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1 课题来源及研究的背景意义

1.1 课题的来源

1.2 课题研究背景及意义

一个词语，无论它是否出现在上下文中，都会有多种理解方式，即词汇的多义性。
出于经济性原则，多义性现象在各种语言中普遍存在，并且早已受到语言学家的关注和
重视 [1-3]。词汇语义学指出，词汇的意义主要由指陈（reference）和内涵意义（sense）构
成，前者表示该词语所指的事物，代表词类为具有具体谈论对象的指陈性名词、代词、
动词等；后者则表示超出所指抽象的意义 [4]，一般由较为抽象的名词（例如希望、热情），
或是具有描述性质的形容词、副词组成。这两个种类构成了词汇多义性的两个方面。

多种因素都会导致词汇多义性，这往往和言语的历史发展相关。词汇语义在诞生之
初一般都具有一个基本义，这往往是一种指陈义。之后言语社团的语言使用者通过联
想、引申等手段，使同一形式的词汇片段产生了不同的意义。使用频繁的、用法固定的
一些意义往往可以脱离上下文，成为该词汇的“永久性”意义，并作为单独一个义项为
词典所吸纳，例如“手足”的身体部位义和兄弟义；另外一些依赖上下文甚至文化背景
则被视作词汇的临时性意义，不同言语社团一般并未达成共识，也不作为单独义项罗列
出来，例如“龙”在东方代表高贵，而在西方代表邪恶。

词汇多义性借由其所在的上下文往往可以得到消解，即得到一个明确的意义。计算
语言学将这一任务定义为词义消歧（Word Sense Disambiguation），并试图通过机器学习
的方法，训练出一个可以自动消歧的模型。常见的词义消歧模型将这一任务定义为多类
分类任务（Multinominal classification），即从所有候选的词义选项中找出一个最佳的词
义类别。分类任务默认词类标签之间是相互独立、语义正交的，这往往与真实的标签分
布不一致；同时它也需要得知词汇的所有候选词义选项，而新兴的、未出现在语义词典
中的词汇往往不具备这一条件。为了解决上述困难，词义消歧可以建模为一个结构化预
测问题1（又被称为“定义建模”（Definition Modeling）），即让生成模型解码出代表意义
的短语或者句子（一串词汇的序列）。尽管生成式建模更加贴近人类的直觉，但是由于
复杂的模型结构，其需要更多的训练数据和训练开销。

词义消歧任务往往只针对实词（即名词、动词、形容词、副词）的“长久性”意义2，
与词汇多义性相关的工程问题还包括：（1）共指消解 (Coreference Resolution)：确定文
本中指向相同实体的名词和代词；（2）命名实体识别（Named Entity Recognition）：确定
文本中所提的专有名词属于哪个实体；（3）隐喻检测（Metaphor Detection）：检测文本
中涉及到隐喻用法的词汇；（4）词汇对译（colexification）：将一种语言的特定词汇翻译

1结构化预测是指模型预测出一个向量型的结构体，例如一个相互依赖的序列，而并非预测出一个标量。
2区别于依赖上下文才可以理解的临时义。
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到另一门语言。其中，前三种涉及到词汇的指陈意义或者临时意义；最后一种体现了跨
语言之间群体对于同一词汇的语义概念划分不一致。
确定词汇在上下文中的语义在计算语言学背景下仍存在很多挑战。以词义消歧任

务为例，受到上下文范围限制或者言语者的主观意图，词汇本身就可能有多种理解（即
“一对多”的任务），这体现了词义选择的不确定性，这种不确定性进而影响到更大单位
——句子的语义理解。另一方面，候选词义并非严格相互正交，而是一个连续统。如何
切分语义的粒度对于类别标签的构建和模型训练影响很大。同时，同一词汇的不同语义
形式在语料库中自然出现的分布并非均匀，一般来说，罕见词义的训练语料远低于常见
语义的，这样会导致模型倾向于常见语义。总体来说，语义相对于词汇是一个不可直接
观测的隐变量，其形式具有连续性、模糊性和主观性。

1.3 形式化定义

假设存在一个词汇空间W，该空间定义为一个概率空间，存在随机变量W 代表某
个单词 wi ∈ W出现，其出现的概率为：P(W = wi)。其中，由 M 个随机变量集合定义
为句子空间 S中的一个随机变量：S = {W1, ...,WM}，其出现的概率记作：P(S = si)，其
中 si = {w1, ...,wM}。此外，定义一个意义空间Z，其空间中的随机变量 Z，为不可直接
观测的隐变量，代表词汇 W 的语义。对于 S 中的每个词汇而言，同样存在一个 m大小
的意义变量集合：S z = {z1, ..., zm}，其中 zi 代表词汇语义，S z 代表句子语义。本研究主
要关注词汇语义 zi。
考虑到多义性的普遍存在，假设意义变量 Z服从多项分布（Multinomial Distribution），

即 Z ∼ PN(p1, ..., pN)，其样本空间表示词汇 w所对应的 N个候选语义。这里出于研究的
方便，本文默认 Z为离散型随机变量，即假定给定一个词汇 w的情形下，可以罗列出它
的所有可能的语义候选项 Zw。进一步地，本文区分它的上下文无关语义集和上下文依
赖语义集，上下文无关语义指狭义的词汇语义，即不需通过上下文就可以判断该词汇的
可能语义，这些语义通常较为固定、永久而常被列入到词典中；上下文依赖语义非常依
赖上下文词汇，一般是临时意义。本文简记 wi 的上下文为 ci = {w1, ...,wi−1,wi+1, ...,wM}。
其中独立语义情形下，Zw 和 c在已知 w的条件下独立，通过如下方式建模语义与词汇
的关系：

P(Zw,w, c) = P(Zw|w, c)P(w, c) = P(Zw|w)P(s). (1)

其中，s = {w, c}。对于上下文依赖语义而言：

P(Zw,w, c) = P(Zw|w, c)P(w, c) = P(Zw|w, c)P(s). (2)

对于 S = s中的特定词汇 wi 而言，其意义变量 Z 的分布常常取决于 wi 所处的环境
集合 E中，本文重点关注的环境包括：

• 文本上下文 ci
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任务名称 wi Z类别 Zw ⊥⊥ c|w E D

词义消歧（判别式） 实词 候选词义集合 3 {ci} 3

词义消歧（生成式） 实词 词汇序列 3 {ci} 7

共指消解 代词 专有名词 7 {ci} 7

命名实体识别 专有名词 专有名词 3 {ci,K} 7

隐喻检测 实词 - 7 {ci,K ,H} 7

词汇对译 源语言实词 目标语言实词 3 {ci,H} 7

表 1不同词汇多义性任务的对比

• 外部知识 K
• 文化心理因素H

其中外部知识 K 又可以细分为语言学知识，包含句法知识、词汇构造等，和外部知识，
例如来自百科中的定义，与其他事物的关联等。通过如下的方式来建模外部环境条件下
的语义、词汇的联合概率分布：

P(z,w|E) = P(z|w,E)P(w|E). (3)

1.3.1 词义消歧任务
词义消歧旨在确定目标词汇在上下文中的意义，其目标词通常为名词、动词、形

容词、副词四大实词类，环境 E通常仅仅涉及上下文 ci。词义消歧任务可以分为两大
类别：判别式和生成式。判别式任务假定存在一部语义词典D，它包含由词汇集W到
语义集 Z的映射。模型需要从所有候选的词义中确定一个最恰当的词义 z ∈ Z，其中
z = maxi P(zi|w, ci)。生成式任务将 z视作一个意义语句，即一个词汇序列 z = {g1, ..., gK}，
目标是建模并解码出最佳的序列，即，max P(g1, ..., gK |w, ci)。本文主要研究词义消歧任
务。

1.3.2 其他任务
与词汇多义性相关的任务在目标词 wi 的类型，词汇语义 Z 的类别，是否为上下

文无关词义集，环境 E 类别，以及是否需要语义词典 D 上都与词义消歧任务有差异，
表 1罗列了具体的差别。

2 国内外在词义消歧上的研究现状及分析

词义消歧任务尽管较为明确，仍有不同的研究侧重点，这与自然语言处理技术的发
展、数据集资源的建设、研究者侧重的角度等都有关系。本节分别介绍用于词义消歧的
常见语料库、知识库、不同分类角度下的词义消歧模型以及它们的表现性能。

- 3 -



清华大学博士资格考试

语料库 文章 语料句子 语料单词 标注 词义种类 词种类3 多义度

Senseval-2 [5] 3 242 5,766 2,282 1,335 1,093 5.4
Senseval-3 [6] 3 352 5,541 1,850 1,167 977 6.8
SemEval-07 [7] 3 135 3,201 455 375 330 8.5
SemEval-13 [8] 13 306 8,391 1,644 827 751 4.9
SemEval-15 [9] 4 138 2,604 1,022 659 512 5.5

SemCor [10] 352 37,176 802,443 226,036 33,362 22,436 6.8
OMSTI [11] - 813,798 30, 441, 386 911,134 3,730 1,149 8.9
WNGC [12] - - 1,621,000 449,000 - - -

OntoNotes [12] - - 1,500,000 - - - -

表 2不同语料库的数量统计对比

2.1 语料库

语料库是指人类自然语言片段的集合，这里的片段和集合一般指句子和文本，它用
来推断模型的参数，使得模型可以生成这些数据。如果模型训练的过程需要监督信号，
文本需要提前标注好真实标签（ground-truth label）。在词义消歧任务中，需要确定待消
歧的目标词，以及它在上下文中的意义，如果目标词为所有的实词（content words），即
名词、动词、形容词和副词，这时称其为全词标注；如果是针对一部分特定的词进行标
注，称其为部分词标注。表 2展示了相关的数量统计对比。

2.1.1 SemCor

英文版的 SemCor [10]是由普林斯顿大学开发的、目前使用规模最大、最为普遍、最
流行的带词义标注的平衡语料库。它是布朗语料库 [13]的一部分，涵盖了新闻、社论、小
说等等的体裁，无论在数量和质量上都可以作为美式书写英语的一个代表 [14]。这一语
料库人工标注了所有的实词的词类和语义，涵盖了 226,040条标注，共 352篇布朗语料
库的文章。其中，语义词典选择了同期的Wordnet 1.4词典 [15]。

2.1.2 OMSTI

OMSTI (One Million Sense-Tagged Instances) [11]是基于WordNet 3.0标注的大规模语
料库，它基于中英互译的句子集 MultiUN [16],利用外部软件（GIZA++ [17]）提取的英汉
词汇对齐信息，半自动化地构建了一个语义标注的语料库。尽管这种方法可能会带来一
些错误的标注，研究者表明在随机抽取的样本中，正确标注率可以达到 83.7%，同时它
的规模更加庞大。

3将每个出现的待标注词如果它们具有相同的原型，就归入一类词。
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2.1.3 WNGC
WNGC (WordNet Gloss Corpus)4将Wordnet中的样例和定义解释部分拼到一起，自

动链接到Wordnet所对应的义项上面，从而形成的一个语义标注语料库。这一语料库主
要通过自动的方式获取，它充分挖掘了WordNet中的词汇信息，不需要任何人工标注。
由于在这一语料库训练不涉及人工标注和监督，因此往往被认为是从知识中进行无监督
学习。这种方法收集的语料库也易于拓展到多语言上，这得益于多语言WordNet的开发
和使用。

2.1.4 OntoNotes
OntoNotes 5.05是由 BBN科技、科罗拉多大学、宾夕法尼亚大学和南加州大学信息

科学研究所共同开发的语料库。它覆盖了多样体裁的文本，包括新闻、手机对话、博客、
新闻博客和脱口秀，支持英文、中文和阿拉伯文三种语言，标注了部分词汇的结构信息
（包含句法结构和论元结构）以及语义信息。其中英文部分（大约 150万英文单词）的
语义标注采用的词典是粗略词义的WordNet。
2.1.5 SemEval
语义评估测试集（SemEval）是在过往的语义评估竞赛中设计的，成为了测试语义

消歧任务的公共测试集。有相关工作 [18]对它们进行了整理。它一般由五次比赛构成，分
别为：（1）Senseval-2 [5]；（2）Senseval-3 [6]的任务 1；（3）SemEval-07 [7]的任务 17；（4）
SemEval-13 [8]的任务 12；（5）SemEval-15 [9]的任务 13。

2.2 知识库

不同于非结构的文本语料库，知识库往往构建不同实体以及它们之间的关系，因此
往往是一个结构化了的图结构，以下分别介绍了常用到的三种知识库，包括 WordNet、
知网和 BabelNet，相关统计量分析可以参照表 3。
2.2.1 WordNet

WordNet [15] 是由普林斯顿大学开发的一个大型结构化知识词典。与普通的学习者
词典不同，它是以同义词集合（Synset）为点、集合间的关系为边，具有图结构的词典。
其中同义词集合代表一个概念，它们拥有相同的义项，通常用一句简短的语句以及少样
的示例进行描述6。这些描述更多体现了非结构化的语言学知识（Linguistic Knowledge）。
同义词集合之间又有不同的语义关系，WordNet列出了如下的关系：（1）上下位关系；（2）
部分-整体关系；（3）相反关系（仅针对形容词）。这些关系由于来自对于所指关系的认
知，往往体现了结构化了的世界知识（World Knowledge）。
由于WordNet的组织格式更加适用于计算处理，研究人员已经开发了超过 60种语

4https://wordnetcode.princeton.edu/glosstag.shtml
5https://catalog.ldc.upenn.edu/LDC2013T19
6同义词之间仍享有完全一样的示例，话语解释和示例共同被称为 gloss.
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知识库 词条数目 同义词集合数量 单义词数量 多义度11

WordNet 3.012 155,287 117,659 101,863 2.50
HowNet13 237,974 14 35,202 15 - -
SyntagNet - 71,025 - -
BabelNet [20] - 22,130,060 - -
BabelNet_EN - 13,964,713 - -

表 3不同类型的知识库的数量统计对比

言的 WordNet7。其中中文词网包括由南洋理工大学计算语言学实验室开发的中文开放
词网 CoW8和台湾大学语言所研发的中文词网9。

2.2.2 知网

知网（HowNet）[19] 最早是由董振东和董强先生在 20世纪 90年代设计和构建的一
部更加适用于中文的语言知识库，它利用常见汉字构建出最小的语义单元（即义原）集
合，并利用它们对十几万的中英文词条进行语义标注。知网作为一个大型知识库，体现
在一方面，义原标注采用了较为结构化的方式来进行，即罗列属性和对应的属性值（或
也称为特征）以及复杂的语义角色关系的方式。10另一方面，2500多个义原概念之间也
存在多种关系，例如上下位关系、同义关系、反义关系、对义关系等。

2.2.3 BabelNet

BabelNet [20]是由罗马第一大学团队开发的、目前规模最大的、覆盖语言最广的知识
库。它以英语WordNet为基础，在原先的英语同义词集合中融入更多异质的语言和百科
资源，包括维基百科、维基数据、维基词典等，利用多语言WordNet、百科的多语表达和
自动翻译技术，覆盖了多达 520种自然语言。相比WordNet仅利用词汇知识，BabelNet
有效利用了世界知识，这包含对概念或者命名实体的知识性描述以及多模态资源（例如
概念对应的图片）的利用，从而有助于建设更加通用的、密集的知识网。

7http://globalwordnet.org/resources/wordnets-in-the-world/
8https://bond-lab.github.io/cow/
9https://lope.linguistics.ntu.edu.tw/cwn/
10不同于 WordNet按照描述性短语的方式释义，知网的释义方式更在于区分相同词语的不同的意义，而非准确地

描绘出来。
11多义度是指平均一个词条包含的可能义项的数量，这里排除掉单义词。
12https://wordnet.princeton.edu/documentation/wnstats7wn
13https://openhownet.thunlp.org/
14包含中英文
15HowNet并没有同义词集合的概念，这里指它总共的概念数量。另外，知网中包含 2,540个义原。
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2.3 模型方法

任务类型 训练过程 方法 训练语料 词典 知识资源

监
督
式
分
类
任
务

定义 用例 关系

分
类
任
务

GAS [21] SC WN 3 7 3

GlossBERT [22] SC WN 3 7 7

EWISE [23] SC WN 3 7 3

EWISER [24] SC+G WN 3 3 3

MLWSD [25] SC WN 7 7 3

MLWSD* SC WN 3 3 3

RTWE [26] SC WN 3 7 7

RTWE* SC+G WN 3 3 7

语义
检索
任务

BEM [27] SC WN 3 7 7

Z-reweight [28] SC WN 3 7 3

SACE [29] SC WN 3 7 3

SACE* SC+G WN 3 7 3

ARES [30] SC+WK WN 3 7

截取式
任务

ESCHER [31] SC WN 7 7

ConSec [32] SC WN 3 7 7

ConSec* SC+G WN 3 3 7

KELESC [33] SC WN 3 3 3

生成式
任务

Vec2Gloss [34] - - 3 7 7

Generationary [35] CHA+SEM - 3 7 7

半/无监督 -
WSD_TM [36] WK - 3 3 3

WSD_LSA [37] SE10 - 7 7 7

完
全
知
识
驱
动

基于相似性
Lesk [38] - WN 3 3 7

Lesk_ext [39] - WN 3 3 3

SREF [40] - WN 3 3 3

基于图算法

UKB [41] - WN+ESWN+EXWN 3 3 3

Babelfy [42] - BN 7 7 3

SyntagRank [43] - WN 3 3 3

WSDG [44] - WN+BN 3 7 3

表 4词义消歧的常见方法总结。其中 SC表示 SemCor语料库，G表示WNGC语料库，WN代表
WordNet。知识资源中列举了三类，包含定义、用例和关系。

词义消歧按照所利用的主要资源，可以分为监督式、半监督或者无监督任务、完全
知识驱动的任务。其中完全知识驱动的方法不依赖于训练语料，仅通过探索大型的知识
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库来找到词汇-语义映射。监督式方法依赖带有词义标注的语料库，通过学习到一个词
汇到语义映射的模型来解决这个问题。根据其具体任务的定义不同，又可以分为分类任
务、语义检索任务、截取式任务和生成式任务。注意，这里的监督式方法不完全是单纯
的数据驱动，融合了知识库的方法也归入到这一类中。半监督或者无监督式方法无需语
义标注，它们仅仅从大规模数据中学习词汇的分布，就可以学习如何选择一个最佳的语
义。

2.3.1 完全知识驱动
完全知识驱动的模型无需标注的语料库，仅通过探索知识库来推断词汇在上下文中

的语义，常见的知识库格式与WordNet相关，包含词汇的定义（常常用人类理解的短文
本来表示）、包含该词汇的用例、以及概念之间的关系，不同的模型使用不同方面的知
识，表 4做出了对比说明。从算法的角度，本文将这类方法分为基于相似性匹配和探索
图模型算法两大类。

2.3.1.1 基于相似性匹配的方法。 早期的知识驱动算法基于语义连贯性假设：只有当
一个句子所有词汇都被正确地消除歧义了，整个句子语义才是连贯的，进而每个词汇才
算消除了歧义。这类似于一个词义标签序列的结构化输出问题。因此这些算法考虑句
子中所有实词的任意的词汇对 < wi,w j >，并分别计算出这两个词汇所有可能组合的语
义的相似性度量评分 score，选择评分最大的这组语义组合分别作为这词汇的最佳语义。
以下为测度 S core的定义：

score : Z×Z → [0, 1]. (4)

不同的方法考虑不同的相似性方法。Rada等人 [45] 以及 Leacock和 Chodorow [46] 的工作
将WordNet中概念上下位图的最短距离用作相似性度量的指标；Lesk方法 [38]则计算由
定义和示例组合在一起的句子间的重合程度，二者重合度越大表明词义越接近。拓展后
的 Lesk [39]也会融入知识图中的知识信息。这些基于语义连贯性假设的做法都需要同时
考虑所有词汇的可能词义，对于一个长为 N 的句子而言，假设每个词汇大约有 k 个词
义选择，那么模型处理单个句子的复杂度为 O(kN)，这对于长句子而言，复杂度不可容
忍。为了解决这个问题，一些方法 []不再显式考虑不同词汇之间语义依赖性，而直接使
用该词汇的上下文和该词汇的可能语义做相似性计算，从而将时间复杂度降到O(N×k)。
SREF [40] 利用 BERT [47] 提取上下文和语义（由定义、示例和一句相关的句子拼接而成）
的表示，性能比较突出。

2.3.1.2 基于图算法的方法。 由于知识库往往可以看作节点是概念，边代表关系的一
个图，很多与图相关的算法也可以被直接利用。UKB [41]算法采用随机游走的方式，并利
用个性化 PageRank算法来得到候选语义的排名；Babelfy [42] 则将词义消歧任务和命名
实体识别任务结合，将仅仅包含语言知识的WordNet拓展到了带有百科知识的 BabelNet
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上面，利用群团近似（clique approximation）的方法来学习知识图的信息；SyntagRank [43]

在原有的范式关系（paradigmatic relations）中添加了组合关系（syntagmatic relations），
即更多考察了词语周围上下文的关系，为了获取这种关系，它使用了一个概念搭配相关
的网络，即 SyntagNet [48]。它采用的图算法仍然是个性化 PageRank算法。WSDG [44] 利
用博弈论将词义选择过程视作一个博弈过程，并有效利用了WordNet和 BabelNet中的
关系信息。

2.3.1.3 融合语言学知识的方法。 一种常见的与词义相关的语言学知识是词义搭配的
选择偏好（selectional preference）或者选择限制（selectional restriction），即与某个词搭
配使用时，之后的语义更偏向的范围，或者限制的范围。例如：“吃”只能与可食用的
事物搭配，这样与之不匹配的那些语义类便可以排除掉了。通过大规模语料可以使用经
验频率去逼近存在某个语法依赖（例如动宾关系）的词与词之间的出现概率 [49]，之后再
通过词到语义类的映射，可以从候选的语义选项中选择一个最佳的语义。关于词到语义
类的映射，可以采用多种方式，包括使用最小描述距离 [50]，隐马尔可夫模型 [51]，基于
类别的概率 [52]和贝叶斯网络 [53]。然后这类方法的效果被证明不如其他类型的基于知识
的方法。
2.3.2 监督式数据驱动算法
监督式数据驱动算法依赖于研究者对于词义消歧的具体定义，不同的定义往往会产

生不同的监督信号，从而使它们在数据格式、模型设计以及损失函数的具体实现上都有
差异。常见的算法大多采用分类的任务，即通过带参数 θ的模型，计算出定义在整个语
义选项空间Z的一个多项分布，该分布表示模型选择对应语义的概率：

pθ(Z|c,w,E). (5)

这一任务往往采用分类的交叉熵损失。另一类算法将其定义为一个语义检索任务，即从
一个待选集合中检索出与上下文语义最接近的一个语义选项。这类算法往往需要训练一
个上下文表示模型 qα 和语义表示模型 kβ，将前者输出的表示用于查询，后者输出的表
示用于匹配，匹配的过程采用 1-近邻算法即可：

1nn(qα(w, c,E), kβ(Z)). (6)

该类任务可以采用检索常用到的例如对比损失、最大间隔损失（max-margin loss）等。受
到其他自然语言任务（例如文本问答）的影响，有些算法采用截取式任务定义，即将所
有候选定义拼接在一起，目标是得出目标定义的索引位置。另外也有算法采用生成式任
务定义，即目标是生成一个语义定义。

2.3.2.1 分类任务。 与人工智能的发展一致，分类模型大致经历了三个时期：早期的规
则设计时代，中期则基于特征选择和模式识别，近期随着训练数据的激增和算力的增
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强，进入了深度学习时期。词义消歧作为一个古老的人工智能任务 [54]，其解决方法也历
经这些时期。规则设计时期主要是设计语言学规则，例如词类、词的语法功能等来推断
词义 [55]。规则设计的繁多和语言的复杂性等因素导致这类方法无法进一步拓展，伴随
着人工智能的发展也陷入低谷。统计时期得益于较大规模的语料，例如 SemCor [10]，很
多机器学习算法得以应用于这些数据的模式挖掘上。相关算法包括决策树 [56]、朴素贝
叶斯模型 [57]、（浅层）神经网络 [58]、k近邻算法 [59]、SVM算法 [60]等。这些方法仅仅用
到语义标注的语料库，这基于语义分布相似性的假设，认为词汇语义仅从上下文中可以
学习到。它们普遍存在知识瓶颈问题，即获取大量标注的数据的困难性；以及无法解决
语义分布不均衡的问题。

分类模型在深度学习时期主要采用深度神经网络进行分类，同时很多分类模型开
始探索将知识库的信息融合到以往仅依赖语料的模型中，这些信息包括定义语句信息、
示例信息和关系信息（参见章节2.2.1WordNet 的介绍）。GAS [21] 利用长短时记忆模型
（LSTM)，将定义信息通过记忆模块融入到分类模型中。GlossBert [22]将定义信息拼到上
下文中，将任务定义为语义和词汇是否匹配的一个二分类任务。之后的模型大多利用预
训练语言模型挖掘更多上下文之间的关系。EWISE [23]编码了定义的语义向量，并把这个
信息融入到分类模型的输出中；它的改进版本 EWISER [24] 进一步利用知识库中的关系
信息，融入更多相关的定义向量，同时还把定义和用例拼接到输入数据中。MLWSD [25]

则观察到不少的样例的标注不止一个正确标签，因此将这一任务定义为多标签的分类任
务，同时它也利用知识库中的关系信息找到了更多相关的标签。RTWE [26] 利用定义与
目标词汇之间的相关性，应用迭代式的注意力机制将定义的信息融合到模型中间的输出
层中。

2.3.2.2 语义检索任务 基于语义检索相似性可以充分利用知识库中的定义信息，从而
缓解稀有词义分布不均衡的问题。BEM [27] 利用两个编码器分别编码语义句子和上下
文；之后有工作 [28] 基于 BEM，利用重采样的方式显式地缓解语义分布不均匀的问题。
SACE [29] 发掘上下文词汇的词义间的依赖性，并利用句子的相似性，找到更多的上下
文。ARES [30]强调上下文的组合关系也同样重要，并从网络（例如维基百科）上检索到
更多相关的上下文，以得到更加丰富的上下文特征向量。

2.3.2.3 截取式任务 截取式任务除了可以利用正确语义的句子信息，还可以将所有候
选的语义句子信息利用上，从而可以更加缓解稀有语义分布较少的问题。ESCHER [31]首
次将截取式任务应用到词义消歧中，有效解决了词义分布不均衡的问题。它的改进版本
ConSec [32] 则更多地利用了上下文中已经消歧了词汇语义信息，从而确保了语义的连贯
性。KELESC [33] 在 ESCHER的基础上，从模型的输入部分更多地融合了通过知识库的
上位关系检索出来的其他词义信息，从而使模型看到更多上下文。
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2.3.2.4 生成式任务 生成式任务通过建模词汇序列，从一个上下文向量表示中直接生
成定义，这也被称为定义建模问题（Definition Modeling）。早期的生成任务 [61] 通过设
计词汇语义规则模版，生成特定属性的语义表示。近期的生成任务的定义为人类可读的
句子，这一任务一开始主要是为了静态词向量的可解释性的 [62]，之后也被用于动态的
上下文向量中。针对于词义消歧任务的定义建模则往往定义一个“编码-解码”模型 [34]，
即输入输出都是一个词汇序列。这种序列生成模型可以由早期的循环神经网络 [62]，长
短时注意力机制 [63]，到现在基于自注意力机制的 Transformer [64]来实现。近期的做法 [35]

将作为条件的嵌入改为一个目标词的起止索引，用来引导之后的生成。多义词的语义生
成需要考虑到词的多个义项的分布，这些分布可以通过一个离散 [63]或者连续 [65]的隐变
量生成模型去学习，或者用近似的分布 [66] 去逼近一个混合高斯模型。根据不同语言的
特性，这一任务也可以在跨语言或者其他语言中应用 [67-69]。

2.3.3 无/半监督式数据驱动算法

无监督算法无需词义标注，不存在知识瓶颈的问题，它也不需要提前已知的候选词
义集合。这类算法通过发掘语料库中相似的上下文，自动得到不同的语义组，每一个语
义组代表一个语义。它是词义消歧任务的另一种代表形式，也被称为词义归约。早期的
算法选择较为简单的上下文表示，例如 N元组的词频等，后期可以选择更加复杂的表
示，包括静态表示如Word2Vec [70]，Glove [71]；上下文表示，例如 Bert [47]。规约的算法
可以选择聚类算法 [72]，或者隐变量模型 [36-37]。

半监督算法只需少量的数据标注，通过迭代的方式生成更多标注的数据。常见的算
法有 bootstrapping，它包括联合训练 [73]和自训练 [74]两种方式。也有方法利用不确定性
采样和主动学习 [75] 的方式，挑选信息量丰富的样本来标注。外部数据增强的方式也可
以看作是一种半监督的方式，例如借助成对的语料库，迁移学习 [76]，或者大语言生成模
型 [77]，例如 GPT-2等方式。

2.4 性能比较

词义消歧模型一般在一个统一、公有的数据集或者评价基准上进行比较，这些数据
集主要来自过往语义评估测试集 SemEval（参见2.1.5）。为了统一标准和简化测试流程，
研究者 [18]开发了一个统一的评测平台：近期的主流方法都在这个平台上进行测试。测试
集上的测试一般都可以视作是一个分类任务，因此采用分类任务常用到的 F1评分16进
行评测。表 5列出了常见方法对应的 F1评分，包含各个常见的测试集，以及按照实词的
词类进行分类后的结果。除了上述常规的方法，文章也考虑以下几种常见的基准模型：

16多数方法仅仅包括其 micro F1评分，它是从词汇的角度进行的评测，另一类 macro F1评分则是从词义类别的角
度进行的评估，更加可以加重对于不平衡语义选项的识别 [78]。本文仅仅考虑 micro F1评分。
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2.4.1 上界水平
这一任务的上界水平参考人类标注者的表现，词义标注一般由多个人标注，只有都

所有人都达成一致时，才会有把握地将其标注为这个一致的义项。由于词义的模糊性、
词义的连续性或者自然语言固有的歧义，导致有些词汇的词义判断困难，相比一般的分
类任务，有更大地比例无法达成一致，而一般倾向于认为模型无法超出人类达成一致
的比例，或是即使超出，也无法解释。所以采用标注者相互一致性（ITA，inter-tagger
agreement）作为模型的上界水平，据估计，这一水平大概在 80%左右。
2.4.2 下界水平
下界水考虑模型无需训练就可以计算出的结果，本文采用测试集中的单义词的比例

（由于单义词仅仅有一个义项，故对它的选择一定是正确的），记做 LB_Mono。
2.4.3 占优基准
占优基准是指考虑到无需训练，仅凭借一定的先验知识就能获得的具有竞争力的方

法。这包括直接选择最常见义项（MFS, most frequent sense）。最常见义项可以通过训练
库中的统计（MFS_Cop）或者通过WordNet的第一个义项（MFS_WN1）得知17。还有
一个方法是 ChatGPT18，它通过网上在超大规模语料进行预训练学习到的通用性人工智
能模型，具有零样本学习的能力。

表 5将上述三类较为特殊的方法放在了由分割线区隔的第一部分，剩下区隔的部分
分别对应表 4中的训练过程中的类型。加星号的模型表示采用了更多了语料进行的训练。

3 问题挑战

词义研究是计算语义学的重要研究课题，计算语言学框架下的词义消歧任务仍旧存
在很多问题：

知识论问题着眼于模型的可解释性，类比于“当人类说他掌握一门语言时候，他学
习到了什么”，取得较好地消除歧义性能的模型，它学习到了什么知识？模型是否真正
掌握或者多大程度地掌握了词汇语义？它与人类可以提炼或者人类直觉的一些语言学知
识是否匹配，如果不匹配该如何理解？语言模型是否仅仅学习到某种相关性的模式，而
没有学习到一些决定性的、具有因果关系的特征？

与“已知什么”的知识论相对的是，模型是否知道自己不知道什么。在有限条件下
（例如残缺的上下文、语域偏移等非正常环境），模型会不会做出过自信的结果，而不会
“意识”到自己不知道这方面的知识。现有的最先进的生成式人工智能模型就普遍存在
“一本正经地胡说八道”的幻觉（hallucination）问题，这些问题可以使用不确定性进行
刻画，本文作者前期工作19将两方面进行结合，做出了一些初步探讨。（论文参见附录 1）

17根据WordNet的编纂特点，第一个义项是根据词频决定的。
18http://chat.openai.com
19现已被 Findings: Association Computational Linguistics 2023会议录取。
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任务的定义以及资源的构建。词义消歧任务目的在于全面理解词义的多义性，从而
帮助句子语义的理解。如何设计任务去实现它仍然存在争议。主流的分类方法将所有可
能的义项当作一个离散的、语义正交的待分类集合，这种定义简单、易操作、却忽略了
词义的连续性，以及如何展示“可能的”义项。现有的WordNet的词义普遍认为比较精
细，这样会导致 ITA不会处于较高水平。同时主流的分类方法大多是确定式建模，也缺
乏对于不确定性、模糊性等因素的考虑。在资源方面，除了知识库的设计外，现在的词
义消歧任务也面临“知识获取瓶颈”（Knowledge-acquisition bottleneck）的问题：即训练
语料库需要大量的语义标注，这与语义相对于词来讲是隐形的性质相关。这些都需要耗
费大量人力物力资源，因此如何高效地词义消歧也是未来研究的方向。
数据分布不均衡与泛化能力。由于表示不同词义的词汇分布非常不均衡：即罕见义

项的词汇实例数量要远远小于常见义词汇实例，使得模型倾向于选择最常见意思作为结
果。另一方面，受到文本语域偏移的影响，模型对于未见过实例的泛化也存在困难。另
一个与泛化能力相关的泛化与组合性相关：模型能否对于未见过的但是通过一些构词规
则组成的新词也可以做出判断？这一点尤其与汉语相关，汉语词汇分析性更强，更加具
有结构性。
适应于汉语的词义消歧任务。现在主流的消歧任务设计主要是英语，然而中文的语

言特点、拥有的资源等都与英文的不同。中文词义消歧任务主要采用 HowNet [19]作为语
义词典，它将语义分解为更小的单位：义素，很多方法 [79-80] 利用了知网中的义素及其
图结构。也有方法设计中文的语义标注语料库，例如古代汉语相关的 [81]，或者以现代
汉语词典标注 [82] 的等等。中文词内部结构较为明显，且搭配更加紧凑，不少方法的设
计 [82-84] 也利用了汉语的这些特点。然而，汉语仍然有很多独特的地方没有被给予足够
重视，例如汉语的消歧应该作用于语素还是词汇等等，这些都有待于进一步研究。
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方法 SE02 SE03 SE07 SE13 SE15 ALL 名 动 形 副

ITA [24] - - - - - 80.0
LB_Mono20 - - - - - 17.4 13.5 4.5 23.7 16.3
MFS_Cop 65.6 66.0 54.5 63.8 67.1 65.5 - - - -
MFS_WN1 66.8 66.2 55.2 63.0 67.8 65.2 - - - -
ChatGPT - - - - - 73.3 - - - -

GAS [21] 72.2 70.5 - 67.2 72.6 70.6 72.2 57.7 76.6 85.0
GlossBERT [22] 77.7 75.2 72.5 76.1 80.4 77.0 79.8 67.1 79.6 87.4
EWISE [23] 73.8 71.1 67.3 69.4 74.5 71.8 74.0 60.2 78.0 82.1
EWISER [24] 80.8 79.0 75.2 80.7 81.8 80.1 82.9 69.4 83.6 87.3
MLWSD [25] 78.4 77.8 72.2 76.7 78.2 77.6 80.1 67.0 80.5 86.2
MLWSD* 80.4 77.8 76.2 81.8 83.3 80.2 82.9 70.3 83.4 85.5
RTWE [26] 83.4 82.9 74.5 82.1 85.3 82.7 84.9 72.8 87.7 87.9
RTWE* 85.2 83.3 77.1 83.8 86.3 84.1 85.7 75.1 90.6 88.7

BEM [27] 79.4 77.4 74.5 79.7 81.7 79.0 81.4 68.5 83.0 87.9
Z-reweight [28] 79.6 76.5 71.9 78.9 82.5 78.6 - - - -
SACE [29] 82.4 81.1 76.3 82.5 83.7 81.9 84.1 72.2 86.4 89.0
SACE* 83.6 81.4 77.8 82.4 87.3 82.9 85.3 74.2 85.9 87.3
ARES [30] 78.0 77.1 71.0 77.3 83.2 77.9 80.6 68.3 80.5 83.5

ESCHER [31] 81.7 77.8 76.3 82.2 83.2 80.7 83.9 69.3 83.8 86.7
ConSec [32] 82.3 79.9 77.4 83.2 85.2 82.0 85.4 70.8 84.0 87.3
ConSec* 82.7 81.0 78.5 85.2 87.5 83.2 86.4 72.4 85.4 89.0

KELESC [33] 82.2 78.1 76.7 82.2 83.0 81.2 84.3 69.4 84.0 86.7

Generationary [35] 77.8 73.7 68.8 78.3 77.6 76.3 79.8 63.3 80.1 84.7

Lesk_ext [39] 58.4 59.4 - - - - - - - -
SREF [40] 72.7 71.5 61.5 76.4 79.5 73.5 78.5 56.6 79.0 76.9

UKB [41] 59.7 57.9 41.7 - - - - - - -
Babelfy [42] - 68.3 62.7 65.9 - - - - - -

SyntagRank [43] 71.6 72.0 59.3 72.2 75.8 71.7 64.1 - - -
WSDG [44] 68.7 68.3 58.9 66.4 70.7 67.7 71.1 51.9 75.4 80.9

表 5各类消歧方法的性能对比
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1 附录

论文题目21为：歧义性和不确定性的结合：词义消歧任务中的不确定性评估
论文摘要（中文）：词义消歧旨在根据上下文确定目标词的适当意义，这一任务对

于自然语言理解至关重要。现有的监督方法将词义消歧视为分类任务，并取得了最优的
性能。然而，它们忽略了现实世界中的词义选择的不确定性问题，这一问题往往是由于
真实数据带有噪声并超出分布范围所导致的。本文广泛研究了针对词义消歧任务设计的
基准测试中的不确定性估计。具体而言，针对一个算法先进的词义消歧模型，我们首先
比较了四种不确定性分数，并验证了在模型的最后一层获得的传统预测概率不足以量化
不确性。然后，我们通过选定的不确定性估计分数检验了模型捕捉数据和模型不确定性
的能力，并发现模型充分反映了数据不确定性但低估了模型不确定性。此外，我们还探
讨了许多词汇属性对数据不确定性的内在影响，并对以下四个关键方面进行了详细分
析：句法类别、形态学、词义粒度和语义关系。

21论文已经被 Findings: Association Computational Linguistics 2023会议录取，预印版访问：https://arxiv.org/abs/
2305.13119。
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Abstract

Word sense disambiguation (WSD), which
aims to determine an appropriate sense for a
target word given its context, is crucial for
natural language understanding. Existing su-
pervised methods treat WSD as a classifica-
tion task and have achieved remarkable perfor-
mance. However, they ignore uncertainty esti-
mation (UE) in the real-world setting, where
the data is always noisy and out of distribu-
tion. This paper extensively studies UE on
the benchmark designed for WSD. Specifically,
we first compare four uncertainty scores for
a state-of-the-art WSD model and verify that
the conventional predictive probabilities ob-
tained at the final layer of the model are in-
adequate to quantify uncertainty. Then, we
examine the capability of capturing data and
model uncertainties by the model with the se-
lected UE score on well-designed test scenar-
ios and discover that the model adequately
reflects data uncertainty but underestimates
model uncertainty. Furthermore, we explore
numerous lexical properties that intrinsically
affect data uncertainty and provide a detailed
analysis of four critical aspects: the syntactic
category, morphology, sense granularity, and
semantic relations. The code is available at
https://github.com/RyanLiut/WSD-UE.

1 Introduction

Disambiguating a word in a given context is funda-
mental to natural language understanding (NLU)
tasks, such as machine translation (Gonzales et al.,
2017), question answering (Ferrández et al., 2006),
and coreference resolution (Hu and Liu, 2011).
This task of word sense disambiguation (WSD)
targets polysemous or homonymous words and de-
termines the most appropriate sense based on their
surrounding contexts. For example, the ambigu-
ous word book refers to two completely distinct
meanings in the following sentences: i)“Book a
hotel, please.”, ii) “Read the book, please”. The
phenomenon is universal to all languages and has

noisy data

true 
model

possible
model

possible
model

true 
model

actual 
model

(a) Model uncertainty (b) Data uncertainty

Figure 1: Two types of uncertainties in the case of clas-
sification. The green line indicates the true model (de-
cision boundary), while the red shows possible models.
Circles and triangles with different colors illustrate clean
and noisy data with corresponding labels.

been paid much attention since the very beginning
of artificial intelligence (AI) (Weaver, 1952).

Existing supervised methods (Blevins and Zettle-
moyer, 2020; Conia and Navigli, 2021; Bevilacqua
and Navigli, 2020; Calabrese et al., 2021; Huang
et al., 2019) cast WSD as a classification task
in which a neural networks (NNs)-based classi-
fier is trained from WordNet (Miller et al., 1990),
a dictionary-like inventory. Although they have
achieved the state of the art on WSD benchmarks,
with some even breaking through the estimated up-
per bound on human inter-annotator agreement in
terms of accuracy (Bevilacqua and Navigli, 2020),
they do not capture or measure uncertainty. Un-
certainty estimation (UE) answers a question as
follows: To what extent is the model certain that
its choices are correct? A model can be unsure
due to the noisy or out-of-domain data, especially
in a real-world setting. This estimation delivers
valuable insights to the WSD practitioners since
we could pass the input with high uncertainty to a
human for classification.

UE is an essential requirement for WSD. Interest-
ingly, the word “ambiguous” (in terms of the task
of word sense disambiguation) itself is ambiguous:
it refers to i) doubtful or uncertain especially from



obscurity or indistinctness, and ii) capable of being
understood in two or more possible senses or ways,
according to the Merriam-Webster dictionary1. The
conventional treatment only considers its second
aspect but disregards the first uncertainty-related
sense. In reality, there are many situations where
uncertainties arise (Yarin, 2016). The first situation
assumes a true model to which each trained model
approximates. Uncertainty appears when the struc-
tures and parameters of the possible models vary;
we refer to it as model uncertainty (Figure 1 (a)) in
this paper. Model uncertainty can be reduced when
collecting enough data, i.e., adequate knowledge
to recognize the true model and out-of-distribution
(OOD) data is always used to test model uncer-
tainty. It has been observed that WSD is prone to
domain shift and bias towards the most frequent
sense (MFS) (Raganato et al., 2017). Therefore,
it is essential to quantify model uncertainty in the
task.

Another uncertainty is related to the data itself
and cannot be explained away, which is referred
to as data uncertainty (also called aleatoric uncer-
tainty). Data uncertainty happens when the ob-
servation is imperfect, noisy, or obscure (Figure 1
(b)). Even if there is enough data, we cannot ob-
tain results with high confidence. WSD is context-
sensitive, and the model output could be divergent
due to partial or missing context. Even worse, some
words have literal and non-literal meanings and
can be understood differently. With a fine-grained
WordNet (Miller et al., 1990) as a reference inven-
tory, the inter-annotator disagreement is up to 20%
to 30% (Navigli, 2009): even human annotators
cannot agree on the correct sense of these words.

In this paper, we perform extensive experiments
to assess the uncertainty of a SOTA model (Conia
and Navigli, 2021) on WSD benchmarks. First, we
compare the probability of the model output with
the other three uncertainty scores and conclude
that this probability is inadequate to UE, which is
consistent with previous research (Gal and Ghahra-
mani, 2016). Then, with the selected score, we
evaluate data uncertainty in two designed scenar-
ios: window-controlled and syntax-controlled con-
texts, which simulate noisy real-world data. Fur-
ther, we estimate model uncertainty on an exist-
ing OOD dataset (Maru et al., 2022) and find that
the model underestimates model uncertainty com-

1https://www.merriam-webster.com/dictionary/
ambiguous

pared to the adequate measure of data uncertainty.
Finally, we design an extensive controlled proce-
dure to determine which lexical properties affect
uncertainty estimation. The results demonstrate
that morphology (parts of speech and number of
morphemes), inventory organization (number of
annotated ground-truth senses and polysemy de-
gree) and semantic relations (hyponym) influence
the uncertainty scores.

2 Related Work

2.1 Word Sense Disambiguation

Methods of WSD are usually split into two cate-
gories, which are knowledge-based and supervised
models. Knowledge-based methods employ graph
algorithms, e.g., clique approximation (Moro et al.,
2014), random walks (Agirre et al., 2014), or game
theory (Tripodi and Navigli, 2019) on semantic net-
works, such as WordNet (Miller et al., 1990), Babel-
Net (Navigli and Ponzetto, 2012). These methods
do not acquire much annotation effort but usually
perform worse than their supervised counterpart
due to their independence from the annotated data.
Supervised disambiguation is data-driven and uti-
lizes manually sense-annotated data sets. Regard-
ing each candidate sense as a class, these mod-
els treat WSD as the task of multi-class classifi-
cation and utilize deep learning techniques, e.g.,
transformers (Conia and Navigli, 2021; Bevilacqua
and Navigli, 2019). Some also integrate various
parts of the knowledge base, such as neighboring
embeddings (Loureiro and Jorge, 2019), relations
(Conia and Navigli, 2021), and graph structure
(Bevilacqua and Navigli, 2020). These methods
have achieved SOTA performance and even broken
through the ceiling human could reach (Bevilac-
qua and Navigli, 2020). However, these methods
treat disambiguation as a deterministic process and
neglect the aspect of uncertainty.

2.2 Uncertainty Estimation

Uncertainty estimation (UE) has been studied ex-
tensively, especially in computer vision (Gal et al.,
2017) and robust AI (Stutz, 2022). Methods cap-
ture uncertainty in a Bayesian or non-Bayesian
manner. Bayesian neural networks (Neal, 2012) of-
fer a mathematical grounded framework to model
predictive uncertainty but usually comes with pro-
hibitive inference cost. Recent work proved MC
Dropout approximates Bayesian inference in deep
Gaussian Processes and has been widely applied



in many UE applications (Vazhentsev et al., 2022;
Kochkina and Liakata, 2020) due to its simplicity.
During recent years, the field of natural language
processing has witnessed the development of an
increasing number of uncertain-aware applications,
such as Machine Translation (Glushkova et al.,
2021), Summarization (Gidiotis and Tsoumakas,
2021) and Information Retrieval (Penha and Hauff,
2021). Nevertheless, little attention has been paid
to the combination of UE and WSD. An early work
(Zhu et al., 2008) explored uncertainty to select
informative data in their active learning framework.
However, the uncertainty estimation for WSD is
not explored extensively, as we do in a quantitative
and qualitative way.

3 Uncertainty Scenarios

3.1 Problem Formulation

Given a target word wi in a context ci =
(w0, w1, ..., wi, ..., wW ) of W words, a WSD
model selects the best label ŷi from a candidate
sense set Si = (y1, y2, ..., yM ) consisting of M
classes. A neural network pθ with the parameter
θ usually obtains a probability pi over M classes
by a softmax function which normalizes the model
output fi:

pi = SoftMax(fi(wi|ci; θ)). (1)

During training, the probability is used to calcu-
late cross-entropy loss, which can be recognized
as a probability for each candidate class during
the inference. Such a point estimation of model
function has been erroneously interpreted as model
confidence (Gal and Ghahramani, 2016). The goal
of UE is to find a suitable pi to better reflect true
predictive distribution under data and model un-
certainty sources. Suppose we have a reasonable
score s(pi) ∈ S indicating UE, where S is a metric
space, we expect sa > sb when a situation a is
more uncertain than b.

3.2 Data Uncertainty: Controllable Context

Data uncertainty measures the uncertainty caused
by imperfect or noisy data. We consider that such
noises could happen in the context surrounding
the target word, considering WSD is a context-
sensitive task. With different degrees of missing
parts in the context, the model is expected to obtain
predictions with different qualifications of uncer-
tainty. To simulate this scenario, we control the

range of context based on two signals: the window
and the syntax, as illustrated in Figure 2.

please book a hotel

𝐿 = 𝑁

please book a hotel

𝐻 = 𝑁

(a) window-controlled context

(b) syntax-controlled context

N words

N hopsdiscourse obj

N words

Figure 2: Two types of controlled context in the data
uncertainty setting. The target word is highlighted in
blue. The box with a black dotted line shows the final
chosen context. We show the dependency relation in
blue and red.

3.2.1 Window-controlled Context
We choose L words both on the left and right
of the target word wi as the window-controlled
context cWC

L = (wl, wi−1, wi, wi+1, ..., wh), where
l = max(i − L, 0) and h = min(i + L,W ) are
the lower index and the higher index. With a hy-
pothesis that longer context tends to contain more
clues to disambiguate a word and a suitable UE
score s, we expect that sWC

a > sWC
b , where two

window-controlled contexts are extracted with the
length of a and b, and a < b.

3.2.2 Syntax-controlled Context
In our second controlled method, we utilize the
neighboring syntax around wi. Specifically, we
parse the universal syntactical dependency rela-
tions between words using tools of Stanza (Qi et al.,
2020). This is represented as a form of graph struc-
ture G = (N ,R), where N denotes the nodes, i.e.,
each word, and R =< nh, nt, r > is the relation r
from the head node nh to tail node nt. For exam-
ple, when r is nsubj, that means nh is the subject of
nt. We iteratively obtain a syntax-related 2 neigh-
boring set with the H hops of the target word wi

as cDP
H in the following approach. Initially, cDP

H

only contains wi. After one hop, cDP
H collects the

head node and tail nodes of wi. The procedure
is repeated H times, with more syntactically re-
lated words added. We also rationally hypothesize
a smaller sDP, which measures uncertainty under

2We denote this scenario as DP, since we utilize depen-
dency parsing as the syntactic representation.



syntax-controlled context, favors the context with
a larger H . We highlight that the syntax-controlled
context leverages the nonlinear dependency dis-
tance (Heringer et al., 1980) between words in
connection, compared to the linear distance in the
scenario of window-controlled context.

3.3 Model Uncertainty: OOD Test

Model uncertainty is another crucial aspect of UE,
widely studied in the machine learning community.
Lacking knowledge, models with different archi-
tectures and parameters could output indeterminate
results. Testing a model on OOD datasets is a usual
method to estimate model uncertainty. In the task
of WSD, we employ an existing dataset 42D (Maru
et al., 2022) designed for a more challenging bench-
mark. This dataset built on the British National
Corpus is challenging because 1) for each instance,
the ground truth does not occur in SemCor (Miller
et al., 1994), which is the standard training data for
WSD, and 2) is not the first sense in WordNet to
avoid most frequent sense bias issue (Campolungo
et al., 2022). 42D also has different text domains
from the training corpus. These confirm that 42D
is an ideal OOD dataset.

4 Experiments

4.1 Model and Datasets

We conduct our UE for a SOTA model MLS (Co-
nia and Navigli, 2021), with the best parameters
released by the authors. They framed WSD as
a multi-label problem and trained a BERT-large-
cased model (Kenton and Toutanova, 2019) on the
standard WSD training dataset SemCor (Miller
et al., 1994). We follow their settings except for
using Dropout during inference when performing
Monte Carlo Dropout (MC Dropout). We set the
number of samples T to be 20, conduct 3 rounds,
and report the averaged performance.

As regards the evaluation benchmark, we use
the Unified Evaluation Framework for English
all-words WSD proposed by (Raganato et al.,
2017). This includes five standard datasets, namely,
Senseval-2, Senseval-3, SemEval-2007, SemEval-
2013, and SemEval-2015. The whole datasets con-
catenating all these data with different parts of
speech (POS) are also evaluated. Note that in our
second part, We use a portion of SemEval-2007
to investigate data uncertainty and 42D is used for
model uncertainty.

4.2 Uncertainty Estimation Scores
We apply four methods as our uncertainty estima-
tion (UE) scores. One trivial baseline (Geifman and
El-Yaniv, 2017) regards the Softmax output pi as
the confidence values over classes y = s ∈ S. We
calculate the uncertainty score based on the max-
imum probability as uMP(x) = 1 − max

s∈S
p(y =

s|x).
The other three methods are based on MC

Dropout, which has been proved theoretically as
approximate Bayesian inference in deep Gaussian
processes (Gal and Ghahramani, 2016). Specif-
ically, we conduct T stochastic forward passes
during inference with Dropout random masks and
obtain T probabilities pt. Following the work
(Vazhentsev et al., 2022), we use the following
measures:

• Sampled maximum probability (SMP) takes
the sample mean as the final confidence
before an MP is applied: uSMP = 1 −
maxs∈S

1
T

∑T
t=1 p

s
t , where pst refers to the

probability of belonging to class s at the t′th
forward pass.

• Probability variance (PV) (Gal et al., 2017)
calculates the variance before averaging
over all the class probabilities: uPV =
1
S

∑S
s=1

(
1
T

∑T
t=1 (p

s
t − ps)

2
)
.

• Bayesian active learning by disagreement
(BALD) (Houlsby et al., 2011) measures the
mutual information between model param-
eters and predictive distribution: uBALD =
−
∑S

s=1 p
s log ps + 1

T

∑
s,t

pst log p
s
t .

Note that these scores are instance-specific and
we report the averaged results over all the samples.

4.3 Metrics on UE scores
While UE scores are a measure of uncertainty, we
also need metrics to judge and compare the qual-
ity of different UE scores. A hypothesis is that a
sample with a high uncertainty score is more likely
to be erroneous and removing such instances could
boost the performance. We employ two metrics fol-
lowing the work (Vazhentsev et al., 2022): area un-
der the risk courage curve (RCC) (El-Yaniv et al.,
2010) and reversed pair proportion (RPP) (Xin
et al., 2021). RCC calculates the cumulative sum
of loss due to misclassification according to the
uncertainty level for rejections of the predictions.



UE Score Senseval-2 Senseval-3 SemEval-07 SemEval-13 SemEval-15
RCC ↓ RPP ↓ RCC ↓ RPP ↓ RCC ↓ RPP ↓ RCC ↓ RPP ↓ RCC ↓ RPP ↓

MP 5.69 9.50 7.11 10.37 8.68 11.40 5.78 8.02 5.02 11.07
SMP 5.78 9.14 7.10 9.83 8.81 10.83 5.59 7.88 5.34 11.16
PV 6.11 11.47 7.50 12.40 9.93 16.00 5.97 10.22 5.62 13.11

BALD 6.00 11.09 7.46 11.99 9.36 14.73 5.83 10.02 5.48 12.77

Table 1: UE score comparisons on five standard WSD datasets.

UE Score NOUN VERB ADJ ADV ALL
RCC ↓ RPP ↓ RCC ↓ RPP ↓ RCC ↓ RPP ↓ RCC ↓ RPP ↓ RCC ↓ RPP ↓

MP 6.06 7.47 14.08 18.20 5.15 8.25 3.70 4.89 6.13 9.78
SMP 4.94 7.66 13.76 17.45 4.39 8.35 2.65 4.85 6.11 9.44
PV 6.25 9.17 15.38 22.02 4.97 9.37 3.20 5.33 6.48 11.91

BALD 5.18 9.39 14.42 20.96 4.59 9.80 2.66 5.56 6.36 11.52

Table 2: UE score comparisons on all the datasets with different kinds of POS.

A larger RCC indicates that uncertainty estimation
negatively impacts the classification. Note that we
use the normalized RCC by dividing the size of
the dataset. RPP counts the proportion of instances
whose uncertainty level is inconsistent with its loss
level compared to another sample. For any pair of
instances xi and xj with their UE score u(x) and
loss value l(x):

RPP =
1

n2

n∑
i,j=1

1[u(xi) < u(xj), l(xi) > l(xj)], (2)

where n is the size of the dataset.

5 Results and Analysis

In the first part, we show the quantitative results of
different UE scores and the performances of data
and model uncertainty. Then a qualitative result
demonstrates specific instances with a range of
uncertainties. This motivates us to analyze which
lexical properties mainly affect uncertainty in the
last part.

5.1 Quantitative Results
5.1.1 Which UE score is better?
We measure the four UE scores, MP, SMP, PV,
and BALD in terms of two metrics, RCC and RPP.
The results of five standard datasets are shown in
Table 1 while the performance on all the datasets
involving different parts of speech is demonstrated
in Table 2. For most of the data, SMP outperforms
the other three scores in spite of some inconsistent
results where MP has a slight advantage, such as on
SemEval-15. Interestingly enough, softmax-based
scores i.e., MP and SMP, surpass the other two,

PV and BALD. Similar results can be observed in
the work (Vazhentsev et al., 2022). This may be
due to the fact that the former scores are directly
used as the input of the maximum likelihood objec-
tive, thus more accurately approximating the real
distribution.
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Figure 3: The distribution of four UE scores on mis-
classified instances of all datasets. A red dotted line
indicates the average value. We calculate the sample
skewness s for each score as well. Note that PV and
BALD scores are normalized into the range from 0 to 1.

To further investigate the distribution of these
four scores, we show the histograms of these scores
in the misclassified instances, as illustrated in Fig-
ure 3. We also display the averaged value (a red
dotted line) and the sample skewness s, calculated
as the Fisher-Pearson coefficient (Zwillinger and
Kokoska, 1999). Since here we focus on the mis-
classified samples, the cases of all the samples
and those correctly classified are reported in Ap-
pendix A.1. This shows that MP has a more long-



tailed and skewed distribution than scores based
on MC Dropout, indicating MP is overconfident
towards the wrong cases. However, the other three
metrics have a more balanced distribution. This ver-
ifies the common concern on the SoftMax output
of a single forward as an indication of confidence.

Finally, given its outstanding performance, we
chose SMP as our uncertainty score in the follow-
ing experiments.

5.1.2 How does the model capture data
uncertainty?

0 1 2 8 12 16 20 W
window size: L

0.25

0.50

0.75
(a) Window-controlled

UE_SMP
UE_MP
ACC_SMP
ACC_MP

0 1 2 3 4 5 W
number of hops: H

0.25

0.50

0.75
(b) Syntax-controlled

Figure 4: UE scores (SMP and MP) and accuracy (F1
score) vary depending on the range of context for (a)
window-controlled setting and (b) syntax-controlled set-
ting. Note that “0” indicates that only target words
without context are available to the model. On the other
hand, “W” means the whole context is available.

We verify data uncertainty in window-controlled
and syntax-controlled scenarios, as shown in Fig-
ure 4. In the first setting, UE becomes less, and
the accuracy grows with the increase of window
size T . This indicates that the model perceives
more and more confidence in the data, accessible
to more neighboring words. The trend is similar
in the syntax-controlled setting. These show that
the model can adequately capture data uncertainty.
SMP has a larger uncertainty than MP, especially
in a sparse context, such as L or H is equal to 0 or
1, where the model is expected to be much more
uncertain. We report the comparison of the other
two sample-based scores, PV and BALD in Ap-
pendix A.2.

5.1.3 How does the model capture model
uncertainty?

We examine the model uncertainty on the 42D
dataset in Figure 5. The result shows OOD dataset

OOD WC w. L=0
0.0

0.1

0.2

0.3

0.4

0.5

0.6

UE

UE_Correct
UE
UE_Wrong
ACC

Figure 5: Uncertainty and accuracy (F1) scores for
model uncertainty (OOD) and data uncertainty (con-
trolled context) scenarios. We use window-controlled
UE with L=0 (WC w. L=0). It is evaluated in all the
data instances and wrongly (UE_Wrong) or correctly
(UE_Correct) classified instances.

is indeed a challenging benchmark for WSD. How-
ever, even with worse performance, the model fails
to give a high UE score. We compare it with the
most uncertain cases but similar accuracy in the set-
tings of data uncertainty, i.e., without any context
when L = 0. The OOD setting has a lower level of
uncertainty, especially in the misclassified samples,
even if it has degraded performance. This implies
that the model underestimates the uncertainty level
in model uncertainty. We show the performance of
MP, PV, and BALD in Appendix A.3.

5.2 Qualitative Results

To investigate what kinds of words given a con-
text tend to be uncertain, we obtain the final UE
score for each word by averaging SMP scores for
instances sharing the same form of lemma. In Fig-
ure 6, We show the word clouds for words with
the most uncertain (left (a)) and certain (right (b))
meanings. We remove some unrepresented words
whose number of candidate senses is less than 3.
With respect to the most uncertain lemmas, there
are words such as settle, cover etc. Most of them
are verbs and own multiple candidate senses. As for
most certain cases, the senses of nouns like bird,
bed, and article are determined with low uncer-
tainty. These phenomena motivate us to investigate
which lexical properties affect uncertainty estima-
tion in the next part. It is noted that we concentrate
on data uncertainty instead of model uncertainty,
based on the investigation in Subsection 5.1, which
appears due to the data itself, i.e., lexical character-



istics.

(a) Most uncertain lemmas (b) Most certain lemmas

Figure 6: Word clouds for lemmas where a larger font
indicates higher (a) or lower (b) UE scores.

5.3 Effects on Uncertainty
We explore which lexical properties affect uncer-
tainty estimation from four aspects: the syntac-
tic category (Folk and Morris, 2003), morphol-
ogy 3(Lieber, 2004), sense granularity and seman-
tic relations (Sternefeld and Zimmermann, 2013),
motivated by linguistic and cognitive studies. Re-
garding syntactic categories, we focus on four i.e.,
parts of speech (POS) for target content words.
Morphology aims at the number of morphemes
(nMorph). A sense inventory refers to the sense
items in a dictionary, whose granularity influences
the candidate sense listing for the target word and
its sense annotation (Kilgarriff, 1997). We consider
two aspects:

• number of annotated ground-truth senses
(nGT);

• number of candidate senses, i.e., polysemy
degree (nPD);

To consider semantic interactions with other
words, we utilize WordNet (Miller et al., 1990),
a semantic network to extract lexical relations.
Specifically, we concentrate on the hyponym and
synonymy relations. A word (or sense) is a hy-
ponym of another if the first is more specific, de-
noting a subclass of the other. For example, ta-
ble is a hyponym of furniture. Each word as a
node in WordNet lies in a hyponym tree, where
the depth implies the degree of specification, de-
noted as dHypo. Meanwhile, we also explore the
size of the synonymy set (dSyno) into which the
ground-truth sense falls.

We perform linear regression analysis and con-
clude that most effects are significant as coefficients
to the UE score, except for dSyno and ADV of POS.

3Here, we mainly consider derivational morphology. Mul-
tiword expressions e.g., compound words are included as well.
Words with different inflectional morphology are regarded as
the same lemma form.

This is consistent with our result in Subection 5.3.3.
The summary of the linear regression is shown in
Appendix A.4. Afterwards, we design a controlled
procedure to analyze and balance different effects.
First, samples are drawn from all the test instances
depending on some conditions, including nGT and
POS. Afterward, we aggregate test data in one of
three manners: instance (I), lemma (L), and sense
(S) and average the UE values for the instances
with the same manner. I represents each occur-
rence of the target word, L considers words with
different inflections (e.g., works and worked), and
S targets words with the same ground-truth sense.
The sampled data is then grouped into N levels
in terms of the values for the different effects in
question. Finally, we calculate the mean UE score
for each group and their corresponding T-test and
p values. We heuristically set different choices of
N for different effects, considering the trade-off of
level granularity and sample sparsity. The p-value
is expected to be lower than 5%. The overall com-
parison is summarized in Table 3 with the number
and value range of different levels in Table 4.

5.3.1 Syntactic Category and Morphology
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Figure 7: Averaged UE scores and numbers for in-
stances aggregated by sense, with different parts of
speech (a) and the corresponding difference significance
for each pair (b). The heatmap (b) shows the T-test val-
ues where a higher absolute value (grids with a deeper
color) indicates a more significant difference. We high-
light the grid with a corresponding p value larger than
5%, implying no significant difference.

We show the averaged UE scores for instances
with different POS and their corresponding T-test
value in Figure 7. Except for the NOUN-ADJ pair,
verbal instances are more significantly uncertain
than NOUN or ADJ, while ADV has the least un-
certainty. The result implies the senses of verbs
are generally harder to determine than other cate-
gories, consistent with previous work (Barba et al.,
2021; Campolungo et al., 2022). This is reflected
in Table 2 and Figure 6.



Effect Condition Agg.
Uncertainty Estimation Difference Significance
L1 L2 L3 L1 ↔ L2 L1 ↔ L3 L2 ↔ L3

nGT=1, POS=NOUN 0.13 0.11 0.07 1.44e-2 1.35e-8 5e-4
nGT=1, POS=VERB 0.22 0.19 0.13 7.61e-2 6.04e-4 6.6e-2
nGT=1, POS=ADJ 0.11 0.08 0.10 3.6e-2 4.21e-1 4.40e-1

nMorph

nGT=1, POS=ADV

L

0.11 0.06 0.02 7.6e-2 6.04e-4 6.60e-2

nGT - I 0.12 0.22 - 1.61e-22 - -
nPD nGT=1 L 0.04 0.16 0.22 6.22e-96 3.42e-135 5.01e-10

dHypo nGT=1, POS=NOUN L 0.14 0.12 0.09 1.43e-2 1.91e-6 6e-3
dSyno nGT=1 S 0.14 0.14 0.14 5.55 5.38 5.67

Table 3: Different uncertainty estimations (SMP) for different levels and corresponding difference significance
(p values) of various effects involving morphology, inventory organization and semantic relations. Agg. means
aggregation manners of the lemma (L), instance (I), and sense (S).

Effect L1 L2 L3

number 514 603 397nMorph (N) range (0,1.67] (1.67,2] (2,9]
number 200 313 132nMorph (V) range (0,2) [2,2] (2,6]
number 136 201 69nMorph (A) range (0,1.30] (1.30,2] (2,6]
number 25 85 36nMorph (D) range (0,2] [2,2] (2,6]

number 6913 340 -nGT range 1 >1 -
number 1145 963 463nPD range (0,2] (2,6] (6,50]

number 729 666 340dHypo range (1,6] (6,9] (9,43]
number 1109 1407 763dSyno range (0,1] (1,3] (3,28]

Table 4: The number and range of effects quantified into
different levels for various effects.

We further explore the effects of morphology
in Table 3. After extracting morphemes for each
word using an off-line tool 4, we count the num-
ber of morphemes (denoted as nMorph). Since
words with different parts of speech may have dis-
tinct mechanisms of word formation rules, we split
data according to POS before averaging their UE
scores and calculating corresponding difference
significance. It shows that generally, the more mor-
phemes a word consists of, the more uncertain its
semantics would be. This is expected from the per-
spective of derivational morphology since adding
prefixes, or suffixes could specify the stem words
and have a relatively predictable meaning. For ex-
ample, “V-ation” indicates the action or process

4https://polyglot.readthedocs.io/en/latest

of the stem verb, e.g., education, memorization.
According to T-test in Table 3, UE scores of dif-
ferent levels for nouns are significantly distinct,
while the difference is not so significant for other
categories. It is because the derivational nouns in-
cluding compound words are more representative
and productive than other categories. This can be
demonstrated by the fact that nouns contain the
highest number of morphemes as shown in Table 4.

5.3.2 Sense Granularity

We first consider the number of ground-truth senses,
i.e., nGT. During the annotation process, a not in-
significant 5% of the target words is labeled mul-
tiple senses (Conia and Navigli, 2021). This re-
flects the difficulty in choosing the most appropri-
ate meaning, even for human annotators. Given
their contexts, the semantics of these words are
expected to be more uncertain, and our result is
consistent with this fact. We control nGT to be 1 in
the remaining evaluation to eliminate its influence.

Second, we study the effect of polysemy degree
(the number of possible candidates), i.e., nPD. It
shows that target words with a more significant
polysemy degree tend to be more uncertain. It
is intuitively understandable because words with
more possible meanings are always commonplace
and easily prone to semantic change, e.g., go, play.
Furthermore, their sense descriptions in WordNet
are more fine-grained, indistinguishable in some
cases even for humans. However, words with less
polysemy degrees, such as compound words, are
more certain in various contexts.



5.3.3 Semantic relation
We discuss the effects of semantic relations for the
target word in terms of WordNet. We first consider
the hyponym relations, i.e., the depth in which a
word node lies in the hyponym relation tree, as
denoted by dHypo. Since nouns have clearer in-
stances of hyponymy relation, we only consider
this category. The results displayed in Table 3
show that instances with a deeper hyponym tend to
own a certain meaning and the difference between
each pair of levels is significant. That indicates that
more specific concepts have a more determinate
disambiguation, which is intuitive.

Another semantic relation is synonymy, as rep-
resented by dSyno. The measurement reveals that
instances among different levels of the number of
synonyms do not differ from each other signifi-
cantly. This implies that whether the ground-truth
meaning has more neighbors with similar seman-
tics has less impact on the decision of uncertainty.

6 Conclusion

We explore the uncertainty estimation for WSD.
First, we compare various uncertainty scores. Then
we choose SMP as the uncertainty indicator and
examine to what extent a SOTA model captures
data uncertainty and model uncertainty. Experi-
ments demonstrate that the model estimates data
uncertainty adequately but underestimates model
uncertainty. We further explore effects that influ-
ence uncertainty estimation in the perspectives of
morphology, inventory organization and semantic
relations. We will integrate WSD with uncertainty
estimation into downstream applications in the fu-
ture.

7 Limitations

Despite being easily adapted to current deep learn-
ing architectures, one concern about multiple-
forward sampling methods is efficiency, since it
has to repeat T processes to evaluate uncertainty in
the stage of inference. We leave efficient variants
of sampling methods for future work.

Another glaring issue is the focus on only En-
glish. Different languages may have different ef-
fects on uncertainty estimation due to e.g., distinct
forms of morphology. Thus, some conclusions may
vary according to the language in question. We
hope that follow-up works will refine and comple-
ment our insights on a more representative sample
of natural languages.

8 Ethics Statement

We do not foresee any immediate negative ethical
consequences of our research.

9 Broader Impact Statement

Knowing what we do not know, i.e., a well-
calibrated uncertainty estimation, is fundamental
for an AI-assisted application in the real world. In
the area of word sense disambiguation, the ambigu-
ity and vagueness inherent in lexical semantics re-
quire a model to represent and measure uncertainty
effectively. Our work explores the combination of
these two areas and hopes that it will provide an
approach to understanding the characteristics of
languages.
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A Appendix

A.1 Distribution of UE scores

We illustrate the distribution of UE scores, i.e., MP,
SMP, PV and BALD for all the test samples in
Figure 8 and samples that are correctly predicted
in Figure 9. We assume samples that the model
could accurately predict are easy and thus have a
more certain meaning. Although SMP is not so
long-tailed as MP in the case of correctly predicted
samples, we do not expect a metric “overconfident”
in all the cases, especially in the misclassified in-
stances.
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Figure 8: The distribution of four UE scores on all the
test samples. The averaged value is indicated by a red
dotted line. We calculate the sample skewness for each
score as well.
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Figure 9: UE distribution on well-classified samples.

A.2 Other Scores for Data Uncertainty

We display the other two sample-based scores PV
and BALD, in comparison with SMP in two data
uncertainty scenarios in Figure 10. SMP has a

higher uncertain score than the other two, espe-
cially in the more sparse context (e.g., L = 0), as
we expected.
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Figure 10: UE scores (SMP, PV, and BALD) vary
depending on the range of context for (a) window-
controlled setting and (b) syntax-controlled setting.

A.3 Other Scores for Model Uncertainty

We illustrate the other three UE scores (MP, PV and
BALD) and accuracy for the scenario of model un-
certainty compared with the least uncertain case for
data uncertainty (L=0) in Figure 11, Figure 12 and
Figure 13, respectively. The conclusion that UE
scores underestimate model uncertainty is similar
to that of MP.
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Figure 11: Uncertainty (MP) and accuracy scores for
model uncertainty (OOD) and data uncertainty (con-
trolled context) scenarios. We use window-controlled
UE with L=0 (WC w. L=0). It is evaluated in all the
data instances and wrongly (UE_Wrong) or correctly
(UE_Correct) classified instances.
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Figure 12: Uncertainty (PV) and accuracy scores for
model uncertainty (OOD) and data uncertainty (con-
trolled context) scenarios.
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Figure 13: Uncertainty (BALD) and accuracy scores
for model uncertainty (OOD) and data uncertainty (con-
trolled context) scenarios.

A.4 Linear Regression Analysis

Figure 14 reports all the effects and corresponding
coefficients and p-values of the linear regression
model described in Subsection 5.3.

Figure 14: Linear regression model predicting the UE
score (SMP) by various effects.
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