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Okuno, Kodahara, and Sasaki (2024, Plasma and Fusion Research: Rapid Communications)
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(a) Ú b âÇë +Huber (b) NN+Huber (c) NN+Tukey (d) Ð H Õ

Figure: f� (x) = sin( 2x1) cos(2x2).
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Higher-Order Variation Regularization (HOVR; Okuno, arXiv:2308.02293v1):
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Figure: C2;2(f ) � 0:64 Figure: C2;2(f ) � 197
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Figure: Weight decay (• Y‹kêÃ¸ ) Figure: HOVR

I Akifumi Okuno, �A stochastic optimization approach to train non-linear neural networks
with regularization of higher-order total variation�, arXiv:2308.02293v1.
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Yagishita (arXiv:2410.04554)
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Transformed Trimmed Loss (TTL)
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Augmented and Regularized Trimmed Loss (ARTL)
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(a) Ú b âÇë +Huber (b) NN+Huber (c) NN+Tukey (d) Ð H Õ

Figure: f� (x) = sin( 2x1) cos(2x2).
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„cf•_ 1 (checkered)

(a) Groundtruth (b) Linear+Huber (c) Linear+RANSAC (d) SVR+RBF

(e) NN+Huber (f) NN+Tukey (g) NN+RANSAC (h) Ð H Õ
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„cf•_ 2 (volcano)

(a) Groundtruth (b) Linear+Huber (c) Linear+RANSAC (d) SVR+RBF

(e) NN+Huber (f) NN+Tukey (g) NN+RANSAC (h) Ð H Õ
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„cf•_ 3 (stripe)

(a) Groundtruth (b) Linear+Huber (c) Linear+RANSAC (d) SVR+RBF

(e) NN+Huber (f) NN+Tukey (g) NN+RANSAC (h) Ð H Õ
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„cf•_ 4 (plane)

(a) Groundtruth (b) Linear+Huber (c) Linear+RANSAC (d) SVR+RBF

(e) NN+Huber (f) NN+Tukey (g) NN+RANSAC (h) Ð H Õ
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Non-linear Linear
checkered volcano stripe plane

Linear Reg. with Huber's Loss 0:124(0:004) 0:130(0:003) 0:498(0:016) 0:001(0:001)
Linear Reg. with RANSAC 0:140(0:013) 0:186(0:058) 0:871(0:277) 0.001 (0:001)
Support Vector Reg. with RBF Kernel 0:127(0:008) 0:113(0:020) 0:508(0:031) 0:006(0:002)
NN with Huber's Loss 0:634(0:608) 1:031(0:861) 0:488(0:475) 0:043(0:025)
NN with Tukey's Loss 0:458(0:655) 0:413(0:630) 0:304(0:395) 0:017(0:009)
NN with Label Noise Reg. 1:155(1:068) 0:872(0:659) 0:561(0:498) 0:756(0:945)
NN with RANSAC 0:160(0:036) 0:142(0:009) 0:527(0:018) 0:011(0:016)
NN with ARTL ( h = 0:9n; k = 1) 0:088(0:090) 0:082(0:076) 0:223(0:238) 0:010(0:004)
NN with ARTL ( h = 0:9n; k = 2) 0.061 (0:016) 0.040 (0:029) 0.119 (0:047) 0:007(0:001)
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I Akifumi Okuno. An integrated perspective of robustness in regression through the lens
of the bias-variance trade-o�. arXiv:2407.10418
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