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第一课 自然语言处理基础

•自然语言处理概述
•词性标注(POS)
•句法分析(Parsing)
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自然语言处理概述



Natural Language Processing - Introduction4

Let’s talk!

This model shows what a man's body would look like if 

each part grew in proportion to the area of the cortex of 

the brain concerned with its movement.



基本概念
 语言

 广义上：一套共同采用的沟通符号、表达方式与处理规则；
 自然语言 vs. 动物语言 vs.电脑语言

 自然语言
 指自然地随文化演化的语言，是人类交流和思维的主要工具，

例如英语、汉语、日语等
 不包括编程语言等为计算机而设的“人造”语言

 自然语言处理
 又称自然语言理解，是人工智能和语言学领域的分支学

科。
 利用计算机为工具对人类特有的书面形式和口头形式的自

然语言的信息进行各种类型处理和加工的技术。
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自然语言交流
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基本任务
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自动分词
命名实体识别
词性标注
句法分析
语义分析
篇章分析

机器翻译
文本分类
情感分析
信息检索与过滤
自动问答
信息抽取
自动文摘
人机对话

关键任务 应用型任务



例子
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基本方法
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 理性主义方法
 研究人的语言知识结构，人工编汇语言知识＋ 推理系统
 符号处理系统

 经验主义方法
 直接研究实际的语言数据，从大量的语言数据中获得语言

的知识结构
 基于语言数据的计算方法

 理性主义方法与经验主义方法的融合
 融合方法



发展历程
 萌芽期

 1946年世界上第一台计算机出现，自然语言理解的研究
起始于机器翻译。

 发展期
 自1966年美国自动语言处理咨询委员会(ALPAC) 提出

ALPAC报告开始到20世纪80年代中期。研究重点转向其
它分支：人机接口、对话系统、信息检索等。乔姆斯基语
法理论及一批语法理论发表

 基本方法：基于规则分析方法。

 繁荣期
 自20世纪80年代末期以后，基于大规模语料库的统计方

法引入自然语言处理。
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研究现状
 哪个问题都没有彻底解决！

 有没有其他方法体系？有没有理论上限？

 部分技术已取得较好的效果，能够服务于信息检索、文本挖
掘等应用系统
 自动分词、词性标注、命名实体识别等

 部分技术尽管效果不尽如人意，但能为人类提到辅助性帮助
 机器翻译

 若干关键技术在研究和应用上均有待进一步突破
 句法分析、语义分析

11 社会对NLP技术的需求远大于NLP技术的当前水平



相关研究机构
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多！很多！
在此不做列举和排名



代表性应用系统
 统计机器翻译系统：谷歌翻译

 智能问答系统：IBM沃森、苹果Siri

 知识图谱： 谷歌知识图谱
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我们何时能引领
潮流？



NLP技术在应用中的需求
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Tasks Dependency on NLP

Classification/

Retrieval

Summarization/

Extraction/

Mining

Translation/

Dialogue

Question 

Answering

“Easier”  & 

More “workarounds”



相关学术会议

 ACL

 EMNLP

 COLING

 NAACL

 EACL

 IJCNLP

 CoNLL

 NLP&CC

 CCL
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 SIGIR

 CIKM

 AAAI

 IJCAI

 …



自然语言处理为什么如此之难？
 自然语言与生俱有的歧义问题

 结构歧义

“咬死了猎人的狗”
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The boy saw the man on the 

mountain with a telescope
PP 

attachment
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自然语言处理为什么如此之难？
 自然语言与生俱有的歧义问题

 语义歧义
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自然语言处理为什么如此之难？
 自然语言中存在未知的语言现象

 新的词汇
 “非典”、“剩女”、”捉急”、“基友”、“白富美”、“图样图森破”

 新的含义
 “打酱油”、“杯具”、”粉丝”、“水军”、“空军”

 新的用法和语句结构
 “我决了个定”

 人类用语言进行社会交流时会省略共有知识，但机器
无法获取世界知识
 ”小李在小张的搀扶下回家了。他喝醉了。”
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推荐教科书
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词性标注



词性标注(POS Tagging)

 为句子中的每个词语标注词性(part-of-speech 
marker).

 可看做是词法分析的关键任务，也可看做是句法分析
的最低层次

 对后续句法分析、词义消岐等任务非常有用

John  saw  the  saw  and  decided  to  take  it     to   the   table.

NNP VBD DT  NN  CC  VBD     TO VB  PRP IN DT    NN
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英文POS集合

 原始Brown语料使用了87个POS tags

 目前NLP领域常用的是Penn Treebank set，包含45 
tags
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英文POS集合

 Noun (person, place or thing)
 Singular (NN):  dog, fork

 Plural (NNS):  dogs, forks

 Proper (NNP, NNPS): John, Springfields

 Personal pronoun (PRP): I, you, he, she, it

 Wh-pronoun  (WP): who, what

 Verb (actions and processes)
 Base, infinitive (VB):  eat

 Past tense (VBD):  ate

 Gerund (VBG):  eating

 Past participle (VBN):  eaten

 Non 3rd person singular present tense (VBP): eat

 3rd person singular present tense: (VBZ): eats

 Modal (MD): should, can

 To (TO): to (to eat)
25



英文POS集合

 Adjective (modify nouns)
 Basic (JJ): red, tall
 Comparative (JJR): redder, taller
 Superlative (JJS): reddest, tallest

 Adverb (modify verbs)
 Basic (RB): quickly
 Comparative (RBR): quicker
 Superlative (RBS): quickest

 Preposition (IN): on, in, by, to, with
 Determiner:

 Basic (DT) a, an, the
 WH-determiner (WDT): which, that

 Coordinating Conjunction (CC): and, but, or,
 Particle (RP): off (took off), up (put up)
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封闭类 vs. 开放类

 封闭类（Closed class）词性 对应一种语言中少量的
固定的语法功能词
 Pronouns, Prepositions, Modals, Determiners, Particles, 

Conjunctions

 开放类(Open class)词性可以对应大量的词汇，并且
不断有新词汇加入
 Nouns (Googler, textlish), Verbs (Google), Adjectives (geeky), 

Abverb(chompingly) 
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词性标注中的歧义

 “Like” can be a verb or a preposition
 I like/VBPcandy.

 Time flies like/IN an arrow.

 “Around” can be a preposition, particle, or 
adverb
 I bought it at the shop around/IN the corner.

 I never got around/RP to getting a car.

 A new Prius costs around/RB $25K.
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词性标注中的歧义

 英文中的歧义程度 (基于Brown corpus)
 11.5% 的词形(word type)有歧义
 40%的词次(word token)有歧义

 Penn Treebank中人工标注词性的平均不一致性为
3.5%

 Baseline: 为每个词选择该词最常用的词性标记，准确
性（accuracy）达到90% 
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词性标注方法

 基于规则(Rule-Based): 人工基于词汇与其他语言知
识构造标注规则

 基于学习(Learning-Based): 基于人工标注语料（例
如Penn Treebank）进行训练
 统计模型(Statistical models):  Hidden Markov Model 

(HMM), Maximum Entropy Markov Model (MEMM), 
Conditional Random Field (CRF)

 规则学习(Rule learning): Transformation Based 
Learning (TBL)

 总体上, 基于学习的方法更加有效
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分类学习

 典型的机器学习主要解决将一个特征向量表示分类到
固定数量类别的问题.

 已有很多分类学习方法
 Decision Trees and Rule Learning

 Naïve Bayes and Bayesian Networks

 Logistic Regression / Maximum Entropy (MaxEnt)

 Perceptron and Neural Networks

 Support Vector Machines (SVMs)

 Nearest-Neighbor / Instance-Based

31



分类学习之外

 标准分类问题假设个例之间无关联且相互独立(i.i.d.: 
independently and identically distributed)

 很多NLP问题不满足这个假设，针对多个个例的判断
是相互关联的

 需要更先进的学习和推断技术处理上述情形
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序列标注问题(Sequence 
Labeling)

 很多NLP问题都可看做序列标注问题

 为序列中每个符号赋予一个标签

 符号标签依赖于其他符号的标签，尤其是相邻符号的
标签 (not i.i.d)

foo        bar         blam     zonk       zonk            bar           blam
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序列标注例子

 命名识别识别
people organizations places
 Michael Dell is the CEO of  Dell Computer Corporation and lives 

in Austin Texas. 

 语义角色标注
agent patient source destination instrument

 John drove Mary from Austin to Dallas in his Toyota Prius.

 The hammer broke the window.
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基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

NNP
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John saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

VBD

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

DT

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

NN

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

CC

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

VBD

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

TO

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

VB

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

PRP

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

IN

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

DT

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

NN

基于分类的序列标注

 使用若干特征，包括相邻词语的信息来为每个词语进
行单独分类 (sliding window)
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基于分类的序列标注: 使用相邻词
语的标签作为特征
 更有效的特征通常包括相邻词语的词性标记，但这些

标记不存在

 可以使用已经获得的前面词语的词性标记（或按照相
反方向，使用已经获得的后续词语的词性标记）
 Forward Classification (or Backward Classification)
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Forward Classification

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

NNP

48



NNP

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

VBD

Forward Classification
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NNP  VBD

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

DT

Forward Classification
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NNP VBD DT

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

NN

Forward Classification
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NNP VBD DT  NN

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

CC

Forward Classification
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NNP VBD DT NN  CC

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

VBD

Forward Classification
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NNP VBD DT NN  CC    VBD

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

TO

Forward Classification
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NNP VBD DT NN  CC    VBD   TO

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

VB

Forward Classification
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NNP VBD DT NN  CC    VBD   TO  VB

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

PRP

Forward Classification
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NNP VBD DT NN  CC    VBD   TO  VB PRP

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

IN

Forward Classification
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NNP VBD DT NN  CC    VBD   TO  VB PRP  IN

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

DT

Forward Classification
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NNP VBD DT NN  CC    VBD   TO  VB PRP  IN  DT

John  saw  the  saw  and  decided  to  take  it     to   the   table.

classifier

NN

Forward Classification
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基于分类的序列标注的问题

 不容易集成来自左右两个方向上的词语标记信息

 难以表达和传递词语标签判断的不确定性，难以为序
列中所有词语统一确定最可能的联合标签判断
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概率序列标注模型
 概率序列标注模型允许集成序列中多个相互依赖的个

体分类的不确定性，统一确定最可能的全局标签判断

 典型模型
 Hidden Markov Model  (HMM)

 Maximum Entropy Markov Model (MEMM)

 Conditional Random Fields (CRF)
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Markov Model/Markov Chain

 一个带有概率状态转移的有穷状态自动机

 Markov assumption
 下一个状态只依赖于当前状态，而独立于之前的历史状态

62



Sample Markov Model for 
POS
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Det Noun

PropNoun

Verb



Sample Markov Model for 
POS

0.95

0.05

0.9

0.05
stop

0.5

0.1

0.8

0.1

0.1

0.25

0.25

start
0.1

0.5

0.4

Det Noun

PropNoun

Verb

P(PropNoun Verb Det Noun) 

= P(PropNoun|start)*P(Verb|PropNoun)*P(Det|Verb)*P(Noun|Det)*P(stop|Noun)

= 0.4*0.8*0.25*0.95*0.1=0.0076



Hidden Markov Model

 针对序列的概率生成模型

 存在一个隐藏的不可观察的状态集合, 例如词性标记

 状态之间存在概率转移, 例如某个序列生成时从一个POS
转移到另一个POS 

 存在从状态到符号的概率生成，例如从每个POS生成词
语
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Sample HMM for POS
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Sample HMM Generation
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Formal Definition of an HMM

 由N +2 个状态组成的状态集合S={s0,s1,s2, … sN, sF}
 初始状态:  s0

 终止状态:  sF

 M 个可能的观察符号V={v1,v2…vM}
 状态转移概率分布 A={aij}

 每个状态的符号输出概率分布 B={bj(k)}

 参数集合 λ={A,B}

FjiNjisqsqPa itjtij ==¢¢=== + ,0 and ,1         )|( 1

Mk1   1     )|at  ()( ¢¢¢¢== NjsqtvPkb jtkj

Niaa iF

N

j

ij ¢¢=+ä
=

01
1



HMM生成过程

 生成一个序列，包含T 个观察符号:  O = o1 o2 … oT

设置初始状态q1=s0

For t = 1 to T

基于状态qt的符号输出概率分布bqt(k)输出符号ot=vk

基于转移概率分布aij从状态qt转移到另一状态qt+1=sj
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HMM中三个任务

 观察序列的概率计算(Observation Likelihood)
 对观察序列进行分类或排序

 最可能的状态序列选择 (Decoding)
 对序列中每个符号进行标签标记

 参数估计 (Learning):
 训练模型适应训练数据
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HMM: Observation 
Likelihood
 给定一个观察序列O,  一个参数为λ的模型, 由此模型生

成该观察序列的概率是多少：P(O| λ) ?

 允许将HMM作为语言模型使用
 在语言识别领域非常有用

 Sequence Classification
 Most Likely Sequence

Ordinary English

dice precedent core

vice president Gore

O1

O2

?

?

P(O2 | OrdEnglish) > P(O1 | OrdEnglish) ?80



HMM: Observation 
Likelihood - Naïve Solution
 穷尽所有可能的长度为T的状态序列

 针对每个可能的状态序列Q，计算观察序列与状态序列
的联合概率P(O,Q| λ) = P(O| Q, λ) P(Q| λ)
 P(O| Q, λ) 基于符号输出概率分布计算
 P(Q| λ)基于状态转移概率分布计算.

 对所有可能的状态序列的P(O,Q| λ)求和得到P(O| λ).

 计算复杂度: O(TNT).
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HMM: Observation 
Likelihood - Efficient Solution
 前向算法(Forward Algorithm)

 利用马尔科夫假设基于动态规划(dynamic programming)在
O(TN2)时间复杂度内有效计算观察序列概率

 用一个前向网格(forward trellis) 记录所有可能的状态路径信
息，较长子路径的概率可由较短子路径的概率计算得到

s1

s2

sN

¶

¶

¶

¶

¶

¶

s0
sF

¶

¶

¶

¶

¶

¶

¶

¶

¶

¶ ¶¶

¶ ¶¶

¶ ¶¶

¶ ¶¶

t1 t2 t3 tT-1 tT
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前向变量

 at(j)是在时间t, HMM输出了序列 o1o2 … ot ，并且位
于状态sj的概率 (通过对所有导向状态sj 的初始路径求
和).

)|  ,,...,()( 21 la jttt sqoooPj ==
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前向步骤

s1

s2

sN

¶

¶

¶

sj

at-1(i) at(i)

a1j

a2j

aNj

a2j

 从初始时间开始到时间t-1, HMM到
达状态si, 并输出观察序列o1o2 … 
ot-1，该状态对应前向概率为at-1(i)

 从状态si转移到状态sj,并在状态sj输
出ot

 持续进行直到到达终点
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前向算法

 Initialization

 Recursion

 Termination
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前向算法计算复杂度

 时间复杂度O(TN2)

 类似的后向算法
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HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列

John gave the dog an apple. 
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Johngave the dog an apple. 

Det Noun PropNounVerb 

HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列
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Johngavethe dog an apple. 

Det Noun PropNounVerb 

HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列
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Johngavethedog an apple. 

Det Noun PropNounVerb 

HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列
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Johngavethedogan apple. 

Det Noun PropNounVerb 

HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列
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Johngavethedoganapple. 

Det Noun PropNounVerb 

HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列
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Johngavethedoganapple. 

Det Noun PropNounVerb 

HMM: Decoding

 给定一个观察序列 O 与模型λ,  产生该观察序列的最可能
的状态序列Q=q1,q2,…qT是什么?

 序列标注任务所使用：每个状态对应一个标签，为给定符
号序列确定全局最优的标签序列
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HMM: Decoding - Efficient 
Solution

 显然可以通过穷举考察每个可能的状态序列 – 不可
行！

 更有效的方法基于动态规划方法利用马尔科夫假设

 标准算法：Viterbi algorithm，时间复杂度为
O(N2T)
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Viterbi Scores

 递归计算对应前t个观察符号，并且结束于状态
sj的最优状态子序列
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• 同时用另一个后向指针变量btt(j)用于路径记忆，
记录该路径上状态sj的前一状态回退路径
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计算Viterbi Scores

 Initialization

 Recursion

 Termination
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类似前向算法，但采用 max 代替 sum
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计算Viterbi Backpointers

 Initialization

 Recursion

 Termination
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最终状态位于最优状态序列。跟踪后向指针到初始状
态即可得到完整状态序列。
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Viterbi Backpointers

s1

s2

sN

¶

¶

¶

¶

¶

¶

s0
sF

¶

¶

¶

¶

¶

¶

¶

¶

¶

¶ ¶¶

¶ ¶¶

¶ ¶¶

¶ ¶¶

t1 t2 t3 tT-1 tT
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Viterbi Backtrace

s1

s2

sN

¶

¶

¶

¶

¶

¶

s0
sF

¶

¶

¶

¶

¶

¶

¶

¶

¶

¶ ¶¶

¶ ¶¶

¶ ¶¶

¶ ¶¶

t1 t2 t3 tT-1 tT

最优状态序列: s0 sN s1 s2 …s2 sF
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HMM: Learning

 Supervised Learning:  所有训练序列被全部标
注

 Unsupervised Learning:  所有训练序列没有标
注

 Semisupervised Learning: 部分训练序列被标
注，大部分没有标注
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Supervised HMM Training
 如果训练序列已标注状态序列，那么模型参数

λ={A,B}能够直接估计

Supervised

HMM

Training

Johnatetheapple

A dogbit Mary

Mary hit thedog

JohngaveMary thecat.

.

.

.

Training Sequences

Det Noun PropNounVerb 
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Supervised Parameter 
Estimation

 状态转移概率可基于标注数据中标签bigram和
unigram的信息进行估计

 符号输出概率可基于标注数据中标签/词语共现信息
进行估计

 如果训练数据比较稀疏，需要使用合适的平滑算法
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HMM POS Taggers

 使用标注POS的语料库能够很方便地基于有监督学
习构建HMM模型

 给定一个新的未标注文本（词语序列），使用
Viterbi 算法预测最优词性标签序列

 现代POS标注器，包括HMM在内，准确性为96-
97% (for Penn tagset trained on about 
800K words) 
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HMM Learning: 其他方法

 Unsupervised Learning
 Baum-Welch algorithm (a.k.a. forward-

backward) , 基于Expectation Maximization (EM)

 Semi-supervised Learning
 EM算法能够基于标注和未标注的混合语料进行训练

假设一个HMM有N个状态.
随机设置参数λ=(A,B)，保证是合理的分布
Until converge (i.e. λ no longer changes) do:

E Step:  使用forward/backward过程确定生成训练数据的
不同可 能状态序列的概率

M Step: 使用这些概率重新估计模型参数值 λ
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中文词法分析效果

 中文分词总体水平(F值)达到95%左右
 主要分词错误由新词造成

 命名实体识别效果偏低，尤其是机构名识别

 效果跟文本类型有关

 中文词性标注总体水平(Accuracy)超过90%
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句法分析类型

 句法/成分/短语结构分析 vs. 依存关系分析

 完全分析 vs. 局部分析/浅层分析
 浅层分析：如组块分析(Chunking)

 找出句子中非递归的名词短语与动词短语等

 [NP I]  [VP ate]  [NP the  spaghetti]  [PP with]   [NP meatballs].
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基于序列标注的组块分析

 对于每类短语一般用三个标签对每个词进行标记
 B (Begin)：表示是目标短语的起始词

 I  (Inside)：表示属于目标短语的一部分，但不是起始词

 O (Other)：表示不属于目标短语的一部分

 最好的Chunking结果一般F值 >90%

 NP chunking举例
 He reckons the current account deficit will 

narrow  to only # 1.8 billion in September. 

Begin Inside  Other
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Chomsky语法层次

我们所关
注的句法
结构分析

109



Context Free Grammars (CFG)

 N:非终结符集合(或者变量集)

 S: 终结符集合(与N无交集)

 R : 重写规则/产生式集合 (a set of productions or 
rules), 形式为 A→b, 其中 A 为非终结符，b为来自
(SÇN)*中的符号串

 S: 一个特别的非终止符，称为初始符 (start)
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Simple CFG for ATIS English

S → NP VP

S → Aux NP VP

S → VP

NP → Pronoun

NP → Proper-Noun

NP → Det Nominal

Nominal → Noun

Nominal → Nominal Noun

Nominal → Nominal PP

VP → Verb

VP → Verb NP

VP → VP PP

PP → Prep NP

Det → the | a | that | this

Noun → book | flight | meal | money

Verb → book | include | prefer

Pronoun → I | he | she | me

Proper-Noun → Houston | NWA

Aux → does

Prep → from | to | on | near | through

Grammar Lexicon
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句子生成

 一个句子的生成过程：通过递归地将句法规则
左侧起始符号改写为右侧生成符号，直到只剩
下终结符为止

S

VP

Verb              NP

Det    Nominal

Nominal     PP

book

Prep           NP

through

Houston

Proper-Noun

the

flight

Noun
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句法结构分析(Parsing)

 给定一串终结符号和一个CFG，确定该符号串是否能够
被该CFG所生成
 同时为该符号串返回句法树

 必须进行搜索以获得句法树推导
 Top-Down Parsing: 从初始符开始
 Bottom-up Parsing: 从符号串中的终结符开始
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Parsing Example

S

VP

Verb    NP

book Det     Nominal

that Noun

flight

book that flight
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句法结构歧义

 一个句子可能对应多个句法树, 典型歧义包括
 连接歧义(Attachment ambiguity)

 E.g. I shot an elephant in my pajamas.

 并列歧义(Coordination ambiguity)
 E.g. old men and women

 名词短语括号歧义(Noun-phrase bracketing ambiguity)
 E.g. complete peace plan
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Top Down Parsing
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Bottom Up Parsing
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Top Down vs. Bottom Up

 Top down方法决不考察不能导致完整句法树的选项，
但是考察了过多的跟实际句子无法关联的选项

 Bottom up方法决不考察不能与实际句子关联的选项，
但是考察了过多不能导致完整句法树的选项

 无用搜索比例依赖于句法分支情况
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Dynamic Programming 
Parsing
 为了避免大量的重复工作，必须缓存中间结果，缓存

是获得多项式句法分析（CFG ）算法的关键

 基于自顶向下搜索和自底向上搜索的动态规划算法能
够取得O(n3)的时间复杂度，n为输入串的长度
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Dynamic Programming 
Parsing Methods
 CKY (Cocke-Kasami-Younger) algorithm

 基于自底向上分析，需要对句法进行规范化

 Earley parser
 基于自顶向下分析，不需要句法规范化，但更加复杂

 Chart parser
 融合自顶向下与自底向上搜索
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CKY算法

 首先句法必须转换为乔姆斯基范式Chomsky normal 
form (CNF)，其中重写规则右侧必须正好为2个非终
结符，或者为1个终结符

 在一个表格中自底向上进行分析，对一个字符串的分
析依赖于对其子串的分析
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句法转换

S → NP VP

S → Aux NP VP

S → VP

NP → Pronoun

NP → Proper-Noun

NP → Det Nominal

Nominal → Noun

Nominal → Nominal Noun

Nominal → Nominal PP

VP → Verb

VP → Verb NP

VP → VP PP

PP → Prep NP

Original Grammar Chomsky Normal Form

S → NP VP

S → X1 VP

X1 → Aux NP

S → book | include | prefer

S → Verb NP

S → VP PP

NP → I  | he | she | me

NP → Houston | NWA

NP → Det Nominal

Nominal → book | flight | meal | money

Nominal → Nominal Noun

Nominal → Nominal PP

VP → book | include | prefer

VP → Verb NP

VP → VP PP

PP → Prep NP
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CKY Parser

Book       the        flight    through  Houston

i=

0

1

2

3

4

j= 1           2              3             4              5

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

Cell[i,j]包含所
有覆盖从位置
i+1到j的词语的
非终结符(成分)
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None
[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser

130



Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

VP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

S

VP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

VP
S

VP

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

VP
S

VP

S

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

VP
S

VP

S
Parse Tree #1

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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Book       the        flight    through  Houston

S, VP, Verb,

Nominal,

Noun

Det

Nominal,

Noun

None

NP

VP

S

Prep

None

None

None

NP

ProperNoun

PP

Nominal

NP

VP
S

VP

S
Parse Tree #2

[0,1] [0,2] [0,3] [0,4] [0,5]

[1,2] [1,3] [1,4] [1,5]

[2,3] [2,4] [2,5]

[3,4] [3,5]

[4,5]

CKY Parser
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CKY Parser的问题

 产生所有可能的句法树

 没有进行消岐

问题：到底哪棵句法树才是给定句子最正确的句法树？
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统计句法分析

 使用语法概率模型为每棵句法树计算概率值

 允许使用有监督学习和无监督学习得到句法分析模型
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Probabilistic Context Free 
Grammar (PCFG)
 PCFG是CFG的概率化形式，每条句法规则（产生式）

有一个概率值

 具有相同左部非终结符的产生式的概率值和为1

 概率值用来非确定性地选择产生式
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Simple PCFG for ATIS English

S Ÿ NP VP                     

S Ÿ Aux NP VP               

S Ÿ VP                           

NP Ÿ Pronoun

NP Ÿ Proper-Noun

NP Ÿ Det Nominal

Nominal Ÿ Noun

Nominal Ÿ Nominal Noun

Nominal Ÿ Nominal PP

VP Ÿ Verb

VP Ÿ Verb NP

VP Ÿ VP PP

PP Ÿ Prep NP

Grammar

0.8

0.1

0.1

0.2

0.2

0.6

0.3

0.2

0.5

0.2

0.5

0.3

1.0

Prob

+

+

+

+

1.0

1.0

1.0

1.0

Det Ÿ the | a   | that | this

0.6  0.2  0.1    0.1

Noun Ÿ book | flight | meal | money

0.1     0.5      0.2     0.2

Verb Ÿ book | include | prefer

0.5      0.2        0.3

Pronoun Ÿ I    | he | she | me

0.5  0.1  0.1    0.3

Proper-Noun Ÿ Houston | NWA

0.8         0.2

Aux Ÿ does

1.0

Prep Ÿ from | to   | on | near | through

0.25  0.25  0.1    0.2     0.2

Lexicon
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句法推导概率

 假设句法树上每个产生式的选择是独立的

 句法推导的概率为所有产生式概率之乘积

P(D1) = 0.1 x 0.5 x 0.5 x 0.6 x 0.6 x 

0.5 x 0.3 x 1.0 x 0.2 x 0.2 x 

0.5 x 0.8
= 0.0000216

D1
S

VP

Verb          NP

Det    Nominal

Nominal     PP

book

Prep        NP

through

Houston

Proper-Noun

the

flight

Noun

0.5

0.5
0.6

0.6 0.5

1.0

0.2

0.3

0.5 0.2

0.8

0.1
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句法消岐

 为句子选择可能性（概率）最大的句法树

D2

VP

Verb          NP

Det    Nominalbook

Prep        NP

through

Houston

Proper-Noun

the

flight

Noun

0.5

0.5
0.6

0.6
1.0

0.2
0.3

0.5 0.2

0.8

S

VP

0.1

PP

0.3

P(D2) = 0.1 x 0.3 x 0.5 x 0.6 x 0.5 x

0.6 x 0.3 x 1.0 x 0.5 x 0.2 x

0.2 x 0.8
= 0.00001296

P(D1) > P(D2)
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句子概率

 一个句子的概率为它所对应所有句法树的概率之和

 反映一个句子被一个PCFG生成的可能性

P(“book the flight through Houston”) = 

P(D1) + P(D2) = 0.0000216 + 0.00001296

= 0.00003456
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三个PCFG任务

 句子概率计算(Observation likelihood)
 用于对句子进行分类和排序

 最佳句法树推导(Most likely derivation) 
 为一个句子确定最佳的句法树

 PCFG模型学习
 通过训练数据训练PCFG，得到参数值
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PCFG: 最佳句法树推导

 类似Viterbi算法，为给定句子高效率确定可能性最大
的句法树

S →NP VP

S → VP

NP → DetA N

NP → NP PP

NP → PropN

A → ε

A → Adj A

PP → Prep NP

VP → V NP

VP → VP PP

0.9

0.1

0.5

0.3

0.2

0.6

0.4

1.0

0.7

0.3

English

John liked the dog in the pen.
S

NP           VP

John       V     NP          PP

liked    the dog  in the penXPCFG 

Parser
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PCFG: 最佳句法树推导

 类似Viterbi算法，为给定句子高效率确定可能性最大
的句法树

S →NP VP

S → VP

NP → DetA N

NP → NP PP

NP → PropN

A → ε

A → Adj A

PP → Prep NP

VP → V NP

VP → VP PP

0.9

0.1

0.5

0.3

0.2

0.6

0.4

1.0

0.7

0.3

English

John liked the dog in the pen.

PCFG 

Parser

S

NP           VP

John       V     NP 

liked    the dog  in the pen
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概率化CKY

 修改CKY适合PCFG分析，每个单元格中为每个非终结
符引入一个概率值

 Cell[i,j] 包含的信息：覆盖从位置i+1到j的词语的每个
非终结符成分的最可能推导及其对应的概率

 将句法转换为CNF时，必须设置并保留产生式概率
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概率句法转换

S → NP VP
S → Aux NP VP

S → VP

NP → Pronoun

NP → Proper-Noun

NP → Det Nominal
Nominal → Noun 

Nominal → Nominal Noun
Nominal → Nominal PP
VP → Verb

VP → Verb NP
VP → VP PP
PP → Prep NP

Original Grammar Chomsky Normal Form

S → NP VP
S → X1 VP
X1 → Aux NP
S → book | include | prefer

0.01     0.004    0.006
S → Verb NP
S → VP PP
NP →  I   |  he  |  she |  me

0.1   0.02  0.02    0.06
NP → Houston | NWA

0.16           .04
NP → Det Nominal
Nominal → book | flight | meal | money

0.03    0.15   0.06     0.06
Nominal → Nominal Noun
Nominal → Nominal PP
VP → book | include | prefer

0.1      0.04        0.06
VP → Verb NP
VP → VP PP
PP → Prep NP

0.8
0.1

0.1

0.2

0.2

0.6
0.3

0.2
0.5
0.2

0.5
0.3
1.0

0.8
0.1
1.0

0.05
0.03

0.6

0.2
0.5

0.5
0.3
1.0149



Probabilistic CKY Parser

Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

NP:.16

PropNoun:.8

PP:1.0*.2*.16

=.032

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

NP:.16

PropNoun:.8

PP:1.0*.2*.16

=.032

Nominal:

.5*.15*.032

=.0024

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

NP:.16

PropNoun:.8

PP:1.0*.2*.16

=.032

Nominal:

.5*.15*.032

=.0024

NP:.6*.6*

.0024

=.000864

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

NP:.16

PropNoun:.8

PP:1.0*.2*.16

=.032

Nominal:

.5*.15*.032

=.0024

NP:.6*.6*

.0024

=.000864

S:.05*.5*

.000864

=.0000216

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

NP:.16

PropNoun:.8

PP:1.0*.2*.16

=.032

Nominal:

.5*.15*.032

=.0024

NP:.6*.6*

.0024

=.000864

S:.0000216

S:.03*.0135*

.032

=.00001296

Probabilistic CKY Parser
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Book       the        flight    through  Houston

S :.01, VP:.1, 

Verb:.5 

Nominal:.03

Noun:.1

Det:.6

Nominal:.15

Noun:.5

None

NP:.6*.6*.15

=.054

VP:.5*.5*.054

=.0135

S:.05*.5*.054

=.00135

None

None

None

Prep:.2

NP:.16

PropNoun:.8

PP:1.0*.2*.16

=.032

Nominal:

.5*.15*.032

=.0024

NP:.6*.6*

.0024

=.000864

S:.0000216
选择可能性最大
的句法推导

Probabilistic CKY Parser
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PCFG: 有监督训练

 基于人工标注的句法树库，例如Penn Treebank, 可直接
估计句法参数

.

.

.

Tree Bank

Supervised

PCFG

Training

S → NP VP

S → VP

NP → Det A N

NP → NP PP

NP → PropN

A → ε

A → Adj A

PP → Prep NP

VP → V NP

VP → VP PP

0.9

0.1

0.5

0.3

0.2

0.6

0.4

1.0

0.7

0.3

English

S

NP           VP

John       V     NP          PP

put    the dog  in the pen

S

NP           VP

John       V     NP          PP

put    the dog  in the pen

160



产生式概率估计

 产生式规则可直接从Treebank中提取

 概率可直接从Treebank中的频率次数进行估计

)count(

)count(

)count(

)count(
)|(

a

ba

ga

ba
aba

g

­
=

­

­
=­
ä

P
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PCFG: 无监督训练

 基于未标注句法树的句子数据集进行学习

John ate the apple

A dog bit Mary

Mary hit the dog

John gave Mary the 
cat. .

.

.

Training Sentences

PCFG

Training

S → NP VP

S → VP

NP → Det A N

NP → NP PP

NP → PropN

A → ε

A → Adj A

PP → Prep NP

VP → V NP

VP → VP PP

0.9

0.1

0.5

0.3

0.2

0.6

0.4

1.0

0.7

0.3

English
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 内外向算法(Inside-Outside algorithm) 
 一种EM算法，类似HMM模型中的Baum-Welch 算法

 给定非终结符数量，基于非终结符和观察到的终结符构建所有可
能的CNF产生式

 使用EM迭代训练产生式的概率，以最大化数据的生成概率

PCFG: 无监督训练
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PCFG的改进：词汇化PCFG
 某些句法歧义需要利用词汇信息才能解决

根据语料库统计，将PP连接到NP比连接到VP的可能
性要更大，那么将会错误地选择NP附着。
然而事实上上述选择应该依赖于具体词汇(dumped)。
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PCFG的改进：词汇化PCFG
 词汇化PCFG(Lexicalized PCFG)

 对句法树中每个非终结符都用中心词（Head Word)进行
标记，每条产生式规则左端包含中心词及词性

 参数估计需要采用平滑技术

S

VP

VBD          NP

DT    Nominal

Nominal   PP

liked

IN            NP

in

the

dog

NN

DT    Nominal

NNthe

pen

NNP

NP

John

pen-NN

pen-NN

in-IN
dog-NN

dog-NN

dog-NN

liked-VBD

liked-VBD

John-NNP

Nominaldog-NN → Nominaldog-NN PPin-IN
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PCFG的改进：分裂与合并
 失去了上下文相关性，产生式的选择独立于上下文，

然而某些选择依赖于上下文

 例如： NP作为主语(subject)时比作为宾语(object)时要更可
能是代词(pronoun)
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 为了提供上下文信息，非终结符可以基于其在句法树
中的父符号分裂为多个新的非终结符
 A subject NP becomes NP^S since its parent node is an S.

 An object NP becomes NP^VP since its parent node is a VP

PCFG的改进：分裂与合并

S

VP

VBD          NP

DT    Nominal

Nominal   PP

liked

IN            NP

in

the

dog

NN

DT    Nominal

NNthe

pen

NNP

NP

John

^NP

^PP

^Nominal
^Nominal

^NP

^VP

^S^

S

^Nominal

^N

P

^P

P^Nominal

^NP

^VP^NP

VP^S → VBD^VP NP^VP
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 非终结符分裂增加了参数数量，一般对特定有效的非终
结符进行分裂

 也可考虑对一些非终结符进行合并，减少无用的非终结
符，学习得到更准确的参数

PCFG的改进：分裂与合并
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树库(Treebanks)

 已有多语言、多类型的树库
 英文、中文、阿拉伯语, …

 Phrase structure, dependency, CCG, HPSG, …

 最著名的是English Penn Treebank & Chinese Penn 
Treebank

 详细列表参见 http://en.wikipedia.org/wiki/Treebank

 基于树库能够学习得到句法分析器
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中文句法分析效果

170

 短语结构分析的总体水平(基于短语匹配的F值)超过
80%

 依存分析的总体水平（无标记依存正确率）接近90%，
带标记的依存正确率会下降
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第二课 互联网语义计算与信息总结

•语义与篇章分析概述
•词汇语义计算
•互联网信息摘要
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语义与篇章分析概述
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 φ



语义表示

174

 “I have a car”

First-Order 

Logic

Semantic Network

Conceptual 

Dependency

Frame-based



语义逻辑表示

175

 用Formula表达句子语义

First-order Predicate Logic

John loves Mary loves(john,mary)

Somebody sleeps $x sleeps(x)

Somebody loves 

everybody

1. $x "y loves(x,y)

2. "y $x loves(x,y)

Other candidates: Modal logics,

higher-order predicate logics, description logics etc.
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语义分析

176

 获取语言单元的意义
 不同层次：词汇级、句子级、篇章级

 句法驱动的句子级语义分析
 句子的语义由其组成成分的语义组合而得到

 基于词汇和语法信息获取句子意义表达
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语义分析

177

 获取语言单元的意义
 不同层次：词汇级、句子级、篇章级

 句法驱动的句子级语义分析
 基于词汇和语法信息获取句子意义表达
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From parse trees to logic

178

compositional 

semantics
?x:think(bill,likes(harry,x))

or some other suitable 

representation

Semantic 

augmentations to 

syntactic rules
178



Example

179

 Proper nouns map to a constant

 [[ John ]] = john

 [[ America ]] = america

 Adjectives, nouns, and intransitive verbs maps to a one-place 
predicate

 A predicate is a function that returns a boolean value (true, false)

 [[ sleeps ]] =  lx: sleeps(x)

 [[ man ]] = lx: man(x)

 [[ red ]] = lx: red(x)

 Transitive verbs map to a two-place predicate

 [[ loves ]] = ly: lx: loves(x,y)

 Auxiliaries map to the identity function

 [[ is ]] = [[ does ]] = lx: x
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Example

180

S

NP

N

John

VP

V

loves

NP

N

Mary

“John loves Mary”
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S

NP

N

john

VP

V

ly: lx: loves(x,y)

NP

N

mary

“John loves Mary”

181

Example
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john

VP

V

ly: lx: loves(x,y)

NP

N

mary

“John loves Mary”
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Example
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S

john VP

V

ly: lx: loves(x,y)

NP

N

mary

“John loves Mary”
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Example
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john VP

ly: lx: loves(x,y)
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mary

“John loves Mary”
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Example
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S

john VP

ly: lx: loves(x,y)
NP

mary

“John loves Mary”
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Example
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S

john VP

ly: lx: loves(x,y)
mary

“John loves Mary”
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Example
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S

john [ ly: lx: loves(x,y) ] (mary)

“John loves Mary”
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Example
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S

john lx: loves(x,mary)

“John loves Mary”
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Example
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[ lx: loves(x,mary)] (john)

“John loves Mary”

189

Example
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loves(john,mary)

“John loves Mary”

190

Example



语义分析

191

 浅层语义分析(语义角色标注)

191

agent patient source destination instrument
施事 受事 来源 目的 工具
John drove Mary from Austin to Dallas in his Toyota Prius.
The hammer broke the window.



句子级语义分析效果

 深层语义分析很困难，目前并没有成熟的技术和系统

 语义角色标注的总体水平(F值)在70%以上
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篇章分析(Discourse Parsing)
 篇章是一组连贯且有结构的句子

(Discourse is a coherent structured group of 
sentences)
 例如：独白(monologues), 对话(dialogues)

 篇章分析的主要任务
 篇章分割(Discourse Segmentation)

 句间关系识别(Determining Coherence Relations)

 指代消解(Reference Resolution)

 理想情况下需要深层文本理解技术来应对以上任务，
但目前为止主要采用浅层分析方法
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篇章分割(Discourse 
Segmentation)
 篇章分割: 将文档分割成子话题的线性序列

 每个子话题可由多个自然段组成

 例如: 科技论文可分割为： Abstract, Introduction, 
Methods, Results, Conclusions  

 篇章分割的应用:
 文档摘要: 对每个段落单独摘要

 信息检索与信息抽取:  在合适的段落上进行

 相关任务: 对于语音识别文本的段落分割
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篇章分割方法
 基于凝聚性的方法(Cohesion-based approach)

 将文档分割成子话题，每个子话题中的段落/句子之
间相互凝聚，子话题边界处的凝聚性较差

 TextTiling 算法(Hearst, 1997)
 比较相邻的文本块

 寻找词汇上的转换
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文本连贯性(Text Coherence)
 一系列独立的句子并不能构成一个篇章，因为

缺乏连贯性

 连贯性：两个文本单元之间的意义关系，可解释不
同文本单元的意义是如何结合起来构建更大文本单
元的意义

John hid Bill’s car keys.   He was drunk.

John hid Bill’s car keys.   He likes spinach.

Explanation

???

196



连贯性关系(Coherence Relations)

 A few more such relations, Hobbs (1979):

The Tin Woodman was caught in the rain.   His joints rusted.

The scarecrow wanted some brains.   The Tin Woodman 
wanted a heart.

Dorothy was from Kansas.   She lived in the midst of the great 
Kansas prairies.

Dorothy picked up the oil-can.   She oiled the Tin Woodman’s 
joints.

Result

Parallel

Elaboration

Occasion
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篇章结构(Discourse Structure)
 篇章结构: 基于连贯关系的篇章层次式结构

 类似与句法树结构

 树节点表示句子之间的连贯关系: discourse 
segment (not linear)

John went to the bank to deposit his paycheck. He then 
took a train to Bill’s car dealership. He needed to buy 
a car. The company he works for now isn’t near any 
public transportation. He also wanted to talk to Bill 
about their softball league. 
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篇章结构(Discourse Structure)

Occasion

Explanation

Parallel

Explanation

John went to the bank to 
deposit his paycheck.

He then took a train to 
Bill’s car dealership.

He needed to buy a car.The company he works for now 
isn’t near any public transportation.

He also wanted to talk to Bil

l about their softball league. 
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篇章结构(Discourse Structure)
 篇章结构的应用

 文摘系统：可以忽略或合并被Elaboration 关系连接
的单元

 问答系统：利用Explanation关系进行回答

 信息抽取系统：不需要对从没有连贯关系的单元上抽
取的信息融合
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篇章解析
 连贯关系识别(Coherence Relation 

Assignment): 自动识别篇章单元之间的连贯关系

 篇章解析(Discourse Parsing): 自动获取整个篇
章的篇章结构

 以上两个问题都是难以解决的问题，但一些浅层的
方法能够达到一定的效果，例如，基于篇章标识或
线索词
 预示篇章结构的短语, e.g.  “joining us now”, 

“coming up next” etc.

 连接词: “because”, “although”, “with”, “and”
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指代消解(Reference Resolution)

 确定哪个实体被那个语言表达所意指(参照)

Mr. Obama visited the city. The president talked about 
Milwaukee’s economy. He mentioned new jobs.  

 “Mr.Obama”, “The president” and “He” 是指称对
象(referent )“Barack Obama”的引用表达式(referring 
expressions ) ，它们共指 (corefer )

 Anaphora （回指）:引用表达式指向之前提到的实体
(antecedent先行词), 则称为anaphoric, e.g. “The 
president”, “He”

 Cataphora （后指）:引用表达式指向之后提到的实体 , 则称为
cataphoric, e.g. “the city”
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指称表达式
 Indefinite noun phrases (NPs): e.g. “a cat”

 在篇章上下文中介绍新事物

 Definite NPs: e.g. “the cat”
 指向听众熟悉的事物

 Pronouns: e.g. “he”,”she”, “it”
 Demonstratives: e.g. “this”, “that”
 One-anaphora: “one” 
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两类指代消解任务
 Coreference Resolution (共指消解): 发现指

向相同实体的指称表达式，也就是寻找共指链
 前页例子中共指链为: {Mr. Obama, The president, 

he}, {the city, Milwaukee’s}

 Pronominal Anaphora Resolution (人称代
词消解): 找到人称代词所指向的先行词
 前页例子中, “he” 指向 “Mr. Obama”

 是共指消解的子任务
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人称代词消解的特征
 约束

 数量一致性
 Singular pronouns (it/he/she/his/her/him) refer to 

singular entities and plural pronouns 
(we/they/us/them) refer to plural entities

 人称一致性
 He/she/they etc. must refer to a third person entity

 性别一致性
 He -> John; she -> Mary; it -> car

 句法约束
 John bought himself a new car. [himself -> John]

 John bought him a new car. [him can not be John] 
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人称代词消解的特征
 优先性:

 就近原则(Recency): 最近被提到的实体更可能被指
代
 John went to a movie. Jack went as well. He was not 

busy.

 语法角色(Grammatical Role): 主语位置的实体比
宾语位置的实体更可能被指代
 John went to a movie with Jack. He was not busy. 

 平行(Parallelism): 
 John went with Jack to a movie. Joe went with him

to a bar.
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人称代词消解的特征
 优先性:

 动词语义(Verb Semantics): 某些动词对后面的代
词指向其主语或宾语有所偏好
 John telephoned Bill. He lost the laptop.

 John criticized Bill. He lost the laptop.

 选择限制(Selectional Restrictions): 语义上的限
制
 John parked his car in the garage after driving it

around for hours. 

 可使用上述特征进行分类
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共指消解
Å能够用类似人称代词消解的方法解决:  基于分

类

Å除了二类分类，还可以对指称表达式进行聚类
 扩展：跨文档共指消解

 问题: “John Smith” in 文档A = “John Smith” 
in 文档B?

 方法: 
 综合考虑:

 Within-document co-reference
 Vector Space Model similarity
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词汇语义计算
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阿凡提当理发匠时，大阿訇(hōng)总是来找他剃头，却从来
不给钱。阿凡提很生气，想狠狠整他一下。有一天，阿訇又
来理发了。阿凡提先给他剃光了头，在给他刮脸的时候，问
道：“阿訇，您要眉毛吗？”
“当然要，这还用问！”阿訇说。
“好，您要我就给您！”阿凡提说着，嗖嗖几刀，就把阿訇
的两道眉毛刮下来，递到阿訇手里。
大阿訇气得说不出话——谁叫他自己说过要呢。
“阿訇，胡子要吗？”阿凡提又问。
“不要，不要！”阿訇连忙说。
“好，您不要就不要。”阿凡提说着，又嗖嗖几刀，就把大
阿訇的胡子刮下来，甩在地上。
大阿訇对镜子一看，自己的脑袋和脸都刮得净光，简直就像
个光溜溜的鸡蛋。这一下他可气坏了，就大骂起来。“得啦，
得啦，这不都是遵照您的吩咐做的吗？”阿凡提说：“要是
依我的话，不要说眉毛胡子，连您的头发，我也不愿意剃
哩！” ——《阿凡提的故事》

阿凡提在逻辑上偷换概念，利用词语
意义的不确定性，灵活使用。



词汇语义
 研究词语的意义

 怎样表示词语的意义？

 词语之间是怎么关联的？
 同义词、反义词、上位词、下位词、等等

 相似与不相似
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词义(Word Senses)
 词义：一个词语的特定意义
 一个词语可能有多个词义;
 一个词义能被一个注释(gloss)所描述

 apple: fruit with red or yellow or green skin 
and sweet to tart crisp whitish flesh

 一词多义
 homonyms：词义完全不相关

 Bank: money bank, river bank

 Polysemes : 词义之间有关联
 Bank: financial institute, building of the financial 

institute, storage of blood (blood bank) 

 两者之间界限模糊
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词义基本关系
 同义词(Synonymy)

 反义词(Antonymy)

 上位词(Hypernomy)

 下位词(Hyponomy)

 整体(Holonymy)

 部分(Meronymy)
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词汇相似度(Word similarity)
 同义词关系是二值关系

 两个词是/不是同义关系

 更宽松的准则
 词汇相似度/语义距离(Word similarity or Word 

semantic distance)

 两个词之间具有越多的共性越相似
 实际上是基于词义的关系
 可以基于词义和词进行计算
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词语相似度两类计算方法
 基于语义词典的方法(Thesaurus-based)

 基于两个词在WordNet等语义词典中是否“相邻”

 基于语料统计的方法
(Distributional/Statistical algorithms)
 比较词语在语料库中的上下文
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WordNet
 著名的英文词义关系计算资源，词义数据库

 包含词义及其关系

 免费浏览和下载
http://wordnet.princeton.edu/

 Developed in the mid-1980s by famous 
cognitive psychologist George Miller and a 
team at Princeton University
 George A. Miller passed away on July 22, 

2012 at the age of 92.
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WordNet
 Synset (synonym set): (近似)同义集合

 WordNet的基本单元
 每一个synset表示一个语义概念
 Example synset: {hit, strike, impinge on, run 

into, collide with}

 每个词条包括多个synsets，注释，使用样例
等信息

 Synsets 通过不同的词义关系相连
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Format of WordNet Entries
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Semantic Relations in WordNet

A semantic relation 
is represented by a 
pointer between 
word forms or 
between synsets.
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A WordNet Snapshot

car, auto, automobile, 
machine,motorcar 

cab, taxi, taxicab, hack ambulance

accelerator, 
gas pedal,

gas

motor vehicle,
automotive vehicle

hypernym

hyponym
hyponym

meronym

synsets
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WordNet Hierarchies
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WordNet Senses
 WordNets senses倾向于细粒度

 “play” as a verb has 35 senses, including
 play a role or part: “Gielgud played Hamlet”
 pretend to have certain qualities or state of mind: “John played 

dead.”

 人机都难以进行细粒度区分，只有词汇学专家
才能有效区分

 细粒度词义是否对NLP任务有用？
 不一定

 可以考虑对细粒度词义进行归并，得到粗粒度、
易于区分的词义
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基于WordNet的词语相似度

 可以使用WordNet的任意信息
 Relation
 Glosses
 Example sentences

 基本思想
 两个词语(词义)在WordNet中越相邻或具有的共性

越多，那么这两个词语(词义)越相似。
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例一： Path based similarity
 两个词在词典层次结构中越相邻，这两个词越相似

(i.e.具有比较短的路径)
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例一： Path-based similarity的
改进
 pathlen(c1,c2) = 词义节点c1 and c2之间最短

路径上边的数量

 simpath(c1,c2) = -log pathlen(c1,c2)

 wordsim(w1,w2) =
 maxc1Ísenses(w1),c2Ísenses(w2) sim(c1,c2)
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例一： Path-based similarity的
问题
 假设每条链接(边）表示同样的距离

 基于Path-based similarity, Nickel to money 与
nickel to standard 具有相同的相似度

 然而，Nickel to money 看起来应该比nickel to 
standard 更相似

 因此，需要对每条边的代价进行单独表示
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例二： Resnik method

 Resnik: 衡量两个词的共性为
 两个词节点的最低共同祖先节点的信息内容(info 

content)

 simresnik(c1,c2) = -log P(LCS(c1,c2))

 共同祖先节点在层次结构中位置越低，相似性越大
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其他语义词典-VerbOcean
 VerbOcean is a broad-coverage semantic 

network of verbs
 3,477 unique verbs
 Unrefined 22,306 relations
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中文语义词典
 同义词词林

 总词汇量仅5.3万多

 哈工大扩展版包含77，458条词语

 中文概念辞书(CCD)
 基于WordNet框架

 知网(HowNet)
 揭示概念与概念之间以及概念所具有的属性之间的关

系
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中文语义词典
 知网(HowNet)
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语义词典方法的缺点
 对于很多语言并没有好用的语义词典

 有些词不被语义词典所包含：实体、新词…

 大部分方法依赖于上下位层次关系:
 限于名词，对于形容词和动词并不完善
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基于语料统计的词语相似度

 A bottle of tezgüino is on the table

 Everybody likes tezgüino
 Tezgüino makes you drunk

 We make tezgüino out of corn.

 Intuition: 
 人们从词的上下文中就能推测出tezgüino的意义

 Basic idea: 两个词语如果出现在相似的上下文中，
那么它们相似。
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基于语料统计的词语相似度
 用上下文特征向量表示词语

 基于向量距离/相似度公式进行计算

 两个词语向量相似，那么这两个词相似
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维基百科(Wikipedia)

235

 Wikipedia 用一篇文章描述一个概念
 > 4,072,164 content articles, and 28,400,722 pages.

 每篇文章属于至少一个类别

 类别以层次式组织

 文章之间的超链接反映了它们之间的语义关系
 Equivalence (synonymy), hierarchical (hyponymy), 

association

 Redirect hyperlinks , Disambiguation page , 
Association hyperlinks

Redirect hyperlinks
Disambiguation hyperlinks

Associations hyperlinks



基于Wikipedia的语义计算

236

 两类方法
 将Wikipedia看作语义“词典”，可提取出词语之间

的多种关系；
 Wikionary:  a free lexical database in every language

 >2,614,209 entries with English definitions from 
over 400 languages

 将Wikipedia作为语料，进行统计分析
 ESA - Explicit Semantic Analysis



北京大学语言计算与互联网挖掘研究室

Wikipedia-based Explicit 
Semantic Analysis

北京大学语言计算与互联网挖掘研究室237



Wikipedia-based Explicit 
Semantic Analysis

238

 根据词语在维基概念对应文章中是否出现，每个词
由一个维基概念向量表示. 



基于Web Search的词汇语义计算

239

 利用搜索引擎返回结果计算词汇之间共现关系
 “A and B”

 HITS(Page Count)

 Snippets



基于Web Search的词汇语义计算

240

 基于检索页面数量的方法，例如

 基于检索结果Snippet相似度的方法
 每个词语由其检索结果摘要构成一个特征向量，计算

向量相似度值

 基于多特征融合的方法
 综合考虑检索页面数量，自定义模式等特征，进行自

动分类



词义消岐
 词义消岐(Word Sense Disambiguation) : 为一

个词语从预先设定的词义项集中选择一个词义
 词义项集来自与词典或知识库

 基于知识的方法 & 监督学习的方法

 词义区分(Word Sense Discrimination)：在没
有预定义的词义项集的情况下，将一个词语的使用
划分为不同意义项
 无监督方法
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词语歧义
 The fisherman jumped off the bank and into the water. 

(河岸)

 The bank down the street was robbed! (银行)

 Back in the day, we had an entire bank of computers 
devoted to this problem.  (排)

 The bank in that road is entirely too steep and is really 
dangerous. (斜坡)

 The plane took a bank to the left, and then headed off 
towards the mountains. (倾斜飞行，倾斜转弯)
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WSD任重而道远
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实际应用
 机器翻译(Machine Translation)

 Translate “bank” from English to Chinese 
 Is it a “银行” or a “河堤”?

 信息检索(Information Retrieval)
 Find all Web Pages about “cricket” (蟋蟀/板球)

 The sport or the insect?

 智能问答(Question Answering)
 What is George Miller’s position on gun control?

 The psychologist or US congressman?

 知识获取(Knowledge Acquisition)
 Add to KB: Herb Bergson is the mayor of Duluth.

 Minnesota or Georgia?
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互联网信息摘要



信息摘要的重要性
É 我们进入一个信息爆炸的时代
É 据IDC统计，互联网数据量已跃至ZB级

别（1ZB=240GB），预计2020年达到
35ZB

É 搜索引擎不能有效解决信息过载的
问题
É 相关信息过多：冗余、片面、杂质

É 移动设备的普及使用
É 屏幕小、网络带宽低等特点需要新的信

息浏览与阅读方式
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信息摘要技术

249

对海量内容进行提炼与总结，以简洁、直观
的摘要来概括用户所关注的主要内容，方便
用户快速了解与浏览海量内容。

数据

摘要

10%

50%

100%

ῇ
₴



摘要技术回顾

É 早期论文
É Luhn. The Automatic Creation of Literature Abstracts 

(1958)

É 研究50多年，取得一定进展，但仍不能令人满意

É 困难在哪里？
É 与人工智能、自然语言理解其他任务类似

É 机器写摘要 vs. 专家写摘要

É 代表性系统
É NewsInEssence by University of Michigan

É NewsBlaster by Columbia University
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摘要技术回顾

É 传统摘要任务
É 单文档摘要

É 对单篇文档进行摘要

É 多文档摘要

É 对文档集进行摘要

É 查询相关的多文档摘要

É 给定查询描述，对文档集生成查询相关的摘要
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摘要技术回顾

É 相关评测
É DUC

É NIST组织，2000-2007

É 主要任务(传统)：单文档、多文档、查询相关摘要

É TAC Summarization Track

É NIST组织，2008-2011

É 主要任务(新型)：

É Update Summarization

É Opinion Summarization

É Guided Summarization

É AESOP(摘要自动评价)

É NTCIR-9～10: 1click (新型)

É TREC2013: Temporal Summarization Track (新型)
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摘要技术回顾

É 主要摘要方法
É 抽取式

É 实现简单

É 基于启发式规则

É 句子位置、句子TFIDF、线索词等

É 基于机器学习 (Summly采用)

É 句子分类、序列标注、句子排序等

É 生成式

É 难度大，更接近摘要的本质

É 句子压缩

É 句子重构

É 句子融合
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小明通过了考试，小青也通过了考试。
=>小明和小青都通过了考试。



摘要技术回顾
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摘要技术回顾
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É 目前总体性能不高，需要方法上
的突破

É 参考TAC2011摘要任务A评测结
果

É 右图：ROUGE-2

É 下图：人工评分Responsiveness (0~5分)



互联网文本大数据的特性

É 大数据的3V共性
É 规模巨大
É 类型多样
É 新闻、网页、论文、电子邮件、书籍、微博等等

É 时效性强

É 文本大数据的其他特性
É 多语言性
É 观点性
É …

256

上述特性给信息摘要技术带来了全新的挑战与机遇。



面向文本大数据的新型摘要技术

É 大数据的3V共性
É 规模巨大
É 类型多样 => 针对特定类型的摘要、联合摘要
É 时效性强 => 演化式摘要

É 文本大数据的其他特性
É 多语言性 => 跨语言摘要
É 观点性 => 观点摘要、比较式摘要
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针对特定类型的摘要与联合摘要

É 学术文献摘要(ACL08、ACL10)
É Related work generation
É Survey generation

É 电子邮件摘要(WWW07)

É 书籍摘要(EMNLP2007)

É 新闻与社交媒体文本的混合摘要(SIGIR2011、CIKM2012)
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针对特定类型的摘要与联合摘要

259

Gao, Wei, Peng Li, and Kareem Darwish. "Joint topic modeling for event 

summarization across news and social media streams." CIKM-2012.



演化式摘要

260

Yan, Rui, Xiaojun Wan, Jahna Otterbacher, Liang Kong, Xiaoming Li, 

and Yan Zhang. "Evolutionary timeline summarization: a balanced 

optimization framework via iterative substitution." SIGIR-2011.



演化式摘要

261
Yan, Rui, Xiaojun Wan, Mirella Lapata, Wayne Xin Zhao, Pu-Jen Cheng, and Xiaoming Li. 

"Visualizing timelines: Evolutionary summarization via iterative reinforcement between text and 

image streams.” CIKM-2012.



跨语言摘要

262

É 为英文文档集生成中文摘要
É 机器翻译效果不好

机器翻译质量预
测 句子重要性评估

英文摘要抽取

英文-中文机器翻译

重要程度值

英文摘要

翻译质量值

英文句子

中文摘要



跨语言摘要
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É 为英文文档集生成中文摘要

Wan, Xiaojun, Huiying Li, and Jianguo Xiao. "Cross-language document summarization based on 

machine translation quality prediction."  ACL-2010.



 Summaries of C-CoRank for “Liu Xiaobo’s Nobel Prize”

the opposition and accuse of 

Liu Xiaobo's Nobel Prize 

the support of Liu Xiaobo's

Nobel Prize and China’s arrest 

of Liu Xiaobo

多语言差异性摘要

Wan, Xiaojun, Houping Jia, Shanshan Huang, and Jianguo Xiao. "Summarizing the differences in 

multilingual news." SIGIR-2011.
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观点摘要

265

Feature Based Summary:

Feature1: Touch screen

Positive: 212

 The touch screen was really cool. 

 The touch screen was so easy to use and can do 
amazing things. 

…

Negative: 6

 The screenis easily scratched.

 I have a lot of difficulty in removing finger 
marks from the touch screen. 

… 

Feature2: battery life

…

Note: We omit opinion holders

Hu, Minqing, and Bing Liu. "Mining and summarizing customer reviews.” , KDD-2004.



观点摘要

266 Meng, Xinfan, Furu Wei, Xiaohua Liu, Ming Zhou, Sujian Li, and Houfeng Wang. "Entity-centric 

topic-oriented opinion summarization in twitter”, KDD-2012.



比较式摘要

Comparison of 

reviews of 

Cell Phone 1 

Cell Phone 2

_

+

267 Liu, Bing, Minqing Hu, and Junsheng Cheng. "Opinion observer: analyzing and comparing opinions 

on the web.” , WWW-2005.



新型摘要技术的主要思路

É 基于已有摘要方法，思考新问题的特点，找出新的线索/特
征，构建新的摘要框架

É 举例
É 基于引用描述(citing sentence)的科技论文摘要
É 原理：一篇论文P被其他多篇论文引用和描述，利用其他论文中的

描述来对该论文P进行摘要；

É 基于最优求解的比较式摘要
É 最优函数有三部分组成：1. 对文档集A的摘要函数； 2： 对文档集

B的摘要函数； 3： 两个摘要可比性/关联性函数；
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信息摘要技术的发展趋势

É 对信息摘要的新需求将越来越多，对信息摘要的研究将更
加发散

É 数字出版

É 移动互联网
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信息摘要技术的发展趋势

É 与人机交互技术相结合（尤其是对于移动阅读）

É Summly的成功不仅仅依赖于新闻摘要技术，而是提供了一种更方
便的新闻浏览与阅读方式
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信息摘要技术的发展趋势

É 与可视化技术相结合

É “一图胜千言”

É 摘要不仅仅包括文字文本，还可以包括图形图像

271



Acknowledgements

北京大学语言计算与互联网挖掘研究室272

 Some slides were taken or adapted from related slides 
written by Raymond Mooney, Lucas Champollion, Rohit
Kate, Scott Yih, Kristina Toutanova, Stina Ericsson, 
George A. Miller, Cosmin Adrian Bejan, Marian Olteanu, 
Giuseppe Carenini, Pu Wang, Keith Trnka, Danushka
Bollegala, Ted Pedersen, Rada Mihalcea, Chengqing Zong, 
etc. Thank them for sharing their slides.



敬请各位批评指正！

273

QA: wanxiaojun (AT) pku.edu.cn


