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Introduction. The No-Cloning theorem [WZ382; Die82] is a foundational result in quantum theory. It states: There is
no unitary U such that U(|¢) |0)) = |¢) |¢/) holds simultaneously for multiple non-orthogonal pure states |¢/). In words,
for any set of states that contains at least two non-orthogonal states, the No-Cloning theorem rules out the existence of
a hypothetical one-fits-all cloning map. We also have what one may call an approximate No-Cloning theorem [Wer98;
KW99]: Approximately cloning arbitrary pure states requires as many copies as pure state tomography [Gro+10; BDK16;
Haa+16; OW16; PSW25]. While this tells us that it is exponentially costly to clone pure states without any structural
assumptions, imposing sufficiently stringent structure can make the cloning task easy. As a trivial example, any class
of orthogonal states can be cloned perfectly from a single copy. Thus, there are two extremes: Approximate cloning is
exponentially costly without structure, but even exact cloning becomes trivial with orthogonality structure.

In many areas of quantum computation and information, and in particular in quantum learning theory [AW17; AA24],
we often consider neither of these extremes. Instead, we focus on classes of states that are structured yet sufficiently
rich to exhibit non-trivial quantum behavior. Prominent examples include stabilizer states [Mon17], tensor network
states [LLP10; Cra+10; LVV15; Ara+17; Bak+25], quantum example states [BJ95; AW17; Car+24; CNS26], and phase
states [Aru+23]. However, whereas questions of learning such structured classes of states are well-studied, questions
of (approximate) cloning under structural assumptions remain unexplored. This leads us to our first central question:

Can approximate cloning be easier than learning for structured classes of states?

In the asymptotic regime, as the number of cloned copies goes to infinity, [CY14] gave strong evidence that the answer
to the above question should be negative. In contrast, a computational version of the question was raised in [Fef+26],
and there is evidence [NZ24; BNZ25; CGS26] towards a positive answer. We, however, interpret the question in terms
of sample complexity: Are there structured classes of states for which the sample complexity of approximate cloning is
strictly smaller than that of learning? This motivates us to connect the modern perspective of quantum learning theory
with the foundational question of cloning by proposing a structured version of the approximate cloning problem:

Definition 1: (Cloning of structured states — Informal) A class S of quantum states is said to admit a (t,t + m, €)-
quantum cloning scheme if there exists a linear CPTP map As s me : B(H®') — B(H®"*™) such that

sup dTD (AS,t,m,e (P®t), P®t+m) <e€. (1)
pES

We call € the error incurred by the cloning scheme.

In this work, we show that structured cloning with small constant error for stabilizer states requires a sample complexity
scaling linearly in the number of qubits, matching their learning complexity. Given the prominent role of stabilizer states
in quantum computing, our result can be viewed as an approximate No-Cloning theorem for practically relevant states.
We prove this by relating cloning to a structured version of the recent classical sample amplification problem [Axe+20;
Axe+24]: Given a dataset drawn from an unknown distribution from some known class, produce a larger dataset that
looks like it consists of true samples. [Axe+20] proved that sample amplification can be strictly easier than learning.
Taking motivation from the computational learning theory [Val84], which deals with learning a Boolean function f from
data {(x;, f(x;))}, where the x; are drawn i.i.d. from some known n-bit distribution V,,, we ask whether such structured
distributions {(Vy, f)} rer, with 7 a Boolean function class, can be amplified more sample-efficiently than learned.

Main Results. Motivated by the above, we study two core questions in this work: First, is structured sample ampli-
fication easier than learning? And second, is structured quantum cloning easier than learning? We show that the two
questions are related for specific structured classes of functions and states, and for those classes we give negative an-
swers to both questions. Our results on sample amplification and cloning sample complexity lower bounds for different
structured classes are highlighted and compared with learning sample complexities in Table 1.

*arXiv:2604.15269v1 gave a faulty proof for its claimed cloning results via random purification. The stabilizer state cloning bound holds, but it
requires a different proof. This Extended Abstract represents the contents of an updated version of the paper that will soon appear on the arXiv.
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Problem Instance Learning Sample Amplification/Cloning
(Classical/Quantum) (with small constant error) (with small constant error)
n-bit parities O(n) Q(n) (This work)
kr-dimensional O(kr) Q(kr)* (This work)
Boolean function subspace ( *depending on properties of the code Cr)
n-qubit stabilizer states 0(n) [Mon17] Q(n) (This work)

Table 1: Overview of our main results: A comparison between known sample complexity bounds for learning (with
small constant error) and our new sample complexity lower bounds for amplification/cloning.

On the classical side, we develop a general lower bound on the optimal achievable error in structured sample amplifi-
cation for any structured distribution class of the form D = {(V5, f)} rer, with 7 a known Boolean function class. We
then instantiate this bound for parity functions, and more generally for function classes that form a linear space.

Theorem 1: (Structured Sample Amplification Lower Bounds — Informal)

1. General lower bound: Let F be a “symmetric' ” class of Boolean functions on n bits. Let by be the teaching dimension

[GK95] of F. Sample amplification for F from < b samples incurs an error of at least half the probability that by
uniformly random labeled examples uniquely identify the target function.

2. Lower bound for parities: Sample amplification for the class Fpar = {x > s+ x mod 2}sezp of n-bit parity
functions from < n samples incurs at least a constant error of 0.14.

3. Lower bounds from coding theory: Let F be some kr-dimensional linear subspace of all Boolean functions on n
bits. Sample amplification for F from < kr samples incurs an error of at least half the probability that a certain
corresponding linear code corrects kr random erasure errors minus an O(k%, /2") term.

While sample amplification is strictly easier than learning for the unstructured class of all Boolean functions as a direct
consequence of results from [Axe+20; Axe+24], Theorem 1 shows that structured sample amplification for particular
classes of functions is as hard as learning. Thus, for certain structures, we have found classical “No Sample Amplifica-
tion” results similar in spirit to quantum No-Cloning theorems.

On the quantum side, we make use of our lower bounds for structured sample amplification to derive optimal cloning
lower bounds for different families of states. We first prove a general lower bound on the optimal achievable error for
cloning a set of (mixed) states that “hide” unknown symmetry subgroups of a large (known) Abelian group. Here, we
say that a state p € S “hides” a subgroup H < G under some fixed unitary representation” y if the elements of H leave
the state invariant, i.e., tr (pu(h)) = 1,Vh € H, and the elements not in H change the state significantly, i.e., | tr (pu(g)) |
is bounded away from 1 for all g € G \ H. We then give our cloning lower bound for stabilizer states.

Theorem 2: (Structured Quantum Cloning Lower Bounds - Informal)

2

1. General lower bound: Let G be a known Abelian group. Let S, be a class of (mixed) n-qubit states that “hide
unknown symmetry subgroups H < G of order a. Let p}, denote the probability of uniquely identifying H from t
copies of a corresponding canonical H-hiding state op;. Then, cloning S, from < t copies incurs an error of at least
1 t t-1 o
= - , where the expectation is uniform over subgroups H < G of order «.
2By [P P2 P f group f

2. Lower bound for stabilizer states: Cloning for the class of pure n-qubit stabilizer states from < |n/3] copies incurs
at least a constant error of 0.28 minus a term exponentially small in n.

Approximate cloning is already known to be as hard as learning for the unstructured class of all pure states [Wer98;
KW99]. Theorem 2 shows that the same is true for stabilizer states. Thus, imposing such structure does not separate
cloning from learning in terms of sample complexity.

'Here, we call a function class symmetric if all its elements have the same minimum teaching sequence size and if obtaining a teaching
sequence from random samples is equally likely for each function in the class.
2For point 1 in Theorem 2 below, we assume the representation y to contain every irrep of G exactly once.



Techniques. We establish our sample amplification and cloning lower bounds with a common proof strategy, which
highlights that the similarity between cloning and sample amplification is not merely superficial but can indeed be
made technically rigorous. The unifying proof approach consists in constructing a distinguisher that can tell true
samples/copies apart from amplified ones. In the case of stabilizer state cloning, our distinguisher runs an average-
case optimal learner for the relevant state ensemble (which we choose to be a specific subclass of stabilizer states, see
below) on the purported t + 1 quantum copies. The distinguisher accepts precisely when the hypothesis produced by
the learner equals the true state. Composing any ¢-to-(t + 1) quantum cloner with a (¢ + 1)-copy learner gives a valid
t-copy learner, so the cloning error must be lower bounded by the gap between the optimal average probabilities of
learning from t + 1 and from ¢ genuine copies.

We analyse these probabilities for a specific subclass of stabilizer states. Concretely, within the class of (3n)-qubit
stabilizer states, we consider the class BiGraph,, of (n, 2n)-bipartite graph states of the form

1

A) =
4=

D )T Ay), (2)

n 2n
erz ,yeZ2

which are indexed by their biadjacency matrices A € Z?*?". First, for t = n — 1 copies, we upper bound the optimal
average probability of learning an unknown state from BiGraph,, via a dimension counting argument. Namely, for
t = n— 1, we show that the span of the states |[A)*"~! has a dimension that is exponentially smaller than |BiGraphs, |,
leading to an exponentially small optimal success probability of identifying an unknown state in BiGraph,, fromn -1
copies. For t + 1 = n copies, by contrast, applying Hadamard gates to the 2n qubits on one side of the bipartition and
measuring in the computational basis produces independent samples (x, x" A). These observed measurement outcomes
uniquely determine A as soon as we see n linearly independent sampled vectors x, which among n samples happens with
probability [T%,(1 — 27%) > 0.28. This constant jump in learning success yields a constant cloning-error lower bound.
Monotonicity of the cloning error together with a simple padding (to cover the cases of (3n + 1)- and (3n + 2)-qubit
states) then leads us to the claimed Q(n) lower bound for general n-qubit stabilizer state cloning with sufficiently small
constant error.

Outlook. Our results on quantum cloning for particular classes of structured quantum states related to Abelian
StateHSP problems, with stabilizer states as a concrete example, achieved via a novel connection between cloning and
classical sample amplification, raise several natural follow-up questions, including:

+ Cloning hypergraph states: A natural next class of states to explore cloning for are hypergraph states of order
d [Ros+13], which also admit a description in terms of stabilizer operators that include Toffoli gates in addition to
Paulis. These states can alternatively be thought of as phase states of degree-d polynomials over Z; [Aru+23]. It
is an intriguing question whether cloning hypergraph states can be related to sample amplification of low-degree
polynomials, and whether such a connection can give rise to lower bounds. Beyond hypergraph states, the study
of cloning for classes such as matrix product states, or output states of QNC® and QAC? circuits may be of interest.

+ Cloning against restricted distinguishers: In the distinguisher-based perspective on cloning, we have not
restricted the computational power of the distinguisher. Motivated by quantum cryptography [Wie83; JLS18;
Fef+26; NZ24; BNZ25], it is natural to consider the task of cloning structured classes of states against polynomial-
time adversaries. While our lower bounds for stabilizer state cloning immediately carry over to cloning against
polynomial-time adversaries, it remains to explore the impact of imposing computational restrictions on the ad-
versary for cloning other classes of quantum states. Specifically, it would be interesting to see whether cloning
and learning can be separated for relevant classes of states in this computational model of cloning.

« Average-case quantum cloning: Our formulation of quantum cloning as well as our proven lower bounds are in
aworst-case picture. In particular, to establish our stabilizer state cloning lower bound, we first restrict attention to
a suitable subset of states; thus, the stabilizer result holds for a worst-case notion of cloning. In contrast, Werner’s
optimal cloning map for general pure states is optimal both in the worst case and in the average case [Wer98].
We conjecture that our worst-case lower bounds for cloning similarly extend to the average case.

Answering these open questions will help develop and understand quantum cloning, a fundamental feature of quantum
information tailored to practically relevant quantum states, through the lens of modern quantum learning theory.



References

[AA24]

[Ara+17]

[Aru+23]

[AW17]

[Axe+24]

[Axe+20]

[Bak+25]

[BDK16]

[BNZ25]

[BJ95]

[CGS26]

[Car+24]

[CNS26]

Anurag Anshu and Srinivasan Arunachalam. “A survey on the complexity of learning quantum states”. In:
Nature Reviews Physics 6.1 (2024), pp. 59-69. URL: https://www.nature.com/articles/s42254-023-00662-4
(page 1).

Itai Arad, Zeph Landau, Umesh Vazirani, and Thomas Vidick. “Rigorous RG Algorithms and Area Laws for
Low Energy Eigenstates in 1D”. In: Communications in Mathematical Physics 356.1 (Aug. 2017), pp. 65-105.
ISSN: 1432-0916. por1: 10.1007/s00220-017-2973-z. URL: http://dx.doi.org/10.1007/s00220-017-2973-z (page 1).
Srinivasan Arunachalam, Sergey Bravyi, Arkopal Dutt, and Theodore J. Yoder. “Optimal Algorithms for
Learning Quantum Phase States”. In: 18th Conference on the Theory of Quantum Computation, Communica-
tion and Cryptography (TQC 2023). Ed. by Omar Fawzi and Michael Walter. Vol. 266. Leibniz International
Proceedings in Informatics (LIPIcs). Dagstuhl, Germany: Schloss Dagstuhl — Leibniz-Zentrum fiir Infor-
matik, 2023, 3:1-3:24. 1SBN: 978-3-95977-283-9. DoI: 10.4230/LIPIcs. TQC.2023.3. URL: https://drops.dagstuhl.
de/entities/document/10.4230/LIPIcs. TQC.2023.3 (pages 1, 3).

Srinivasan Arunachalam and Ronald de Wolf. “Guest Column: A Survey of Quantum Learning Theory”.
In: SIGACT News 48.2 (June 2017), pp. 41-67. 1ssN: 0163-5700. po1: 10.1145/3106700.3106710. URL: https:
//doi.org/10.1145/3106700.3106710 (page 1).

Brian Axelrod, Shivam Garg, Yanjun Han, Vatsal Sharan, and Gregory Valiant. “On the statistical complexity
of sample amplification”. In: The Annals of Statistics 52.6 (2024), pp. 2767-2790. por: 10.1214/24- AOS2444.
URL: https://doi.org/10.1214/24- AOS2444 (pages 1, 2).

Brian Axelrod, Shivam Garg, Vatsal Sharan, and Gregory Valiant. “Sample amplification: increasing dataset
size even when learning is impossible”. In: Proceedings of the 37th International Conference on Machine Learn-
ing. ICML’20. JMLR.org, 2020. URL: https://proceedings.mlr.press/v119/axelrod20a.html (pages 1, 2).
Ainesh Bakshi, John Bostanci, William Kretschmer, Zeph Landau, Jerry Li, Allen Liu, Ryan O’Donnell, and
Ewin Tang. “Learning the Closest Product State”. In: Proceedings of the 57th Annual ACM Symposium on
Theory of Computing. STOC ’25. ACM, June 2025, pp. 1212-1221. por: 10.1145/3717823.3718207. URL: http:
//dx.doi.org/10.1145/3717823.3718207 (page 1).

Charles H. Baldwin, Ivan H. Deutsch, and Amir Kalev. “Strictly-complete measurements for bounded-rank
quantum-state tomography”. In: Phys. Rev. A 93 (5 May 2016), p. 052105. po1: 10.1103/PhysRevA.93.052105.
URL: https://link.aps.org/doi/10.1103/PhysRevA.93.052105 (page 1).

John Bostanci, Barak Nehoran, and Mark Zhandry. “A General Quantum Duality for Representations of
Groups with Applications to Quantum Money, Lightning, and Fire”. In: Proceedings of the 57th Annual ACM
Symposium on Theory of Computing. STOC ’25. Prague, Czechia: Association for Computing Machinery,
2025, pp. 201-212. 1sBN: 9798400715105. por1: 10.1145/3717823.3718195. URL: https://doi.org/10.1145/
3717823.3718195 (pages 1, 3).

Nader H. Bshouty and Jeffrey C. Jackson. “Learning DNF over the uniform distribution using a quantum
example oracle”. In: Proceedings of the Eighth Annual Conference on Computational Learning Theory. COLT
’95. Santa Cruz, California, USA: Association for Computing Machinery, 1995, pp. 118-127. 1sBN: 0897917235.
DoI: 10.1145/225298.225312. URL: https://doi.org/10.1145/225298.225312 (page 1).

Alper Cakan, Vipul Goyal, and Omri Shmueli. Public-Key Quantum Fire and Key-Fire From Classical Oracles.
2026. arXiv: 2504.16407 [quant-ph]. URL: https://arxiv.org/abs/2504.16407 (page 1).

Matthias C. Caro, Marcel Hinsche, Marios Ioannou, Alexander Nietner, and Ryan Sweke. “Classical Verifica-
tion of Quantum Learning”. In: 15th Innovations in Theoretical Computer Science Conference (ITCS 2024). Ed.
by Venkatesan Guruswami. Vol. 287. Leibniz International Proceedings in Informatics (LIPIcs). Dagstuhl,
Germany: Schloss Dagstuhl — Leibniz-Zentrum fiir Informatik, 2024, 24:1-24:23. 1sBN: 978-3-95977-309-6.
por: 10.4230/LIPIcs.ITCS.2024.24. urL: https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.
2024.24 (page 1).

Matthias C. Caro, Preksha Naik, and Joseph Slote. “Testing Classical Properties from Quantum Data”. In:
17th Innovations in Theoretical Computer Science Conference (ITCS 2026). Ed. by Shubhangi Saraf. Vol. 362.
Leibniz International Proceedings in Informatics (LIPIcs). Dagstuhl, Germany: Schloss Dagstuhl — Leibniz-
Zentrum fur Informatik, 2026, 34:1-34:26. 1SBN: 978-3-95977-410-9. por1: 10.4230/LIPIcs.ITCS.2026.34. URL:
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2026.34 (page 1).


https://www.nature.com/articles/s42254-023-00662-4
https://doi.org/10.1007/s00220-017-2973-z
http://dx.doi.org/10.1007/s00220-017-2973-z
https://doi.org/10.4230/LIPIcs.TQC.2023.3
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.TQC.2023.3
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.TQC.2023.3
https://doi.org/10.1145/3106700.3106710
https://doi.org/10.1145/3106700.3106710
https://doi.org/10.1145/3106700.3106710
https://doi.org/10.1214/24-AOS2444
https://doi.org/10.1214/24-AOS2444
https://proceedings.mlr.press/v119/axelrod20a.html
https://doi.org/10.1145/3717823.3718207
http://dx.doi.org/10.1145/3717823.3718207
http://dx.doi.org/10.1145/3717823.3718207
https://doi.org/10.1103/PhysRevA.93.052105
https://link.aps.org/doi/10.1103/PhysRevA.93.052105
https://doi.org/10.1145/3717823.3718195
https://doi.org/10.1145/3717823.3718195
https://doi.org/10.1145/3717823.3718195
https://doi.org/10.1145/225298.225312
https://doi.org/10.1145/225298.225312
https://arxiv.org/abs/2504.16407
https://arxiv.org/abs/2504.16407
https://doi.org/10.4230/LIPIcs.ITCS.2024.24
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2024.24
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2024.24
https://doi.org/10.4230/LIPIcs.ITCS.2026.34
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2026.34

[CY14]

[Cra+10]

[Die82]

[Fef+26]

[GK95]

[Gro+10]

[Haa+16]

[JLS18]

[KW99]

[LVV15]

[LLP10]
[Mon17]

[NZ24]

[OW16]

[PSW25]

Giulio Chiribella and Yuxiang Yang. “Optimal asymptotic cloning machines”. In: New Journal of Physics 16.6
(2014), p. 063005. po1: 10.1088/1367-2630/16/6/063005 (page 1).

Marcus Cramer, Martin B Plenio, Steven T Flammia, Rolando Somma, David Gross, Stephen D Bartlett,
Olivier Landon-Cardinal, David Poulin, and Yi-Kai Liu. “Efficient quantum state tomography”. In: Nature
communications 1.1 (2010), p. 149. po1: 10.1038/ncomms1147. URL: https://doi.org/10.1038/ncomms1147
(page 1).

D. Dieks. “Communication by EPR devices”. In: Physics Letters A 92.6 (1982), pp. 271-272. 1sSN: 0375-9601.
Dor: https://doi.org/10.1016/0375-9601(82)90084-6. URL: https://www.sciencedirect.com/science/article/pii/
0375960182900846 (page 1).

Bill Fefferman, Soumik Ghosh, Makrand Sinha, and Henry Yuen. “The Hardness of Learning Quantum Cir-
cuits and Its Cryptographic Applications”. In: 17th Innovations in Theoretical Computer Science Conference
(ITCS 2026). Ed. by Shubhangi Saraf. Vol. 362. Leibniz International Proceedings in Informatics (LIPIcs).
Dagstuhl, Germany: Schloss Dagstuhl — Leibniz-Zentrum fiir Informatik, 2026, 56:1-56:21. 1SBN: 978-3-
95977-410-9. por: 10.4230/LIPIcs.ITCS.2026.56. URL: https://drops.dagstuhl.de/entities/document/10.
4230/LIPIcs.ITCS.2026.56 (pages 1, 3).

S.A. Goldman and M.J. Kearns. “On the Complexity of Teaching”. In: Journal of Computer and System Sciences
50.1 (1995), pp. 20-31. 1ssN: 0022-0000. por: https://doi.org/10.1006/jcss.1995.1003. URL: https://www.
sciencedirect.com/science/article/pii/S0022000085710033 (page 2).

David Gross, Yi-Kai Liu, Steven T. Flammia, Stephen Becker, and Jens Eisert. “Quantum State Tomography
via Compressed Sensing”. In: Phys. Rev. Lett. 105 (15 Oct. 2010), p. 150401. por1: 10.1103/PhysRevLett.105.
150401. UrL: https://link.aps.org/doi/10.1103/PhysRevLett.105.150401 (page 1).

Jeongwan Haah, Aram W. Harrow, Zhengfeng Ji, Xiaodi Wu, and Nengkun Yu. “Sample-optimal tomog-
raphy of quantum states”. In: Proceedings of the Forty-Eighth Annual ACM Symposium on Theory of Com-
puting. STOC ’16. Cambridge, MA, USA: Association for Computing Machinery, 2016, pp. 913-925. 1SBN:
9781450341325 por1: 10.1145/2897518.2897585. URL: https://doi.org/10.1145/2897518.2897585 (page 1).
Zhengfeng Ji, Yi-Kai Liu, and Fang Song. “Pseudorandom Quantum States”. In: Advances in Cryptology —
CRYPTO 2018: 38th Annual International Cryptology Conference, Santa Barbara, CA, USA, August 19-23, 2018,
Proceedings, Part III. Santa Barbara, CA, USA: Springer-Verlag, 2018, pp. 126—152. 1SBN: 978-3-319-96877-3.
DoI: 10.1007/978-3-319-96878-0_5. URL: https://doi.org/10.1007/978-3-319-96878-0_5 (page 3).

M. Keyl and R. F. Werner. “Optimal cloning of pure states, testing single clones”. In: Journal of Mathematical
Physics 40.7 (July 1999), pp. 3283-3299. 1ssN: 1089-7658. po1: 10.1063/1.532887. URL: http://dx.doi.org/10.
1063/1.532887 (pages 1, 2).

Zeph Landau, Umesh Vazirani, and Thomas Vidick. “A polynomial time algorithm for the ground state
of one-dimensional gapped local Hamiltonians”. In: Nature Physics 11.7 (2015), pp. 566—569. URL: https:
//www.nature.com/articles/nphys3345 (page 1).

Olivier Landon-Cardinal, Yi-Kai Liu, and David Poulin. Efficient Direct Tomography for Matrix Product States.
2010. arXiv: 1002.4632 [quant-ph]. URL: https://arxiv.org/abs/1002.4632 (page 1).

Ashley Montanaro. Learning stabilizer states by Bell sampling. 2017. arXiv: 1707.04012 [quant-ph]. URL:
https://arxiv.org/abs/1707.04012 (pages 1, 2).

Barak Nehoran and Mark Zhandry. “A Computational Separation Between Quantum No-Cloning and No-
Telegraphing”. In: 15th Innovations in Theoretical Computer Science Conference (ITCS 2024). Ed. by Venkatesan
Guruswami. Vol. 287. Leibniz International Proceedings in Informatics (LIPIcs). Dagstuhl, Germany: Schloss
Dagstuhl — Leibniz-Zentrum fiir Informatik, 2024, 82:1-82:23. 1sBN: 978-3-95977-309-6. po1: 10.4230/LIPIcs.
ITCS.2024.82. URL: https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2024.82 (pages 1, 3).
Ryan O’Donnell and John Wright. “Efficient quantum tomography”. In: Proceedings of the Forty-Eighth An-
nual ACM Symposium on Theory of Computing. STOC ’16. Cambridge, MA, USA: Association for Computing
Machinery, 2016, pp. 899-912. 1sBN: 9781450341325. por: 10.1145/2897518.2897544. URL: https://doi.org/10.
1145/2897518.2897544 (page 1).

Angelos Pelecanos, Jack Spilecki, and John Wright. The debiased Keyl’s algorithm: a new unbiased estimator
for full state tomography. 2025. arXiv: 2510.07788 [quant-ph]. URL: https://arxiv.org/abs/2510.07788

(page 1).


https://doi.org/10.1088/1367-2630/16/6/063005
https://doi.org/10.1038/ncomms1147
https://doi.org/10.1038/ncomms1147
https://doi.org/https://doi.org/10.1016/0375-9601(82)90084-6
https://www.sciencedirect.com/science/article/pii/0375960182900846
https://www.sciencedirect.com/science/article/pii/0375960182900846
https://doi.org/10.4230/LIPIcs.ITCS.2026.56
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2026.56
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2026.56
https://doi.org/https://doi.org/10.1006/jcss.1995.1003
https://www.sciencedirect.com/science/article/pii/S0022000085710033
https://www.sciencedirect.com/science/article/pii/S0022000085710033
https://doi.org/10.1103/PhysRevLett.105.150401
https://doi.org/10.1103/PhysRevLett.105.150401
https://link.aps.org/doi/10.1103/PhysRevLett.105.150401
https://doi.org/10.1145/2897518.2897585
https://doi.org/10.1145/2897518.2897585
https://doi.org/10.1007/978-3-319-96878-0_5
https://doi.org/10.1007/978-3-319-96878-0_5
https://doi.org/10.1063/1.532887
http://dx.doi.org/10.1063/1.532887
http://dx.doi.org/10.1063/1.532887
https://www.nature.com/articles/nphys3345
https://www.nature.com/articles/nphys3345
https://arxiv.org/abs/1002.4632
https://arxiv.org/abs/1002.4632
https://arxiv.org/abs/1707.04012
https://arxiv.org/abs/1707.04012
https://doi.org/10.4230/LIPIcs.ITCS.2024.82
https://doi.org/10.4230/LIPIcs.ITCS.2024.82
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.ITCS.2024.82
https://doi.org/10.1145/2897518.2897544
https://doi.org/10.1145/2897518.2897544
https://doi.org/10.1145/2897518.2897544
https://arxiv.org/abs/2510.07788
https://arxiv.org/abs/2510.07788

[Ros+13] M Rossi, M Huber, D Bruf}, and C Macchiavello. “Quantum hypergraph states”. In: New Journal of Physics
15.11 (Nov. 2013), p. 113022. 185N: 1367-2630. DOI: 10.1088/1367-2630/15/11/113022. URL: http://dx.doi.org/
10.1088/1367-2630/15/11/113022 (page 3).

[Valg4] L. G. Valiant. “A theory of the learnable”. In: Commun. ACM 27.11 (Nov. 1984), pp. 1134-1142. 1ssN: 0001-
0782. por: 10.1145/1968.1972. URL: https://doi.org/10.1145/1968.1972 (page 1).

[Wer98]  R. F. Werner. “Optimal cloning of pure states”. In: Physical Review A 58.3 (Sept. 1998), pp. 1827-1832. 1ssN:
1094-1622. por: 10.1103/physreva.58.1827. URL: http://dx.doi.org/10.1103/PhysRevA.58.1827 (pages 1-3).

[Wie83]  Stephen Wiesner. “Conjugate coding”. In: SIGACT News 15.1 (Jan. 1983), pp. 78—88. 1ssN: 0163-5700. DOT:
10.1145/1008908.1008920. URL: https://doi.org/10.1145/1008908.1008920 (page 3).

[WZ82]  William K Wootters and Wojciech H Zurek. “A single quantum cannot be cloned”. In: Nature 299.5886 (1982),
pp. 802-803. DOI: 10.1038/299802a0. URL: https://doi.org/10.1038/299802a0 (page 1).


https://doi.org/10.1088/1367-2630/15/11/113022
http://dx.doi.org/10.1088/1367-2630/15/11/113022
http://dx.doi.org/10.1088/1367-2630/15/11/113022
https://doi.org/10.1145/1968.1972
https://doi.org/10.1145/1968.1972
https://doi.org/10.1103/physreva.58.1827
http://dx.doi.org/10.1103/PhysRevA.58.1827
https://doi.org/10.1145/1008908.1008920
https://doi.org/10.1145/1008908.1008920
https://doi.org/10.1038/299802a0
https://doi.org/10.1038/299802a0

