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Few-Shot One-Class Classification (FS-OCC)
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Classify new query samples as either positive or negative when only few-shot positive
samples are available during training.
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One-Class Model-Agnostic Meta-Learning (OC-MAML)
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Misalignment
between Cross Entropy Loss and OCC Tasks during adaptation
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(a) Loss variation (b) Changes in gradients (c) Maximum difference in gradients
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Task-Agnostic Adaptation

disregards task-specific meta-knowledge
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Ablation Study
D Setting K =2 K =10
MIN OMN CIFAR-FS MIN OMN CIFAR-FS
A Baseline 69.1 96.6 70.0 76.2 97.6 79.1
B +A 72.13 97.89 7591 76.46 98.31 81.11
C +N 72.09 97.99 75.59 76.66 98.45 81.13
D +A+N (TSGA) 73.41(+4.31) 98.11(+1.51) 76.84 (+6.84) 77.73 (+1.53) 98.54 (+0.94) 81.70 (+2.60)
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Results
Model Backbone K=z K=10

MIN OMN CIFAR-FS MIN OMN CIFAR-FS
OC-ProtoNet [3] Conv-4 64.4 88.8 64.5 66.4 91.6 67.6
OW-ProtoNet [4] Conv-4 67.0 — 70.9 74.4 — 76.7
AHDD [2] Conv-4 71.93 96.81 75.34 77.00 97.87 80.95
OC-MetaOptNet [1] ResNet-12 51.8 — 56.3 67.4 — 75.5
OC-MetaSGD [1] Conv-4 69.6 - 71.4 75.8 - 77.8
OC-MAML [1] Conv-4 69.1 96.6 70.0 76.2 97.6 79.1
TSGA (Ours) Conv4 7341+£04 98.11+0.1 768404 77.73+04 9854 +0.1 81.70 + 04
OC-MAML [1] ResNet-12  76.60 £0.4 9861 £0.1 742604 7727404 99.18+0.1 8205404
TSGA (Ours) ResNet-12 78.04 04 9897 £0.1 7953 +04 7924 +04 9929 +0.1 84.05+04
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Visualization
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Thank you!

Project Website: O 0
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https://github.com/noragami2333/TSGA
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