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Introduction Learning ground states and their energies remains among the most compelling uses of quantum
computing, with applications in electronic-structure calculations [2], large-scale optimization [3], high energy
physics [4], and quantum sensing [5, 6]. Yet a persistent bottleneck underlies essentially all known approaches
to ground-state preparation and ground-state energy estimation [7–18]: they typically require initialization with
a state that already has nontrivial overlap with the true ground state. How to prepare such “good” initial states
is currently the subject of active debate. Classical experience provides insights into how one might approach
approximate state preparation. One natural strategy is to optimize within a structured variational family. This
perspective has motivated variational quantum methods such as the Variational Quantum Eigensolver (VQE),
a hybrid quantum–classical algorithm that minimizes an energy objective of a parameterized quantum state
preparation circuit. A second common strategy is to exploit adiabaticity—slowly deforming the ground state
of an easy-to-solve Hamiltonian into that of a harder one [19–23]. This principle underlies quantum adiabatic
algorithms for ground-state preparation (in both analogue [24] and digital settings [25]) where one evolves under
a slowly varying Hamiltonian and leverages a spectral gap to suppress unwanted excitations.

Main results In this work, we analyze an iterative training strategy that integrates adiabatic state prepa-
ration [21, 24] into VQE [26]. Starting from a trivial Hamiltonian whose ground state can be prepared using
known circuit parameters, we gradually deform the Hamiltonian along an adiabatic interpolation. At each step,
the variational parameters are initialized around the optimal solution from the preceding Hamiltonian in the
path, and then optimized as seen in Fig. 1.

More formally, consider a general loss function L(α). An iterative training strategy defines a family of loss
functions {L(α, xk)}Kk=1, and uses the solution at step k − 1

α∗
xk−1

= argmin
α

L(α, xk−1) , (1)

as an initialization bias for optimizing L(α, xk). Concretely, the initial parameters for L(α, xk) are chosen ac-
cording to a distribution D peaked at α∗

xk−1
. For a VQE loss function of the form of L(α) = Tr

[
U †(α)ρU(α)H

]
,

the family of loss functions is defined as

LVQE(α, xk) = ⟨ψ|U †(α)H(xk)U(α)|ψ⟩ , (2)

with H(xk) = H0 + xkH1. Importantly, L(α, xK) = Tr
[
U †(α)ρU(α)H

]
corresponds to the original problem we

wanted to solve L(α).
We further generalize this approach from vanilla VQE to meta-VQE [27], in which a single parameterized

model is trained to output near-optimal parameters across a family of Hamiltonians.
To formalize the benefits of iterative methods in warm starts, we derive a theorem showing that at each

step of the iterative procedure both VQE and Meta-VQE maintain trainable gradients. Concretely, the theorem
establishes a non-exponentially vanishing lower bound on the loss variance within a hypercube centered at
the previous optimum, provided that: (i) consecutive Hamiltonians are sufficiently close, (ii) the previous step
achieved adequate accuracy, and (iii) the initial gate induces a nontrivial local state variation. We find that the
permissible warm-start neighborhood shrinks as the number of variational parameters increases, but expands
with a larger spectral gap. Within this neighborhood, the loss landscape retains sufficient local variation to
provide useful gradients, thereby avoiding barren plateaus. We formalize this in form of Theorem 1 in the paper
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Figure 1: Schematic overview of the iterative training mechanism and its failure mode when
the gap closes. Left: The loss landscape L(α) as a function of the variational parameters α at successive
iterations (colors). When the ground state varies smoothly and the spectral gap remains open, the location
of the minimum drifts continuously, so initializing each step with the previous optimum keeps the optimizer
in a high-gradient region that reliably tracks the moving solution. As the gap closes (yellow dashed box), a
competing global minimum can emerge far from the followed basin, causing the iterative procedure to remain
trapped in the “wrong” minimum past the crossing. Right: Visual representation of the iterative warm-start
strategy, where the optimal parameters at iteration k are used to initialize the step k + 1.

Theorem 1 (informal): Consider a loss function of the form LVQE or the meta-VQE counterpart with an
ansätze with M variational parameters. Suppose we use an iterative training strategy, and assume that the
following conditions are fulfilled:

1. The Hamiltonian change rate, xk − xk−1 is bounded by

|xk − xk−1| ∈ O
(

|∆gap|
∥H1∥s +M∥H(xk)∥s

)
. (3)

2. The infidelity between the true ground state and the one learned variationally in the previous iteration is
bounded by a constant.

3. The generator of the first gate acts non-trivially on the initial state, i.e., ⟨ψ|P1|ψ⟩ = 0.

Consider sampling the parameters αk from a hypercube of width 2r around the previous solution α∗
k−1, then we

can guarantee that

r2 ∈ O
(

|∆gap|
M(∥H(xk)∥s + |∆gap|)

)
⇒ Varα∼D(α∗,r)[L(α, xk)] ∈ Ω

(
r4
)
. (4)

Here we used ∥ · ∥s = λ
(·)
max − λ

(·)
min, where λ(·)max and λ

(·)
min denote the largest and smallest eigenvalues of the

corresponding Hamiltonian.
Theorem 1 provides a step-wise guarantee that, around each warm-start point, the loss landscape does not

become exponentially flat. Consequently, as long as the gap |∆gap| does not close along the path, and as long as
∥H∥s and M do not scale exponentially with the number of qubits, the variance decays polynomially, ensuring
a local region with provable gradients along the iterative path.

The rate at which the Hamiltonian is iteratively updated, i.e., |xk − xk−1|, also needs to be sufficiently
gradual to guarantee a non-exponentially vanishing variance (and hence a non-flat loss landscape). That said,
it is only required to be polynomially small in the number of qubits, and this condition is obtained from a loose,
worst-case bound and may be improvable in practice.
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The second and third conditions capture the intuitive fact that the training at each iteration needs to be
sufficiently successful in order for the next one to be close to the solution, and that the first gate in our circuit
acts non-trivially on the initial state. Note that this later condition is a convenient sufficient condition to simplify
the proof, but this requirement might not be strictly necessary.

To investigate the practicality of our method, we supplement our theoretical results with numerical simula-
tions of the full training process, accounting for realistic shot noise for system sizes up to n = 16. Our results
confirm that the method consistently converges when the gap in the ground state energy does not vanish, provid-
ing a promising path for ground-state preparation on near-term devices in such cases. However, we see that when
the gap closes the method can break down in line with our theoretical predictions and the QMA-completeness
of generic Hamiltonians. This is illustrated in Fig. 2.

The behavior around the crossing can be understood from the locality of the optimization. Before the
crossing, the tracked state coincides with the global minimum; after the crossing, the same continuous trajectory
persists but corresponds only to a local minimum. Since the optimizer explores the landscape locally, nearby
parameter updates typically increase the energy, making it difficult to transition to a different branch that
becomes energetically favorable after the crossing. Escaping this would require an initialization already aligned
with the post-crossing ground state, which cannot be guaranteed without prior knowledge of the solution.

Consequently, the issue at hand is not due to barren plateau phenomena or shot noise, but rather a funda-
mental limitation of local, iterative optimization strategy in the presence of spectral crossings. In this sense,
the phenomenon is closely related to the bottlenecks encountered in adiabatic (or adiabatic-like) ground-state
preparation strategies when the gap closes.

Figure 2: Energy spectra learned with warm-start VQE. Left: XY model HXY(x) = −J
[
Hσx +

Hσy + x(Hσx − Hσy)
]
, with Hσj =

∑n−1
i=1 σ

(i)
j σ

(i+1)
j , σj ∈ {σx, σy}. Right: transverse-field Ising HI(x) =

−J
∑n

i=1 ZiZi+1 − x
∑n

i=1Xi − Y1X2 · · ·Xn−1Yn.For each value of the field parameter x the optimization is
initialized with the parameters obtained at the previous point. Solid lines show the exact ground-state and
first-excited energies as functions of x, and markers show the corresponding estimates obtained under synthetic
shot noise with nshots = 104. In the Ising row, the vertical dashed line indicates the critical point at x = 1.
All data are for n = 16 spins and circuit depth L = 16.

Conclusions This work investigates iterative warm-start training for variational optimization, where each
instance is initialized using parameters optimized for a neighboring instance. This iterative framework offers
distinct advantages. Unlike standard adiabatic evolution, which often requires significant evolution time (or
circuit depth, if the implementation is digitalized) to satisfy the adiabatic theorem, this variational approach
can search for a “shortcut to adiabaticity” within a constrained, lower-depth ansatz. Furthermore, the ability
to reliably produce approximate ground states makes this method highly valuable for fault-tolerant algorithms
by serving as high-overlap inputs, thereby reducing the total runtime required to achieve high-precision energy
estimates. Taken together, these results position iterative warm-start variational methods as a potential route
to overcoming trainability barriers in variational quantum algorithms.
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