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We introduce RandomMeas.jl, a modular
and high-performance open-source soft-
ware package written in Julia for imple-
menting and analyzing randomized mea-
surement protocols in quantum comput-
ing. Randomized measurements provide
a powerful framework for extracting prop-
erties of quantum states and processes
such as expectation values, entanglement,
and fidelities using simple experimental
procedures combined with classical post-
processing, most prominently via the clas-
sical shadow formalism. RandomMeas.jl
covers the full randomized measurement
workflow, from the generation of mea-
surement settings for use on a quantum
computer, the optional classical simulation
of randomized measurements with tensor
networks, to a suite of estimators for phys-
ical properties based on classical shadows.
The package includes advanced features
such as robust and shallow shadow tech-
niques, batch estimators, and built-in sta-
tistical uncertainty estimation. Its unified,
composable design enables the scalable ap-
plication and further development of ran-
domized measurements protocols across
theoretical and experimental contexts.

1 Introduction

Randomized measurement (RM) protocols have
emerged as a widely used experimental technique
for extracting expectation values, entanglement
properties, fidelities, and even full process in-
formation from quantum systems [1]. They of-
fer a unifying strategy for characterizing many-
qubit states using modest hardware resources |2]

and have been demonstrated across various plat-
forms including trapped ions [3, 4, 5, 6], pho-
tonic devices |7, 8|, and superconducting circuits
[9, 10, 11, 12, 13, 14].

An RM experiment consists of sampling a set
of random unitaries {Ua}g‘;l from a prescribed
ensemble, applying each unitary to the quan-
tum state of interest, and performing a projec-
tive measurement in the computational basis to
obtain a bitstring s € {0, 1}V [15, 16, 17, 18]. Re-
peating this process Ny times per unitary results
in a dataset of Ny x Ny bitstrings. These data
are then analyzed classically to extract the phys-
ical properties of interest, often using the clas-
sical shadow formalism [2|. Crucially, the mea-
surement protocol is independent of the final ob-
servable, enabling the guiding principle of RM:
“measure first, ask questions later” [1].

While the data acquisition procedure is delib-
erately simple, efficiently processing the result-
ing large datasets—particularly for intermediate-
and large-scale quantum systems—requires dedi-
cated classical software. In parallel, recent years
have witnessed a surge of theoretical advances in
classical shadows and RM techniques, greatly en-
hancing the capabilities of RM-based methods.
However, their classical software implementations
are often developed independently, resulting in
incompatible interfaces and code structures.

RandomMeas. j1 addresses these challenges by
offering a unified, modular, and high-performance
JULIA package that supports the entire RM
workflow, and takes advantage of the ITen-
sors library ITensors.jl for performing tensor-
network operations. The package includes sam-
pling measurement settings, optionally simulat-
ing the measurement process via tensor networks
(with decoherence), constructing various types of
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classical shadows, applying robust error mitiga-
tion routines, and computing a range of statisti-
cal estimators with built-in uncertainty quantifi-
cation. The package emphasizes standardization
and modularity, making RM methods—including
recent theoretical innovations—more accessible,
reusable, and extensible for the broader quantum
research community. The current release repre-
sents a first step, with further features planned
in future updates, as outlined in the outlook sec-
tion 5.

The package is modular by design. Its
public API revolves around three core object
types—measurement settings, measurement data,
and classical shadows—that can be flexibly com-
bined to implement and extend RM protocols.
Advanced features such as robust shadows [19, 20,
10], shallow shadows [21, 22, 23|, batch shadow
estimation [24], and common randomized mea-~
surements [25| can be enabled via simple keyword
switches.

Comparison to existing software. Several
software libraries support aspects of random-
ized measurements (RM), each serving different
goals and user groups. The povm-toolbox [26]
for Qiskit enables local and global POVMs, in-
cluding arbitrary informationally complete mea-
surements, and provides basic classical shadow
PennyLane offers a tutorial-level im-
plementation [27] and a ClassicalShadow class
for random Pauli measurements, integrated into
its broader quantum machine-learning frame-
work and suited for small- to moderate-scale
demonstrations. Mitiq incorporates primitives
for robust classical shadows with calibration-
based error mitigation and supports multiple
quantum backends, making it a flexible platform
for exploring error-mitigated RM, though simu-
lations are generally restricted to < 20 qubits
[28].  Other toolkits, such as TensorCircuit
(a general-purpose tensor-network simulator) [29]
and Paddle Quantum (educational demonstra-
tions) [30], include basic classical shadow capa-
bilities within broader simulation or teaching-
focused contexts.

routines.

In the small-system regime where state-vector
simulation is feasible (typically < 20 qubits),
these packages overlap in functionality for stan-
dard Pauli classical shadows (and closely re-

lated local measurement schemes), and perfor-

mance depends strongly on the backend, batch-
ing strategy, and estimator workload. Beyond
this, RandomMeas.jl also supports a broader
class of RM protocols, including arbitrary lo-
cal random-unitary (RU) ensembles, global RU
measurements, and circuit-based shallow shad-
ows. RandomMeas.jl is designed to support the
full RM workflow in a scalable, modular, and
high-performance setting. It provides tensor-
network-based simulation and post-processing for
RM protocols, enabling the simulation and anal-
ysis of large-scale systems beyond the reach of
state-vector methods. It supports multiple clas-
sical shadow variants—including error-mitigated
robust, shallow, and batch shadows—and pro-
vides efficient estimators for both linear and
polynomial functionals with built-in statistical
error quantification via resampling techniques.
RandomMeas. j1 is designed for seamless integra-
tion into both actual QPU experiments and large-
scale classical simulations. Its emphasis on mod-
ularity, composability, and reproducibility makes
it uniquely suited for developing, testing, and de-
ploying advanced RM protocols in practice.

To facilitate practical tool selection, we pro-
vide benchmark scripts in the repository (for
representative RM workloads) that record the
execution environment (Julia version and pack-
age versions) and can be rerun across ma-
chines and problem parameters. In par-
ticular, benchmarks/scaling_benchmarks.ipynb and
benchmarks/example_benchmarks.jl COVer represen-
tative simulation and post-processing workloads
(dense vs. factorized shadow construction, local
Pauli expectation values, and reduced-density-
matrix moments) and report both run time and
memory footprints.

Article overview. This article is organized
as follows. Section 2 introduces the core con-
cepts behind randomized measurements and out-
lines the software architecture. Section 3 walks
through a complete RM workflow, from setting
generation to observable estimation. Subsequent
sections present advanced features, including ro-
bust and shallow shadows, batch shadow estima-
tion, and polynomial functional estimation, illus-
trated through a series of curated JUPYTER note-
books provided in the package’s examples folder.
These notebooks are described in more detail in
appendix A.
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(a) Pre-

processing consists in sampling random unitaries, specifying randomized measurement settings, from a prescribed

ensemble.

During data acquisition random unitaries are implemented on the state (or process) of interest and

projective measurements are performed. Classical post-processing predicts a wide range of quantum state (or quantum
process) properties. (b) Within RandomMeas. j1, pre-processing, data acquisition and post-processing are separated
in three independent sets of data structures. Data acquisition can be performed with a quantum device (quantum
processing unit, QPU), or, alternatively, simulated classically on a CPU. For the latter, RandomMeas. j1 provides

tensor network routines based on ITensors. jl.

RandomMeas. j1 is released under the Apache 2.0
license and available at https://github.com/
bvermersch/RandomMeas. j1. The documenta-
tion can be found here https://bvermersch.
github.io/RandomMeas. jl/dev/. The specific
version corresponding to this paper is tagged with
v0.3.1_quantum_publication and archived on
Zenodo as Ref. [31].

2 Randomized-measurement workflow
and package architecture

2.1 Randomized-measurement workflow

Randomized-measurement (RM) protocols allow
one to access many observables and entropic
quantities of a quantum state p while requir-
ing only projective measurements in random
bases [1]. A convenient way to describe an RM
experiment, and, correspondingly, the design phi-
losophy of RandomMeas. j1, is to split the proce-
dure into three stages (see Fig. 1):

(i) Pre-processing. Measurement settings are
specified by a random unitary Uset sampled from

a prescribed ensemble. The most common choice
is a product of single-qubit rotations, U1 ® - -+ ®
Uy, but shallow multi-qubit circuits can be ad-
vantageous in specific scenarios. The total num-
ber of sampled settings is denoted Ny.

(ii) Data acquisition. On the quantum pro-
cessor each unitary Usge is applied, followed by
a computational-basis measurement. Repeating
the measurement Ny; times produces Ny X Ny
bit strings s € {0,1}". The collection of out-
comes and employed settings is called a measure-
ment group.

(iii) Post-processing. The recorded bit strings,
together with the employed measurement set-
tings, are processed classically to estimate prop-
erties of the quantum state of interest. To this
end, we can use the classical shadow formalism
to define classical snapshots p that can, for in-
stance, be used to estimate expectation values of
observables O via O = Tr[Op]. The precise defini-
tion of classical shadows depends on the ensemble
of measurement settings, typically one chooses
them to be unbiased estimators of the density
matrix, i.e., E[p] = p, where E is the expectation
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value over both the random ensemble of measure-
ment settings and the quantum mechanical aver-
age. With local measurement settings where each
single qubit unitary Uj; is sampled from a unitary
3-design [1]. Then, the classical shadow is defined
as [2]

N

® (U] [s:){si| Us — 1). (1)
where s = (s1,...,sn) is the measurement out-
comes of the computational-basis measurement
after applying U.

In special cases, for instance purity estima-
tion tr(p?) [17] or cross-entropy fidelity estima-
tion [32], one can bypass the shadow step and
apply analytic estimators directly to the measure-
ment group.

2.2 Package design

RandomMeas. j1 mirrors the conceptual workflow
directly in its software architecture by providing
three families of data structures:

Measurement settings. The abstract
type MeasurementSetting represents a sin-
gle measurement setting. Its most frequently

used subclass, LocalMeasurementSetting,
covers the case of tensor—product uni-
taries, with concrete implementations
LocalUnitaryMeasurementSetting (in-
dependently sampled single—qubit ro-
tation per site from the Haar mea-
sure on U(2) or X,Y,Z rotations) and

ComputationalBasisMeasurementSetting

(the identity on every site). The package also
provides ShallowUnitaryMeasurementSetting,
which stores an ordered list of one- and two-
qubit gates that realize a shallow depth circuit
to implement the measurement setting.
Measurement data. A MeasurementData in-
stance holds the bit strings obtained from pro-
jective measurements performed in a single set-
ting, together with the setting itself. Several
such objects, collected over Ny different settings,
are gathered into a MeasurementGroup. The
library offers simulators that, given a tensor-
network representation of a quantum state p, sim-
ulate the entire acquisition process and return a
MeasurementGroup identical in form to experi-
mental data.

1

Classical shadows. Post-processing routines
evaluate MeasurementGroup objects, and evolve
around the abstract type AbstractShadow.
Three concrete formats for classical shadows
are available.
ory—efficient and scales to essentially arbitrary
N by storing vectors of 2 x 2 single-qubit clas-
sical shadows per site; DenseShadow stores a
classical shadow as a full 2V x 2N object.
Since memory and basic linear-algebra costs scale
exponentially in N (i.e. with 4V matrix en-
tries), this representation is primarily intended
for small systems or small subsystems (typi-
cally N or Ny ~ 10-12, depending on hard-
ware and how many shadows/batches are kept
in memory), where it can be faster than fac-
torized shadows; finally ShallowShadow is tai-
lored to measurement settings generated by shal-
low circuits. In the context of dense represen-
tations, MeasurementProbability objects con-
tain, for each setting, the empirical Born dis-
tribution (as a 2V dimensional normalized vec-
tor) extracted either from the raw bit strings
(MeasurementData) or via simulations. A suite of
estimator functions then acts on classical shadows
or directly on MeasurementGroup data structures
to compute fidelities, purities, overlaps, Rényi en-
tropies, etc..

FactorizedShadow is mem-

All tensor algebra is delegated to the highly op-
timised ITensors. jl1 library [33|, which enables
both efficient classical simulation of randomized
measurements in large quantum systems and con-
venient manipulation of high-rank tensors that
arise during post-processing.

2.3 Installing and usage

The RandomMeas.jl package can be easily in-
stalled using the Julia package manager. To in-
stall, simply execute the following command in
the Julia REPL:

import Pkg
Pkg.add (RandomMeas)

To use RandomMeas. j1, one can then import the
package and check its version.

using RandomMeas
RandomMeas .version()
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Figure 2: Estimating expectation wvalues with
RandomMeas. 1. Using a random MPS of N = 50
qubits, bond dimension 2, and randomized measure-
ments with Ny = 200, Ny, = 100, we extract all Pauli
observables with support on sites 1 or 4, as described in
Sec. 3. The errors bars are obtained following Sec. 3.4,
and correspond throughout this manuscript to +2 esti-
mated standard deviations.

3 Basic usage

This section (and the corresponding notebook)
walks through one complete workflow of the pack-
age — from sampling random measurement set-
tings, through collecting measurement data, to
building classical shadows and estimating observ-
ables and non-linear functionals. In the last sub-
section, we show how to estimate the statistical
accuracy via the Jackknife procedure.

3.1 Data acquisition

Randomized measurement settings. We
start by importing the package and define the
(total) system size of interest N. We now sam-
ple randomized measurement settings. Here,
we parametrize them through single-qubit (local)
random unitaries which are drawn for each qubit
independently from the Haar ensemble on U(2).
We draw Ny = 200 settings.

N = 50 # Number of qubits

NU = 200 # Number of measurement settings

measurement_settings =
[LocalUnitaryMeasurementSetting(N) for _
NUJ

in 1:

Interfacing RandomMeas.jl with quantum
experiments. As a next step, randomized
measurements can be performed on actual quan-
tum hardware. On the one hand, RandomMeas. j1

w N =

-

provides routines for exporting measurement set-
tings. This includes interfaces to qiskit and, for
LocalUnitaryMeasurementSetting, an Open-
QASM export routine (QASM 2.0). These work-
flows are demonstrated in the example notebooks
(see also App. A) and illustrate how to deploy
the generated measurement circuits using exter-
nal software frameworks. On the other hand,
giskit (or any other native quantum program-
ming language) can be used to directly sample
Ny random measurement settings and express
them as parameterized quantum circuits (see the
dedicated qiskit example notebooks, App. A).
After performing randomized measurements on
quantum hardware, the measured bitstrings and
the corresponding random unitaries can be post-
processed using RandomMeas. j1, for instance by
constructing a MeasurementGroup as:
basis_transfo = npzread('"data/qiskit_u.npy")
meas = 2 .- npzread("data/qiskit_data.npy")

measurement_group = MeasurementGroup (meas,
basis_transfo)

as detailed in the example notebooks (see also
App. A).

Classical simulation of randomized mea-
surements. Alternatively, one can simulate
the entire RM protocol. Here, we choose a weakly
entangled matrix product state (MPS) [¢) with
bond dimension 2.

siteinds ("Qubit",N)

random_mps(site_indices, linkdims=2) #
Quantum state of interest

site_indices =

w=

For each setting, we perform Ny; = 100 pro-

jective measurements, yielding a “Measurement-

Group* container that stores all measurement

outcomes and measurement settings used.

NM=100 # Number of projective measurements per
setting

measurement_group = MeasurementGroup (¢ ,
measurement_settings,NM)

This constructor also supports input states pro-
vided either as an MPS (pure state) or as an
MPO (density operator). The optional keyword
mode selects tensor-network sampling (default) or
dense-array sampling (when feasible).

3.2 Classical shadows and estimation of expec-
tation values

Building classical shadows The first steps of
post-processing consist usually in building classi-
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cal shadows [2]. Here, we first use "factorized"
classical shadows that are memory efficient ob-
jects (stored as N x 2 x 2 arrays) suitable for
large system sizes.

classical_shadows = get_factorized_shadows(
measurement_group)

Expectation values. For estimating expecta-
tion values, we construct an observable

O=710L3 X4 R - -®Iy.

ops = ["I" for _ in 1:N]
OpS[l] = llZIl
ops[4] = nxn

0=MPO(site_indices,ops)

We compute the shadow estimate </O\) and its
standard error, and the exact value (O) =

{¥10[Y) -

estimate_val = get_expect_shadow(0,
classical_shadows)
exact_val = inner(v',0,%)

Dense shadows for small subsystems.
When the observable acts only on a few qubits
it is efficient to restrict the data to that sub-
system and keep each shadow in its full matrix
form. For a subsystem of N4 qubits a dense clas-
sical shadow is stored as a full 2V4 x 2¥4 object
(i.e. 4V entries). In practice, dense shadows
are typically advantageous for small N4 (roughly
Ny ~ 10-12 on a workstation, depending on
batching and how many shadows are stored/pro-
cessed at once); for larger Ny, factorized shad-
ows are usually preferable due to the exponential
memory and arithmetic cost. A reproducible tim-
ing/memory comparison underlying this guide-
line is provided in benchmarks/scaling_benchmarks
.ipynb.

In our example the operator O has support on
qubits 1 and 4 only. The three-step workflow is
therefore: reduce the measurement data to the
sites {1,4}; build dense shadows for that two-
qubit subsystem; estimate (O) with those shad-
ows.

reduced_group = reduce_to_subsystem(
measurement_group, [1, 4])

dense_shadows = get_dense_shadows (reduced_group)

estimate_val = get_expect_shadow(
reduce_to_subsystem(0, [1,4]), dense_shadows)

Both routes - factorized and dense - yield the
same estimated value for (O); the dense-shadow
routines are merely faster on smaller (sub-) sys-
tems.

An example of estimation of multiple Pauli
strings from the same RM dataset is shown in
Fig. 2.

3.3 Estimating non-linear functionals

Many physically relevant quantities—such as pu-
rities po = tr(p?) or higher-order Rényi en-
tropies—are polynomial functionals of the den-
sity matrix. Classical shadows provide a natu-
ral way to estimate such polynomial functionals
via the so-called U-statistics formalism [2, 34]: to
estimate, for instance, tr(pk), one replaces each
factor in the trace product by a statistically in-
dependent classical shadow (obtained from inde-
pendently sampled random unitaries) and aver-
ages over all distinct combinations [2, 34]. For
Nyr =1, this yields

N (Ny — k)!
P = —F7—
Ny!

>

]1 bR 7Jk?
all distinct

tr[ﬁjl ﬁj2 T :ajk}’ (2)

which is an unbiased estimator of the k-th mo-
ment py, = tr(p¥) for k > 1 integer.

For general Nj; > 1, the combinatorics
of the U-statistic become more involved, but
RandomMeas. j1 handles this general case. Thus,
users can directly call get_trace_moments (shadows,
collect(2:5)) for arbitrary Ny and Njs without
worrying about the underlying formulas.

Evaluating the U-statistic exactly scales as
(N]‘\][;!k)!N ¥ It therefore becomes quickly im-
practical when Ny, Njs and k grow. A cru-
cial practical simplification is obtained by intro-
ducing batch shadows [24]. Here the Ny uni-
taries are partitioned into Np disjoint batches
of size Ny/Np, and one averages within each
batch (including over all Nj; outcomes), defin-
ing pb = NNV Sjeb Ll At where pj is
the classical shadow constructed from measure-
ment [ after the application of the random uni-
tary j. The resulting Np batch shadows are then
combined according to the same U-statistic for-

mula (2), but with Ny replaced by Np, reducing
(Ny—k)!
N

the number of terms to o while retaining
the leading 1/Ny variance in the practically rel-
evant regime Np < Ny [24].
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Figure 3: Estimation of trace moments p; = tr(p*)
using the same RM data as in Fig. 2, and using 8 batch
shadows.

In RandomMeas. j1, this batching workflow is
accomplished in two lines:
batch_shadows = get_dense_shadows(
measurement_data; n_ru_batches = 8)

moments = get_trace_moments (batch_shadows,
collect(2:5))

The first call forms Ng = 8 batch-averaged dense
shadows, while the second evaluates the reduced
U-statistic on them.

Another simplification of the post-processing
consists in using estimation formulas that do not
require building classical shadows but work di-
rectly with the obtained measurement data. This
is the case in particular for the purity [17, 3|, and
cross-platform fidelity [35]. Our package provides
the two functions get_purity, and get_overlap
that take MeasurementGroup objects as inputs
and return the purity and the state overlap

tr(p1p2).

3.4 Quantifying statistical accuracy

Randomized—-measurement protocols infer physi-
cal quantities from finite samples of random bases
and finite numbers of projective read-outs. Any
numerical estimate produced by RandomMeas. j1
must therefore be accompanied by an uncertainty
that reflects two independent sources of fluctu-
ations, ensemble noise arising from the limited
number Ny of sampled measurement settings;
and shot noise originating from the finite num-
ber Ny of projective measurements per setting.

For estimates that are
linear in the state—e.g. an observable expec-

Linear functionals.

tation value tr(Op)—the estimator is the sam-
ple mean of Np (batch-)shadow evaluations.
The routine get_expect_shadow (and analogues) ac-
cepts the keyword compute_sem=true and returns
the value together with its standard error o =

Var[O]/Np .

Polynomial functionals. Non-linear quanti-
ties such as purity tr(p?) of a quantum state p or
higher trace moments admit unbiased U-statistic
estimators but lack simple analytic variance for-
mulae. RandomMeas. j1 therefore implements the
leave-one-out jackknife [36] to estimate the vari-
ance of the corresponding estimate:

1. From Np (batch) shadows compute the U-
statistic 6.

2. For each ¢ = 1,..., Ng omit shadow 7 and
recompute ;) from the remaining Np — 1
shadows.

3. The jackknife bias-corrected point estimate
is 0jx = Ng — (N —1) é(,), with variance

ot = ML (00 — 0y)

A direct implementation requires O(Npg) evalu-
ations of the costly U-statistic. RandomMeas.jl
avoids this overhead by caching all terms that en-
ter the full estimator and re-aggregating them to
obtain every é(i) essentially for free; the run time
therefore remains dominated by the single com-
putation of the full U-statistic. It also provides
functionality to estimate the full covariance ma-
trix of multiple trace moments via jackknife.

Practical guidelines. Reliable uncertainties
require a minimum of roughly ten (batch) shad-
ows (Np 2 10) [24]. Users are encouraged to
check convergence of both the point estimate and
the jackknife error bar as a function of Ng. We
note that bootstrap resampling is another natu-
ral option for uncertainty quantification, but it
is not currently implemented in RandomMeas. j1;
we focus on jackknife as a deterministic and com-
putationally efficient default.

All post-processing routines expose the key-
words compute_sem / compute_cov to activate these
statistical diagnostics; by default only the point
estimate is returned.
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Figure 4. Robust shadow estimation of the purity of
(sub-)systems of a 5 qubit GHZ state as a function of
the subsystem size i. The measurement is affected by
local depolarization noise of random strength of mean
value 0.1 and standard deviation 0.02. We used Ny =
2000 unitaries for the calibration experiment and for the
measurement (Np; = 100 for both).

4 Advanced usage of the package

In the section, we present examples of advanced
usage of the toolbox. First we present two illus-
trative examples for performing classical shadow
tomography: In presence of measurement noise
(Sec. 4.1), and using shallow quantum circuits
as measurements settings (Sec. 4.2). Then, in
Sec. 4.4, we present a list of other possible ad-
vance uses of the toolbox, and connect them to

jupyter notebooks that are available online (see
also App. A).

4.1 Robust shadow tomography

Randomized—measurement protocols are appeal-
ing precisely because they are hardware friendly:
in their simplest version, only local basis rota-
tions and computational basis measurements are
needed. In practice, however, during the basis
rotations, read-out crosstalk and errors degrade
the quality of the recorded bit strings. Classical
shadow estimators that neglect those imperfec-
tions can be severely biased.

Twirling and effective noise. A key
observation—formalised in Refs. [19, 20]—is that
the ensemble average over random unitaries
twirls the native noise channel into a simple,
diagonal form’. For local single-qubit rotations

!Under the assumption of gate-independent, time-
stationary and Markovian noise.

N}

the effective noise on each qubit is fully char-
acterized by a single depolarization parameter
G; (or, equivalently, an error probability p;). If
these parameters are known, one can undo the
bias at the level of the shadow map? and recover
an unbiased estimator.

Calibration from a reference experiment.
To measure depolarization parameters, we start
from a known product state [¢g) (typically
|tp) = |0)) and acquire a measurement group
calibration_group, which will be used to build
robust shadows for a subsequent experiment per-
formed on a unknown quantum state p.

Based on this data, RandomMeas. j1 first con-
structs a calibration vector G [10] containing
he per-qubit depolarization parameters, which
can be then passed to any shadow-construction
routine for the post-processing of the ac-
tual measurement_data. (get_factorized_shadows,

get_dense_shadows, ... )

G_e = get_calibration_vector(y0,
calibration_group)

robust_shadows = get_factorized_shadows (
measurement_data; G)

Because the correction is inserted at the ear-
liest possible point (the definition of the classi-
cal shadow itself) RandomMeas. j1 offers robust
versions of every estimator implemented in the
library.

Visual illustration. Figure 4 presents the
standard and the robust estimators for the pu-
rity of a noisy GHZ state, as in the experimen-
tal work [10], see also the corresponding jupyter
notebook. While standard, i.e. non-robust, clas-
sical shadows, underestimate the values of the pu-
rity, the robust version rescales the estimator to

remove the effect of measurement errors.

4.2 Shallow shadows

Classical shadows constructed from local mea-
surement settings are hardware-friendly and ef-
ficient for estimating local observables, but may
yield large statistical errors when estimating

2 All mitigation is performed a posteriori at the expense
of a possibly enlarged sample complexity: no additional
pulses are inserted into the experimental sequence.
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high-weight operators’. An alternative, known

as shallow shadows, replaces product random uni-
taries with low-depth random quantum circuits.
This approach can substantially reduce estimator
variance for high-weight observables |21, 22, 37,
23, 11].

inverse shadow map. In

imple-

Learning the
RandomMeas.jl shallow shadows are
mented using uni-dimensional random quantum
circuits composed of single-qubit and nearest-
neighbor two-qubit gates of fixed depth. In con-
trast to local-unitary schemes, the corresponding
shadow map is not analytically known and must
be learned numerically from training data. This
is done during a training phase using a vector of
ShallowMeasurementSetting instances.

NU_training = 2000 # Number of unitaries

N = 10

site_indices_i = siteinds("Qubit", N;addtags="
input")

site_indices_o = siteinds("Qubit", N;addtags="
output")

depth = 2

settings = [ShallowUnitaryMeasurementSetting(N,

depth;site_indices=site_indices_o) for _ in

1:NU_training];

Here we use two instances of site indices,
site_indices_i, site_indices_o, in order to
describe the action of quantum channels on in-
put and output states, respectively.

From the resulting data, the effective measure-
ment channel is reconstructed as

M(p) =Euv |y _(s|UpU"|s) UIs) (s| U |, (3)

S

where the average is taken over the shallow circuit
ensemble.

Internally, M is represented as a depolarizing
channel parametrized by a real-valued MPS. Us-
ing the sets of Ny unitaries defined through the
variable settings, this MPS is obtained trough
a tensor-network fitting procedure [38], using the
numerically evaluated Born probabilities gener-
ated from a fixed state pp = |0) (0]. In a second
step, we compute the inverse map M~! via au-
tomatic differentiation. More theoretical details
are given in the corresponding Jupyter notebook.

9The number of measurements scale exponentially with
the weight of the observables of interest [2].

Observable estimation. Once the inverse
map is learned, it can be used to construct classi-
cal shadows from randomized measurements on
unknown quantum states. Here, we simulate
these randomized measurements classically using
the built-in functionality of RandomMeas.jl. A
new measurement group is collected using the
same circuit depth:
measurement_group = MeasurementGroup (¢),NU,NM;
setting_type=
ShallowUnitaryMeasurementSetting,depth=depth
, mode=Dense) ;

Each measurement outcome s, obtained from a
shallow circuit U, is then mapped to a classical
shadow via

p=MT1Us) (s|U), (4)

enabling unbiased estimation of expectation val-

ues. For instance, an observable O; can be eval-

uated as

shadow = get_shallow_shadows(measurement_group,
inverse_shallow_map, site_indices_i,
site_indices_o)

estimate = real(get_expect_shadow(observable[j],
shadow))

This procedure supports scalable estimation of
many observables, and can significantly reduce
variance for non-local observables compared to
standard local-measurement shadows [37].

4.3 Benchmarking of quantum devices

Randomized measurement protocols also enable
practical and scalable benchmarking of quantum
processors. RandomMeas . j1 includes built-in sup-
port for two widely used protocols: cross-entropy
benchmarking (XEB) [39, 40] for comparing a
(noisy) QPU against an ideal classical simulation
and cross-platform fidelity estimation for compar-
ing two QPUs [35]. These routines exploit ef-
ficient tensor-network simulation to benchmark
realistic circuits and noisy dynamics at scale.

Cross-entropy benchmarking (XEB) and
self-XEB. Cross-entropy benchmarking [39,
40] quantifies hardware fidelity by comparing the
(empirical) probabilities of experimentally mea-
sured bitstrings to the ideal output probabilities
p(s) = [(s|U]|0)]? of a random quantum circuit
U. Given a dataset of bitstrings {s}, the XEB
fidelity is computed as

-FXEB = 2N : IEvaexp. [p(s)] - 17

()
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where the expectation is over experimental bit-
strings and p(s) is computed for each experimen-
tal measurement outcome s using a classical sim-
ulation of the ideal circuit. For shallow circuits,
the output distribution can deviate significantly
from the Porter-Thomas form, leading to a bi-
ased XEB estimator. The self~-XEB protocol [13]
(see also Refs. [41, 42]) corrects for this by nor-
malizing with probabilities obtained directly from
the reference circuit, yielding

Es~exp.[p(s)] =P
Esnret. [p(S)] —-p ’

Fsclf—XEB =

where 7 = 1/2" is the uniform baseline.
Both XEB and self-XEB are supported di-
rectly from MeasurementData objects.

XEB = get_XEB(v, measurement_data) #
standard XEB

selfXEB = get_selfXEB(v)) # self-
XEB reference

XEB_corrected = XEB / selfXEB # bias-

corrected estimate

Here, get_XxEB computes the standard XEB es-
timator with measurement data from computa-
tional basis measurements on a noisy version
of v. The second routine evaluates the self-
XEB normalization for . In this context,
the package can simulate ideal and noisy dy-
namics using matrix—product—state and quan-
tum-trajectory methods [43].

4.4 Jupyter notebooks for advanced usage

To illustrate the use of RandomMeas.jl in re-
alistic scenarios, we provide a collection of 14
Jupyter notebooks, listed in App. A. They cover a
broad range of protocols and use cases, from clas-
sical-shadow tomography (including robust and
shallow—circuit variants) and quantum—device
benchmarking (e.g., cross—entropy benchmark-
ing, cross—platform fidelity estimation) to en-
tanglement—entropy measurements and topolog-
ical-order detection. Several notebooks repro-
duce or reanalyse experimental data, such as the
ion—trap experiment of Ref. 3], while others sim-
ulate noisy quantum circuits or demonstrate er-
ror—mitigation techniques such as virtual distil-
lation. Several notebooks cover importing and
exporting measurement settings and results to in-
terface with quantum computing experiments us-
ing languages such as qiskit or QASM. Each note-
book contains background material, references,

and executable code illustrating data acquisition
and post—processing workflows, serving as a prac-
tical complement to the examples presented in
this article. Reproducible benchmark scripts are
included in the repository under benchmarks.

5 Conclusion & Outlook

We have introduced RandomMeas. jl, a scalable
and modular Julia package for developing, test-
ing and implementing randomized measurement
(RM) protocols. Its architecture separates pre-
processing, data acquisition and post-processing,
enabling flexible integration with different exper-
imental setups and simulation backends. The
package supports the full RM workflow, from
measurement setting generation to advanced es-
timators, and includes a tensor-network—based
implementation of classical shadows suitable for
large quantum systems. It offers robust routines
for a variety of RM variants, built-in statisti-
cal error estimation, and a unified interface for
both experimental and theoretical applications.
These features make RandomMeas. j1 well suited
for current experiments and large-scale simula-
tions, while providing a flexible foundation for
future extensions.

Looking ahead, several development directions
naturally emerge:

Machine learning and scalable tomogra-
phy. Efficient and robust shadow-construction
routines can be combined with classical machine
learning techniques to design kernel methods for
state classification [44, 45|, or to implement pro-
cess shadow tomography for Liouvillian learn-
ing [46, 47]. Scalable randomized measurements
approaches to quantum state tomography, includ-
ing methods based on MPOs [14], or on neural
network quantum states [48, 49| (cf. the Julia
package PastaQ)), are another promising exten-
sion. Sampling strategies during pre-processing
may be further optimized via importance sam-
pling [50, 51| or derandomization techniques [52],
incorporating classical prior knowledge about the
state or observable of interest [17, 53, 54, 55].

Error mitigation. Randomized measure-
ments enable several powerful quantum error
mitigation techniques. RandomMeas.jl already

supports robust shadows and can be naturally
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extended to include virtual distillation [56] and
probabilistic error cancellation (PEC) [57, 58, 59].
Such extensions could further leverage efficient
tensor-network inversion techniques [60] and
symmetry restoration ideas based on symmetry-
resolved shadows [61, 6, 53, 54, 55|, broadening
applicability to realistic quantum devices.

Performance optimization with
GPUs. While tensor-network methods in
RandomMeas.jl already enable large-scale
simulations, significant runtime gains could be
achieved by leveraging GPU acceleration. In par-
ticular, GPU-based contraction of ITensors.jl
objects would directly benefit the most compu-
tationally intensive post-processing routines.

By combining a standardized interface, mod-
ular design, and a focus on scalability and re-
producibility, RandomMeas . j1 provides a versatile
platform for advancing the state of the art in ran-
domized measurements. We invite contributions
from the community to expand its functionality,
integrate new protocols, and explore emerging ap-
plications at the interface of quantum informa-
tion, simulation, and machine learning.
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A

Jupyter notebooks for advanced usage

This appendix provides the complete list of Jupyter notebooks accompanying RandomMeas. j1. They
can be found in the project repository, each with background material, references, and executable code.
Many notebooks reproduce or reanalyse experimental results, while others are purely numerical and
illustrate specific randomized—measurement protocols.

Al
1.

A2

A3
1.

A4

Classical shadows

Energy measurements with classical shadows — Estimation of energies and energy variances, e.g.
for verifying ground-state preparation in quantum simulation [62, 2].

. Robust shadow tomography — Construction of classical shadows robust to measurement errors via

calibration [19, 20, 25, 10].

. Process shadow tomography — lIllustration of quantum-gate fidelity estimation using common

randomized measurements [46, 47].

Classical shadows with shallow circuits — Calibration and use of shallow—circuit measurement
settings for improved estimation of nonlocal observables [21, 22, 23, 11].

Virtual distillation — Quantum error—mitigation technique based on classical shadows [56].

Quantum benchmarking

. Cross—entropy and self-cross—entropy benchmarking — Fidelity estimation for random circuits

using classical simulation [40, 13].

. Fidelities from common randomized measurements — Estimation of (¢|p|ty)) with reduced statis-

tical errors [25].
Cross—platform verification — Mixed—state fidelity estimation between states prepared on two

quantum devices [35].

Entanglement measurements

Entanglement entropy of pure states and the Page curve — Purity and Rényi—entropy estimation
via randomized measurements.

. Analysis of Brydges et al. (Science 2019) data — Re—analysis of the first experimental random-

ized-measurement dataset |3, 63|, including higher—order Rényi entropies and batch shadows [24].

Mized-state entanglement detection — Experimental detection of entanglement via the ps—PPT
condition [34].

Topological entanglement entropy — Simulation of purity measurements for the toric code and
extraction of the topological contribution [9, 17, 3].

Import/Export and interface with experiments

Qiskit hardware interface (example workflow) — RandomizedMeasurementsQiskit.ipynb
generates  randomized  measurement  circuits and  executes them in  Qiskit.
RandomizedMeasurementsQiskitPostprocessing.ipynb imports the exported unitaries
and shots into RandomMeas.jl and performs the classical post-processing by constructing a
MeasurementGroup.
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2. Exporting measurement circuits to OpenQASM — Demonstration of the Open-
QASM  (QASM  2.0) export routine for LocalUnitaryMeasurementSetting and
ComputationalBasisMeasurementSetting, enabling straightforward use of the correspond-
ing randomized-measurement circuits in external SDKs (e.g. Qiskit, Cirq).

A.5 Miscellaneous

1. Noisy circuit simulations with tensor networks — Simulation of noisy dynamics using den-
sity—matrix propagation or quantum-trajectory methods [43].

2. Estimating statistical error bars via Jackknife resampling — Resampling—based uncertainty esti-
mates from a single dataset.
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