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Deficiencies of DNN Closed World Assumption
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OOD Overconfidence Issue
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…

Influence of OOD Overconfidence Issue
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OOD detection

…

Related Work

Operations

ODIN [Liang et al. 2018]

ReAct [Sun et al. 2021]

DICE [Sun et al. 2022]

BATS [Zhu et al. 2022]

MSP [Hendrycks et al. 2016]

Mahalanobis metrics [Lee et al. 2018]

Energy [Liu et al. 2020]

FeatureNorm [Yu et al. 2023]

…

Designing Detection Score Widen the Differentiation
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DNNs can indeed be regarded as complex systems, often characterized by over-parameterization. This

excessive complexity can cause DNNs to exhibit emergent behaviors, leading to unpredictable outcomes,

e.g., OOD overconfidence Issue.

Motivation
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How Complexity Affects Overconfidence?

Capacity - Effectiveness of Knowledge Distillation
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How Complexity Affects Overconfidence?

Capacity - Analysis of Student Networks with Varying Capacities
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How Complexity Affects Overconfidence?

Nonlinearity - Analysis of Different Removal Proportions
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How Complexity Affects Overconfidence?

Nonlinearity

Analysis of Different Removal Locations Impact of ReLU Removal Initiation Points
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Given a complex teacher model with high capacity and nonlinearity, we use knowledge distillation to transfer

information to a low-capacity student model. During distillation, ReLU operations are selectively replaced with

Leaky ReLU, and the negative slope is iteratively adjusted from 0 to 1, ultimately transforming ReLU into an

identity function.

Illustration of Our Model Simplification Pipeline
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Results of Mitigating OOD Overconfidence
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Results of Mitigating OOD Overconfidence

Histograms (logarithmic scale) of MMC values for (a, b) ResNet-50 and (c, d) ResNet-101, w/ and w/o applying

mitigation techniques: ACET, CEDA, CCUs, and Ours. All models are trained on CIFAR-100 and evaluated on OOD

datasets: (a, c) LSUN-R and (b, d) TinyImageNet-R. In our approach, ResNet-18 and WRN-28 serve as students for

ResNet-50 and ResNet-101, respectively.
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Results of Enhancing OOD Detection
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Results of Enhancing OOD Detection



16

Importance of Knowledge Distillation and ReLU Removal
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Knowledge Distillation vs. Network Pruning 
for Capacity Reduction



Thanks!
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