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§ 传统上，问答系统是一种以自然语言为交互方式的信息检索手段，它接受自然语言形式

的问题，输出唯一的精确或合适答案；近年来，问答系统的交互方式由自然语言进一步

扩展到语音、图像、手势、表情等多种模式，输出也由自然语言形式的答案扩展到多媒

体信息以及服务

§ 本研究内容限定在传统的问答系统范围，主要关注自然语言处理部分

https://en.wikipedia.org/wiki/Question_answering 4
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§ 提高效率、场景需求
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基础算法
词：分词、新词发现、词性标注、NER、名词短语识别

句：组块分析、成分句法分析、依存句法分析、语言模型

语义：WSD、语义角色标注、向量化、指代消解、框架语义分析

应用系统
信息检索

情感分析

语言模型

信息抽取

自动写作

问答系统

推荐系统

机器翻译

机器阅读

知识图谱

自然语言推理

内容推荐
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§ 1950年：图灵发表论文《计算机器与智能》（Computing Machinery and 

Intelligence），提出著名的图灵测试

51-55 56-60 61-65 66-70 71-75 76-80 81-85 86-90 91-95 96-00 01-05 06-10 11-15 16-18
(*1.6)

“question answering“ 28 55 158 547 1010 1420 2000 2590 2550 3100 10500 16800 18200 29893
AND “grammar“ 2 9 40 139 353 510 673 877 751 804 2970 4730 6320 8801
AND “machine learning“ 0 0 7 28 34 28 74 202 196 326 2870 6380 10400 23547
AND “deep learning“ 0 0 0 0 1 3 1 4 6 13 49 114 752 11022
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§ 1950年：图灵发表论文《计算机器与智能》（Computing Machinery and 

Intelligence），提出著名的图灵测试

51-55 56-60 61-65 66-70 71-75 76-80 81-85 86-90 91-95 96-00 01-05 06-10 11-15 16-18
(*1.6)

AND “deep learning“ 0 0 0 0 1 3 1 4 6 13 49 114 752 11022
AND “machine learning“ 0 0 7 28 34 28 74 202 196 326 2870 6380 10400 23547
AND “grammar“ 2 9 40 139 353 510 673 877 751 804 2970 4730 6320 8801
“question answering“ 28 55 158 547 1010 1420 2000 2590 2550 3100 10500 16800 18200 29893
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http://saffron.insight-centre.org/acl_acl/topic/question_answering/
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问答系统

分析方法

检索 NLU
End-
to-

End

答案形态
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多文档
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事实性 非事实 情感性

轮次
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领域

开放 垂直

QA is not a single atom task but a assembling application which is composed by a 
group of technical components and has various forms. Moreover, different forms have 
very different technical roadmaps. 12
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§ 优点：开放域、基于搜索引擎已有技术

§ 缺点：精度较低、单轮

Baidu IBM Watson Google
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§ 借助于搜索引擎找到相关文档集合，抽取答案片段

§ 核心问题：
§ 问题理解：Query归一化、类型分析、
§ 候选答案抽取、排序：篇章分段、特征提取、段落排序

1

2

3

2.1 2.2

syntactic matching
lexical semantic model
deep learning methods
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§ D.Wang, E. Nyberg, A long short-term memory model for answer sentence 
selection in question answering., in: ACL, The Association for Computer 
Linguistics, 2015, pp. 707–712.

§ Citations: 126

http://www.cs.cmu.edu/~ehn/

http://www.cs.cmu.edu/~ehn/

17

http://www.cs.cmu.edu/~ehn/
http://www.cs.cmu.edu/~ehn/


§ Focus: answer sentence selection

§ Challenge: match not just words but also meaning between Q and A

“What sport does Jennifer Capriati play?”

Positive Sentence:
“Capriati, 19, who has not played 
competitive tennis since 
November 1994, has been given a 
wild card to take part in the Paris 
tournament which starts on 
February 13.”

Negative Sentence: 
“Capriati also was playing
in the U.S. Open semifinals in ’91, 
one year before Davenport won 
the junior title on those same
courts.”

18



§ Existing Methods:
§ Syntactic Matching

§ Lexical Semantic Matching

§ Goal: reduce dependency of syntactic features and other (lexical) resources

solid lines are clear synonyms or 
hyponym/hypernym; dashed lines are 
weaker semantic association

Edit Distance: the costs of all operations, including deleting, inserting, and 
changing a node, needed when transforming an ordered labeled tree to another

19



§ NN Model
§ LSTM + Bidirectional + Stacked
§ Input: word embeddings of q + <s> + a
§ Output: whether or not a is selected for q
§ Motivation: combine all contextual information in q and a together

BLSTMBLSTM BLSTMBLSTM BLSTMBLSTM

BLSTMBLSTM BLSTMBLSTM BLSTMBLSTM

q1 q2 <s>                a1 a2 a3

y1 y2 y3 y4 y5 y6
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§ Weakness
§ cardinal numbers and proper nouns matching is crucial, but 
§ (1) many of them are OOV
§ (2) embeddings have noise:

§ “China” vs. “Japan” : close in embedding space 
but very different in q-a matching

§ Solution
§ Combine BLSTM with keywords overlapping by GBDT

§ Experiment
§ (TREC) QA track (8-13) data

§ training set: 1229 questions, each on average 
associated with 33 candidate labeled answers

§ test set: 100 questions

Methods dependent of 
syntactic features and 
external  resources
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§ Tellex, Stefanie, et al. "Quantitative evaluation of passage retrieval algorithms for question 
answering." Proceedings of the 26th annual international ACM SIGIR conference on Research 
and development in information retrieval. ACM, 2003.

§ Cui, Hang, et al. "Question answering passage retrieval using dependency 
relations." Proceedings of the 28th annual international ACM SIGIR conference on Research 
and development in information retrieval. ACM, 2005.

§ Kolomiyets, Oleksandr, and Marie-Francine Moens. "A survey on question answering 
technology from an information retrieval perspective." Information Sciences 181.24 (2011): 
5412-5434.

§ Monz, Christof. "From document retrieval to question answering." (2003).
§ Zhou, Guangyou, et al. "Learning continuous word embedding with metadata for question 

retrieval in community question answering." Proceedings of the 53rd Annual Meeting of the 
Association for Computational Linguistics and the 7th International Joint Conference on 
Natural Language Processing (Volume 1: Long Papers). Vol. 1. 2015.

§ Dumais, Susan, et al. "Web question answering: Is more always better?." Proceedings of the 
25th annual international ACM SIGIR conference on Research and development in information 
retrieval. ACM, 2002.
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§ 优点：数据丰富、实现简单

§ 缺点：数据质量不佳（作弊、噪声、错误）

24



§ 2.1 and 3.1 are key challenges in cQA
§ SemEval-2017 task 3: Community question answering

Question

Query 
Analysis

Query 
Representation

Query 
Classification

Question & Answer Retrieval

Relevant Query 
Retrieval

Candidate Answer 
Retrieval

Answer 
Selection

Expert 
Finding

Answer 
Ranking

Answer

Author Profile

Q-A 
pairs

1 2 3

2.1 2.2
3.1

3.2
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§ Guangyou Zhou, Tingting He, Jun Zhao, and Po Hu. Proceedings of the 53rd 
ACL and the 7th International Joint Conference on Natural Language 
Processing. 2015.

§ Citations: 126

Guangyou Zhou
Central China Normal 

University; 
Chinese Academy of Sciences, 

Institute of Automation

http://nlpr-
web.ia.ac.cn/cip/english/~junzhao/in
dex.html#
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§ Focus: semantically equivalent or relevant questions retrieval

§ Challenge: lexical gap problem 
§ "how do I get knots out of my cats fur?"
§ "how can I remove a tangle in my cat’s fur?“

§ Existing Methods:
§ Translation model / Topic-based model: 

semantically related q-a retrieval
§ The basic assumption is questions and answers are 

"parallel texts" or “same topic", which is not true.
§ (1) One question have multiple answers which are 

diverse and contain much more information than the 
question

§ (2) Many answers are low quality and make the learnt 
translation probabilities / topic models unreliable

§ Deep linguistic analysis 
27



§ Method:
§ (1) transform question into BoEW (Bag-of-Embedded-Words)
§ (2) aggregate variable-cardinality BoEWs into fixed-length ones by Fisher kernel

28



§ Method:
§ (1) transform question into BoEW (Bag-of-Embedded-Words)

§ existing word embeddings mainly based on word co-occurrence, which perform poorly when 
i) similar words with very little context or ii) context could be noisy or biased

§ present a novel method to learn word embeddings with metadata on cQA data set
§ use the Skip-gram model for learning word embeddings, since it is much more efficient as 

well as memory-saving than other approaches

Traditional Skip-gram Model
29



§ Method:
§ (1) transform question into BoEW (Bag-of-Embedded-Words)

§ cQA metadata, such as "category", "voting", can benefits embedding learning
§ Assumption: category encodes (implies) attributes or properties of question words
§ “What are the security issues with java? ” ∈ “Computers & Internet >> Security”

Traditional Skip-gram Model M-NET: continuous skip-gram model with
metadata of category information

representations of 
words belong to 
same category to 
be more close to 
each other

30



§ Method:
§ (1) transform question into BoEW (Bag-of-Embedded-Words)

§ cQA metadata, such as "category", "voting", can benefits embedding learning
§ Assumption: category encodes (implies) attributes or properties of question words
§ “What are the security issues with java? ” ∈ “Computers & Internet >> Security”

M-NET: continuous skip-gram model with
metadata of category information

Objective:

category information

Euclidean distance

category of wk

31



§ Method:
§ (2) aggregate variable-cardinality BoEWs into fixed-length ones by Fisher kernel

§ BoEWs are variable-size sets and most of the index methods in IR are not suitable
§ Fisher kernel: a probability density function. See More

§ 核方法：将不可分难题拉到高维进行可分；核函数：将极难的计算拉回到低维进行计算

§ Experiment:

32
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§ Srba, Ivan, and Maria Bielikova. "A comprehensive survey and classification of approaches for community question 
answering." ACM Transactions on the Web (TWEB) 10.3 (2016): 18.

§ Liu, Yandong, Jiang Bian, and Eugene Agichtein. "Predicting information seeker satisfaction in community question 
answering." Proceedings of the 31st annual international ACM SIGIR conference on Research and development in 
information retrieval. ACM, 2008.

§ Li, Baichuan, and Irwin King. "Routing questions to appropriate answerers in community question answering 
services." Proceedings of the 19th ACM international conference on Information and knowledge management. ACM, 2010.

§ Riahi, Fatemeh, et al. "Finding expert users in community question answering." Proceedings of the 21st International 
Conference on World Wide Web. ACM, 2012.

§ Liu, Xiaoyong, W. Bruce Croft, and Matthew Koll. "Finding experts in community-based question-answering 
services." Proceedings of the 14th ACM international conference on Information and knowledge management. ACM, 2005.

§ Ji, Zongcheng, et al. "Question-answer topic model for question retrieval in community question 
answering." Proceedings of the 21st ACM international conference on Information and knowledge management. ACM, 
2012.

§ Zhou, Guangyou, et al. "Learning continuous word embedding with metadata for question retrieval in community 
question answering." Proceedings of the 53rd Annual Meeting of the Association for Computational Linguistics and the 7th 
International Joint Conference on Natural Language Processing (Volume 1: Long Papers). Vol. 1. 2015.

§ Qiu, Xipeng, and Xuanjing Huang. "Convolutional neural tensor network architecture for community-based question 
answering." Twenty-Fourth International Joint Conference on Artificial Intelligence. 2015.
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Question

Semantic 
Parsing

Query 
Representation

Logical Form

Knowledge Retrieval

Semantic 
Matching Inference

Answer

1 2

2.1 2.2
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§ 优点：提供高精度答案，支持推理

§ 缺点：依赖知识图谱，语义解析困难

36



§ KB: facts in a structured form (SPO triple, subject-predicate-object)
§ DBPedia: 2014 版拥有超过458万的物件，包括144.5万人、73.5地点、12.3张唱片、8.7万部电影、

1.9万种电脑游戏、24.1万个组织、25.1种物种、6000个疾病 http://blog.dbpedia.org/

§ KB query language
§ Lambda calculus(λ-calculus)

§ 1930s初，普林斯顿大学的逻辑学家阿伦佐·丘奇 (Alonzo Church, 1903-1995) 开发出了一种新的形式系统
拉姆达运算/演算 (λ-calculus)，其核心是λ表达式，以此形成函数定义、函数应用和递归的形式系统

§ λ运算是函数式编程语言共同的祖先，典型代表是Lisp(Scheme)、ML、Haskell和Erlang等。任何一个可计
算函数都能用λ运算来表达和求值，它等价于图灵机

§ “number of dramas starring Tom Cruise”:
count(λx.Genre(x;Drama)∧∃y.Performance(x;y)∧Actor(y;TomCruise))

• Freebase: 一个由元数据组成、允许全球所有人和机器快捷访问的资源
库，内容主要来自社区成员贡献。由Metaweb开发，2007年3月公开，
2010年7月被谷歌收购，并推出“Knowledge Graph”概念。2014年
12月，Google宣布6个月后关闭Freebase，并将其数据迁移至维基数据

37
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§ KB query language
§ λ-DCS (Lambda Dependency-Based Compositional Semantics): a simpler form of λ-

calculus, which is derived from tree-structured description logic and was designed 
for building a natural language interface into Free-base
§ https://arxiv.org/abs/1309.4408;   https://cs.stanford.edu/~pliang/papers/freebase-emnlp2013.pdf
§ count(λx.Genre(x;Drama)∧∃y.Performance(x;y)∧Actor(y;TomCruise)) à
count(Genre.Drama∩Performance.Actor.TomCruise)

§ SPARQL: a graph 
query languages, 
and can be seen a 
implement of λ-DCS
§ For graph database
§ 查询即子图匹配

§ W3C标准

38
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§ KB-QA Challenges

§ Semantic parsing

§ Lexical gap (ontology matching), Parsing

§ 除问答外，语义分析是包括包括信息抽取、NLG、情感分析等诸多应用的瓶颈，是目前NLP领

域最大的挑战之一

39



§ Semantic parsing methods
§ CCG(Combinatory Categorial Grammar) parser 

§ 一种通过词汇范畴显式地关联句法和语义的短语结构文法

§ 基于组合逻辑，同时显示给出句法组合和语义组合方法

§ 问题：CCG Induction
§ Lexicon and Combinators learning

word
syntactic category

logical form

1

2

3

https://yoavartzi.com//pub/afz-tutorial.acl.2013.pdf
40
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§ Semantic parsing methods
§ Other Parser:

§ Inductive Logic Programming [Zelle and Mooney 1996]
§ SCFG [Wong and Mooney 2006]
§ CCG + CKY [Zettlemoyer and Collins 2005]
§ Constrained Optimization + ILP [Clarke et al. 2010]
§ DCS + Projective dependency parsing [Liang et al. 2011]

§ Gramma Induction:
§ Annotated parse trees [Miller et al. 1994]
§ Sentence-LF pairs [Zettlemoyer and Collins 2005]
§ Question-answer pairs [Clarke et al. 2010]
§ Instruction-demonstration pairs [Chen and Mooney 2011]
§ Conversation logs [Artzi and Zettlemoyer 2011]
§ Visual sensors [Matuszek et al. 2012a]
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§ Semantic parsing methods
§ as Machine Translation
§ Unsupervised Semantic Parsing with Markov Logic
§ Neural Semantic Parsing

https://arxiv.org/pdf/1805.04793.pdf
https://www.aclweb.org/anthology/P13-2009

42
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lNLU as Intent Recognition and Slot Filling
l信息槽 (Information slot)：对应值约束信息
l请求槽 (request slot)：对应值省略用以请求信息

l I’d like to see Our King of Traitor tonight in Seattle
l Request(ticket, movie-name=Our King of Traitor, start-time=tonight, city=Seattle)

43



§ Wen-tau Yih, Ming-Wei Chang, Xiaodong He, Jianfeng Gao. Semantic parsing 
via staged query graph generation: Question answering with knowledge base. 
In Proceedings of the Joint Conference of the 53rd ACL and the 7th International 
Joint Conference on AFNLP. 2015. Outstanding Paper

§ Citations: 224

http://scottyih.org/ https://www.microsoft.com/en-us/research/people/jfgao/ 44
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§ Traditional methods’ weakness:
§ Generic meaning representation à Lexical gap between language and KB 

§ E.g., daughter, number of people living in ßà gender, parenthood, population
§ Specific KB independent parser à annotated data sparseness

§ E.g., What is the location of ACL2014? (missing in KB)

§ Motivation: leverages KB more tightly when parse a question

§ Method:
§ 将λ-演算等价为一个查询图，语义解析则转化为查询图生成

“Who first voiced Meg on Family Guy?”

λx.∃y.cast(FamilyGuy,y)⋀actor(y,x)⋀character(y,MegGriffin)

entity existential variable lambda variable

aggregation 
function

core inferential chain
45



§ Method:
§ 图生成分三步：

§ 定位问题中的主题实体

§ 发现答案和主题实体之间的主要关系

§ 使用描述答案需要的属性的附加约束或问题中答案与其他实体之间的关系来扩展查询图

§ 图的中间状态：S=⋃{∅,Se,Sp,Sc}
§ Se: 有主题节点的单一节点图，Sp:核心推理链，Sc:额外的约束

§ 图的生成动作：A=⋃{Ae,Ap,Ac,Aa}
§ Ae:选择一个实体节点，Ap:决定核心推理链，Ac和Aa:添加约束和聚合节点

“Who first voiced Meg on Family Guy?”

λx.∃y.cast(FamilyGuy,y)⋀actor(y,x)⋀character(y,MegGriffin)

entity existential variable lambda variable

aggregation 
function

core inferential chain 核心推理链：主题实体和答案的关系
46



§ Method:

“Who first voiced Meg on Family Guy?”

λx.∃y.cast(FamilyGuy,y)⋀actor(y,x)⋀character(y,MegGriffin)

entity existential variable lambda variable

aggregation 
function

core inferential chain

entity linking

Step1: Linking Topic Entity

核心推理链：主题实体和答案的关系
47



§ Method:

“Who first voiced Meg on Family Guy?”

λx.∃y.cast(FamilyGuy,y)⋀actor(y,x)⋀character(y,MegGriffin)

entity existential variable lambda variable

aggregation 
function

core inferential chain 核心推理链：主题实体和答案的关系

(1) 从e开始，扩展出合法谓词序列

(2) 用Siamese NN计算每种序列和问题的相似度

sim(<Family Guy, s>, cast-actor)

sim(<Family Guy, s>, writer-start)

sim(<Family Guy, s>, genre)

Step2: Identifying Core Inferential Chain

48



§ Method:
§ Input: 

§ NL Model: Who first voiced meg on <e>
§ Who à #-w-h，w-h-o，h-o-#

§ Predicate Chain Model: cast-actor
§ Output: 

§ continuous-space representation
§ sim(s,  cast-actor): cosine-distance

Step2: Identifying Core Inferential Chain

Goal: sim(<Family Guy, s>, cast-actor)=?

𝑦! ∈ R" 𝑦# ∈ R"

who voiced meg on 𝑒 cast−actor
49



§ Method:
§ 为了检索答案实体集，拥有核心推理链的图只可
以被两种类型的动作扩展：Ac和Aa 
§ Ac是连接一个实体到变量节点可能方式的集合，边表
示合法谓词，如s6 所示

§ Aa通过聚合函数在整个答案集中描述约束，在一个变
量节点中连接一个聚合节点，如s7所示

§ 通过核心推理链找到y和x节点的邻居节点，以此
获得全部的约束集。本工作做了基于规则的简化
处理

Step3: Augmenting Constraints & Aggregations

entity existential variable lambda variable

aggregation 
function

core inferential chain

“Who first voiced Meg on Family Guy?”
50



§ Method
§ Credit(sentence, graph) = log-linear(Step1, Step2, Step3)

§ Experiment
§ WebQuestions数据集，包括5810个问答对，其中65%作为训练集，35%作为测试集

Pattern Inferential Chain

what was <e> known for people.person.profession

what kind of government does <e> have location.country.form_of_government

what year were the <e> established sports.sports_team.founded

what city was <e> born in people.person.place_of_birth

what did <e> die from people.deceased_person.cause_of_death

who married <e> people.person.spouse_s
people.marriage.spouse

51



§ Yih S W, Chang M W, He X, et al. Semantic parsing via staged query graph generation: Question answering with knowledge base. In 
Proceedings of the Joint Conference of the 53rd Annual Meeting of the ACL and the 7th International Joint Conference on Natural Language 
Processing of the AFNLP. 2015. (Outstanding Paper)

§ Yao, Xuchen, and Benjamin Van Durme. "Information extraction over structured data: Question answering with freebase." Proceedings 
of the 52nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers). Vol. 1. 2014.

§ Lukovnikov, Denis, et al. "Neural network-based question answering over knowledge graphs on word and character level." Proceedings 
of the 26th international conference on World Wide Web. International World Wide Web Conferences Steering Committee, 2017.

§ Abujabal, Abdalghani, et al. "Automated template generation for question answering over knowledge graphs." Proceedings of the 26th 
international conference on world wide web. International World Wide Web Conferences Steering Committee, 2017.

§ Bao, Junwei, et al. "Constraint-based question answering with knowledge graph." Proceedings of COLING 2016, the 26th International 
Conference on Computational Linguistics: Technical Papers. 2016.

§ Diefenbach, Dennis, et al. "Core techniques of question answering systems over knowledge bases: a survey." Knowledge and 
Information systems 55.3 (2018): 529-569.

§ Unger, Christina, et al. "Template-based question answering over RDF data." Proceedings of the 21st international conference on World 
Wide Web. ACM, 2012.

§ Gao, Jianfeng , M. Galley , and L. Li . " [ACM Press The 41st International ACM SIGIR Conference - Ann Arbor, MI, USA (2018.07.08-
2018.07.12)] The 41st International ACM SIGIR Conference on Research & Development in Information Retrieval, - SIGIR '18 - Neural 
Approaches to Conversational AI." (2018):1371-1374.

§ Yih, Wen-tau, et al. "The value of semantic parse labeling for knowledge base question answering." Proceedings of the 54th Annual 
Meeting of the Association for Computational Linguistics (Volume 2: Short Papers). Vol. 2. 2016.

§ Yih, Wen-tau, Xiaodong He, and Christopher Meek. "Semantic parsing for single-relation question answering." Proceedings of the 52nd 
Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers). Vol. 2. 2014.

§ Antoine Bordes, et al. "Joint Learning of Words and Meaning Representations for Open-Text Semantic Parsing." AISTATS(2012) 52
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QA is not a single atom task but a assembling application which is composed by a 
group of technical components and has various forms. Moreover, different forms have 
very different technical roadmaps. 53



§ 优点：领域开放，内容多样性，情感性

§ 缺点：很难实现任务型对话
54
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§ 来自斯坦福博士毕业生 Richard Socher 的创业公司 Salesforce (Metamind)，第一
作者是实习生Ankit Kumar，文章发表于ICML 2016 (Citation: 575)

Richard Socher，被世界经济论坛誉为“实现改变现有自然语言
处理与计算机视觉技术突破的、人工智能和深度学习领域的天才”
他还有两个身份，MetaMind创始人，Salesforce现任首席科学家
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§ DMN基本架构

§ 将机器翻译、NER、情感分析、
共指消解、词性标注看作问答，
则也可以用DMN建模

DMN流程：
(1) 表示输入和问题
(2) 根据问题迭代地检索相关facts
(3) 由memory模块根据facts和问题进行推理，给出相关的信息
(4) 由回答模块将相关信息转化成答案 57
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Ø A list of sentences spited by EOS
Ø Input can be a sentence, a long story, a movie review, a 

news article, or several Wikipedia articles
Ø Using GRU to represent sentences
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Ø A sentence composed by a 
list of words

Ø Using another independent 
GRU net
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Ø Multiple Episodes
Ø Attention:
Ø Memory update: 
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Ø A GRU net which generates an answer 
given a vector
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QA accuracies on the bAbI dataset sentiment analysis on Stanford 
Sentiment Treebank

POS Tagging on 
WSJ-PTB

Question: Where was Mary before the Bedroom?
Answer: Cinema.
Darker colors mean that the attention weight is higher
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§ Sukhbaatar, Sainbayar, Jason Weston, and Rob Fergus. "End-to-end memory networks." Advances in neural information processing systems. 
2015. 

§ Junwei Bao, Nan Duan, Ming Zhou, and Tiejun Zhao. 2014. Knowledge-based question answering as machine translation. In Proceedings of 
the 52nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 967–976, Baltimore, Maryland, 
June. Association for Computational Linguistics.

§ Wei Wu Chen Xing Yu Wu Ming Zhou Yalou Huang Wei-Ying Ma. Hierarchical Recurrent Attention Network for Response Generation. In 
Thirty-Second AAAI Conference on Artificial Intelligence (AAAI'18). February 2018

§ Wei Wu (wuwei) Yu Wu Dejian Yang Can Xu Zhoujun Li. Neural Response Generation with Dynamic Vocabularies. In Thirty-Second AAAI 
Conference on Artificial Intelligence (AAAI'18). February 2018.

§ Qiu, Minghui, et al. "Alime chat: A sequence to sequence and rerank based chatbot engine." Proceedings of the 55th Annual Meeting of the 
Association for Computational Linguistics (Volume 2: Short Papers). 2017.

§ Cui, Lei, et al. "Superagent: A customer service chatbot for e-commerce websites." Proceedings of ACL 2017, System Demonstrations (2017): 
97-102.

§ Bordes, Antoine, Y-Lan Boureau, and Jason Weston. "Learning end-to-end goal-oriented dialog." arXiv preprint arXiv:1605.07683 (2016).

§ Serban, Iulian V., et al. "Building end-to-end dialogue systems using generative hierarchical neural network models." Thirtieth AAAI 
Conference on Artificial Intelligence. 2016.

§ Yang, Yi, Wen-tau Yih, and Christopher Meek. "Wikiqa: A challenge dataset for open-domain question answering." Proceedings of the 2015 
Conference on Empirical Methods in Natural Language Processing. 2015.

§ Kumar, Ankit, et al. "Ask me anything: Dynamic memory networks for natural language processing." International conference on machine 
learning. 2016.
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QA is not a single atom task but a assembling application which is composed by a 
group of technical components and has various forms. Moreover, different forms have 
very different technical roadmaps. 66



l 需要对文本的深入理解：词法、句法、
语义、篇章

l 需要融合知识
l 需要有推理能力
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• 根据维基百科，人工产生一些问题，并且在原文中标出问题的答案

Ø维基百科文档

Ø每个文档有4-8个段落

Ø每个段落包含有3-5个问题

Ø总共107,785个问题-答案对

Ø基于事实性的问题比较多
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数据集 语料来源 问题规模 文档规模 答案形式

CoQA 多源 127k 8000+ 人工编写

SQuAD v2
(斯坦福) Wikipedia 150k 500+ 文中片段（span）

NarrativeQA
(Google DeepMind) Wikipedia等 46765 1572 问题和答案人工编写

RACE 
(CMU) 中学英语试题 100k 28k 单选题

MS MARCO
(微软) Bing搜索 100k 200k 摘要（不在原文）

SQuAD
(斯坦福) Wikipedia 100k 500+ 文中片段（span）

CBT
(Facebook) 儿童故事 687k 108 多选题

CNN|Daily Mail
(Google DeepMind) 新闻 1.4M 200k+ 实体完形填空 70



l 表示层：问题编码，文档编码
l 交互层：问题答案互相表示
l 预测层：分类预测起止位置（抽取式）
l 交叉验证层：答案级别的attention，对答案聚合加权
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• 在表示背景文档的时候，针对不同的问题，文档的表示也随之动态的变化，
这就是注意力机制（Attention Mechanism）。
• 在整个问句表示完毕，才进行关注过程。
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• 在表示背景文档的时候，关注不仅仅来源于整个问题的信息，还来源于问题
中每个词的信息。
• 每处理问句中的一个单词，就进行关注。

利用双向LSTM去建模document和query，
query利用正向LSTM的最后一个状态和逆
向LSTM的第一个状态去表示。表示为U的
过程中，每个状态都去动态分配文章权重，
进而改变文章的整体表示（多个r），最
终利用最后一个状态作为文章的表示。

73



l 阅读理解模型模型相对比较复杂，无法线上

直接取代基于检索的问答系统。

l 目前基于检索的问答系统，基本都是段落级

别的ranking，不能精确的抽取答案句或实

体答案。

l 阅读理解模型和检索的问答系统互补，将检

索的问答系统得到的最优段落作为阅读理解

系统的输入，得到精准的主干结果。
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§ Yang, Bishan, and Tom Mitchell. "Leveraging Knowledge Bases in LSTMs for 
Improving Machine Reading." Proceedings of the 55th Annual Meeting of the 
Association for Computational Linguistics. 2017 (Citation: 40)

Tom Mitchell，美国卡内基梅
隆大学（CMU）计算机科学学
院机器学习系主任、教授，美
国工程院、艺术与科学院院士，
美国科学促进会（AAAS）、
国际人工智能协会（AAAI）
Fellow，他在机器学习、人工
智能、认知神经科学等领域卓
有建树，撰写了机器学习方面
最早的教科书之一《机器学习》
（1977年），是机器学习领域
的著名学者

I am working on 
solving exciting 
problems at LAER AI, 
a startup Igor 
Labutov and I co-
founded, focusing on 
building next-
generation semantic 
search technologies 
for enterprise.
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§ 提出通过更好地利用外部知识库的方法解决机器阅读问题（本文关注事件和实体抽取）

§ 传统方法中的问题：

§ 用离散特征表示知识库的知识存在了特征生成效果差而且特征工程偏特定任务：本文选择用连
续向量表示方法来表示知识库

§ 传统神经网络端到端模型使得大部分背景知识被忽略：论文基于 BiLSTM 网络提出扩展网
络 KBLSTM，结合 attention 机制在做任务时有效地融合知识库中的知识

§ 问题：
§ 需不需要知识库？

§ “Maigretleft viewers in tears.”利用背景知识和上下文我们可以知道Maigret指一个电视节目
§ “Santiago is charged withmurder.”如果过分依赖知识库就会错误地把它看成一个城市
§ 因此：根据上下文判断知识库哪些知识是相关的也很重要
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§ KBLSTM（Knowledge-
aware Bidirectional 
LSTMs）
§ As each time step t, the 

knowledge module 
retrieves a set of 
candidate KB concepts V 
(xt) that are related to the 
current input xt, and then 
computes a  knowledge 
state vector mt that 
integrates the 
embeddings of the 
candidate KB concepts v1; 
v2; …, vL and the current 
context vector st
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§ 例一：He killing of his 
wife in clinton...

§ 例二：Clinton suffered 
greatly over the...
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§ Parikh, Soham, et al. "Eliminet: A model for eliminating options for reading 
comprehension with multiple choice questions." arXiv preprint 
arXiv:1904.02651 (2019).

§ Xu, Hu, et al. "Review Conversational Reading Comprehension." arXiv preprint 
arXiv:1902.00821 (2019).

§ Xu, Hu, et al. "BERT Post-Training for Review Reading Comprehension and 
Aspect-based Sentiment Analysis." arXiv preprint arXiv:1904.02232 (2019).

§ Yang, Bishan, and Tom Mitchell. "Leveraging knowledge bases in lstms for 
improving machine reading." arXiv preprint arXiv:1902.09091 (2019).

§ Liu, Xiaodong, et al. "Stochastic answer networks for machine reading 
comprehension." arXiv preprint arXiv:1712.03556(2017).

§ Pan, Boyuan, et al. "Memen: Multi-layer embedding with memory networks for 
machine comprehension." arXiv preprint arXiv:1707.09098 (2017).

§ Cheng, Jianpeng, Li Dong, and Mirella Lapata. "Long short-term memory-
networks for machine reading." arXiv preprint arXiv:1601.06733 (2016).
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QA is not a single atom task but a assembling application which is composed by a 
group of technical components and has various forms. Moreover, different forms have 
very different technical roadmaps. 82



§ 自然语言理解（NLU）
§ 将用户输入转化为抽象的语义表达，包含
用户意图和一系列槽值集合

§ 对话状态追踪(DST)
§ 在 NLU基础上，状态追踪模块(DST)更新
内部状态s，包括用户目标，对话进度和
用户需求的槽值对等

§ 对话策略（Policy Learning）
§ 根据对话策略(policy)决定下一时刻的动
作（action）

§ 自然语言生成(NLG)
§ 将策略选择的动作作为输入，转换生成自
然语言
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§考虑一个订票系统，它有如下可能的
状态:
§ Ask the departure city  

§ Ask for a destination city

§ Ask for a time

§ Ask whether the trip is round-trip ornot
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使用框架的结构指导对话过程

Slot Question

ORIGIN
DEST

What city are you leavingfrom?
Where are yougoing?

DEPT DATE What day would you like to leave?

DEPT TIME
AIRLINE

What time would you like to leave?
What is your preferred airline?

用户可以一次回答多个系统问题
l 问答过程就是一个槽-值填充的过程
l 当所有槽的值都填满了，则可以信息系统查询
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§ NLU:
§ Intent detection: classification problem
§ Slot filling: sequence labeling problem
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§ Zhao, Tiancheng, and Maxine Eskenazi.17th Annual Meeting of the Special 
Interest Group on Discourse and Dialogue. 2016. (Citation: 91)

Maxine Eskenazi
Principal Systems Scientist, Carnegie Mellon University

Research Goals
To create intelligent agents (using spoken 
dialogue architectures, automatic speech 
recognition and synthesis) using knowledge 
of the speech signal and of human cognition. 
To confront research with real human users 
and, in turn, provide a real benefit to those 
users. This endeavor implies studying 
groups of users, input conditions and 
speaking styles, the manner in which 
humans and systems can entrain to one 
another, and how we can assess the systems 
we build, often profiting from the wisdom of 
the crowd.

Welcome! I am Tiancheng Zhao (赵天
成). I received my Ph.D. degree in May 
2019, from Language Technologies 
Institute (LTI) , Carnegie Mellon 
University, advised by Maxine 
Eskenazi. Also, I am a member 
of Dialog Research Center (Dialrc) . 
Before becoming a PhD student at 
Carnegie Mellon University, I graduated 
from the Master of Language 
Technologies (MLT) program at LTI in 
2016, advised by Maxine Eskenazi and 
and Alan W Black. Prior to that, I 
obtained my bachelor degree in 
Electrical Engineering from University of 
California, Los Angeles and worked on 
speech signal processing, advised 
by Abeer Alwan.
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§ 不同于chatbot，任务驱动QA有一个明
确的使用目的

§ 天气查询，机票预定，航班查询

§ 用户在使用任务驱动对话系统的时候，
通过多轮人机对话，向电脑阐述自己的
需求。而电脑在理解了用户的所求之后，
通过对于后端数据库的查询和修改，来
实现用户要求的功能

§ 假如用户的阐述不够清楚，或者用户的
需求比较复杂，系统可以主动询问，澄
清的方式来帮助用户找到满意的结果
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§ 任务驱动对话系统需要同时解决数个AI核
心问题，传统做法是对这些问题逐一分解

解决

§ 挑战：

§ 模块领域迁移困难

§ 上游模块的错误会传递到下游

§ 端到端学习常见的做法是设计出可以整体

可微的模型，然后利用 反向传播把输出端

的 梯度传递到整个神经网络，已达到联合

优化
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Ø 介绍：将对话看作是部分可观测的马尔可夫决策过程
（POMDP），设计一个端对端的系统代替了NLU, DST和
Policy learning三个模块，面向猜人名（20Q）的特定任务。
将状态追踪（插槽动作）和对话策略（语言动作）均看作
action联合训练。语言动作包括用户进行询问和产生guess，
插槽动作修改用于数据库查询的假设向量h，其中h是一维度
大小等于问题个数的向量。

Ø 输入：当前时刻的环境观测状态o。当下agent选择的action
（one-hot），action后对用户的观测（用户的自然语言表示
bag-of-bigram），action后对数据库的观测（满足查询条件
的人数)向量并联构成。

Ø 中间件：利用LSTM作为状态追踪器。产生的状态b表示被输
入进策略网络（MLP），策略网络被用来评估Q函数。每次评
估一种Q函数。当用户有新输入时，产生在言语动作集上的Q
函数，否则产生在插槽动作集上的Q函数。

Ø 输出：训练得到语言动作和插槽动作的Q函数，测试时根据Q
函数选择action。
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§ 优化使用三个技巧：

ü减少参数数量：由于假设向量中每个槽都相似（槽
值都是yes/no/unknown），因此只需要考虑
last question，使用策略网络后修改对应槽即可。

ü动作掩码：根据用户是否有新输入来确定训练语言
动作网络还是修改假设向量网络。

üReward sharping：来自用户的reward只有在对
话结束出现（猜对or猜错），故利用数据库的查询
结果作为reward加快训练。

实验：

ü 用户模拟器根据均匀采样的方式选取它想的人
名，且有5%的可能性将某属性看作
unknown。

ü 用户回答问题语言是yes/no/unknown三种
形式之一的自然语言。（意味着agent要猜测
用户回答是属于哪一类型，因此插槽并不一定
总是正确的）
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Ø数据集：100个人名，分别有6种属性，
每个属性有若干种值。Agent有32种言
语动作，包括31个问题和1个猜测答案；
3种槽值用来修改数据库的查询向量h。
将对话过程看作是填槽过程，一共有31
个槽（属性个数），每个槽有
yes/no/unknow三种值。

Ø验证了对话策略的有效性和状态追踪表

示的有效性。

Ø奖励：猜对人名+30，任务失败（根据假
设h未找到任何人；对话轮数达到100轮；
已经猜测了10次）-30，每猜错一次-5。

Ø缺点：1）任务背景过于简化，agent只
会提出答案是yes/no的问题，且用户没
有提问的场景；4）奖励函数提前指定，
可能并不准确，且单纯RL收敛速度慢。
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§ Chen, Hongshen, et al. "A survey on dialogue systems: Recent advances and new 
frontiers." ACM SIGKDD Explorations Newsletter 19.2 (2017): 25-35.

§ Zhao, Tiancheng, and Maxine Eskenazi. "Towards End-to-End Learning for Dialog 
State Tracking and Management using Deep Reinforcement Learning." 17th 
Annual Meeting of the Special Interest Group on Discourse and Dialogue. 2016.

§ Sarikaya, Ruhi, et al. "An overview of end-to-end language understanding and 
dialog management for personal digital assistants." 2016 IEEE Spoken Language 
Technology Workshop (SLT). IEEE, 2016.

§ Mrkšić, Nikola, et al. "Multi-domain Dialog State Tracking using Recurrent Neural 
Networks." Proceedings of the 53rd Annual Meeting of the Association for 
Computational Linguistics and the 7th International Joint Conference on Natural 
Language Processing (Volume 2: Short Papers). Vol. 2. 2015.

§ Bordes, Antoine, Y-Lan Boureau, and Jason Weston. "Learning end-to-end goal-
oriented dialog." arXiv preprint arXiv:1605.07683 (2016).
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https://arxiv.org/pdf/1812.08989.pdf
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Conversational 
AI Platform

Virtual 
Assistants

Knowledge 
Graph
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• 问答和阅读理解，使得搜索引擎更加精准

• 语音识别和神经机器翻译，使得口语机器翻译会完全实用

• 用户画像，推动信息服务和广告更加自然、友好和个性化

• 聊天、问答和对话技术，推动自然语言对话达到实用

• 对话技术和知识图谱，使得智能客服与人工客服更加完美结合

• 自然语言生成技术，使得自动写诗、作曲、自动生成新闻甚至小说会流行起来

• 人机对话的进步推动语音助手、物联网、智能硬件、智能家居的普及

• NLP+，就是 NLP 在金融、法律、教育、医疗等垂直领域得到广泛应用

周明博士，微软亚洲研究院副院长
国际计算语言学协会（ACL20）主席
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§ QA is a precision 
first task in task-
oriented applications
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§ Knowledge + NN (as human beings)
§ Huang, Xiao, et al. "Knowledge graph embedding based question 

answering." Proceedings of the Twelfth ACM International Conference on Web Search 
and Data Mining. ACM, 2019.

§ Transferring leaning QA
§ Kratzwald, Bernhard, and Stefan Feuerriegel. "Adaptive document retrieval for deep 

question answering." arXiv preprint arXiv:1808.06528 (2018).

§ Commonsense based QA
§ Commonsense knowledge aware conversation generation with  graph attention 
（IJCAI 2018）

§ Unsupervised QA
§ Lewis, Patrick, Ludovic Denoyer, and Sebastian Riedel. "Unsupervised Question 

Answering by Cloze Translation." arXiv preprint arXiv:1906.04980 (2019).
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