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Abstract
We introduce Wedge Sampling, a new non-adaptive sampling scheme for low-rank tensor comple-
tion. We study the recovery of an order-k low-rank tensor of dimension n× · · · × n from a subset
of its entries. Unlike the standard uniform entry model, in which entries are sampled independently
from [n]k, wedge sampling allocates observations to structured length-two patterns, or wedges,
in an associated bipartite sampling graph obtained from tensor unfolding. By directly promoting
these length-two connections, the sampling design strengthens the spectral signal that underlies ef-
ficient initialization, particularly in regimes where uniform entry sampling is too sparse to generate
sufficiently many informative correlations.

Our main result shows that this change in sampling paradigm enables polynomial-time algo-
rithms to achieve both weak and exact recovery with nearly linear sample complexity in n. At a
high level, uniform entry sampling spends its sampling budget on isolated tensor entries and only
creates useful second-order correlations indirectly. In contrast, wedge sampling samples pairs of
entries sharing a common unfolded index, thereby directly producing the correlations needed for
accurate spectral subspace estimation. This leads to reliable spectral initialization using only Õ(n)
observations, substantially below the Õ(nk/2) sample complexity typically required by efficient
methods under uniform entry sampling.

The proposed approach is also plug-and-play. A wedge-sampling-based spectral initializer
can be combined with existing refinement procedures, including spectral denoising and gradient-
based nonconvex optimization, using only an additional Õ(n) uniformly sampled entries. Thus,
rather than replacing the refinement stage of existing tensor completion algorithms, wedge sampling
addresses the initialization bottleneck that prevents these methods from operating at nearly linear
sample size. Our analysis develops the concentration and perturbation tools needed to handle the
dependencies induced by wedge sampling, including concentration for long matrices under wedge
sampling, leave-one-out ℓ2,∞ singular subspace guarantees, and sparse tensor concentration under
an incoherent norm.

Overall, our results suggest that the statistical-to-computational gap highlighted in (Barak and
Moitra, 2022) is, to a large extent, tied to the uniform entry sampling model for tensor completion.
Alternative non-adaptive measurement designs that guarantee a sufficiently strong initialization,
such as wedge sampling, can mitigate this barrier and enable computationally efficient tensor com-
pletion at nearly linear sample complexity.
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