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for some a € R% and v > 0.

Proposition 2.7. Posterior distribution.

Experiments and results: CIFAR-10
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where ey is the one-hot encoding of Y;, i = 1,...,n Model Accuracy (1) Brier Score (})|  AUROC (1) AUPR (1) OQOD Brier Score (|)
CIFAR-10 CIFAR-100 SVHN CIFAR-100 SVHN CIFAR-100 SVHN
Definition 2.8. Amortized VI for the Tempered ICD Model. EDL 0.7535 0.3520 0.7588 0.7519 0.6900 0.8094 0.0960  0.0492
¥ o ¥ = argmin KL ( e ) R-EDL 0.8957 0.1737 0.8484 0.8741 0.8016 0.9150 0.3603 0.3262
Pinl T1n = Gy, = a8 Ix,, 11 1, Re-EDL 0.8939 0.1737 0.8603 0.9102 0.8229 0.9427 0.6613  0.6303
e i DAEDL 0.8879 0.1760 0.8323 0.8606 0.7913 0.9088 0.4087  0.3843
PostNet 0.8169 0.2623 0.7691 0.7760 0.7254 0.8532 0.4609 0.4734
qy = HQX and gy = Dir (a + NN’(X)), i=1...n, MC Dropout | 0.9534 0.0729 0.8833 0.8802 0.8407 0.9053 0.5958  0.6111
1 Deep Ensembles| 0.9614 0.0587 0.0072 0.9628 0.8807 0.9802 05222  0.4200
NN?: R — RK is a neural network with ¢ € ®, and ® is the neural network DIP-EDL 0.9503 0.0978 0.9002 0.9660 0.8859 0.9830 0.3251 0.1109

class, with parameters 35\ = argmin {KL (qx [ ”Yl ) }
HED

Theorem 2.9. Amortized VI objective is equivalent to EDL training:

¢ , = argmin {3EDL (Cb; Y. Xl:n) } ID Performance Metrics OOD Performance Metrics
ped
Proposition 2.12. Vacuity (under certain conditions): Components | Accuracy (1) Brier Score () AUROC (1) AUPR (1) OQD Brier Score ()
u(a + NN?;”) — . i=1,....n n DE NN CIFAR-10 CIFAR-100 SVHN CIFAR-100 SVHN CIFAR-100 SVHN
i Qy+ U
X v Vv 0.1000 0.9000 0.9000 09686 0.8864 0.9850 0.0000 0.0000
Implications: v v | 0.9496 0.0831 0.5036 0.5014 0.5014 0.7224 0.6945 0.6412
—> EDL is governed by a user-defined v/, independently of the data fit.
— EDL’s uncertainty persists even as the sample size grows. v Vv 0.9496 0.7653 0.9000 09686 0.8864 0.9850 0.0004 0.0000
— EDL cannot distinguish epistemic from aleatoric uncertainty. v VvV VvV 0.9496 0.0978 0.9000 0.9686 0.8864 0.9850 0.3303 0.1032
—> EDL is overconfident on ID and OOD data.
Table 2: Ablation study of DIP-EDL. We evaluate the individual and combined contributions of training set

Solution: DIP-EDL

We propose:

leﬁCb = Dir <a -+ nDEE’éNNi), i=1,...,n,

Table 1. ID and OOD performance when models trained on CIFAR-10. We evaluate |ID accuracy and
calibration, alongside OOD detection against CIFAR-100 (near-OOD) and SVHN (far-OOD).

size, n, the density estimator, DE"’ and the discriminative classifier, NN¢ The results demonstrate how the

Experiments and results (real data): LAMOST

l

model splits it's tasks across the three components and achieves the best performance when all three
components are included.

where DEY : R? — R, is a density estimator for P with parameters y and ID Performance Metrics OOD Performance Metrics
NN? : RY — RX is a neural network estimator for P;fX with parameters ¢. Model Accuracy (1)  Brier Score (1) | AUROC (1) AUPR(1) OOD Brier Score ({)
| LAMOST Star Star Star
Properties: EDL 0.4955 0.7585 0.4934 0.9884 0.3595
* Distributional awareness - uncertainty is higher in low-density regions and R-EDL 0.7706 0.4273 0.6022 0.9933 0.0783
« Asymptotic consistency - epistemic uncertainty vanishes asymptotically as the DAEDL 0.7706 0.2802 0.5748 0.9904 0.1418
number of samples grow, while aleatoric uncertainty may persist. PostNet 0.7328 0.4231 0.5315 0.9913 0.0297
DE% 5 P(X), NN¢ Epx (o 1X) = X Y, A o L, P (-1 X). MC Dropout 0.5851 0.6055 0.4974 0.9886 0.3729
X o x7 1 Pil X Yin & 47 1 Deep Ensembles 0.8929 0.1497 0.7425 0.9957 0.2394
 Modularity - density estimator and classifier trained separately. DIP-EDL 0.8929 0.1555 0.6789 0.9948 0.2517

» Efficiency - single forward pass at inference. _
Table 3. ID and OOD performance when models trained on LAMOST (Galaxy, Quasar). \We evaluate ID

Ny . . . . accuracy and calibration, alongside OOD detection against LAMOST Star spectra.
Applications: disaster response management, medical diagnosis, autonomous

driving, fraud detection
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