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Why domain shift matter? Overview of gradient-guided amplitude mix

Real-world evidence: ID-0O0D trade-offs

Labeled source data meet unlabeled target images with Soure Domiain Phase  Amplitude
shifts in background, style, or acquisition instruments.

D-GAP (red star) has the highest OOD score in each original plot. Points and
error bars show means and standard deviations.
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Inside the square frequency window Q,, interpolate with
the second image’s amplitude.

Amix (u,0) = (1 = D(u,v)) A(z1)(u, v) + D(u, v) A(z2)(u, v) One method, four real-world shifts

s & >
B A &S
- b bt !

Galaxy10 PACS

Average amplitude sensitivity maps of ResNet50 on Galaxy1l0 and PACS. The
method uses this response to guide mixing.
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Higher sensitivity - stronger cross-domain amplitude 2 e woavn G
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Interpretation: gradient magnitude measures local sensitivity; it does not
directly identify spurious components.
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Xob; animal foreground cell morphology bird calls galaxy structure Model-aware: task gradients set the amplitude mixing strength.
Real-world datasets: linear probing on frozen pretrained . habggitk;erit:r:zs in ] z?%znt;tnywor size b Abitat Noice P —_— Dual-space: amplitude intervention complements pixel detail.
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d:spu features SRt RRERCS low-level noise background features Cost: additional gradlent computation.
DG benchmarks: train .dlrectly from pretrained initialization . «y-position pcae’clclfz(;rs%r;’lcgggg «-position wy-position Periodic updates and lightweight predictors are future work.
for the paper’s comparisons.
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