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DNN-Based Open-set Recognition Algorithms
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Open-set Recognition A1 S
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% Recent advances in open set recognition: A survey

* Geng, C, Huang, S. J, & Chen,S. (2020). Recent advances in open set recognition: A survey. IEEE transactions on pattern
analysis and machine intelligence, 43(10), 3614-3631.

«  2022H 7E 192 7|E 2812] 218
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3614 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 43, NO. 10, OCTOBER 2021

Recent Advances in Open Set
Recognition: A Survey

Chuanxing Geng ', Sheng-Jun Huang™, and Songcan Chen

Abstract—In real-world recognition/classification tasks, limited by various objective factors, it is usually difficult to collect fraining samples to
exhaust all classes when training a recognizer or classifier. A more realistic scenario is open set recognition (OSR), where incomplete
knowledge of the world exists at training time, and unknown classes can be submitted to an algorithm during testing, requiring the classifiers
to not only accurately classify the seen classes, but also effectively deal with unseen ones. This paper provides a comprehensive survey of
existing open set recognition techniques covering various aspects ranging from related definitions, representations of models, datasets,
evaluation criteria, and algorithm comparisons. Furthermore, we briefly analyze the relationships between OSR and its related tasks
including zero-shot, one-shot (few-shot) recognition/learning techniques, classification with reject option, and so forth. Additionally, we also
review the open world recognition which can be seen as a natural extension of OSR. Importantly, we highlight the limitations of existing
approaches and point out some promising subseqguent research directions in this field.

Index Terms—Open set recognition/classification, open world recognition, zero-short learning, one-shot learning
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OpenMax

% Towards open set deep networks
« Bendale, A, & Boult, T. E. (2016). Towards open set deep networks. In Proceedings of the IEEE conference on computer vision
and pattern recognition (pp. 1563-1572).
20228 7E 21 7| & 8022 21&

- AE MELDONN)O open-set recognition= M5 &8¢+ OpenMax A| 2t

'his CVPR paper is the Open Access version, provided by the Computer Vision Foundation

Except for this watermark. it is identical to the version available on IEEE Xplore.

Towards Open Set Deep Networks

Abhijit Bendale*, Terrance E. Boult
University of Colorado at Colorado Springs

{abendale, tboult}@vast .uccs.edu *

Abstract vision and learning. Recent research in deep networks has

significantly improved many aspects of visual recognition

Deep networks have produced significant gains for var- [26, 3, 11]. Co-evolution of rich representations, scalable
ious visual recognition problems, leading to high impact classification methods and large datasets have resulted in
academic and commercial applications. Recent work in many commercial applications [5, 25, 16, 6]. However, a
deep networks highlighted that it is easy to generate images wide range of operational challenges occur while deploying
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Classification-reconstruction learning for open-set recognition

Yoshihashi, R, Shao, W, Kawakami, R, You, S, lida, M, & Naemura, T. (2019). Classification-reconstruction learning for open-set
recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 4016-4025).
- 2022 7E 21 7| & 1662 218
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This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Classification-Reconstruction Learning for Open-Set Recognition

Ryota Yoshihashi' Wen Shao' Rei Kawakami'
Shaodi You? Makoto lida' Takeshi Naemura'
The University of Tokyo Data61-CSIRO
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sirac a) Existing deep open-set classifiers (Openmax, G-Openmax,
Abstract ) Existing deep op lassifiers (Op G-Op DOC)
Open-set classification is a problem of handling ‘un- f—————p'—"ﬂj—rl'"—[ ——————— 1 CiP?_'ijl N+ 1 way
known’ classes that are not contained in the training l ®—® ! _U.j;-.‘..‘i*."l;‘i:'l.“.r.:l.-.. class
11, . nknown sed-set A
dataset, whereas traditional classifiers assume that only :\_ Input Prediction ,I detector | cl‘;s:iﬂ:r[ probabilities

known classes appear in the test environment. Exist- |
ing open-set classifiers rely on deep networks trained in
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(OpenMax &)1t CROSRC| & H|ut
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un [

rH

l
| Backbone network | Training method | UNK detector || ImageNet-crop | ImageNet-resize | LSUN-crop | LSUN-resize

Plain CNN Counterfactual [2 2] 0.636 0.635 0.650 0.648
Plain CNN Supervised only Softmax 0.639 0.653 0.642 0.647
Openmax 0.660 0.684 0.657 0.668
LadderNet Softmax 0.640 0.646 0.644 0.647
Openmax 0.653 0.670 0.652 0.659
CROSR 0.621 0.631 0.629 0.630
DHRNet (ours) Softmax 0.645 0.649 0.650 0.649
Openmax 0.655 0.675 0.656 0.664
CROSR (ours) 0.721 0.735 0.720 0.749
DenseNet Supervised only Softmax 0.693 0.685 0.697 0.722
Openmax 0.696 0.688 0.700 0.726
DHRNet (ours) Softmax 0.691 0.726 0.688 0.700
Openmax 0.729 0.760 0.712 0.728
CROSR (ours) 0.733 0.763 0.714 0.731
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% Learning a neural-network-based representation for open set recognition

«  Hassen, M, & Chan, P K. (2020). Learning a neural-network-based representation for open set recognition. In Proceedings of

the 2020 SIAM International Conference on Data Mining (pp. 154-162). Society for Industrial and Applied Mathematics.

o 20224 7€ 21 7|Z= 66| Q1

- ol 72| 7|8t unknown EHX|E 2|6l ii-lossS H|QF
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DNN-Based Open-set Recognition Algorithms

Learning a Neural-network-based Representation for Open Set

Recognition

Mehadi Hassen®

Philip K. Chan'

February 7, 2020

Abstract
In this paper, we present a neural network based represen-
tation for the Open Set Recognition problem. In this rep-
resentation instances from the same class are close to each
other while instances from different classes are further apart.
When used for Open Set Recognition tasks, evaluated on
three dataseis [rom two different domains, the proposed ap-
proach results in a statistically significant improvement com-
pared to other approaches.

Keywords— Open Set Becognition, Representa-
tion Learning, Malware Defense

world problems? Various real-world applications oper-
ate in an open set scenario. For example, Ortiz and
Becker [I8] point to the problem of face recognition.
One such use case is automatic labeling of friends in so-
cial media posts, “where the system must determine if
the query face exists in the known gallery, and, if so, the
most probable identity.” Another domain is in malware
classification, where training data usually is incomplete
because of novel malware [umilies/classes that emerge
regularly. As a result, malware classification systems
operate in an open sel scenario.
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MS  0.87(+0.01) 0.86(+0.04) 0.89(4+0.01) 0.88(=+0.01)
Android 0.30(+0.12)  0.46(+0.10) 0.71(4+0.17)  0.69(=+0.15)
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