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Network
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Abstract: At present, most studies rely on a large number of annotated samples to describe the feature distribution
of known categories when solving the open set recognition problem of image classification models, which may
lead to two problems: when the annotated samples are insufficient, the model training is easy to fall into the local
extreme value; The decision boundary constructed according to the feature difference of known classes only
reflects the feature distribution among known classes and lacks the generalization of open sets. In this paper, we
propose a separate independent classification network structure, in which each category contains an independent
linear feature layer. The neural nodes designed in the feature layer can capture the category features more
accurately under limited data samples. At the same time, a class of negative samples without labeling is
introduced in the model training, so that the model not only relies on the feature difference of the known
categories when constructing the decision boundary, but also increases the open set generalization of the model
decision boundary without adding additional labeled samples. The experimental results show that the open set
recognition algorithm based on independent classification network and adaptive open set training on FDS and
Imagenet-Crop data sets has better open set recognition performance than the existing open set recognition
algorithm.
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12 ViT+ICOR(K+) 0994 0981 0.993 0.974
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(d) Open adaptive training openness experiment (Imagenet
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Tab.3 Comparing the performance of ICOR and open set adaptive training with existing OSR algorithms
Model FDS Imagenet-Crop Model FDS Imagenet-Crop
Model name Model name

order  Close Open Close Open order Close Open Close Open
Res50 1 0999 0474 0.999 0.471 Res50 13 0.992 0.334 0.999 0.610
Softmax MobV2 2 0.982 0.399 0.998 0.294 ARPL MobV2 14 0.970 0.752 0.986 0.547
ViT 3 0999  0.345 0.999 0.331 ViT 15 0.999 0.648 0.978 0.462
Res50 4 0996  0.824 0.984 0.744 Res50 16 0.999 0.395 0.999 0.674
Sigmoid MobV2 5 0.980 0.707 0.994 0.692 GCPL MobV2 17 0.962 0.721 0.994 0.527
ViT 6 0994  0.826 0.999 0.437 ViT 18 0.998 0.624 0.998 0.506
Res50 7 0999 0321 0.998 0.558 Res50 19 0.995 0.940 0.971 0.882
AMPFL  MobV2 8 0.909  0.727 0.995 0.511 ICOR MobV2 20 0.994 0.928 0.997 0.898
ViT 9 0999  0.638 0.999 0.476 ViT 21 0.999 0.890 0.999 0.792
Res50 10 0992 0377 0.998 0.587 Res50 22 0.996 0.988 0.968 0.991
SLCPL MobV2 1 0962  0.781 0.989 0493 ICOR(K+) MobV2 23 0.997 0.976 0.979 0.982
VIiT 12 0.999 0.749 0.996 0.340 VIiT 24 0.995 0.981 0.993 0.974
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