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1. Out-of-Distribution (OOD) detection

Neural Networks (NN) and OOD

Scoring function equation

lllustration of OOD sample variability

> Can only recognize objects seen during training for OOD detection —oon e oon
> May produce overconfident predictions on unknown objects
> Need OOD detectors to distinguish known from unknown _ H=RistERyGon ~
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Two families of OOD detectors OOD 1t § (X) <7 CHAR T

> Scoring function : produce high scores for ID samples
from NN outputs
> Feature truncation : enhance separation between ID and TinylmageNet
OOD samples by moditying propagated signals
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Problematic : Does combining multiple scoring functions and feature truncations

iImprove robustness across OOD types?
OOD main challenge: recognizing OOD samples that vary from

slightly different to entirely unrelated
> Near-OOD > Far-OOD

® Similar images, different class ® Visually and semantically distant

Our contributions :

> Theory : Proof that merging multiple OOD detectors enhances OOD detection

> Methodology : Proposal of a post-hoc strategy named Multi-Method Ensemble (MME)
> Performance : Benchmarking demonstrating MME's superiority over existing methods

2. Ensembling strategy for OOD detection
Overview of MME method

Sparse feature map

Properties that improve OOD detection

> Combining multiple scoring functions FC Layer

® Theoretical proof ® |nsight of literature — T
> Pairing feature truncation with SCOI’iﬂg function l Our contribution
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> MME implementation features: ! Bz ﬂ K WS

® 6 scoring functions ® ? feature truncations
> Benchmarked across diverse OOD scenarios:

® small- vs large-scale OOD ® near-vs far-OOD
> Evaluated against 16 state-of-the-art OOD detectors
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3. Extensive benchmarking results

Evaluation of various scenarios ImageNet-1K benchmark
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> The ensembling strategy enables MME to deliver state-of-the-art performance. 2 2 %
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> MME consistently ranks among the top methods across models and datasets. —
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> Minor performance variation is observed under different hyperparameter settings. N N - P
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Conclusion and perspectives

> Combining feature truncation and scoring functions enhances OOD detection performance both theoretically and empirically.

> The proposed MME strategy fuses leading OOD detectors to better address diverse OOD scenarios.

> MME achieves state-of-the-art results across multiple models, datasets, and benchmark scales.

> Thus, exploring broader OQOD libraries such as OpenOQOD [2] or scio [3] will further expand the design space for robust and efficient OOD detection.
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