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Variational quantum algorithms are often hindered by rugged optimization landscapes. In this work, we
investigate the low-weight Pauli propagation (LWPP) algorithm and find that it serves as an unreliable energy
estimator for variational circuits. However, we reveal a counterintuitive insight: The Pauli-weight truncation acts
as a spectral filter, effectively smoothing out high-frequency local minima while preserving the global basin
of attraction in the landscape. We identify this mechanism as landscape alignment, where the approximate
landscape becomes a superior navigator compared to the rugged exact landscape. Benchmarks across diverse
spin models and molecular systems demonstrate that LWPP-initialized optimization yields order-of-magnitude
improvements in accuracy, often finding solutions inaccessible to direct exact optimization. This work reframes
LWPP from a flawed simulator into a vital preoptimizer that serves not only as a cheap classical substitute but
also as an essential tool for addressing quantum optimization challenges.
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I. INTRODUCTION

Variational quantum algorithms (VQAs) represent a lead-
ing strategy for harnessing near-term quantum devices [1-27].
As hybrid quantum-classical methods, VQAs employ a
parametrized quantum circuit to prepare a trial state and a
classical optimizer to iteratively tune the circuit parameters,
seeking to minimize a given cost function. The VQA op-
timization landscapes are notoriously difficult, plagued by
barren plateaus [28—46] and extensive local minima [47,48].
This places immense importance on the choice of initial
parameters, as a poor starting point can derail the entire op-
timization process.

Recent theoretical breakthroughs in the low-weight Pauli
propagation (LWPP) algorithm [49,50] have shown that for
typical random quantum circuits, expectation values can be
estimated efficiently. These results, often based on average-
case analysis over an ensemble of circuits [49-61], suggest
the possibility of replacing quantum hardware with classical
simulators for VQA evaluation. However, there is a fun-
damental difference between these theoretical frameworks
and the reality of a VQA optimization. A VQA trajectory
does not explore a random ensemble of circuits. Instead,
its parameters evolve via directed updates, and average-
case guarantees of classical simulability do not automatically
apply to such a specific, nonrandom instance. This raises
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a critical and practical question: What is the true utility
of classical algorithms like LWPP in the context of VQA
workflows?

In this work, we first demonstrate that LWPP is a poor
estimator for the energy evaluation of VQAs, highlighting
the limitations of applying average-case theories to single
instances. However, from this failure, we uncover a counterin-
tuitive inversion of this limitation: The numerical inaccuracy
of LWPP is the very source of its optimization power.
We demonstrate that the Pauli-weight truncation inherent to
LWPP acts as a spectral filter, effectively smoothing out the
high-frequency local minima that plague the exact quantum
landscape. As a result, the approximate LWPP landscape is
not merely a computationally cheaper surrogate but a topo-
logically superior navigator. It robustly guides parameters
into the global basin of attraction, avoiding the traps that
frequently derail direct optimization on the exact, rugged
landscape.

Leveraging this insight, we shift our perspective from using
LWPP as a simulator to employing it as a classical preopti-
mizer. By running an initial, purely classical optimization with
the LWPP cost function, we generate superior starting pa-
rameters for the main VQA optimization loop. Benchmarking
this strategy on various quantum many-body models, includ-
ing various lattice topologies, hierarchical ansétze [37,50,62—
65], molecular ground states, and noisy environments, our
results show an order-of-magnitude improvement in both fi-
nal accuracy and convergence speed over standard heuristics
[30], and this strategy often uncovers high-quality solutions
inaccessible to direct quantum optimization. Our work thus
reframes the role of LWPP: it is a flawed simulator but a pow-
erful initializer and superior navigator. This practical insight
offers a path to significantly accelerate VQA performance
by offloading the exploratory optimization phase to classical
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computers, thereby reducing requirements on quantum com-
putational resources.

II. THE LOW-WEIGHT PAULI PROPAGATION
ALGORITHM

The LWPP algorithm operates in the Heisenberg picture
by tracking the backward evolution of an observable O under
the circuit’s unitary transformation U. The simulation begins
by decomposing O into a weighted sum of Pauli strings, O =
>.ciP,, where each P; is a tensor product of n single-qubit
Pauli operators {I, X, Y, Z}. It then propagates this sum gate
by gate to compute the expectation value with respect to the
initial state, Tr[pinita (UTOU )], where U represents the uni-
tary evolution of the quantum circuit composed of a sequence
of gates.

The complexity arises from non-Clifford rotation gates
R;(0) = e~99/2 which cause a Pauli string P to branch if it
does not commute with the generator G:

RG(0)[P] = cos(9)P + sin(0)P’, for[P,G]1#£0 (1)

where P’ = i[G, P]/2. This branching leads to an exponential
growth in the number of terms.

To render the simulation tractable, LWPP applies a weight-
truncation approximation. The weight of a Pauli string, P =
PP Q- --Q®P,, is defined as the number of its single-
qubit Pauli operators P; that are not the identity operator (/).
At each step, any string whose weight exceeds a predefined
cutoff k is discarded. This approximation reduces the time
complexity to polynomial scaling O(dn*) [49], where n is
the number of qubits and d is the circuit depth. While this
introduces approximation errors, particularly when branching
coefficients (sin ) are large, it provides a tunable trade-off
between accuracy and computational cost.

III. A FLAWED ESTIMATOR BUT A USEFUL NAVIGATOR

Recent theoretical work has established that for typi-
cal quantum circuits, particularly those exhibiting locally
scrambling properties, expectation values can be efficiently
estimated classically via LWPP [49]. The accuracy is defined
on average over an ensemble of circuits with randomly drawn
parameters. However, a crucial question for practical appli-
cations remains: Do these average-case guarantees translate
to the optimization of a single, specific VQA instance? To
directly address this gap, we evaluate LWPP not on a random
circuit ensemble, but along an explicit VQA optimization
trajectory.

Here, we study the variational quantum eigensolver (VQE)
applied to the two-dimensional Heisenberg XYZ model on a
square lattice as an example,

H =Y XX; + LYY, + 1.Z:Z)), )
(i)

where J, = 1.0,J, = 0.8, and J, = 0.5. All simulations are
implemented in TensorCircuit-NG [66], with circuit ansatz

details provided in the Supplemental Material [67].
We consider two complementary scenarios: (1) Exact opti-
mization + LWPP evaluation, where parameters are updated
via the exact energy gradient while the LWPP estimate is

passively recorded; and (2) LWPP optimization + Exact eval-
uation, where the optimizer is guided solely by the LWPP
approximation while the true energy is tracked for validation.
Both random (6 € [—m, 7]) and near-identity (6 € 0.01 x
[—m, ]) initializations are examined.

The results shown in Fig. 1 reveal a sharp distinction
between average-case promises and single-instance perfor-
mance. For random initialization, LWPP fails dramatically as
a static estimator. As shown in Fig. 1(a), the LWPP-evaluated
energy on the true optimization path diverges from the ex-
act value and collapses to a nonphysical value near zero.
This collapse occurs because the repeated truncation of terms
branching from sin(6) [as shown in Eq. (1)] causes the esti-
mate to decay exponentially with circuit depth. This confirms
that LWPP cannot serve as a reliable single-instance cost
estimator for VQE.

It is worth noting that this numerical failure does not pre-
clude optimization utility. As shown in Figs. 1(b) and 1(d),
minimizing the LWPP cost function consistently guides pa-
rameters toward regions of lower true energy. This suggests
that despite its numerical inaccuracy, the LWPP landscape
may capture sufficient structural features to act as an effective
navigator toward high-quality basins of attraction. This insight
reframes the role of LWPP from an unreliable simulator into
a potential classical preoptimizer. Rather than seeking precise
energy estimation, a task where average-case guarantees of-
ten fail for specific VQA instances, we propose leveraging
the LWPP landscape to identify promising initial parameters.
In the following, we benchmark this strategy on Heisenberg
XYZ models to evaluate whether such preoptimization effec-
tively improves the optimization accuracy and efficiency.

IV. LWPP-INITIALIZED OPTIMIZATION
FROM RANDOM PARAMETERS

To test the navigation efficacy of LWPP, we compare (1)
Direct random optimization, which performs 1500 steps of
optimization using the exact cost function, against (2) a two-
stage LWPP-initialized optimization protocol, which consists
of 1500 classical preoptimization steps on the LWPP land-
scape followed by 1500 steps of exact VQA optimization. In
both cases, the optimization is initiated from the same set of
random parameters 6 € [—m, 7].

We benchmark a 3 x 4 lattice (circuit depth d = 6) in
Fig. 2. While direct optimization consistently traps parame-
ters in suboptimal local minima [Fig. 2(a)], LWPP-initialized
optimization robustly navigates to the global basin [Fig. 2(b)].
However, the internal dynamics in Figs. 2(c) and 2(d) reveal
an underlying challenge: The LWPP energy signal is ini-
tially suppressed to magnitudes as low as 10~!! due to heavy
truncation, creating a barren plateau-like landscape. Although
the optimizer manages to escape at this intermediate depth,
statistical benchmarks for d > 8 show that this signal loss
eventually becomes insurmountable as circuit depth increases
(see the Supplemental Material [67]). This limitation suggests
that a near-identity initialization could be employed, which
mitigates the gradient vanishing by keeping rotation angles
small. We thus evaluate whether LWPP initialization is a
powerful navigator when combined with this strong heuristic.
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FIG. 1. Parameter-dependent accuracy of the LWPP estimation. Performance analysis on a 3 x 4 antiferromagnetic Heisenberg X YZ model
with circuit depth d = 4 and varying truncation cutoffs k. The top row [panels (a) and (b)] starts from random initialization, while the bottom
row [panels (c) and (d)] starts from near-identity initialization. (a), (c) Exact optimization + LWPP evaluation: The optimizer is driven by the
exact energy gradient Vy E (solid black line), while the LWPP energy estimate E;wpp (blue dashed lines) is passively recorded at each iteration
to benchmark its accuracy. The inset in panel (a) provides a magnified view of the LWPP evaluations, which collapse to near-zero values. (b),
(d) LWPP optimization + exact evaluation: The optimizer is driven by the approximate LWPP gradient VyEwpp (solid colored lines) as the
cost function. The true exact energy E (dashed colored lines) is passively recorded to verify the quality of the state. Despite the numerical
inaccuracy, minimizing the LWPP cost robustly guides the true energy down, suggesting its potential utility as a navigator.

V. LWPP-INITIALIZED OPTIMIZATION
FROM NEAR-IDENTITY PARAMETERS

We now benchmark two strategies, both starting from
the same near-identity parameter set (8 € 0.01 x [—m, 7]).
We also compare the standard (1) Direct near-identity opti-
mization, which utilizes the exact cost function immediately,
against our proposed (2) LWPP-initialized optimization. The
latter employs a two-stage protocol where near-identity pa-
rameters are first preoptimized via the LWPP landscape to
seed the subsequent exact VQA loop.

We first examine a representative example on a 3 x 4 an-
tiferromagnetic Heisenberg XYZ model as shown in Fig. 3.
As expected, the direct near-identity optimization performs
well, achieving a final relative error of approximately 1073
after 1500 iterations. However, the LWPP-initialized strategy
proves to be even more effective. The initial LWPP preop-
timization (with k = 3) quickly finds a parameter set with
a relative error of around 10%. Starting from this improved
point, the subsequent exact optimization converges to a fi-
nal relative error of nearly 10~*. This order-of-magnitude
enhancement demonstrates that even when starting from a
good heuristic, the LWPP preoptimization phase is still highly
superior.

We then performed a statistical analysis across various
lattice sizes (from 3 x 3 to 3 x 6) and circuit depths (from
d =2 to d = 6), reporting the decile-based accuracy (top
10% of runs). As shown in Figs. 4(a)—4(d), LWPP-initialized
optimization consistently improves the final optimization ac-
curacy across almost all tested configurations. Notably, the
margin of improvement often grows with increasing circuit
depth, a regime with the emergence of barren plateaus where
finding high-fidelity solutions is more challenging.

Beyond final accuracy, LWPP-initialized optimization also
offers a dramatic improvement in computational speed. To
quantify this, we set a target accuracy defined by the fi-
nal relative error achieved after 1500 iterations of the direct
near-identity optimization. We then measure the relative steps
required for the LWPP-initialized runs to reach this target,
where the relative steps are calculated as the number of
required iterations normalized by 1500. The results, shown
in Figs. 4(e)-4(h), demonstrate that LWPP-initialized opti-
mizations consistently reach the target accuracy in a small
fraction of the iterations required by the direct method—often
requiring only around 10% of the steps. This represents nearly
an order-of-magnitude reduction in the number of costly
queries to the quantum processor. In summary, our findings
consistently demonstrate that LWPP initialization provides
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FIG. 2. An illustrative example of LWPP-initialized optimization from a random start. VQA optimization of a d = 6 VQA circuit on
a 3 x 4 lattice, starting from the same random parameters. The figure contains 12 independent optimization runs, each initiated from a

randomly sampled parameter set and represented by a different color.

(a) Direct optimization consistently fails, converging to a high-energy

local minimum. (b) LWPP-initialized optimization succeeds in finding a low-energy state. (c), (d) The corresponding LWPP preoptimization
dynamics, with panel (d) showing the energy deviation from zero on a log scale.

a substantial advantage even when benchmarked against the
strong near-identity initialization heuristic.

VI. LANDSCAPE ALIGNMENT

Given the remarkable and consistent improvements ob-
served across various scenarios, a fundamental question arises
regarding the mechanism behind this success. Here, we pro-
pose a physical picture to explain the empirical success as
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landscape alignment. Standard VQA optimization landscapes
are characterized by severe ruggedness. As illustrated in
Fig. 5(a), the exact energy landscape is densely populated with
high-energy local minima. This ruggedness fundamentally
arises from the scrambling nature of deep quantum circuits,
where the Heisenberg-evolved observable expands into a
sum of exponentially many Pauli strings. High-weight Pauli
terms, resulting from extensive operator scrambling, carry
high-frequency parameter dependencies that generate narrow
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FIG. 3. A comparative example for LWPP from near-identity parameters. Comparison of optimization trajectories of a d = 6 circuit on a
3 x 4 lattice, both starting from the same near-identity parameter set. Direct optimization performs well [panel (a)], but the LWPP-initialized
run [panel (b)], which includes a preoptimization phase, achieves a significantly better final accuracy.
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FIG. 4. Statistical comparison of initialization strategies with near-identity heuristic. Results for antiferromagnetic models on lattices
ranging from 3 x 3 to 3 x 6. (a)—(d) Final optimization accuracy after 1500 optimization steps: The final accuracy achieved with LWPP
initialization with & = 3 (green line) is consistently superior to direct near-identity optimization, with the advantage often increasing with
circuit depth. (e)—(h) Optimization speedup: The relative steps required for LWPP-initialized runs (k = 3) to reach the target accuracy, where
the target is defined as the final accuracy reached by 1500 steps of direct near-identity optimization. The relative steps are calculated as
the number of required iterations normalized by 1500. Lower values indicate faster convergence; LWPP-initialized optimization consistently
achieves the target accuracy in a small fraction of the iterations required by the direct method, often providing a tenfold speedup.

local traps. Consequently, direct optimization (VyE) typically
leaves parameters trapped in these suboptimal valleys.

LWPP instead acts as a spectral filter by truncating terms
with higher Pauli weight k > kcyofr. LWPP implicitly discards
the fine-grained ruggedness, yielding a smoothed surrogate
(ELwpp) of the true energy landscape. As illustrated in Fig. 5,
this filtering mechanism fundamentally alters the optimiza-
tion dynamics. By removing the shallow local minima, the
smoothed landscape Epwpp robustly guides the parameters
into the broad basin of attraction of the global minimum.

Direct optlmlzatlon

e MWWM

LWPP-initialized optimization

VeE LwpP
VeE Evrwep
L 4
VeE
Parameters Parameters

FIG. 5. Schematic of landscape alignment. (a) Direct optimiza-
tion: This optimization typically traps parameters (colored dots) in
high-energy local minima. (b) LWPP-initialized optimization: The
exact landscape (black) is rugged due to high-frequency operator
spreading. The LWPP approximation (gray) acts as a smoothed
surrogate by filtering out high-weight terms. Optimization on this
coarse-grained landscape (VyEpwpp) avoids narrow traps and ro-
bustly guides parameters into a promising basin of attraction.

To substantiate this conceptual framework, we performed
additional numerical investigations as detailed in the Supple-
mental Material [67]. Through a basin probing experiment,
we observed that the high-quality optima of the exact land-
scape are indeed located deep within the basin of the LWPP
landscape. Furthermore, we demonstrated that this navigation
capability is unique to the LWPP approximation. A com-
parison with other classical approximations, such as matrix
product states (MPS), shows that classical tractability alone
does not guarantee a favorable optimization landscape: unlike
LWPP, MPS preoptimization fails to guide parameters toward
better basins in our benchmarks (see the Supplemental Mate-
rial [67]).

VII. GENERALITY AND ROBUSTNESS

To establish the universality of our strategy, we performed
extensive validations across diverse problem domains (see
the Supplemental Material for details [67]). Beyond standard
square lattices, we extended our benchmarks to the honey-
comb lattice and other spin models as well as to molecular
systems, confirming that the method’s efficacy is indepen-
dent of specific quantum many-body models. Notably, for
hierarchical barren-plateau-free ansitze like the multiscale
entanglement renormalization ansatz [65], LWPP-initialized
optimization still achieved a fivefold reduction in optimization
steps. Furthermore, under realistic noise where direct gradi-
ents are often obscured, the coarse-grained LWPP landscape
preserved the navigation signal, maintaining a significant
advantage over direct optimization. The consistent superior
results observed across such a broad spectrum of scenarios
strongly suggest that these successes are universally rooted in
the mechanism of landscape alignment, where the smoothed
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landscape consistently aligns with the true global basin re-
gardless of model details.

Finally, we emphasize the nontriviality of our strategy
with two key findings. First, the preoptimization captures
essential high-dimensional parameter correlations, rather than
merely identifying a favorable independent probability distri-
bution. As rigorously verified in the Supplemental Material
[67], re-initializing the optimization with parameters ran-
domly resampled from the preoptimized distribution leads to
a substantial degradation in final accuracy. Second, and most
critically, we reveal that the approximate LWPP landscape
is topologically superior to the exact quantum landscape for
navigation. Rather than merely serving as a computation-
ally cheaper classical proxy, the smoothed landscape actively
filters out high-frequency local minima that entrap direct
quantum optimization. This is evidenced by the fact that a
hybrid protocol (e.g., 500 LWPP classical steps followed by
500 quantum steps) consistently yields lower energy solutions
than a direct optimization of 1000 exact quantum steps. These
results corroborate the physical picture of landscape align-
ment: The inaccurate classical surrogate effectively smooths
the rugged optimization path, guiding the system into a global
basin of attraction that is often inaccessible via the exact
quantum landscape alone.

VIII. CONCLUSION AND DISCUSSION

In this work, we have established a paradoxical yet pow-
erful role for the LWPP algorithm in VQA scenarios. We

demonstrated that despite its unreliability for directly simu-
lating the VQA cost function, LWPP serves as an effective
tool for preoptimizing VQA parameters, leading to significant
improvements in both final optimization accuracy and conver-
gence speed.

The success of this strategy can be attributed to the LWPP
optimization landscape. The landscape is not numerically ex-
act, but effectively guides parameters toward favorable basins
of attraction, providing a high-quality starting point. We antic-
ipate that this initialization method can become a standard and
powerful tool in practical VQA workflows. By offloading the
difficult exploratory phase of optimization to an efficient clas-
sical algorithm, LWPP-initialized optimization significantly
reduces quantum-processor calls while yielding superior op-
timization accuracy, making the path to practical quantum
advantage more attainable.
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