学位论文中文题目： 基于神经元相对抽象的分布外样本检测及应用
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学位论文中文摘要：
深度学习技术在近几年来取得了很大的突破和快速的发展，并且已经被广泛应用到各个领域，例如图像分类、目标检测、语音识别等。然而，深度学习模型的决策逻辑由于缺乏可解释性，基于深度学习模型的智能系统的安全性与可靠性得到了学术界的广泛关注。分布外样本检测正是其中主要的研究方向之一。

深度学习模型总会将符合输入规则的样本分类到模型所训练的类别当中，然而对于一个不属于任何训练类别的分布外样本来说，模型的预测结果将必然错误。因此，分布外样本检测是一个提高深度学习系统安全性和可靠性的重要方法。在本论文，我们提出相对激活和相对抑制的概念来刻画样本在神经元上的输出行为，并进一步提出神经元相对抽象来表达深度学习模型对输入样本的决策逻辑。神经元相对抽象在同类别样本间具有很强的相似性，在不同类别样本间具有很强的差异性；而且分布外样本的神经元相对抽象与相同预测类别的分布内样本也完全不同。因此，基于神经元相对抽象，本文提出一个分布外样本检测新方法Re-AD。实验结果验证了Re-AD方法的有效性，与现有主流的分布外样本检测方法对比，Re-AD在多组实验设置下均取得更好的检测性能，同时表现出更好的可扩展性与鲁棒性。

本文的主要贡献如下：
1. 本文提出一种新的神经元激活与抑制概念，称为相对激活与相对抑制。一个神经元的相对激活或相对抑制行为在同类别样本中高度一致，这为解释样本在深度学习模型中的推导过程提供了一个全新的视角。
2. 本文提出一种基于神经元相对激活与相对抑制组合的样本抽象方法，即神经元相对抽象抽取，以表达样本在深度学习模型中的推导行为。我们将神经元相对抽象在同类样本间具有很强的相似性，而在不同类别的样本间具有很强的差异性，因此可以很好的刻画样本在深度学习模型中的决策逻辑。

    3. 本文提出一种基于神经元相对抽象的分布外样本检测方法Re-AD，相比于文献中主流的分布外样本检测方法，具有更高的运行效率以及检测性能，同时此方法不需要使用分布外数据，具有更好的可扩展性。在18组对比实验评估中，有些分布外样本检测方法的AUROC检测性能甚至低于0.5002，这意味着这些方法在相应任务下彻底失效。而Re-AD在所有的实验设置下均取得了AUROC大于0.85的检测性能。Re-AD与基于样本评分函数的检测方法比较，检测性能比现有方法提升了3\%-25\%；而与基于模型推导行为的检测方法比较，Re-AD在误报率更低的情况下具有更高的召回率。

    4. 本文将Re-AD应用在实际环境下的目标检测系统中，实验结果验证，Re-AD可以检测出大量目标检测系统的分布外检测框预测错误，充分验证了Re-AD在不同任务上的可扩展性。
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学位论文英文题目：Out-of-Distribution Detection through Relative Activation-Deactivation Abstractions
学位论文作者英文姓名：ZHANG Zhen
学位论文英文摘要：
Deep learning has made breakthroughs in recent years, and deep learning models have been widely applied in various intelligent systems such as image classification, object detection and peech recognition.  However, different from that of a classical program, the decision logic of a deep learning model is learned from training data, hence lacks interpretability in general. Efforts

have been devoted in studying the safety and reliability of deep learning based systems, while Out-of-Distribution (OOD) detection is one of the main topics in academia and industry. 
The distribution of real-world data is usually not consistent with that of training data, but a deep learning model will anyway make a prediction for a given input of some category that the model is not trained for. Thus, a deep learning model always misclassifies such an out-of-distribution input. In this circumstance, it is desirable for the deep learning based system to detect this anomaly input in time, instead of following the faulty prediction of the model blindly. Hence, out-of-distribution detection is practically an important task for ensuring the safety and reliability of a deep learning based system.We present in this thesis the notion of relative activation and relative deactivation to interpret the inference behavior of a deep learning model. Then, we propose a relative activation-deactivation abstraction approach to characterize the decision logic of the deep learning model. The relative activation-deactivation abstractions enjoy close intra-class aggregation for each category under training, as well as diverse inter-class separation between various categories under training. We further propose an out-of-distribution detection algorithm, Re-AD, based on the relative activation-deactivation abstraction approach, following the underlying principle that the relative activation-deactivation abstraction of an out-of-distribution input is far away from the one for the category the deep learning model predicts. The experimental results show that Re-AD can achieve better and more stable performance than the state-of-the-art abstraction based detection algorithms, with significantly more true positives and less false positive alerts for out-of-distribution detection.
The main contributions of this thesis are as follows.
1. We propose a new concept of relative activation and relative deactivation of neurons. The relative activation and relative deactivation behaviors of a neuron share the same level of relative selectivity for inputs of the same categories. This provides a new perspective for interpreting the inference behavior of a deep learning model.


 2. We propose a new abstraction approach based on relative activation and relative deactivation behaviors of neurons. The relative activation-deactivation abstractions manifest strong intra-class aggregation and inter-class separation for representing the decision logic of the deep learning model.


 3. Based on the new abstraction approach, we propose a new OOD detection approach, Re-AD, with high effectiveness, stability, and scalabilty. An empirical study demonstrates that Re-AD achieves an AUROC of more than 0.85 for all the OOD tasks experimented, while the state-of-the-art scoring-based approaches may achieve less AUROC, even as little as 0.5002, for some OOD tasks. On average, the AUROC of Re-AD improves 3% - 25% than that of the scoring-based approaches. Moreover, the experimental results show that Re-AD also outperforms the state-of-the-art abstraction-based approaches in terms of true positive rate.
4. We also apply Re-AD in object detection systems, the experimental results show that Re-AD can be well adapted to various deep leaning tasks, hence shows good scalability.
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