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Abstract

Variational Quantum Algorithms (VQAs) are promising for
near- and intermediate-term quantum computing, but their
execution cost is substantial. Each task requires many iter-
ations and numerous circuits per iteration, and real-world
applications often involve multiple tasks, scaling with the
precision needed to explore the application’s energy land-
scape. This demands an enormous number of execution shots,
making practical use prohibitively expensive.

We observe that VQA costs can be significantly reduced
by exploiting execution similarities across an application’s
tasks. Based on this insight, we propose TreeVQA!, a tree-
based execution framework that begins by executing tasks
jointly and progressively branches only as their quantum
executions diverge.

Implemented as a VQA wrapper, TreeVQA integrates with
typical VQA applications. Evaluations on scientific and com-
binatorial benchmarks show shot count reductions of 25.9%
on average and over 100X for large-scale problems at the
same target accuracy. The benefits grow further with increas-
ing problem size and precision requirements.

1 Introduction

Quantum computers are gradually transitioning from near-
term noisy intermediate-scale quantum (NISQ) systems [49],
which feature at most a few hundred qubits with limited co-
herence times and high gate error rates, to intermediate-term
Early Fault Tolerant (EFT) systems [22, 30], expected to host
thousands of qubits and employ limited forms of quantum
error correction to reduce error rates. These systems will
be unable to run long-term quantum applications [25, 58],
which demand millions of qubits, full fault tolerance, and
the ability to execute billions of quantum operations [47].
Despite these limitations, the community remains optimistic
that near- and intermediate-term devices can deliver prac-
tically useful quantum advantage in key domains such as
optimization [13], physics [36], and chemistry [48].

One promising class of algorithms with potential feasibil-
ity and utility before full fault tolerance is Variational Quan-
tum Algorithms (VQAs). Their inherent robustness [64] to
noise allows them to deliver useful results even without full-
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Figure 1. Key terminologies and their relations.

fledged quantum error correction. VQAs have broad appli-
cability, including estimating the energies of molecules [48]
and approximating solutions to optimization problems such
as MaxCut [13]. These hybrid algorithms combine a quantum
circuit with parameterized angles (ansatz) with a classical
optimizer. Through an iterative feedback loop, the VQA ex-
plores the solution space and converges to the problem’s
“ground state”, representing the optimal solution.

Before delving into VQA details and our proposed work,
we introduce key terminology for context: (i) VOA Appli-
cation: An application typically composed of one or more
VQA tasks. When multiple tasks are involved, their solutions
are combined to construct a solution landscape relevant to
the application; (ii) VQA Task and Task Hamiltonian: A VQA
task is solved using a VQA to find its ground-state solution
and is mathematically represented by a Hamiltonian; (iii)
Hamiltonian Pauli String and Circuit: For a specific VQA task,
its Hamiltonian consists of multiple Pauli strings, which can
be grouped into sets that fully commute within a set but not
across sets. Each set corresponds to a quantum circuit (using
the same ansatz but different measurement bases); (iv) VOA
Iteration: For a specific VQA task, this is a single instance
of ansatz parameter updates, as determined by the classical
optimizer, followed by the execution of circuits associated
with the task Hamiltonian. Fig.1 illustrates this terminology.

While VQAs hold promise, their execution faces signifi-
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Figure 2. (a) Comparing the iterative execution of conventional VQA and TreeVQA. (b) TreeVQA strategy overview, branching
from the root node to multiple leaf nodes for an eight-VQA task application.

cant hurdles, the most critical being the enormous number of
‘shots’ (executions) required for any real-world application.
This challenge arises from three factors: (2) VQA tasks are
inherently iterative, often requiring thousands of iterations
to explore the solution landscape of complex quantum prob-
lems, a process further complicated by device noise; (b) For
practical applications such as chemistry, task Hamiltonians
contain thousands of Pauli terms, resulting in a large number
of circuits per iteration; and () While the above challenges
were associated with individual tasks, real-world applica-
tions typically comprise thousands of VQA tasks, whose
collective ground states define the application’s solution
landscape. Together, these factors drive the total number of
circuit executions into the billions for practical VQA applica-
tions, making time and resource costs a show-stopper.
Prior research, both specific to VQA and otherwise, has
contributed to both reducing and exacerbating total shot
costs, depending on their primary goal. For instance, on
the one hand, classical initialization methods [52, 56, 57]
can help reduce the number of VQA iterations, although
their success is often limited and problem dependent. On the
other hand, error mitigation strategies such as ZNE [18, 34],
PEC [3], measurement error mitigation [11], and more, all
enormously increase the shot counts. The key takeaway is
that, despite prior strategies or because of them, the cost of
execution shots is still extremely high and deserves attention.
In this work, we make the novel observation that many
VQA tasks within an application are highly similar. In par-
ticular, the solutions to these tasks (i.e., the quantum states
corresponding to their ground states) often exhibit signif-
icant overlap. The key idea is that, while these solutions
are distinct enough to require individual evaluation for con-
structing the high-precision solution landscape demanded by
the application, their substantial overlaps create an opportu-
nity to share quantum executions across tasks as they iterate
toward their respective solutions. By reusing large portions
of the VQA process, the total cost of quantum execution can

be reduced dramatically.

Based on this insight, we propose TreeVQA, a tree-based
execution framework that begins by executing all application
VOQA tasks as a single (or minimal set of) quantum executions.
These executions then gradually branch into multiple distinct
paths as the quantum states produced by the VQA process
converge toward each task’s solution. A comparison of the
iterative execution in TreeVQA and conventional VQA is
illustrated in Fig.2a. In TreeVQA, multiple VQA tasks from
an application (five in the figure: T) - T5) begin by executing
as a single entity and then eventually diverge. Dissimilar
tasks branch out earlier, while similar tasks stick together
until closer to convergence. In comparison, the execution
cost is much greater for conventional VQA, which executes
all of these tasks entirely individually.

The tree execution strategy employed by TreeVQA is more
specifically illustrated in Fig.2b, which shows an example
application with eight VQA tasks (with Hamiltonians H; to
Hg). Their quantum state evolutions are initially captured
by a single representative Hamiltonian, Hy1g;, which forms
the tree root. After Ty VQA iterations, TreeVQA decides to
split into two branches based on execution similarity. After
the split, Hy,p; is the representative Hamiltonian for the
first three tasks, and Hjp, is for the remaining five. This
branching continues until all tasks eventually execute inde-
pendently and converge to their respective solutions. The
benefit of TreeVQA lies in the shared executions across all
internal tree levels prior to the leaf nodes, with the greatest
savings occurring near the root. Further details that justify
this approach are presented in Section. 4 and beyond.

The primary contributions and insights are:

1. We make the novel observation that substantial reductions
in quantum resource costs are possible by exploiting exe-
cution commonalities across multiple related VQA tasks
within a single quantum application, an opportunity over-
looked in prior work.

2. We introduce TreeVQA, a hierarchical execution frame-
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Figure 3. VQA: a hybrid algorithm alternating between clas-
sical optimization and quantum execution. Bottom right:
Potential Energy Surface for a chemical reaction [43].

work that clusters VQA tasks for joint execution and adap-
tively branches into independent instances only as tasks
diverge. This design delivers the best of both worlds: dra-
matic quantum resource savings through shared execution,
while preserving accuracy through adaptive branching.
3. TreeVQA is designed as a plug-and-play wrapper that
seamlessly integrates with existing VQA algorithms and

optimizers, requiring minimal tuning or structural changes.

We demonstrate broad applicability through results on
VOQE and QAOA, using SPSA and COBYLA optimizers.

4. Our evaluations show that TreeVQA reduces execution
shot counts by 25.9x on average, and by over 100X in large-
scale applications and diverse settings, all while meeting
the same fidelity targets as baseline VQA.

5. Crucially, we show that TreeVQA’s benefits amplify with
problem size and precision demands, making TreeVQA in-
creasingly impactful as quantum applications and hard-
ware scale toward practical use.

2 Background and Motivation
2.1 Variational Quantum Algorithms

Variational quantum algorithms (VQAs) exhibit inherent er-
ror resilience due to their hybrid structure, alternating quan-
tum circuits with noise-aware classical optimizers [42, 48].
Prominent VQA applications include the Variational Quan-
tum Eigensolver (VQE) [48], the Quantum Approximate Op-
timization Algorithm (QAOA) [13], and Quantum Machine
Learning (QML) [4]. This work focuses on VQE and QAOA.
VOQE is widely applied in molecular chemistry, condensed
matter physics, and quantum many-body systems. QAOA,
on the other hand, is tailored for approximate solutions to
combinatorial optimization problems, particularly Quadratic
Unconstrained Binary Optimization (QUBO).

Each VQA iteration uses a parameterized quantum circuit,
or ansatz, which defines the accessible state space and shapes
the optimization. The ansatz typically consists of single-qubit
rotations and fixed two-qubit gates. A classical optimizer [37,

59] iteratively updates the parameters until the objective
function converges. This is shown at the top and bottom-left
of Fig.3. The target problem is encoded as a Hamiltonian,
represented as a linear combination of Pauli operators. The
goal is to estimate its ground state energy, i.e., the lowest
eigenvalue [42]. In each iteration, the objective is computed
by measuring the Hamiltonian expectation using the current
ansatz across appropriate measurement bases.

2.2 The Cost of Executing a Single VQA Task

VQAs typically demand fewer qubits and shallower circuits
compared to many quantum algorithms. However, this comes
at the expense of an exceptionally large number of total
execution shots to iteratively optimize the ansatz employed
to prepare the target quantum state.

[26] highlights that even relatively simple VQE problems
in molecular chemistry, such as estimating the ground state
energy for NH; (12 qubits), can require up to 5.5 X 10® exe-
cution shots. This translates to approximately 564 hours of
runtime on typical cloud-based quantum devices, incurring
monetary expenses on the order of $5868k, exorbitant costs
for fairly modest quantum problems. Scaling to more practi-
cally useful applications, [64] estimates that a single iteration
of 52-qubit VQE on the Cr; molecule (often considered at the
threshold of quantum advantage) could demand 24 years of
runtime without parallelization. Alternatively, achieving a
runtime of 3ms would require 280 x 10° qubits under perfect
parallelization and ideal overhead assumptions.

The aforementioned estimates exclude the substantial
costs associated with error mitigation techniques such as
Probabilistic Error Cancellation (PEC) [3] and Zero Noise
Extrapolation (ZNE) [18], although these methods are not
exclusive to VQAs. In a VQA-specific context, [9] reports
that measurement error mitigation [11] can amplify the shot
count of a 100-qubit VQA task by approximately 1000x. These
exorbitant overheads underscore the pressing need for inno-
vative strategies to mitigate resource consumption.

To quantitatively assess VQE cost, we focus on shot count
(execution number of quantum circuits). The total number
of shots depends on the number of Pauli Terms of the de-
composed Hamiltonian, the convergence speed of the clas-
sical optimizer, and the statistical accuracy desired. Given
a Hamiltonian expressed as a weighted sum of Pauli terms:
H=3"¢P;, c¢jeR P;je{lXY,Z}*" the expecta-
tion value (H) is estimated via measurements. To achieve
target accuracy e, the required number of shots per eval-
(22 1e1)”
S
cal problems, where the Hamiltonian norm is 10°~10% and
energy accuracy target is 107>-10"* Hartree, this yields
10°-108 shots per evaluation. Note that the shot count re-
flects the cost of a single evaluation. The overall shot cost

uation is approximately: Nper-cval = . For chemi-

for the full optimization process, with T iterations, is given
bY5 Noverall = T x Nevals—per—iter X Nper—eval- The iteration num-



ber T is affected by convergence speed, while the number of
evaluations per iteration is affected by the classical optimizer.

2.3 Energy Landscapes from Multiple VQA Tasks
A primary application of VQAs (specifically VQE) is estimat-
ing a molecule’s ground state energy - a task that scales expo-
nentially on classical computers [21] and enables predictions
of molecular stability, reactivity, and dynamics. Comparing
ground state energies across different molecular configura-
tions is especially critical as it reveals insights about reaction
pathways and outcomes. These relationships are captured by
the potential energy surface (PES), which maps a molecule’s
energy as a function of atomic positions. The PES (shown
to the bottom right of Fig.3) highlights key features such as
minima (stable states), maxima (transition states), and saddle
points. High-accuracy ground state estimates improve the
PES resolution, enabling more reliable predictions of molecu-
lar stability, vibrational spectra, and dynamic behavior [23].
Constructing such landscapes with VQAs requires solving
multiple VQA tasks, since each molecular configuration cor-
responds to a separate Hamiltonian with a unique ground
state energy. A finer landscape that faithfully captures small
variations between nearby points demands both higher pre-
cision in each task and a larger number of tasks overall. In
the PES shown to the bottom right of Fig.3, a single point
on the energy surface corresponds to a VQA task, and many
1000s of tasks are required to construct the entire landscape.
The concept of constructing detailed energy landscapes
via VQA tasks extends to other domains. In condensed mat-
ter physics, VQAs can model the electronic ground state to
investigate material properties and phase transitions, with
energy surfaces shaped by atomic configurations and inter-
action strengths [46]. In protein folding, energy landscapes
determine folding pathways through numerous local min-
ima and transition states [53]. VQAs can help map these
complex landscapes. Analogous to VQE in physical systems,
constructing ‘energy’ landscapes with QAOA is also highly
relevant and involves solving multiple related optimization
tasks, each typically corresponding to a graph instance with
specific edge weights. These optimization problems can cor-
respond to a wide variety of real-world use cases, such as
in weather forecasting, traffic management, supply chain,
smart grids (which we will detail later), and more.

3 Observation: VQA Task Similarity

The central insight motivating our execution model is the
inherent similarity among the many VQA tasks that collec-
tively define an application’s energy landscape.

The theoretical foundation of this approach is rooted in
the adiabatic theorem [5], which establishes that for a sys-
tem described by a slowly varying Hamiltonian, the ground
state wavefunction evolves continuously. Specifically, if a
Hamiltonian H; is adiabatically transformed into a nearby
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Hamiltonian H, in the system’s parameter space, the corre-
sponding ground state wavefunction i/; will evolve smoothly
into 1,. This adiabatic evolution is contingent upon the per-
sistence of a non-zero energy gap (AE > 0) between the
ground and first excited states. If this gap were to close, the
system would approach a quantum phase transition, permit-
ting non-adiabatic transitions and a potentially discontinu-
ous change in the ground state’s character. This principle
is illustrated in Figure 4a, which presents the ground state
wavefunction of the H, molecule at five bond lengths. In this
representation, the state is expanded in a basis corresponding
to the occupation of molecular orbitals by the two covalent
electrons. The figure demonstrates that the coefficients of
the primary basis states, such as the covalent configurations
|01) and [10), vary very gradually and in close relation to
the changes in the internuclear distance.

To further demonstrate that systems with similar configu-
rations (e.g., bond lengths for molecules) exhibit correlated
behavior, we construct Fig. 4b, which quantitatively shows
the overlap between ground states of VQE tasks at differ-
ent bond lengths for LiH dissociation. The heatmap places
bond length along both axes, with each point (x, y) denoting
the overlap between ground states at those lengths. Bright
yellow regions correspond to high overlap (evident at small
bond length differences), while overlap diminishes at ex-
treme bond lengths. Complementing this, Fig.4c illustrates
that such similarity can be inferred directly from the task
Hamiltonians. Specifically, we compare the task Hamiltoni-
ans via their non-trivial Pauli coefficients using the ¢ norm,
and compute affinities through a Gaussian kernel (details
in Section 5.2.4). This coefficient-based approach yields con-
sistent insights, confirming that neighboring tasks share
structural and spectral similarity.

These observations have direct implications for TreeVQA.
Since the VQA’s quantum state is prepared by a parameter-
ized unitary transformation, the continuity of the ground
state wavefunction implies that the optimal set of variational
parameters is also a continuous function of the system’s
Hamiltonian. The TreeVQA algorithm is designed to capital-
ize on this insight. It leverages the expected continuity of
optimal parameters to guide and accelerate the optimization
process for a family of related Hamiltonians. Furthermore,
TreeVQA incorporates a dynamic monitoring mechanism
capable of detecting signatures of a quantum phase transi-
tion, such as abrupt changes in the optimization landscape,
allowing it to adapt its strategy and effectively navigate these
critical points. Finally, although these ideas are motivated
here in the context of molecular chemistry, the underlying
principle generalizes across domains.

4 TreeVQA: Tree-based VQA Execution

TreeVQA is a hierarchical framework designed to efficiently
handle applications involving multiple variational quantum
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Figure 4. (a) Ground states of H, and its Molecular Orbital schematic [39] (b) Similarity of ground states of LiH at different
bond lengths. (c) Hamiltonian similarity across the VQA tasks, computed through TreeVQA similarity metric (Section 5.2.4).

algorithm (VQA) tasks with underlying similarity. By clus-
tering related tasks, TreeVQA adaptively optimizes shared
circuit parameters across groups, thereby reducing the total
number of quantum measurements. As optimization pro-
ceeds, clusters are recursively subdivided, enabling increas-
ingly fine-grained adaptation to each Hamiltonian. Fig. 2b il-
lustrates this process for an application with eight VQA tasks,
each associated with a distinct Hamiltonian (H; through Hy).
For example, these Hamiltonians could represent a molecule
evaluated at eight different geometries (e.g., bond lengths),
where each H; corresponds to the molecular Hamiltonian at
a specific geometry. The objective is then to find the ground
state at each geometry. TreeVQA execution is detailed below:

1. To begin, all VQA tasks are initially grouped into a single
cluster, as they may share a suitable reference quantum
state (note: this is not required in TreeVQA - one could
also start with multiple clusters if desired). Each cluster
corresponds to a single “mixed" Hamiltonian that repre-
sents all task Hamiltonians within it (see Section 5.2.1
for details). In Figure 2b, this is shown in blue as Hy;p;
(Level1, Branch1). Variational optimization is then per-
formed on an ansatz, with its parameters updated based
on the expectation value of the mixed Hamiltonian. This
single-cluster execution continues until branching events
occur, as described next.

2. After a warmup phase, the optimization of each VQA clus-
ter is monitored using a sliding window method that eval-
uates slopes (see Sections 5.2.2). When a split condition is
triggered, signaling either stagnation in optimization or
divergence among Hamiltonians within the cluster, the
cluster is divided. The split is guided by precomputed task
similarity information (see Section 5.2.3). In Figure 2b,
after Tj iterations of single-cluster execution, the process
branches into two clusters, shown in green.

3. The splitting process employs similarity-based cluster-
ing (see Section 5.2.5) to identify natural groupings of
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Figure 5. TreeVQA: A central controller and VQA clusters

Hamiltonians. In the example, the first three tasks exhibit
similar characteristics and are grouped into one cluster
with mixed Hamiltonian Hj,p, (Level 2, Branch 1), while
the remaining five tasks form a second cluster with mixed
Hamiltonian Hj,p, (Level 2, Branch 2). Each new clus-
ter inherits the parameters of its parent, enabling warm-
started optimization.

4. This hierarchical splitting process continues recursively;
for instance, the second branch may further divide into
two level-three branches (yellow). Each split occurs only
when the specified conditions are met, ensuring efficient
utilization of quantum resources. The procedure termi-
nates either when the total shot budget is depleted or
when convergence is achieved (see Section 5.1). Addition-
ally, post-processing steps are applied to refine the results
(not shown in the figure, see Section 5.3).

5 TreeVQA Framework Architecture

The TreeVQA framework is designed as a central controller
to orchestrate the execution and communication among the
VOQA clusters. We discuss these next.



5.1 TreeVQA Central Controller

The Central Controller orchestrates the overall execution
of the algorithm, including cluster creation, splitting logic,
resource coordination, and enforcement of the global shot
budget, as illustrated in Figure 5. The controller workflow is
detailed in Algorithm 1.

For a given application, TreeVQA receives the set of task
Hamiltonians and their initial states (e.g., Hartree-Fock,
CAFQA, or Red-QAOA [63]; see section 8 for details). Based
on the number of unique initial states, TreeVQA initializes
a corresponding number of VQA clusters, each containing
Hamiltonians sharing the same initial state. The controller
manages the entire process: each VQA cluster optimizes its
assigned Hamiltonians and may split into child clusters as
necessary (see subsection 5.2), with child clusters inheriting
parameters from their parent. After all iterations, a final post-
processing step evaluates each Hamiltonian across all cluster
states to select the optimal solution (see subsection 5.3).

Algorithm 1 TreeVQA Global Controller
., HN}, total shot budget

1: Input: Hamiltonians {Hj, ..
Smax, ansatz A

2: Initialize root cluster Cy « {Hy,...,Hn}

3: C e {C()}, Stotal < 0

4: while Siopa1 < Spax do

5: for each cluster C € C do

6: VQA-CLUSTER-STEP(C) > See Algorithm 2

7: Stotal < Stotal + S¢ > Cluster shot usage

8: end for

9 Update C by replacing split clusters with their chil-
dren

10: end while
11: Cﬁnal «— C
12: for each Hamiltonian H; do

> Final cluster set

13: for each cluster C € Cgpq do

14: Elc — (Y(6c)|H;il¥(6c)) > Post-processing
evaluation

15: end for

16: Chest (H;) «— argmingee, EIC > Best state for each
Hamiltonian

17: end for

18: Return: For each H;, the best energy EI.CbESt and corre-

sponding state ¥/(0¢, ., (i,))

5.2 VOQA Cluster Functionality

A VQA Cluster is a fundamental computational unit in the
TreeVQA framework (see zoomed region in Figure 5), respon-
sible for jointly optimizing a shared parameterized quantum
state |i/(0)) over a subset of Hamiltonians {Hj, Hy, ..., HN}.
By aggregating the Pauli terms from its assigned Hamilto-
nians, the cluster constructs a mixed Hamiltonian and per-
forms collective parameter optimization to approximate the

Yuewen Hou, Dhanvi Bharadwaj, and Gokul Subramanian Ravi

ground states of all members, leveraging their similarity. If
the optimization trajectories of certain Hamiltonians diverge
significantly (quantified by a similarity metric) the cluster
adaptively splits into child clusters to maintain optimiza-
tion efficiency and accuracy. We detail the functionality of
the VQA Cluster and the design philosophy behind it in the
following subsections.

Algorithm 2 VQA-Cluster-Step

1: Compute the mixed Hamiltonian Hyixed
2: Compute similarity matrix S¢
3: Initialize parameters 0¢ (inherited from parent)
4: while true do
5: Optimize ¢ over the mixed Hamiltonian.
6: Track loss values for the mixed and individual Hamil-
tonians.
7: if warmup period is complete then
8: Compute slope, ;. .q Vvia linear regression on
mixed loss
9: Compute slope; for each H; € H¢
10: end if
11: if slope, i .q < €split Or any slope; > 0 then
12: Split C into Cy, C; via spectral clustering on S¢
13: Inherit parameters: 0¢, = 0¢, = 0¢
14: Mark C as retired
15: return C;, C;
16: end if

17: end while
18: Record shot usage S¢

5.2.1 Cluster Mixed Hamiltonian Construction. When
the target application’s Hamiltonians vary over its tasks,
small but nonzero integrals can emerge or vanish [62], re-
sulting in new or missing Pauli terms in its qubit Hamil-
tonian. To handle multiple Hamiltonians consistently, the
VQA cluster first identifies the superset of all Pauli terms:
P = Ufil{Pj | Pj € H;}, |P| = M. Then, for each Hamil-
tonian H;j, it pads any missing terms in # with zero. Since
many of these extra terms arise from integrals that are either
zero or negligibly small, the padding is typically minimal, and
any new coeflicients are close to zero. Thus, while padding
ensures consistency across VQA tasks, it does not signif-
icantly increase the Hamiltonian’s complexity or alter its
underlying characteristics.

The cluster’s mixed Hamiltonian (which represents the set
of Hamiltonians this cluster will handle) is given by: Hixed =
I Hfadded =1 (% >N cl-k) Py. This construction
yields a Hermitian operator according to the linearity of
quantum mechanics, incurs minimal computational cost,
and provides a representative optimization landscape for
all cluster members. The corresponding objective function is:

L£(0) = (Y(0) | Hmixeal ¥ (0)) = & SN (p(0)[H**y(0)).
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5.2.2 Iterative VQA Optimization and Sliding Win-
dow Slope Monitoring. After the preliminary step, VOA
optimization is performed on each cluster’s mixed Hamil-
tonian, iteratively updating the cluster’s ansatz parameters
0 using the selected VQA optimizer. In this work, we focus
on the Simultaneous Perturbation Stochastic Approximation
(SPSA) optimizer [59], though the framework can be gener-
alized to other optimizers. The parameter update is given
by: 0411 =0, — s %f@_m), where A; is a random
perturbation vector and 7, is the learning rate.

After Tyarmup steps, allowing the optimizer to freely ex-
plore the parameter space without splitting constraints, we
compute a running slope over a window of W loss values:
slope, = LinearRegression ({L(0;-w+1),...,L(6:)}) . For
each Hamiltonian H; in the cluster, we also track slope; , after
each iteration in the same way, where £;(0) = (y/(0)|H;|y(0)).
Notably, this individual tracking incurs only a linear classi-
cal computational cost, not a quantum execution cost. This
tracking is used in the next subsection.

5.2.3 Cluster Splitting. The tracking described above al-
lows for cluster splitting when appropriate, ensuring that
each VQA task reaches its own target. We trigger the splitting
if either of the following conditions is met: [slope,| < €gpiit
or 3i, such that slope; , > 0 These conditions capture both
a stalled overall optimization and an unproductive path for
any individual Hamiltonian within the cluster.

If splitting is not triggered, the optimization will continue
until retirement. However, when splitting occurs, it indicates
that the cluster has determined that some Hamiltonians are
too distant from others to be optimized together. As a result,
the cluster will be divided into several new clusters. The key
challenge is to identify which Hamiltonians are "far" from
the others and which are "close," i.e., to quantify distances
between Hamiltonians. Moreover, the distance should cap-
ture both gradient direction and ground-state energy shift
while remaining efficient to compute; we discuss this next.

5.2.4 Hamiltonian Similarity: Hilbert Space Distance
and Gradient Alignment. To quantify the similarity be-
tween Hamiltonians H; and H;, we compute the ¢ norm
between their padded coefficient vectors:

¢i = (cit,...oam),  d(HyHj) = llei — ¢jlly = ot e —
cjk|- This metric is computationally efficient and serves as a
practical proxy for Hilbert space proximity, as the operator
norm difference between two Hamiltonians is bounded by
their # coefficient distance:

|H; —Hjllop = ||Z£4=1(c,~k - Cjk)PkHop < d(H;, Hj). Accord-
ing to perturbation theory [55], if ||H; — Hj||op < A (Where
A is the spectral gap), the ground-state energies and eigen-
states of H; and H; remain close. Thus, a small # distance
indicates similar ground-state properties and optimization
landscapes.

To facilitate smooth and normalized pairwise similarity,

d(H;,H;)* )

202 E]
where o is set to the median pairwise distance in the dataset.
The resulting similarity matrix S € RV*N guides cluster
splitting. Beyond static similarity, the #; distance also reflects
the alignment of gradient directions during VQA optimiza-
tion. The gradient of the loss function (¥ (6)|H;|¢(0)) with
respect to parameters 0 is determined by the dominant Pauli
coefficients in H;. Hamiltonians with similar coefficient vec-
tors yield aligned gradients, enabling effective joint opti-
mization within a cluster. Conversely, a Hamiltonian with
a distinct coefficient vector will have a divergent gradient
direction, impeding convergence if grouped with dissimilar
tasks. The similarity matrix S thus not only encodes Hilbert
space proximity but also captures the coherence of optimiza-
tion trajectories. When the similarity matrix is available,
spectral clustering [67] is employed to partition the cluster
when the splitting condition is met, as shown below.

we construct a Gaussian (RBF) kernel: S;; = exp (—

5.2.5 Cluster Assignment via Spectral Clustering. Upon
triggering a cluster split, we apply spectral clustering to the
similarity matrix S to partition the Hamiltonians into ho-
mogeneous subgroups. Spectral clustering constructs the
normalized Laplacian of S, computes its leading eigenvec-
tors, and performs k-means clustering in this reduced space
to assign each Hamiltonian to one of two child clusters [67].
This approach efficiently identifies natural divisions in the
similarity structure, ensuring that Hamiltonians with greater
similarity are grouped together. Each child cluster inherits
the parent’s parameter values, enabling warm-started opti-
mization and continuity in the variational process.

5.3 Post-Processing

After reaching the shot budget limit (Siota] > Smax), TreeVQA
performs post-processing to ensure optimal results for each
Hamiltonian. At this stage, we have a set of final clusters
Chtinal, €ach with its own optimized quantum state |/(0¢))
as shown in Algorithm 1. For each individual Hamiltonian
Hj, we evaluate its expectation value on all optimized states
from the final clusters. We then select the best state for each
Hamiltonian based on these expectation values. The post-
processing approach is computationally efficient because
each cluster already logs the expectation values of individual
Pauli terms during optimization. Evaluating a Hamiltonian
on states from different clusters is essentially a classical
recombination of stored values with different coefficients.

6 Tailoring for QAOA

TreeVQA is broadly suited for all VQAs, but its implemen-
tation is more directly suited to VQE. In this section, we
discuss tailoring it for QAOA.

The QAOA ansatz consists of a circuit with p alternating
parameterized layers acting on an initial state |¥). Each
layer ¢ applies the phasing operator e~¥¢*, adding a com-
plex phase to each bitstring x based on its cost c(x) from



the QUBO and a real-valued parameter y,. This phasing step
is applicable to any QUBO [19]. The mixing layer, e~#¢5,
combines quantum state amplitudes, with the coefficient de-
pending on the Hamming distance between states and a real-
valued parameter ;. Specifically, B = 3; X;, so e"#B can
be implemented as single-qubit R, rotations on each qubit.
The goal is to optimize the 2p parameters (7, E) to maxi-
mize quantum amplitudes for optimal or near-optimal bit-
strings x. The performance of QAOA depends on the choice
of parameters (y, ﬁ), and optimizing these parameters can be
highly non-trivial [2, 8, 14, 15, 27, 28, 40, 41, 60, 69]. A com-
mon approach is variational optimization, where a quantum
computer estimates the expectation value of the quantum
state induced by QAOA with parameters (7, ﬁ) with respect
to the cost operator C. A classical computer then updates
¥, E) using this estimate, along with previous ones, and
the quantum-classical loop continues until a convergence
criterion is met.

The standard QAOA ansatz is problem-specific and mini-
mally parameterized, typically using only 2p parameters. To
implement TreeVQA effectively, we adopt a circuit ansatz
that generalizes across problem instances, enabling the rep-
resentation of problems with shared structure. For finer con-
trol in splitting during TreeVQA, we increase the number
of classical parameters per QAOA layer. We achieve this
by implementing the multi-angle QAOA (ma-QAOA) [29],
which enhances the expressivity of the traditional structure
by assigning individual parameters to each term in the cost
and mixer operators, instead of using a single angle for each.
Spec1ﬁcally U(C,7p) = e Zami Carra = T]M ¢~iCa¥ta, and
U(B, /3[) = e 1 Zpa Bobrr = [, e~ BvPey Here, m is the
number of clauses and n is the number of qubits. The to-
tal number of parameters becomes (m + n)p. The standard
QAOA is a special case of ma-QAOA, where all parameters
within a cost or mixer layer are identical. ma-QAQA ex-
pands the parameter space, allowing TreeVQA to explore
more complex solution landscapes and improve optimization
efficiency.

7 Methodology
7.1 Benchmarks

Table 1. Chemistry Benchmarks

H, LiH | BeH, | HF C,H;
# Ham. terms 15 496 810 631 5945
Qubit numbers | 4 12 14 12 28

Bond range (A) | .74-83 | 1.4-1.7 | 1.2-1.47 | 83-1.1 | 1.15-1.25
Eq bond (A) | .741 | 1595 | 1333 | .917 |12

Chemistry Benchmarks: We select H,, BeH,, LiH, HF,
and C;H, as primary chemical benchmarks. Using Qiskit’s
Jordan-Wigner mapper [65], we convert the fermionic Hamil-
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tonian in the STO-3G basis to a qubit Hamiltonian, with the
resulting terms and qubit counts shown in Table 1. All molec-
ular spin orbitals are left open [12], enabling TreeVQA to dis-
tinguish configurations near equilibrium. We initialize both
TreeVQA and the baseline to start with the Hartree-Fock
state unless specified otherwise. Each benchmark includes
10 bond-length instances spaced by 0.03 A. For H,, we use
the UCCSD ansatz with 5 instances due to its smaller size.
TreeVQA is also applicable to a broader range of molecule
geometries.
Physics Benchmarks: We evaluate two spin—% models:
(1) The Heisenberg XXZ chain with Hamiltonian Hxxz =
Zi (olot 4ol ot + Actoit!), where A s the anisotropy
parameter that drives transitions between gapless (|A| < 1)
and gapped phases, with a BKT transition[61] at A =1;and
(2) The transverse Ising model with Hpy = —J Z ol ’“
h 3N o, which exhibits a quantum phase transmon at h J
between ordered and disordered phases[17]. For both mod-
els, we set J = 1 and use Qiskit’s LinearMapper[50] for
spin-to-qubit mapping.
QAOA Benchmark: The Maximum Cut (MaxCut) is a well-
studied NP-hard problem in graph theory, widely used as
a benchmark for QAOA. It has applications in statistical
physics and circuit design, and involves partitioning the
vertices of a graph into two complementary subsets to max-
imize the sum of edge weights crossing the cut. The cost
Hamiltonian for a graph G with edge set E(G) is Hc =
2(i,j)€E(G) %wij (I - ZiZ;) , where w;; are edge weights. We
benchmark TreeVQA on MaxCut as it enables exploration of
diverse graph structures under uniform optimization settings.
In particular, we evaluate graph instances derived from the
IEEE 14-bus test system [66], a canonical dataset in power
systems. Solving MaxCut on these graphs identifies optimal
partitions that maximize power transfer while minimizing
inter-partition dependencies; this is key for system reliabil-
ity and distributed energy coordination in smart grids [33].
In these graphs, buses correspond to vertices and transmis-
sion lines/transformers to edges, yielding a weighted graph
well-suited for QAOA. We construct isomorphic graph rep-
resentations where nodes denote buses and weighted edges
capture line capacities influenced by load conditions. By scal-
ing load values, we vary edge weights to simulate operating
regimes from light to heavy demand.

7.2 Evaluation Metrics

We define each benchmark instance, such as molecular con-
figurations at different bond lengths or physical models at
varying parameters, as a task. For each task i, with Eg;
denoting the ground-state energy, the error is defined as

€ = quq Ei , with fidelity F; = 1 — ¢;. Since TreeVQA collec-
tively solves multiple tasks for an application, we aggregate
error and fidelity across the N subproblems. We define the

fidelity threshold T: VF;,i € {1,2,...,N}, F;>T.
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Figure 6. Shot reduction for TreeVQA compared to the baseline, for a fixed fidelity target across benchmarks.

7.3 Baseline and Evaluation Parameters

The baseline is conventional VQA, where each task within an
application is executed independently with an equal alloca-
tion of shots. Unless otherwise specified, we employ the SPSA
optimizer [59] with a mini-batch size (Nevals-per-iter) of 2. For
rigorous and consistent comparison, we set Nper-eval = 4096+
(number of Pauli terms) for all VQA tasks in both the base-
line and TreeVQA. Thus, each Pauli term is sampled 4096
times per evaluation, ensuring statistical accuracy in the mea-
surement outcomes (see subsection 2.2). As detailed in Sec-
tion 2.2, this is a conservative estimate; for larger Hamiltoni-
ans, TreeVQA can yield even greater shot reductions. The to-
tal shot count is given by Nyveral = (# iterations) X 2 X 4096x
(number of Pauli terms). While Nper-eval could be further re-
duced by grouping Pauli terms into Qubit-Wise Commuting
(QWC) sets, this constant-factor improvement does not affect
the relative shot reduction ratio, which is our primary met-
ric. Benchmark-specific shot budgets are chosen to ensure
TreeVQA reaches convergence. Iteration counts typically
range from 16,000 to 30,000, except for the simpler H; sys-
tem, which converges within 300 iterations.

7.4 Simulation Framework

TreeVQA is evaluated using Qiskit’s AerSimulator [32]. For
noiseless simulations, we utilize the StatevectorSimulator
to obtain exact quantum state distributions. For realistic
noise studies (see Section 8.7), we employ Qiskit’s density
matrix simulator with device-calibrated noise models, incor-
porating both discrete Pauli errors (from reset, measurement,
and gate operations) and continuous decoherence processes
(T1, T2). To enable scalable simulation of large systems, we
leverage the PauliPropagation method [54], which provides
efficient, low-error simulation beyond the capabilities of con-

ventional approaches, enabling studies of systems such as
C,H, and 25-site Ising chains. For all noiseless experiments,
we use the Hardware Efficient Ansatz [1] with two layers of
circular entanglement; in noisy settings, we increase to five
layers to amplify the effects of noise on fidelity.

8 Evaluation
8.1 VOQA Shot Reduction for a Fidelity Target

The goal of this evaluation is to estimate the VQE shot sav-
ings achieved by TreeVQA over the baseline, which executes
each VQE task independently, for different fidelity thresh-
olds. Results are shown in Figure 6, comparing the total shots
required by TreeVQA and the baseline across all tasks.
Across all six VQE benchmarks, TreeVQA consistently
yields substantial shot savings. For instance, in the HF mole-
cule case, the baseline VQE attains about 98% fidelity across
tasks for ~ 1.5 x 10! shots, whereas TreeVQA achieves the
same fidelity with only 4 x 10° shots — a 34.7x reduction.
As the target fidelity approaches 1.00, TreeVQA'’s shot count
rises because clustered tasks are eventually separated into
distinct VQE instances to reach high-accuracy solutions, each
requiring multiple iterations to converge. Importantly, the
baseline approach would also consume these shots and would
have already expended a substantial number to reach this
fidelity, often making simulation impractical. Thus, TreeVQA
remains more resource-efficient across the fidelity range.
Similar trends appear across other molecular and physi-
cal systems. Shot savings typically range from 30X to 40X,
though some cases differ. In the H, UCCSD benchmark,
the small problem size allows both methods to converge
in fewer iterations, yielding smaller savings. In the XXZ
model, slow convergence causes TreeVQA to split tasks ag-
gressively, slightly reducing its relative advantage. These



cases suggest that further refinements, such as more adap-
tive threshold tuning, could improve TreeVQA’s performance
on more challenging optimization landscapes.

An interesting finding is that TreeVQA often surpasses
the nominal shot-saving bound set by subproblem size. This
arises from its effect on the SPSA learning rate, n; = m,
where the superposition of Hamiltonians increases landscape
curvature, driving larger a and thus steeper gradients. The
higher learning rates speed convergence and persist even
when baselines are tuned, highlighting TreeVQA’s efficiency.

8.2 Fidelity Benefit for a Fixed Shot Budget

Another way to interpret TreeVQA'’s benefit is through fi-
delity improvements under a fixed shot budget. As shown
in Figure 7, TreeVQA consistently achieves higher fidelity
compared to the baseline.

Additionally, TreeVQA leads to lower fidelity variance
in fidelity across different tasks (e.g., varying bond lengths
or magnetic field strengths). This is because the tasks in
TreeVQA are solved in a coordinated fashion, guided by
shared information within clusters. In contrast, baseline
VQEs—executed independently—often exhibit large dispari-
ties in fidelity under a uniform shot budget, since the optimal
allocation for each task is unknown in advance.

8.3 Benefits at Varying Task Precision

Figure 8 shows that TreeVQA’s shot savings increase with
higher precision requirements (smaller step sizes) over a
fixed bond length range. As precision increases, the number
of tasks grows (3, 5, 7, 10, and 30). Due to computational
constraints, results for the finest step size (0.001) are ex-
trapolated, indicated by shaded bars. Shot savings rise from
5-10X at coarse precision to 80-100X at finer precision, ex-
ceeding 250 at the highest precision. This trend is intuitive:
higher precision creates more subproblems with highly sim-
ilar Hamiltonians, which can be effectively co-optimized
within a single VQA cluster, maximizing quantum resource
efficiency. Since practical applications often require high-
precision energy estimates, TreeVQA is expected to provide
substantial benefits in real-world scenarios.

8.4 Estimating Benefits for Large-Scale Problems

To evaluate TreeVQA on large-scale problems that may ap-
proach near-term quantum utility, we consider two bench-
marks: C;H, and a 25-site Ising model (each with ten tasks),
using 28 and 50 qubits, respectively. Simulations are per-
formed with the PauliPropagation method, truncating Pauli
terms with frequencies above 10 [54]. Results are shown in
Figure 9. As classical solvers cannot provide exact ground
states for these systems, we allocate TreeVQA a budget of
10,000 iterations and measure the number of shots the base-
line VQE requires to reach comparable energies. For some
tasks, the baseline does not achieve TreeVQA’s energies
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within the given shots (indicated with hatch lines), suggest-
ing that the actual shot savings will be even higher. Over-
all, TreeVQA demonstrates substantial shot reductions over
the baseline across both benchmarks. The lower benefit ob-
served for C2H, compared to the Ising model partly reflects
the limited computational budget allocated to C;H, (due to
runtime constraints). In fact, the average energy gap between
TreeVQA and the baseline is greater for C;H; than for the
Ising model. With additional budget, the shot savings for
CyH, would likely approach those observed for the Ising.

Additionally, we also evaluate the TreeVQA on the above
setting under realistic noise. We use circuit-level noise model [6,
16] (psingle—qubit—gate = 0.1%, Prwo—qubit—gate = 0.5% and
Preadout = 0~05%)~

8.5 TreeVQA integrated with good VQE Initialization

Although TreeVQA significantly reduces quantum hardware
execution (shot) costs for VQAs, it is not the only approach
to do so. Shot costs can also be reduced via classical initializa-
tion: if good VQA parameters are identified classically, quan-
tum execution can start from these parameters, accelerating
convergence. For VQE, the state-of-the-art classical initializa-
tion method is CAFQA [51], which finds initial parameters
using a Clifford-only search strategy. While CAFQA achieves
high initialization accuracy, its benefits (and those of any clas-
sical initialization) diminish as the inherent quantum-ness
of the problem increases, since classical methods can only
resolve the “easy” classical component, leaving the harder
quantum portion to iterative quantum execution.

Even with accurate classical initialization, TreeVQA pro-
vides substantial additional benefits. In Fig. 10, we evaluate
the LiH molecule at a bond length of 3.15—-3.24 at a precision
of 0.01 A, where CAFQA achieves 95.5% initialization accu-
racy. Using CAFQA parameters to initialize both baseline
VQE and TreeVQA, we find that TreeVQA recovers the resid-
ual energy gap between the CAFQA initialization and the
true ground state with far fewer shots. Specifically, TreeVQA
recovers 30% of this gap using 7.3X (i.e. 1.8x101°) fewer shots.
These benefits are expected to increase for more challenging
problems where classical initialization is far less effective.

8.6 Untuned TreeVQA with Alternate Optimizer

In previous sections, we demonstrated the benefits of TreeVQA
with the SPSA optimizer, one of the most widely used op-
timizers for VQAs. To maximize performance with SPSA,
we carefully tuned TreeVQA’s strategies and hyperparame-
ters to align with SPSA’s functionality (see Section 9.1 and
Section 9.1). However, TreeVQA is not tied to any single op-
timizer. In this section, we highlight its effectiveness with an
alternate optimizer, COBYLA (Constrained Optimization BY
Linear Approximations), when running VQE across diverse
applications. COBYLA can be advantageous in noisy, non-
smooth optimization landscapes since it does not rely on
gradients, but it scales poorly with large parameter counts
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tion.

and can become trapped in local minima. Unlike SPSA’s
stochastic gradient-based updates, COBYLA relies on local
linear approximations, making its optimization dynamics
fundamentally different, potentially posing a challenge for
TreeVQA. Thus, demonstrating TreeVQA'’s benefits in this
setting, without any additional fine-tuning, underscores its

Energy Gap Recovered (%)

11

All prior evaluations in this work are based on noiseless
simulations. Since TreeVQA primarily modifies the VQA
execution strategy rather than the hardware itself, bene-
fits observed in noiseless settings are expected to largely
carry over to real quantum devices. To validate this, we eval-
uate TreeVQA using noisy device simulation with LiH as
a benchmark. To accentuate noise effects, we increase the
ansatz entanglement layers from 2 to 5, as deeper circuits
are both more sensitive to noise and more representative of
problem-tailored ansatz, which typically exceed the depth
of the Hardware Efficient Ansatz [44].

For noisy simulations, we employ Qiskit’s highest opti-
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Figure 12. TreeVQA shot savings for QAOA.

mization level with error mitigation enabled [38, 45]. The
COBYLA optimizer is used instead of SPSA, as SPSA con-
verges too slowly under noise. As shown in Table 2, TreeVQA
achieves substantial shot savings even in noisy conditions.

8.8 TreeVQA Benefits for QAOA

To demonstrate TreeVQA’s applicability beyond VQE, we
evaluate its performance on QAOA for MaxCut problems
using the IEEE-14 bus system (see Table 7.1). This system is
modeled as a 14-node undirected graph. We consider three
load scale ranges: 0.5 to 1.5, 0.8 to 1.2, and 0.9 to 1.1, rep-
resenting increasing levels of similarity among problem in-
stances, from extreme planning scenarios to typical opera-
tional variations and small forecasting errors. For each range,
we generate 10 graphs with edge weights determined by
equally spaced load scales, and solve all 10 MaxCut instances
jointly with a single TreeVQA run. For all graphs in our
experiments, we use the state-of-the-art classical QAOA ini-
tialization method Red-QAOA [68]. Red-QAOA applies a
graph-pooling technique to generate the initial state for un-
weighted MaxCut problems. In our case, since the graphs
are isomorphic and differ only in edge weights, the initial
state remains the same for all.

To quantify graph similarity within each range, we com-
pute the edge weight variance (purple bars in Figure 12). All
graphs are aligned to a common node ordering, and the vari-
ance is calculated as the average squared deviation of each
graph’s edge weights from the mean graph. As shown in Fig-
ure 12, TreeVQA achieves over 20X shot savings (blue bars)
when problem instances are more similar (lower variance),
highlighting its ability to exploit shared structure across re-
lated tasks. Even as the variance increases, benefits remain
significant (greater than 10x). These results confirm that
TreeVQA'’s benefits extend to combinatorial optimization
and that leveraging task similarity can significantly reduce
quantum resource requirements.

9 Discussion
9.1 Hyperparameter Analysis

We examine key TreeVQA hyperparameters—window size
and threshold—both of which will eventually affect the split-
ting timing. Thus we will first analyze the splitting timing
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Figure 13. Analysis of splitting points and their impact on
TreeVQA performance

effect. To further help the analysis, we introduce the Tree
Critical Depth, defined as the longest path from the root to a
leaf in the TreeVQA tree (see Figure 2b). This metric serves
as a proxy for splitting time, with more effective splitting
typically resulting in shallower trees.

Analysis of Cluster Splitting Timing: Cluster splitting
is central to TreeVQA’s performance, so we study how its
timing affects VQE accuracy and efficiency. We conduct ex-
periments on three chemistry benchmarks and manually
determine the splitting time, with each point in Figure 13
showing the final error rate when splitting occurs at different
stages of optimization (expressed as a percentage of total
iterations). We found that the optimal timing is application-
dependent (motivating an intelligent controller) but typically
occurs mid-optimization (the H, benchmark performs best
with later splitting due to its smaller problem size, which
reduces the risk of overfitting even in later stages). Splitting
too early prevents subproblems from exploiting shared pa-
rameter regions, wasting resources, while splitting too late
causes overfitting to the mixed Hamiltonian, requiring extra
shots to escape local minima. Both cases yield fidelity losses
of several percentage points under a fixed shot budget, large
enough to compromise chemical accuracy.

Window Size Analysis: The window size determines
how many iterations are averaged to estimate the gradi-
ent slope for convergence detection (Sec. 5.2.2). Figure 14
shows how this hyperparameter affects TreeVQA’s perfor-
mance. Small windows make the algorithm noise-sensitive,
causing premature splitting, while overly large windows de-
lay needed splits and risk overfitting. Sweep experiments
show that a moderate window of 0.01%-0.02% of total iter-
ations strikes the best balance, capturing convergence pat-
terns while remaining responsive. This empirically yields up
to a 5x reduction in VQA error compared to other choices.
While adaptive windowing may offer further gains, we leave
it to future work.

Splitting Threshold Analysis: The threshold parameter
controls the aggressiveness of splitting, with larger values
making splits less frequent. Sweeping a logarithmic range
of thresholds reveals an optimal middle ground, achieving
up to a 5X reduction in overall VQA error under a fixed shot
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budget. Excessively high thresholds delay splitting, causing
overfitting to the mixed Hamiltonian, while low thresholds
trigger premature splits and waste shots. In practice, suitable
thresholds can be selected by profiling gradient slopes, as
optimal values depend on Hamiltonian structure and opti-
mizer dynamics. Overall, even with moderate hyperparame-
ter choices, TreeVQA consistently provides significant shot
savings and high accuracy, demonstrating robustness com-
pared to baseline VQE.

9.2 Expanding TreeVQA scope

Beyond the Target Applications: TreeVQA’s hierarchical
clustering and adaptive shot allocation naturally extend to
Quantum Machine Learning (QML). Penalty terms in QML
loss functions can play roles analogous to bond lengths or
magnetic fields, enabling efficient training of multiple models
on the same dataset with reduced quantum costs.

Beyond SPSA and COBYLA: TreeVQA is compatible
with any optimizer, requiring only cost function evaluations.
It can also leverage optimizer-specific behavior — for in-
stance, using Implicit Filtering’s adaptive step sizes to adjust
cluster granularity dynamically: coarser grouping during
broad exploration and finer clustering when high precision
is needed.

Beyond the NISQ Era: Although VQAs are often asso-
ciated with NISQ due to their noise resilience, they remain
compelling because of their practical applications and strong
theoretical support [71]. VQAs are also relevant in the early
fault-tolerant (EFT) regime, where limited quantum error cor-
rection still yields logical error rates too high for algorithms
like QPE or Shor’s algorithm. Consequently, recent efforts
have extended NISQ-like methods into the EFT regime, in-
cluding work on uncorrected RZ gates with error-corrected
Cliffords [31] and VQAs on partially error-corrected de-
vices [10, 35]. Since TreeVQA operates at a higher level of
abstraction, it can be applied to EFT systems regardless of
the underlying gate set (e.g., Clifford+T or Clifford+RZ), en-
abling significant resource savings in this emerging regime.

10 Related Work

One class of techniques reduces the number of Pauli measure-
ments by grouping Pauli strings that can be measured simul-
taneously—either mutually qubit-wise commuting terms [20]
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or non-commuting terms that are transformed into com-
patible unitary sub-Hamiltonians [70]. ADAPT-VQE [24]
also truncates Hamiltonian terms based on their contribu-
tion to the energy, though it was originally designed for
circuit-depth reduction. These approaches are orthogonal
to ours and can be integrated with TreeVQA; however, they
introduce their own trade-offs, such as complex grouping
heuristics or increased circuit depth due to additional unitary
transformations.

Another line of work focuses on reducing the number of
optimization iterations per individual task, for example, by
warm-starting VQAs with classical surrogates [52] or by re-
ducing problems to simpler forms [68]. Our evaluation in sub-
section 8.5 and subsection 8.8 demonstrates that TreeVQA
can seamlessly combine with these methods to achieve ad-
ditional benefits. However, these works do not address the
multi-task structure that is inherent in real-world applica-
tions, where multiple related problems must be solved.

To our knowledge, the only prior work that explicitly tar-
gets multi-task VQE is Meta-VQE [7]. Meta-VQE designs
a specialized ansatz that embeds Hamiltonian parameters
directly into the circuit structure to obtain improved pa-
rameter initializations across related tasks. However, it is
limited to that specific ansatz family and lacks dynamic mon-
itoring or adaptive splitting mechanisms, meaning it can-
not exploit cross-task similarity at the fine-grained level re-
quired to achieve the substantial shot savings demonstrated
by TreeVQA.

11 Conclusion

We introduced TreeVQA, a hierarchical framework that sig-
nificantly reduces quantum resource consumption for vari-
ational quantum algorithms (VQAs). By dynamically clus-
tering similar Hamiltonians and adaptively allocating shots,
TreeVQA achieves orders-of-magnitude measurement sav-
ings without compromising accuracy. This approach ad-
dresses the core challenge of costly quantum resources, bring-
ing VQAs closer to practical applications. As quantum hard-
ware advances, TreeVQA's scalable design remains relevant,
supporting efficient execution in future HPC+Quantum sys-
tems and fault-tolerant architectures.
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