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» MoDL in MRI Reconstruction % SMUG: RS only applies to the denoising network
% = argmin | Ax — y[3 + Allx — Do(x)|2 RS(D) = E, (0,00 (Do (xn_1 + 1)) i= 2
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Add Gaussian noises Denoised images

“* Execute two steps iteratively [1]:
“* (i) Denoising step z,, := Dg(Xn)
%*(ii) Data-consistency step x,,4+1 = arg min

» Lack of Robustness in MoDL

** Adversarial input nlfﬂslﬁimiée — ||XMoDL(AHY +9d) — t||§

¢ Change of measurement sampling rate s .
¢ Change of number of unrolling steps » SMUG Traini
raining
% Pre-training Opre = argmin E¢ep[Ey || Do (t + 1) — 3]
o 0 . : e .
¢ The denoiser is pre-trained alone to provide a robustness-aware initialization for fine-tuning
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¢ Fine-tuning N-1
% Unrolled Stability (UStab) loss fustan(8;y,t) = > Eu|[De(xn + ) — De(t)]|3

n=0
. T :
** Fine-tuning loss 00;y,t) = \e||xn(0; A y) — t]|3 + Lusian(0; y, t)

> E ' t Result
> Randomized Smoothing (RS) *pEHmEnt RESUHS \

Table 1: Accuracy performance of different methods. ‘Clean Accuracy’, 2

MoDL 25% sampling ~ With adversarial input 50% sampling 2% unrolling steps

% RS-E2E [2]: Integrating RS with MoDL in an end-to-end manner N ) ‘ ) . .
- - Noise Accuracy’, and ‘Robust Accuracy’ refer to evaluation on benign data, 2
g(A"y) = E,n(0,021) [XMopL(A Ty + V)]

random noise-injected data, and PGD attack-enabled adversarial data, &2
Add G i i R di . . . .
S e S T respectively. The relative performance is reported w.r.t vanilla MoDL.

tnput: Ay = i Iterative unrolling i == 0 11\{4:1})3;5
4 i . [ [ i Averaging Models Clean Accuracy Noise Accuracy Robust Accuracy g —— SMUGY0
) Dl S ek ,: N Metrics PSNR 1 SSIMT | PSNR7 SSIMT | PSNR7 SSIM 4 . SMUG (ours)
| | Vanilla MODL | 29.73+£3.27  0.900+0.07 | 28.704+2.77  0.874+0.07 | 22.91+242  0.729+0.07 0.000 0002  0.004 0.006 0.008
I - | Perturbation strength
SR bl ] RS-E2E +0.094324  +0.002:0.07 | +0.3842.90  +0.010+0.07 | +0.78£2.70  +0.0344-0.08 20
SMUGVO | -1.014£307  -0.0144008 | -0.09£2.99  +0.00820.08 | +3.08+2.42 -0.014+0.11 N i s i
Q'l: Where ShOU.ld the RS Operator be integrated into MoDLD SMUG (ours) -0.3443.06 -0.006+0.08 | +0.53+2.98 +0.016+0.08 | +3.87+2.28 +0.008+0.11 5y
Q2: How to design the denoiser in the presence of RS? 24
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» SMUG Framework <
. . . T WEIDIL
% SMUGvVO: RS is incorporated into MoDL at each unrolling step 18 gt peens
16
SMUG (ours)
RS(D +DC) = EVNN(O,O'QI) Xn(Xn-1 + V)] N 3 4 5 6 7 3
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| Fig. 6 & 7: PSNR of different methods versus perturbation strength used * HRHEC SR
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lterative unrolling : in PGD-generated adversarial examples (up), measurement sampling rate | T RSE2E-Robus
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