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Summary

e Background
* Large-scale long-tailed recognition in an open world
* Open compound domain adaptation



Background

* Deep learning looks so powerfull!!




Problem

* Even the state-of-the-art methods are not good enough to handle
realistic data in realistic settings!
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Problems

* Long-tailed
* Open-ended

* Multi-domain
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Long-tailed distribution
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Long-tailed distribution
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Open!
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Problems

* Long-tailed
* Open-ended

* Multi-domain
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Long-tailed distribution

* Modern deep learning techniques are based on large-scale balanced
training datasets:
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Long-tailed distribution
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Open Long-Tailed Recognition

Open World
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Open Long-Tailed Recognition
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Imbalanced Classification

(metric learning, re-sampling, re-weighting)

Few-Shot Learning

(meta learning, classifier dynamics)

train test

Sensitivity to Novelty X Avoid Forgetting

Open Set Recognition Open Long-Tailed Recognition

(distribution rectification, out-of-distribution detection) (dynamic meta-embedding)
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Open Long-Tailed Recognition
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(b.2) Feature a of
Plain ResNet Model

(b.3) Feature Map of (b.4) Modulated
Our Model Attention
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(a) Embedding of Plain ResNet Model (b) Embedding of Dynamic Meta-Embedding
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Modulated Attention (f*'*)
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Open compound domain adaptation
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Simulation

Open World Driving Conditions
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Compound Heterogeneous Domains
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Curriculum according to
Domain Characteristics
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Absolute Performance Gain: ~5%
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Problem continues
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Problem continues
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Thank you!

Open Long-Tailed Recognition P oy
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