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Abstract

Open quantum walks (OQWs) constitute a class of quantum walks whose dynamics are
entirely driven by interactions with the environment. It is well known that OQWs provide
a general framework for implementing dissipative quantum computation. In this work, we
demonstrate the feasibility of running the previously proposed quantum distance-based
classifier within the open quantum walk computation model, and we show that its expected
runtime remains finite even in the slower regime.

Keywords: open quantum systems; quantum machine learning; dissipative quantum
computation; open quantum walks; distance-based classifier; quantum distance-based
classifier; Hadamard classifier

1. Introduction
Quantum computation, with its ability to explore the principles of quantum mechan-

ics, has emerged as a promising paradigm for solving complex computational problems
exponentially faster than classical computers. However, the development of practical
and scalable quantum computers faces numerous challenges, including the detrimental
effects of noise and decoherence. Quantum systems are inherently susceptible to environ-
mental interactions, which can lead to loss of quantum information and degradation in
computational performance.

To overcome these obstacles, researchers have been exploring a field known as dis-
sipative quantum computation [1–3]. Dissipative quantum computation aims to explore
the unavoidable interactions between a quantum system and its surrounding environ-
ment, turning them from a detrimental effect into a resource for performing computational
tasks. Instead of isolating the quantum system from its environment, as is commonly
done in traditional quantum computing approaches, dissipative computation harnesses
the dissipative dynamics to manipulate and process information.

An efficient implementation of dissipative quantum computing algorithms is the open
quantum walk (OQW) [2,4–6]. Linear OQWs have been used for the design of algorithms [5],
and its dynamics and computational limits have been established [7]. OQWs offer a noise-
resilient framework for dissipative quantum computation in which, at least in principle,
one can engineer a reservoir so that the computation is driven entirely by the environment’s
dissipative dynamics. Moreover, for several OQW schemes there exists a useful class of
convergence theorems [8,9]. They also provide a natural way to incorporate a Markovian
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structure that is not readily available in standard coined quantum walks. In particular,
linear open quantum walks have well-established convergence properties and a simple
steady state [7]. More broadly, because open system evolution extends beyond unitary
dynamics, the OQW formalism allows one to explore general Kraus maps, opening the
door to richer and more complex dynamical behavior.

Random walks, a fundamental concept in mathematics and physics, describe the
stochastic motion of a walker in discrete steps, jumping from one node to another. Open
quantum walks offer a novel framework for exploring the interplay between quantum
dynamics and environmental noise, shedding light on the behavior of quantum systems
under realistic and imperfect conditions. In this model, the transition between the nodes is
driven purely by the dissipative interaction with an environment.

In the context of computation, a key area where quantum technology may prove to
be beneficial is the field of machine learning [10–12]. Quantum machine learning using
open quantum systems has also demonstrated advantages [3,13–16]. Among the most basic
machine learning tasks is classification, typically implemented via classifier algorithms [17].
In this work, we focus on a linear classifier that has been simulated on a quantum computer
by Schuld et al. [18,19]. Recently, there have also been proposals exploring dissipative
quantum systems to construct quantum classifiers [3,20,21]. The idea is to encode the
initialization information in the preparation of the physical system and the weight in the
environmental factors (interaction and environmental states).

This work presents an implementation of a quantum distance-based classifier in an
OQW model as a proof of principle. Section 2 summarizes the OQW results needed for
computation in this framework. Section 3 reviews the classifier and establishes, with proofs,
both correctness and the expected post-selection success probability, extending earlier
empirical claims. Section 4 provides the OQW realization and validates the algorithm.
Finally, a conclusion and future perspectives are presented in Section 5.

2. Open Quantum Walks
In this section, we develop the basic tools of open quantum walks needed to under-

stand the results of this paper.

2.1. Basic Properties of Open Quantum Walks

A quantum walk [22,23] is a form of quantum evolution that occurs on a graph. The
vertices of the graph form the basis of the graph space where the quantum walker is
situated and can jump between nodes depending on both the graph structure and the
internal walker state [24]. The dynamics, or time evolution, of a discrete quantum walk
refers to the repeated application of the single-step evolution rule. Several quantum walks
have been shown to model quantum computation [2,25,26]. Here, we focus on OQWs, a
class of quantum walks whose dynamics is entirely induced by the environment.

A general quantum evolution (closed or open) is described as a map Λ : B(V) → B(V),
where B(V) denotes the algebra of bounded operators in the Hilbert space V . The map
Λ must be linear, completely positive and trace-preserving [27]. It is known [27] that if
dim(V) = d, then we can write

Λ(ρ) =
k−1

∑
i=0

KiρK†
i , (1)

where k ≤ d2 and

∑
i

K†
i Ki = 1. (2)

This set of operators {Ki}k−1
i=0 is called a set of Kraus operators for the map Λ.
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To formally define an open quantum walk, we need to define H, the (internal) Hilbert
space of the walker, and the graph Hilbert space G where the walk is made. We mark a
basis {|i⟩}i∈G for the graph space, where G is the set of vertices of the underlying graph.
For each i ∈ G we also have a set {Bj

i}j∈G of linear operators Bj
i : H → H that satisfy

∑
j

Bj†
i Bj

i = 1, (3)

which will act on the internal state when a jump is made from node i to node j. In order to
capture the jump together with this change in internal state, we define operators

Mj
i = Bj

i ⊗ |j⟩⟨i| ∈ B(H⊗G). (4)

One can verify that Equation (3) implies

∑
i,j

Mj†
i Mj

i = 1, (5)

and therefore this set of operators defines a quantum channel. This set of Kraus operators
defines an open quantum walk. An open quantum walk can be seen pictorially as a graph
with labeled edges, where each edge from i to j is labeled Bj

i . Therefore, all information
about the open quantum walk evolution map can be extracted from a given graphic
representation. The recursive relations for an OQW with initial state ρ0 ∈ B(H⊗G) areρ[0] = ρ0,

ρ[n] = ∑i,j Mj
i ρ

[n−1]Mj†
i , n ≥ 1

(6)

where ρ[n] is the state of the open quantum walk after n steps. It is known [4] that if
ρ0 = ∑i,j ρij ⊗ |j⟩⟨i| for some trace-class matrices ρij satisfying ∑i Tr(ρii) = 1, then after any
n ≥ 1 steps, ρ[n] has the form

ρ[n] = ∑
i

ρ
[n]
ii ⊗ |i⟩⟨i|, (7)

where ρ
[n]
ii are some trace-class matrices determined by the evolution defined by Equation (6).

Note that if even a single step is made, the walker decouples from the graph space. A
graphical representation of a general OQW is shown in Figure 1. The edges from vertex
|i⟩ to vertex |j⟩ are labeled Bj

i , and any omitted edges are taken to correspond to the zero
operator.

· · · · · ·

· · · |i⟩ |j⟩ · · ·

· · · · · ·

Bj
i

Bi
j

Figure 1. An arbitrary open quantum walk can be represented by this visual diagram. If there is an
omitted edge in a particular diagram, this means that the corresponding operator Bj

i is zero.

For example, for the two-node graph in Figure 2, we have operators B0
0, B1

0, B0
1, B1

1
satisfying

B0†
0 B0

0 + B1†
0 B1

0 = I, (8)

B1†
1 B1

1 + B0†
1 B0

1 = I. (9)
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The state of the walker after n steps will be

ρ[n] = ρ
[n]
0 ⊗ |0⟩⟨0|+ ρ

[n]
1 ⊗ |1⟩⟨1|, (10)

where
ρ
[n]
0 = B0

0ρ
[n−1]
0 B0†

0 + B0
1ρ

[n−1]
1 B0†

1 , (11)

ρ
[n]
1 = B1

0ρ
[n−1]
0 B1†

0 + B1
1ρ

[n−1]
1 B1†

1 . (12)

If we have, for instance, B0
0 =

√
λI, B1

0 =
√

ωU, B0
1 =

√
λU†, B1

1 =
√

ωI, where U is any
unitary operator, ω, λ ≥ 0 are any non-negative real numbers satisfying ω + λ = 1 and the
initial state of the OQW is ρ0 = |ψ⟩⟨ψ| ⊗ |0⟩⟨0|, then we have [7]

ρ[n] = λ|ψ⟩⟨ψ| ⊗ |0⟩⟨0|+ ωU|ψ⟩⟨ψ|U† ⊗ |1⟩⟨1|. (13)

In this way, if we want to perform quantum computation and apply a gate U to the state
|ψ⟩, we have to post-select the result in node |1⟩, which has a success probability of ω.

|0⟩ |1⟩

B0
0

B1
0

B0
1

B1
1

Figure 2. An arbitrary two-node open quantum walk.

2.2. Linear Open Quantum Walks for Quantum Computation

In this work, we use a linear topology of an open quantum walk [7] to perform
quantum computation (i.e., the preparation of quantum states), where all Kraus operators
of the evolution are proportional to unitaries. The graphic representation for this OQW
model is shown in Figure 3. Note that if ρ0 = |ψ⟩⟨ψ| ⊗ |0⟩⟨0| we have (using the convention
U−1 = 1)

ρ[n] = ∑
i

p(n)i Ui−1 · · ·U0|ψ⟩⟨ψ|U†
0 · · ·U†

i−1 ⊗ |i⟩⟨i|, (14)

where p(n)i is the probability of finding the walker in node i after n steps. This can be seen
as a classical Markov chain [7] with a transition matrix [28–30]

T =



λ λ 0

ω 0 λ
...

0 ω 0
...

... 0 ω
...

... 0
. . .

...
. . .


, (15)

and the steady-state π can be calculated:

πm =
am(a − 1)

aN − 1
, (16)

where a =
ω

λ
=

ω

1 − ω
.
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|0⟩ |1⟩ · · · |N − 1⟩√
λI

√
ωU0

√
λU†

0

√
ωU1

√
λU†

1

√
ωUN−2

√
λU†

N−2

√
ωI

Figure 3. The diagram corresponding to the linear OQW model. Each Ui is a unitary operator, and
ω, λ ≥ 0 are such that ω + λ = 1.

3. Distance-Based Classifier Algorithms
In this section, we develop the basic tools for classical and quantum distance-based

classifiers needed to understand the results of this paper, and we provide rigorous
proofs of several claims about the quantum distance-based classifier that were previously
supported empirically.

3.1. Classical Distance-Based Classifier

We begin by highlighting the basic principles of a classical distance-based classifier [17].
In a general classification task, one considers a vector space of parameters χ together with
a finite set of possible classes C = 0, 1, . . . , c − 1, where each vector of parameters is
uniquely associated with a class. As an illustrative example, the parameter vector may
represent measurable attributes such as the height and weight of individuals, while the
classes correspond to distinct categories, for instance, children and adults. The goal of the
classification task is to infer the class associated with a given parameter vector. When a
labeled dataset is available (meaning that the class corresponding to each parameter vector
is known) the classification procedure is referred to as supervised learning.

Here, we focus on distance-based classifiers. This class of algorithms requires
a kernel function K : χ × χ → R≥0, which is typically defined as an inner product
K(x⃗, x⃗′) = ⟨φ(x⃗), φ(x⃗′)⟩, where φ : χ → χ is a feature-mapping function and ⟨ , ⟩
can be any inner product, and in this work we use the usual inner product in RN :
⟨(x1, . . . , xN), (x′1, . . . , x′N)⟩ = x1x′1 + · · · + xN x′N . We assume C = {−1, 1} and that we
receive a dataset D = {(x⃗m, ym)}M−1

m=0 , where each x⃗i is a parameter vector and yi ∈ C
denotes its corresponding class. The inference rule is then defined as

y = sgn

(
∑
m

ymK(x⃗m, x⃗)

)
. (17)

This equation admits a natural probabilistic interpretation. Interpreting K(x⃗m, x⃗) as an
unnormalized probability weight, the inference rule assigns the class of the input parameter
x⃗ according to the sign of its weighted mean value: a positive mean corresponds to y = 1,
while a negative mean corresponds to y = −1. This interpretation is derived from the
fact that when x⃗ is close to x⃗m, their inner product approaches its maximum value. This
will correspond, in the probabilistic picture, to a likelihood close to one. In this sense, two
adjacent parameter vectors are highly likely to belong to the same class and K can thus be
viewed as a likelihood function that quantifies their proximity.

In this work, we adopt the following kernel function:

K(x⃗, x⃗′) = 1 − 1
4M

|⃗x − x⃗′|2. (18)

3.2. Quantum Distance-Based Quantum Classifier

The main idea of the distance-based quantum classifier is to encode the data points
in the amplitudes of a quantum state and, by exploring interference effects, to be able to
predict the class of this point [18]. In the original work [18], the algorithm is built such that
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it gives us the same prediction as the classical distance-based algorithm with the kernel
function given by Equation (18).

The canonical way to embed a normalized parameter vector x⃗ = (x1, . . . , xN) in a
quantum state is to use an N-dimensional Hilbert space and encode as follows:

|ψx⃗⟩ = ∑
i≥1

xi|i⟩. (19)

To perform the quantum implementation of the distance-based classifier outlined in
Section 3.1, we first start with a state

|D⟩ = 1√
2M

M−1

∑
m=0

|m⟩(|0⟩|ψx⃗⟩+ |1⟩
∣∣ψx⃗m

〉
)|ym⟩, (20)

where |ym⟩ = |0⟩ if ym = −1 and |ym⟩ = |1⟩ if ym = 1. The first system works as a flag,
the second one is an ancillary qubit, and the third one encodes the parameter vectors. We
perform a Hadamard gate in the ancilla qubit, obtaining

1
2
√

M

M−1

∑
m=0

|m⟩(|0⟩
∣∣ψx⃗+x⃗m

〉
+ |1⟩

∣∣ψx⃗−x⃗m

〉
)|ym⟩, (21)

where
∣∣ψx⃗±x⃗m

〉
= |ψx⃗⟩ ±

∣∣ψx⃗m

〉
. Now we perform a post-selection on the state of the ancilla,

selecting the state |0⟩:

1
2
√

paccM

M−1

∑
m=0

N

∑
i=1

|m⟩(xi + xi
m)|i⟩|ym⟩, (22)

where
pacc =

1
4M ∑

m

〈
ψx⃗+x⃗m

∣∣ψx⃗+x⃗m

〉
=

1
4M ∑

m
||⃗x + x⃗m||2 (23)

is the success probability for the post-selection. It is also experimentally known [18] that
if the data is standardized (i.e., if the data is distributed with mean value equal to zero
and standard deviation equal to one), then pacc ≈ 1/2. We prove this fact analytically,
considering the data as a standardized random variable:

E(pacc) =
1

4M ∑
m
E[||⃗x + x⃗m||2]

=
1

4M ∑
m
E[2 + 2⟨x⃗, x⃗m⟩]

=
1

4M ∑
m
(2 + 2⟨x⃗,E[⃗xm]⟩)

=
1

4M ∑
m

2

=
1
2

,

(24)

where E(x⃗m) = 0 since the dataset is standardized. We define

p(y = −1) =
1

4Mpacc
∑

m : |ym⟩=|0⟩
||⃗x + x⃗m||2, (25)
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which corresponds to the sum of the amplitudes of each state with |ym⟩ = |0⟩. We also note
that since the parameters are normalized, we have the following.

1
4Mpacc

∑
m
||⃗x + x⃗m||2 +

1
4Mpacc

∑
m
||⃗x − x⃗m||2

=
1

4Mpacc
∑
m
(2||⃗x||2 + 2||⃗xm||2) =

1
pacc

.
(26)

We can therefore write

p(y = −1) =
1

pacc

1 − 1
4M ∑

m : |ym⟩=|0⟩
||⃗x − x⃗m||2

, (27)

and then we have

p(y = 1) =
1

pacc

1 − 1
4M ∑

m : |ym⟩=|1⟩
||⃗x − x⃗m||2

. (28)

Since p(y = 1) = 1 − p(y = −1), we predict y = +1 if p(y = 1) > p(y = −1) and
y = −1 otherwise. It is shown [18] that this algorithm produces the same output as the
classical distance-based classifier outlined in Section 3.1. Here, we give a formal proof of
the correctness of this algorithm. First of all, we have the following.

E[y] = −1 · p(y = −1) + 1 · p(y = 1) = p(y = 1)− p(y = −1), (29)

and also have

∑
m

ym

(
1 − 1

4N
||⃗xm − x⃗||2

)
=

∑
m : ym=−1

−
(

1 − 1
4N

||⃗xm − x⃗||2
)
+

∑
m : ym=1

(
1 − 1

4N
||⃗xm − x⃗||2

)
=

pacc(p(y = 1)− p(y = −1)) = pacc ·E[y].

(30)

Note that the sign of E[y] determines the outcome of the quantum distance-based classifier,
while the sign on the left-hand side of Equation (30) corresponds to the result of the
classical distance-based classifier. From this relation, if p(y = −1) > p(y = 1), both
the classical and quantum classifiers predict y = −1. The same reasoning applies to the
case y = 1, demonstrating that the classical and quantum classifiers implement the same
classification rule.

3.3. Quantum Circuit for Distance-Based Classifier

For a dataset containing two training examples with opposite labels, D′ = {(x⃗0,−1),
(x⃗1, 1)}, drawn from an arbitrarily large underlying dataset, and a test point ⃗̃x specified by
two features, it was shown in Ref. [19] that the corresponding classifier can be implemented
using a simple two-qubit quantum circuit. We now follow the construction of this circuit.
The feature vectors are defined as

|x0⟩ = cos
(

θ
2

)
|0⟩ − sin

(
θ
2

)
|1⟩, (31)
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|x1⟩ = cos
(

ϕ
2

)
|0⟩ − sin

(
ϕ
2

)
|1⟩, (32)

|x̃⟩ = cos
( γ

2
)
|0⟩ − sin

( γ
2
)
|1⟩, (33)

where θ can be set to zero without loss of generality such that |x0⟩ = |0⟩. In this case, the
initial state used to perform the distance-based quantum classification has identical class
and flag registers; therefore, a single qubit suffices to encode both.

1
2
|0⟩(|0⟩|x̃⟩+ |1⟩|x0⟩) +

1
2
|1⟩(|0⟩|x̃⟩+ |1⟩|x1⟩). (34)

The ratio t between the probabilities of measuring |0⟩ and |1⟩ in the class register is
given by

t =
P(|y⟩ = |0⟩)
P(|y⟩ = |1⟩) =

cos2(γ/4)
cos2

(
(γ − ϕ)/4

) . (35)

The circuit implementing the reduced quantum distance-based classifier with two
qubits is shown below. The second register corresponds to the |y⟩ (class) qubit, while the
first acts as an ancilla.

|0⟩ H • H

|0⟩ Ry(−ω′/2) X Ry(ω′/2)

Here, ω′ must be determined to reproduce the quantum algorithm described in
Section 3.2. The portion of the quantum circuit responsible for state preparation comprises
all gates except the final Hadamard gate. The state preparation stage of the circuit yields

1√
2
(cos

(
ω′/2

)
|11⟩ − sin

(
ω′/2

)
|10⟩+ |00⟩). (36)

After the last Hadamard gate, the final state |ψ⟩ is then

|ψ⟩ = 1
2
(− cos

(
ω′/2

)
|11⟩+ cos

(
ω′/2

)
|01⟩

+ (1 + sin
(
ω′/2

)
)|10⟩+ (1 − sin

(
ω′/2

)
)|00⟩).

(37)

After post-selecting |0⟩ in the first register, we obtain the state |ψ′⟩

∣∣ψ′〉 = 1
2
√

p′acc
(cos

(
ω′/2

)
|01⟩+ (1 − sin

(
ω′/2

)
)|00⟩), (38)

where

p′acc =
1 − sin(ω′/2)

2
. (39)

Classifying y based on the second qubit register, we obtain

P′(|y⟩ = |0⟩)
P′(|y⟩ = |1⟩) =

(1 − sin(ω′/2))2

cos2(ω′/2)
. (40)

To obtain the same distribution probability as the quantum distance-based classifier, we
impose the fact that the above equation is also equal to t. This gives us

(1 − sin(ω′/2))2

cos2(ω′/2)
= t, (41)
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which, solving for ω′ (see Appendix A), gives us

ω′ = 4 arctan

(
1 −

√
t

1 +
√

t

)
. (42)

4. Distance-Based Quantum Classifier in the OQW Model
In this section, we implement the quantum distance-based classifier proposed by

Schuld [18,19] in the open quantum walk model of quantum computation.

4.1. Implementing the Circuit in the Framework

We now show that the open quantum walk can be used to implement the quantum
classifier described above. We restrict ourselves to the minimal two-feature implementa-
tion, since our goal is to provide a proof of principle that the algorithm can be feasibly
implemented and executed within this framework. To this end, we consider the simplest
possible scenario: two classes and two features. The minimal circuit executing this classifier
is presented in Section 3.2 and consists of two qubits and three layers of gates. Within the
OQW framework, this circuit is implemented through the following unitaries acting on the
two qubits:

U1 = H ⊗ Ry(−ω′/2), (43)

U2 = CNOT, (44)

U3 = H ⊗ Ry(ω
′/2). (45)

and is represented by a graph with four nodes, as depicted in Figure 4. Typically, each
additional circuit layer is implemented in the OQW model by introducing one extra node
together with its associated unitary, so that the graph size increases linearly with the circuit
depth. Note that the internal degrees of freedom of the walker are represented by two
qubits, and the graph itself is also encoded in two qubits; therefore, a total of four qubits
are required for this implementation. The complete set of transition operators is given
by {B0

0 =
√

λI, B1
0 =

√
ωU1, B0

1 =
√

λU†
1 , B2

1 =
√

ωU2, B1
2 =

√
λU†

2 , B3
2 =

√
ωU3, B2

3 =√
λU†

3 , B3
3 =

√
ωI}.

|0⟩ |1⟩ |2⟩ |3⟩

B0
0

B1
0

B0
1

B2
1

B1
2

B3
2

B2
3

B3
3

Figure 4. Open quantum walk representing the quantum classifier circuit.

To determine how many steps are required for the OQW to reach steady state, we
initialize the walker in the state |00⟩⟨00| ⊗ |00⟩⟨00|. The first two qubits represent the
system that enters the circuit, while the last two qubits encode the node, labeled from 0 to
3. Since the result of the computation is always found in the last node, we first evaluate
the detection probability at node 3 as a function of the number of OQW iterations n for
different values of ω, as shown in Figure 5. From these results, we observe that 10 iterations
are sufficient for the algorithm to converge.
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Figure 5. Detection probability of finding the walker in node 3 P3(n) versus the number of iterations
n for different values of probability ω. (a) ω = 0.5; (b) ω = 0.7; (c) ω = 0.9.

Alternatively, one could employ the analytical estimate derived in Ref. [7] for ω > 1/2
to obtain

niterations(ω) =
N

2ω − 1
, (46)

which in our case reduces to

niterations(ω = 0.7) = 10 (47)

niterations(ω = 0.9) = 5. (48)

In what follows, we use 10 iterations for all three values of ω to approach the steady state.
However, it should be noted that these additional steps increase the probability of detection
at the last node by only about 2% for ω = 0.9. This improvement can be achieved with
minimal computational cost as the underlying graph is small. In Figure 5, the detection
probability of finding the walker in the last node is shown for different values of ω. In
Figure 6, we can see the evolution of probabilities for ω = 0.7. Also note that, although we
are using a graph of size 4, Equation (46) is fully general and shows that the convergence
time grows linearly with the graph size.
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Figure 6. Evolution of probabilities in the linear OQW with N = 4 and ω = 0.7. Distributions are
shown at time steps n = 0, 2, . . . , 10.

4.2. Simulation Results

Now we can implement the classifier. We will consider the Iris dataset and will analyze
only the setosa and versicolor classes and the width and length of the sepal feature. In this
way, our dataset will be formed by a 2-dimensional vector and will contain 100 vectors. We
will work with a standardized and normalized dataset.

To implement the circuit presented in the previous section, we essentially need to
determine ω′. To this end, we randomly select two vectors, each belonging to one of the
two distinct classes, and a third vector corresponding to the unknown point. These three
data points are represented by

|x0⟩ = |0⟩, (49)

|x1⟩ = cos (ϕ/2)|0⟩+ sin (ϕ/2)|1⟩, (50)

|x̃⟩ = cos (γ/2)|0⟩+ sin (γ/2)|1⟩. (51)

For example, for Iris samples 34, 75, and 13, the standardized and normalized data
vectors are given by x0 = (0.999807, 0.0196469), x1 = (−0.275974, 0.961165), and
x̃ = (−0.194006,−0.981000). The state x0 is taken as the reference, and in the ro-
tated reference frame it becomes x0 = (0, 1), x1 = (−0.966402,−0.257036), and
x̃ = (0.976999,−0.213242). This corresponds to the rotation angles ϕ = −8.90487 and
γ = −3.57138, leading to ω′ = 1.06501.

We then run the quantum classifier for 2000 triples of points, and the probability of
correctly identifying the class of the unknown point is shown in Table 1 for different values
of the parameter ω, averaged over 10 iterations. The table shows the probability of success
Psucc in obtaining the correct class, the probability Perror(1|2) of predicting class 1 when the
true class is 2 and the probability Perror(2|1) of predicting class 2 when the true class is 1.

Note that the probability Psucc is independent of the parameter ω because of the post-
selection procedure. Nevertheless, ω still shapes the system’s dynamics: it controls the
convergence rate and, in the long-time regime, the population accumulated at the final node.
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Hence, although ω does not change the classification outcome, it does impact the runtime
of the model by modulating how quickly the computation reaches the post-selected event.

Table 1. Success probability and conditional error rates of the classifier as a function of ω. Here, Psucc

is the probability of predicting the correct class; Perror(1|2) is the probability of predicting class 1
when the true class is 2 and Perror(2|1) vice versa.

ω Psucc Perror(1|2) Perror(2|1)
1 91.3% 7.9% 0.8%

0.8 89.5% 0.5% 1.0%
0.5 90.4% 8.4% 1.2%

5. Conclusions
We have demonstrated that the quantum distance-based classifier can be faithfully

implemented within the open quantum walk (OQW) model for dissipative quantum
computation and that its performance is independent of the environmental parameters ω

and λ. By deriving analytical expressions for the classifier’s correctness and post-selection
success probability, we provided a rigorous connection between the quantum and classical
distance-based frameworks. These results show that OQWs can serve as a viable platform
to realize basic quantum machine learning algorithms in a dissipative setting.

Our simulations confirm that the OQW implementation is feasible and reproduces
the expected classification behavior for two-feature datasets, such as the Iris benchmark,
thereby providing the proof of principle we originally aimed to demonstrate. However, it is
important to emphasize that we did not modify the algorithm; rather, we embedded it in the
OQW model in order to demonstrate its feasibility. It is also important to note that although
there are implementations of algorithms in the OQW framework, such as the Fourier trans-
form [2] and Page-Rank [5], the literature on such implementations is still scarce. We do not
compare our results with other implementations of this algorithm, such as Schuld’s [18],
because Schuld’s approach is circuit-based, whereas in our model the unitaries are imple-
mented via interaction with the environment. A direct comparison is therefore not entirely
fair, since the two settings correspond to different computational models.

Finally, although we have employed a restricted OQW model in which all Kraus oper-
ators are proportional to unitaries, extending this framework to include non-unitary Kraus
operators may enable more efficient dissipative algorithms. These directions represent
promising avenues for future theoretical and experimental research.
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Abbreviations
The following abbreviations are used in this manuscript:

OQW Open Quantum Walk

Appendix A
Here we show, for completeness, that Equation (42) follows from Equation (41). We

first prove that, for any x ∈ R for which the expressions are well defined,

1 − tan(x/2)
1 + tan(x/2)

=
1 − sin x

cos x
. (A1)

Indeed,

1 − sin x
cos x

=
1 − sin

(
2 · x

2
)

cos
(
2 · x

2
)

=
1 − 2 sin

( x
2
)

cos
( x

2
)

cos2
( x

2
)
− sin2( x

2
)

=
sec2( x

2
)
− 2 tan

( x
2
)

1 − tan2
( x

2
)

=
1 + tan2( x

2
)
− 2 tan

( x
2
)

1 − tan2
( x

2
)

=

(
1 − tan

( x
2
))2

1 − tan2
( x

2
)

=
1 − tan

( x
2
)

1 + tan
( x

2
) .

(A2)

The second equality uses the double-angle formulas for sin and cos; the third is obtained
by multiplying numerator and denominator by sec2(x/2); the fourth uses sec2(x/2) =

1 + tan2(x/2); and the remaining steps follow from straightforward algebra. Therefore,
Equation (41) implies

1 − sin(ω′/2)
cos(ω′/2)

=
1 − tan(ω′/4)
1 + tan(ω′/4)

=
√

t, (A3)

from which we may isolate tan(ω′/4) to obtain

tan
(
ω′/4

)
=

1 −
√

t
1 +

√
t
. (A4)

This is equivalent to Equation (42) (up to the choice of branch and 2π periodicity).
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