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研究背景

 人机交互技术迅猛发展，智能聊天机器人需求广泛

 智能客服：食品餐饮、医疗保健、电子商务、电信运营

 休闲娱乐：智能音箱、语音助手（微软小冰、苹果Siri、百度小度、小爱同学等等）

 用户需求复杂多样，对话系统难以识别全部意图

 检测并发现用户开放意图并加以有效利用具有很大的商业前景

 发现用户对话开放意图面临的困难

 如何将开放意图与已知意图分离？

 如何发现开放意图的细粒度类别？

研究背景及现状

对话系统无法处理的开放意图 语音助手
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研究背景

 开放意图检测

 开放域分类问题

 N类已知意图, 开放意图全部归为一类

 训练集只包含已知意图

研究背景及现状

 开放意图发现

 半监督聚类问题

 N类已知意图，M类细粒度开放意图

 训练集包含少量有标注已知意图+大量未标注意图
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研究现状

 开放意图检测

 开放域分类

• 基于SVM方法: [Scheirer et.al, 2013; Liu and Fei, 2016]

• 基于深度神经网络方法: [Bendale and Boult, 2016; Shu et.al, 2017]

 未知意图检测

• 基于意图特征密度: [Lin and Xu, 2019; Yan, Fan and Li 2020]  

 开放意图发现

 基于无监督聚类的方法

• 特征工程: [Padmasundari and Srinivas, 2018; Shi et.al, 2018]   语义解析器: [Hakkani-Tür et.al, 2018]

 基于半监督聚类的方法

• 数据对相似性:[Hsu et al. 2018, 2019; Lin et al. 2020]   迁移学习: [Han et.al, 2019]

研究背景及现状
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研究现状

研究背景及现状

现有研究方法 存在的不足 本文研究思路 核心思想

开放域分类
需要开放域样本用于训练

决策阈值需要人工筛选 基于自适应决策边界的
开放意图分类模型

基于预训练特征表示

自适应学习决策边界
的后处理方法

未知意图检测
需要设计专门分类器

模型性能受超参影响大

基于无监督聚类
在缺乏先验知识引导下，
难以获得满意聚类结果。

基于深度对齐聚类的
新意图发现模型

利用少量有标注意图
作为先验知识

通过簇中心对齐构建

一致性自监督信号基于半监督聚类
先验知识泛化性差，导致
模型过拟合。无监督数据
缺乏高质量自监督信号。
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研究框架

研究背景及现状

n类已知意图，其余开放意图全归1类

开放意图检测

n类已知意图, m类细粒度开放意图

开放意图发现

对话系统开放意图
检测与发现

已知n类意图，未知m类意图

研究内容一

学习自适应决策边界
用于检测开放意图

通过深度对齐聚类
发现细粒度开放意图

研究内容二
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基于自适应决策边界的开放意图分类方法 (ADB)

基于自适应决策边界的开放意图分类模型

 基于预训练意图特征学习自适应决策边界检测开放意图

意图特征表示 簇中心和决策边界定义 决策边界自适应学习

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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意图特征表示

基于自适应决策边界的开放意图分类模型

 利用BERT抽取深度意图表示

 输入BERT第 句话 ，经过12层Transformer编码层

• 获得词向量表示

 平均池化操作得到句向量表示

 经过致密层 得到意图特征表示

 利用已知意图softmax分类进行预训练

[Devlin et.al, 2019]

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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簇中心和决策边界

基于自适应决策边界的开放意图分类模型

 定义簇中心和决策边界

 对于第 类意图表示集合 ，计算簇中心

 对于每类已知意图定义球形决策边界

• 希望满足目标:

• 利用SoftPlus激活函数学习决策边界

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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自适应决策边界

基于自适应决策边界的开放意图分类模型

 自适应决策边界学习

 定义边界损失学习紧凑的决策边界

• 决策边界需要包含多数已知意图 (经验风险)

• 决策边界距离其对应的簇中心不能太远 (开放空间风险)

 优化边界参数

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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实验设置

基于自适应决策边界的开放意图分类模型

 实验数据集

 BANKING银行交易数据集 [Casanueva et al. 2020]

 OOS开放域对话数据集 [Larson et.al, 2019]

 StackOverflow技术问答标题数据集 [Xu et.al, 2015]

 训练和测试

 训练集只包含已知意图，已知意图比例设置为25%, 50%和75%

 测试集包含全部意图，将除已知意图外其他意图看作一类开放意图

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)

数据集 类别数 词表大小 训练集 验证集 测试集

BANKING 77 5,028 9,003 1,000 3,080

OOS 150 8,376 15,000 3,000 5,700

StackOverflow 20 17,182 12,000 2,000 6,000
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实验设置

基于自适应决策边界的开放意图分类模型

 评价指标

 总体性能: Macro F1-score, Accuracy (全部类别)

 细粒度性能: Macro F1-score (在已知类和开放类别)

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)

参数设置

句子最大长度 BANKING: 55，OOS：30，StackOverflow：45

意图特征维度 768

边界学习率 0.05

学习率 0.00002

最大训练迭代次数 100

批处理大小 128

意图特征维度 768

边界学习率 0.05
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实验结果

基于自适应决策边界的开放意图分类模型

 在三个数据集上，将已知意图比例设置为25%, 50%和75%

 我们提出的方法ADB在9个设置中，全部取得当前最佳结果 (2%~40%的性能提升)

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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实验结果-辅助实验 1

基于自适应决策边界的开放意图分类模型

 在已知类和开放类分别进行评估

 我们提出的方法ADB在9个设置中，同样全部取得当前最佳结果

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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实验结果-辅助实验 2

基于自适应决策边界的开放意图分类模型

 决策边界学习过程及影响

 决策边界学习过程 (左图)  以及 决策边界紧凑程度影响 (右图)

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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实验结果-辅助实验 3

基于自适应决策边界的开放意图分类模型

 有标注数据比例对实验结果的影响（已知意图比例25%, 50%和75%）

Deep Open Intent Classification with Adaptive Decision Boundary. (https://arxiv.org/pdf/2012.10209.pdf)
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基于深度对齐聚类的开放意图发现 (DeepAligned)

基于深度对齐聚类的开放意图发现模型

 利用先验知识和自监督信号指导聚类发现开放意图

意图特征表示 知识迁移 深度对齐聚类

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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基于深度对齐聚类的开放意图发现 (DeepAligned)

基于深度对齐聚类的开放意图发现模型

 知识迁移

 利用BERT特征提取器获得意图表示 (方法同开放意图检测)

 利用少量有标注数据进行预训练

• Softmax监督分类

 将预训练分类层去掉，保留剩余部分参数作为先验知识

 利用经过初始化的意图特征预测簇个数K

• 设定较大聚类簇个数K’进行K-Means聚类

• 通过保留高置信度簇 (簇个数大于阈值t) 估算真实簇个数

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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基于深度对齐聚类的开放意图发现 (DeepAligned)

基于深度对齐聚类的开放意图发现模型

 无监督聚类和表示学习 DeepCluster [Caron et.al, 2018]

 无监督聚类

• 利用K-Means聚类产生簇分配 和簇中心矩阵

 表示学习

• 利用聚类产生的簇分配作为伪标签 → 监督信号

 存在的问题

• 每轮迭代簇分配序号随机 → 伪标签不一致

• 需要重新初始化分类层参数，无法保留历史训练信息

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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基于深度对齐聚类的开放意图发现 (DeepAligned)

基于深度对齐聚类的开放意图发现模型

 深度对齐聚类 DeepAligned

 伪标签不一致性问题

• 发现: DeepCluster未利用聚类产生的簇中心矩阵 (产生簇分配的目标)

• 解决方案: 通过相邻迭代簇中心对齐获得一致性伪标签

 对齐策略

• 匈牙利算法获得欧式空间簇中心对齐映射G :

• 利用G 的逆映射G-1作用在当前伪标签 产生对齐伪标签 :

• 利用伪标签进行自监督学习:

• 轮廓系数评价无监督聚类簇质量:  

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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实验设置

基于深度对齐聚类的开放意图发现模型

 实验数据集

 BANKING银行交易数据集 [Casanueva et al. 2020]

 CLINC意图分类数据集 [Larson et.al, 2019]

 训练和测试 [Lin et.al, 2020]

 训练集包含10%有标注数据，其余均为无标注数据

 有标注数据只包含已知意图 (占比75%)，无标注数据包含已知和未知意图

 测试集包含全部意图

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)

数据集 类别数 词表大小 训练集 验证集 测试集

BANKING 77 5,028 9,003 1,000 3,080

OOS 150 8,376 15,000 3,000 5,700
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实验设置

基于深度对齐聚类的开放意图发现模型

 评价指标

 聚类指标: 标准化互信息 NMI，调整兰德指数 ARI，准确率 ACC

 利用匈牙利算法将预测簇序号与真实标签通过匈牙利算法对齐，计算ACC

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)

参数设置

句子最大长度 BANKING: 55，CLINC：30

意图特征维度 768

边界学习率 0.05

学习率 0.00005

最大训练迭代次数 100

批处理大小 128

意图特征维度 768
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实验结果

基于深度对齐聚类的开放意图发现模型

 7个无监督对比方法，5个半监督对比方法

 我们提出的方法DeepAligned，全部取得当前最佳结果 (3%~14%的性能提升)

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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实验结果-辅助实验 1

基于深度对齐聚类的开放意图发现模型

 消融实验和预测K

 是否利用有标注是否利用有标注数据预训练和对齐策略对实验结果的影响

 未知簇个数时 (指定为实际值两倍)预测K的结果

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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实验结果-辅助实验 2

基于深度对齐聚类的开放意图发现模型

 已知意图比例对实验结果的影响

 CLINC数据集 (上图)  以及 BANKING数据集(下图)

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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实验结果-辅助实验 3

基于深度对齐聚类的开放意图发现模型

 有标注数据比例对实验结果的影响

 CLINC数据集 (上图)和BANKING数据集 (下图)

Discovering New Intents with Deep Aligned Clustering. (https://arxiv.org/pdf/2012.08987.pdf)
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总结和展望

 基于自适应决策边界的开放意图分类模型

 定义球形决策边界，通过平衡经验风险和开放空间风险学习紧凑的决策边界

 无需开放域样本参与，自动学习决策边界避免复杂调参

 允许任意神经网络分类器，在不修改模型架构的情况下检测开放意图

 基于深度对齐聚类的开放意图发现模型

 利用少量有标注数据进行知识迁移，指导聚类意图发现过程

 通过对齐策略获得高质量自监督信号用于意图特征表示学习

 未来工作

 拓展到包含上下文的多轮对话领域

 拓展到包含不同模态的多模态领域

总结和展望



33

目录

 研究背景及现状

 基于自适应决策边界的开放意图分类模型 (AAAI 2021录用)

 基于深度对齐聚类的新意图发现模型 (AAAI 2021录用)

 总结和展望

 附录



34

亮点

 我们在本次AAAI2021大会录用的两篇论文，欢迎大家关注！

 Deep Open Intent Classification with Adaptive Decision Boundary

• 论文: https://arxiv.org/pdf/2012.10209.pdf

• 代码: https://github.com/thuiar/Adaptive-Decision-Boundary

 Discovering New Intents with Deep Aligned Clustering

• 论文: https://arxiv.org/pdf/2012.08987.pdf

• 代码: https://github.com/thuiar/DeepAligned-Clustering

 推荐内容

开放知识发现阅读清单 (持续维护中)

• 链接:   https://github.com/thuiar/Adaptive-Decision-Boundary

• 收集整理了NLP、CV、ML等领域开放场景知识发现的相关论文、代码及引用等资料

附录

https://arxiv.org/pdf/2012.10209.pdf
https://github.com/thuiar/Adaptive-Decision-Boundary
https://arxiv.org/pdf/2012.08987.pdf
https://github.com/thuiar/DeepAligned-Clustering
https://github.com/thuiar/Adaptive-Decision-Boundary
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Recommender Systems

Recommender systems have play an important role in meeting user’s personalized interests and alleviating the 
information overload for various applications

E-commence Platform

Online Advertising

Collaborative Filtering

User-Item Interactions
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Session-based Recommendation

…

…

…

…

Session 1 Session 2

Session 3 Session 4

| ?

Session-based recommendation aims to predict the next interactive item based on a group of 
anonymous temporally-ordered behavior sequences of users
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Related Work

Recurrent Session-
based Recommender 

System

Attention-based 
Recommendatio
n Frameworks

Session-based 
Recommendation 

with GNN

GRU4Rec NARM SR-GNN
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Multi-Level Transition Dynamics
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Intra-Session Item Relation Learning

…
Session

Dot Product of Query and Key
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Global Transition Dynamics Modeling



Recurrent Session-
based Recommender 

System

9

Experimental Settings

Dataset Metrics

Precision@K (Pre@K)

Mean Reciprocal Rank@K (MRR@K)

Experimental Data and Evaluation Metrices

Compared Baselines

Frequency-based 
Recommendation 

Strategy

Attention-based 
Recommendatio
n Frameworks

Session-based 
Recommendation 

with GNN

Hybrid Session-based 
Recommendation 

Model

Neighboring 
Relation Modeling 

Algorithm
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Performance Comparison

Overall Performance

Model Ranking Performance
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Model Ablation and Effect Analyses

i) MTD-va generates the session-level embeddings with the vanilla attention layer

ii) MTD-at further incorporates the temporal factor into the MTD-va method

i) MTD-lo only encodes the local-level item transition patterns without the cross-session dependency encoder

ii) MTD-ga replaces our graph-structured hierarchical relation encoder with the
graph attention network operated on all relevant sessions



12

Hyperparameter Study

The performance saturates as the hidden dimensionality d reaches around 100.

A large value of f (>=5) will degrade the performance by misleading the objective function optimization

Stacking more graph convolution layers with the adjacent matrix-based aggregation will more involve 
more redundant information of high-order connectivity
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Case Study: Model Interpretation
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Conclusions and Future Work

This work develops a new multi-task learning framework–MTD

MTD not only models the intrasession sequential transitions, but also derives the high-order item 
relationships across long-range sessions

Experimental results on different real-world datasets show that MTD is superior to state-of-the-art baselines

In the future, we will incorporate item content information (e.g., item text description or reviews) into 
MTD to deal with external attributes in learning semantic-aware item transitions.
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What is explainability?
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eXplainable Artificial Intelligence 
(XAI):

 More transparent, interpretable, 
or explainable systems. To 
improve the performance.

 User will be better equipped to 
understand and therefore trust
the intelligent agents 



What is explainability?

4



Explanations: Contrastive Explanation

5

 Why did Elizabeth open the door?

 Why did Elizabeth open the door, rather than leave it closed?

 Why did Elizabeth open the door rather than the window?

 Why did Elizabeth open the door rather than Michael opening it

 “Why P but not Q ?“ for contrastive explanations.

 P: facts, real, predictions

 Q: foils, unreal, counterfactual case



Explanations: Causality
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 Causal relationship: 𝐴 ≫ 𝐵

 Counterfactual: 𝑛𝑜𝑡 𝐴 ≫ 𝑛𝑜𝑡 𝐵

 Causal chains: 𝐴1 ≫ 𝐴2…𝐴𝑛 ≫ B

Event A Event B



What is explainability in CNN models?
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 CNN models predict images 
differently comparing with 
humans.

 Humans could predict 
silhouette and edges of cats 
correctly, but CNN model can 
not.



Related works
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CNN explanations: Input level explanations
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 LIME (upper left)

 CAM (lower left)

 Saliency maps (lower right)



CNN explanations: Interpretability inside
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 Network dissection (upper left)

 Deconvolution layer (lower left)

 Interpretable image recognition (lower 
right)



From TCAV and auto CAV
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Concept activation vectors (CAV):

 Vectors inside the CNN model activate some concepts.

 Use ML models to get human understandable vectors from inside the model.

 TCAV and network dissection: linear model. Auto CAV: cluster method.



Invertible Concept-
based Explanations
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Concept-based Explanations
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Global Explanation
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Local Explanation
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Framework of the unsupervised explainer
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Assumptions of CNN explanations:

• Using a linear model to approximate the CNN model 𝐹:

• Linear models are simple and explainable

• Consider weights 𝑤 as importance and explanations

• 𝑥′ are image segments in LIME, pixels in saliency maps and image regions in CAM
• 𝑥′ are some concepts in concept−based explanations

𝑦 = 𝐹 𝑥 → 𝑦′ = 𝑤𝑥′ + 𝑏



Framework of the unsupervised explainer
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𝑦 = 𝐹 𝑥 → 𝑦′ = 𝑤𝑥′ + 𝑏

Our target:

• 𝑥′ should be meaningful to human 

• 𝑤 should be accurate to the CNN model 𝐹

• 𝑦′ should be close to the prediction 𝑦

• Number of features should be acceptable 



Framework of the unsupervised explainer
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• Overview of our framework

• Separate the CNN model

• Reduce the number of channels

• Visualize the features



Framework of the unsupervised explainer

19

Separate the CNN model

𝑦′ = 𝑤𝑥′ + 𝑏



Framework of the unsupervised explainer
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Separate the CNN model

• The whole CNN model is separated into feature extractor and classifier.

–Higher layers includes higher level of features.

–Simpler classifiers are easier to approximate → more accurate 𝑤.

• → Last layer is the best choice for separation.

–𝑤 and 𝑏 will be stable if only a GAP and dense layer at last.

𝑦′ = 𝑤𝑥′ + 𝑏



Framework of the unsupervised explainer
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Reduce the number of channels through matrix factorization:

• Consider each position in feature map as an instance and reduce the 
channel dimension. It’s trained over an image set with some concepts.

• Points in feature maps are correlated to certain areas in the images. It 
disentangles the concepts in the feature maps.



Framework of the unsupervised explainer
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Visualize the features

• Select images with the highest activation values on the target feature.

• Use CAM to generate heatmap and visualize the feature on each image.



Evaluation
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Evaluation
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𝑦 = 𝐹 𝑥 → 𝑦′ = 𝑤𝑥′ + 𝑏

Our target:

• 𝑥′ should be meaningful to human (Interpretability)

• 𝑤 should be accurate to the CNN model 𝐹 (Done)

• 𝑦′ should be close to the prediction 𝑦 (Fidelity)

• Number of features should be acceptable (Done)



Evaluation
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Experiment:

• Factorization methods (reducer):

• PCA, NMF and K-means (used in ACE)

• CNN models and datasets:

• ILSVRC2012: ResNet50 and Inception-V3 from TorchVIsion

• Layer4 for ResNet50 and mixed_7c for Inception-V3 as target layer

• CUB: ResNet50 with top1 error 15.81%

• Layer4 as target layer



Evaluation
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Fidelity measurement:

• Measure performance of the linear approximate model over different 𝑐′
(feature number`)

• Evaluate on NMF, PCA and K-means (Cluster) on test set.

• For classification model: F𝑖𝑑_𝑐

• For regression model: F𝑖𝑑_𝑟



Evaluation
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Interpretability measurement:

• Task prediction: people can predict the explainer’s prediction if explainer is 
understanded.

Participants are required to:

• Classify the feature in the given image

• Measure classification accuracy 

• Name all the features 

• Measure pair-wise description distances (GloVe)

• Score the confidence to the answer

• Score the explanation quality 



Evaluation
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Evaluation
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Survey Samples:
PCA                            K-Means                         NMF



Conclustion
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Conclusion
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• Use linear approximate models with matrix factorization reducer

• For fidelity:

– PCA > NMF >>> K-means

– Explainers with NMF or PCA can replace the original model with around 
80% to 90% performance.

• For interpretability:

– NMF > K-means >>> PCA

• For explanations, interpretability > fidelity

• → NMF provide the best explanations and NCAVs (Non-negative CAVs) 
with a little worse fidelity.



Conclusion
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• PCA

• Wrong CAVs

• K-means 

• Repeat CAVs

• NMF:

• The most accurate
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