Self-Attention Driven Tensor Representation for High-Order Data Recovery
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Background: Tensor Representation Self-Attention Driven Tensor Representation

Experiments and Discussions

% We conduct a lot of experiments on various high-order data recovery tasks to verify the
effectiveness of the proposed SADTR.
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% We construct a novel paradigm called Self-Attention Driven Tensor
Representation (SADTR), which 1s the first framework that models
nonlinearity from the perspective of self-attention. Specifically, we design
a factor self-representation to capture both local and non-local nonlinear
dependencies in the factor space. Moreover, we introduce an 1mplicit
sparse representation to impose sparsity constraint.

% Low-rank tensor representation (LRTR) is a technique for
characterizing low-rank properties by reconstructing an accurate
low-rank structure from a small number of latent factors through
multilinear multiplication between elements.
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Methods

Methods

MSIs: Imgb2, Beers (256 x 256 x 31)
13.980 10.450 10.585

3D MSIs: Feathers, Flowers, Toys (256 x 256 x 31)

o4 om1+4 " 4 oCm rR |a r
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Figure 1. A graphical illustration of Classic LRTR

Motivations

% Self-attention mechanisms can adaptively model the long- and

short-range dependencies between factors and the global
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order tensor. Then, we define the self-attention driven ten-
sor representation (SADTR) as follows:

X = H@(Z)XlFSR(-)l (El) X9 FSR(_)2 (Eg)
Xn FSR@H (En),

(1)

where FSRe, () denotes the factor-self representation for
each mode, Ho (+) denotes the implicit sparse representa-
tion, and ® and {©,}!
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structural relationship, driving tensor decomposition to obtain
more accurate and structurally adaptive low-rank representations.
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O We theoretically expose the implicit sparse constraint on the tensor core.

Theorem 1 (Implicit Sparsity). Let G = Ha(Z2) be the | A —— e ‘
core tensor parameterized by MLPs with parameters @, o [EIog | [ o 2
where Z ~ N(0,1) sampled from the continuous Gaus- =

sian distribution. Assume that the weight matrices of MLPs
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satisfy |W;lly < v fori = 1,2,--- 1, and the activa-
tion function o(-) is d-Lipschitz continuous. Then, for any
a,b € Z, the following inequality holds:
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1Ha(a) = Ha(b)[1 <6 Hla = b,
0 In theory, we prOVide an analysis to show the recoverability of SADTR. PSNR 13.51 PSNR 29.53 PSNR 29.95 PSNR 20.89 PS 31.09 PSNR 34.45 PSNR 34.16 PSR 36.86
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model (7), assume that X* such that X* = g* X 1 A1 X 9 ___1__||/{»* — Xpllp € —— || X* — Xg || » + Gap*(R)
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Figure 2. A graphical illustration of self-attention mechanism J e ?
g ' and A;'; = FSRe, (Z,,) for n = 1,2,3. Then, with proba- + WIIM * N|F + THNHF

modeling long- and short-range dependencies. bility at least 1 — 0, the following inequality holds:
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