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Observation In a trained NN, OoD samples concentrate in the feature space. Experiments
OoD Face quality increasing In-distribution In-distribution Table 2: Main results. All values are 1n %.
OoD
e FSSF* Datasets (Architecture) Metrics Base ODIN Maha DE MCD OE FSSD
LA o AUROC 773 969 99.6 839 81.7 99.6 99.6
A e ey 00 AUPRC 792 930 997 833 853 996 997
S EE, e FPRSO  43.5 2.5 0.0 275 368 00 0.0
PR R IR Small-scale AUROC 899 967 99.1 937 967 904 995
o LTl T benchmarks CIF"?&S\% Stéi;’HN AUPRC 854 925 981 906 939 89.8 995
R - . FPR8O  10.1 47 03 37 24 125 0.4
i sk WEO M ) e iy ImaceNet doss vs. non-does AUROC 885 908 833 890 672 925 931
OoD (ImageNet) i & (ReSgNe 34 & AUPRC 86.1 886 830 890 669 926 925
- FPRSO 195 152 30.1 188 592 79 102
' CelebA non-blurry vs. bl AUROC 717 733 739 745 698 715 783
(ResNeX%’ 0) Y AUPRC 899 914 909 914 887 907 9238
con04. B c D Large-scale FPR8O 520 503 460 47.1 532 542 392
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FSSD (z) = | Fp (=) I (ResNeXt5U) FPRSO 618 594 296 567 588 642 221
Sequence Bacteria Genome AUROC 696 706 704 700 693 NA 748
; . .. AUPRC 699 719 693 560 702 NA 758
U nderSta nd | ng OoD features move SlOle dllI'lIlg training. benchmark (LSTM) FPRSO 574 559 537 300 583 NA 474
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1. Study the phenomenon 1n different
phases of training corresponding to

(b) The norm of the derivative, i.e., "moving speed", of last-layer feature vector at different time steps. All features concentrate at initial Stage.

Input: Test samples « = {2} V_. ensemble

weights o, perturbation magnitude e,

"Moving speed" of the feature vector FSSD () 1;%‘_/(1 |Fo, (x) — Fy, (z) | feature extractors { Fix) the recent advances 1n NTK;
dFy, (z) OFy, (z)db quation (1) for each feature extractor { Fy, g}k , do
dt o 39t dt Z 1. Estimate FSS F (k) = ZS_ F( ( nmse)/S’
= 91; .CU £Um 8 £’¢ dt h noise _ S
OF aF . / Wel‘e.il? Z/{{O,].],S—].,"', .
— Z b, be () 8, Lop. > m=1 2. Add perturbation to test sample 2.Explore the connection to the
56, 90, iy A¢ . F F; o .
N T = x + esign( mH (k T) — k) H probabilistic models, e.g. Gaussian
~ Z (@, m) ’ ] (’f) = ||F, *
— 3. Calculate FSSD H k) (k)H Processes.
Empirical Neural Tangent Kernel end
P & where v,, = fOT 0,, Ly dt.

Return FSSD-Ensem () =

S K o FSSD™ ()




