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Abstract

Over the last decades, two distinct approaches have been instrumental to our understanding
of the computational complexity of statistical estimation. The statistical physics literature
predicts algorithmic hardness through local stability and monotonicity properties of the
Franz—Parisi potential (Franz and Parisi, 1995, 1997), while the rigorous average-case com-
plexity literature characterizes hardness via the limitations of restricted algorithmic classes,
most notably low-degree polynomial estimators (Hopkins and Steurer, 2017; Schramm and
Wein, 2022). For many inference models, these two perspectives yield strikingly consistent
predictions, giving rise to the problem of establishing a precise mathematical relationship
between them.

Recent works (Bandeira et al., 2022; Chen et al., 2025) addressed this question in the
setting of detection, showing that for broad classes of models the success of low-degree
polynomials is governed by an area criterion involving the annealed Franz—Parisi potential.
In this extended abstract, we show that for estimation problems the relevant low-degree
criterion is instead the monotonicity of the annealed Franz—Parisi potential. For a broad
family of Gaussian additive models with signal-to-noise ratio A, letting F) denote the
annealed Franz—Parisi potential, we prove that the optimal degree-D correlation satisfies,
for D = O(polylog(N)),
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where (D) is the e~P-quantile of the overlap between two independent draws from the
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prior. Consequently, the condition d%F 2 () ) > 0 is equivalent to all degree-D polyno-
D

a=q
mial estimators achieving correlation at most g(D) at signal-to-noise ratio X\. Subject to the
low-degree conjecture for these Gaussian additive models, this identifies the polynomial-
time estimation threshold with the monotonicity threshold of the annealed Franz—Parisi
potential, matching the prediction from the physics literature. Our result can also be
viewed as a low-degree analogue of the classical I-MMSE relationship (Guo et al., 2005).
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