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Abstract—Variational quantum algorithms have emerged as a
leading approach for molecular ground-state energy estimation
on near-term quantum devices. Central to their performance is
the choice of ansatz, which defines the accessible variational man-
ifold and directly influences expressibility, trainability, symmetry
preservation, and resource requirements. Despite extensive de-
velopment of fixed chemistry-inspired ansatz, hardware-efficient
constructions, and adaptive Hamiltonian-driven approaches, a
unified structural understanding of their design principles and
limitations remains incomplete. This work presents a comparative
structural analysis of major ansatz paradigms from the perspec-
tive of constrained variational manifold engineering. We examine
how each construction strategy encodes physical symmetries,
balances expressibility and trainability, scales in parameter and
measurement complexity, and responds to noise and hardware-
induced constraints.

Index Terms—VQE, UCC, Hardware Efficient Ansatz, Adap-
tive Ansatz

I. INTRODUCTION

Quantum computing has evolved from a theoretical concept
to a physically realizable paradigm with the potential to solve
computationally intractable problems. The development of
quantum algorithms, such as Shor’s factoring algorithm [1],
and their proof-of-concept demonstrations on emerging quan-
tum hardware have significantly accelerated research in both
quantum devices and software ecosystems. These advances
aim to position quantum computing as a potential accelerator
for high-performance computing (HPC) [2]. While substantial
progress has been made in scaling quantum hardware [3],
[4], the realization of fault-tolerant quantum computation for
practically relevant problems remains an open challenge [5].

In this context, variational quantum algorithms (VQAs)
have emerged as a promising approach for leveraging noisy
intermediate-scale quantum (NISQ) devices. VQAs utilize a
hybrid quantum-classical (HQC) framework, where a param-
eterized quantum circuit prepares trial states and a classical
optimizer iteratively updates its parameters to minimize a cost
function [6]–[8]. This hybrid formulation reduces circuit depth
requirements and enables computations within the limited co-
herence times of current quantum hardware, thereby avoiding

This work was partly funded by the Federal Ministry of Research,
Technology and Space (BMFTR) through the EASEPROFIT project (grant
no. 16KIS2127) and the EQeS project (grant no. 13N17378), and by the
German Research Foundation (DFG) through the CONAD-QC project (grant
no. 559888852). This research was conducted within the scope of the DFG
Priority Programme 2514: Quantum Software, Algorithms and Systems.

the immediate need for full error correction. Furthermore,
recent studies have highlighted the rapid growth of entan-
glement in quantum systems and the resulting limitations of
classical simulation methods, reinforcing the need for efficient
variational representations of quantum states [9].

Among VQAs, the Variational Quantum Eigensolver (VQE)
has been widely studied for estimating molecular ground-state
energies [7]. Despite significant progress in classical quantum
chemistry, accurately describing strongly correlated systems,
such as transition-metal complexes and reaction dynamics,
remains challenging [10]–[12]. VQE addresses this challenge
by partitioning the computational workload between quantum
and classical resources, where the quantum processor prepares
parameterized trial states (ansätze), and the classical optimizer
minimizes the expectation value of the molecular Hamiltonian.

A central component of VQE is the design of the ansatz,
which determines the accessible variational manifold and
directly impacts expressibility, trainability, symmetry preser-
vation, and resource efficiency. Existing ansatz construction
approaches can be broadly categorized into: (i) chemistry-
inspired ansätze based on traditional methods such as unitary
coupled cluster [13], (ii) hardware-efficient ansätze designed
to align with device constraints [14], and (iii) adaptive or
Hamiltonian-driven ansätze that iteratively build problem-
specific circuits [15]. While each of these approaches of-
fers distinct advantages, they also exhibit inherent limitations
related to optimization landscape complexity, sensitivity to
noise, scalability, measurement overhead, and the preservation
of physical symmetries.

In this work, we present a structural analysis of ansatz
design for VQE from the perspective of constrained varia-
tional manifold engineering. We systematically examine the
construction principles, advantages, and limitations of major
ansatz paradigms, and highlight key research challenges asso-
ciated with their practical deployment on NISQ hardware.

The organization of the paper is as follows. Section II
introduces the necessary background on quantum computing,
the VQE framework, and existing approaches for efficient
quantum simulation of molecular systems. Section III presents
the variational manifold perspective of ansatz design and
provides a comparative analysis of different ansatz families.
Finally, Section IV concludes the paper.
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Fig. 1: Quantum circuit diagram illustrating the sequence of
gate operations on qubits.

II. BACKGROUND

A. Basics of Quantum Computing

Quantum information is stored in the states of qubits, which
are two-level quantum systems. In contrast to classical bits, a
qubit can exist in a coherent superposition of basis states, and
is generally written as α |0⟩ + β |1⟩, where α, β ∈ C satisfy
the normalization condition |α|2 + |β|2 = 1. For a system
of n qubits, the joint state is described by a unit vector in
the Hilbert space H = C2n , formed via tensor products of
individual qubit states.

Information is extracted from a quantum system through
measurement, which yields probabilistic outcomes according
to Born’s rule [16]. The computational basis consists of tensor
products of |0⟩ and |1⟩ states, corresponding to the eigenbasis
of the Pauli-Z operator. Other Pauli operators, such as X and
Y , define alternative measurement bases that are frequently
used in quantum algorithms.

A distinctive feature of quantum systems is entanglement,
wherein the state of a composite system cannot be decomposed
into independent single-qubit states. For instance, the Bell
state 1√

2
(|00⟩+ |11⟩) exhibits maximal entanglement between

two qubits. Such correlations are central to the potential
computational advantages of quantum devices, particularly
in applications involving strongly correlated systems in con-
densed matter physics and quantum chemistry.

Quantum circuits are implemented through sequences of
unitary transformations, commonly referred to as quantum
gates, acting on subsets of qubits. Starting from an initial state
|0⟩⊗n, a computation is described by

Uk(Qk)Uk−1(Qk−1) · · ·U0(Q0) |0⟩⊗n
, (1)

where each Uk(Qk) denotes a unitary operation applied to
a specified subset of qubits Qk at step k. Fig. 1 shows a
diagrammatic representation of the quantum circuit.

B. Variational Quantum Eigensolver (VQE)

The Variational Quantum Eigensolver (VQE) is a hybrid
quantum–classical algorithm designed to estimate the ground
state energy of a Hamiltonian H , such as those arising in
molecular systems [7]. The ground state energy is a funda-
mental quantity in quantum chemistry, as it enables the com-
putation of molecular properties such as reaction rates, binding
energies, and reaction pathways. The method is based on the
variational principle, which guarantees that the expectation

Fig. 2: Workflow of VQE.

value of H with respect to a trial state provides an upper
bound to the true ground state energy Eg .

In VQE, a parameterized quantum circuit prepares a trial
state of the form

|ψ(θ)⟩ = U(θ) |ϕ0⟩ , (2)

where |ϕ0⟩ is a reference state and U(θ) is a parameterized
unitary operator, commonly referred to as the ansatz. In
practice, the Hartree–Fock (HF) state is commonly used as the
reference state. The corresponding energy expectation value is
given by

E(θ) = ⟨ϕ0|U†(θ)H U(θ) |ϕ0⟩ ⩾ Eg, (3)

where the Hamiltonian is typically decomposed as H =∑
iHi, allowing each term to be estimated individually on

a quantum device.
A classical optimizer is then employed to iteratively up-

date the parameters θ so as to minimize E(θ). This hybrid
quantum–classical loop continues until convergence as shown
in Fig. 2. Since the computation is iterative, inaccuracies
in early stages can propagate through subsequent updates;
therefore, the choice of an appropriate initial state and pa-
rameterization is critical for obtaining accurate results. VQE
significantly reduces coherence requirements by offloading the
optimization procedure to a classical processor, making it well-
suited for near-term quantum devices.

C. Prior Works

The use of quantum systems for simulating physical pro-
cesses was first formalized by Lloyd [17], establishing the
theoretical foundation for quantum simulation. Early quan-
tum algorithms, including Trotter-based methods and phase
estimation, provided rigorous approaches for solving quantum
chemistry problems [18], [19], but required deep circuits and
fault-tolerant hardware, limiting their applicability on near-
term devices [20]. This foundational result further motivated
extensive research in quantum algorithms for simulating physi-
cal and chemical systems, particularly where classical methods
face exponential scaling limitations.

To this end, the emergence of VQE [6], [7] marked a shift
toward hybrid quantum-classical approaches suitable for NISQ
systems. Subsequent developments have focused extensively



on ansatz construction, which plays a critical role in determin-
ing the efficiency and accuracy of VQE. Existing ansatz design
strategies can be broadly categorized into chemistry-inspired
methods, hardware-efficient constructions, and adaptive or
Hamiltonian-driven approaches.

Chemistry-inspired ansätze, such as the Unitary Coupled
Cluster (UCC) family [21]–[23], retain the structure of elec-
tronic excitations and offer systematically improvable accu-
racy, but typically lead to deep quantum circuits due to the
large number of excitation operators and their decomposition
into elementary gates. In contrast, hardware-efficient ansätze
(HEA) [24]–[26] are tailored to the native gate set and connec-
tivity of quantum processors, enabling shallow circuits suitable
for NISQ devices; however, they may suffer from reduced
physical interpretability, symmetry breaking, and trainability
issues. To bridge this gap, adaptive strategies [27]–[29] con-
struct ansätze iteratively based on the problem Hamiltonian,
yielding compact and accurate representations. However, these
approaches introduce additional measurement and optimiza-
tion overhead due to repeated operator selection and gradient
evaluation.

Recent work has demonstrated large-scale integrated quan-
tum–classical simulation pipelines [30]. In parallel, quantum-
centric workflows extending beyond classical exact diagonal-
ization limits have been demonstrated [31], including sim-
ulations of N2 dissociation and the properties of [2Fe–2S]
and [4Fe–4S] clusters using circuits with up to 77 qubits
and 10,570 gates. More recently, such workflows have been
extended to complex biological systems [32]. Despite these
advances, the design of efficient and scalable ansätze re-
mains a fundamental challenge due to issues such as barren
plateaus [33] and limited expressibility [34], motivating the
need for a systematic structural analysis of existing ansatz
construction approaches.

III. ANSATZ DESIGN APPROACH

A. Unifying Variational Manifold Perspective

The set of states {|ψ(θ)⟩}, generated by a parameterized
ansatz U(θ) acting on a reference state |ϕ0⟩, defines a param-
eterized submanifold M embedded in the full Hilbert space
H, i.e.,

M = {U(θ) |ϕ0⟩ | θ ∈ Rp} ⊆ H, (4)

where p indicates the dimension of the parameter space, i.e.,
θ = (θ1, θ2, . . . , θp). The effectiveness of the variational
ansatz is determined by the geometric and structural properties
of this manifold.

Expressibility refers to the ability of the ansatz manifold M
to approximate arbitrary states in the Hilbert space. Formally,
for any target state |ψ⟩ ∈ H, there exists a parameter vector
θ ∈ Rp such that

min
θ∈Rp

∥ |ψ⟩ − U(θ) |ϕ0⟩ ∥ ≤ ε, (5)

for some ε > 0. A more expressive ansatz corresponds
to a smaller achievable approximation error. While a larger

manifold generally increases expressibility, excessively large
or unstructured manifolds may resemble random states and
hinder optimization [34].

Trainability is governed by the geometry of the cost land-
scape defined over the manifold M. For a given Hamiltonian
H , the cost function is defined as E(θ) = ⟨ψ(θ)|H |ψ(θ)⟩,
and its optimization depends on the behavior of the gradient

∇θE(θ) =

(
∂E

∂θ1
, . . . ,

∂E

∂θp

)
. (6)

Poorly structured ansätze may induce concentration of mea-
sure in the parameter space, leading to exponentially vanishing
gradients as the system size increases, a phenomenon com-
monly referred to as barren plateaus [33].

Symmetry compliance [15] is characterized by whether the
ansatz manifold M lies within an invariant subspace of H
defined by conserved quantities (e.g., particle number, spin, or
parity). This is ensured when the parameterized unitary U(θ)
commutes with the symmetry operator S, i.e.,

[U(θ), S] = 0, (7)

and the reference state |ϕ0⟩ is chosen as an eigenstate of S.
In this case, all states |ψ(θ)⟩ remain within the corresponding
invariant subspace of H, ensuring that the optimization is
restricted to physically relevant states.

Noise robustness of a variational ansatz characterizes the
stability of states in the manifold M under the action of
noisy quantum operations, modeled as completely positive
trace-preserving (CPTP) maps [16]. For a given parameter
vector θ ∈ Rp, the robustness of the ansatz under a quantum
channel E can be assessed by the deviation between the ideal
state ρ(θ) = |ψ(θ)⟩ ⟨ψ(θ)| and the noisy state E(ρ(θ)). For
instance, using the trace distance1,

δtr(θ) =
1

2
∥ρ(θ)− E(ρ(θ))∥1 , (8)

where ∥ · ∥1 denotes the trace norm. An ansatz is said to
be noise-robust if δtr(θ) remains uniformly small over the
parameter manifold. In practice, ansätze with shallow circuit
depth and structured operator forms tend to exhibit greater
resilience to noise, as they accumulate fewer errors under the
action of E .

Measurement cost of a variational ansatz characterizes the
resources required to estimate expectation values of observ-
ables over the manifold M. By decomposing the given Hamil-
tonian H using Pauli operators as H =

∑
i ciPi the corre-

sponding measurement cost [6] is determined by the number of
samples required to estimate E(θ) =

∑
i ci ⟨ψ(θ)|Pi |ψ(θ)⟩.

The accuracy of this estimation depends on the variance

Var[E(θ)] =
∑
i

c2i Var[Pi]θ, (9)

where Var[Pi]θ = 1 − ⟨ψ(θ)|Pi |ψ(θ)⟩2, as well as the
number of Pauli terms and their commutation structure. Group-
ing commuting operators can reduce the number of distinct

1Equivalently, fidelity-based measures may be used to characterize the
preservation of the prepared state under noisy evolution.



measurement settings, thereby lowering the overall cost. The
total cost therefore depends not only on the number of Pauli
terms, but also on their commutation structure and the chosen
measurement strategy.

Different ansatz families can be understood as defining
distinct variational manifolds with specific geometric and
structural properties. Chemistry-inspired ansätze constrain the
manifold to physically motivated subspaces, hardware-efficient
ansätze aim to maximize coverage of the Hilbert space with
shallow circuits, while adaptive approaches dynamically con-
struct problem-specific manifolds.

B. Fixed Chemistry Ansätze (UCC-type)

Chemistry-inspired ansätze, particularly those based on the
Unitary Coupled Cluster (UCC) framework, form the founda-
tion of many variational quantum algorithms for molecular
simulation [35]. The UCC wavefunction remains a central
construct in these approaches, owing to its direct connection to
established methods in quantum chemistry. In this formulation,
the variational state is expressed as

|ψ(θ)⟩ = eT (θ)−T †(θ) |ϕ0⟩ , (10)

where |ϕ0⟩ is a reference state, typically the Hartree–Fock
state, and T (θ) is the excitation operator composed of
fermionic creation and annihilation operators [7]. In the com-
monly used UCCSD approximation [13], it is decomposed into
single and double excitations as

T (θ) =
∑
i,a

θai a
†
aai +

∑
i<j,a<b

θabij a
†
aa

†
bajai. (11)

To construct a quantum circuit implementation of the UCC
ansatz, the fermionic anti-Hermitian generator T (θ)− T †(θ)
is first mapped to a qubit operator using fermion-to-qubit
transformations such as the Jordan–Wigner [36] or Bravyi–
Kitaev [37] mappings. This yields a representation of the form

T (θ)− T †(θ) =
∑
j

αj(θ)Pj , (12)

where Pj are Pauli strings and αj(θ) ∈ R. The corresponding
unitary operator UUCC(θ) is then implemented via a Trotter–
Suzuki decomposition [38], whereby

UUCC(θ) = e
∑

j αjPj ≈
∏
j

eαjPj . (13)

Each exponential term eαjPj is realized as a Pauli rotation,
implemented using a sequence of basis-change gates, entan-
gling CNOT chains, and a single-qubit Rz rotation acting on
an appropriate qubit basis [13].

From a geometric perspective, the UCC ansatz is gener-
ated via the exponential map of an anti-Hermitian operator
algebra formed by fermionic excitation operators, endowing
the variational manifold with a structured Lie-algebraic orga-
nization [23]. The corresponding unitary UUCC(θ) defines a
variational manifold of the form given in Eq. (4), which we
denote by MUCC.

By construction, UCC ansätze satisfy the symmetry con-
dition in Eq. (7), ensuring that MUCC remains confined to
an invariant subspace of H and thereby enforcing symmetry
compliance [14]. However, from the perspective of expressibil-
ity in Eq. (5), this physically motivated restriction limits the
ability of MUCC to approximate arbitrary states compared to
more flexible ansätze [39].

Regarding trainability, as characterized in Eq. (6), the
structured nature of UCC ansätze can lead to more favorable
optimization landscapes and reduced susceptibility to barren
plateaus [33]. In contrast, noise robustness (cf. Eq. (8)) is often
adversely affected in practice due to circuit depth arising from
non-local Pauli strings and Trotterized implementations [40].

The measurement cost in Eq. (9) is not directly determined
by the ansatz but by the Pauli decomposition of the Hamilto-
nian. However, UCC ansätze can indirectly increase sampling
overhead due to increased circuit depth and circuit complexity,
which may lead to increased variance in measured observables
and slower convergence [6].

C. Hardware-Efficient Ansätze (HEA)
Hardware-efficient ansätze (HEA) provide a practical al-

ternative to chemistry-inspired constructions, particularly for
NISQ devices. In contrast to UCC-based approaches, HEA
are defined directly at the circuit level using hardware-native
gate sets and connectivity, without relying on an underlying
fermionic or problem-specific operator structure. The varia-
tional unitary is typically constructed as a sequence of pa-
rameterized single-qubit rotations interleaved with entangling
layers [14],

U(θ) =

L∏
ℓ=1

U ℓ
ent U

ℓ
rot(θ

ℓ), (14)

where U ℓ
rot(θ

ℓ) denotes a layer of single-qubit rotations with
parameter vector θℓ ∈ Rpℓ (where pℓ is the number of rotation
parameters in layer ℓ), and U ℓ

ent represents an entangling oper-
ation compatible with the device topology. This construction
defines a variational manifold MHEA as an instance of the
general variational form in Eq. (4).

From the perspective of expressibility in Eq. (5), HEA typ-
ically induce large and flexible manifolds capable of approx-
imating a wide range of states in H. However, as discussed
in Eq. (6), this increased expressibility may lead to concen-
tration of measure in the parameter space, resulting in barren
plateaus [33] and vanishing gradients [39] for sufficiently deep
circuits.

With respect to symmetry compliance, as defined in Eq. (7),
HEA generally do not preserve conserved quantities, as their
construction is not constrained by the underlying Hamiltonian.
This may lead to symmetry leakage during optimization unless
additional constraints or penalty terms are introduced [24],
[25].

From the standpoint of noise robustness (cf. Eq. (8)), the
shallow circuit structure and compatibility with hardware-
native gates can enhance resilience to noise and reduce com-
pilation overhead [14]. However, increasing circuit depth to



improve expressibility may counteract these advantages by
amplifying noise effects.

Similarly, the measurement cost described in Eq. (9) is
influenced by the expressibility of the ansatz and the resulting
variance of observables. While HEA do not inherently increase
the number of Hamiltonian terms, highly expressive states may
lead to larger variances [6], thereby increasing the number of
measurements required for accurate estimation.

D. Adaptive Ansätze (Hamiltonian-Driven)

Adaptive ansätze, exemplified by approaches such as
ADAPT-VQE [15], construct problem-specific variational cir-
cuits by iteratively expanding the ansatz using operators
selected based on their contribution to the energy gradient.
Starting from a reference state |ϕ0⟩, the ansatz is built as

U(θ) =

K∏
k=1

eθkGk , (15)

where Gk are generators drawn from a predefined anti-
Hermitian operator pool, e.g., {a†aai − a†iaa, a†aa

†
bajai −

a†ia
†
jabaa}. Each operator is selected iteratively according to

a Hamiltonian-driven criterion, typically the magnitude of the
gradient

∂E

∂θk
= ⟨ψℓ| [H,Gk] |ψℓ⟩ , (16)

where |ψℓ⟩ =
∏ℓ

j=1 e
θjGj |ϕ0⟩ denotes the current variational

state, and the operators {Gj}ℓj=1 have been selected in previ-
ous iterations. This defines a variational manifold MADAPT

as a dynamically constructed instance of Eq. (4).
From the perspective of expressibility in Eq. (5), adaptive

ansätze achieve efficient coverage of the relevant subspace of
H by selectively including only the most important operators.
This typically yields compact representations with high accu-
racy compared to fixed ansatz constructions [27].

Regarding trainability, as characterized in Eq. (6), the
iterative, gradient-informed construction can mitigate barren
plateau behavior by restricting the ansatz to directions that
significantly impact the cost function [33]. This often results
in improved optimization performance compared to highly
expressive, unstructured ansätze.

In terms of symmetry compliance (cf. Eq. (7)), the proper-
ties of the ansatz depend on the choice of operator pool [28].
When symmetry-adapted operators are employed, the resulting
manifold can remain confined to invariant subspaces of H;
otherwise, symmetry violations may occur during the adaptive
growth process.

The noise robustness (cf. Eq. (8)) of adaptive ansätze is
influenced by both circuit depth and the iterative construction
procedure [27]. While the resulting circuits are often shallow
due to their compactness, the repeated gradient evaluations
required during ansatz construction increase sensitivity to
noise and shot-noise-induced errors.

Finally, the measurement cost described in Eq. (9) is signif-
icantly affected by the operator selection procedure. At each

iteration, gradients must be evaluated for all operators in the
pool [27], leading to substantial measurement overhead that
scales with both the pool size and system dimension.

E. Ansatz Comparison and Analysis

The different ansatz families discussed above can be un-
derstood through the geometric properties of the variational
manifolds they define. Table I summarizes their key character-
istics. Each ansatz family reflects a distinct trade-off between
expressibility, trainability, and physical structure.

Chemistry-inspired ansätze such as UCC define structured
manifolds constrained by physical symmetries, resulting in
improved interpretability and stability of optimization, but at
the cost of increased circuit depth and measurement overhead.

In contrast, hardware-efficient ansätze define large and rela-
tively unstructured manifolds that enable efficient implementa-
tion on NISQ devices. While this enhances expressibility and
hardware compatibility, it often leads to poor trainability and
symmetry violations due to the absence of problem-specific
structure.

TABLE I: Comparison of ansatz families from the perspective
of variational manifold properties.

Property UCC HEA Adaptive
Construction Fermionic Layered Gradient-driven

Manifold Structured Unstructured Dynamic

Expressibility Moderate High Adaptive

Trainability Moderate Low Improved

Symmetry Comp. Preserved Weak Pool-dependent

Noise Robustness Low Moderate–High Moderate

Measurement Cost High Moderate Very High

Adaptive ansätze provide a middle ground by dynamically
constructing the variational manifold based on Hamiltonian-
informed operator selection. This allows efficient exploration
of problem-relevant subspaces and results in compact circuit
representations. However, this advantage comes at the expense
of increased measurement and optimization cost during the
ansatz construction phase.

IV. CONCLUSION

Within HPC platforms supporting hybrid quantum-classical
workflows, VQE plays a central role in molecular simula-
tion, while its success largely depends on efficient ansatz
preparation on NISQ devices. The foregoing analysis frames
ansatz design from a variational manifold perspective. Within
this framework, different ansatz families reflect a fundamental
trade-off between structure and flexibility. Highly structured
manifolds, as in UCC, restrict the search space to physically
meaningful regions, improving optimization behavior but lim-
iting expressibility. In contrast, unstructured manifolds, as in
HEA, enable broader exploration of the Hilbert space but often
suffer from unfavorable optimization landscapes. Adaptive
approaches attempt to balance these extremes by incrementally
expanding the manifold along directions informed by the prob-
lem Hamiltonian. These observations demonstrate that efficient



ansatz design fundamentally requires balancing expressibility,
trainability, symmetry preservation, and hardware constraints.
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