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Yoshua Bengio. Deep Learning of Representations. AAAI 2013 Tutorial.

深度学习 = 数据表示 + 网络框架 +学习优化



词汇表示代表方案
• 1-hot representation: basis of Bag-of-Word 

Model

sun
[0, 0, 0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0, …]
[0, 0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0, 0, …]

star

sim(star, sun) = 0



词汇表示代表方案
• Count-based distributional representation
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Distributional Semantics in a nutshell

Construct vector representations

shining bright trees dark look
stars 38 45 2 27 12

Similarity in meaning as vector similarity

• stars
• sun

• cucumber



词汇表示最新方案
• Distributed Representation (Word Embeddings)
• 每个词被表示成稠密、实值、低维向量



表示学习的理论基础
• 类脑学习机制

• 人脑的学习能力
–信号传输慢 vs 计算速度快

–处理能力强 vs 能量消耗低
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表示学习的理论基础

真实世界

认知世界

Discrete

Continuous
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表示学习的理论基础

Hierarchy

Hierarchy
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真实世界

认知世界



表示学习的主要思想
• 分布式（Distributed）表示
–嵌入（Embeddings）
–稠密、实值、低维向量

• 层次（ Hierarchical ）结构
–对应层次的真实世界
–具有抽象和泛化能力
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分布式表示的优势
• 解决大数据NLP的数据稀疏问题
• 实现跨领域、跨对象的知识迁移
• 提供多任务学习的统一底层表示
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统一语义空间
词法分析

句法分析

语义分析

词汇

句子

文档

知识



无结构文本

词汇表示

实体表示

NLP任务：标注、分析、理解

词义表示 句子表示
知识表示

短语表示 文档表示
网络表示



无结构文本

词汇表示

实体表示

NLP任务：标注、分析、理解

词义表示 句子表示
知识表示

短语表示 文档表示
网络表示



分布式表示代表模型

Neural
Language

Model

Yoshua Bengio. A neural probabilistic language model. JMLR 2003.



分布式表示代表模型

word2vec

Tomas Mikolov et al. Distributed representations of words and phrases and their compositionality. NIPS 2013.



词汇表示用于词汇相似度计算



词汇表示发现词汇间的隐含关系

W(‘‘China“) − W(‘‘Beijing”)	≃W(‘‘Japan“) − W(‘‘Tokyo")



词汇表示发现词汇语义层级

Fu, Ruiji, et al. Learning semantic hierarchies via word embeddings. ACL 2014.



分布式表示建立跨语言词汇联合表示

Zou, Will Y., et al. Bilingual word embeddings for phrase-based machine translation. EMNLP 2013.



分布式表示建立视觉-文本联合表示

Richard Socher, et al. Zero-Shot Learning Through Cross-Modal Transfer. ICLR 2013.



Re-search, Re-invent

SVD

Distributional Representation

Neural
Language
Models

word2vec ≃ MF

Levy and Goldberg. Neural word embedding as implicit matrix factorization. NIPS 2014.



词汇语义变迁研究

21

William L. Hamilton, Jure Leskovec, and Dan Jurafsky. ACL 2016. Diachronic Word 
Embeddings Reveal Statistical Laws of Semantic Change.



词汇语义变迁研究

22刘知远等. 词汇语义变化与社会变迁定量观测与分析.语言战略研究, 2016年.



语言分布式表示在大脑中的体现
• 来自认知科学的研究成果，利用分布式表示绘

制词汇大脑地图

23

• 作者：Jack L. Gallant等
• 单位：美国加州伯克利⼤学
• 将985个常⻅英语词汇的对应

⼤脑区域画了出来。7名志愿
者躺在功能性核磁共振(fMRI)
中两个多⼩时，过程中给他们
播放The Moth Radio Hour有
⼀万多字的故事

• 注：Thomas L. Griffiths是LDA
Gibbs Sampling算法发明者

Huth, Alexander G., Wendy A. de Heer, Thomas L. Griffiths, et al. Natural speech reveals the 
semantic maps that tile human cerebral cortex. Nature 532, no. 7600 (2016): 453.



语言分布式表示在大脑中的体现
• 来自认知科学的研究成果，利用分布式表示绘

制词汇大脑地图
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• 词汇们分布在⼤脑四周，没有
绝对的语⾔区域

• 意义相关的词语所激活的⼤脑
区域相似

• 与词义对应的⼤脑区域呈双脑
对称，这与过去⼀直以为的
「左脑负责语义」的认识相悖

• 这份⼤脑词汇地图在⼈与⼈之
间⼀致性很⾼

Huth, Alexander G., Wendy A. de Heer, Thomas L. Griffiths, et al. Natural speech reveals the 
semantic maps that tile human cerebral cortex. Nature 532, no. 7600 (2016): 453.



基于词汇表示的人类偏见研究
• 2017年Science发表论文指出，文本语料库包含

可重现且准确的偏见印记，并能够被机器习得
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基于词汇表示的人类偏见研究
• 论文指出，文本语料库包含可

重现且准确的偏见印记，并能
够被机器习得

• 心理实验：内隐测试，反应延
迟时间之差
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基于词汇表示的人类偏见研究
• 论文指出，文本语料库包含可重现且准确的偏

见印记，并能够被机器习得
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字符与词汇表示的联合学习模型

28

Xinxiong Chen, Lei Xu, Zhiyuan Liu, Maosong Sun, Huanbo Luan. Joint Learning of
Character and Word Embeddings. International Joint Conference on Aritificail
Intelligence(IJCAI'15).



问题介绍

29

一般词向量对于新词和罕见词无法得到好的表示

学习 学霸

种猪 种牛

新词

罕见词
猪

瘦肉型
饲养

自觉
学好
学生

肉牛
基地
攀西



解决思路

30

使用词汇内部的字符信息（向量）来加强表示

新词

罕见词

学习 学习 学 习+ +

学霸 学 霸+

种牛 种牛 种 牛+ +



模型介绍
• 提出Character-enhanced word embedding(CWE)
• CWE可与已有各种框架(下为CBOW)进行融合
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字的歧义
• 在中文中一个字可能包含有多种意思，针对字

的歧义问题提出三种模型
• 第一种模型考虑位置信息

32



字的歧义
• 第二种将字的意思分为K类

• 第三种是动态决定每个字有多少意思
33



示例
• 字向量的k近邻
–基于位置：B和E分别代表词首(Begin)和词尾(End)
–基于聚类：I和II分别代表“道”的两种不同意思

34



实验：词相似度
• Wordsim240和Wordsim296
–分别包含240和296个词对及对应人工相似度打分
–用Spearman系数计算与人工打分的相关程度

35



实验：类比
• 人工建立1125个四元类比对
–男人：女人 : : 父亲：母亲
–给定三个词，猜第四个词，计算回答的准确率

36



无结构文本

词汇表示

实体表示

NLP任务：标注、分析、理解

词义表示 句子表示
知识表示

短语表示 文档表示
网络表示



面向一词多义的词汇表示模型

38

Xinxiong Chen, Zhiyuan Liu, Maosong Sun. A Unified Model for Word Sense
Representation and Disambiguation. The Conference on Empirical Methods in
Natural Language Processing (EMNLP'14).



面向一词多义的词汇表示模型

39

传统单一词向量无法解决一词多义问题

He sat on the bank of the lake



面向一词多义的词汇表示模型

40

解决方案：为不同词义学习不同向量

He sat on the bank of the lake



Multiple Prototype Methods

Overview Entailment in vector space Shallow neural nets Lexical ambiguity Conclusion Refs.

Sense disambiguation via clustering

mantic similarity of both isolated words and words
in context. The approach is completely modular, and
can integrate any clustering method with any tradi-
tional vector-space model.

We present experimental comparisons to human
judgements of semantic similarity for both isolated
words and words in sentential context. The results
demonstrate the superiority of a clustered approach
over both traditional prototype and exemplar-based
vector-space models. For example, given the iso-
lated target word singer our method produces the
most similar word vocalist, while using a single pro-
totype gives musician. Given the word cell in the
context: “The book was published while Piasecki
was still in prison, and a copy was delivered to his
cell.” the standard approach produces protein while
our method yields incarcerated.

The remainder of the paper is organized as fol-
lows: Section 2 gives relevant background on pro-
totype and exemplar methods for lexical semantics,
Section 3 presents our multi-prototype method, Sec-
tion 4 presents our experimental evaluations, Section
5 discusses future work, and Section 6 concludes.

2 Background

Psychological concept models can be roughly di-
vided into two classes:

1. Prototype models represented concepts by an
abstract prototypical instance, similar to a clus-
ter centroid in parametric density estimation.

2. Exemplar models represent concepts by a con-
crete set of observed instances, similar to non-
parametric approaches to density estimation in
statistics (Ashby and Alfonso-Reese, 1995).

Tversky and Gati (1982) famously showed that con-
ceptual similarity violates the triangle inequality,
lending evidence for exemplar-based models in psy-
chology. Exemplar models have been previously
used for lexical semantics problems such as selec-
tional preference (Erk, 2007) and thematic fit (Van-
dekerckhove et al., 2009). Individual exemplars can
be quite noisy and the model can incur high com-
putational overhead at prediction time since naively
computing the similarity between two words using
each occurrence in a textual corpus as an exemplar
requires O(n2) comparisons. Instead, the standard

... chose Zbigniew Brzezinski 
for the position of ...
... thus the symbol s position 
on his clothing was ...
... writes call options against 
the stock position ...
... offered a position with ...
... a position he would hold 
until his retirement in ...
... endanger their position as 
a cultural group...
... on the chart of the vessel s 
current position ...
... not in a position to help...

(cluster#2) 
post
appointme
nt, role, job

(cluster#4) 
lineman, 
tackle, role, 
scorer

(cluster#1) 
location
importance 
bombing

(collect contexts) (cluster)

(cluster#3) 
intensity, 
winds, 
hour, gust

(similarity)

single
prototype

Figure 1: Overview of the multi-prototype approach
to near-synonym discovery for a single target word
independent of context. Occurrences are clustered
and cluster centroids are used as prototype vectors.
Note the “hurricane” sense of position (cluster 3) is
not typically considered appropriate in WSD.

approach is to compute a single prototype vector for
each word from its occurrences.

This paper presents a multi-prototype vector space
model for lexical semantics with a single parame-
ter K (the number of clusters) that generalizes both
prototype (K = 1) and exemplar (K = N , the total
number of instances) methods. Such models have
been widely studied in the Psychology literature
(Griffiths et al., 2007; Love et al., 2004; Rosseel,
2002). By employing multiple prototypes per word,
vector space models can account for homonymy,
polysemy and thematic variation in word usage.
Furthermore, such approaches require only O(K2)
comparisons for computing similarity, yielding po-
tential computational savings over the exemplar ap-
proach when K � N , while reaping many of the
same benefits.

Previous work on lexical semantic relatedness has
focused on two approaches: (1) mining monolin-
gual or bilingual dictionaries or other pre-existing
resources to construct networks of related words
(Agirre and Edmond, 2006; Ramage et al., 2009),
and (2) using the distributional hypothesis to au-
tomatically infer a vector-space prototype of word
meaning from large corpora (Agirre et al., 2009;
Curran, 2004; Harris, 1954). The former approach
tends to have greater precision, but depends on hand-

110

Reisinger and Mooney 2010b

• Cluster the contexts for each
word using a standard centroid
algorithm.

• Label each token with its
cluster’s index.

• Construct word representations
for this new vocabulary.

See also Schütze 1998; Pantel 2003; Reisinger and Mooney 2010a

37 / 44

J. Reisinger and R. Mooney. Multi-prototype vector-space models of word meaning. HLT-NAACL 2010.
E Huang, et al. Improving word representations via global context and multiple word prototypes. ACL 2012.



Nonparametric Methods

Neelakantan et al. Efficient Non-parametric Estimation of Multiple Embeddings per Word in Vector Space. EMNLP
2014.

Figure 1: Architecture of the Skip-gram model
with window size Rt = 2. Context ct of word
wt consists of wt�1, wt�2, wt+1, wt+2.

The vector representation of the context is the av-
erage of its context words’ vectors. For every word
type, we maintain clusters of its contexts and the
sense of a word token is predicted as the cluster
that is closest to its context representation. After
predicting the sense of a word token, we perform
a gradient update on the embedding of that sense.
The crucial difference from previous approaches
is that word sense discrimination and learning em-
beddings are performed jointly by predicting the
sense of the word using the current parameter es-
timates.

In the MSSG model, each word w 2 W is
associated with a global vector vg(w) and each
sense of the word has an embedding (sense vec-
tor) vs(w, k) (k = 1, 2, . . . ,K) and a context clus-
ter with center µ(w, k) (k = 1, 2, . . . ,K). The K
sense vectors and the global vectors are of dimen-
sion d and K is a hyperparameter.

Consider the word wt and let ct =
{wt�Rt , . . . , wt�1, wt+1, . . . , wt+Rt} be the
set of observed context words. The vector repre-
sentation of the context is defined as the average
of the global vector representation of the words in
the context. Let vcontext(ct) = 1

2⇤Rt

P
c2ct vg(c)

be the vector representation of the context ct. We
use the global vectors of the context words instead
of its sense vectors to avoid the computational
complexity associated with predicting the sense
of the context words. We predict st, the sense
of word wt when observed with context ct as
the context cluster membership of the vector

Word Sense 
Vectors

v(wt,2)

vg(wt+2)

Context   
Vectors

vg(wt+1)

 vg(wt-1)

vg(wt-2)

Average Context 
Vector

Context Cluster 
Centers

v(wt,1)

v(wt,3)Predicted 
Sense st

μ(wt,1)

vcontext(ct)

 

 

 

μ(wt,2)

μ(wt,3) 

Context   
Vectors

vg(wt+2)

vg(wt+1)

vg(wt-1)

vg(wt-2)

Figure 2: Architecture of Multi-Sense Skip-gram
(MSSG) model with window size Rt = 2 and
K = 3. Context ct of word wt consists of
wt�1, wt�2, wt+1, wt+2. The sense is predicted by
finding the cluster center of the context that is clos-
est to the average of the context vectors.

vcontext(ct) as shown in Figure 2. More formally,

st = argmax
k=1,2,...,K

sim(µ(wt, k), vcontext(ct)) (3)

The hard cluster assignment is similar to the k-
means algorithm. The cluster center is the aver-
age of the vector representations of all the contexts
which belong to that cluster. For sim we use co-
sine similarity in our experiments.

Here, the probability that the word c is observed
in the context of word wt given the sense of the
word wt is,

P (D = 1|st,vs(wt, 1), . . . , vs(wt,K), vg(c))

= P (D = 1|vs(wt, st), vg(c))

=
1

1 + e�vs(wt,st)T vg(c)

The probability of not observing word c in the con-
text of wt given the sense of the word wt is,

P (D = 0|st,vs(wt, 1), . . . , vs(wt,K), vg(c))

= P (D = 0|vs(wt, st), vg(c))

= 1� P (D = 1|vs(wt, st), vg(c))

Given a training set containing the sequence of
word types w1, w2, ..., wT , the word embeddings
are learned by maximizing the following objective



词义消歧与词义表示联合建模

Jobs Founded Apple

WSD

WSR

Chen Xinxiong, et al. A Unified Model for Word Sense Representation and Disambiguation. EMNLP 2014.



模型介绍
• 首先，用word2vec技术学习单一词汇表示
• 然后，将WordNet作为词义来源，用gloss

words中词汇向量的平均值作为词义的初始向量

44

bank1

bank2

sloping land (especially the
slope beside a body of water)

a financial institution that
accepts deposits and
channels the money into
lending activities



模型介绍
• 利用词义向量对大规模数据进行词义消歧

45

He sat on the bank1 of the lake

bank1 bank2



词义消歧与词义表示联合建模
• 利用消歧结果学习更新词义向量

46

input

projection

output

bank1

on the of lakesat thesat1 lake1



示例

47

Word or Sense Nearest neighbors
bank banks, IDBI, CitiBank
bank1 river, slope, Sooes
bank2 mortgage, lending, loans

star stars, stellar, trek
star1 photosphere, radiation, gamma-rays
star2 someone, skilled, genuinely

plant plants, glavaticevo, herbaceous
plant1 factories, machinery, manufacturing
plant2 locomotion, organism, organisms



实验：特定领域词义消歧
• 体育与金融领域
–将句子中指定的词消歧到WordNet义项上
–共41个词，每个词对应约100个待消歧句子
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Algorithm Sports Recall Finance Recall
Random BL 19.5 19.6

MFS BL 19.6 37.1
k-NN 30.3 43.4

Static PR 20.1 39.6
Personalized PR 35.6 46.9

Degree 42.0 47.8
Our Model 57.3 60.6



实验：全文词义消歧
• SemEval2007
–为5篇文章进行全文消歧，共包括2269个待消歧词，

其中名词1108个

49

Algorithm Type Nouns F1 All F1
Random BL U 63.5 62.7

MFS BL Semi 77.4 78.9
SUSSX-FR Semi 81.1 77.0
NUS-PT S 82.3 82.5

SSI Semi 84.1 83.2
Degree Semi 85.5 81.7

Our Model U 81.6 75.8
Our Model Semi 85.3 82.6



实验：上下文敏感的词汇相似度计算
• SCWS数据集
–共有2003个词对及其所在句子，计算词对的相似度
–用Spearman系数计算与人工标注答案的相关程度

50

Model

C&W-S 57.0
Huang-S 58.6

Huang-M AvgSim 62.8
Huang-M AvgSimC 65.7

Our Model-S 64.2
Our Model-M AvgSim 66.2

Our Model-M AvgSimC 68.9

100´r



融合HOWNET的词义表示学习

51



自然语言特点
• 词汇或汉字是最小使用单位，但不是最小语义

单位

52

词义

义原

词汇

短语

句子

文档

互联网

汉字



义原知识与HowNet
• HowNet是董振东、董强父子毕三十年之功标注

的大型语言知识库，主要面向中文的词汇与概
念标注义原知识

• 秉承还原论思想， 用义原（Sememe）标注词
汇语义，义原顾名思义就是原子语义，即最基
本的、不宜再分割的最小语义单位

• HowNet逐渐构建出一套精细的义原体系（包含
约2000个义原），累计标注了数十万词汇/词义
的语义信息

53



HowNet一瞥
• 每个词义信息用义原标注，每个义原用 英文|中

文 标明
• 义原之间还标记语义关系，如modifier，host，

belong等

54



HowNet一瞥
• 义原知识带有层次结构

55

顶点
(apex)

实体
(entity)

角
(angular)

界限
(Boundary)

最
(most)

高于正常
(GreaterThanNormal)

degree

位置
(location)

点
(dot)

Sense1(acme) Sense2(vertex) 



HowNet特点
• 在自然语言理解方面，更贴近语言本质特点
–义原标注体系是突破词汇屏障，深入了解词汇背后

丰富语义信息的重要通道

56

词义

义原

词汇

短语
句子
文档

互联网

汉字



HowNet特点
• 在融入深度学习方面，具有无可比拟优势
–与WordNet、同义词词林等知识库组织模式不同

– HowNet通过统一义原标注体系直接精准刻画语义
信息。每个义原含义明确固定，可被直接作为语义
标签融入机器学习模型

57

WordNet Synset体系 同义词词林层次类别体系



58

深度学习 义原知识



融合义原知识的词义表示
• 考虑HowNet的词义-义原标注信息，提升词义

表示性能

59

苹果词

苹果品牌 苹果水果词义

义原
可携
带

特定
品牌

水果

HowNet词义-义原标注示例
义原-词义-词汇的联合表示学习模型

（ACL 2017）



实验结果

60

• 在词相似度计算和类比推理任务上的性能得到
显著提升

类比推理任务评测结果，其中SAC、SAT代表两种本工作提出的模型



实验结果
• 能够有效根据上下文信息实现词义消歧

61

例句 词义1：概率 词义2：概率
苹果素有果中王美称 苹果品牌：0.28 苹果水果：0.72

苹果电脑无法正常启动 苹果品牌：0.87 苹果水果：0.13

八支队伍进入第二阶段团体赛 团体：0.90 部队：0.10

公安基层队伍组织建设 团体：0.15 部队：0.85

根据上下文消歧结果示例

上下文词 义原“首都” 义原“古巴”
古巴 0.39 0.42

俄罗斯 0.39 -0.09

雪茄 0.00 0.36

上下文词对“哈瓦那”义原注意力值示例



融合义原知识的神经语言模型
• 语言模型是自然语言处理的核心任务
• NGram是前深度学习时代的代表语言模型，深

度学习框架CNN、RNN即用来学习语言模型
• 马尔科夫性：当前词出现的概率，依赖于上下

文出现的词

62



融合义原知识的神经语言模型
• 传统深度学习语言模型是纯数据驱动模型
• 目标：建立义原知识驱动的语言模型
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深度学习 义原知识



基于语义表示学习的义原推荐
• HowNet等知识库主要依赖人工标注，费时费力
• 义原自动推荐：实现义原知识库与时俱进，提

升标注一致性

65

基于词向量的近邻
协同过滤方法（SPWE）

基于词义-义原矩阵分解的
推荐方法（SPSE）

（IJCAI 2017）



实验结果
• 将两种方法相融合，能够显著提升义原推荐效

果。词性、词频有显著影响。

66

义原推荐效果

不同词性的词汇义原推荐效果 不同词频的词汇义原推荐效果



实验结果
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考虑内部汉字信息的义原推荐

68

• 词汇内部的汉字信息对语义理解具有重要意义，
提出同时考虑内部汉字信息进行义原推荐

（ACL 2018）



实验结果
• 实验证明，考虑内部汉字信息，对于低频词的

义原推荐提升尤为明显
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融合HowNet义原标注的词典扩展
• 以中文LIWC (Linguistic Inquiry and Word Count)

为例，是计算社会科学中的著名词典

70



融合HowNet义原标注的词典扩展
• 以中文LIWC (Linguistic Inquiry and Word Count)

为例，是计算社会科学中的著名词典
• LIWC中包含不到7000词，但中文中至少包括5

万常用词

71

类别名称 英文简写 总词数 范例

认知历程词 cogmech 1255 理解、选择、质疑

洞察词 insight 328 了解、恍然大悟、体会

因果词 cause 128 引起、使得、变成

差距词 discrep 84 不足、纳闷、期待

暂订词 tentat 167 大约、未定、差不多

确切词 certain 145 不容置疑、必然、保证

限制词 inhib 292 废止、不准、规则

包含词 incl 82 包括、附近、添加

排除词 excl 39 取消、但是、除外



融合HowNet义原标注的词典扩展
• 以中文LIWC (Linguistic Inquiry and Word Count)

为例，是计算社会科学中的著名词典
• 可以看做对词汇的层次分类
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融合HowNet义原标注的词典扩展
• Hierarchical Decoder with Sememe Attention

（AAAI 2018）

73

Word 
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实验结果
• 在CLIWC词汇层次分类任务上，我们提出的

HDSA显著优于其他方法
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实验结果
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相关文献
• 下载地址：http://nlp.csai.tsinghua.edu.cn/~lzy/publication.html
• Huiming Jin, Hao Zhu, Zhiyuan Liu, Ruobing Xie, Maosong Sun, Fen Lin, Leyu

Lin. Incorporating Chinese Characters of Words for Lexical Sememe
Prediction. The 56th Annual Meeting of the Association for Computational
Linguistics (ACL 2018).

• Xiangkai Zeng, Cheng Yang, Cunchao Tu, Zhiyuan Liu, Maosong Sun.
Chinese LIWC Lexicon Expansion via Hierarchical Classification of Word
Embeddings with Sememe Attention. The 32nd AAAI Conference on
Artificial Intelligence (AAAI 2018).

• Ruobing Xie, Xingchi Yuan, Zhiyuan Liu, Maosong Sun. Lexical Sememe
Prediction via Word Embeddings and Matrix Factorization. International
Joint Conference on Artificial Intelligence (IJCAI 2017).

• Yilin Niu, Ruobing Xie, Zhiyuan Liu, Maosong Sun. Improved Word
Representation Learning with Sememes. The 55th Annual Meeting of the
Association for Computational Linguistics (ACL 2017).
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基于词向量的组合语义建模

Yu Zhao, Zhiyuan Liu, Maosong Sun. Phrase Type Sensitive Tensor Indexing Model for 
Semantic Composition. AAAI 2015.



问题介绍

• 短语的语义可以由单词的词义组合而成
• 将单词表示进行组合得到高质量的短语表示

+ à

神经 网络 神经网络



• 传统组合模型分别面临准确性低和数据稀疏问题

• 观察：直接将短语合并为长单词，通过词表示学习方法得
到的向量较为合理，但无法对任意可能的短语都进行学习

传统模型问题与解决思路



提出方法
• 三步策略
–提取高频短语
–同时学习单词和现有短语的表示
–训练组合模型

• 使用张量表示组合函数



锚短语

• 通过大规模自然标注，获取确定的短语边界

使用知识库提取出24万个高频短语
(针对三种短语类型: ADJ-N、N-N、V-N)

短语抽取



• 该模型具有良好的可扩展性，可以延伸至句
子、段落的语义表示

模型扩展



实验设置
• 短语间相似度的计算 [Lapata 2010 数据集]
– 324 个短语对 (Adj-N, N-N , V-Obj)

• 评价公式
–对短语p1、p2的向量表示 Vc(p1)、Vc(p2) 计算余弦

相似度

–以人工标注结果为标准答案



实验结果
• 我们的TIM模型与人工标注的相关系数最高



词汇级表示的研究趋势
• 引入外部信息辅助表示学习
–词典自然语言定义
–相关概念图像信息

• 引入人类先验结构化语言知识
–WordNet、HowNet、同义词词林等

• 辅助构建词汇级语言知识库
–知识指导的深度学习模型
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传统网络表示的问题

N个节点的网络 邻接矩阵
需要N×N个元素来表示
稀疏！不利于存储计算



网络表示学习
• 将网络中节点的语义信息表示为低维向量

G=(V,E)

|V|×k

用户分类

链接预测

相似度计算
…

NRL 特征



网络表示学习
• 跆拳道俱乐部社会网络 (k=2)

Perozzi et al. DeepWalk: Online Learning of Social Representations. KDD 2014



DeepWalk



LINE
• 一阶和二阶邻近度

92Tang et al. LINE: Large-scale Information Network Embedding. WWW 2015



LINE
• 一阶邻近度
–由强关系连接的6和7表示应该相近

• 二阶邻近度
–共同邻居多的5和6的表示应该相近
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node2vec
• 随机游走策略
–宽度优先搜索：微观局部信息
–深度优先搜索：宏观全局信息

94Grover and Leskovec, node2vec: Scalable Feature Learning for Networks. KDD 2016



node2vec
• 参数控制的随机游走
–返回概率参数p，对应BFS
–离开概率参数q，对应DFS
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性能比较

Figure 3: Complementary visualizations of Les Misérables co-
appearance network generated by node2vec with label colors
reflecting homophily (top) and structural equivalence (bottom).

also exclude a recent approach, GraRep [6], that generalizes LINE
to incorporate information from network neighborhoods beyond 2-
hops, but does not scale and hence, provides an unfair comparison
with other neural embedding based feature learning methods. Apart
from spectral clustering which has a slightly higher time complex-
ity since it involves matrix factorization, our experiments stand out
from prior work in the sense that all other comparison benchmarks
are evaluated in settings that equalize for runtime. In doing so, we
discount for performance gain observed purely because of the im-
plementation language (C/C++/Python) since it is secondary to the
algorithm. In order to create fair and reproducible comparisons, we
note that the runtime complexity is contributed from two distinct
phases: sampling and optimization.

In the sampling phase, all benchmarks as well as node2vec pa-
rameters are set such that they generate equal samples at runtime.
As an example, if K is the overall sample constraint, then the node2vec
parameters satisfy K = r · l · |V |. In the optimization phase,
all benchmarks optimize using a stochastic gradient descent algo-
rithm with two key differences that we correct for. First, DeepWalk
uses hierarchical sampling to approximate the softmax probabilities
with an objective similar to the one use by node2vec in (2). How-
ever, hierarchical softmax is inefficient when compared with neg-
ative sampling [26]. Hence, keeping everything else the same, we
switch to negative sampling in DeepWalk which is also the de facto
approximation in node2vec and LINE. Second, both node2vec and
DeepWalk have a parameter (k) for the number of context neigh-
borhood nodes to optimize for and the greater the number, the more
rounds of optimization are required. This parameter is set to unity
for LINE. Since LINE completes a single epoch quicker than other
approaches, we let it run for k epochs.

The parameter settings used for node2vec are in line with typ-
ical values used for DeepWalk and LINE. Specifically, d = 128,
r = 10, l = 80, k = 10 and the optimization is run for a single
epoch. (Following prior work [34], we use d = 500 for spec-
tral clustering.) All results for all tasks are statistically significant
with a p-value of less than 0.01.The best in-out and return hyperpa-
rameters were learned using 10-fold cross-validation on just 10%

Algorithm Dataset
BlogCatalog PPI Wikipedia

Spectral Clustering 0.0405 0.0681 0.0395
DeepWalk 0.2110 0.1768 0.1274
LINE 0.0784 0.1447 0.1164
node2vec 0.2581 0.1791 0.1552
node2vec settings (p,q) 0.25, 0.25 4, 1 4, 0.5
Gain of node2vec [%] 22.3 1.3 21.8

Table 2: Macro-F1 scores for multilabel classification on Blog-
Catalog, PPI (Homo sapiens) and Wikipedia word cooccur-
rence networks with a balanced 50% train-test split.

labeled data with a grid search over p, q 2 {0.25, 0.50, 1, 2, 4}.
Under the above experimental settings, we present our results for
two tasks under consideration.

4.3 Multi-label classification
In the multi-label classification setting, every node is assigned

one or more labels from a finite set L. During the training phase, we
observe a certain fraction of nodes and all their labels. The task is
to predict the labels for the remaining nodes. This is a challenging
task especially if L is large. We perform multi-label classification
on the following datasets:

• BlogCatalog [44]: This is a network of social relationships
of the bloggers listed on the BlogCatalog website. The la-
bels represent blogger interests inferred through the meta-
data provided by the bloggers. The network has 10,312 nodes,
333,983 edges and 39 different labels.

• Protein-Protein Interactions (PPI) [5]: We use a subgraph
of the PPI network for Homo Sapiens. The subgraph cor-
responds to the graph induced by nodes for which we could
obtain labels from the hallmark gene sets [21] and represent
biological states. The network has 3,890 nodes, 76,584 edges
and 50 different labels.

• Wikipedia Cooccurrences [23]: This is a cooccurrence net-
work of words appearing in the first million bytes of the
Wikipedia dump. The labels represent the Part-of-Speech
(POS) tags as listed in the Penn Tree Bank [24] and inferred
using the Stanford POS-Tagger [37]. The network has 4,777
nodes, 184,812 edges and 40 different labels.

All our networks exhibit a fair mix of homophilic and structural
equivalences. For example, we would expect the social network
of bloggers to exhibit strong homophily-based relationships, how-
ever, there might also be some ‘familiar strangers’, that is, bloggers
that do not interact but share interests and hence are structurally
equivalent nodes. The biological states of proteins in a protein-
protein interaction network also exhibit both types of equivalences.
For example, they exhibit structural equivalence when proteins per-
form functions complementary to those of neighboring proteins,
and at other times, they organize based on homophily in assisting
neighboring proteins in performing similar functions. The word co-
occurence network is fairly dense, since edges exist between words
cooccuring in a 2-length window in the Wikipedia corpus. Hence,
words having the same POS tags are not hard to find, lending a high
degree of homophily. At the same time, we expect some structural
equivalence in the POS tags due to syntactic grammar rules such as
determiners following nouns, punctuations preceeding nouns etc.

Experimental results. The learned node feature representations
are input to a one-vs-rest logistic regression using the LIBLINEAR
implementation with L2 regularization. The train and test data is
split equally over 10 random splits. We use the Macro-F1 scores
for comparing performance in Table 2 and the relative performance
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相关资源

• NRL Papers:
– https://github.com/th

unlp/NRLPapers

• OpenNE
– https://github.com/th

unlp/OpenNE
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网络表示学习与矩阵分解

98

Cheng Yang, Maosong Sun, Zhiyuan Liu, Cunchao Tu. Fast Network Embedding
Enhancement via High Order Proximity Approximation. International Joint
Conference on Artificial Intelligence (IJCAI 2017).



DeepWalk算法和矩阵分解
• 我们从数学上证明了当前最好的网络表示学习

算法DeepWalk等价于矩阵分解
• DeepWalk的矩阵分解形式理解



网络表示学习与矩阵分解的关系
• 构建矩阵M时
–引入的高阶邻近度越多效果越好
–高阶邻近度的计算越精确，节点表示效果越好
–但是计算精确的高阶邻近度复杂度高

100

问题：如何近似计算高阶邻近度矩阵M，同时不提高计算复杂度？



高阶邻近度近似的快速网络表示提升
• 解决思路
–不直接计算构建矩阵M
–而是更新已经训练好的网络表示R，其中A是行归一

化的邻接矩阵：

–定理：如果已经训练好的网络表示R是通过分解最
高阶为K的矩阵得到，那么更新后的表示R’实际上
等价于分解最高阶为K+2的矩阵得到。
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高阶邻近度近似的快速网络表示提升
• 分类实验结果
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高阶邻近度近似的快速网络表示提升
• 链接预测实验结果
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丰富文本信息下的网络表示学习

104

Cheng Yang, Zhiyuan Liu, Deli Zhao, Maosong Sun, Edward Y. Chang Network
Representation Learning with Rich Text Information (IJCAI 2015)



网络结构外部信息

推荐一本书…Xx电影很好看

现实网络中往往存在着丰富的文本信息



研究挑战
• 创新：将网络结构外的文本信息引入网络表示

学习

• 挑战1：已有工作的框架中很难方便引入外部信
息，如DeepWalk (Perozzi et al. KDD 2014)

• 挑战2：需要将网络结构信息和文本信息融为一
个整体，统一建立模型



Text-Associated DeepWalk（TADW）
• 在矩阵分解的基础上，我们设计了Text-

Associated DeepWalk算法：

其中T是收集文本信息得到的TFIDF矩阵，W、H是参数
TADW将W和HT拼接作为2k长度的网络表示



实验结果：Cora
• 我们将网络表示作为节点的特征(feature)，用
SVM算法做分类，测试节点分类正确率



实验结果：Citeseer

“-” indicates TSVM can not converge in 12 hours because of low quality of 
representation (TSVM can always converge in 5 minutes for TADW).



实验结果



举例
• Cora的样例数据
–论文标题: Irrelevant Features and the Subset 

Selection Problem
–论文分组: Theory



语境敏感的网络表示学习

112

Cunchao Tu, Han Liu, Zhiyuan Liu, Maosong Sun. CANE: Context-Aware Network
Embedding for Relation Modeling. The 55th Annual Meeting of the Association for
Computational Linguistics (ACL 2017).



语境感知问题

113

• 节点与邻居节点进行交互时，展现出不同方面

传统NRL简单使边上的两个节点表示相近
不能很好地对具体关系建模



Context-Aware Network Embedding

114

• 根据节点不同邻居，学习不同的向量表示
• 利用文本信息进行相互关注（mutual attention）



Context-Aware Network Embedding
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• 链接预测结果



Context-Aware Network Embedding
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• Mutual Attention



考虑标签的网络表示学习

117

Cunchao Tu, Weicheng Zhang, Zhiyuan Liu, Maosong Sun, Huanbo Luan. Max-
Margin DeepWalk: Discriminative Learning of Network Representation. International
Joint Conference on Artificial Intelligence (IJCAI 2016).



引入标签信息
• 真实世界网络节点往往被标注类别标签

传统NRL是无监督方法，无法考虑标签信息
在预测任务上效果差
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Max-Margin DeepWalk
• 共同训练DW+最大间隔分类器
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Max-Margin DeepWalk
• Max-Margin DeepWalk (MMDW)
–利用MFDW初始化节点表示
–利用标注节点训练SVM
–对于标注节点计算其偏置向量
–重新训练MFDW

使边界支持向量向各自类别移动
让类别之间分类界限更加明显
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Max-Margin DeepWalk
• 节点分类结果
– >5%的提升
–仅用一半训练数据即可达到baseline的分类效果
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Max-Margin DeepWalk
• 节点表示可视化（t-SNE）
– DeepWalk与MMDW
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面向社会关系抽取的网络表示学
习

123

Cunchao Tu, Zhengyan Zhang, Zhiyuan Liu, Maosong Sun. TransNet: Translation-
Based Network Representation Learning for Social Relation Extraction. International
Joint Conference on Artificial Intelligence (IJCAI 2017).



TransNet: Translation-based NRL
• 目前大部分社会网络分析技术忽略了用户间的

关系标签，只考虑关系强弱
• 如何将边上具体的语义信息融合到NRL?
• 如何抽取节点之间具体的关系信息？
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TransNet: Translation-based NRL
• TransNet
–利用知识图谱的概念/实体作为语义标签，对用户关

系进行语义标注。
–基于平移思想自动学习语义标签和用户表示，实现

社会关系抽取
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TransNet: Translation-based NRL
• TransNet
–节点向量与关系向量之间的平移：u+l=v’
–通过Deep-Autoencoder对关系标签集合进行表示及

预测
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TransNet: Translation-based NRL
• 社会关系抽取结果
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TransNet: Translation-based NRL
• 示例
–对于“A. Swami ”不同邻居的关系标签推荐结果
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网络表示学习的应用

129

Cheng Yang, Maosong Sun, Wayne Xin Zhao, Zhiyuan Liu, Edward Chang. A Neural
Network Approach to Joint Modeling Social Networks and Mobile Trajectories. ACM
Transactions on Information Systems (ACM TOIS), 2017.



社交网络和用户轨迹的联合神经模型
• 将社交网络和用户的移动轨迹联合建模
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社交网络和用户轨迹的联合神经模型
• 使用循环神经网络对用户轨迹建模
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社交网络和用户轨迹的联合神经模型
• 以用户表示为基础的整体神经网络模型
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社交网络和用户轨迹的联合神经模型
• 下个地点预测任务实验结果
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社交网络和用户轨迹的联合神经模型
• 下个新地点预测任务实验结果
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社交网络和用户轨迹的联合神经模型
• 朋友推荐任务实验结果
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网络表示的研究趋势
• 探索特殊社会网络表示学习
– Bipartite Networks, Signed Networks, Hetereogeneous

Networks, …
• 大规模网络表示学习
• 探索动态网络下的表示学习
• 改进社会计算典型任务
– 链接预测，社区发现
– 影响力分析，传播预测
– 用户建模，个性推荐

• 知识驱动的社会计算
– 为社会计算引入推理能力
– 提高社会计算的可解释性
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write

head entity tail entityrelation
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结构知识



大规模知识图谱
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1985

Cyc

1990

WordNet

Wikipedia

High-Quality Data
Source
5 million concepts
muilti-lingual
rich structural data:
Infobox，table，
list，category…

2005-2010

HowNet
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维基百科富知识文本
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知识图谱应用：智能问答
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知识图谱应用：搜索引擎



研究问题：知识图谱实体与关系的表示

• 知识图谱包括实体与关系
• 节点代表实体
• 连边代表关系
• 事实可以用三元组表示
– (head, relation, tail):

• 代表知识库
– WordNet: 语言知识
– Freebase: 世界知识



知识图谱研究的挑战问题
• 知识图谱非常稀疏，亟需关系抽取补充知识

• 从文本数据抽取关系：信息抽取任务
• 从知识图谱抽取关系：知识图谱补全

• 研究挑战：如何表示与利用知识图谱中的信息
–高维: 10^5~10^8个实体, 10^7~10^9种关系
–稀疏
–高噪音、不完整

• 研究思路：将知识图谱嵌入到低维向量空间



知识表示学习
• 将知识映射到低维向量空间
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知识表示代表模型

Neural	Tensor	Network	(NTN) Energy	Model



TransE: 将关系表示为平移
• 对每个事实 (head, relation, tail)，将其中的

relation作为从head到tail的平移操作



TransE: 将关系表示为平移
• 对每个事实 (head, relation, tail)，将relation作

为从head到tail的平移操作

优化目标: h + r = t
148



TransE: 将关系表示为平移
• 对每个事实(head, relation, tail)，保证h + r = t

head relation tail

+ =



评价任务：链接预测

WALL-E _has_genre ?

Which genre is the movie WALL-E?



评价任务：链接预测

WALL-E _has_genre

Which genre is the movie WALL-E?

Animation
Computer animation
Comedy film
Adventure film
Science Fiction
Fantasy
Stop motion
Satire
Drama
Connecting



链接预测性能比较

Freebase15K



TransE Examples

153

Entity Tsinghua_University A.C._Milan
1 University_of_Victoria Inter_Milan
2 St._Stephen's_College,_Delhi Celtic_F.C.
3 University_of_Ottawa FC_Barcelona
4 University_of_British_Columbia Genoa_C.F.C.
5 Peking_University Udinese_Calcio
6 Utrecht_University Real_Madrid_C.F.
7 Dalhousie_University FC_Bayern_Munich
8 Brasenose_College,_Oxford Bolton_Wanderers_F.C.
9 Cardiff_University Borussia_Dortmund
10 Memorial_University_of_Newfoundland Hertha_BSC_Berlin



TransE Examples

154

Entity China Barack_Obama Apple
1 Japan George_W._Bush Onion
2 Taiwan Nancy_Pelosi Strawberries
3 South_Korea John_Kerry Avocado
4 Argentina Hillary_Rodham_Clinton Pear
5 North_Korea Al_Gore Cabbage
6 Hungary George_H._W._Bush Broccoli
7 Israel John_McCain Egg
8 Australia Colin_Powell Cheese
9 Iceland Bill_Clinton Bread
10 Hong_Kong Charles_B._Rangel Tomato



TransE Examples

155

Relation /people/person/nationality /location/location/contains
1 /people/person/places_lived /base/aareas/schema/administrative_area/ad

ministrative_children
2 /people/person/place_of_birth /location/country/administrative_divisions
3 /people/person/spouse_s /location/country/first_level_divisions
4 /base/popstra/celebrity/vacations_in /location/country/capital
5 /government/politician/government

_positions_held
/award/award_nominee/award_nominations

6 /people/deceased_person/place_of_
death

/location/administrative_division/capital

7 /olympics/olympic_athlete/country /location/us_county/county_seat
8 /olympics/olympic_athlete/medals_w

on
/base/aareas/schema/administrative_area/ca
pital

9 /music/artist/origin /location/us_county/hud_county_place
10 /people/person/employment_history /award/award_winner/awards_won



TransE Examples
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Head China Barack_Obama
Relation /location/location/adjoin /education/education/institution

1 Japan Harvard_College
2 Taiwan Massachusetts_Institute_of_Technology
3 Israel American_University
4 South_Korea University_of_Michigan
5 Argentina Columbia_University
6 France Princeton_University
7 Philippines Emory_University
8 Hungary Vanderbilt_University
9 North_Korea University_of_Notre_Dame
10 Hong_Kong Texas_A&M_University



TransE Examples

157

Head Stanford_University Apple Titanic

Relation /education/educational_insti
tution/students_graduates /food/food/nutrients /film/film/genre

1 Steven_Spielberg Lipid War_film
2 Ron_Howard Protein Period_piece
3 Stan_Lee Valine Drama
4 Barack_Obama Tyrosine History
5 Milton_Friedman Serine Biography
6 Walter_F._Parkes Iron Film_adaptation
7 Michael_Cimino Cystine Adventure_Film
8 Gale_Anne_Hurd Pantothenic_acid Action_Film
9 Bryan_Singer Vitamin_A Political_drama
10 Aaron_Sorkin Sugar Costume_drama



TransE Examples

158

Head Barack_Obama
Tail Columbia_University
1 /education/education/institution
2 /business/employment_tenure/company
3 /organization/leadership/organization
4 /base/popstra/paid_support/company
5 /location/location/contains
6 /education/education/institution
7 /american_football/player_game_statistics/team
8 /organization/organization_board_membership/organization
9 /music/artist/album
10 /baseball/batting_statistics/team



TransE Examples

159

Head Barack_Obama
Tail United_States_of_America
1 /people/person/nationality

2
/government/politician/government_positions_held./government/govern

ment_position_held/jurisdiction_of_office
3 /people/person/spouse_s./people/marriage/location_of_ceremony

4
/government/politician/government_positions_held./government/govern

ment_position_held/district_represented
5 /people/person/places_lived
6 /base/popstra/celebrity/vacations_in
7 /people/person/place_of_birth

8
/government/political_appointer/appointees./government/government_p

osition_held/jurisdiction_of_office
9 /royalty/monarch/kingdom
10 /people/person/languages



TransE Examples

160

Head Titanic
Tail Drama
1 /film/film/genre
2 /media_common/netflix_title/netflix_genres
3 /film/film/subjects
4 /film/film_cut/type_of_film_cut
5 /film/film_regional_release_date/film_release_distribution_medium
6 /law/inventor/inventions
7 /government/government_position_held/jurisdiction_of_office
8 /tv/tv_program/genre
9 /film/dubbing_performance/language
10 /film/film_film_distributor_relationship/film_distribution_medium



RL4KG面临的三个挑战

• 复杂关系的建模

• 文本与KG的融合

• 对关系路径建模

161



面向复杂关系建模



TransE面临挑战
• 1-to-N, N-to-1, N-to-N关系
– (USA, _president, Obama)
– (USA, _president, Bush)

163

USA

Obama

_president

Bush
+

≈



对复杂关系建模
• 建立与特定关系有关的实体表示

164

TransH TransR

Wang, et al. (2014). Knowledge graph embedding by translating on hyperplanes. AAAI.
Lin, et al. (2015). Learning entity and relation embeddings for knowledge graph completion. AAAI.



TransR：将实体与关系在不同空间中建模

• 对每个事实(head, relation, tail) 保证
– h x W_r + r = t x W_r

• 将实体映射到不同关系的空间，建立平移关系



TransR：将实体与关系在不同空间中建模

• 对每个事实(head, relation, tail) 保证
– h x W_r + r = t x W_r

• 将实体映射到不同关系的空间，建立平移关系

head relation tail

+ =



基于聚类的关系划分



基于聚类的关系划分
• location/location/contains 的不同类型



实验结果：实体预测

+20%



实验结果：关系预测



Examples

171

Head Entity Titanic
Relation /film/film/genre
Model TransE TransH TransR

1 War_film Drama Costume_drama
2 Period_piece Romance_Film Drama
3 Drama Costume_drama Romance_Film
4 History Film_adaptation Period_piece
5 Biography Period_piece Epic_film
6 Film_adaptation Adventure_Film Adventure_Film
7 Adventure_Film LGBT LGBT
8 Action_Film Existentialism Film_adaptation
9 Political_drama Epic_film Existentialism
10 Costume_drama War_film War_film



Examples

172

Head Barack_Obama
Relation /people/person/education
Model TransE TransH TransR

1 Harvard_College University_of_Virginia University_of_Virginia

2
Massachusetts_Institut

e_of_Technology
George_Washington_U

niversity
George_Washington_Uni

versity
3 American_University University_of_Michigan Stanford_University
4 University_of_Michigan Harvard_College Harvard_College
5 Columbia_University Princeton_University Purdue_University

6 Princeton_University University_of_Washing
ton Princeton_University

7 Emory_University Yale_University University_of_Michigan
8 Vanderbilt_University Stanford_University Occidental_College

9
University_of_Notre_D

ame Purdue_University University_of_Maryland,_
College_Park

10 Texas_A&M_University Columbia_University Columbia_University



Examples
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Head University_of_Cambridge
Relation /education/education/student
Model TransE TransH TransR

1 John_Cleese Stephen_Fry David_Attenborough
2 Samuel_Beckett David_Attenborough Stephen_Fry
3 Harold_Pinter Ralph_Vaughan_Williams Stephen_Hawking
4 Virginia_Woolf Alan_Bennett Ralph_Vaughan_Williams
5 Graham_Chapman Francis_Bacon Alan_Bennett
6 Philip_Pullman Julian_Fellowes Julian_Fellowes
7 Ian_McEwan Hugh_Bonneville Ernest_Rutherford
8 Douglas_Adams Graham_Chapman Jonathan_Lynn
9 Terry_Gilliam Miriam_Margolyes Tom_Hollander
10 Richard_Dawkins Stephen_Hawking Chris_Weitz



TransD
• Projection matrices not only related to relation 

but also head/tail entities

174

t2

h1 h1r
Mrhi

Mrti

entity space relation space of r

t3

t1

h2

h3

t1r

h2r
t2r

t3rh3r

Ji,	et	al.	(2015)	Knowledge	Graph	Embedding	via	Dynamic	Mapping	Matrix.	ACL-IJCNLP.



KG2E
• Represent relations / entities with Gaussian 

distribution
• Consider (un)certainties of entities and relations

175

Bill Clinton

Hillary Clinton

spouse

USA
Nationality

Arkansas

Born on

He, et al. (2015) Learning to Represent Knowledge Graphs with Gaussian Embedding. CIKM.



NTN
• NTN models KG with a Neural Tensor Network 

and represents entities via word vectors

176

th

word space entity space

r

Score

Neural 
Tensor

Network

Socher, et al. (2013) Reasoning with neural tensor networks for knowledge base 
completion. NIPS.



小结
• TransE能够很好地处理1-1关系，但无法处理复

杂关系
– 1-N, N-1, N-N 
– TransA，TransD，TransE，TransG，TransH，

TransR, KG2E, TranSparse, Hole

177



文本与KG融合

178



融合文本与知识进行关系抽取
• 基于知识图谱的关系预测

• 基于文本信息的关系预测

179

r ~ t-h

Bill Gates Microsoft

was the co-founder and CEO ofBill Gates Microsoft

Founder



关系抽取效果
• 数据 NYT+FB (Weston et al.2013)



利用CNN进行文本关系抽取

181

Daojian Zeng, Kang Liu, Siwei Lai, Guangyou Zhou, and Jun Zhao. Relation classification via 
convolutional deep neural network. In Proceedings of COLING.
Daojian Zeng,Kang Liu,Yubo Chen,and Jun Zhao. Distant supervision for relation extraction via 
piecewise convolutional neural networks. In Proceedings of EMNLP.



融合文本与知识进行关系抽取

182
Xu Han, Zhiyuan Liu, Maosong Sun. Neural Knowledge Acquisition via Mutual Attention between Knowledge Graph and
Text. The 32th AAAI Conference on Artificial Intelligence (AAAI 2018).



关系抽取结果

183



融合实体描述的知识表示
• 利用实体描述信息提供关于实体的语义信息

184



融合实体描述的知识表示

185

Xie, et al. (2016). Representation Learning of Knowledge Graphs with Entity Descriptions. 
AAAI.



Zero-shot场景下的关系预测
• 对于新实体，根据描述信息有效得到实体表示

186



样例

187

Freddy's Nightmares

Freddy‘s Nightmares is an American 
horror anthology series, …, The pilot 
episode was directed by Tobe Hooper, … 

Horror Drama

Anthology United_States_of_America

/tv/tv_program/genre /tv/tv_program/genre

/tv/tv_program/genre

/tv/tv_program/coun
try_of_origin



样例

188

Freddy's Nightmares

Freddy‘s Nightmares is an American
horror anthology series, …, The pilot 
episode was directed by Tobe Hooper, … 

Horror Drama

Anthology United_States_of_America

/tv/tv_program/genre /tv/tv_program/genre

/tv/tv_program/genre

/tv/tv_program/coun
try_of_origin



融合实体所在句子的知识表示

189



融合实体所在句子的知识表示

190



样例

191



小结
• 文本能够有效辅助知识表示学习
• 纯文本，实体描述等

192



对关系路径建模

Y Lin, Z Liu, M Sun. Modeling Relation Paths for Representation Learning of Knowledge 
Bases, EMNLP 2015.



知识推理
• 目前模型孤立地学习每个事实三元组
• 实际上关系之间存在复杂的关系，涉及关系推

理

父亲 父亲

祖父



知识图谱关系之间存在复杂推理关系



关系路径用于关系抽取
• Path Ranking Algorithm

196Lao, et al. (2011). Random walk inference and learning in a large scale knowledge base. EMNLP.



PTransE：考虑关系路径的TransE



PTransE：考虑关系路径的TransE

198

相加、相乘、RNN



实体预测结果

199

+35%

Lin,	et al.	(2015).	Modeling	Relation	Paths	for	Representation	Learning	of	Knowledge	Bases. EMNLP.



关系预测结果

+10%
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对关系抽取的帮助

201



样例

202

Head Barack_Obama
Relation /education/education/institution
Model TransE PTransE

1 Harvard_College Columbia_University
2 Massachusetts_Institute_of_Technology Occidental_College
3 American_University Punahou_School
4 University_of_Michigan University_of_Chicago
5 Columbia_University Stanford_University
6 Princeton_University Princeton_University
7 Emory_University University_of_Pennsylvania
8 Vanderbilt_University University_of_Virginia
9 University_of_Notre_Dame University_of_Michigan
10 Texas_A&M_University Yale_University



样例

203

Head Stanford_University
Relation /education/educational_institution/students_graduates
Model TransE PTransE

1 Steven_Spielberg Raymond_Burr
2 Ron_Howard Ted_Danson
3 Stan_Lee Delmer_Daves
4 Barack_Obama D.W._Moffett
5 Milton_Friedman Gale_Anne_Hurd
6 Walter_F._Parkes Jack_Palance
7 Michael_Cimino Kal_Penn
8 Gale_Anne_Hurd Kurtwood_Smith
9 Bryan_Singer Alexander_Payne
10 Aaron_Sorkin Richard_D._Zanuck



关系路径样例

204

Relation1 /people/person/place_of_birth
Relation2 /location/administrative_division/country

1 /people/person/nationality
2 /people/person/places_lived./people/place_lived/location
3 /people/person/place_of_birth
4 /music/artist/origin
5 /olympics/olympic_athlete_affiliation/country
6 /government/politician/government_positions_held
7 /base/popstra/vacation_choice/location
8 /people/deceased_person/place_of_death
9 /government/political_appointer/appointees
10 /location/administrative_division/country



关系路径样例

205

Relation1 /location/location/contains
Relation2 /location/location/contains

1 /location/location/contains
2 /location/country/second_level_divisions
3 /location/country/administrative_divisions
4 /location/administrative_division/capital
5 /base/locations/continents/countries_within
6 /base/aareas/schema/administrative_area/administrative_children
7 /location/us_county/hud_county_place
8 /location/country/capital
9 /location/country/first_level_divisions
10 /travel/travel_destination/tourist_attractions



小结
• 关系路径蕴藏重要推理信息
• 未来需要考虑更复杂的推理信息

206

(Obama,	_president,	USA)

(Obama,	_is,	American)



知识表示示范应用



实体对齐
• 在两个异质KG之间，根据少量seed对齐实体，

可实现大量实体对齐
• 分别学习两KG知识表示，建立两者映射关系

208
Hao Zhu,	Ruobing Xie, Zhiyuan Liu,	Maosong Sun.	Iterative	Entity	Alignment	via	Joint	Knowledge Embeddings. International	
Joint	Conference	on	Artificial	Intelligence	(IJCAI	2017).



实体对齐
• 在两个异质KG之间，根据少量seed对齐实体，

可实现大量实体对齐
• 分别学习两KG知识表示，建立两者映射关系
• 实验证明该方案能够有效提升实体对齐效果

209
Hao Zhu,	Ruobing Xie, Zhiyuan Liu,	Maosong Sun.	Iterative	Entity	Alignment	via	Joint	Knowledge Embeddings. International	
Joint	Conference	on	Artificial	Intelligence	(IJCAI	2017).



实体分类
• 对文本实体进行细粒度分类，助力深度分析
• 充分利用KG实体表示，提出知识注意力机制，

建立对上下文的高效建模

210
Ji Xin, Yankai Lin, Zhiyuan Liu, Maosong Sun. Improving Neural Fine-Grained Entity Typing with Knowledge Attention. The
32th AAAI Conference on Artificial Intelligence (AAAI 2018).



实体分类
• 对文本实体进行细粒度分类，助力深度分析
• 充分利用KG实体表示，提出知识注意力机制，

建立对上下文的高效建模
• 显著提升实体分类性能

211
Ji Xin, Yankai Lin, Zhiyuan Liu, Maosong Sun. Improving Neural Fine-Grained Entity Typing with Knowledge Attention. The
32th AAAI Conference on Artificial Intelligence (AAAI 2018).



知识表示的研究趋势
• 大规模知识图谱的快速表示学习
–在线学习、分布式学习

• 融合外部信息的知识表示学习
–利用文本、实体和关系的属性等外部信息
–建立统一的知识表示空间

• 考虑常识信息的知识表示学习与信息抽取
–特定关系的常识信息（如人的结婚年龄、毕业年龄

等）
• 知识表示在信息融合、知识推理中的应用
–跨语言、跨知识库的知识融合
–在低维向量空间中的知识推理

212



开源工具
• 在中文分词、文本分类、关键词抽取、表示学

习等方面开源数十项软件

THULAC： 中文词法分析

THUCTC： 中文文本分类

THUTAG： 关键词抽取与社会标签推荐

KB2E： 知识表示学习

NRE： 神经网络关系抽取

NSC： 神经网络情感分类

MMDW： 最大间隔网络表示学习

https://github.com/thunlp
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开源平台： OpenKE

• 工具包：统一接口，包括TransE 、TransH、
TransR、TransD、RESCAL、DistMult、HolE、
ComplEx等算法的高效实现

• 表示模型：面向WikiData和Freebase两大通用
KG全量数据的预训练好的知识表示模型下载

http://openke.thunlp.org/

214



开源平台： OpenNE

• 工 具 包 ： 统 一 接 口 ， 基 于 TensorFlow 实 现
DeepWalk, LINE, node2vec, GraRep, TADW and
GCN等网络表示学习方法

• 论文清单：及时整理网络表示学习论文清单，
https://github.com/thunlp/nrlpapers

https://github.com/thunlp/OpenNE
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开源平台： OpenNRE

216

https://github.com/thunlp/OpenNRE

• 工具包：统一接口，基于TensorFlow实现不同
的Embedding、Encoder、Selector、Classifier模
块，方便用户使用和扩展

• 论文清单：及时整理网络表示学习论文清单，
https://github.com/thunlp/nrepapers



无结构文本

词汇表示

实体表示

NLP任务：标注、分析、理解

词义表示 句子表示
知识表示

短语表示 文档表示
网络表示



总结
• 分布式表示将研究对象语义信息编码到低维向量空

间中
• 分布式表示可扩展性强，可有效解决数据稀疏问题，

用于跨领域、跨对象的语义计算和知识迁移
• 分布式表示已被广泛应用于汉字、词汇、词义、实

体、短语、句子、文档、网络和知识的表示
• 分布式表示仍有很多开放性问题需要解决
– 如何在深度学习框架引入人类先验知识（如人工标注的

语言和世界知识库）
– 比向量更具表达能力的表示形式
– 对复杂结构信息（如层次树、网络等）的表示学习框架
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推荐书目
• 自然语言处理

219



推荐书目
• 机器学习
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推荐书目
• 深度学习
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推荐书目
• 深度学习+自然语言处理
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推荐书目
• 知识图谱
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谢谢大家，欢迎交流
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http://nlp.csai.tsinghua.edu.cn/~lzy https://github.com/thunlp

liuzy@tsinghua.edu.cn


