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Introduction. Physical systems rarely sit exactly in their ground state. At finite temperature, a system
weakly coupled to a large environment relaxes toward thermal equilibrium, and its equilibrium properties
are described by the Gibbs state. Preparing Gibbs states on quantum computers has developed into an active
research area. Efficient preparation with provable guarantees has been established in the high-temperature
regime [1], and exact quantum Gibbs samplers have been constructed for general local Hamiltonians [2]. These
algorithms target fault-tolerant devices, and the circuit depths and error rates they require place reliable
execution beyond near-term hardware. A complementary line of work tailors algorithms to near-term devices
through variational optimization. Variational quantum imaginary time evolution (VarQITE) [3, 4] has been
adapted to Gibbs-state preparation [5–7]. Although these methods run on near-term hardware, they inherit
limitations of variational training. Several cost functions exhibit barren plateaus, and even when barren
plateaus are absent, the number of variational parameters often grows with system size, increasing the
number of circuit evaluations and limiting scalability.

In this work, we introduce PP-VarQITE, a method that constructs variational circuits approximating
ground and Gibbs states by combining VarQITE with Pauli propagation (Fig. 1). VarQITE evolves the circuit
parameters along imaginary time using a metric matrix and a gradient vector built from expectation values
of the parametrized circuit. We compute these expectation values classically with Pauli propagation, which
removes the costly iterative quantum optimization and the shot overhead associated with barren plateaus.
The ansatz is designed to remain shallow and executable on near-term hardware. As we detail below, PP-
VarQITE prepares faithful ground and thermal states for up to 100 qubits (50 system qubits), reaching
low-temperature regimes where direct operator-basis Pauli propagation loses accuracy. The classical Pauli-
propagation step only evaluates the local expectation values required to update the variational parameters.
It compiles the VarQITE trajectory, rather than simulating the final quantum state. After optimization, we
obtain a shallow circuit, implementable on current hardware, that prepares the initial state for downstream
algorithms such as sample-based quantum diagonalization [8].

Background. Consider a HamiltonianH =
∑

a haPa acting on n qubits. At inverse temperature β = (kBT )
−1,

the thermal equilibrium state is ρβ = exp(−βH)/Z, where the partition function Z = Tr [exp(−βH)] ensures
the normalization Tr [ρβ] = 1. Since ρβ is a mixed state, it cannot be represented as a state vector on the
system Hilbert space alone. Nevertheless, ρβ can be prepared by imaginary-time evolution of a purification
on 2n qubits [5]. The system and ancilla qubits start in a maximally entangled state, whose reduced system
state is the infinite-temperature Gibbs state 1/2n. Evolution under H⊗1 then cools the system, and tracing
out the ancilla yields ρβ .

Quantum imaginary-time evolution evolves an initial state according to the non-unitary operator e−τH ,
suppressing high-energy components as the imaginary time τ increases. VarQITE [3, 4] approximates the
evolved state by a unitary parametrized variational circuit that prepares the state

|ψ(τ)⟩ ≈
∣∣ϕ(θ̄(τ))〉 = U1(θ1(τ)) . . . UL(θL(τ)) |0̄⟩ , (1)

on 2n qubits. Using McLachlan’s variational principle, the imaginary-time dynamics is projected onto the
tangent space of the variational manifold, leading to the parameter update equation

Mθ̇ = V, where


Mij = Re[

〈
∂θiψ

∣∣∂θjψ〉],
Vi = −Re[

∑
a

ha ⟨∂θiψ|Pa|ψ⟩].
(2)

The matrix M defines the local metric of the variational manifold, while V is the projection of the imaginary-
time force generated by the Hamiltonian onto the variational directions.
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Fig. 1. Overview of PP-VarQITE. The VarQITE parameter updates are evaluated classically with Pauli propagation,
compiling a shallow variational circuit that prepares the thermal state of the target Hamiltonian.

Pauli propagation is a classical framework that tracks the evolution of observables under quantum
channels rather than propagating full quantum states [9]. An observable is expanded in the Pauli basis,
O =

∑
i ciPi, with Pauli strings Pi and complex coefficients ci. Each elementary operation Eℓ maps a Pauli

string P to Eℓ[P ] =
∑NEℓ,P

j=1 c
(ℓ)
j Pj , a sum of NEℓ,P non-zero terms. Iterating these transformations over all

strings reconstructs the full evolution E [O] and yields expectation values of the form Tr
(
E [O] ρ

)
. In practice,

the expansion is truncated by discarding Pauli strings with coefficients below a cutoff, which sets the accuracy
and classical cost.

PP-VarQITE. In standard VarQITE, the entries of M and V are estimated as expectation values measured
on a quantum computer. This becomes a major bottleneck as the ansatz grows. For L variational parameters
and a Hamiltonian with |H| Pauli terms, a direct implementation requires evaluating O(L2) coefficients for
M and O(L|H|) coefficients for V at each imaginary-time step. This scaling creates a trade-off between
ansatz expressivity and the cost of the update rule. To reduce this measurement overhead, we replace the
quantum estimation of these coefficients by a classical Pauli-propagation subroutine.

The effectiveness of VarQITE depends on the choice of ansatz. While hardware-efficient ansätze are
easy to implement, they do not explicitly encode the structure of the target Hamiltonian and may contain
trainable parameters that receive no update. To build an efficient ansatz, we use a selection rule derived
from the evolution vector V . Since the Hamiltonian coefficients ha are real and the derivative prefactors of
Pauli rotations are imaginary, a parameter update is non-zero only if Pauli propagation generates an I/Z
Pauli string with a non-zero imaginary coefficient when evaluated on the reference state |0⟩. This condition
identifies which Pauli rotations are active at initialization. The ansatz is constructed from the Hamiltonian
decomposition by identifying, for each Pauli term Pa, the restricted set of Pauli-rotation generators that
satisfy the first-step non-vanishing condition for the evolution vector V . This defines term-specific trainable
subspaces. The resulting circuit has a three-block structure. Hamiltonian-guided trainable rotations come
first, followed by a fixed Clifford Bell block and a post-Bell layer of trainable Pauli rotations. This final
layer includes both Hamiltonian-guided rotations and additional rotations that build system-ancilla and
interacting-site correlations during the evolution.

Numerical results. We benchmark PP-VarQITE on the 1D transverse-field Ising model, the J1–J2 Heisenberg
model, and the 2D Ising model, choosing the Hamiltonian parameters such that the exact ground-state energy
is analytically known. As shown in Fig. 2, the prepared states reproduce two-point correlations and energy
densities across inverse temperatures, with the J1–J2 chain converging toward its exact ground-state energy
for system sizes up to 50 qubits. The accuracy is retained at high β, including the 50-qubit J1–J2 regime,
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Fig. 2. (a) Finite-temperature benchmarking on the 1D transverse-field Ising model. Results for n = 50 sites.
The top panel shows the two-point correlation C0j versus distance j for inverse temperatures β = 1, 2, 5, with PP-VarQITE
overlaying the matrix product state (MPS) reference. The bottom panel shows the energy density E/n versus β approaching the
exact ground-state energy density E0/n. (b) Energy convergence for the J1–J2 Heisenberg chain. PP-VarQITE energy
E versus inverse temperature β for the open J1–J2 Heisenberg chain at the Majumdar–Ghosh point, J1 = 1, J2 = J1/2, for
system sizes n = 10, 20, 30, 40, 50. Each curve converges toward the exact ground-state energy E0 = −3n/2.
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Fig. 3. Spatial growth of correlations under cooling. Two-point correlation function of the 2D transverse-field Ising model
on a 7× 7 square lattice (n = 49 qubits), prepared by PP-VarQITE. Each node is a lattice site, colored on a logarithmic color
scale by the connected correlation C(rref , r) = ⟨ZrrefZr⟩ − ⟨Zrref ⟩⟨Zr⟩ between the reference site rref (ringed, bottom-right
corner) and every site r. Panels show increasing inverse temperature β = 0.1, 0.2, . . . , 0.5 from left to right. As the system
cools, correlations grow and spread outward from the reference site across the lattice.

whereas direct operator-basis propagation has been reported to lose accuracy beyond 30 qubits under the
same coefficient truncation [10]. Figure 3 shows the spatial growth of correlations in the two-dimensional
Ising model as the system cools, consistent with the expected spread of thermal correlations.

Conclusion. Across these benchmarks, PP-VarQITE prepares accurate thermal and ground states at a circuit
cost within reach of near-term hardware. Matrix product states (MPS) also represent these states, but the
bond dimension grows with the correlation length, and the compiled circuits become too deep for near-term
hardware. For the 50-qubit transverse-field Ising model, PP-VarQITE reaches comparable accuracy at 940
CX gates and depth 88, against 1188 CX gates and depth 736 for the MPS-compiled circuit. At large system
sizes and high β, the cost of any classical method grows and full convergence moves out of reach. PP-VarQITE
can still compile a shallow circuit for an intermediate β, preparing a state with nontrivial overlap with the
target state, exactly the input many quantum algorithms require [11].
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