
i.e. positive semidefinite with unit trace. Furthermore, the number of measurements N required for sufficient 
precision to completely characterise ρ scales rapidly. Each of the K gates in a sequence Gk requires d2(d − 1) 
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(where =d Bdim ( )H ) experiments (measurements) to sufficiently characterise the quantum process is Kd4 
− (K − 2)d2 − 1 (see ref. 44 for more detail). Beyond a small number of qubits, it becomes computationally infea-
sible to completely characterise states by direct measurement, thus parametrised or incomplete tomography 
must be relied upon. Machine learning techniques naturally offer potential to assist with such optimisation 
problems in tomography, especially neural network approaches where inherent non-linearities may enable suf-
ficient approximations that traditional tomographic techniques may not. Examples of the use of classical 
machine learning include demonstration of improvements due to neural network-based (non-linear) classifiers 
over linear classifiers for tomography tasks45 and classical convolutional neural networks to assess whether a set 
of measurements is informationally complete46.

The objective of an algorithm trained using the QDataSet may be, for example, be to predict (within toler-
ances determined by the use case) the tomographic description of a final quantum state from a limited set of 
measurement statistics (to avoid having to undertake N such experiments for large N). Each of the one- and 
two-qubit datasets is informationally complete with respect to the Pauli operators (and identity) i.e. can be 
decomposed into a one- and two-dimensional Pauli basis. There are a variety of objectives and techniques which 
may be adopted. Each of the 10,000 examples for each profile constitutes an experiment comprising initial state 
preparation, state evolution and measurement. One approach using the QDataSet would be to try to produce an 
estimate T( )�ρ  of the final state ρ(T) (which can be reconstructed by application of the unitaries in the QDataSet 
to the initial states) using the set of Pauli measurements {EO}. To train an algorithm for tomography without a 
full set of N measurements being undertaken, on can stipulate the aim of the machine learning algorithm is then 
to take a subset of those Pauli measurements as input and try to generate a final state ρ T( )�  that as closely approx-
imates the known final state ρ(T) provided by the QDataSet.

A variety of techniques can be used to draw from the measurement distributions and iteratively update the 
estimate �ρ T( ), for example gradient-based updating of such estimates47. The distance measure could be any 
number of the quantum metrics described in the Supplementary Information, including state or operator fidel-
ity, trace distance of quantum relative entropy. Classical loss functions, such as MSE or RMSE can then be used 
(as is familiar to machine learning practitioners) to construct an appropriate loss function for minimisation. A 
related, but alternative, approach is to use batch fidelity where the loss function is to minimise the error between 
a vector of ones and fidelities, the vector being the size of the relevant batch. Similar techniques may also be used 
to develop tools for use in gate set tomography, where the sequence of gates Gk is given by the sequence of uni-
taries U0 in the QDataSet. In that case, the objective would be to train algorithms to estimate Gk given the set of 
measurements, either in the presence of absence of noise. Table (2) sets out an example summary for using the 
QDataSet for tomography.

Quantum noise spectroscopy. The QDataSet can be used to develop and test machine algorithms to assist with 
noise spectroscopy. In this problem, we are interested in finding models of the noise affecting a quantum system 
given experimental measurements. In terms of the VO operators discussed earlier, we would like to find an esti-
mate of VO given a set of control pulse sequences, and the corresponding observables. The QDataSet provides a 
sequence of VO operators encoding the average effect of noise on measurement operators. This set of data can be 
used to train algorithms to estimate VO from noisy quantum data, such as noisy measurements or Hamiltonians 
that include noise terms. An example approach includes as follows and proceeds from the principle that we 
have known information about quantum systems that can be input into the algorithmic architecture (initial 
states, controls, even measurements) and we are trying to estimate unknown quantities (the noise profile). The 
inputs to the algorithm would include: the initial quantum states, in the QDataSet case the initial states (being 
eigenstates of the Pauli operators). Intermediate inputs would include the system and noise Hamiltonians H0,H1 
and/or the system and noise unitaries U0,U1. Alternatively, inputs could also include details of the various noise 
realisations. The type of inputs will depend on the type of applied use case, such as how much information may 
be known about noise sources. Label data would be the set of measurements {EO} (expectations of the observ-
ables). Given the inputs (control pulses) and outputs, the problem becomes estimating the mapping {VO}, such 
that inputs are mapped to outputs via Eq. (13). Note that details about noise realisations or distributions are 
never accessible experimentally.

Alternatively, architectures may take known information about the system such as Pauli measurements as 
inputs. Another approach is to adopt a similar architecture to that in refs. 13,47. and construct a multi-layered 
architecture that replicates the simulation, where the �V{ }O  are extracted from intermediate or custom layers in 

Item Description

Objective Algorithm to learn characterisation of state ρ given measurements {EO}.

Inputs Set of Pauli measurements {EO}, one for each of the M experiments (in the QDataSet, this is

Label Final state ρ(T)

Intermediate inputs Hamiltonians, Unitary operators, Initial states ρ0

Output Estimate of final state T( )�ρ

Metric State fidelity �F( , )ρ ρ , Quantum relative entropy

Table 2. QDataSet features for quantum state tomography. The left columns lists typical categories in a machine 
learning architecture. The right column describes the corresponding feature(s) of the QDataSet that would fall 
into such categories for the use of the QDataSet in training quantum tomography algorithms.
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the architecture. Such greybox approaches may combine traditional or deep-learning methods and have the 
benefit of providing finer-grained control over algorithmic structure by allowing, for example, the encoding of 
‘whitebox’ or known processes from quantum physics (thereby eliminating the need for the algorithm to learn 
these processes). Table (3) sets out one example approach that may be adopted.

Quantum control and circuit synthesis. The QDataSet has been designed in particular to facilitate algorithmic 
design for quantum control. As described in some detail above, we wish to compare different (hybrid and classi-
cal) machine learning algorithms to optimise a typical problem in quantum control, namely describing the 
optimal sequence of pulses in order to synthesise a target unitary UT of interest. Here the datasets form the basis 
of training, validation and test sets used to train and verify each algorithm. The target (label) data for quantum 
control problems can vary. Typically, the objective of quantum control is to achieve a reachable state ρ(T) via the 
application of control functions to generators, such as Pauli operators. Achieving the objective means developing 
an algorithm that outputs a sequence of control functions which in turn describe the sequence of experimental 
controls fα(t). A typical machine learning approach to quantum control takes ρ(T) as an input together with 
intermediate inputs, such as the applicable generators (e.g. Pauli operators encoded in the system Hamiltonian 
H0(t) of the QDataSet). The algorithm must learn the appropriate time-series distribution of fα(t) (the set of 
control pulses included in the QDataSet, their amplitude and sequence in which they should be applied) in order 
to synthesise the estimate � T( )ρ . Some quantum control problems are agnostic as to the quantum circuit pathway 
(sequence of unitaries) taken to reach ρ T( )� , though usually the requirement is that the circuit be resource opti-
mal in some sense, such as time-optimal (shortest time) or energy-optimal (least energy).

One approach is to treat fα(t) as the label data and ρ(T) as input data to try to learn a mapping between them. 
A naive blackbox approach is unlikely to efficiently solve this problem as it would require learning from scratch 
solutions to the Schrödinger equation. A more efficient approach may be to encode known information, such as 
the laws governing Hamiltonian evolution etc into machine learning architecture, such as greybox approaches 
described above. In this case, the target fα(t) must be included as an intermediate input into the system 
Hamiltonians governing the evolution of ρ(T), yet remains the output of interest. In such approaches, the input 
data would be the initial states of the QDataSet with the label data being ρ(T) (and label estimate ρ� T( )). 
Applicable loss functions then seek to minimise the (metric) distance between ρ(T) and � T( )ρ , such as fidelity 
F T T( ( ), ( ))ρ ρ� . To recover the sought after sequence fα(t), the architecture then requires a way to access the 
intermediate state of parameters representing fα(t) within the machine learning architecture.

If path specificity is not important for a use case, then trained algorithms may synthesise any pathway to 
achieve ρ� T( ), subject to the optimisation constraints. The trained algorithm need not replicate the pathways 
taken to reach ρ(T) in the training data. If path specificity is desirable, then the QDataSet intermediate operators 
U0(t) and U1(t) can be used to reconstruct the intermediate states i.e. to recover the time-independent 
approximation:

U t U t U U U U( ) ( ) ( ) ( ) (33)n n1 1
†ρ ρ≈ … …

An example of such an approach is in ref. 14. where time-optimal quantum circuit data, representing geodes-
ics on Lie group manifolds, is used to train algorithms for generating time-optimal circuits. Table (4) sets out 
schemata for using the QDataSet in a quantum control context.

Future uses of the QDataSet. In this work, we have presented the QDataSet, a large-scale quantum data-
set available for the development and benchmarking of quantum machine learning algorithms. The 52 datasets 
in the QDataSet comprise simulations of one- and two-qubit datasets in a variety of noise-free and noisy contexts 
together with a number of scenarios for exercising control. Large-scale datasets play an important role in classi-
cal machine learning development, often being designed and assembled precisely for the purpose of algorithm 
innovation. Despite its burgeoning status, QML lacks such datasets designed specifically to facilitate QML algo-
rithm development. The QDataSet has been designed to address this need in the context of quantum control, 
tomography and noise spectroscopy, by providing a resource for cross-collaboration among machine learning 
practitioners, quantum information researchers and experimentalists working on applied quantum systems. In 
this paper we have also ventured a number of principles which we hope will assist producing large-scale datasets 

Item Description

Objective Algorithm to estimate noise operators V{ }O , thereby characterising relevant features of noise 
affecting quantum system.

Inputs Pulse sequence, reconstructed from the pulse_parameters feature in the dataset.

Label Set of measurements E{ }O

Intermediate inputs Hamiltonians, Unitary operators, Initial states ρ
0

Output Estimate of measurements E{ }O
�

Metric
MSE (between estimates and label data)

MSE E E( , )O O
�                              (34)

Table 3. QDataSet features for quantum noise spectroscopy. The left columns lists typical categories in a 
machine learning architecture. The right column describes the corresponding feature(s) of the QDataSet that 
would fall into such categories for the use of the QDataSet in training quantum tomography algorithms.
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for QML, including specification of objectives, quantum data features, structuring, preprocessing. We set-out a 
number of key desiderata for quantum datasets in general. We also have aimed to provide sufficient background 
context across quantum theory, machine learning and noise spectroscopy for machine learning practitioners 
to treat the QDataSet as a point of entry into the field of QML. The QDataSet is sufficiently versatile to enable 
machine learning researchers to deploy their own domain expertise to design algorithms of direct use to experi-
mental laboratories Table 9.

While designed specifically for problems in quantum control, tomography and noise mitigation, the scope 
for the application of the QDataSet in QML research is expansive. QML is an emerging cross-disciplinary field 
whose progression will benefit from the establishment of taxonomies and standardised practices to guide algo-
rithm development. In this vein, we sketch below a number of proposals for the future use of the QDataSet, 
building upon principles upon which the QDataSet was designed, in order to foster the development of QML 
datasets and research practices.

 1. Algorithm development. The primary research programme flowing from the QDataSet involves its use in 
the development of algorithms with direct applicability to quantum experimental and laboratory setups. 

Item Description

Objective Algorithm to learn optimal sequence of controls to reach final state T( )ρ  or (equivalently) synthesise target 
unitary UT .

Inputs Hamiltonians containing Pauli generators H t( )0

Label Final state ρ T( ) and (possibly) intermediate states ρ t( )j  for each time-interval tj.

Intermediate fixed inputs Sequence of unitary operators U t U t( ), ( )0 1 , Initial states ρ0

Intermediate weights Sequence of pulses f t( )α
 including parameters depending on whether square or Gaussian (for example)

Output Estimate of final state T( )ρ�  and intermediate states ρ� t( )j
Metric Average operator fidelity F( , )�ρ ρ

Table 4. QDataSet features for quantum control. The left columns lists typical categories in a machine learning 
architecture. The right column describes the corresponding feature(s) of the QDataSet that would fall into such 
categories for the use of the QDataSet in training quantum control algorithms. The specifications are just one of 
a set of possible ways of framing quantum control problems using machine learning.

Category Qubits Drift Control Noise

1 1 (z) (x) (z)

2 1 (z) (x, y) (x, z)

3 2 (z1,1z) (x1,1x) (z1,1z)

4 2 (z1,1z) (x1,1x,xx) (z1,1z)

Table 5. The general categorization of the provided datasets. The QDataSet examples were generated from 
simulations of either one or two qubit systems. For each one or two qubit simulation, the drift component of the 
Hamiltonian was along a particular axis (the z-axis) for the single-qubit case and the z-axis of the first qubit for 
the two-qubit case (but not the second qubit) or vice versa. Controls were applied along different axes, such as 
x- or y- axes. Finally, noise was similarly added to different axes: the z-axis (and in some cases the x-axis) of the 
single qubit case and the z-axis case of the first or second qubit for the two-qubit case.

Parameter Value

T 1

M 1024

K 2000

Ω 12

Ω1 12

Ω2 10

n 5

Amin −100

Amax 100

σ T/(12 M)

Table 6. Dataset Parameters: T: total time, set to unity for standardisation; M: the number of time-steps 
(discretisations); K: the number of noise realisations; Ω: the energy gap for the single qubit case (where 
subscripts 1 and 2 represent the energy gap for each qubit in the single qubit case); n: number of control pulses; 
Amax, Amin: maximum and minimum amplitude; σ: standard deviation of pulse spacing (for Gaussian pulses).
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As discussed above, the QDataSet has been designed to be versatile and of use across a range of use cases, 
such as quantum control, tomography, noise spectroscopy. In addition, its design enables machine learning 
practitioners to benchmark their algorithms. Future research involving the QDataSet could cover a system-
atic benchmarking of common types of classical machine learning algorithms for supervised and unsu-
pervised learning. We also anticipate research programmes expanding upon greybox and hybrid models, 
using the QDataSet as a way to benchmark state of the art QML models.

 2. Quantum taxonomies. While taxonomies within and across disciplines will differ and evolve, there is con-
siderable scope for research programmes examining optimal taxonomic structuring of quantum datasets 
for QML. In this paper, we have outlined a proposed skeleton taxonomy that datasets for QML may wish to 
adopt or adapt, covering specification of objectives, ways in which data is described, identification of train-
ing (in-sample) and test (out-of-sample) data, data typing, structuring, completeness and visibility (see 
Supplementary Information for more detail). Further research in these directions could include expanding 
taxonomic classifications of QML in ways that connect with classical machine learning taxonomies, taking 
the QDataSet as an example. Doing so would facilitate greater cross-collaboration among computer scien-
tists and quantum researchers by allowing researchers to easily transfer their domain expertise.

 3. Experimental interoperability. An important factor in expanding the reach and impact of QML is the extent 
to which QML algorithms are directly applicable to solving problems in applied engineering settings. 
Ideally, QML results and architecture should be ‘platform agnostic’ - able to be applied to a wide variety of 
experimental systems, such as superconductor, transmon, trapped ion, photonic or quantum dot-based 
setups. Achieving interoperability across dynamically evolving technological landscapes is challenging for 
any discipline. For QML, the more that simulations within common platforms (such as those mentioned 
above) can easily integrate into each other and usefully simulate applied experiments, the greater the reach 
of algorithms trained using them. To the extent that the QDataSet can demonstrably be used across various 
platforms, algorithm design using it can assist these research imperatives.

Dataset Description

G_1q_X (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: none; (iv) No distortion.

G_1q_X_D (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: none; (iv) Distortion.

G_1q_XY (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: none; (iv) No distortion.

G_1q_XY_D (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: none; (iv) Distortion.

G_1q_XY_XZ_N1N5 (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N5 on z-axis; (iv) No 
distortion.

G_1q_XY_XZ_N1N5_D (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N5 on z-axis; (iv) No 
distortion.

G_1q_XY_XZ_N1N6 (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) 
Distortion.

G_1q_XY_XZ_N1N6_D (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) No 
distortion.

G_1q_XY_XZ_N3N6 (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) 
Distortion.

G_1q_XY_XZ_N3N6_D (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) No 
distortion.

G_1q_X_Z_N1 (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N1 on z-axis; (iv) No distortion.

G_1q_X_Z_N1_D (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N1 on z-axis; (iv) Distortion.

G_1q_X_Z_N2 (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N2 on z-axis; (iv) No distortion.

G_1q_X_Z_N2_D (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N2 on z-axis; (iv) Distortion.

G_1q_X_Z_N3 (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N3 on z-axis; (iv) No distortion.

G_1q_X_Z_N3_D (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N3 on z-axis; (iv) Distortion.

G_1q_X_Z_N4 (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N4 on z-axis; (iv) No distortion.

G_1q_X_Z_N4_D (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N4 on z-axis; (iv) Distortion.

G_2q_IX-XI_IZ-ZI_N1-N6 (i) Qubits: two; (ii) Control: x-axis on both qubits, Gaussian; (iii) Noise: N1 and N6 z-axis on each 
qubit; (iv) No distortion.

G_2q_IX-XI_IZ-ZI_N1-N6_D (i) Qubits: two; (ii) Control: x-axis on both qubits, Gaussian; (iii) Noise: N1 and N6 z-axis on each 
qubit; (iv) Distortion.

G_2q_IX-XI-XX (i) Qubits: two; (ii) Control: single x-axis control on both qubits and x-axis interacting control, 
Gaussian; (iii) Noise: none; (iv) No distortion.

G_2q_IX-XI-XX_D (i) Qubits: two; (ii) Control: single x-axis control on both qubits and x-axis interacting control, 
Gaussian; (iii) Noise: none; (iv) Distortion.

G_2q_IX-XI-XX_IZ-ZI_N1-N5 (i) Qubits: two; (ii) Control: single x-axis control on both qubits and x-axis interacting control, 
Gaussian; (iii) Noise: N1 and N5 on z-axis noise on each qubit; (iv) No distortion.

G_2q_IX-XI-XX_IZ-ZI_N1-N5 (i) Qubits: two; (ii) Control: single x-axis control on both qubits and x-axis interacting control, 
Gaussian; (iii) Noise: N1 and N5 on z-axis noise on each qubit; (iv) Distortion.

Table 7. QDataSet File Description (Gaussian). The left column identifies each dataset in the respective 
QDataSet examples while the description column describes the profile of the Gaussian pulse datasets in terms 
of (i) number of qubits, (ii) axis of control and pulse wave-form (iii) axis and type of noise and (iv) whether 
distortion is present or absent.
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Dataset Description

S_1q_X (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: none; (iv) No distortion.

S_1q_X_D (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: none; (iv) Distortion.

S_1q_XY (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: none; (iv) No distortion.

S_1q_XY_D (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: none; (iv) Distortion.

S_1q_XY_XZ_N1N5 (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: N1 on x-axis, N5 on z-axis; (iv) No 
distortion.

S_1q_XY_XZ_N1N5_D (i) Qubits: one; (ii) Control: x-axis and y-axis, Gaussian; (iii) Noise: N1 on x-axis, N5 on z-axis; (iv) 
No distortion.

S_1q_XY_XZ_N1N6 (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) 
Distortion.

S_1q_XY_XZ_N1N6_D (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) No 
distortion.

S_1q_XY_XZ_N3N6 (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) 
Distortion.

S_1q_XY_XZ_N3N6_D (i) Qubits: one; (ii) Control: x-axis and y-axis, square; (iii) Noise: N1 on x-axis, N6 on z-axis; (iv) No 
distortion.

S_1q_X_Z_N1 (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N1 on z-axis; (iv) No distortion.

S_1q_X_Z_N1_D (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N1 on z-axis; (iv) Distortion.

S_1q_X_Z_N2 (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N2 on z-axis; (iv) No distortion.

S_1q_X_Z_N2_D (i) Qubits: one; (ii) Control: x-axis, Gaussian; (iii) Noise: N2 on z-axis; (iv) Distortion.

S_1q_X_Z_N3 (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N3 on z-axis; (iv) No distortion.

S_1q_X_Z_N3_D (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N3 on z-axis; (iv) Distortion.

S_1q_X_Z_N4 (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N4 on z-axis; (iv) No distortion.

S_1q_X_Z_N4_D (i) Qubits: one; (ii) Control: x-axis, square; (iii) Noise: N4 on z-axis; (iv) Distortion.

S_2q_IX-XI_IZ-ZI_N1-N6 (i) Qubits: two; (ii) Control: x-axis on both qubits, square; (iii) Noise: N1 and N6 z-axis on each 
qubit; (iv) No distortion.

S_2q_IX-XI_IZ-ZI_N1-N6_D (i) Qubits: two; (ii) Control: x-axis on both qubits, square; (iii) Noise: N1 and N6 z-axis on each 
qubit; (iv) Distortion.

S_2q_IX-XI-XX (i) Qubits: two; (ii) Control: single x-axis control on both qubits and x-axis interacting control, 
square; (iii) Noise: none; (iv) No distortion.

S_2q_IX-XI-XX_D (i) Qubits: two; (ii) Control: single x-axis control on both qubits and x-axis interacting control, 
square; (iii) Noise: none; (iv) Distortion.

S_2q_IX-XI-XX_IZ-ZI_N1-N5 (i) Qubits: two; (ii) Control: x-axis on both qubits and x-axis interacting control, square; (iii) Noise: 
N1 and N5 z-axis on each qubit; (iv) No distortion.

S_2q_IX-XI-XX_IZ-ZI_N1-N5_D (i) Qubits: two; (ii) Control: x-axis on both qubits and x-axis interacting control, square; (iii) Noise: 
N1 and N5 z-axis on each qubit; (iv) Distortion.

S_2q_IX-XI-XX_IZ-ZI_N1-N6 (i) Qubits: two; (ii) Control: x-axis on both qubits and x-axis interacting control, square; (iii) Noise: 
N1 and N6 z-axis on each qubit; (iv) No distortion.

S_2q_IX-XI-XX_IZ-ZI_N1-N6_D (i) Qubits: two; (ii) Control: x-axis on both qubits and x-axis interacting control, square; (iii) Noise: 
N1 and N6 z-axis on each qubit; (iv) Distortion.

Table 8. QDataSet File Description (Square). The left column identifies each dataset in the respective QDataSet 
examples while the description column describes the profile of the square pulse datasets in terms of (i) number 
of qubits, (ii) axis of control and pulse wave-form (iii) axis and type of noise and (iv) whether distortion is 
present or absent.

Item Description

Quantum states Description of states in computational basis, usually represented as vector or matrix (for ρ). May include initial 
and evolved (intermediate or final) states

Measurement operators Measurement operators used to generate measurements, description of POVM.

Measurement distribution Distribution of measurement outcome of measurement operators, either the individual measurement 
outcomes or some average (the QDataSet is an average over noise realisations).

Hamiltonians Description of Hamiltonians, which may include system, drift, environment etc Hamiltonians. Hamiltonians 
should also include relevant control functions (if applicable).

Gates and operators
Descriptions of gate sequences (circuits) in terms of unitaries (or other operators). The representation of 
circuits will vary depending on the datasets and use case, but ideally quantum circuits should be represented 
in a way easily translatable across common quantum programming languages and integrable into common 
machine learning platforms (e.g. TensorFlow, PyTorch).

Noise Description of noise, either via measurement statistics, known features of noise, device specifications.

Controls Specification and description of the controls available to act on the quantum system.

Table 9. An example of the types of quantum data features which may be included in a dedicated large-scale 
dataset for QML. The choice of such features will depend on the particular objectives in question. We include a 
range of quantum data in the QDataSet, including information about quantum states, measurement operators and 
measurement statistics, Hamiltonians and their corresponding gates, details of environmental noise and controls.
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We encourage participants in the quantum community to advance the development of dedicated quantum 
datasets for the benefit of QML and expect such efforts to contribute significantly to the advancement of the field 
and cross-disciplinary collaboration.

Code availability
The datasets are stored in an online repository and are accessible via links on the site. The largest of the datasets is over 
500GB (compressed), the smallest being around 1.4GB (compressed). The QDataSet is provided subject to open-access 
MIT/CC licensing for researchers globally. The code used to generate the QDataSet is contained in the associated 
repository (see below), together with instructions for reproduction of the dataset. The QDataSet code requires 
Tensorflow > 2.0 along with a current Anaconda installation of Python 3. The code used to simulate the QDataSet is 
available via the Github repository33 (https://github.com/eperrier/QDataSet). A Jupyter notebook containing the code 
used for technical validation and verification of the datasets is available on this QDataSet Github repository.
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