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We introduce the problem of unsupervised classification of quantum data, namely, of systems whose
quantum states are unknown. We derive the optimal single-shot protocol for the binary case, where the
states in a disordered input array are of two types. Our protocol is universal and able to automatically sort
the input under minimal assumptions, yet partially preserves information contained in the states. We
quantify analytically its performance for an arbitrary size and dimension of the data. We contrast it with the
performance of its classical counterpart, which clusters data that have been sampled from two unknown
probability distributions. We find that the quantum protocol fully exploits the dimensionality of the
quantum data to achieve a much higher performance, provided the data are at least three dimensional. For
the sake of comparison, we discuss the optimal protocol when the classical and quantum states are known.
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I. INTRODUCTION

Quantum-based communication and computation tech-
nologies promise unprecedented applications and unfore-
seen speed-ups for certain classes of computational
problems. In origin, the advantages of quantum computing
are exemplary showcased through instances of problems
that are hard to solve in a classical computer, such as integer
factorization [1], unstructured search [2], discrete optimi-
zation [3,4], and simulation of many-body Hamiltonian
dynamics [5]. In recent times, the field ventures one step
further: Quantum computers are now also envisioned as
nodes in a network of quantum devices, where connections
are established via quantum channels, and data are quantum
systems that flow through the network [6,7]. The design
of future quantum networks, in turn, brings up new theo-
retical challenges, such as devising universal information-
processing protocols optimized to work with generic
quantum inputs, without the need of human intervention.

Quantum learning algorithms are by design well suited
for this class of automated tasks [8]. Generalizing classical
machine-learning ideas to operate with quantum data, some
algorithms have been devised for quantum template match-
ing [9], quantum anomaly detection [10,11], learning
unitary transformations [12] and quantum measurements
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[13], and classifying quantum states [14—17]. These works
fall under the broad category of supervised learning
[18,19], where the aim is to learn an unknown conditional
probability distribution Pr(y|x) from a number of given
samples x; and associated values or labels y;, called
training instances. The performance of a trained learning
algorithm is then evaluated by applying the learned
function over new data x} called fest instances. In the
quantum extension of supervised learning [20], the training
instances are quantum—say, copies of the quantum state
templates, or a potential anomalous state, or a number of
uses of an unknown unitary transformation. The separation
between training and testing steps is sometimes not as
sharp: In reinforcement learning, training occurs on an
instance basis via the interaction of an agent with an
environment, and the learning process itself may alter the
underlying probability distribution [21].

In contrast, unsupervised learning aims at inferring
structure in an unknown distribution Pr(x) given random,
unlabeled samples x;. Typically, this inference is done by
grouping the samples in clusters, according to a preset
definition of similarity. Unsupervised learning is a versatile
form of learning, attractive in scenarios where appropri-
ately labeled training data are not available or too costly.
But it is also—generically—a much more challenging
problem [22.23]. To our knowledge, a quantum extension
of unsupervised learning in the sense described above is not
yet considered in the literature. In this paper, we take a first
step into this branch of quantum learning by introducing
the problem of unsupervised binary classification of quan-
tum states. We consider the following scenario: A source
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FIG. 1. Pictorial representation of the clustering device for an
input of eight quantum states. States of the same type have the
same color. States are clustered according to their type by
performing a suitable collective measurement, which also pro-
vides a classical description of the clustering.

prepares quantum systems in two possible pure states
that are completely unknown; after some time, N such
systems are produced, and we ask ourselves whether there
exists a quantum device that is able to cluster them in two
groups according to their states (see Fig. 1). This scenario
represents a quantum clustering task in its simplest form,
where the single feature defining a cluster of quantum
systems is that their states are identical. While clustering
classical data under this definition of a cluster—a set of
equal data instances—yields a trivial algorithm, merely
observing such a simple feature in a finite quantum dataset
involves a nontrivial stochastic process and gives rise to a
primitive of operational relevance for quantum information.
Moreover, in some sense, our scenario actually contains a
classical binary clustering problem: If we were to measure
each quantum system separately, we would obtain a set of
N data points (the measurement outcomes). The points
would be effectively sampled from the two probability
distributions determined by the quantum states and the
choice of measurement. The task would then be to identify
which points are sampled from the same distribution.
Reciprocally, we can interpret our quantum clustering task
as a natural extension of a classical clustering problem
with completely unstructured data, where the only single
feature that identifies a cluster is that the data points
are sampled from a fixed, but arbitrary, categorical prob-
ability distribution (i.e., with no order nor metric in the
underlying space). The quantum generalization is then to
consider (noncommuting) quantum states instead of prob-
ability distributions.

We require two important features in our quantum
clustering device: (i) It has to be universal—that is, it
should be designed to take any possible pair of types
of input states—and (ii) it has to provide a classical
description of the clustering, that is, which particles belong
to each cluster. Feature (i) ensures general-purpose use and

versatility of the clustering device, in a similar spirit to
programable quantum processors [24]. Feature (ii) allows
us to assess the performance of the device purely in terms of
the accuracy of the clustering, which, in turn, facilitates the
comparison with classical clustering strategies. Also due to
(i1), we can justifiably say that the device has not only
performed the clustering task but also “learned” that the
input is (most likely) partitioned as specified by the output
description. Note that relaxing feature (ii), in principle,
opens the door to a more general class of sorting quantum
devices, where the goal could be, e.g., to minimize the
distance (under some norm) between the global output state
and the state corresponding to perfect clustering of the
input. Such devices, however, fall beyond the scope of
unsupervised learning.

Requiring the description of the clusters as a classical
outcome induces structure in the device. To generate this
information, a quantum measurement shall be performed
over all N systems with as many outcomes as possible
clusterings. Then, the systems will be sorted according to
this outcome (see Fig. 1). Depending on the context, e.g.,
on whether or not the systems will be further used after the
clustering, different figures of merit shall be considered in
the optimization of the device. In this paper, we focus on
the clustering part: Our goal is to find the quantum
measurement that maximizes the success probability of a
correct clustering.

Features (i) and (ii) allow us to formally regard quantum
clustering as a state discrimination task [25-30], albeit
with important differences with respect to the standard
setting. In quantum state discrimination [25], we want to
determine the state of a quantum system among a set of
known hypotheses (i.e., classical descriptions of quantum
states). We can phrase this problem in machine-learning
terminology as follows. We have a test state (or several
copies of it [29]), and we decide its label based on infinite
training data. In other words, we have full knowledge
about the meaning of the possible labels. Supervised
quantum learning algorithms for quantum state classifica-
tion [14—17] consider the intermediate scenario with limited
training data. In this case, no description of the states is
available. Instead, we are provided with a finite number of
copies of systems in each of the possible quantum states,
and thus we have only partial classical knowledge about the
labels. Extracting the label information from the quantum
training data then becomes a key step in the protocol.
Following this line of thought, the problem we consider in
this paper is a type of unsupervised learning, that is, one
with no training. There is no information whatsoever about
what state each label represents.

We obtain analytical expressions for the performance of
the optimal clustering protocol for arbitrary values of the
local dimension d of the systems in the cases of a finite
number of systems N and in the asymptotic limit of many
systems. We show that, in spite of the fact that the number

041029-2



UNSUPERVISED CLASSIFICATION OF QUANTUM DATA

PHYS. REV. X 9, 041029 (2019)

of possible clusterings grows exponentially with N, the
success probability decays only as O(1/N?). Furthermore,
we contrast these results with an optimal clustering
algorithm designed for the classical version of the task.
We observe a striking phenomenon when analyzing the
performance of the two protocols for d > 2: Whereas
increasing the local dimension has a rapid negative impact
in the success probability of the classical protocol (cluster-
ing becomes, naturally, harder), it turns out to be beneficial
for its quantum counterpart.

We also see, through a numerical analysis, that the
quantum measurement that maximizes the success proba-
bility is also optimal for a more general class of cost
functions that are more natural for clustering problems,
including the Hamming distance. In other words, this
observation provides evidence that our entire analysis does
not depend strongly on the chosen figure of merit but rather
on the structure of the problem itself.

Measuring the systems will, in principle, degrade the
information encoded in their states; hence, intuitively, there
should be a trade-off between how good a clustering is and
how much information about the original states is left in the
clusters. Remarkably, our analysis reveals that the meas-
urement that clusterizes optimally actually preserves infor-
mation regarding the type of states that form each cluster.
This feature adds to the usability of our device as a
universal quantum data sorting processor. It can be
regarded as the quantum analog of a sorting network (or
sorting memory) [31], used as a fixed network architecture
that automatically orders generic inputs coming from an
aggregated data pipeline. The details of this second step
are, however, left for a subsequent publication.

The paper is organized as follows. In Sec. II, we
formalize the problem and derive the optimal clustering
protocol and its performance. In Sec. III, we consider a
classical clustering protocol and contrast it with the optimal
one. We present the proofs of the main results of our work
and the necessary theoretical tools to derive them in Sec. I'V.
We end in Sec. V discussing the features of our quantum
clustering device and other cost functions and giving an
outlook on future extensions.

II. CLUSTERING QUANTUM STATES

Let us suppose that a source prepares quantum systems
randomly in one of two pure d-dimensional states |¢,) and
|¢p1) with equal prior probabilities. Given a sequence of N
systems produced by the source, and with no knowledge of
the states |¢,;), we are required to assign labels “0” or ““1”
to each of the systems. The labeling can be achieved via a
generalized quantum measurement that tries to distinguish
among all the possible global states of the N systems. Each
outcome of the measurement is then associated to a
possible label assignment, that is, to a clustering.

Consider the case of four systems. All possible cluster-
ings that we may arrange are depicted in Fig. 2 as strings of

n=>0
n=1
0000 0--¢
Q000 7-=c¢
n=2

0000 r-=c
0000 -
0000 -

FIG. 2. All possible clusterings of N = 4 systems when each
can be in one of two possible states, depicted as blue and red. The
pair of indices (n, o) identifies each clustering, where n is the size
of the smallest cluster and o is a permutation of the reference
clusterings (those on top of each box), wherein the smallest
cluster falls on the right. The symbol e denotes the identity
permutation, and (i) the transposition of systems in positions i
and j. Note that the choice of ¢ is not unique.

red and blue balls. Since the individual states of the
systems are unknown, what is labeled as “red” or “blue”
is arbitrary; thus, interchanging the labels leads to an
equivalent clustering. For arbitrary N, there are 2V~! such
clusterings. Figure 2 also illustrates a natural way to label
each clustering as (n,0). The index n counts the number
of systems in the smallest cluster. The index o is a
permutation that brings a reference clustering, defined as
that in which the systems belonging to the smallest cluster
fall all on the right, into the desired form. To make this
labeling unambiguous, ¢ is chosen from a restricted set
S, C Sy, where Sy stands for the permutation group of N
elements and e denotes its unity element. We see that the
optimal clustering procedure consists in measuring first the
value of n and, depending on the outcome, performing a
second measurement that identifies ¢ among the relevant
permutations with a fixed n.

Thus, unsupervised clustering is cast as a multihypo-
thesis discrimination problem, which can be solved for an
arbitrary number of systems N with local dimension d.
Below, we outline the derivation of our main result: the
expression of the maximum average success probability
achievable by a quantum clustering protocol. In the limit of
large N and for arbitrary d (not necessarily constant with
N), we show that this probability behaves as

8(d—1)

Po~as N (n)

(The symbol ~ stands for “asymptotically equivalent to”, as
in Ref. [32].). Naturally, P, goes to zero with N, since the
total number of clusterings increases exponentially and it
becomes much harder to discriminate among them. What
may perhaps come as a surprise is that, despite this
exponential growth, the scaling of P, is only of the order
of O(1/N?). (It is also interesting to see how far one can
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improve this result. By letting d scale with N, e.g., by
substituting d ~ sN” for some s > 0, y > 1 in Eq. (1), we
obtain the absolute maximum P, ~4/N.) Furthermore,
increasing the local dimension yields a linear improvement
in the asymptotic success probability. As we later see,
whereas the asymptotic behavior in N is not an exclusive
feature of the optimal quantum protocol—we observe the
same scaling in its classical counterpart, albeit only when
d = 2—the ability to exploit extra dimensions to enhance
distinguishability is.

Let us present an outlined derivation of the optimal
quantum clustering protocol. Each input can be described
by a string of 0’s and 1’s x = (x;...xy), so that the global
state of the systems entering the device is |®y) = |¢,,) ®
l$y,) ® - @ |¢by, ). The clustering device can generically
be defined by a positive operator valued measure (POVM)
with elements {E}, fulfilling Ex >0 and ) [ E, =1,
where each operator E, is associated to the statement
“the measured global state corresponds to the string x.”
We want to find a POVM that maximizes the average
success probability P,=2'"N [depodep, > tr(|Dy) (D |Ey ),
where we assume that each clustering is equally likely at the
input and we are averaging over all possible pairs of states
{l$o), |¢1)} and strings x. Since our goal is to design a
universal clustering protocol, the operators E, cannot
depend on | ), and we can take the integral inside the
trace. The clustering problem can then be regarded as the
optimization of a POVM that distinguishes between effec-
tive density operators of the form

_ / depod| D) (. 2)

It now becomes apparent that p, = pz, where X is the
complementary string of x (i.e., the values 0 and 1 are
exchanged).

The key that reveals the structure of the problem
and allows us to deduce the optimal clustering protocol
resides in computing the integral in Eq. (2). Averaging over
the states leaves out only the information relevant to
identify a clustering, that is, n and ¢. Certainly, identifying
X = (n,0), we can rewrite py as

pno‘ =Cp U ( sym ® ﬂ%ym )UT
=c @ﬂ {1} 3)

By applying the Schur lemma, one readily obtains the
first line, where 1;”™ is a projector onto the completely
symmetric subspace of k systems, ¢, is a normalization
factor, and U, is a unitary matrix representation of o.
The second line follows from using the Schur basis (see
Sec. IVA), in which the states p, , are block diagonal.
Here, A labels the irreducible representations—irreps for
(d) and Sy over
the vector space (d, C)®" and is usually identified with the

shape of Young diagrams (or partitions of N). A pair of
parentheses () [braces { }], surrounding the subscript 4, e.g.,
in Eq. (3), are used when A refers exclusively to irreps of
SU(d) [Sy]; we stick to this convention throughout the
paper. Note that averaging over all SU(d) transformations
erases the information contained in the representation
subspace (4). It also follows from Eq. (3) and the rules
of the Clebsch-Gordan decomposition that (i) only two-row
Young diagrams (partitions of length two) show up in the
direct sum above, and (ii) the operators Q?ﬁ are rank-1

projectors (see Appendix B). They carry all the information
relevant for the clustering and are understood to be zero for
irreps A outside the support of p, .

With Eq. (3) at hand, the optimal clustering protocol can
be succinctly described as two successive measurements—
we state the result here and present an optimality proof in
Sec. IVA. The first measurement is a projection onto the
irrep subspaces A, described by the set {1(;) ® 1y, }. The
outcome of this measurement provides an estimate of n, as 4
is one to one related to the size of the clusters. More
precisely, we have from (i) that A = (4;, 4,), where 4; and 1,
are non-negative integers such that 1, +4, =N and
A1 > A,. Then, given the outcome A = (4, 4,) of this first
measurement, the optimal guess turns out to be n = 4,. Very
roughly speaking, the “asymmetry” in the subspace A =
(41, 4,) increases with 1,. We recall that A = (N, 0) is the
fully symmetric subspace of (d,C)". Naturally, py, has
support only in this subspace, as all states in the data are of
one type. As 4, increases from zero, more states of the
alternative type are necessary to achieve the increasing
asymmetry of 4 = (1, 4,). Hence, for a given 4,, there is
a minimum value of n for which p,, ; can have support in the
subspace 4 = (1, 4,). This minimum r is the optimal guess.

Once we obtain a particular A = A* as an outcome (and
guess n), a second measurement is performed over the
subspace {1*} to produce a guess for ¢. Since the states p,, ,
are covariant under Sy, the optimal measurement to guess
the permutation ¢ is also covariant, and its seed is the
rank-1 operator Q?/ﬁ}, where A* = (N — n, n). Put together,
these two successive measurements yield a joint optimal
POVM whose elements take the form

=& (1) ® Q7). 4)

where (n,0) is the guess for the cluster and &7 is
some coefficient that guarantees the POVM condition

YonoEne=1.
The success probability of the optimal protocol can

be computed as P, =2""V3"  tr(p, ,E,,) (see Sec. IVA).
It reads

e E 0

d—1)(N=1=2i)?
N-1+d-i)(i+1)*

(5)

041029-4



UNSUPERVISED CLASSIFICATION OF QUANTUM DATA

PHYS. REV. X 9, 041029 (2019)

from which the asymptotic limit Eq. (1) follows (see
Appendix C).

Before closing this section, we briefly discuss the case
when some information about the possible states |¢,) and
|¢) is available. A clustering device that incorporates
this information into its design should succeed with a
probability higher than Eq. (5), at the cost of universality.
To explore the extent of this performance enhancement, we
study the extreme case where we have full knowledge of the
states |¢o) and |¢;). We find that in the large N limit the
maximum improvement is by a factor of N. The optimal
success probability scales as

4(d-1)

P~
N

(6)
(see Sec. IV B for details).

III. CLUSTERING CLASSICAL STATES

To grasp the significance of our quantum clustering
protocol, a comparison with a classical analog is called
for. First, in the place of a quantum system whose state is
either |¢pg) or |¢,), an input would be an instance of a
d-dimensional random variable sampled from either one
of two categorical probability distributions: P = {p,}_,
and Q = {¢,}?_,. Then, given a string of samples s =
(si...sy5), 5; € {1, ..., d}, the clustering task would consist
in grouping the data points s; in two clusters so that all
points in a cluster have a common underlying probability
distribution.

Second, in analogy with the quantum protocol, our goal
would be to find the optimal universal (i.e., independent of
P and Q) protocol that performs this task. Here, optimality
means attaining the maximum average success probability,
where the average is over all N-length sequences x of
distributions P and Q from which the string s is sampled
and over all such distributions.

It should be emphasized that this is a very hard classical
clustering problem, with absolute minimal assumptions,
where there is no metric in the domain of the random
variables and, in consequence, no exploitable notion of
distance. Therefore, one should expect the optimal algo-
rithm to have a rather low performance and to differ
significantly from well-known algorithms for classical
unsupervised classification problems.

As a further remark, we note that a choice of prior is
required to perform the average over P and Q. We assume
that the two are uniformly distributed over the simplex on
which they are both defined. This assumption reflects our
lack of knowledge about the distributions underlying the
string of samples s.

Under all these specifications, the classical clustering
problem we just defined naturally connects with the
quantum scenario in Sec. II as follows. We can interpret
s as a string of outcomes obtained upon performing the

same projective measurement on each individual quantum
state |¢b, ) of our original problem. Furthermore, such local
measurements can also be interpreted as a decoherence
process affecting the pure quantum states at the input,
whereby they decay into classical probability distributions
over a fixed basis. We might think of this as the semi-
classical analog of our original problem, since quantum
resources are not fully exploited.

Let us first lay out the problem in the special case of
d = 2, where the underlying distributions are Bernoulli,
and we can write P = {p,1 — p}, O = {gq.1 — ¢g}. Given
an N-length string of samples s, our intuition tells us that
the best we can do is to assign the same underlying
probability distribution to equal values in s. So if, e.g.,
s = (00101...), we guess that the underlying sequence
of distributions is X = (PPQPQ...) [or, equivalently, the
complementary sequence X = (QQPQP...)]. Thus, data
points are clustered according to their value O or 1. The
optimality of this guessing rule is a particular case of the
result for d-dimensional random variables in Appendix F.

The probability that a string of samples s, with / zeros
and N — [ ones, arises from the guessed sequence X is
given by

. 1 1 Nl 1
(7)

The average success probability can then be readily
computed as P =23 (6,5 Pr(x)Pr(s|x) (recall that
% depends on s), where Pr(x) = 27V is the prior probability
of the sequence x, which we assume to be uniform. The
factor 2 takes into account that guessing the complementary
sequence leads to the same clustering. It is now quite
straightforward to derive the asymptotic expression of P
for large N. In this limit, x typically has the same number
of P and Q distributions, so the guess X is right if
I = N/2. Then,

1 8

P2 — N
fOT(N/2+1)2 N?

(8)

This expression coincides with the quantum asymptotic
result in Eq. (1) for d = 2. As we now see, this coincidence
is, however, a particularity of Bernoulli distributions.
The derivation for d > 2 is more involved, since the
optimal guessing rule is not so obvious (see Appendix F for
details). Loosely speaking, we should still assign samples
with the same value to the same cluster. By doing so, we
obtain up to d preliminary clusters. We next merge them
into two clusters in such a way that their final sizes are as
balanced as possible. This last step, known as the partition
problem [33], is weakly NP complete. Namely, its com-
plexity is polynomial in the magnitudes of the data involved
(the size of the preliminary clusters, which depends on N)
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but nonpolynomial in the input size (the number of such
clusters, determined by ). The complexity of this last step
implies that the classical and semiclassical protocols cannot
be implemented efficiently for arbitrary d. In the asymptotic
limit of large N and for arbitrary fixed values of d, we
obtain

L (24 (2d-2)!
P”<N> @2 ®)

There is a huge difference between this result and Eq. (1).
Whereas increasing the local dimension provides an
asymptotic linear advantage in the optimal quantum clus-
tering protocol—states become more orthogonal—it has
the opposite effect in its classical and semiclassical analogs,
as it reduces exponentially the success probability.

In the opposite regime, i.e., for d asymptotically large
and fixed values of N, the optimal classical and semi-
classical strategies provide no improvement over random
guessing, and the clustering tasks become exceedingly
hard and somewhat uninteresting. This fact follows from
observing that the guessing rule relies on grouping repeated
data values. In this regime, the typical string of samples s
has no repeated elements; thus, we are left with no
alternative but to randomly guess the right clustering of
the data and P ~ 21V,

To complete the picture, we end this section by consid-
ering known classical probability distributions. Akin to the
quantum case, one expects an increase in the success
probability of clustering. An immediate consequence of
knowing the distributions P and Q is that the rule for
assigning a clustering given a string of samples s becomes
trivial. Each symbol s; € {1, ..., d} is assigned to the most
likely distribution, that is, to P (Q) if py, > q,, (ps, < q;,)-
It is clear that knowing P and Q helps to better classify the
data, which becomes apparent by considering the example
of two three-dimensional distributions and the data string
s = (112). If the distributions are unknown, such a
sequence leads to the guess X = (PPQ) [or, equivalently,
to X = (QQP)]. In contrast, if P and Q are known and, e.g.,
p1 > q; and p, > @,, the same sequence leads to the better
guess X = (PPP). The advantage of knowing the distri-
bution, however, vanishes in the large N limit, and the
asymptotic performance of the optimal clustering algorithm
is shown to be given by Eq. (9). The interested reader can
find the details of the proof in Appendix G.

IV. METHODS

Here, we give the full proof of optimality of our quantum
clustering protocol and device, which leads to our main
result in Eq. (1). The proof relies on the representation
theory of the special unitary and the symmetric groups. In
particular, the Schur-Weyl duality is used to efficiently
represent the structure of the input quantum data and the
action of the device. We then leverage this structure to find

the optimal POVM and compute the minimum cost. Basic
notions of the representation theory that we use in the proof
are covered in Appendixes A and B. We close the methods
section proving Eq. (6) for the optimal success probability
of clustering known quantum states.

A. Clustering quantum states: Unknown input states

In this section, we obtain the optimal POVM for
quantum clustering and compute the minimum cost.
First, we present a formal optimality proof for an arbitrary
cost function f(x,x’), which specifies the penalty for
guessing x if the input is x’. Second, we particularize to
the case of success probability, as discussed in the main
text, for which explicit expressions are obtained.

1. Generic cost functions

We say a POVM is optimal if it minimizes the average
cost

7= [ i Sonsx 0. (10)

where 7, is the prior probability of input string x and
Pr(%|x) = tr(|®y) (D4 |E;) is the probability of obtaining
measurement outcome (and guess) X given input x; recall
that |@y) = [, ) ® |by,) @ ... ® |¢by,) X, = 0, 1, and an
average is taken over all possible pairs of states {|¢), |¢1) };
hence, x and its complementary X define the same cluster-
ing. A convenient way to identify the different clusterings is
by counting the number n,0 < n < |N/2], of zeros in x (so,
strings with more 0’s than 1’s are discarded) and giving a
unique representative ¢ of the equivalence class of permu-
tations that turn the reference string (0"1"), 7 = N — n, into
x. We denote the subset of these representatives by S, C Sy
and the number of elements in each equivalence class by b,,.
A simple calculation gives us b, = 2(n!)? if n = i, and
b, = n!n! otherwise.

As discussed in the main text, the clustering problem
above is equivalent to a multihypothesis discrimination
problem, where the hypotheses are given by

pe = / dipodepy |®y) (|,
=, U, (1™ ® 1™ UL, (11)

and we have used the Schur lemma to compute the integral.
Here, U, is a unitary matrix representation of the permu-
tation o, ;"™ is a projector onto the completely symmetric
subspace of k systems, and ¢, = 1/(D;’"D3™), where
D™ = 5(4.0) [see Eq. (B6)] is the dimension of symmetric
subspace of k qudits.

The states (11) are block diagonal in the Schur basis,
which decouples the commuting actions of the groups
SU(d) and Sy over product states of the form of |®, ). More
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precisely, Schur-Weyl duality states that the representations
of the two groups acting on the common space (d, C)®" are
each other’s commutant. Moreover, it provides a decom-
position of this space into decoupled subspaces associated
to irreps of both SU(d) and Sy. We can then express the
states py, where x is specified as (n,0) [x = (n,0) for
short], in the Schur basis as

Pnoe = Cn@ﬂ(/l) Q}{qﬁ (12)

In this direct sum, 4 is a label attached to the irreps of
the joint action of SU(d) and Sy and is usually identified
with a partition of N or, equivalently, a Young diagram.
As explained in the main text, a pair of parentheses
surrounding this type of label, like in (1), means that it
refers specifically to irreps of SU(d). Likewise, a pair of
braces, e.g., {1}, indicates that the label refers to irreps
of Sy. In accordance with this convention, Schur-Weyl
duality implies that Q7] = U’lg'gf}(U’I) where U? is the
matrix of the irrep A that represents ¢ € Sy and e denotes
the identity permutation (for simplicity, we omit the index e
when no confusion arises). In other words, the family
of states p,, is covariant with respect to Sy. One can
easily check that Q7 () is always a rank-1 projector (see

Appendix B). In Eq. (12), it is understood that Q{ i =0

outside of the range of p,, .

With no loss of generality, the optimal measurement that
discriminates the states p, , can be represented by a POVM
whose elements have the form shown in Eq. (12).
Moreover, we can assume it to be covariant under Sy
[34]. So, such POVM elements can be written as

= @“(1) ® ULE], (Us)' (13)

where = B is some positive operator. The resolution of

the identity condition imposes constraints on them. The
condition reads

> Euo= Z Z@“ ® UZE],, (U7)

n,o n6eSy

where we use the factor b, to extend the sum over S, to the
entire group Sy and apply the Schur lemma. Taking the
trace on both sides of the equation, we find the POVM
constraint to be

N
Zb—ntr(:m)zw v oA (15)

where v, is the dimension of Ty, or, equivalently, the
multiplicity of the irrep A of SU(d) [see Eq. (B5)].

So far, we have analyzed the structure that the sym-
metries of the problem impose on the states p, , and the
measurements. We have learned that, for any choice of
operators E? 2 that fulfill Eq. (15), the set of operators (13)

defines a valid POVM, but it need not be optimal So, we
now proceed to derive optimality conditions for Z { e Those

are provided by the Holevo-Yuen-Kennedy-Lax [35,36]
necessary and sufficient conditions for minimizing the
average cost. For our clustering problem in Eq. (10),
they read

(Wx - F)Ex

— E (W, -T) =0, (16)

W, —T>0. (17)

They must hold for all x, where I'=> W,E, =
>« ExWy, and Wy = > f(X,X")nepy. We assume that
the prior distribution 7, is flat and that the cost function
is non-negative and covariant with respect to the permu-
tation group, i.e., f(x,x') = f(zx,7x') for all 7 € Sy.
Then, W,, = U,W, U, and we need only to ensure that
conditions (16) and (17) are met for reference strings, for
which x = (n, e). In the Schur basis, their corresponding
operators, which we simply call W, and the matrix I take
the form, respectively,

Wn :?ﬂu) ®a)’{7/1}, (18)

where we use the Schur lemma to obtain Eq. (19) and
define k; =}, Nltr(wf;,Ef;))/(b,v;). Note that I' is a
diagonal matrix, in spite of the fact that a)g‘l} are, at this
point, arbitrary full-rank positive operators.

With Egs. (18) and (19), the optimality conditions (16)
and (17) can be made explicit. First, we note that the
subspace (1) is irrelevant in this calculation and that there is
an independent condition for each irrep A. Taking into
account these considerations, Eq. (16) now reads

wf{‘i}Ef{’l} = E@}w’a} = klEf{‘l} Y n, A (20)
This equation tells us two things: (i) Since the matrices a)? 2
and Ef[‘/l} commute, they have a common eigenbasis, and
(i1) Eq. (20) is a set of eigenvalue equations for a)@} with a
common eigenvalue k;, one equation for each eigenvector
f E’fz} Therefore, the support of = { 2 is necessarily
restricted to a single eigenspace of a)w Denoting by
8 a=1.2,.
ing order, we have k; = 9 , for some a, which may depend
on A and n, or else = H{i} =0.

., the eigenvalues of a)’{l P sorted in increas-
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The second Holevo condition (17), under the same
considerations regarding the block-diagonal structure,
leads to

a)’{lﬂ} > kﬂﬂ{i} v n,/l. (21)

This condition further induces more structure in the POVM.
Given 4, Eq. (21) has to hold for every value of n. In
particular, we must have minnn()j{fl > k;. Therefore,
minnlﬂﬁ‘fl > 83, for some a, or else Ef), = 0. Since =),
cannot vanish for all n because of Eq. (15), we readily
see that

T, (0 if n=n(A),
19,,(4) E?ﬂ}—{g 1( {g}) () (22)

0 otherwise,

where n(4) = argmin, 9} |, I, (w'{’l}) is a projector onto the
eigenspace of a)?j} (not necessarily the whole subspace)
corresponding to the minimum eigenvalue 97 , and £} is a
suitable coefficient that can be read off from Eq. (15):

Uﬁbn

&= DINU’

(23)

where D} = dim[I1;(},,)], which completes the con-

struction of the optimal POVM.

For a generic cost function, we can now write down a
closed, implicit formula for the minimum average cost
achievable by any quantum clustering protocol. It reads

J_C e tl‘F = ZS/IVMQZ,(]}L)’ (24)
i

where s, is the dimension of 1(; or, equivalently, the
multiplicity of the irrep 4 of Sy [see Eq. (B6)]. The only
object that remains to be specified is the function n(4),
which depends ultimately on the choice of the cost
function f(x,x’).

2. Success probability

We now make Eq. (24) explicit by considering the success
probability P, as a figure of merit; that is, we choose
f(x,x')=1-38c, and, hence, P,=1—f. We also
assume that the source that produces the input sequence
is equally likely to prepare either state; thus, each string x has
the same prior probability, 5, = 2!~V = 5. In this case, W,
takes the simple form

Wn = @‘“(ﬂ) ® (ﬂﬂﬂ{ﬁ} - ﬂcng?ﬂ})v (25)

where p,; are positive coefficients and we recall that the
expression in parentheses corresponds to w?ﬂ} in Eq. (18).

From this expression, one can easily derive the explicit
forms of 97, and n(A). We just need to consider the
maximum eigenvalue of the rank-one projector Qf{l W which

can be either one or zero depending on whether or not the
input state p, , has support in the irrep 4 space. So, among
the values of n for which p,, , does have support there, n(4) is
one that maximizes c,,. Since ¢, is a decreasing function of n
in its allowed range (recall that n < [N/2]), n(4) is the
smallest such value.

For the problem at hand, the irreps in the direct sum can
be labeled by Young diagrams of at most two rows or,
equivalently, by partitions of N of length at most two
(see Appendix B); hence, 1 = (41, 4,), where 4; + 4, = N
and 4, runs from O to | N/2]. Given A, only states p, with
n=»7,...,[N/2| have support on the irrep 4 space, as
readily follows from the Clebsch-Gordan decomposition
rules. Then,

n() =4, 9V = —nea. (26)

Equation (26) gives the optimal guess for the size n of the
smallest cluster. The rule is in agreement with our intuition.
The irrep (N,0), i.e., 4, =0, corresponding to the fully
symmetric subspace, is naturally associated with the value
n =0, i.e., with all N systems being in the same state or
cluster; the irrep with one antisymmetrized index has
A, = 1 and hints at a system being in a different state than
the others, i.e., at a cluster of size one, and so on.

We now have all the ingredients to compute the optimal
success probability from Eq. (24). It reads

Py = nzcnwsm
A

1 AN @- DN =2i4 1)
_2N‘1;<i>(d+i—l)(N—i+l)2’ @7)

where we use the relation Y, s,v,u; = 1 that follows from
tr> «NxpPx = 1 and the expressions of v; and s, from
Egs. (BS) and (B6) in Appendix B.

B. Clustering quantum states: Known input states

If the two possible states |¢o) and |¢,) are known, the
optimal clustering protocol must use this information. It is
then expected that the average performance will be much
higher than for the universal protocol. It is natural in this
context not to identify a given string x with its comple-
mentary X (we stick to the notation in the main text), since
mistaking one state for the other should clearly count
as an error if the two preparations are specified. In this
case, then, clustering is equivalent to discriminating the
2N known pure states ‘q)x> = |¢x1> ® ‘¢x2> ® |¢XN>
(hypotheses), where with no loss of generality we can write
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1+c¢ c|1> (28)

|¢0/1> = |0> +

for a convenient choice of basis. Here, ¢ = |(¢|¢;)] is the
overlap of the two states.

The Gram matrix G encapsulates all the information
needed to discriminate the states of the set. It is defined as
having elements Gy y = (®4|®y). It is known that when
the diagonal elements of its square root are all equal, i.e.,
(\/E)X’x = § for all x, then the square root measurement is
optimal [37,38] and the probability of successful identi-
fication reads simply P, = S% Notice that we implicitly

assume uniformly distributed hypotheses. For the case at
hand,

N
= [[(#.lde) =

i=1

)X.X” (29)

where

G— (1 1) (30)

is the Gram matrix of {|¢). |¢;)}. Thus, VG = (\/G)®",
with
Vife+v1=¢ I+c—V1=c
\/7 _ 2 2 (31)
Vite—vi=c JTretVI=c
2 2

As expected, the diagonal terms of +/G are all equal, and
the success probability is given by

Py(c)= (@) " (ﬁy (32)

We call the reader’s attention to the fact that one could
attain the very same success probability by performing an
individual Helstrom measurement [25], with basis

o) = M (33)
V2

on each state of the input sequence and guess that the
label of that state is the outcome value. In other words,
for the problem at hand, global quantum measurements
do not provide any improvement over individual fixed
measurements.

In order to compare with the results of the main text, we
compute the average performance for a uniform distribu-
tion of states |¢y) and |¢,), i.e., the average

P, - / dpodp, P, (c)
_ / L P (o) / dpoddp,3(|{polb)P — )
0
_ / Laep, (o) / dp,8(| 01} 2 = ¢2)
= Aldczlu(cz)Ps(c), (34)

where we insert the identity 1= [J dc?8(a® —¢?), for
0 <a=|{gylp;)| <1, and use the invariance of the
measure d¢ under SU(d) transformations. The marginal
distribution is p(c?) = (d—1)(1 = ¢*)?"2 (see Appendix E).
Using this result, the asymptotic behavior of the last
integral is

(35)

As expected, knowing the two possible states in the input
string leads to a better behavior of the success probability:
It decreases only linearly in 1/N, as compared to the best
universal quantum clustering protocol, which exhibits a
quadratic decrease.

To do a fairer comparison with universal quantum
clustering, guessing the complementary string X instead
of x is now counted as a success; that is, now the clusterings
are defined by the states

D) (D] + [ P5) (Ps|
X 2 N

(36)

For this variation of the problem, the optimal measurement
is still local and given by a POVM with elements

= W) (x| + [¥x) (Y

(37)

where |¥y) = |y,,) ® |v,,) ® --- ® |w,,) and where we
recall that {|y), |y1) } is the (local) Helstrom measurement
basis in Eq. (33). Note that { E, } are orthogonal projectors.
To prove the statement in the last paragraph, we show
that the Holevo-Yuen-Kennedy-Lax conditions [Eq. (16)]
hold (recall that the Gram matrix technique does not apply
to mixed states). For the success probability and assuming
equal priors, these conditions take the simpler form

ZExpx = ZPXEX =T, (38)

F—py>0 V x, (39)

where we drop the irrelevant factor 7 = 2!~N. Condition
(38) is trivially satisfied. To check that condition (39) also
holds, we recall the Weyl inequalities for the eigenvalues of
Hermitian n X n matrices A, B [39]:
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8;(A+ B) < 9;,;(A) + 9,;(B), (40)

for j =0,1,...,n — i, where the eigenvalues are labeled in
increasing order 9; <9, < ... <39,. We use Eq. (40) to
write

91(I) < 93(T = py) + v _a(px) (41)

(note that effectively all these operators act on the 2V-
dimensional subspace spanned by {|0), [1)}®V). As proved
below, I > 0, which implies that 9; (") > 0. We note that
px has rank two; i.e., it has only two strictly positive
eigenvalues, so 9,v_,(py) = 0. Then, Eq. (41) implies

83(' = px) 2 8,(I') > 0. (42)

Finally, notice that I' — p, has two null eigenvalues, with
eigenvectors |¥, ) and | W ). Hence, 9, (T—py ) =8, (T—py )=
0, and it follows from Eq. (42) that condition (39) must hold.
To show the positivity of I', which is assumed in the
previous paragraph, we use Eqs. (28) and (33) to write

S

where
l+c+V1-¢2
Gp=—y
l+c—V1-¢2
b1/2:f- (44)

Notice that a; > b; and a, > |b,|. Thus, if 0 < ¢ < 1, we
have 9; > O fork = 1,2, ..., 2N The special case ¢ = 1 is
degenerate. Equation (39) is trivially saturated, rendering
P, = 2"V as it should be.

The maximum success probability can now be computed
by recalling that P,(c) = 2!"Ntr[". We obtain

v/ 2\ N N/ 2\ N
Py(c) = <u) + <¥> . (45)
2 2
where the first term corresponds to guessing correctly all
the states in the input string, whereas the second one results
from guessing the other possible state all along the string.
One can easily check that the average over ¢ of the second
term vanishes exponentially for large N, and we end up
with a success probability given again by Eq. (35).
Finally, we mention that one could consider a simple
unambiguous protocol [40—43] whereby each state of the
input string is identified with no error with probability
Py(c) =1—c; ie., the protocol gives an inconclusive
answer with probability 1 — P; = c. Therefore, the average
unambiguous probability of sorting the data is

P, = 2/1 decu(@)(1 =N ~ 247D 4

0 N?

V. DISCUSSION

Unsupervised learning, which assumes virtually nothing
about the distributions underlying the data, is already a hard
problem [22,23]. Lifting the notion of classical data to
quantum data (i.e., states) factors in additional obstacles,
such as the impossibility to repeatedly operate with the
quantum data without degrading it. Most prominent
classical clustering algorithms heavily rely on the iterative
evaluation of a function on the input data (e.g., pairwise
distances between points in a feature vector space, as in
k-means [44]); hence, they are not equipped to deal with
degrading data and expectedly fail in our scenario. The
unsupervised quantum classification algorithm we present
is thus, by necessity, far away from its classical analogs. In
particular, since we are concerned with the optimal quan-
tum strategy, we need to consider the most general
collective measurement, which is inherently single shot:
It yields a single sample of a stochastic action, namely, a
posterior state and an outcome of a quantum measurement,
where the latter provides the description of the clustering.
The main lesson stemming from our investigation is that,
despite these limitations, clustering unknown quantum
states is a feasible task. The optimal protocol that solves
it showcases some interesting features.

It does not completely erase the information about a
given preparation of the input data after clustering.—This
result is apparent from Eq. (4), since the action of the
POVM on the subspaces (4) is the identity. After the input
data string in the global state |®, ) is measured and outcome
A* is obtained (recall that A* gives us information about
the size of the clusters), information relative to the parti-
cular states |¢;) remains in the subspace (1) of the global
postmeasured state. Therefore, one could potentially use
further the posterior (clustered) states down the line as
approximations of the two classes of states, which opens
the door for our clustering device to be used as an inter-
mediate processor in a quantum network. This notwith-
standing, the amount of information that can be retrieved
after optimal clustering is currently under investigation.

It outbeats the classical and semiclassical protocols.—If
the local dimension of the quantum data is larger than two,
the dimensionality of the symmetric subspaces spanned by
the global states of the strings of data can be exploited by
means of collective measurements with a twofold effect:
enhanced distinguishability of states, resulting in improved
clustering performance (exemplified by a linear increase
in the asymptotic success probability), and information-
preserving data handling (to some extent, as discussed
above). This effect should be contrasted with the semi-
classical protocol, which essentially obliterates the infor-
mation content of the data (as a von Neumann measurement
is performed on each system) and whose success proba-
bility vanishes exponentially with the local dimension.
In addition, the optimal classical and semiclassical proto-
cols require solving an NP-complete problem, and their
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implementation is thus inefficient. In contrast, we observe
that the first part of the quantum protocol, which consists in
guessing the size of the clusters n, runs efficiently on a
quantum computer: This step involves a Schur transform
that runs in polynomial time in N and logd [45,46],
followed by a projective measurement with no computa-
tional cost. The second part, guessing the permutation o,
requires implementing a group-covariant POVM. The
complexity of this step, and, hence, the overall computa-
tional complexity of our protocol, is still an open question
currently under investigation.

It is optimal for a range of different cost functions.—
There are various cost functions that could arguably be
better suited to quantum clustering, e.g., the Hamming
distance between the guessed and the true clusterings or,
likewise, the trace distance or the infidelity between the
corresponding effective states p,, and p, . They are,
however, hard to deal with analytically. The question arises
as to whether our POVM is still optimal for such cost
functions. To answer this question, we formulate an
optimality condition that can be checked numerically for
problems of a finite size (see Appendix D). Our numerics
show that the POVM remains optimal for all these
examples. This result is an indication that the optimality
of our protocol stems from the structure of the problem,
independently of the cost function.

It stands a landmark in multihypothesis state dis-
crimination.—Analytical solutions to multihypothesis
state discrimination exist only in a few specific cases
[26-28,30,38,47]. Our set of hypotheses arises arguably
from the minimal set of assumptions about a pure state
source: It produces two states randomly. Variants of this
problem with much more restrictive assumptions are
considered in Refs. [11,48,49].

Our clustering protocol departs from other notions of
quantum unsupervised machine learning that can be found
in the literature [S0-53]. In these references, data coming
from a classical problem are encoded in quantum states that
are available on demand via a quantum random access
memory [54]. The goal is to surpass classical performance
in the number of required operations. In contrast, we deal
with unprocessed quantum data as input and aim at
performing a task that is genuinely quantum. This scenario
is notably harder, where known heuristics for classical
algorithms simply cannot work.

Other extensions of this work currently under inves-
tigation are clustering systems whose states can be of more
than two types, where we expect a similar two-step
measurement for the optimal protocol, and clustering of
quantum processes, where the aim is to classify instances
of unknown processes by letting them run on some input
test state of our choice (see Ref. [11] for related work on
identifying malfunctioning devices). In this last case, an
interesting application arises when considering causal
relations as the defining feature of a cluster. A clustering

algorithm then aims to identify, within a set of unknown
processes, which ones are causally connected. Identifying
causal structures has recently attracted attention among the
quantum information community [55].
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APPENDIX A: PARTITIONS

Partitions play an important role in the representation
theory of groups and are central objects in combinatorics.
Here, we collect a few definitions and results that are used
in the next appendixes, particularly in Appendix B.

A partition A = (A1, 4a, ..., A,, ...) is a sequence of non-
negative integers in nonincreasing order. The length of A,
denoted [(4), is the number of nonzero elements in 1. We
denote by AFN a partition 4 of the integer N, where
N =), 4;. A natural way of ordering partitions is by
inverse lexicographic order; i.e., given two partitions 4 and
A, we write 4 > A’ iff the first nonzero difference A; — 4] is
positive.

The total number of partitions of an integer N is denoted
by Py [56], and the number of partitions such that /(1) < r

by P](\,S') . Similarly, the number of partitions of length r is

denoted by Pl(\f). There exists no closed expression for any
of these numbers, but there are widely known results (some
of them by Hardy and Ramanujan are very famous [57])
concerning their asymptotic behavior for large N. The one
we later use in Appendix F is

Nr—l
P~ Al
N ri(r=1)" (A1)
which gives the dominant contribution for large N. Note

that, from the obvious relation P%) = Pﬁf” - ngg_l), it

follows that the same asymptotic expression holds for P%).

Partitions are conveniently represented by Young dia-
grams. The Young diagram associated to the partition A-N
is an arrangement of N empty boxes in /(1) rows, with 4;
boxes in the ith row. This association is one to one; hence, 4
can be used to label Young diagrams as well. A Young
tableau of d entries is a Young diagram filled with integers
from 1 up to d, one in each box. There are two types of
tableaux: A standard Young tableau (SYT) of shape AN is
one where d = N and such that the integers in each row
increase from left to right and from top to bottom in
each column (hence, each integer appears exactly once).
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A semistandard Young tableau (SSYT) of shape AFN and
d entries, d > I(4), is one such that integers in each row are
nondecreasing from left to right and increasing from top to
bottom in each column.

The number of different SYTs of shape AN is given by
the hook-length formula

N!
[ jehi;’

where (i, j) denotes the box located in the ith row and the
Jth column of the Young diagram and #4;; is the hook length
of the box (i, j), defined as the number of boxes located
beneath or to the right of that box in the Young diagram,
counting the box itself. Likewise, the number of SSYTs of
shape AFN and d entries is given by the formula

vy = (A2)

Ay +d=10+d=2,.... 1)
Ald—1,d-2,...,0) ’

Sp= (A3)

where A(x, x5, ..., Xg)

= Hi<j(xi _xj)'

APPENDIX B: IRREDUCIBLE
REPRESENTATIONS OF SU(d)
AND Sy OVER (d,C)®Y

For the sake of convenience, we recall here some
ingredients of representation theory that we use throughout
the paper. The results described below can be found in
standard textbooks, for instance, in Refs. [58,59].

1. Some results in representation theory

Young diagrams or, equivalently, partitions A label the
irreps of the general linear group GL(d) and some of its
subgroups, e.g., SU(d), and also the irreps of the symmetric
group Sy. The dimension of these irreps are given by s, and
vy, respectively [Egs. (A2) and (A3)].

Schur-Weyl duality [59] establishes a connection
between irreps of both groups, as follows. Let us consider
the transformations R®Y and U, on the N-fold tensor
product space (d,C)®V, where R € SU(d) and U, per-
mutes the N spaces (d, C) of the tensor product according
to the permutation ¢ € Sy. Both R® and U, define,
respectively, a reducible unitary representation of the
groups SU(d) and Sy on (d,C)®N. Moreover, they are
each other’s commutants. It follows that this reducible
representation decomposes into irreps 4, so that their joint
action can be expressed as

R®U, = U,R®N = DR' ® UL,
A=N

(B1)

where R* and U are the matrices that represent R and U,,,
respectively, on the irrep A. To resolve any ambiguity

that may arise, we write 4 in parentheses, (1), when it refers
to the irreps of SU(d) or in braces, {1}, when it refers to
those of Sy. Equation (B1) tells us that the dimension of
(4), s;, coincides with the multiplicity of {1}, and, con-
versely, the dimension of {1}, v;, coincides with the
multiplicity of (4).

This block-diagonal structure provides a decomposi-
tion of Hilbert space H®" = (d, C)®" into subspaces that
are invariant under the action of SU(d) and Sy, as
H®Y = PH,, and, in turn, H, = H(;) ® Hy;. The basis

A

in which H®" has this form is known as the Schur basis,
and the unitary transformation that changes from the
computational to the Schur basis is called the Schur
transform.

To conclude this Appendix, let us recall the rules for
reducing the tensor product of two SU(d) representations
as a Clebsch-Gordan series of the form

R’1 ®Rﬂl _ @Rﬂ// ® ‘]]/1//

Y

V ReSU(d). (B2)

where dim(1#") is the multiplicity of irrep 1”. The same
rules also apply to the reduction of the outer product of
representations of §, and S,/ into irreps of S,, where
n” = n + n'. In this case, one has

(' U"), =U; ® 1"

A

VoeS,y. (B3)

Note the different meanings of ® in the last two equations
(it is, however, standard notation). The rules are most easily
stated in terms of the Young diagrams that label the irreps.
They are as follows.

(1) In one of the diagrams that label the irreps on the
left-hand side of Eq. (B2) or (B3) (preferably the
smallest), write the symbol a in all boxes of the first
row, the symbol b in all boxes of the second row, ¢ in
all boxes of the third one, and so on.

(2) Attach boxes with a to the second Young diagram in
all possible ways subjected to the rules that no two
a’s appear in the same column and that the resulting
arrangement of boxes is still a Young diagram.
Repeat this process with b’s, ¢’s, and so on.

(3) For each Young diagram obtained in step two, read
the first row of added symbols from right to left, then
the second row in the same order, and so on. The
resulting sequence of symbols, e.g., abaabc...,
must be a lattice permutation; namely, to the left
of any point in the sequence, there are not fewer a’s
than b’s, no fewer b’s than ¢’s, and so on. Discard all
diagrams that do not comply with this rule.

The Young diagrams A" that result from this procedure

specify the irreps on the right-hand side of Egs. (B2) and
(B3). The same diagram can appear a number M of times,

in which case A" has multiplicity dim(1*") = M.
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2. Particularities of quantum clustering

Since the density operators [cf. Eq. (11)] and POVM
elements [cf. Eq. (13)] associated to each possible cluster-
ing emerge from the joint action of a permutation ¢ € Sy
and a group average over SU(d), it is most convenient
to work in the Schur basis, where the mathematical
structure is much simpler. A further simplification specific
to quantum clustering of two types of states is that the irreps
that appear in the block-diagonal decomposition of the
states (and, hence, of the POVM elements) have at most
length 2; i.e., they are labeled by bipartitions 1 = (1, 4,)
and correspond to Young diagrams of at most two rows. We
have this simplification because the p,, arise from the
tensor product of two completely symmetric projectors,
17" and 1™, of n and 7 systems [cf. Eq. (11)]. They
project into the irrep A = (n,0) and ' = (7, 0) subspaces,
respectively. According to the reduction rules above, in the
Schur basis the tensor product reduces as

(L] 1T]® [a]a]--[a]d]
n+n nt

~(T17 [afald) & |- [ ] [a]a] (B4)
n+n—2 o n

EBa,a ["'[ala[@...@aa ED,

which proves our statement.

There is yet another simplification that emerges from
Eq. (B4). Note that all the irreps appear only once in the
reduction. That is, fixing the indices n, ¢, and {1} uniquely
defines a one-dimensional subspace. Thus, the projectors
Q?ﬁ are rank one.

We conclude by giving explicit expressions for the
dimensions of the irreps of Sy and SU(d), in Egs. (A2)
and (A3), for partitions of the form A = (4;,4,). These
expressions are used to derive Eq. (27) and read

N4y =2 + 1)
:—’ BS
T T D! (B3)
M—dp 41 (A +d=1\ (I +d—2
== . B6
A N ( d-1 )( d-2 (B6)

One can check that Egs. (B5) and (B6) are consistent
with Eq. (B4) by showing that the sum of the dimensions
of the irreps on the right-hand side agrees with the
product of the two on the left-hand side, namely, by
checking that

(B7)

n
0) = E S(ntii—ii)»
i=0

(B8)

n+n 1
0)< n > = gy(nﬂ‘z—i.i),

where the superscripts remind us that the dimensions on

the left-hand side refer to irreps of S;, S,,. One obviously

S,

obtains vf v(n 0 = =1, since these are the trivial rep-

i,0)
resentations of either group. The binomial in Eq. (B8)
arises from the definition of outer product representation
in Eq. (B3), whereby the action of S, ; is defined on
basis vectors of the form 17,1,7 iy ® U i, With

vi ?jl}’ Vigiy...iy € Hyr V4% There are, naturally,

lll2 ln
("") ways of allocating 72 + n indices in this expression.

APPENDIX C: ASYMPTOTICS OF P

We next wish to address the asymptotic behavior of the
success probability as the length N of the data string
becomes large. Various behaviors are derived, depending
on how the local dimension d scales with N.

In the large N limit, it suffices to consider even values of
N, which slightly simplifies the derivation of the asymp-
totic expressions. The success probability in Eq. (27) for
N =2m, m € N, can be written as (just define a new index
as j=m—1)

Ps 22’”l m—l—l—l—j m+d—1—j) m+j)

(C1)
For large m, we write j = mx and use
1 2m Qe Mmx
2m=1 R Nt - . (C2)
2-m m+ j \/mn

We start by assuming that d scales more slowly than N, e.g.,
d~ N7, with 0 <y < 1. In this situation, we can neglect
d in the denominator of Eq. (C1). Neglecting also other
subleading terms in inverse powers of m and using the
Euler-Maclaurin formula, we have

4x2 2e~m¥

(1+x)*(1 —x) /mzn’
which we can further approximate by substituting O for x in

the denominator, as the Gaussian factor peaks at x = 0 as m
becomes larger, so

PSN(d—l)/)oodx (C3)

2xe~m

N

P,~4(d-1) oodxx

041029-13



GAEL SENTIS et al.

PHYS. REV. X 9, 041029 (2019)

We integrate by parts to obtain

2d-1) [ 2e7m™  2(d—1)
X =
m 0 mn m>
Hence, provided that d scales more slowly than N, the

probability of success vanishes asymptotically as N=2, or,
more precisely, as

Py~

(C5)

8(d—1)

Py~ N

(Co)

Let us next assume that d scales faster than N, e.g., as
d~ N7, with y > 1. In this case, d is the leading contri-
bution in the second factor in the denominator of Eq. (C1).
Accordingly, we have

PSN(d—l)m/oodxi
0

2

oo 2xe Mm* 2
~4 d ==,
m A N mr om

and the asymptotic expression becomes

Pi~—,
° N
independently of d.

Finally, let us assume that d scales exactly as N and write
d = sN, s > 0. The success probability can be cast as

4x> 2e~m’

(1+x)%(1+2s—x) V/mzn

Proceeding as above, we obtain

PSN(d—l)/oodx (C9)

P, ~%. (C10)

Thus,

8s
P~—. Cl11
Y (2s+1)N (C11)
The three expressions, Egs. (C6), (C8), and (C11), can be
combined into a single one as

8(d—1)
P ~BdT NN (C12)

APPENDIX D: OPTIMAL POVM FOR
GENERAL COST FUNCTIONS

This Appendix deals with the optimization of quantum
clustering assuming other cost functions. We introduce a
sufficient condition under which the type of POVM we use

to maximize the success probability (Sec. IVA) is also
optimal for a given generic cost function. We conjecture
that the condition holds under reasonable assumptions. We
discuss numerical results for the cases of Hamming dis-
tance, trace distance, and infidelity.

Recall that Eq. (13) together with Eq. (22) defines the
optimal POVM for a generic cost function that preserves
covariance under Sy. However, this form is implicit and,
thus, not very practical. Particularizing to the success
probability, we manage to specify the function n(1) = 1,
[cf. Eq. (26)] and the operators E?/l} = Q’{’i}én_ﬂz. In
summary, the POVM is specified solely in terms of the
effective states p,,, (hypotheses).

Here, we conjecture that the choice E7 = Q? /{}5,,’,,( 4 18
still optimal for a large class of cost functions f(x,x’),
albeit with varying guessing rules n(4). If the conjecture
holds, given f(x,x’), one has only to compute n(4) =
argmin, 97, to obtain the optimal POVM. The minimum
average cost can then be computed via Eq. (24). We now
formulate this conjecture precisely as a testable mathemati-
cal condition.

For any cost function (distance) such that f(x,x’) >0
and f(x,x’) =0 iff x =x’, we can always find some
constant ¢ > 0 such that

tf(x,xX) 26,0 =1-6¢p V x,X. (D1)
We can then rescale the cost function f + ¢~! f and assume
with no loss of generality that f(x,x’) > 8y ,. We have
W, =W, + A, (D2)
where we use the definition of W, after Eq. (16) and
similarly define W, for the minimal cost dy,. As in
Sec. IVA, it suffices to consider x = (n, e). Then,

AX = Z”Ix’[f(xv X/) - Sx,x’]px/ > 0. (DS)

Using the same notation as in Eq. (18), Eq. (D3) is
equivalent to

Wiy — @, 2 0. (D4)

We now recall the meaning of Egs. (20) and (21): The
operators E? ;) must be projectors onto the eigenspace of the

minimal eigenvalue of a)@}. Then, according to Eq. (22),
the choice E@} = Q?A}én,n(i) is also optimal for arbitrary
cost functions if it holds that

9

supp(Q@}) = Vl(@?g})cvl(w’{lg})’ (DS)

where V(X) is the eigenspace of the minimal eigenvalue of
X and the equality follows from Eq. (25).
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FIG. 3. Heat map of the Hamming distances /(x, x’) between
clusterings for N = 8. The clusterings are grouped by the size of
the smallest cluster n =0, 1, 2, 3, 4. Each group contains all
nontrivial permutations ¢ for a given n. A brighter color means a
smaller Hamming distance.

Our conjecture is that Eq. (D5) holds true for the class of
“reasonable” cost functions considered in this paper,
namely, for those that are non-negative and covariant
and satisfy the distance property stated before Eq. (D1).
We check its validity for problems of size up to N = 8§,
local dimension d =2, and uniform prior probabilities
for the following cost functions: Hamming distance
h(x,x’) = min{|x — x'|, |x = X|} (x; =0, 1), trace dis-
tance T(x,x') = ||px — px||;» and infidelity I(x,x’) = 1—
w?[(VPxpx /o))

The above examples induce a much richer structure in
the problem at hand. To illustrate this added complexity, in
Fig. 3 we show a heat map of the Hamming distances
h(x,x’) between all pairs of clusterings for N = 8. The
figure shows that the largest values of A(x, x") can occur for
two clusterings with equal cluster size n and that i(x, x’) is
extremely dependent on the pair of permutations ¢, ¢’. As a
result, the guessing rule n(4) is completely different
from the one that maximizes the probability of success
P,. In particular, irreps A are no longer in one-to-one

TABLE L.

correspondence with optimal guesses for n. In Table I, we
show values of n(1) for our four cost functions and
N =4,...,8. In contrast to the case of the success
probability (the cost function d, /), we note that in some
cases it is actually optimal to map several irreps to the same
guess while never guessing certain cluster sizes.
Performing the Schur transform is computationally
inefficient on a classical computer (In contrast, as men-
tioned in the main text, there exist efficient quantum
circuits able to implement the Schur transform in a
quantum computer. A circuit based on the Clebsch-
Gordan transform achieves polynomial time in N and d
[45]. Recently, an alternative method based on the repre-
sentation theory of the symmetric group was shown to
reduce the dimension scaling to poly(log d) [46].), which
sets a limit on the size of the data one can test—in our case
it is N = 8. However, it is worth mentioning that this
difficulty might actually be overcome. The fundamental
objects needed for testing Eq. (D5) are the operators Qf{’l}.

Their computation does, in principle, not require the full
Schur transform, as they can be expressed in terms of
generalized Racah coefficients, which give a direct relation
between Schur bases arising from different coupling
schemes of the tensor product space. It is indeed possible
to calculate generalized Racah coefficients directly without
going through a Clebsch-Gordan transform [60], and,
should this method be implemented, clustering problems
of larger sizes might be tested. However, an extensive
numerical analysis is not the aim of this paper.

APPENDIX E: PRIOR DISTRIBUTIONS

In the interest of making this paper self-contained, in this
Appendix we include the derivation of some results about
the prior distributions used in the paper.

Let S;={p,>0/>.% p, =1} denote the standard
(d — 1)-dimensional (probability) simplex. Every categorical
distribution (CD) P = {p,}9_, is a point in S,. The flat
distribution of CDs is the volume element divided by the
volume of S ;, the latter denoted by V ;. Choosing coordinates
Pl - Pa_1» the flat distribution is [[¢=} dp,/V, = dP.

Let us compute the moments of the flat distribution; as a
by-product, we obtain V,. We have

Values of n(4), i.e., of the optimal guess for the size of the smallest cluster, where 4 = (4, 4,) are the relevant irreps, for data

sizes N = 4,5, 6,7, 8, and cost functions &(x, x’) (corresponding to the success probability), Hamming distance /(x, x'), trace distance

T(x,x’), and infidelity 7(x, x’).

N =1 N=28

A 40 @G 22 60 & (B2 60 6. 42 33 (7.0 (61 62 43 @0 (71 62 53 44

5 0 1 2 0 1 2 0 1 2
h 0 2 2 0 2 2 0 3 23
T 1 1 2 1 1 2 1 1 2
I 0 1 2 0 1 2 0 1 2

3

3
3
3

0 1 2 3 0 1 2 3 4

0 3 3 3 0 4 4 4 4
1 2 2 3 1 2 3 3 4
0 1 3 3 0 1 3 4 4

041029-15



GAEL SENTIS et al.

PHYS. REV. X 9, 041029 (2019)

n ! 1=p1
/dPHp‘ Adm/o dp,

[the calculation becomes straightforward by iterating the
change of variables p, > x, where p, = (1 =52} p)x,
r=d-2,d-3,...,2,1]. In particular, setting n, = 0 for
all s in Eq. (El), we obtain V; = 1/(d — 1)!. Then,

H?l”'
1+N)' ’

/ dPU

where N = Y9 n,.

Next, we provide a simple proof that any fixed von
Neumann measurement on a uniform distribution of pure
states in (d,C) gives rise to CDs whose probability
distribution is flat. As a result, the classical and semi-
classical strategies discussed in the main text have the same
success probability.

Take |¢) € (d,C) and let {|s)}?_, be an orthonormal
basis of (d,C). By performing the corresponding von
Neumann measurement, the probability of an outcome s
is p, = |(s|#)]>. Thus, any distribution of pure states
induces a distribution of CDs {p, = |(s|¢)]*}%_, on S,.
Let us compute the moments of the induced distribution,
namely,

(E2)

d d
[ao1] vt = [ ol s)shom () @)=
s=1 s=1

= St ® (1s) (s} 1", (E3)

where we recall that DY™ (I1y") is the dimension of

(projector on) the symmetric subspace of (d,C)®" and
we have used the Schur lemma. A basis of the symmetric
subspace is

s nY n
|vn) = \ va ZU®| ye,

cESy

(E4)

where n = (n;,n,....n,). Note that there are (Vi)
different strings n (weak compositions of N in d parts),
which agrees with Dy™ = sy [recall Eq. (B6)], as it
should be. Since 3™ =", [vn){(val,

compute the trace in Eq. (E3) to obtain

we can easily

(d—= 1)1, ny!
(N+d-1)! ~

(ES)

ng!
/d¢Hp = N,l)lsym =

This equation agrees with Eq. (E2), which means that all
the moments of the distribution induced from the uniform
distribution of pure states coincide with the moments of a
flat distribution of CDs on S. Since the moments uniquely
determine the distributions with compact support [61] (and
S, is compact), we conclude that they are identical.

As a by-product, we can compute the marginal distri-
bution p(c?), where c is the overlap of |¢) with a fixed state
lw). Since we can always find a basis such that |y) is its
first element, we have ¢ = |[(1|¢)|. Because of the results
above, the marginal distribution is given by

5 1-p) 1-> " p,
u@ = [ apa [ dpoy
0 0 171=C2

=(d-1)(1=c?)42, (E6)

in agreement with Ref. [62].

APPENDIX F: OPTIMAL CLUSTERING
PROTOCOL FOR UNKNOWN
CLASSICAL STATES

In this Appendix, we provide details on the derivation of
the optimal protocol for a classical clustering problem,
analog to the quantum problem discussed in the main text.
The results here also apply to quantum systems when the
measurement performed on each of them is restricted to be
local, projective, d dimensional, and fixed. We call this type
of protocol semiclassical.

Here, we envision a device that takes input strings of N
data points s = (s,5,...sy), with the promise that each s, is
a symbol out of an alphabet of d symbols, say, the set
{1,2,...,d}, and is drawn from either roulette P or from
roulette Q, with corresponding categorical probability
distributions P = {p,}?_, and Q = {q,}?_,. To simplify
the notation, we use the same symbols for the roulettes and
their corresponding probability distributions and for the
stochastic variables and their possible outcomes. Also, the
range of values of the index s is always understood to be
{1,2, ..., d}, unless specified otherwise. The device’s task is
to group the data points in two clusters so that all points in
either cluster have a common underlying probability dis-
tribution (either P or Q). We wish the machine to be
universal, meaning that it operates without knowledge on
the distributions P and Q. Accordingly, we choose as the
figure of merit the probability of correctly classifying all data
points, averaged over every possible sequence of roulettes
X = (x1x5...xy), x; € {P,Q}, and over every possible
distribution P and Q. The latter are assumed to be uniformly
distributed over the common probability simplex S; on
which they are defined. Formally, this success probability is
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P§1:/ dPdQ> Pr(% € {x,X}.5.x; P, Q)
Sd X.S
~2 [ aPagy s, Pr(s.x:P.0) (F1)
S4 X,S

where X is the guess of x emitted by the machine, which by
the universality requirement, can depend only on the data
string s. The sums are carried out over all 2V possible strings
s and sequences of roulettes x. The factor of 2 in the second
equality takes into account that P and Q are unknown;
hence, identifying the complementary string X leads to the
same clustering. By emitting X, the device suggests a
classification of the N data points s; in two clusters. In
the above equation, we use the notation of Appendix E for the
integral over the probability simplex.

An expression for the optimal success probability can be
obtained from the trivial upper bound

P :2Z/deQPr (s.X;P.0Q)
S

gzZmaX/deQPr(s,X;P, 0)

= ZZ max Pr (s, x), (F2)

where Pr (s, x) is the joint marginal distribution of s and x.
This bound is attained by the guessing rule

X = argmax Pr (s, x). (F3)

X

For two specific distributions P and Q, the probability
that a given roulette sequence X gives rise to a particular
data string s is Pr(s|x; P, Q) = [, ps*qs"°, where n, (m,) is
the number of occurrences of symbol s in s [i.e., how many
s; € s satisfy s; = 5] arising from roulettes of type P (Q).
For later convenience, we define M, = n, + m,, which
gives the total number of such occurrences. Note that {M }
is independent of x, whereas {n,} and {m,} are not.
Performing the integral over P and Q, we have

Pr(s|x)
2N
1
T

Pr(s,x) =

dPdQPr(s|x; P, Q)

B 27N g, [T ny!m! (F4)
B (db + Zsms)!(db + ans)! ’

where we use Eq. (E2) and in the first equality we assume
that the two types of roulette P and Q are equally probable;
hence, each possible sequence x occurs with equal prior
probability equal to 27V, We also introduce the notation
d,=d—-1 to shorten the expressions throughout this

Appendix. Note that all the dependence on x is through
the occurrence numbers m, and n;.

According to Eq. (F2), for each string s we need to
maximize the joint probability Pr(s, x) in Eq. (F4) over all
possible sequences of roulettes x. We first note that, given a
total of M, occurrences of a symbol s in s, Pr(s,x) is
maximized by a sequence x whereby all these occurrences
come from the same type of roulette, in other words, by a
sequence x such that either m; = M and n; = 0 or else
mg =0 and n, = M.

In order to prove the above claim, we single out a
particular symbol r that occurs a total number of times
u = M, ins. We focus on the dependence of Pr(s, x) on the
occurrence number ¢ = m, (S0, n, = y — t) by writing

Pr(s, x) = A= =10 ()

b+ 0)l(c—1)

where the coefficients a, b, and ¢ are defined,

respectively, as

AL
a= Z—NHnS!mS!, (Fo)
S#Er
b=d,+» m, (F7)
S#EF
c:db+2nx+m,:db+N—st (F8)
K SFET

and are independent of ¢. The function f(¢) can be extended
to t € R using the Euler gamma function and the relation
I'(r+ 1) = t!. This extension enables us to compute the
second derivative of f(¢) and show that it is a convex
function of 7 in the interval [0, u]. Indeed,

[
f(0)

=[H(c—1)—H\(u—1)—H(b+1)+ H,(1)]*

+Hy(c—1t) = Hy(u—1) + Hy(b +1) — Hy(1) 20,
(F9)

where H,(t) are the generalized harmonic numbers. For
positive integer values of #, they are H,(t) =>"_, j™.
The relation H, (1) = {(n) = > %, (¢ + j)™", where {(n) =

$21J7" is the Riemann zeta function, allows one to
extend the domain of H,(¢) to real (and complex) values
of t.

The positivity of f”(t) follows from the positivity of both
f(#) and the two differences of harmonic numbers in the
second line of Eq. (F9). Note that H,(x) is an increasing
function of x. Since, obviously, b+t >t and ¢ —1t>
dogng=> (M;—mg) >u—t [as follows from the
definition of ¢ in Eq. (F8)], we see that the two differences
are positive.
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The convexity of f(z) for ¢t € [0,u] implies that the
maximum of f(7) is at either r=0 or 7= u. This
implication holds for every value of M, and every symbol
r in the data string, so our claim holds. In summary, the
optimal guessing rule must assign the same type of roulette
to all the M occurrences of a symbol s; i.e., it must group
all data points that show the same symbol in the same
cluster, which is in full agreement with our own intuition.

The description of the optimal protocol that runs on our
device is not yet complete. We need to specify how to reduce
the current number of clusters down to two, since at this
point we may (and typically will) have up to d clusters, as
many as different symbols. The reduction or merging of the
d clusters can be based only on their relative sizes, as nothing
is known about the underlying probability distributions.
This restriction is quite clear: Let P be the subset of symbols
(e.g., the subset of {1,2, ..., d}) for which n;, = M, and let
Q be its complement; i.e., Q contains the symbols for which
mg = M,,and P = Q. The claim we just proved tells us that,
in order to find the maximum of Pr(s, x), it is enough to
consider sequences of roulettes x that comply with the
above conditions on the occurrence numbers (For
example, suppose d = 3 and N = 12. Assuming that s =
(112321223112) is the string of data, the sequence of
roulettes X in the table

i 1 2 3 4 5 6 7 8 9 10 11 12
s 11 2 3 2 1 2 2 3 1 1 2
X P P O Q0 Q0 P 0 Q0 Q0 P P 0

satisfies the conditions m; = M, or n, = M, since
ng=M, =5, my=M, =25, and my = M3 = 2. In this
case, P = {1}, and Q = {2, 3}. The suggested clustering is
{(1,2,6,10,11),(3,4,5,7,8,9, 12)}). For those, the joint
probability Pr(s, x) can be written as

a
(db + ZseQMs) !(db + ZsePMS)! ’

where a now simplifies to 27Vd,'>TI;M,!. Thus, it just
remains to find the partition {P,Q} that maximizes this
expression. It can also be written as

Pr(s,x) =

(F10)

a
(db—i—x)!(db —I—N—x)!’

Pr(s,x) = (F11)

where we define x = X;coM,. The maximum of this
function is located at x = N/2, and one can easily check
that it is monotonic on either side of its peak. Note that,
depending on the values of the occurrence numbers {M,},
the optimal value x = N/2 may not be attained. In such
cases, the maximum of Pr(s, x) is located at x* = N/2 + A,
where A is the bias:

. (F12)

D M=) M,

s€Q seQ

1
A =—mi
2"

The subset Q that minimizes this expression determines the
optimal clustering.

In summary (and not very surprisingly), the optimal
guessing rule consists in first partitioning the data s in up to
d groups according to the symbol of the data points and,
second, merging those groups (without splitting them) in
two clusters in such a way that their sizes are as similar as
possible. We have stumbled upon the so-called partition
problem [33], which is known to be weakly NP complete.
In particular, a large set of distinct occurrence counts { M}
rapidly hinders the efficiency of known algorithms, a
situation likely to occur for large d. It follows that the
optimal clustering protocol for the classical problem cannot
be implemented efficiently in all instances of the problem.

To obtain the maximum success probability P¢
[Eq. (F2)], we need to sum the maximum joint probability,
given by Eq. (F11) with x = x*, over all possible strings s.
Those with the same set of occurrence counts {M,} give
the same contribution. Moreover, all the dependence on
{M} is through the bias A. Therefore, if we define &, to be
the number of sets { M} that give rise to a bias A, then the
corresponding number of data strings is E,N!/II;M!. We
thus can write

21-Ng,d 12N

Pl = .
;(db+%+A)!(db+%—A)!

(F13)

Equation (F13) is as far as we can go, as no explicit
formula for the combinatorial factor &, is likely to exist
for general cases. However, it is possible to work out
the asymptotic expression of the maximum success prob-
ability for large data sizes N. We first note that a generic
term in the sum (F13) can be written as the factor
22441, d 12N /(2d, + N)! times a binomial distribution
that peaks at A =0 for large N. Hence, the dominant
contribution in this limit is

2+ g 2N 224-1(g —1)12
(2d, + N)! 0 N2

P{~ & (F14)

From the definition of £,, given above Eq. (F13), and
that of A in Eq. (F12), we readily see that &, is the number
of ordered partitions (i.e., the order matters) of N in d
addends or parts [These ordered partitions are known as
weak compositions of N into d parts in combinatorics,
where weak means that some addends (or parts) can be
zero; in contradistinction, the term composition is used
when all the parts are strictly positive.] (the occurrence
counts M) such that a subset of these addends is an ordered
partition of N/2 as well.

Young diagrams come in handy to compute &,. First, we
draw pairs of diagrams [4, A'], each of N/2 boxes and such
that A > A’ (in lexicographical order; see Appendix A), and
I(A) +1(¥)=r+7r <d; ie., the total number of rows
should not exceed d. Next, we fill the boxes with symbols

041029-18



UNSUPERVISED CLASSIFICATION OF QUANTUM DATA

PHYS. REV. X 9, 041029 (2019)

‘HOH

FIG. 4. Use of Young diagrams for computing &,. In the
example, N = 8 and d = 4. The fraction before each pair gives
the number of different fillings and hints at how it is computed.

s; (representing possible data points) so that all the boxes in
each row have the same symbol. We readily see that the
number of different fillings gives us &,. An example is
provided in Fig. 4 for clarity.

Although this pictorial method eases the computation of
&y, it becomes unpractical even for relatively small values
of N. However, it becomes again very useful in the
asymptotic limit, since the number of Young diagrams
with at least two rows of equal size becomes negligibly
small for large N. (Actually, the number of Young diagrams
of a given length with an unequal number of boxes in each
row is equal to the number of Young diagrams of N —

r(r—1)/2 boxes; i.e., it is equal to p\ Using the

N-r(r-1)/2"
results in Appendix A, we immediately see that for large N

one has PI(\:)—r(r—l)/Z/PE\;)
The same conclusion applies to the whole pairs [4, 4],
since, e.g., by reshuffling rows, one could merge the two
members into a single diagram of N boxes and length
r + /. Thus, we may assume that all pairs of diagrams with
a given total length have an unequal number of boxes in
each row, which renders the counting of different fillings
trivial: There are d!/(d — r — v’ + 1)! ways of filling each
pair of diagrams. Recalling that there is a one-to-one
mapping between partitions and Young diagrams, we
can use Eq. (A1) and write

~ 1, which proves the statement.)

QU

l\.)l —_
~
NIZ/:

—1 d-r d!
(d—r—r)'

r=1 /=1

ot

1 (N\2  (2d-2)!
NE(E) (d=2)l(d— 17"

This result, together with Eq. (F14), leads us to the desired
asymptotic expression for the optimal success probability:

Pcl E d
3 N

w|~
Il
N[ =

(F15)

(2d - 2)!

eI (F16)

APPENDIX G: OPTIMAL CLUSTERING
PROTOCOL FOR KNOWN CLASSICAL STATES

In this Appendix, we give a short discussion on
clustering classical states under the assumption that the
underlying probability distributions are known. In par-
ticular, we discuss two low-dimensional cases, d = 2, 3,
and derive the asymptotic expression of the success
probability of clustering for large data string length N
and arbitrary data dimension d. We stick to the notation
introduced in Appendix F

If the underlying probability distributions are known,
a given data point s is optimally assigned to the proba-
bility distribution for which s is most likely. The success
probability is thus given by max{py, g,}/2 (recall that the
data are assumed to be drawn from either P or Q with equal
prior probability). The average success probability of
clustering over all possible strings of length N then reads

PSlpo = ZNKZH‘&X{PP% )NWL(imin{qus})N],
: (G1)

where the second term arises because assigning the
wrong probability distribution to all data points in s gives
a correct clustering. In order to compare with our results for
unknown classical states, we average the success proba-
bility over a uniform distribution of categorical probability
distributions. This average yields

P = / dp / dQP,,.
s Jsoo

where the integration over the simplex S, shared by P and
Q, is defined in Appendix E.

To perform the integral in Eq. (G2), we need to partition
S, x S, in different regions according to whether p, < ¢
or p, > ¢, for the various symbols. By symmetry, the
integral can depend only on the number r of symbols for
which p; < g, (not on its particular value). Hence, r =
1,....,d —1 labels the different types of integral that we
need to compute to evaluate PS'. Notice that we have the
additional symmetry r <> d — r, corresponding to exchang-
ing p, and ¢, for all s. Since the value of these integrals
does not depend on the specific value of s, we can choose
all p, with s = 1,2, ..., r to satisfy p, > ¢, and all p; with
s=r+1,r+2,...,d to satisfy p, < ¢, To shorten the
expressions below, we define

k k
P = Zps’ qi = qu-
s=1 s=1

With these definitions, p; =q, =1, >% ., ¢, =1-q,
and likewise Y 9 41 Ps = 1 —p,. The integrals that we
need to compute are then

(G2)

(G3)
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1 P Pr
I‘,j::/ dP—/ dql.../ dq,
s, Valo 0
Pry1—ar Pa-1—9u-2
X dq,... dqg-
Prv1 Pa-1

X [(1+p,—q.)" + (144, —p)"]. (G4)

and we note that, as anticipated, /¢ = I9_ . The average
probability of successful clustering then reads

1 & va
j 2 — 4
a2 ()

where the binomial is the number of equivalent integral
regions for the given r.

(G5)

1. Low data dimension

We can now discuss the lowest-dimensional cases, for
which explicit closed formulas for /¢ can be derived. For
d = 2, one has

g — 22V

K- owen

(Go)

This result coincides with that of unknown probability
distributions given in Eq. (F13) with £, = 1. This result is
expected, as the optimal protocol for known and unknown
probability distributions is exactly the same: Assign to the
same cluster all data points that show the same symbol s.
Therefore, knowing the probability distribution does not
provide any advantage for d = 2.

For d > 2, however, knowledge of the distributions P
and Q helps classify the data points. If d = 3, the success
probability (G5) can be computed to be

25(N =2) —2>N(N? +7N + 18)

B W NN F N A1)

(G7)

In Table II, we compare five values of P¢ in Eq. (G7), when
N = 2,3, ..., 6, with those for unknown distributions P and
0 given by Eq. (F13). As expected, the success probability
is larger if P and Q are known. The source of the increase is

TABLEII. The success probability P! for d = 3 and data string
lengths N =2,...,6 in the cases of known and unknown
distributions P and Q. For unknown distributions, the values
are computed using Eq. (F13) in Appendix F. For known
distributions, the values are given by Eq. (G7). The table shows
that knowing P and Q increases the success probability of
clustering.

N 2 3 4 5 6
Unknown: 7/12 11/30 0.250 0.176 0.130
Known: 3/5 2/5 0.283 0.210 0.160

illustrated by the string s = (112), which is labeled as PPQ
(or QQP) if P and Q are unknown. However, if they are
known and, e.g., p; > ¢; and p, > ¢,, the string is more
appropriately labeled as PPP.

2. Arbitrary data dimension: Large N limit

For increasing N, however, the advantage of knowing P
and Q becomes less significant and vanishes asymptoti-
cally, which can be checked explicitly for d =2, 3 by
expanding Egs. (G6) and (G7) in inverse powers of N. In
this regime, the average is dominated by distributions for
which p, = 1 and ¢, = 0. Since in a typical string approx-
imately half of the data come from the distribution P and
the other half from (Q, the optimal clustering protocol
essentially coincides with that for unknown distributions;
i.e., it collects the data points showing the same symbol in
the same subcluster and afterwards merges the subclusters
into two clusters of approximately the same size. We next
prove that this intuition is right for all d.

In the proof, we make repeated use of the trivial
observation that, for asymptotically large N and 0 < a <
b < ¢, one has

b
/ (c =x)Ndx ~ (c —a)¥*'/N.

a

(G8)

We also note that the contribution to the success probability
coming from the completely wrong assignment of distribu-
tions, i.e., (1 + q, — p,)", is exponentially vanishing, since
we assume p, > ¢,, and thus q, — p, < O [this fact is well
illustrated by the terms proportional to 2>~V in Egs. (G6)
and (G7)].

Because of this last observation, we can drop the second
term in the integrand of ¢ [Eq. (G4)]. The integrals over ¢,
s < r, of the remaining term, (1 + p, —q,)", are domi-
nated by the lower limit g, = 0, as this value maximizes
1 4+ p, — q,. Using Eq. (G8), we get

d—1)! Pre1—ar
I;JN( Nr) /; dP/ ] qu_l...
d Pre1

Pi-1—94-2
X / dqa-(1+p)V*,
P

d-1

(G9)

where we recall that the volume of the simplex S, is
V,=1/(d—1)!. For the remaining integrals over ¢, in
Eq. (G9), we can take the lower limits to be p; ~ 0, for
s > r—+ 1, since the integrand is maximized by p, ~ 1.
Therefore, the upper limits become 1, 1—-¢g,,,...,1—

42 | q,. We identify these upper and lower limits as
those of an integral over a (d — r — 1)-dimensional proba-

bility simplex S,_,. We can thus write

(d—1)!

R YA
" d=r=1)IN"

/S dP(1+p,)"*". (G10)
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The last equation can be cast as

b (d=1)! /dpz di NH (G11)
T d=r=1)IN Js, Z.Ps )

where we use again that p, = 1 — Zfzr +1 P and note that
under the integral sign we are free to relabel the variables p;.
According to the definition of fsd dP, we need to perform
d — r integrals over the variables p,, p,.q, ..., ps_y, for
which we can use Eq. (G8), which yields a factor
2N+d /Nd=r  The remaining integrals over py, ps, ..., Pr_i
of this constant factor give an additional 1/(r —1)!, as
they effectively correspond to an integral over a (r — 1)-
dimensional simplex. Putting the different pieces together,
the asymptotic expression of I¢ reads

s
N4 (r=D!(d-r-1)!"

Id N 2N+d [(d _

(G12)

We are now in a position to compute the asymptotic
success probability. Inserting Eq. (G12) into Eq. (GS5), we
readily obtain

2)\4 Efa\ ([ d-2
PI~ (= -i(d-1
e O
_(2\?(2d-2)!
~\WN/) (d-2)!°
where we wuse the well-known binomial identity
S (L) = (“1?) [here, k ranges over all values for
which the binomials make sense]. Equation (G13) coin-

cides with the asymptotic expression in the unknown case
Eq. (9), as we anticipated.

(G13)
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