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1. INTRODUCTION 3. LikeLiHooD RATIos For OOD DeTECTION

Discriminative models offer little performance ® Assumption: An input x is composed of two components Examples of Background vs Semantics:

guarantees on out-of-distribution (OOD) inputs, o Background x; - population level background statistics e /mages: background + objects
e Bacteria identification .based on gepomic \T‘\ can be dominant e Genomics: GC backgroulnd + motifs

Zie:égigces holds the promise of early detection of p(X) = p(X B) [p( S) the focus e Speech: background noise + speaker
e ML classifiers perform poorly in real world, because | ® To focus on xwe propose (1) training a background model Algorithm

;f;a; i?\tsn ;:\)c(),rr:tlz;;n; e?i:\-:r??o tgheer:zg:fa r;ier%i?gces on perturbed mptzts)and (2) com(putl)ng t(he l.)lkelIhOOd raEtlo.) ~Fit Do (X) using in-distribution data

| Po(x po(%5) po(Xs Po(Xs) - Fit pg, (X)us input dat
e e create a realistic benchmark for OOD detection LLR(X) = log =1 ~ ~ log t p 90( ) 4SINY perturbgd ”.npti data and
. Po, (X) P, (x8) Py, (Xs) Po, (Xs) (optionally) model regularization™.

oh genomics data. 0 0 0 0 . .

e We propose a Likelihood Ratio method for OOD assuming both models capture background equally well. - Compute the likelihood ratio.

- Predict OOD Iif likelihood ratio is small.
e LLR is a background contrastive score: the significance of *mutation rate and L2 coefficient are tuned

detection, achieving SOTA on genomics data

<01/01/2011  01/01/2011~01/01/2016  >01/01/2016 the semantics compared with the background. using an independent OOD dataset different
from test OOD.
In-distribution In-distribution
S e R validation test
In-distribution
training P
LI vancavon OOD test e Investigate auto-regressive models: which pixels contribute the most to the likelihood (ratio)?
e Fashion-MNIST (in-dist.) vs. MNIST (OOD). PixelCNN++ model is trained on Fashion-MNIST.
10 in-distribution, 60 OOD validation, 60 OOD test classes. o Likelihood is dominated by the background pixels = p(Fashion-MNIST) < p(MNIST)
e Likelihood ratio focuses on the semantic pixels = LLR(Fashion-MNIST) > LLRIMNIST)
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Bacterial classes are Fashion-MNIST MNIST
discovered gradually over BN £ i “(sorted by likelihood from high to low)
“ Method AUROC

the years (not saturated yet).
In-distribution and OOD classes

are interlaced in phylogeny

Likelihood 0.115

e T G g . Likelihood Ratio 0.997
HLNLNEH S .

>  GENERATIVE MoDELS CAN ASSIGN ‘ = ’ . = Classifier-based p(y|x) 0.579
HicHER LikeLiHooD 1To OOD INPUTS — ‘ L] D rl__“ D dll; Classifier-based Entropy | 0588

D m U [] = . Classifier-based ODIN 0.620

Images with highest (h|gh oortion of  Images with highest (prototypicalicons) | Classifier Ensemble 5 0.832

Generative models:
o do not require labeled data

o model the input distribution p(x ., /) and then background) and lowest likelihood & lowest likelihood ratio (rare patterns) Classifier-based 0.086
evaluate the likelihood of new inputs. Mahalanobis Distance
o Higherlikelihoods for ., — festonmust  n 5. OOD DetecTioN For GENOMICS
OOD than in-dist. In 00014 e /\ -
Fashion-MNIST (in-dist.) oo ] e | STM modelis trained using sequences from in-distribution classes
vs. MNIST (OOD) go.ooos- e Likelihood Ratio significantly improves OOD Detection Method AUROC
(Nalisnick et al., 2018, 00005 - e Effect of background GC-content is corrected Cikelihood 0.630
Choi et al. 2019, 0P e OOD detection correlates with its distance to in-distribution® |
il Likelihood Ratio 0.755
I oy e Lo i 19 1 e e, i -+ ndbaion| || +++ Likeliood Rato Classifier-based plylx) | 0.622
— In distribution g g | T Classifier-based Entropy | 0.622
4 - — 00D D e T 08 §0.8 .
. o \X/e observe a similar % , % 06 > z; . _ Classifier-based ODIN 0.645
5 phenomenon on y e ||| 5 | Rt | e - Classifier Ensemble 5 | 0673
-(Iﬂ . genomlc Sequehces. o R o k%gRglzeihg?fégatio | - 0.0 ~ - 0:307'05 010 015 020 025 030 0.35 CLaSSIﬁer_ based 0496
" i o osz | Oﬁ y OfGR tofg o 02— R — -+ Minimum distance to in-distribution Mahalanobis Distance
0 J/ s - T TORE R G content *Pearson Correlation 0.569 (LLR), 0.277 (Ensemble)
-16 -1.4 12LolgO|Ik28llh(())gd 04 02 0.0 00
0. o * o [n-distribution ||
e The likelihood is heavily L 00D _ Summary
affected by the S oc. le s | ° _ e Create arealistic benchmark dataset for OOD detection in genomics
sequence'’s GC-content = Ll AR e Show that the likelihood from deep generative models can be confounded by background statistics
(background statistics). = e Propose a likelihood ratio method for OOD detection, outperforming the raw likelihood
§’_1'2_ e Our method achieves state-of-the-art performance on genomic dataset.
- Check the ArXiv Version for details
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