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Abstract
Constrained binary optimization is a representative NP-hard prob-

lem in various domains, including engineering, scheduling, and

finance. Variational quantum algorithms (VQAs) provide a promis-

ing methodology for solving this problem by integrating the power

of quantum parallelism and classical optimizer. However, existing

methods fail to achieve both high accuracy and low circuit complex-

ity, rendering it impossible to deploy onto current quantum devices.

This paper proposes Rasengan, a high-precision and deployable

approach that leverages algorithm-hardware codesign for solving

constrained optimization problems. Unlike traditional VQAs that

shrink the whole space and locate the possible solutions in a su-

perposition state, our key idea is to expand the search space from

one feasible solution and precisely identify the optimal solution in

a basis state. Specifically, we propose the transition Hamiltonian

that exponentially explores the entire feasible solution space with

all combinations of homogeneous basis vectors. We then introduce

three optimization techniques, which greatly reduce the circuit com-

plexity when implementing the Hamiltonian simulation, including

Hamiltonian simplification and pruning, segmented execution, and

solution purification. Experiments demonstrate that Rasengan im-

proves the accuracy by 4.12× compared to SOTA QAOA [43] and

exhibits 379× improvement on real-world quantum platforms.
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1 Introduction
In the combination optimization field, constrained binary optimiza-

tion problems are to find the optimal value of decision variables that

can only take binary values (0 or 1), while subjecting to certain con-

straints [27]. These problems are extensively applied in fields such

as resource allocation [13], route optimization [16], engineering

planning [31], and financial investment [5]. Since constrained bi-

nary optimization problems are typically NP-hard [2], the time and

space complexity to find the exact optimal solution using classical

computers increase exponentially with problem size.

Quantum computing, with its unique capabilities such as su-

perposition and entanglement, has demonstrated its advantage

for certain computational tasks theoretically [26, 35]. With the

rapid advancement of quantum hardware, quantum computing

is showing unprecedented potential in addressing combinatorial

optimization problems. In particular, as a type of hybrid quantum-

classical algorithm, variational quantum algorithms (VQAs) have

become outstanding in the NISQ era [38, 44] for their relatively

high deployability. They encode binary variables by qubits and

create a gate-model circuit to parameterize the distribution of pos-

sible solutions [4, 22, 24, 39]. The circuit then can be deployed to

quantum devices, like superconducting, ion trap, and neural atom
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Table 1: VQA designs for constrained binary optimization.

Penalty-term-based [39] Hamiltonian-based

Methods HEA [24]

(Nature’17)

Frozen-Q[3]

(ASPLOS’23)

Red-QAOA[40]

(ASPLOS’24)

Choco-Q [43]

(HPCA’25)

Rasengan

Feature hardware

efficient

frozen qubit

energy

preservation

commute

Hamilt.

transition

Hamilt.

Output
state superposition state involved with poor solutions basis state

ARG (↓) 1100 ∼1000 7.27 0.70

Latency 702 ms ∼300 ms 445 ms 144 ms

* The latency includes the classical and quantum parts, without data communication

time. The execution time is based on the IBM Quebec model [11].

platforms. The classical includes an optimizer to iteratively tune the

parameters of the circuit until converging to the optimal objective.

The VQAs for constrained binary optimization can be categorized

into hardware-efficient ansatz (HEA) [24], and quantum approx-

imate optimization algorithm (QAOA) [15, 41, 44]. The circuit of

HEA contains repeated layers of native rotation gates and entan-

gling gates. This adaptive structure makes it hardware-efficient in

NISQ devices. QAOA framework alternatively applies the evolu-

tion unitary of an objective Hamiltonian and a mixer Hamilton-

ian, adjusting the evolution time of each Hamiltonian to search

for the optimal solution. In particular, penalty-term-based QAOA

(P-QAOA) [3, 4, 39, 40] inserts the constraints into the objective

Hamiltonian as penalty terms. While, commute-Hamiltonian-based

QAOA (Choco-Q) [22, 29, 43] embeds the constraints by designing

the mixer Hamiltonian to commute with constraints.

Table 1 summarizes the features and metrics of prior VQA de-

signs, tested on the set covering problem [8] using a 12-qubit noise-

free simulator. Here, we use the approximation ratio gap (ARG),

which quantifies solution quality as the gap between the algorithm’s

output and the optimum, with lower values indicating better perfor-

mance. We observe that previous methods inevitably encounter the

dilemma between accuracy and latency. Specifically, penalty-term-

based approaches exhibit inferior performance, with around one

thousand ARG, making it essentially impossible to reach the opti-

mum. Even with advanced QAOA optimization techniques, such as

FrozenQubits [3] to reduce circuit depth and Red-QAOA [40] for

optimizing initial parameters, the penalty-based method remains

ineffective due to its limited capability in enforcing constraints.

On the other hand, though existing Hamiltonian-based QAOA like

Choco-Q [43] achieve a better ARG, they incur higher costs in en-

coding specialized mixer Hamiltonians, leading to greater circuit

depth and latency.

Both QAOA and HEA face inherent expressivity limits and can-

not reliably converge to a single target basis state. They achieve

the feasible solution space by iteratively shrinking the search space,

leaving the final state as a superposition of good and poor solu-

tions, which degrades quality. QAOA is based on the discretized

form of adiabatic quantum computation [15]. Theoretically, it re-

quires an infinitely deep circuit to fully realize adiabatic evolution

so that it can shrink to the feasible solution space. HEA creates a

superposition state using parameterized rotation gates, followed by

entangling gates to determine the direction of search space restric-

tion. To enhance expressibility, HEA necessitates multiple layers of

repetition. However, since the feasible solution space occupies only

a small fraction of the entire quantum state space (e.g., 72/4096 in

the case used in Table 1), this shrinking process demands significant

circuit depth to maintain accuracy.

In this paper, we propose Rasengan, a high-precision and low-

complexity algorithm for solving the constrained binary optimiza-

tion problem. Understanding that traditional VQAs rely on global

superposition to exhaustively explore and shrink the search space

with tremendous non-feasible solutions, we inversely design the

algorithm that expands the search space from one arbitrary feasible

solution. In linear algebra, a single feasible solution can span the

full solution space via homogeneous basis vectors. Building on this

insight, we propose the transition Hamiltonian to exponentially

construct the accurate space with feasible solutions. Such expan-

sion is able to cover all feasible solutions and keep the space only

containing the feasible solutions. Different from prior algorithms

that output a superposition state entangled with poor solutions,

Rasengan has a much higher probability of identifying the optimal

solution in a basis state.

Then, we propose three algorithm-hardware codesign optimiza-

tions to improve the deployment on current noisy quantum hard-

ware. First, we reconstruct the homogeneous basis to simplify the

transition Hamiltonians and prune redundant those that contribute

to no expansion of the feasible solution space. Second, we intro-

duce a segmented execution strategy that partitions the sequence of

transition Hamiltonians into segments and executes the segments

individually. Finally, we employ an error mitigation technique by

purifying the noisy solutions after each segment and removing the

infeasible ones.

Overall, the contributions of this work are as follows:

• We propose a novel and deployable variational quantum

algorithm to solve constrained binary optimization. Leverag-

ing transition Hamiltonian, our design can cover all feasible

solutions (noise-free) with low circuit complexity.

• We propose a series of optimization techniques to improve

the deployability and accuracy in noisy hardware. The cir-

cuit depth is reduced from ∼7000 to ∼50, making Rasengan

deployable on modern quantum platforms.

• We conduct rigorous experiments on simulators and real-

world quantum devices. Rasengan shows notable improve-

ment in both accuracy and latency compared to prior works.

At the algorithmic level, across 2000 cases from five domains, Rasen-

gan increases the accuracy by 4.12× and reduces the circuit depth by
1.96× compared to the state-of-the-art prior works. On real-world

quantum hardware, Rasengan is the first quantum algorithm to beat

the mean quality of feasible solution baseline in our test, achiev-

ing a 379× improvement. Besides, our Hamiltonian simplification

and pruning, and probability-preserving segmented execution tech-

niques reduce the circuit depth by over 94.6%. Our error mitigation

technique improves the accuracy by more than 303×. Rasengan is

publicly available on https://github.com/JanusQ/rasengan.

2 Background
2.1 Constrained Binary Optimization
The constrained binary optimization problem optimizes an objec-

tive function while satisfying specified constraints. The objective

2
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(b) VQA algorithm workflow

optimized parameters

parametrized

quantum  circuit

classical

optimizer

measurement results

(d) Penalty-based QAOA

encode constraints as penalties 
in the objective Hamiltonian.

H
H
H
H
H

...
obj Ham.

feasible 
solution

(e) Commute Hamiltonian-based QAOA

encode hard constraints 
in the mixer Hamiltonian
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X

...
X
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(c) Hardware efficient ansatz

mixer Ham.obj Ham.

objective solution

constraints

feasible solution     satisify              , where
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 (a) Constrained binary optimization

Figure 1: The constrained binary optimization problems and
the variational quantum algorithms for solving it.

function takes binary variables as inputs and returns a scalar. The

constraints are expressed as linear equalities or inequalities. The

inequality constraints can be transformed into equality using auxil-

iary binary variables. Mathematically, the problem can be formu-

lated as follows:

min

®𝑥
or max

®𝑥
𝑓 ( ®𝑥 ), ®𝑥 = {𝑥1, 𝑥2, · · · , 𝑥𝑛 }

𝑠.𝑡 . 𝐶 ®𝑥 = ®𝑏, ®𝑥 ∈ {0, 1}⊗𝑛
(1)

Where 𝐶 is the matrix representing the coefficients of the equality

constraints, and
®𝑏 is a constant vector representing the constraint

bounds. In the constrained optimization, if ®𝑥∗ satisfies the con-

straints, i.e.,𝐶 ®𝑥∗ = ®𝑏, then ®𝑥∗ is called a feasible solution. Figure 1 (a)
gives an example with five variables and two constraints.

By softly embedding the constraints through penalty terms, the

problem can be transformed into an unconstrained binary optimiza-

tion form:

min

®𝑥
or max

®𝑥
𝑓 ( ®𝑥) + 𝜆∥𝐶 ®𝑥 − ®𝑏∥

where 𝜆 is the penalty coefficient that indicates the strength of the

penalty.

2.2 Variational Quantum Algorithms
Variational quantum algorithms (VQAs) are a class of hybrid quantum-

classical algorithms [32]. As shown in Figure 1 (b), VQAs use pa-

rameterized quantum circuits to harness quantum parallelism, and

update parameters via a classical optimizer to reach the optimal

objective. There are several VQAs for solving constrained binary

optimization problems, including hardware efficient ansatz (HEA)

[24] and the quantum approximate optimization algorithms (QAOA)

[44]. Figure 1 (c) gives the quantum circuit of HEA, which is de-

signed for NISQ devices. It contains repeated layers of native local

rotations like Rotation-Z (𝑅𝑍 ), and Rotation-Y (𝑅𝑌 ) gates and entan-

gling operations like Control-X (CX) gate. These gate operations

are organized according to the hardware topology, making HEA

suitable for current NISQ devices. QAOA takes the discretized form

of adiabatic quantum computing for quantum circuit construction.

It alternates the time evolution of the objective Hamiltonian and

the mixer Hamiltonian. The objective Hamiltonian encodes the

objective function and the mixer Hamiltonian explores the solution

space. QAOA then adjusts the evolution time parameters by the

classical optimizer to approach the optimal solution.

Native QAOA, where its mixer Hamiltonian is a layer of Rotation-

X (𝑅𝑋 ) gates, can only handle unconstrained problems. For con-

strained problems, there are mainly two extensions. One is the

penalty-term-based QAOA [4, 39], where the constraints are en-

coded by incorporating penalty terms into the objective Hamil-

tonian (𝐻𝑜
), as shown in Figure 1 (d). Another is the commute-

Hamiltonian-based QAOA [22, 29], which designed a new mixer

Hamiltonian (𝐻𝑚
) to encode the constraints, as shown in Fig-

ure 1 (e). The new mixer Hamiltonian must commute with the

constraints operators, and the initial state needs to be prepared as

one feasible solution. By the two conditions, commute-Hamiltonian-

based QAOA ensures that all output quantum states satisfy the

constraints.

At the end of the circuit in VQA, we perform measurements

to obtain the basis state, which can also be represented by a bi-

nary vector ®𝑣 . If ®𝑣 is a feasible solution, then we can also call the

corresponding basis state a feasible state.

2.3 Hamiltonian Simulation
The Hamiltonian in the QAOA circuit is implemented by Hamilton-

ian simulation that uses quantum computers to simulate the time

evolution of a physical system under a Hamiltonian. Fundamen-

tally, the Hamiltonian describes the energy landscape of the system,

which controls the quantum state evolution by Schrödinger’s equa-

tion:

|𝜓 (𝑡)⟩ = 𝑒−𝑖𝐻𝑡/ℏ |𝜓 (0)⟩ ,

where |𝜓 (𝑡)⟩ is the quantum state at time 𝑡 , 𝐻 is the Hamiltonian,

ℏ is the reduced Planck constant, and |𝜓 (0)⟩ is the initial state. We

can see that the time evolution operator 𝑒−𝑖𝐻𝑡/ℏ
is responsible for

the transformation between two quantum states. In particular, by

applying the Taylor expansion to the time evolution operator, one

can derive that if the Hamiltonian 𝐻 satisfies 𝐻2 |𝜓 (0)⟩ = |𝜓 (0)⟩,
the time evolution simplifies to:

|𝜓 (𝑡 ) ⟩ = cos

( 𝑡
ℏ

)
𝐼 |𝜓 (0) ⟩ − 𝑖 sin

( 𝑡
ℏ

)
𝐻 |𝜓 (0) ⟩ . (2)

This equation indicates that the quantum state after time evolution

is a superposition of two parts: the first part 𝐼 |𝜓 (0)⟩ maintains the

initial state, while the second part𝐻 |𝜓 (0)⟩ applies the Hamiltonian

𝐻 to the initial state. The amplitudes of the two parts are determined

by the cosine and sine functions, respectively, related to the time

parameter 𝑡 .

3 Algorithm Design
Existing variational quantum algorithms are limited by either the de-

ployability on noisy devices or the poor accuracy due to insufficient

searching. For example, HEA facilitates hardware implementation

by sacrificing the expressivity in the solution space, making it dif-

ficult to effectively capture the target quantum state. In contrast,

3
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prior VQAs: Shrink the complete space

Rasengan: Expand the feasible space

difficult to manage constraints

easily trapped in 
suboptimal solutions

start from a feasible solution

starting from a superposition of all basis states

always stay within the 
feasible solution space

evolution between 
feasible states

final satisfy constraint

(small portion)

violate constraint

(large portion)

search space

probability 

qu
al

ity

optimalgenerate a superposition 

generate a basis state

cover all 
feasible state

Figure 2: Methodology comparison between prior VQAs and
Rasangen, regarding solution space exploration.

QAOA features a discretized form of adiabatic quantum compu-

tation and alternates between the objective Hamiltonian and the

mixer Hamiltonian, requiring exhaustively searching the solution

space until reaching high accuracy.

Fundamentally, both HEA and QAOA try to shrink the search

space, starting from a superposition of all basis states and grad-

ually locating the feasible solution space, as shown in Figure 2.

Furthermore, since the feasible solution space constitutes only a

small fraction of the total search space, the shrinking scheme is

inefficient and prone to trapping in suboptimal solutions (see large

purple-red points in Figure 2). Ideally, the quantum algorithm should
collapse the quantum state to the optimal solution. However, as the
space of HEA and QAOA is much larger than the feasible solution

space and exhibits low expressivity, the final state often turns out

to be a superposition with poor solutions, degrading output quality.

To perfectly form the feasible solution space, we design the

quantum algorithm inversely. Instead of shrinking the space, our

key insight lies in the expansion of the space growing out of one

feasible solution. Clearly, we need to ensure that 1) each expansion

should keep the space only containing the feasible solutions, 2) the

final space after expansion should cover all feasible solutions so

that we can find the optimal ones. To this end, we formulate the

expansion-based quantum algorithm using the general solution

theory of linear algebra.

As shown in Figure 3 (a), for a system with linear constraints

𝐶 ®𝑥 = ®𝑏, one feasible solution can be derived from another feasible

solution by accumulating with the linear combination of homoge-

neous basis {®𝑢} [21], where ®𝑢 is the solution of equation𝐶 ®𝑢 = ®0. In
other words, given a feasible solution ®𝑥𝑝 that meets 𝐶 ®𝑥𝑝 = ®𝑏, any
feasible solution ®𝑥𝑔 can be calculated as:

®𝑥𝑔 = ®𝑥𝑝 + ®𝑢, ∀ 𝐶 ®𝑢 = ®0 (3)

For example, consider the case shown in Figure 1 (a), in which

𝐶 =

[
1 1 −1 0 0

0 0 1 1 −1

]
, ®𝑏 =

[
0

1

]
, ®𝑥𝑝 =

[
0, 0, 0, 1, 0

]𝑇
.

Solving 𝐶 ®𝑢 = 0 yields the homogeneous basis:

®𝑢1 = [−1, 1, 0, 0, 0]𝑇 , ®𝑢2 = [−1, 0,−1, 1, 0]𝑇 , ®𝑢3 = [1, 0, 1, 0, 1]𝑇 (4)

Thus, by leveraging the span of the homogeneous basis and kick-

ing out non-binary strings (e.g., [−1, 0,−1, 2, 0]), we can obtain all

feasible solutions:

®𝑥2 = ®𝑥𝑝 − ®𝑢2 = [1, 0, 1, 0, 0]𝑇 , ®𝑥4 = ®𝑥𝑝 − ®𝑢2 + ®𝑢1 = [0, 1, 1, 0, 0]𝑇 ,

®𝑥3 = ®𝑥𝑝 + ®𝑢3 = [1, 0, 1, 1, 1]𝑇 , . . .

transition Hamiltonian:basis vector:

(b) Transition Hamiltonian for homogeneous basis operations.

(c) The transition Hamiltonian simulations exponentially expands the entire 
solution space.


in
iti

al
iz

at
io

n

size of

(a) The linear combination of basis vectors spans the entire solution space.


general solution

?

?

?
?

?

?

??

size of

Figure 3: Applying Transition Hamiltonian to precisely ex-
plore the entire space of feasible solutions.

That is to say, the homogeneous basis {®𝑢} can generate the entire
feasible solution space with one feasible solution ®𝑥𝑝 calculated in

advance. Building upon this, we introduce a transition mechanism

that effectively navigates the feasible solution space by leveraging

the properties of the homogeneous basis.

3.1 Transition Hamiltonian Formulation
The expansion mechanism provided by the homogeneous basis

suggests a natural way to explore the feasible solution space, lever-

aging quantum parallelism. The classical version relies on explicit

linear combinations, while quantum computing offers an alternative

through Hamiltonian simulation, which can create superposition

states and exponentially accelerate space expansion. The key chal-

lenge is: 1) ensuring that the quantum state evolution remains

confined within the feasible solution space, as directly applying

Hamiltonian simulation could lead to wrong solutions that violate

problem constraints; 2) the search space should record every feasi-

ble solution during the expansion, e.g., both ®𝑥𝑝 and ®𝑥𝑔 should be

kept.

To address challenge 1), we utilize the inherent property that

adding or subtracting a homogeneous basis vector to a feasible

solution always yields another feasible solution. In the left part

of Figure 3 (b), a feasible solution ®𝑥𝑝 produces another feasible

solution ®𝑥𝑔 by combining with a homogeneous vector ®𝑢 = ®𝑥𝑔 − ®𝑥𝑝 .
Following Equation 3, we propose the transition Hamiltonian that

operates just like the homogeneous basis expansion. Concretely,

the transition Hamiltonian is designed to evolve one feasible basis

state into another while meeting the linear constraints. In the right

part of Figure 3 (b), a feasible solution |𝑥𝑝 ⟩ under the operator

4
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of 𝐻𝜏 (®𝑢) evolves to another feasible solution |𝑥𝑔⟩. More generally,

given two feasible quantum basis states |𝑥𝑝 ⟩ and |𝑥𝑔⟩, the transition
Hamiltonian 𝐻𝜏 (®𝑢) enables their mutual conversion:

𝐻𝜏 (®𝑢) |𝑥𝑝 ⟩ = |𝑥𝑔⟩ , 𝐻𝜏 (®𝑢) |𝑥𝑔⟩ = |𝑥𝑝 ⟩ (5)

For challenge 2), according to Equation (5), we have𝐻𝜏 (®𝑢)2 |𝑥𝑝 ⟩ =
|𝑥𝑝 ⟩. Together with the Hamiltonian simulation in Equation (2), the

output state after applying transition Hamiltonian to |𝑥𝑝 ⟩ is:

𝑒−𝑖𝐻
𝜏 ( ®𝑢 )𝑡 |𝑥𝑝 ⟩ = cos(𝑡) |𝑥𝑝 ⟩ − 𝑖 sin(𝑡) |𝑥𝑔⟩ (6)

We can see that both |𝑥𝑝 ⟩ and |𝑥𝑔⟩ are kept after conducting the

Hamiltonian simulation 𝑒−𝑖𝐻
𝜏 ( ®𝑢 )𝑡

on |𝑥𝑝 ⟩. In other words, the

Hamiltonian simulation of the transition Hamiltonian enlarges the

feasible solution space through superposition. As shown in Fig-

ure 3 (c), instead of enumerating all 2
3 = 8 linear combinations

of three homogeneous basis vectors individually, we only need to

perform three simulations of transition Hamiltonians to generate a

superposition of all feasible solutions, thereby achieving an expo-

nential expansion of the solution space. Next, we give the formal

definition of the transition Hamiltonian.

Definition 1. Transition Hamiltonian. Considering two fea-
sible basis states |𝑥𝑝 ⟩ and |𝑥𝑔⟩, with their distance equals to the
homogeneous basis vectors ®𝑢 = ®𝑥𝑔 − ®𝑥𝑝 , the transition Hamiltonian
is defined as:

𝐻𝜏 (®𝑢) =
𝑛⊗
𝑖=1

𝜎

(
𝑢𝑖
)
+

𝑛⊗
𝑖=1

𝜎

(
−𝑢𝑖

)
®𝑢 =


𝑢1

.

.

.

𝑢𝑛

 , 𝜎

(
𝑢𝑖
)
=


𝜎+, 𝑢𝑖 = 1

𝜎−, 𝑢𝑖 = −1
𝐼 , 𝑢𝑖 = 0

(7)

where 𝜎+ and 𝜎− are the raising and lowering operators [12].

The number of transition Hamiltonians is equal to the number

of homogeneous basis vectors. We then demonstrate that finite

transition simulations can cover all feasible solutions that satisfy

the constraints.

Theorem 1. We assume that there are𝑚 transition Hamiltonians
derived from the linear constraints. For totally unimodular matrices,
given one feasible solution, repeating Hamiltonian simulations of
these𝑚 transition Hamiltonians for𝑚 times (𝑚2 in total) can cover
all feasible solutions. For more complex cases, the upper bound is𝑚3.

Proof. Any feasible solution ®𝑥𝑔 can be expressed as the linear

combination of homogeneous basis {®𝑢} with one pre-calculated

feasible solution ®𝑥𝑝 .

®𝑥𝑔 = ®𝑥𝑝 +
𝑚∑︁
𝑘=1

𝑎𝑘 ®𝑢𝑘 (8)

where 𝑎𝑘 ∈ {−1, 0, 1} and ®𝑢𝑘 ∈ {−1, 0, 1}⊗𝑛 since the homogeneous

basis vectors are linearly independent and the constraints of ®𝑥𝑝 and

®𝑥𝑔 are binaries. Thus, the entire feasible space can be generated by

permuting the subsets of the homogeneous basis {®𝑢}.
According to Equation (7), we can demonstrate that, for the

quantum state |𝜑⊥⟩ that turns to be a non-binary state after its

vector adding or subtracting ®𝑢, the transition Hamiltonian will

X

one feasible solution

constraint equation 

initialization transition Hamiltonian simulation

... ... ...

size of

n-qubits controlled phase gates

H HX X

X
X X XX

X

circuit of each

nonzero elements in#CX ~ 34

homogeneous basis

Figure 4: Circuit implementation for transition Hamiltonian.
This example is consistent with Figure 1 (a) and Equation (4).

change |𝜑⊥⟩ to 0. In other words, by expanding the Taylor series,

the transition Hamiltonian simulation keeps |𝜑⊥⟩ the same:

𝐻𝜏 (®𝑢) |𝜑⊥⟩ = 0

⇒𝑒−𝑖𝐻
𝜏 ( ®𝑢 )𝑡 |𝜑⊥⟩ = |𝜑⊥⟩

During evolution, the transition Hamiltonian generates new fea-

sible solutions by adding or subtracting homogeneous basis vectors.

For totally unimodular matrices, enumerating all permutations of

transition Hamiltonians suffices to cover the entire feasible space,

which can be achieved by repeating the𝑚 basis vectors for𝑚 rounds.

For more complex matrices, a single enumeration yields one effec-

tive application of a basis vector, and 𝑚 such enumerations are

sufficient to cover all feasible solutions. □

Theorem 1 demonstrates the high expressivity that ensures the

coverage of the entire feasible space via transition Hamiltonians.

According to Equation (6), the amplitude of each feasible solution

is parameterized by the evolution time.

pr
ob

ab
il
it
y

100%

0%

This means, by setting simulation times 𝑡 , the quantum state can be

a basis state of |𝑥𝑔⟩ or |𝑥𝑝 ⟩. Considering that the final optimal solu-

tion is also a basis state, theoretically, we can tune the simulation

time to locate the optimal feasible solution. Unlike prior methods

that always keep in the superposition state that may involve poor

solutions, our algorithm shows a higher probability of evolving to

the optimal solution.

3.2 Circuit Implementation
Figure 4 illustrates the circuit design to implement the transition

Hamiltonian simulation. The initialization is set by one arbitrary

feasible solution. Then, the Hamiltonian simulation of 𝑚 tran-

sition Hamiltonians 𝐻𝜏 (®𝑢), defined by Equation (7), are sequen-

tially repeated for 𝑚 times, resulting in 𝑚2
transition operators

𝜏 (®𝑢, 𝑡) = 𝑒−𝑖𝐻
𝜏 ( ®𝑢 )𝑡

.

We prove that the transition operator 𝜏 (®𝑢, 𝑡) can be equally

decomposed as a symmetrical circuit structure with two multi-

controlled phase gates, as shown in Figure 4. Mathematically, this

decomposition ensures the linear complexity that contains 34𝑘 CX

gates, where 𝑘 is the number of nonzero elements in ®𝑢 [20]. As

5
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Algorithm 1: Hamilontian simplification

Input :Homogeneous basis𝑈 = { ®𝑢1, ®𝑢2, · · · , ®𝑢𝑚 }, where
®𝑢𝑖 ∈ {−1, 0, 1}⊗𝑛 .

Output :Reconstructed homogeneous basis𝑈 ′ with fewer nonzero

elements.

1 isValid( ®𝑢 ) : Checks if vector ®𝑢 ∈ {−1, 0, 1}⊗𝑛 .
2 nonZero( ®𝑢 ) : the number of nonzero elements in ®𝑢.
3 𝑈 ′ ← 𝑈

4 for 𝑖 ← 1 to |𝑈 ′ | do
5 for 𝑗 ← 𝑖 + 1 to |𝑈 ′ | do
6 ®𝑢

add
← ®𝑢𝑖 + ®𝑢 𝑗 ,®𝑢sub ← ®𝑢𝑖 − ®𝑢 𝑗

7 if isValid(®𝑢add) and nonZero(®𝑢add) < nonZero(®𝑢𝑖 ) then
8 ®𝑢𝑖 ← ®𝑢add
9 if isValid(®𝑢sub) and nonZero(®𝑢sub) < nonZero(®𝑢𝑖 ) then
10 ®𝑢𝑖 ← ®𝑢sub
11 return𝑈 ′

𝑘 is always less than or equal to the number of variables 𝑛, the

upper-bound number of CX gates is 34𝑛𝑚2
. Such a polynomial cost

in circuit depth makes the transition Hamiltonian suitable for hard-

ware deployment. More importantly, compared to the QAOA, which

incurs a high cost encoding the objective Hamiltonian for higher-

order objective problems, the transition Hamiltonian framework

eliminates the need for such encoding, offering greater generality.

4 Circuit Optimization
Although the transition Hamiltonian shows better deployability

and generality, the quadratic circuit depth still faces challenges on

NISQ devices. For example, solving a graph coloring problem with

24 variables results in ∼ 7000 circuit depth, greatly exceeding real-

world quantum platforms’ executable depth (∼ 100). To squeeze

the circuit depth, we first try to reduce the number of non-zeros in

®𝑢 and prune the redundant transition Hamiltonian. In Section 4.1,

we propose to replace the original homogeneous basis vectors with

their linear combinations, guided by a greedy algorithm. And the

transition Hamiltonian that leads to no expansion of the feasible

solution space is pruned. After this, the circuit has around 1000

depth. Furthermore, in Section 4.2, we adopt a segmented execu-

tion strategy that groups several transition Hamiltonians into a

segment and executes the segment individually. Following this, the

circuit depth is reduced to ∼ 50, which is deployable on current

quantum devices. Finally, we employ an error mitigation technique

to improve the solution quality, which purifies the noisy outputs

from each segment (Section 4.3).

4.1 Hamiltonian Simplification and Pruning
Hamiltonian simplification. According to Section 3.2, the com-

plexity of decomposed transition Hamiltonian simulation is linear

with the number of nonzero elements in the homogeneous basis

vectors. Arithmetically, the number of total nonzero elements may

be reduced by choosing another set of basis vectors, calculated

from the linear combinations of the original ones. And the trans-

formation of basis vectors still exposes the entire feasible solution

space. To simplify the Hamiltonian decomposition, we introduce

a greedy-based algorithm to identify a suitable basis that brings

fewer nonzero elements, as shown in Algorithm 1.

: nonzero element

reduce 3 - 2 = 1 control bit

lower coupling

decomposition decomposition

reduce 34 CX gates

Figure 5: Hamiltonian simplification by reducing the number
of nonzero elements in the homogenous basis vectors.

no transition effect

...

redundant

the entire solution space 
has been covered

superposition of all 
feasible solutions 

redundant

no new feasible solution

#solutions: 5 ...

...
5 5311 2 5

(a) Pruning the Hamiltonian that introduces no new feasible solution 


(b) Early stop after m consecutive invalid Hamiltonians

the effect of      and      are both applying    

...... ...
application:

no new solution emerge no check required

chain:

Figure 6: Pruning redundant transition Hamiltonian that
leads to no space expansion of feasible solution.

Specifically, the algorithm iterates over all pairs of homogenous

basis vectors (lines 4-5), exhibiting a time and space complexity of

𝑂 (𝑚2). For each pair (®𝑢𝑖 , ®𝑢 𝑗 ), two candidate vectors, ®𝑢
add

and ®𝑢
sub

,

are generated by addition and subtraction operation (line 6). We

then discard the resulting vectors that fall outside the valid homoge-

neous basis space {−1, 0, 1}⊗𝑛 , and select the vector with the fewest
nonzero elements to replace ®𝑢𝑖 . Since each vector regeneration step

has a complexity of 𝑂 (𝑛), the overall complexity of Algorithm 1 is

𝑂 (𝑚2𝑛). Figure 5 provides an example of the Hamiltonian in Figure

4. By adding the basis vector ®𝑢3 =
[
1, 0, 1, 0, 1

]
to the basis vector

®𝑢2 =
[
−1, 0,−1, 1, 0

]
, it generates a new vector ®𝑢∗

2
=

[
0, 0, 0, 1, 1

]
,

which only has two nonzero elements. Since the original basis vec-

tor ®𝑢2 has three nonzero elements, we replace ®𝑢2 with ®𝑢∗
2
. Under

the new basis vectors, two 3-controlled phase gates are simplified

to two 2-controlled phase gates, thereby reducing 34 CX gates.

Hamiltonian pruning. Theorem 1 guarantees that𝑚2
transi-

tion Hamiltonians simulations are able to cover all feasible solutions.

We observe that some of them are redundant, contributing to no

expansion of the feasible solution space, and can be skipped. Taking

Figure 6 (a) as an example, there are nine transition Hamiltonians

in total with𝑚 = 3. The first transition Hamiltonian simulation 𝜏1
does not bring any new feasible solution, making it a redundant

Hamiltonian. And after the simulation of the next three transition

Hamiltonians (𝜏2, 𝜏3, 𝜏4), all five feasible solutions have been fully

explored, leaving the subsequent Hamiltonians unnecessary.

By executing the circuit𝑚2
times, we measure the intermediate

output and locate the redundant Hamiltonians, where we remove

the Hamiltonian if its simulation does not yield a new basis state.

Actually, we can eliminate the tail oncewe detect that𝑚 consecutive

6
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3rd segment: total shots = 1000

shots

shots

shots

1st segment: 

total shots = 100

2ed segment: 

total shots = 100

shots = 70 

shots = 30 

segmented execution 

dynamic shot configuration
execute more shots for larger space

Figure 7: Segmented execution. The state with a higher prob-
ability takes more execution shots in the following segment.

Hamiltonian simulations fail to produce new basis states, namely

early stop. For example, in Figure 6 (b), we find that the sequence [ 𝜏5,

𝜏6, 𝜏7 ] cannot generate new feasible solutions, the rest Hamiltonian

simulation [𝜏8, 𝜏9] will be stopped. Note that the complexity of

detecting the redundant Hamiltonian is 𝑂 (𝑚2). But this is a one-
shot process that we can get the redundancy off-line and use this

information during VQA training.

4.2 Segmented Execution
After the Hamiltonian simplification and pruning, the circuit depth

is reduced from ∼ 10
4
to ∼ 10

3
, which is still beyond the capability

of modern NISQ devices. For instance, solving a graph coloring

problem with 24 variables gives rise to a 1008-depth circuit. In

the design of variational quantum algorithms, the optimizer up-

dates the parameter guided by the probability distribution from the

previous iteration [9]. Unlike traditional QAOAs that apply Hamil-

tonian simulation to discretely approximate adiabatic evolution,

our transition Hamiltonian expands the feasible solution space and

distributes the probability to these feasible solutions. Therefore, it

exposes the opportunity to partition the transition Hamiltonian se-

quence and individually execute them by preserving the probability

information in each part.

Based on this property, we partition transition Hamiltonians into

multiple segments, with each segment having less circuit depth. The

output probability from one segment is sent to the next segment as

input, where the state with higher probability takes more execution

shots in the following segment. For example, in Figure 7, the output

of the first segment consists of |𝑥1⟩ and |𝑥2⟩, with 70% and 30%

measurement probability, respectively. Thus, the execution of the

second segment takes 70 shots with |𝑥1⟩ as input, and 30 shots with
|𝑥2⟩ as input. Besides, the number of shots for each segment can be

dynamically configured to balance the trade-off between execution

overhead and solution quality. For example, in Figure 7, the number

of shots for the third segment is increased by a factor of 10, which

exhibits higher precision to preserve the probability information.

This trade-off is validated experimentally, favoring more transition

Hamiltonians per segment within the decoherence time.

By leveraging segmented execution, each minimal execution

circuit depth corresponds to a single transition Hamiltonian simu-

lation. This decomposition reduces the two-qubit gate depth from

34𝑛𝑚2
, as described in Section 3.2, to 34𝑛. To achieve an equivalent

optimization effect as circuit merging, it suffices to apply a column

of X gates to transform the initial state of the current segment into

the feasible solution generated by the previous segment. The short

 means infeasible solution

re-assign the execution shots
execution shots = feasible probability     total shots

...

...

...

pu
ri

fic
at

io
n

shots  

shots 1st segment:

total shots = 100

remove

pu
ri

fic
at

io
n

execute more shots when the error rate is higher
2ed segment

Figure 8: Error mitigation by purifying the noisy solution
that does not meet the constraints 𝐶 ®𝑥 = ®𝑏.

execution depth and low partitioning overhead make Rasengan’s

synthesized circuits more manageable.

4.3 Error Mitigation by Purification
Except for compressing circuit depth, the error mitigation technique

is an orthogonal optimization for improving deployability. In terms

of the transition Hamiltonian, the noise error may navigate the

simulation to explore incorrect solutions, gradually destroying the

feasibility of the entire solution space. To tackle this, we introduce a

purification layer between segments, which validates the solutions

after each segment and removes the wrong ones. As shown in

Figure 8, we detect that 𝐶 ®𝑥6 ≠ ®𝑏 and 𝐶 ®𝑥7 ≠ ®𝑏. Subsequently, the
purified probability distribution is used to determine the number

of shots for executing the next segment. For example, when the

second segment is configured with 200 shots, the number of shots,

with |𝑥1⟩ as input, is 60

100−20 × 200 = 150.

The purification is conducted in each iteration by checking the

equation 𝐶 ®𝑥 ≠ ®𝑏 after every segment. However, this checking

introduces little overhead compared to the overall VQA training

process as it is a matrix-vector multiplication that can be easily

accelerated on CPUs and GPUs. For a graph coloring problem with

24 variables, the classical part of training time per iteration is around

700 ms, while the purification takes only 0.05 ms on AMD CPU,

which only accounts for less than 0.01% of the total training time.

5 Evaluation
5.1 Experiment Setup
Benchmark.We evaluate Rasengan using five practical application

scenarios: the facility location problem (FLP) [14], 𝑘-partition prob-

lem (KPP) [6], job scheduling problem (JSP) [42], set cover problem

(SCP) [8], and graph coloring problem (GCP) [23]. For each bench-

mark, we compile 400 cases from relevant literature [6, 8, 14, 23, 42].

As an example, we use F1 to denote the first scale benchmark in

facility location problems. Table 2 summarizes the corresponding

number of variables (i.e., qubits) and constraints. To further as-

sess the complexity of the constraints, we analyze their topological

structure and present a visualization in the same table. In addition,

we compute the average node degree in the constraint topology

graph as a measure of constraint hardness.

Complexity of finding a feasible solution. For constrained
binary optimization problems, a feasible solution can often be con-

structed in linear time. For the facility location problem, opening

a single facility and assigning all demands to it yields a feasible

7
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Table 2: Algorithmic evaluation on ARG, circuit depth, and the number of parameters under 20 benchmarks.

Benchmark
Facility location [14] K-partition [6] Job scheduling [42] Set covering [8] Graph coloring [23]

Improv.

F1 F2 F3 F4 K1 K2 K3 K4 J1 J2 J3 J4 S1 S2 S3 S4 G1 G2 G3 G4

#Variables (#Qubits) 6 15 21 28 8 15 18 21 7 10 14 18 9 12 16 20 12 15 20 24

#Constraints 3 8 12 15 6 8 9 10 4 5 6 7 4 5 6 7 6 9 8 12

Initilization complexity 𝑂 (𝑑), 𝑑 : #demands 𝑂 (𝑒), 𝑒: #elements 𝑂 ( 𝑗), 𝑗 : #jobs 𝑂 (𝑠), 𝑠: #sets 𝑂 (𝑔), 𝑔: #graphs

Graph topology
of constraints

Average degree 2.42 5.10 6.71 8.68 3.75 6.50 7.75 9.00 3.07 4.05 5.78 7.05 4.55 5.63 7.22 8.69 4.25 5.30 6.55 7.75

#Feasible solutions 4 24 54 224 4 5 6 7 4 5 13 96 15 72 240 856 9 3 16 64

ARG

HEA 47.0 157 162 274 354 416 621 1120 65.8 194 193 403 943 1100 1423 1615 177 302 521 796 1954×
P-QAOA 51.4 119 119 194 346 371 493 1184 74.0 161 169 323 836 958 1256 1512 132 226 343 611 1897×
Choco-Q 0.10 0.50 0.36 0.57 0.32 0.95 1.39 3.50 0.06 0.42 0.54 0.74 3.94 7.27 22.1 26.2 0.22 0.61 1.10 1.53 4.12×
Rasengan 0.01 0.12 0.14 0.53 0.07 0.89 1.21 3.16 0.01 0.28 0.35 0.55 0.24 0.70 4.02 16.5 0.15 0.43 0.46 0.93 -

Circuit
Depth

HEA 46 91 121 156 56 91 106 121 51 66 86 106 61 76 96 116 76 91 116 136 1.96×
P-QAOA 87 148 174 207 175 250 285 324 110 136 170 194 220 283 390 481 259 310 745 791 6.58×
Choco-Q 507 1888 2688 3848 1324 3533 4396 5275 1082 2039 3137 4562 1079 1346 1969 2535 1879 1697 3207 3515 49.0×
Rasengan 34 49 58 58 85 87 87 87 56 69 66 72 29 27 24 22 54 64 40 56 -

#Param.

HEA 90 225 315 420 120 225 270 315 105 150 210 270 135 180 240 300 180 225 300 360 15.7×
P-QAOA 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 0.94×
Choco-Q 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 0.94×
Rasengan 3 26 53 65 4 8 33 38 4 7 22 28 11 22 49 100 8 6 26 18 -

1
P-QAOA: penalty-term-based QAOA [39]. Choco-Q: commute-Hamiltonian-based QAOA [43].

2
We choose the second scale of each problem (F2∼G2) to depict the graph topology and the degree is defined as the number of edges connected to the node.

solution in 𝑂 (𝑑), where 𝑑 is the number of demands. For the 𝑘-

partition problem, elements can be greedily assigned into boxes

based on capacity, resulting in a feasible solution in 𝑂 (𝑒), where 𝑒
is the number of elements. For the job scheduling problem, jobs can

be greedily allocated to machines based on their capacity in 𝑂 ( 𝑗),
where 𝑗 is the number of jobs. For the set cover problem, selecting

all available sets guarantees coverage of all elements, which takes

𝑂 (𝑠), where 𝑠 is the number of sets. For the graph coloring problem,

assigning a unique color to each graph instance provides a trivial

feasible solution in 𝑂 (𝑔), where 𝑔 is the number of graphs.

Comparison.We compare Rasengan with previous VQAs that

support constrained binary optimization, including penalty-terms-

based QAOA (P-QAOA)[39], commute-Hamiltonian-based QAOA

(Choco-Q)[22], and hardware-efficient ansatz (HEA)[24]. For P-

QAOA, we integrate it with two state-of-the-art QAOA optimiza-

tion techniques, FrozenQubits [3] and Red-QAOA [40]. Specifically,

FrozenQubits aims to reduce the circuit depth and improve the qual-

ity of the solution, while Red-QAOA optimizes initial parameters. In

Choco-Q, we use the state-of-the-art unitary decomposition tech-

nique to decompose the mixer unitary. For HEA, we use the circuit

structure provided by Kandala et.al [24]. When designing HEA, we

introduce a penalty method to make the output satisfy the con-

straints as much as possible. For parameter updating, we use the

constrained optimization by linear approximation method [33] for

all baselines and Rasengan.

Platforms. We conduct several small-scale evaluations on two

IBMQ devices, including Kyiv platform and Brisbane platform with

127-qubit Eagle r3 type [11]. The simulation experiments and the

classical part are executed on an AMDEPYC 9554 64-core sever with

1T RAM. Since QAOA and HEA contain Rotation-X gates, we accel-

erate their simulation on one A100 GPU by CDUA-quantum [25].

Circuits of Rasengan only include X, control-X, and phase gates, so

we accelerate their simulation on the DDSim simulator [7, 45].

Evaluationmetrics. Following the approach of prior constrained
optimization solvers [39, 40], we employ the approximation ratio
gap (ARG) as an evaluation metric to measure the gap between

solutions generated by the algorithm and the optimal one. ARG is

defined as follows:

𝐴𝑅𝐺 =

����𝐸𝑜𝑝𝑡 − 𝐸𝑟𝑒𝑎𝑙𝐸𝑜𝑝𝑡

���� (9)

where 𝐸𝑜𝑝𝑡 is the objective function value of the optimal solution,

and 𝐸𝑟𝑒𝑎𝑙 is the objective function value of the solution generated

by the algorithm. Note that 𝐴𝑅𝐺 ∈ [0, +∞), with lower values indi-

cating better solution quality. We also consider the in-constraints

rate to evaluate the ability to incorporate the constraints. The in-

constraints rate is the probability that the output solutions satisfy

the constraints. When implementing on real-world devices, we

further evaluate the latency, including the compilation time for

Hamiltonian decomposition, circuit execution time, and the param-

eter updating time for iterative optimization.

5.2 Algorithmic Evaluation
In Table 2, we compare ARG, circuit depth, and the number of

parameters in a noise-free environment. We set the number of re-

peated layers to five for all baselines, including HEA, P-QAOA, and

Choco-Q, to enhance solving accuracy. The maximum number of

8
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iterations of parameter optimization is set to 300 to allow the opti-

mization process to converge to the lowest cost value. In conclusion,

Rasengan demonstrates significant advantages in ARG and circuit

depth across benchmarks. Though Rasengan requires 0.06× more

parameters than P-QAOA and Choco-Q, it is still significantly fewer

than HEA, ensuring its scalability and applicability in real-world

quantum hardware.

Evaluation on ARG. First of all, Rasengan achieves the small-

est ARG across benchmarks, highlighting the ability to adapt to

diverse problem domains. Specifically, it reduces ARG by 1954×
and 1897× compared to conventional approaches like HEA and

P-QAOA respectively, even by 4.12× compared to the best baseline

(Choco-Q). For small-size problems, Rasengan achieves ARG values

as low as 0.01 (F1), 0.07 (K1), and 0.01 (J1), outperforming HEA and

P-QAOA by orders of magnitude. Compared to Choco-Q, Rasengan

performs particularly well on GCP, which reduces ARG to 0.15 (G1)

and 0.93 (G4), while commute-based QAOA yields higher values.

Evaluation on circuit depth. While providing high-quality

solutions, Rasengan also achieves the smallest execution circuit

depth. Overall, Rasengan achieves around 1.96× ∼ 49.0× reduc-

tion of circuit depth compared to baselines. In particular, for FLP

benchmarks, Rasengan achieves depths of 34 (F1) and 58 (F4), while

Choco-Q has a depth of 3848 (F4). Such a reduction by up to 49×
demonstrates Rasengan’s deployability, particularly in today’s NISQ

devices that require shallow circuits to mitigate noise and errors.

We can observe that the circuit depth for larger-scale problems

does not increase and even decreases in some benchmarks. This is

because the number of homogeneous basis vectors will grow with

the problem scale. Rasengan employs Hamiltonian simplification

by basis transformation. More homogeneous basis vectors mean

more optimization opportunities, significantly reducing the circuit

depth of Rasengan.

Evaluation on the number of parameters. The number of

parameters represents the cost of classical computation, that is, the

complexity of optimizing the parameters, which is usually polyno-

mial [44]. As listed in Table 2, the number of parameters of HEA is

over 10× than the other three algorithms. This is because the HEA

applies as many parameters as possible to a single bit to achieve the

ability to characterize information within a shallow circuit. How-

ever, the other three assign parameters based on the number of

Hamiltonian simulations. Since we set P-QAOA and Choco-Q to

use five layers and each layer constrains two Hamiltonians, the

number of their parameters is always 10. Although Rasengan uses

more parameters in certain cases like the set covering problem, our

design achieves a good balance between the number of parameters

and solution accuracy, which is crucial for the practical scalability

of quantum computing.

Simulations with deeper QAOA layers. Rasengan features a

fixed circuit depth. While theoretically, QAOA can achieve better

algorithmic performance by increasing the number of layers [15].

Figure 9 compares QAOAs using different numbers of layers on the

F1 benchmark. The ARG of Choco-Q is close to Rasengan after 14

layers. However, the 14-layer Choco-Q necessitates a circuit depth

of 1419. On the other hand, Rasengan only takes 3 segments, with

each segment requiring 49 circuit depth. P-QAOA shows limited

improvement even with more layers. This is because the penalty

term can increase the non-convexity of the loss function, making

P-QAOA
Choco-Q
Rasengan

depth of the 14-layer Choco-Q = 1419

the total depth of Rasengan = 34    3 = 102

Figure 9: Evaluation of ARG using the different number of
QAOA layers.
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Figure 10: Scalability analysis on large-scale FLP problems.

the optimization more prone to local optima. These results demon-

strate that Rasengan outperforms other QAOAs in ARG, even if we

introduce deeper QAOA layers.

Application dependency. In Table 2, the number of feasible

solutions reflects the complexity of the solution space. Among all

benchmarks, SCP exhibits the fastest growth, with S4 having the

largest number of feasible solutions (856). On S4, all methods yield

higher ARGs exceeding 1, but Rasengan outperforms other VQAs,

demonstrating its superior performance in larger solution spaces.

Despite KPP having a smaller feasible space, its parameter count is

not the lowest. This is because its constraints span more qubits, and

the transition Hamiltonian involves the largest number of qubits,

making effective transitions harder to match. As a result, within

one 𝜏 cycle (with𝑚 transitions), only a small subset can respond

effectively. The strong dependency between Hamiltonian layers

also reduces the effectiveness of Hamiltonian pruning.

5.3 Scalability Analysis
Since the solution space generally grows with the problem size,

similar trends are observed in the number of segments, circuit

depth, and ARG. The FLP problem allows the construction of many

gradually increasing cases. Therefore, we evaluate the scalability of

Rasengan on large-scale FLP instances, with the number of variables

ranging from 6 to 105. To allow more thorough optimization for

9

772



MICRO ’25, October 18–22, 2025, Seoul, Republic of Korea Qifan Jiang, Liqiang Lu, Debin Xiang, et al.

1.10
100100

80

90

0.6
0.3
0.0

3.6 3.5
6.3

ARG of feasible solutions 100% satisfy constraint

3.6 4.2
8.2

HEA P-QAOA Choco-Q Rasengan

IBM-Kyiv IBM-Brisbane IBM-Kyiv IBM-Brisbane

0.23

96.9

379

12.2

(a) Average ARG. (b) Average in-constraints rate.

Figure 11: Evaluation on real-world quantum platforms.

larger-scale problems, we set the maximum number of iterations

to 1000.

Figure 10 (a) shows that the maximum number of segments

follows a quadratic relationship with the number of variables, as

proved in Theorem 1. With the application of Hamiltonian pruning,

the number of segments can be further reduced. The average circuit

depth compiled via Quebec is shown in Figure 10 (b). We can see

that the upper bound of circuit depth is around 3 × 10
3
. This is

because segmented execution can maintain a manageable circuit

depth, making it a promising approach for large-scale problems.

The minimum depth of each segment equals the depth of a single

transition Hamiltonian 𝜏 simulation circuit. For problems like FLP

and SCP, the number of qubits controlled by 𝜏 is constant due

to fixed-size constraints. As a result, the segment depth tends to

remain steady as the problem scales. In contrast, for problems like

GCP, 𝜏 involves more qubits as the problem grows, leading to an

increasing segment depth.

To further evaluate Rasengan on larger-scale FLP problems, we

conduct both noise-free and noisy simulations. The noise-free re-

sults are shown in Figure 10 (c). When solving an 78-qubit problem,

Rasengan achieves lower ARGs than 0.5, while Choco-Q on a 28-

qubit problem has a higher ARG than 0.5. The larger scalability of

Rasengan demonstrates the advantage of the expansion-based de-

sign. Figure 10 (d) shows the results under noise. When the problem

size exceeds 28 qubits, some segments fail to produce feasible solu-

tions due to high error rates. As a result, no valid state is available

for initializing the next segment, and the optimization terminates

early. However, when the segment depth remains shallow enough to

yield feasible solutions, Rasengan continues to perform effectively.

5.4 Evaluation on Real-world Platforms
We evaluate Rasengan on the IBM cloud platform with Kyiv and

Brisbane devices. Considering the large circuit depth of baselines

and the short decoherence time of these devices, we chose to imple-

ment the small-scale problems, including F1, K1, and J1 in Table 2.

We employ the same settings as Section 5.2. Considering the op-

erational cost of using IBM’s real quantum computers, we set a

maximum of 100 iterations. In practice, this setting is sufficient to

ensure the convergence of the algorithms.

Average ARG on different devices. Figure 11 (a) shows the av-
erage ARG of different algorithms on IBM-Kyiv and IBM-Brisbane

devices. Overall, Rasengan outperforms all prior works, achieving

at least 379× improvement. The ARG of prior works is even higher

than the average ARG of all feasible solutions, which means they

output too many unsatisfiable results in a noisy environment. The

la
te

nc
y(

s)

HEA P-QAOA Choco-Q Rasengan
classical part
quantum part

F1~G1 F2~G2 F3~G3 F4~G4 average

1.73

Figure 12: Latency breakdown of different methods.

circuit depth of Rasengan is less than 100, making Rasengan more

deployable inNISQ devices. Besides, Rasengan employs purification-

based error mitigation, which can ensure the output is always in-

side the constraints, avoiding invalid searching outside of the con-

straints. The two-qubit gate error rate of IBM-Kyiv is 1.2%, which

is 1.48× lower than IBM-Brisbane (0.82%). This difference aligns

with the results in Figure 11 (a), where the ARG of baselines on

IBM-Brisbane is relatively lower than that on IBM-Kyiv. However,

Rasengan is not afraid of the effects of increased noise. Even though

the error rate has increased by 1.48×, the ARG of Rasengan has

no visible change. This result reveals our robust performance on

different scales of noise.

Average in-constraints rate on different devices. The av-
erage in-constraints rate of different algorithms is represented

in Figure 11 (b). Obviously, by leveraging the error mitigation

with purification, Rasengan achieved a 100% in-constraints rate

in noisy devices. Although Choco-Q states that it can achieve a

100% in-constraints rate theoretically, the practical in-constraints

rate has declined to 6.3% in the IBM-Kyiv device. Even though the

in-constraints rate of baselines is increased in a less noisy device

like IBM-Brisbane, Rasengan still holds an advantage with a 12.2×
improvement.

Training latency breakdown. Figure 12 presents the training
latency, including the classical and quantum parts. The classical

time of HEA and P-QAOA takes over 70% of the total latency be-

cause they cannot guarantee solutions under the constraints, re-

quiring more calculations of objective functions for the solutions

outside the constraints. Besides, the quadratic terms in the penalty

function also increase the classical latency. Compared to Choco-Q,

Rasengan reduces the total time by 1.73×. The classical latency of

Rasengan is slightly higher than that of Choco-Q. This is because

Rasengan leverages segmented execution, which requires classical

calculation. However, in the NISQ era, quantum operations such

as circuit execution and measurement remain a major bottleneck.

Reducing quantum overhead is therefore critical for improving

training efficiency.

Overhead of segmented execution. To evaluate the overhead

of segmented execution, Figure 13 depicts the shots and latency

when setting different numbers of segments. In our experiments,

the number of shots is set to 1024 per segment. We observe a lin-

ear relationship between shots and the number of segments in

Figure 13 (a) since 1024 shots provide sufficient accuracy at this

scale, the additional shots required for each incremental segment re-

main constant. Figure 13 (b) demonstrates a sub-linear relationship
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between latency and the number of segments, mainly due to clas-

sical computation overhead. To be specific, segmented execution

requires handling intermediate measurements, which introduces

additional classical calculations. However, this classical overhead is

acceptable considering the finite number of measured basis states.

On the other hand, the quantum latency increases slightly with

more segments thanks to the constant circuit depth. The additional

latency from measurements and initialization is negligible. Given

that quantum execution time dominates the overall latency, seg-

mented execution does not fundamentally limit the scalability of

Rasengan.

5.5 Noise Sensitivity Analysis of Rasengan
Sensitivity to depolarizing noise. We evaluate Rasengan’s noise

sensitivity under different error rates based on the Pauli noise

model. Figure 14 (a) depicts the ARG distribution of Rasengan under

different Pauli error rates, where the data are collected from 2000

problems. The error rate is derived from the data of IBM devices

[11] and is mostly on the order of 10
−3
. When the error rate is set

to 1‱, more than 99% of ARGs are less than 0.025. Though the

average ARG increases with the error rates, it is still less than 0.15

with a 0.001 error rate, indicating that Rasengan can still output a

better solution with a relatively high probability.

Sensitivity to amplitude damping. Figure 14 (b) shows the
ARG under increasing amplitude damping noise, with fixed back-

ground noise consisting of phase damping and depolarizing noise

configured according to calibration data from IBMQ devices[11].

The single-qubit and two-qubit gate error rates are set to 0.035%

and 0.875%, respectively. As the amplitude damping probability

increases from 0.0% to 1.5%, the ARG slightly increases, indicating

the resilience of the Rasengan optimizer. However, when the damp-

ing probability reaches 2%, intermediate states from segmented

de
pt

h
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w/o opt opt 1+2opt 1 opt 1+2+3

9.8%
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Figure 15: Ablation study of optimization strategies on circuit
depth.
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execution frequently become infeasible. Since infeasible intermedi-

ate states cannot be passed to the next segment, the optimization

process terminates, and no valid solution can be found.

5.6 Ablation Study of Optimization Techniques
We study the effect of different optimization techniques in Rasen-

gan, including transition Hamiltonian simplification (opt 1) and

pruning (opt 2), probability-preserving segmented execution & er-

ror mitigation by purification (opt 3). The evaluated metric involves

circuit depth, ARG, and in-constraints rate.

Ablation study on circuit depth. Figure 15 depicts the circuit
depth after applying different optimization strategies. On average,

the three optimization strategies achieved circuit depth reductions

of 9.8%, 67%, and 82%, respectively. Opt 1 simplifies transitionHamil-

tonians by generating a lightened basis but is ineffective for F1, K1,

and G1, where constraints are already in their sparsest form. Opt

2 reduces circuit depth by over 50%, revealing widespread redun-

dancy in real-world problems. Pruning redundant states achieves

significant depth reduction. Opt 3 further reduces circuit depth by

82% by segmenting transition Hamiltonian sequences on top of opt

1 and opt 2, delivering the most substantial improvement.

Ablation study on ARG and in-constraints rate. Using the
same cases as in Section 5.4, we evaluate the impact of optimization

strategies on both ARG and in-constraints rate across noise-free

simulators and IBM quantum devices (IBM-Kyiv and IBM-Brisbane),

as shown in Figure 16. For ARG (left), Opt 1 yields limited improve-

ment (1.04×) since regenerating the basis does not alter the overall

evolution process. Opt 2 improves ARG by 1.18× on simulators and
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1.37× on hardware, benefiting from a pruning strategy that reduces

invalid transitions and shortens circuit depth by 67%. Opt 3 further

boosts ARG by 2.43×, with segmented execution preserving the

probability distribution and avoiding reversals in superposition. The

purification strategy then brings a dramatic 303× improvement on

hardware. For in-constraints rate (right), Rasengan achieves 100% at

the algorithmic level by operating strictly within the feasible solu-

tion space. In noisy settings, low in-constraints rates are mainly due

to deep circuits. Opt 2 alleviates this by reducing depth, improving

the rate from 3.8% to 7.5%, while Opt 3, through purification-based

error mitigation, achieves the most significant enhancement and

ensures constraint satisfaction in the final output.

5.7 Evaluation on Hamiltonian Pruning
We study the effect of the transition Hamiltonian pruning technique

in accelerating search space expansion within the FLP, KPP, SCP,

and GCP. Figure 17 illustrates the acceleration in search space

expansion speed achieved by pruning, compared to the original

unpruned transition chains. The proportion of pruned chains is

measured relative to the total length of the chains. Across the four

scales, pruning consistently accelerates search space expansion. For

the fourth scale, the unpruned chains require 73.6% of the total

chain length to cover the entire feasible solution space, whereas

the pruned chains achieve the same coverage with only 40.7% of

the total chain length, improving the expansion speed by 1.8×. In
GCP, the total number of feasible solutions on the third scale is

larger than that on the fourth, and the first scale has more feasible

solutions than the second. This is because, in GCP, both the number

of variables and the number of constraints increase with scale. The

additional constraints reduce the size of the feasible solution space.

This trend is specific to the selected graph instances and varies with

different topologies.

6 Related work
Many quantum algorithms have been proposed to solve binary

optimization problems with computational advantages. For uncon-

strained problems, quantum annealing [34, 37] is the first, that

utilizes the quantum adiabatic theorem. However, quantum anneal-

ing faces significant limitations, including long embedding and

evolution times [28]. To overcome these issues, QAOA [15, 41, 44]

offers a gate model for quantum annealing, employing a variational

quantum algorithm to shorten evolution time. Since QAOA can

be deployed on noisy quantum devices and has been optimized

in aspects such as compilation [1], parameter initialization [40],

parameter updating [36], and distributed versions [3], it has gained

widespread attention. However, both quantum annealing andQAOA

struggle to incorporate constraints effectively.

Several approaches have been proposed to address the challenges

of handling constraints. Commute-Hamiltonian-based QAOA re-

places the original mixer in QAOA with a Hamiltonian that com-

mutes with constraints to embed constraints. However, it suffers

deep circuits and high sensitivity to quantum noise. Q-CHOP [19]

constructs a continuous Hamiltonian path that keeps the system

within a feasible solution space but cannot guarantee a 100% in-

constraint rate. Similarly, Franz G. Fuchs et al. [17] extended the

Hamiltonian to support various types of constraints, but thismethod

requires prior knowledge of all possible solutions, leading to high

computational costs.

Additionally, several universal quantum algorithms have been de-

veloped by building upon quantum annealing and QAOA with spe-

cialized modifications. One such method is the hardware-efficient

ansatz (HEA) [10, 24], where each variable is encoded by a single

qubit, and the objective function is modified similarly to penalty-

QAOA. Although hardware-efficient, this method may not always

converge to the optimal solution due to the unspecialized circuit

structure. Another approach, Grover adaptive search, utilizes the

Grover algorithm [30] with a selection circuit to exclude solutions

outside the constraints [18]. However, the complexity of the selec-

tion circuit limits its implementation on current hardware, and the

search process generates many invalid solutions, requiring exten-

sive iterations to find the desired solution.

7 Conclusion
We propose Rasengan, a high-precision and hardware-efficient ap-

proach for constrained binary optimization problems, via rigorously

designed transition Hamiltonian that can cover the quantum su-

perposition of all feasible solution states. Then, we develop three

optimization techniques for efficient and accurate Rasengan im-

plementation. Specifically, we compressed the circuit complexity

of transition Hamiltonian by simplification and pruning. We also

segment the quantum circuit into pieces with limited depth while

preserving the probability, catering to the limited reliable execution

time of quantum devices. Based on the measurement results from

circuit segments, we timely mitigate the device by constraint-based

purification, avoiding execution errors accumulated in the final

results. Overall, these three optimizations work seamlessly with the

transition Hamiltonian in Rasengan, shrinking the circuit depth to

a deployable level and thereby enabling a substantial enhancement

in the ARG for solving constrained optimization problems.
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8 Artifact Appendix
8.1 Abstract
This artifact contains all necessary code and scripts to reproduce

the key experimental results of the paper, including Figures 9–17

and Table 2. It provides Jupyter notebooks and Python programs

for running and visualizing experiments, along with a consolidated

batch script and a summary notebook for streamlined reproduction

and inspection.

8.2 Artifact check-list (meta-information)
• Algorithm: Rasengan
• Run-time environment: Linux, Python, Jupyter
• Hardware:Dual AMD EPYC 9554 CPUs, NVIDIAH100 GPU

(optional)

• Execution: Qiskit circuit simulation

• How much disk space is required (approximately)?:
Less than 5 GB to store the artifact directory and Python

virtual environment

• How much time is needed to prepare workflow (ap-
proximately)?: 10 minutes

• How much time is needed to complete experiments
(approximately)?: 40 hours on dual AMD EPYC 9554 CPUs

(128 cores total); 25 hours with GPU acceleration

• Publicly available?: Yes
• Code licenses (if publicly available)?:MIT License

• Archived (provide DOI)?: 10.5281/zenodo.16730424

8.3 Description
Rasengan is implemented as a collection of Python scripts and

Jupyter notebooks, which can be executed on Linux systems. Below,

we introduce the important files and directories in the artifact,

highlighting their purpose for reproducing the experimental results.

Repository structure:

• env_setup/: Contains Conda environment YAML files for

both CPU-only and optional GPU setups, enabling repro-

ducible software environments.

• rasengan/: Implements the Rasengan algorithm, including

all core modules for generating and simulating transition-

Hamiltonian-based quantum circuits.

• reproduce/: Provides scripts and notebooks to reproduce

the experiments from the paper. Each experiment (corre-

sponding to Figures 9–17 and Table 2) resides in a separate

subdirectory.

How to access:
GitHub: https://github.com/JanusQ/rasengan

DOI: https://doi.org/10.5281/zenodo.16730424

Hardware dependencies:
The artifact relies on Qiskit-based quantum circuit simulation. It is

CPU-compatible and optionally supports GPU acceleration via the

qiskit-aer-gpu backend.

Software dependencies:
The code requires Python 3.10 or higher. All dependencies are listed

in the Conda YAML file in env_setup/.

Reproduction scaling:
The original evaluation used 20 benchmark problems with 100

cases each, which may require several days of computation. For

reproducibility within a reasonable time, the provided scripts scale

down the number of benchmarks and reduce the number of cases

per benchmark from 100 to approximately 10. This modification

significantly lowers the computational cost, but may introduce

slight statistical bias compared to the original results.

8.4 Installation
Installation instructions are provided in README.md. Below is a

summary.

Create environment:
cd env_setup
conda env create -f cpu-env.yml
conda activate rasengan

(Optional) Enable GPU acceleration:
pip install qiskit-aer-gpu

Verify installation:
python env_check.py

Additional notes on GPU support:
Rasengan already runs efficiently on CPU. GPU acceleration via

qiskit-aer-gpu is optional and mainly benefits baseline simula-

tions such as HEA and QAOA, which involve many RX gates. The
programs automatically detect GPU availability, and no manual

switching is required.

8.5 Evaluation and Expected Results
Each experiment subdirectory under reproduce/ (e.g., figure_x/,
table_2/) contains:

• run_and_plot.ipynb: The main notebook to run and visu-

alize the experiment.

• run_backend.py: Batch execution script for headless runs.

• only_plot.ipynb: A notebook to generate plots from cached

results.

Two recommended workflows:

(1) Run all experiments in one go:

python reproduce/run_all_experiments.py

(2) Run experiments individually from each subdirectory using

either the notebook or the backend script.

Results are automatically saved in the correct subdirectories. By

default, rerunning a script will overwrite existing output files unless

cached results are reused. Aggregated comparisons are available in

reproduce/results_summary.ipynb.

8.6 Methodology
Submission, reviewing, and badging methodology:

• https://www.acm.org/publications/policies/artifact-review-

badging

• http://cTuning.org/ae/submission-20201122.html

• http://cTuning.org/ae/reviewing-20201122.html
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