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Motivation

Iterative Shrinking Thresholding

Learned ISTA

LISTA with Weight Coupling

This paper:

Algorithm (ISTA) [1] (LISTA)[2] and Support Selection [3] Lack adaptability to o Propose an error-based
) ) , the variety of training thresholding (EBT) mechanism
Y ¥ N samples and to improve adaptivity.
Solve LASSO problem  Achieve faster convergence Achieve faster robustness to outliers o Require no extra learnable
(mxin||y — Ax|l, + A|x]l4)- by using deep neural convergence. parameter.
network (DNN).
Methods Experiments

EBT can be combined with many LISTA-based methods and leads to significantly
faster convergence, e.g., LISTA[3], LISTA-SS[3], ALISTA[4], ELISTA[5], and Hybrid
LISTA-SS[6].

We propose to disentangle the
reconstruction error term from the learnable
part of the threshold and introduce adaptive

thresholds for LISTA and related networks, Ol

i.e, something like —20|— et

b® = p@||x® — »-We found in 2 8 40|~

) (t) (t) " m m —-60 LISTA-SS
noiseless cases, Ax'Y —y = A(x'Y —x™). % = g - Pl
. . - . - - 1 —*- EBT-ALISTA

Also, U® A approximates the identity matrix. —100 - % Z N i a W
- ]r:n]v;vln\vsnss \,‘ - B

The update rule for EBT-LISTA: —120 e _10l mrmsm
0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16

Index of layers Index of layers

xD = shy o (I - UDA)x® + UDy)
b® = pO||U®(ax® — ),

()l v (t+1)
(U8, =

Sparsity = 0.95 Sparsity = 0.9

We consider the adaptivity/generalization of the model. We let the test sparsity be
different from the training sparsity. EBT has huge advantages in such scenario where
the adaptivity to un-trained sparsity is required.
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Sparsity changes from 0.8 to 0.99 Sparsity changes from 0.8 to 0.9

The t-th layer of EBT-LISTA

In photometric stereo analysis task, training sparsity is set as 0.8 and test sparsity is
set as 0.9. The advantage of EBT-LISTA-SS is remarkable in such setting, which
means EBT-based networks has better adaptivity.

Theorem 1 EBT-LISTA converges similarly
as the original LISTA. The convergence rate
is faster and the reconstruction error is
lower in a high probability.

Theorem 2 LISTA with support selection [3]
has two different convergence phases. EBT
mechanism helps LISTA with support
selection converge faster in the first phase
and thus gets in the second phase faster.

LISTA-SS: {=0.0067

EBT-LISTA-SS: {=0.0026

Conclusion

= EBT mechanism helps LISTA and its variants converge faster and achieve superior final sparse coding performance.
= EBT mechanism endows deep unfolding models with higher adaptivity to different observations with a variety of sparsity.
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