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1. 向量语义模型的理论基础

目录

1 向量语义模型的理论基础

2 词汇语义学

3 向量语义模型

4 余弦相似度

5 词频-逆文档频：在向量中为词语加权

6 点互信息

7 向量语义模型的应用

8 Word2vec

9 词嵌入可视化

10 词嵌入的语义属性

zjzhang (HZNU) 文本挖掘 2025-02-01 3 / 60



1. 向量语义模型的理论基础

分布假设：词语的意义并非孤立存在，而是与它在文本中出现的环
境密切相关。早在1950年代，Joos、Harris、Firth 等语言学家便观察到：
相近语义的词往往会在类似的上下文中共同出现。这一观察形成了“分
布假设”，即“词语相似性可以通过其分布特点来度量”。 

向量表示：心理学家 Osgood 等人在 1957 年提出，将词语的情感语
义信息用多维空间中的一个点来表示，提出了三个关键维度：愉悦度
（valence）、唤起度（arousal）和支配度（dominance），每个词可以用一
个三维向量来进行描述，从而刻画其在情感上的位置。

稀疏表示到密集嵌入的转变：¬ 早期，基于共现计数的稀疏（高维）
向量表示方法，如 tf-idf 和 PPMI 等；­ 现在，基于自监督学习的密集
型（低维）词向量模型。稀疏表示虽然直观，但维数庞大且难以捕捉深
层语义结构；而密集嵌入（如 word2vec、GloVe）则能在较低维空间中
更有效地反映词语间的语义距离和相似性。 
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2. 词汇语义学

1. 同义关系（Synonymy）
当两个词在某个语义层面具有相似或近似的意义时，便可称其为同义词。

同义的形式化定义为：若两个词可以在任意句子中相互替换而不改变句子的真
值条件，则它们为同义词。由于形式上的差别必然伴随某种语义差异，在实际
中很难找到绝对意义完全相同的词，因此同义关系通常指近似同义。

2. 词语相似性（Word Similarity）
词语并不总是严格的同义，而更多是具有相似性。以“cat”与“dog”为

例，它们在具体语义上并非替换性同义，但在人们的直观感知中仍被视为语义
上相近。这种相似性为句子或文本的整体语义比较提供了依据。

3. 词语关联性（Word Relatedness）
除了相似性外，词语之间还存在其他类型的关联性。例如“coffee”与

“cup”虽然在属性上没有太多重合，却在实际使用中密切相关，因为它们常共
同出现在饮用咖啡的情境中，属于同一个语义场。

语义场（semantic field）是指覆盖特定语义范畴、且彼此之间存在结构化
关联的一组词汇，如外科医生、手术刀、护士等均属于医院相关词汇。语义场
为发现文本中的主题结构和关联关系提供了理论支撑。
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3. 向量语义模型
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3. 向量语义模型

文档与词汇的向量空间模型

将文档和词汇映射到高维向量空间中的核心思想是：利用共现矩阵
构建向量表示，以捕捉文本中蕴含的统计信息与语义联系。

1. 利用文档构造向量（Term‐Document Matrix）
在文档向量表示中，每一行对应词汇表中的一个词，每一列对应文

档集合中的一个文档。矩阵中每个单元格记录了某一词在某一文档中出
现的次数。

6.3 • WORDS AND VECTORS 107

a particular word (defined by the row) occurs in a particular document (defined by
the column). Thus fool appeared 58 times in Twelfth Night.

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
fool 36 58 1 4
wit 20 15 2 3

Figure 6.2 The term-document matrix for four words in four Shakespeare plays. Each cell
contains the number of times the (row) word occurs in the (column) document.

The term-document matrix of Fig. 6.2 was first defined as part of the vector
space model of information retrieval (Salton, 1971). In this model, a document isvector space

model
represented as a count vector, a column in Fig. 6.3.

To review some basic linear algebra, a vector is, at heart, just a list or array ofvector

numbers. So As You Like It is represented as the list [1,114,36,20] (the first column
vector in Fig. 6.3) and Julius Caesar is represented as the list [7,62,1,2] (the third
column vector). A vector space is a collection of vectors, and is characterized byvector space

its dimension. Vectors in a 3-dimensional vector space have an element for eachdimension

dimension of the space. We will loosely refer to a vector in a 4-dimensional space
as a 4-dimensional vector, with one element along each dimension. In the example
in Fig. 6.3, we’ve chosen to make the document vectors of dimension 4, just so they
fit on the page; in real term-document matrices, the document vectors would have
dimensionality |V |, the vocabulary size.

The ordering of the numbers in a vector space indicates the different dimensions
on which documents vary. The first dimension for both these vectors corresponds to
the number of times the word battle occurs, and we can compare each dimension,
noting for example that the vectors for As You Like It and Twelfth Night have similar
values (1 and 0, respectively) for the first dimension.

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
fool 36 58 1 4
wit 20 15 2 3

Figure 6.3 The term-document matrix for four words in four Shakespeare plays. The red
boxes show that each document is represented as a column vector of length four.

We can think of the vector for a document as a point in |V |-dimensional space;
thus the documents in Fig. 6.3 are points in 4-dimensional space. Since 4-dimensional
spaces are hard to visualize, Fig. 6.4 shows a visualization in two dimensions; we’ve
arbitrarily chosen the dimensions corresponding to the words battle and fool.

Term-document matrices were originally defined as a means of finding similar
documents for the task of document information retrieval. Two documents that are
similar will tend to have similar words, and if two documents have similar words
their column vectors will tend to be similar. The vectors for the comedies As You
Like It [1,114,36,20] and Twelfth Night [0,80,58,15] look a lot more like each other
(more fools and wit than battles) than they look like Julius Caesar [7,62,1,2] or
Henry V [13,89,4,3]. This is clear with the raw numbers; in the first dimension
(battle) the comedies have low numbers and the others have high numbers, and we
can see it visually in Fig. 6.4; we’ll see very shortly how to quantify this intuition
more formally.
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3. 向量语义模型

每个文档可以看作一个向量，其维度等于词汇表大小。在此模型中，
文档间的相似性通过比较对应向量（如在“battle”与“fool”这两个维
度上的分布）得以体现。如果两个文档在大多数词汇上具有类似的计数
分布，那么它们在向量空间中距离较近，表示语义上具有相似性。108 CHAPTER 6 • VECTOR SEMANTICS AND EMBEDDINGS
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Figure 6.4 A spatial visualization of the document vectors for the four Shakespeare play
documents, showing just two of the dimensions, corresponding to the words battle and fool.
The comedies have high values for the fool dimension and low values for the battle dimension.

A real term-document matrix, of course, wouldn’t just have 4 rows and columns,
let alone 2. More generally, the term-document matrix has |V | rows (one for each
word type in the vocabulary) and D columns (one for each document in the collec-
tion); as we’ll see, vocabulary sizes are generally in the tens of thousands, and the
number of documents can be enormous (think about all the pages on the web).

Information retrieval (IR) is the task of finding the document d from the Dinformation
retrieval

documents in some collection that best matches a query q. For IR we’ll therefore also
represent a query by a vector, also of length |V |, and we’ll need a way to compare
two vectors to find how similar they are. (Doing IR will also require efficient ways
to store and manipulate these vectors by making use of the convenient fact that these
vectors are sparse, i.e., mostly zeros).

Later in the chapter we’ll introduce some of the components of this vector com-
parison process: the tf-idf term weighting, and the cosine similarity metric.

6.3.2 Words as vectors: document dimensions
We’ve seen that documents can be represented as vectors in a vector space. But
vector semantics can also be used to represent the meaning of words. We do this
by associating each word with a word vector— a row vector rather than a columnrow vector

vector, hence with different dimensions, as shown in Fig. 6.5. The four dimensions
of the vector for fool, [36,58,1,4], correspond to the four Shakespeare plays. Word
counts in the same four dimensions are used to form the vectors for the other 3
words: wit, [20,15,2,3]; battle, [1,0,7,13]; and good [114,80,62,89].

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
fool 36 58 1 4
wit 20 15 2 3

Figure 6.5 The term-document matrix for four words in four Shakespeare plays. The red
boxes show that each word is represented as a row vector of length four.

For documents, we saw that similar documents had similar vectors, because sim-
ilar documents tend to have similar words. This same principle applies to words:
similar words have similar vectors because they tend to occur in similar documents.
The term-document matrix thus lets us represent the meaning of a word by the doc-
uments it tends to occur in.
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3. 向量语义模型

以文档为维度构造词向量

1. 词向量的构造
利用上述的词—文档矩阵，每个词可以以一行向量表示，其维度仍

然是文档数。即一个词的向量反映了该词在不同文档中出现的频率分布。

108 CHAPTER 6 • VECTOR SEMANTICS AND EMBEDDINGS
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documents in some collection that best matches a query q. For IR we’ll therefore also
represent a query by a vector, also of length |V |, and we’ll need a way to compare
two vectors to find how similar they are. (Doing IR will also require efficient ways
to store and manipulate these vectors by making use of the convenient fact that these
vectors are sparse, i.e., mostly zeros).

Later in the chapter we’ll introduce some of the components of this vector com-
parison process: the tf-idf term weighting, and the cosine similarity metric.

6.3.2 Words as vectors: document dimensions
We’ve seen that documents can be represented as vectors in a vector space. But
vector semantics can also be used to represent the meaning of words. We do this
by associating each word with a word vector— a row vector rather than a columnrow vector

vector, hence with different dimensions, as shown in Fig. 6.5. The four dimensions
of the vector for fool, [36,58,1,4], correspond to the four Shakespeare plays. Word
counts in the same four dimensions are used to form the vectors for the other 3
words: wit, [20,15,2,3]; battle, [1,0,7,13]; and good [114,80,62,89].

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
fool 36 58 1 4
wit 20 15 2 3

Figure 6.5 The term-document matrix for four words in four Shakespeare plays. The red
boxes show that each word is represented as a row vector of length four.

For documents, we saw that similar documents had similar vectors, because sim-
ilar documents tend to have similar words. This same principle applies to words:
similar words have similar vectors because they tend to occur in similar documents.
The term-document matrix thus lets us represent the meaning of a word by the doc-
uments it tends to occur in.

基于分布假设，相似词往往出现在相似的文档中，因此其向量在文
档维度下会表现出相近的数值分布。通过比较这些行向量，可以捕获词
汇之间的语义相似性。这种方法直接利用文档统计信息来刻画每个词的
语义特征，从而使得相同或相近意义的词（尽管形式不同）在向量空间
中趋于聚集，便于在后续任务中进行相似性度量和信息检索。
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3. 向量语义模型

以词为维度构造词向量——词—词共现矩阵

1. 词—词（Term-Term 或 Word-Word）矩阵
除了使用文档作为向量维度 (粗粒度)，还可以利用词在上下文窗口

内的共现情况来构造向量 (细粒度)。此时，每一行仍表示目标词，但每
一列对应的不是整个文档，而是语境中的另一个词。统计目标词与各上
下文词在固定窗口（例如左右各4个词）中的共现次数，形成的便是词—
词共现矩阵。由于词汇量通常较大（例如常见词可能达到一万个甚至五
万个），因此这种矩阵往往是高维且稀疏的。

6.3 • WORDS AND VECTORS 109

6.3.3 Words as vectors: word dimensions
An alternative to using the term-document matrix to represent words as vectors of
document counts, is to use the term-term matrix, also called the word-word ma-
trix or the term-context matrix, in which the columns are labeled by words ratherword-word

matrix
than documents. This matrix is thus of dimensionality |V |×|V | and each cell records
the number of times the row (target) word and the column (context) word co-occur
in some context in some training corpus. The context could be the document, in
which case the cell represents the number of times the two words appear in the same
document. It is most common, however, to use smaller contexts, generally a win-
dow around the word, for example of 4 words to the left and 4 words to the right,
in which case the cell represents the number of times (in some training corpus) the
column word occurs in such a±4 word window around the row word. Here are four
examples of words in their windows:

is traditionally followed by cherry pie, a traditional dessert
often mixed, such as strawberry rhubarb pie. Apple pie

computer peripherals and personal digital assistants. These devices usually
a computer. This includes information available on the internet

If we then take every occurrence of each word (say strawberry) and count the
context words around it, we get a word-word co-occurrence matrix. Fig. 6.6 shows a
simplified subset of the word-word co-occurrence matrix for these four words com-
puted from the Wikipedia corpus (Davies, 2015).

aardvark ... computer data result pie sugar ...
cherry 0 ... 2 8 9 442 25 ...

strawberry 0 ... 0 0 1 60 19 ...
digital 0 ... 1670 1683 85 5 4 ...

information 0 ... 3325 3982 378 5 13 ...
Figure 6.6 Co-occurrence vectors for four words in the Wikipedia corpus, showing six of
the dimensions (hand-picked for pedagogical purposes). The vector for digital is outlined in
red. Note that a real vector would have vastly more dimensions and thus be much sparser.

Note in Fig. 6.6 that the two words cherry and strawberry are more similar to
each other (both pie and sugar tend to occur in their window) than they are to other
words like digital; conversely, digital and information are more similar to each other
than, say, to strawberry. Fig. 6.7 shows a spatial visualization.
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Figure 6.7 A spatial visualization of word vectors for digital and information, showing just
two of the dimensions, corresponding to the words data and computer.

Note that |V |, the dimensionality of the vector, is generally the size of the vo-
cabulary, often between 10,000 and 50,000 words (using the most frequent words

例如，“cherry”与“strawberry”的共现向量在与“pie”或“sugar”等词
上的计数较高，从而体现了二者在饮食或甜点语境下的密切联系。
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3. 向量语义模型

例如，“digital”与“information”在相关上下文中的共现频次表明
了两者的语义相关性。

6.3 • WORDS AND VECTORS 109

6.3.3 Words as vectors: word dimensions
An alternative to using the term-document matrix to represent words as vectors of
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Note that |V |, the dimensionality of the vector, is generally the size of the vo-
cabulary, often between 10,000 and 50,000 words (using the most frequent words
细粒度上下文的优势：利用词—词共现矩阵，可以更直接地反映词

汇在局部语境中的相似性。与文档级别的统计不同，局部共现更能揭示
词与词之间微妙的语义差异，对于捕捉同义、相似以及联想关系均具有
较高的敏感度。
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4. 余弦相似度
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4. 余弦相似度

余弦相似度的基本思想

在向量语义模型中，最常用的比较两个向量之间的相似程度的衡量
指标是“余弦相似度”，即，向量之间夹角的余弦值。

1. 余弦相似度的定义
余弦相似度基于向量的点积（内积）运算。对于两个同维度的向量

v 与 w，它们的点积定义为：

v · w =

N∑
i=1

viwi

为避免直接使用点积时因向量长度不同而导致的偏差，将点积结果
归一化，定义余弦相似度为：

cos(θ) = v · w
|v| |w|
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4. 余弦相似度

其中，向量的模长 |v| 定义为：

|v| =

√√√√ N∑
i=1

v2i

点积反映共同特征：当两个向量在相同维度上均取较高数值时，点
积将较大；而若两个向量在不同维度上呈现较高值，则点积相对较低。
这说明点积可反映它们在语义空间中是否在相同方向上存在较强重合。

归一化消除长度差异：长向量（频次较高）在原始点积上会天然具
有较高值，为了不受这一因素影响，采用模长归一化，使得余弦相似度
只反映向量之间的夹角大小。对归一化后的单位向量，其点积直接等于
余弦值：

cos(θ) = v
|v| ·

w
|w|
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4. 余弦相似度

2. 余弦相似度的优点
- 尺度无关性：由于余弦相似度对向量的模长进行了标准化，使得

无论词的出现频次如何，只要其分布的“形状”相似（即各维度上占比
类似），其余弦值就会较高。

- 取值范围明确：当所有向量分量均为非负数时（如基于词频构造
的共现向量），余弦值的范围从 0 到 1，数值越大说明相似度越高，这在
具体应用中直观易懂。

- 计算简便、效率较高：余弦相似度依赖基本的线性代数运算（点
积和模长计算），实现简单且计算速度快，适用于大规模文本数据处理。
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4. 余弦相似度

示例说明与应用场景

构造一个包含“cherry”、“digital”及“information”的共现计数矩
阵，计算词语之间的余弦相似度：

6.5 • TF-IDF: WEIGHING TERMS IN THE VECTOR 111

cosine(v,w) =
v ·w
|v||w| =

N∑

i=1

viwi

√√√√
N∑

i=1

v2
i

√√√√
N∑

i=1

w2
i

(6.10)

For some applications we pre-normalize each vector, by dividing it by its length,
creating a unit vector of length 1. Thus we could compute a unit vector from a byunit vector

dividing it by |a|. For unit vectors, the dot product is the same as the cosine.
The cosine value ranges from 1 for vectors pointing in the same direction, through

0 for orthogonal vectors, to -1 for vectors pointing in opposite directions. But since
raw frequency values are non-negative, the cosine for these vectors ranges from 0–1.

Let’s see how the cosine computes which of the words cherry or digital is closer
in meaning to information, just using raw counts from the following shortened table:

pie data computer
cherry 442 8 2
digital 5 1683 1670

information 5 3982 3325

cos(cherry, information) =
442∗5+8∗3982+2∗3325√

4422 +82 +22
√

52 +39822 +33252
= .018

cos(digital, information) =
5∗5+1683∗3982+1670∗3325√

52 +16832 +16702
√

52 +39822 +33252
= .996

The model decides that information is way closer to digital than it is to cherry, a
result that seems sensible. Fig. 6.8 shows a visualization.
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Dimension 2: ‘computer’

Figure 6.8 A (rough) graphical demonstration of cosine similarity, showing vectors for
three words (cherry, digital, and information) in the two dimensional space defined by counts
of the words computer and pie nearby. The figure doesn’t show the cosine, but it highlights the
angles; note that the angle between digital and information is smaller than the angle between
cherry and information. When two vectors are more similar, the cosine is larger but the angle
is smaller; the cosine has its maximum (1) when the angle between two vectors is smallest
(0◦); the cosine of all other angles is less than 1.

6.5 TF-IDF: Weighing terms in the vector

The co-occurrence matrices above represent each cell by frequencies, either of words
with documents (Fig. 6.5), or words with other words (Fig. 6.6). But raw frequency

上例结果直观地表明，“information”与“digital”在统计上（从共
现模式看）具有高度相似性，而与“cherry”则相去甚远，从而体现出余
弦相似度在捕捉词义相似关系上的有效性。
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4. 余弦相似度
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Figure 6.8 A (rough) graphical demonstration of cosine similarity, showing vectors for
three words (cherry, digital, and information) in the two dimensional space defined by counts
of the words computer and pie nearby. The figure doesn’t show the cosine, but it highlights the
angles; note that the angle between digital and information is smaller than the angle between
cherry and information. When two vectors are more similar, the cosine is larger but the angle
is smaller; the cosine has its maximum (1) when the angle between two vectors is smallest
(0◦); the cosine of all other angles is less than 1.

6.5 TF-IDF: Weighing terms in the vector

The co-occurrence matrices above represent each cell by frequencies, either of words
with documents (Fig. 6.5), or words with other words (Fig. 6.6). But raw frequency

词相似性计算：度量两个词的向量表示的相似性，进而在同义词发
现、词义消歧、信息检索等任务中发挥重要作用。

文档相似度计算：通过计算文档向量间的余弦相似度，可以评估两
个文档在主题、内容上是否接近，辅助分类、聚类等任务的开展。
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5. 词频-逆文档频：在向量中为词语加权
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5. 词频-逆文档频：在向量中为词语加权

问题背景及动机

频次统计的局限性：在构造词—文档或词—词共现矩阵时，通常直
接使用原始频次来描述词语的共现情况。然而，原始频次分布往往呈现
高度偏斜的特性：某些常见词（如“the”、“good”）在所有文档中均出
现较频繁，这使得这些词在向量表示中占据较大的权重，导致其缺乏区
分性。为了更好地捕捉对文档语义具有鉴别作用的单词，同时降低那些
高频且信息量不高的单词的影响，就需要对原始频次进行“加权”处理。

权衡信息量与常见性的矛盾：一个单词在某文档中出现得越频繁，
通常表明该单词对文档的主题具有较大贡献；但另一方面，如果一个单
词在整个文档集合中均频繁出现，则它对区分各文档的重要性较低。因
此，如何在“词频高代表重要”与“全局高频代表普遍性”之间取得平
衡，是词频-逆文档频 (TF-IDF)设计的初衷。
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5. 词频-逆文档频：在向量中为词语加权

TF-IDF 的两个核心组成部分

TF-IDF 模型将单词在文档中的重要性拆解为两个相乘的部分：
1. 词频（Term Frequency, tf）
词频 tft,d 表示单词 t 在文档 d 中出现的次数。最简单的定义就是直

接使用原始计数：
tft,d = count(t, d)

对频次的对数平滑处理：为避免词频极高的单词对模型产生过度影
响，同时体现“出现 100 次并不意味着比出现 10 次重要 10 倍”这一直
觉，通常采用对数变换对频次进行“平滑”：

tft,d =

{
1 + log10(count(t, d)) if count(t, d) > 0,

0 otherwise.

例如，当单词在文档中出现 1 次、10 次、100 次时，对应的 tf 分别
为 1、2、3，从而弱化频次增加带来的线性影响。
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5. 词频-逆文档频：在向量中为词语加权

逆文档频率（Inverse Document Frequency, idf）

逆文档频率 idft 用于降低在整个文档集合中普遍出现的单词的权
重：

idft = log10
(

N
dft

)
其中 N 为文档总数，dft 为包含单词 t 的文档数。当 dft = N 时，idft 取
最低值（0），以反映这些普遍性高的单词在区分文档时信息量较低。

文档频率 dft 表示单词 t 在多少个文档中出现；与之不同，集合频
率指单词在所有文档中出现的总次数。即便两个单词在全集中出现的总
次数相同，但如果一个单词只在极少数文档中出现，而另一个单词则几
乎遍布所有文档，则前者能够更好地区分文档主题，应赋予更高权重。
例如，莎士比亚全集中“Romeo”与“action”两词出现次数相同，但
“Romeo”只在一部戏剧中出现，因此其 idf 值要高于“action”。
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5. 词频-逆文档频：在向量中为词语加权

TF-IDF 权重的计算及示例

将词频与逆文档频率相乘，得到单词 t 在文档 d 中的 TF-IDF 权重：

wt,d = tft,d × idft

该公式同时考虑了单词在局部文档中的重要性与其在全局集合中的区分
性，从而对各个单词赋予合适的权重。

计算实例：在37部莎士比亚戏剧中统计词语的逆文档频，如下：

6.5 • TF-IDF: WEIGHING TERMS IN THE VECTOR 113

We emphasize discriminative words like Romeo via the inverse document fre-
quency or idf term weight (Sparck Jones, 1972). The idf is defined using the frac-idf

tion N/dft , where N is the total number of documents in the collection, and dft is
the number of documents in which term t occurs. The fewer documents in which a
term occurs, the higher this weight. The lowest weight of 1 is assigned to terms that
occur in all the documents. It’s usually clear what counts as a document: in Shake-
speare we would use a play; when processing a collection of encyclopedia articles
like Wikipedia, the document is a Wikipedia page; in processing newspaper articles,
the document is a single article. Occasionally your corpus might not have appropri-
ate document divisions and you might need to break up the corpus into documents
yourself for the purposes of computing idf.

Because of the large number of documents in many collections, this measure
too is usually squashed with a log function. The resulting definition for inverse
document frequency (idf) is thus

idft = log10

(
N
dft

)
(6.13)

Here are some idf values for some words in the Shakespeare corpus, (along with
the document frequency df values on which they are based) ranging from extremely
informative words which occur in only one play like Romeo, to those that occur in a
few like salad or Falstaff, to those which are very common like fool or so common
as to be completely non-discriminative since they occur in all 37 plays like good or
sweet.3

Word df idf
Romeo 1 1.57
salad 2 1.27
Falstaff 4 0.967
forest 12 0.489
battle 21 0.246
wit 34 0.037
fool 36 0.012
good 37 0
sweet 37 0

The tf-idf weighted value wt,d for word t in document d thus combines termtf-idf

frequency tft,d (defined either by Eq. 6.11 or by Eq. 6.12) with idf from Eq. 6.13:

wt,d = tft,d× idft (6.14)

Fig. 6.9 applies tf-idf weighting to the Shakespeare term-document matrix in Fig. 6.2,
using the tf equation Eq. 6.12. Note that the tf-idf values for the dimension corre-
sponding to the word good have now all become 0; since this word appears in every
document, the tf-idf weighting leads it to be ignored. Similarly, the word fool, which
appears in 36 out of the 37 plays, has a much lower weight.

The tf-idf weighting is the way for weighting co-occurrence matrices in infor-
mation retrieval, but also plays a role in many other aspects of natural language
processing. It’s also a great baseline, the simple thing to try first. We’ll look at other
weightings like PPMI (Positive Pointwise Mutual Information) in Section 6.6.

3 Sweet was one of Shakespeare’s favorite adjectives, a fact probably related to the increased use of
sugar in European recipes around the turn of the 16th century (Jurafsky, 2014, p. 175).
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5. 词频-逆文档频：在向量中为词语加权

6.3 • WORDS AND VECTORS 107

a particular word (defined by the row) occurs in a particular document (defined by
the column). Thus fool appeared 58 times in Twelfth Night.

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
fool 36 58 1 4
wit 20 15 2 3

Figure 6.2 The term-document matrix for four words in four Shakespeare plays. Each cell
contains the number of times the (row) word occurs in the (column) document.

The term-document matrix of Fig. 6.2 was first defined as part of the vector
space model of information retrieval (Salton, 1971). In this model, a document isvector space

model
represented as a count vector, a column in Fig. 6.3.

To review some basic linear algebra, a vector is, at heart, just a list or array ofvector

numbers. So As You Like It is represented as the list [1,114,36,20] (the first column
vector in Fig. 6.3) and Julius Caesar is represented as the list [7,62,1,2] (the third
column vector). A vector space is a collection of vectors, and is characterized byvector space

its dimension. Vectors in a 3-dimensional vector space have an element for eachdimension

dimension of the space. We will loosely refer to a vector in a 4-dimensional space
as a 4-dimensional vector, with one element along each dimension. In the example
in Fig. 6.3, we’ve chosen to make the document vectors of dimension 4, just so they
fit on the page; in real term-document matrices, the document vectors would have
dimensionality |V |, the vocabulary size.

The ordering of the numbers in a vector space indicates the different dimensions
on which documents vary. The first dimension for both these vectors corresponds to
the number of times the word battle occurs, and we can compare each dimension,
noting for example that the vectors for As You Like It and Twelfth Night have similar
values (1 and 0, respectively) for the first dimension.

As You Like It Twelfth Night Julius Caesar Henry V
battle 1 0 7 13
good 114 80 62 89
fool 36 58 1 4
wit 20 15 2 3

Figure 6.3 The term-document matrix for four words in four Shakespeare plays. The red
boxes show that each document is represented as a column vector of length four.

We can think of the vector for a document as a point in |V |-dimensional space;
thus the documents in Fig. 6.3 are points in 4-dimensional space. Since 4-dimensional
spaces are hard to visualize, Fig. 6.4 shows a visualization in two dimensions; we’ve
arbitrarily chosen the dimensions corresponding to the words battle and fool.

Term-document matrices were originally defined as a means of finding similar
documents for the task of document information retrieval. Two documents that are
similar will tend to have similar words, and if two documents have similar words
their column vectors will tend to be similar. The vectors for the comedies As You
Like It [1,114,36,20] and Twelfth Night [0,80,58,15] look a lot more like each other
(more fools and wit than battles) than they look like Julius Caesar [7,62,1,2] or
Henry V [13,89,4,3]. This is clear with the raw numbers; in the first dimension
(battle) the comedies have low numbers and the others have high numbers, and we
can see it visually in Fig. 6.4; we’ll see very shortly how to quantify this intuition
more formally.

114 CHAPTER 6 • VECTOR SEMANTICS AND EMBEDDINGS

As You Like It Twelfth Night Julius Caesar Henry V
battle 0.246 0 0.454 0.520
good 0 0 0 0
fool 0.030 0.033 0.0012 0.0019
wit 0.085 0.081 0.048 0.054

Figure 6.9 A portion of the tf-idf weighted term-document matrix for four words in Shake-
speare plays, showing a selection of 4 plays, using counts from Fig. 6.2. For example the
0.085 value for wit in As You Like It is the product of tf= 1+log10(20)= 2.301 and idf= .037.
Note that the idf weighting has eliminated the importance of the ubiquitous word good and
vastly reduced the impact of the almost-ubiquitous word fool.

6.6 Pointwise Mutual Information (PMI)

An alternative weighting function to tf-idf, PPMI (positive pointwise mutual infor-
mation), is used for term-term-matrices, when the vector dimensions correspond to
words rather than documents. PPMI draws on the intuition that the best way to weigh
the association between two words is to ask how much more the two words co-occur
in our corpus than we would have a priori expected them to appear by chance.

Pointwise mutual information (Fano, 1961)4 is one of the most important con-
pointwise

mutual
information cepts in NLP. It is a measure of how often two events x and y occur, compared with

what we would expect if they were independent:

I(x,y) = log2
P(x,y)

P(x)P(y)
(6.16)

The pointwise mutual information between a target word w and a context word
c (Church and Hanks 1989, Church and Hanks 1990) is then defined as:

PMI(w,c) = log2
P(w,c)

P(w)P(c)
(6.17)

The numerator tells us how often we observed the two words together (assuming
we compute probability by using the MLE). The denominator tells us how often
we would expect the two words to co-occur assuming they each occurred indepen-
dently; recall that the probability of two independent events both occurring is just
the product of the probabilities of the two events. Thus, the ratio gives us an esti-
mate of how much more the two words co-occur than we expect by chance. PMI is
a useful tool whenever we need to find words that are strongly associated.

PMI values range from negative to positive infinity. But negative PMI values
(which imply things are co-occurring less often than we would expect by chance)
tend to be unreliable unless our corpora are enormous. To distinguish whether
two words whose individual probability is each 10−6 occur together less often than
chance, we would need to be certain that the probability of the two occurring to-
gether is significantly less than 10−12, and this kind of granularity would require an
enormous corpus. Furthermore it’s not clear whether it’s even possible to evaluate
such scores of ‘unrelatedness’ with human judgments. For this reason it is more

4 PMI is based on the mutual information between two random variables X and Y , defined as:

I(X ,Y ) =
∑

x

∑
y

P(x,y) log2
P(x,y)

P(x)P(y)
(6.15)

In a confusion of terminology, Fano used the phrase mutual information to refer to what we now call
pointwise mutual information and the phrase expectation of the mutual information for what we now call
mutual information

对于“good”这一单词，虽然在每个戏剧中均出现频繁，但由于它在所有
戏剧中的文档频率很高，其 idf 值趋近于 0，因此最终的 TF-IDF 权重也很低，
反映出其对区分不同戏剧主题信息量较小。同样，出现频率较低且局限于少数
文档的单词（例如“Romeo”）会获得较高的 idf 值，从而使其 TF-IDF 权重较
高，突显其在反映特定主题上的作用。
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6. 点互信息

1. 基本理念
点互信息 (Pointwise Mutual Information, PMI)用于判断两个词之间

的“关联”程度，通过比较实际共现概率与独立假设下共现概率的比值，
来定量衡量词与词之间的协同程度。

2. 数学定义
对于目标词 w 与上下文词 c，PMI 定义为：

PMI(w, c) = log2
P(w, c)

P(w)P(c)

其中，P(w, c)表示在语料中 w和 c同时出现的概率（使用最大似然估计，
从共现计数归一化得到）；P(w) 与 P(c) 分别是 w 与 c 各自的出现概率。
概率比值的含义：分子 P(w, c) 反映了观察到的共现情况，分母

P(w)P(c) 则是假设二者互相独立时的共现概率。取对数后可以得到一
个数值，该值越大说明二者实际共现频率越超过独立假设下共现的概率，
因而关联性越强。
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6. 点互信息

3. 正点互信息（PPMI）
PMI的取值范围从负无穷到正无穷，正值表示实际共现频率超过独

立假设下的预期随机共现的概率，负值表示实际共现频率低于独立预期，
但在实际语料中，负PMI值往往不具备可靠性且难以解释。为此，采
用PPMI（Positive PMI），将所有负值置零。

PPMI(w, c) = max
(

log2
P(w, c)

P(w)P(c) , 0
)

计算过程：首先构建词—词共现矩阵 F （行对应目标词，列对应语
境词），利用统计数据计算：

- 联合概率：pij =
fij∑
i,j fij
；

- 边缘概率：pi∗ =
∑

j
fij∑
i,j fij

与 p∗j =
∑

i
fij∑
i,j fij
；

- 计算每个单元格的 PMI，并将小于零的值置为 0。
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6. 点互信息

计算示例

6.6 • POINTWISE MUTUAL INFORMATION (PMI) 115

common to use Positive PMI (called PPMI) which replaces all negative PMI valuesPPMI

with zero (Church and Hanks 1989, Dagan et al. 1993, Niwa and Nitta 1994)5:

PPMI(w,c) = max(log2
P(w,c)

P(w)P(c)
,0) (6.18)

More formally, let’s assume we have a co-occurrence matrix F with W rows (words)
and C columns (contexts), where fi j gives the number of times word wi occurs with
context c j. This can be turned into a PPMI matrix where PPMIi j gives the PPMI
value of word wi with context c j (which we can also express as PPMI(wi,c j) or
PPMI(w = i,c = j)) as follows:

pi j =
fi j∑W

i=1
∑C

j=1 fi j
, pi∗ =

∑C
j=1 fi j∑W

i=1
∑C

j=1 fi j
, p∗ j =

∑W
i=1 fi j∑W

i=1
∑C

j=1 fi j
(6.19)

PPMIi j = max(log2
pi j

pi∗p∗ j
,0) (6.20)

Let’s see some PPMI calculations. We’ll use Fig. 6.10, which repeats Fig. 6.6 plus
all the count marginals, and let’s pretend for ease of calculation that these are the
only words/contexts that matter.

computer data result pie sugar count(w)
cherry 2 8 9 442 25 486

strawberry 0 0 1 60 19 80
digital 1670 1683 85 5 4 3447

information 3325 3982 378 5 13 7703

count(context) 4997 5673 473 512 61 11716
Figure 6.10 Co-occurrence counts for four words in 5 contexts in the Wikipedia corpus,
together with the marginals, pretending for the purpose of this calculation that no other word-
s/contexts matter.

Thus for example we could compute PPMI(information,data), assuming we pre-
tended that Fig. 6.6 encompassed all the relevant word contexts/dimensions, as fol-
lows:

P(w=information, c=data) =
3982

11716
= .3399

P(w=information) =
7703

11716
= .6575

P(c=data) =
5673

11716
= .4842

PPMI(information,data) = log2(.3399/(.6575∗ .4842)) = .0944

Fig. 6.11 shows the joint probabilities computed from the counts in Fig. 6.10, and
Fig. 6.12 shows the PPMI values. Not surprisingly, cherry and strawberry are highly
associated with both pie and sugar, and data is mildly associated with information.

PMI has the problem of being biased toward infrequent events; very rare words
tend to have very high PMI values. One way to reduce this bias toward low frequency

5 Positive PMI also cleanly solves the problem of what to do with zero counts, using 0 to replace the
−∞ from log(0).
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associated with both pie and sugar, and data is mildly associated with information.
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p(w,context) p(w)
computer data result pie sugar p(w)

cherry 0.0002 0.0007 0.0008 0.0377 0.0021 0.0415
strawberry 0.0000 0.0000 0.0001 0.0051 0.0016 0.0068

digital 0.1425 0.1436 0.0073 0.0004 0.0003 0.2942
information 0.2838 0.3399 0.0323 0.0004 0.0011 0.6575

p(context) 0.4265 0.4842 0.0404 0.0437 0.0052
Figure 6.11 Replacing the counts in Fig. 6.6 with joint probabilities, showing the marginals
in the right column and the bottom row.

computer data result pie sugar
cherry 0 0 0 4.38 3.30

strawberry 0 0 0 4.10 5.51
digital 0.18 0.01 0 0 0

information 0.02 0.09 0.28 0 0
Figure 6.12 The PPMI matrix showing the association between words and context words,
computed from the counts in Fig. 6.11. Note that most of the 0 PPMI values are ones that had
a negative PMI; for example PMI(cherry,computer) = -6.7, meaning that cherry and computer
co-occur on Wikipedia less often than we would expect by chance, and with PPMI we replace
negative values by zero.

events is to slightly change the computation for P(c), using a different function Pα(c)
that raises the probability of the context word to the power of α:

PPMIα(w,c) = max(log2
P(w,c)

P(w)Pα(c)
,0) (6.21)

Pα(c) =
count(c)α

∑
c count(c)α

(6.22)

Levy et al. (2015) found that a setting of α = 0.75 improved performance of
embeddings on a wide range of tasks (drawing on a similar weighting used for skip-
grams described below in Eq. 6.32). This works because raising the count to α =
0.75 increases the probability assigned to rare contexts, and hence lowers their PMI
(Pα(c)> P(c) when c is rare).

Another possible solution is Laplace smoothing: Before computing PMI, a small
constant k (values of 0.1-3 are common) is added to each of the counts, shrinking
(discounting) all the non-zero values. The larger the k, the more the non-zero counts
are discounted.

6.7 Applications of the tf-idf or PPMI vector models

In summary, the vector semantics model we’ve described so far represents a target
word as a vector with dimensions corresponding either to the documents in a large
collection (the term-document matrix) or to the counts of words in some neighboring
window (the term-term matrix). The values in each dimension are counts, weighted
by tf-idf (for term-document matrices) or PPMI (for term-term matrices), and the
vectors are sparse (since most values are zero).

The model computes the similarity between two words x and y by taking the
cosine of their tf-idf or PPMI vectors; high cosine, high similarity. This entire model

大多数0 PPMI值对应的原始PMI实为负数。例如，PMI(樱桃, 计算机) = -6.7，
这意味着在维基百科中“樱桃”和“计算机”共同出现的频率比独立假设下预
期随机共同出现的概率还要低。
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改进与平滑策略

PMI 指标倾向于对低频上下文词赋予非常高的值，因为低频事件
下，即使共现次数较小，其比值 P(w,c)

P(w)P(c) 也可能被放大，为了缓解对低

频词的偏差，可以使用幂次调整上下文概率或者进行Laplace 平滑：
1. 幂次平滑（α参数）

Pα(c) =
count(c)α∑
c′ count(c′)α

通常取 α = 0.75 能取得较好的平衡效果。这样，对低频上下文词，其概
率经过幂次平滑后增大，从而降低计算出的 PMI 值，避免极端偏高。

2. Laplace 平滑
另外，也可以通过在共现计数中加入一个小常数 k（例如 0.1 至 3

的范围内），以达到平滑效果，从而防止零计数和降低低频词对结果的
不合理影响。
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7. 向量语义模型的应用

向量语义模型中，每个目标词都可由一个向量表示，其维度对应于
整个文档集合（即词—文档矩阵）或局部上下文词（即词—词共现矩
阵）。在这两种表示中，每一维的值均由词在特定文档中或在指定上下
文中的出现次数得到，两种权重函数分别针对不同情形发挥作用：

TF-IDF：在词—文档矩阵中，通过对局部词频进行对数平滑，再与
逆文档频率的乘积，降低了在所有文档中高频出现的词的权重，突出那
些能区分文档特征的低频词。

PPMI：在词—词共现矩阵中，通过计算目标词与上下文词联合出
现概率与独立出现概率比值的对数，并将负值置零，使得实际共现显著
高于预期的词对获得较高权重，从而更好地揭示词汇间的语义关联。
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语义比较：向量相似性计算

无论是 TF-IDF 还是 PPMI 加权后得到的向量，向量语义模型均采
用余弦相似度作为两向量间相似性比较的主要指标。通过计算两个向量
夹角的余弦值，能够衡量它们在语义空间中方向上的接近程度，余弦值
越接近 1，说明两个词或文档在语义上越相似；反之，数值较低则表明
二者差异较大。

文档向量的构造方法：将文档中所有词的向量进行求和后取平均，
得到该文档的中心向量（质心）：

d =
w1 + w2 + · · ·+ wk

k
这一操作实际是在多维空间中寻找一“平均点”，该点能最小化与文档
中各词向量之间的平方距离总和。
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7. 向量语义模型的应用

具体应用场景

文档相似性计算：信息检索、文档聚类及抄袭检测等任务。

词汇相似性计算：词汇意义拓展、语义演变追踪、词义消歧及文本
自动释义。

其他应用：新闻推荐、数字人文研究（如比较不同文本版本间的内
容相似性）等多种场景。

核心思路均为利用向量空间中各单元的加权分布，客观量化文本中
信息的相似性，为后续分类、聚类和检索提供依据。
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模型背景与动机

传统的文本表示方法（如基于词—文档或词—词共现矩阵的稀疏向
量表示）虽然能够通过加权策略（TF-IDF、PPMI 等）捕捉词语之间的
语义信息，但其向量维度通常高达数万且稀疏，既计算资源消耗较大，
又可能无法充分捕捉词汇之间的细微相似性。

Word2vec 提出了一种通过神经网络方法训练得到的低维、密集向
量（即词嵌入）的表示方法，其优点在于降低了参数规模、提高了计算
效率，并在各种自然语言处理任务上表现出优越性。
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基本思想与模型直观

1. 嵌入向量的定义
Word2vec 的核心在于将词映射到一个低维连续向量空间中，这些

向量通常维度在 50 到 1000 之间，与传统表示中基于词频的高维稀疏向
量相比，具有更紧凑和更连续的特性。其每个维度虽没有明确的语义解
释，但整体能够捕捉词的语义和句法信息。

2. 自监督学习范式
模型利用大量无标注文本中的上下文信息构造训练数据，无需人工

标注。具体来说，通过利用“目标词与上下文词共现”这一自然现象，
将该共现关系作为隐式监督信号，从而直接从数据中“学习”词的分布
式表示。
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模型构成：Skip-gram with Negative Sampling（SGNS）

1. 正、负样本构造
Word2vec 中最常用的实现方式为 Skip-gram 模型，其基本思想是：
¬ 将句子中中心词与其在一定窗口（例如 ±2 个词）内的上下文词

视为正样本。

­ 针对每一个正样本，随机从词汇中采样若干“噪声 (上下文)词”，
构建负样本，要求这些噪声词不等于目标词。

120 CHAPTER 6 • VECTOR SEMANTICS AND EMBEDDINGS
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Figure 6.13 The embeddings learned by the skipgram model. The algorithm stores two
embeddings for each word, the target embedding (sometimes called the input embedding)
and the context embedding (sometimes called the output embedding). The parameter θ that
the algorithm learns is thus a matrix of 2|V | vectors, each of dimension d, formed by concate-
nating two matrices, the target embeddings W and the context+noise embeddings C.

6.8.2 Learning skip-gram embeddings
The learning algorithm for skip-gram embeddings takes as input a corpus of text,
and a chosen vocabulary size N. It begins by assigning a random embedding vector
for each of the N vocabulary words, and then proceeds to iteratively shift the em-
bedding of each word w to be more like the embeddings of words that occur nearby
in texts, and less like the embeddings of words that don’t occur nearby. Let’s start
by considering a single piece of training data:

... lemon, a [tablespoon of apricot jam, a] pinch ...

c1 c2 w c3 c4

This example has a target word w (apricot), and 4 context words in the L = ±2
window, resulting in 4 positive training instances (on the left below):

positive examples +
w cpos

apricot tablespoon
apricot of
apricot jam
apricot a

negative examples -
w cneg w cneg
apricot aardvark apricot seven
apricot my apricot forever
apricot where apricot dear
apricot coaxial apricot if

For training a binary classifier we also need negative examples. In fact skip-
gram with negative sampling (SGNS) uses more negative examples than positive
examples (with the ratio between them set by a parameter k). So for each of these
(w,cpos) training instances we’ll create k negative samples, each consisting of the
target w plus a ‘noise word’ cneg. A noise word is a random word from the lexicon,
constrained not to be the target word w. The right above shows the setting where
k = 2, so we’ll have 2 negative examples in the negative training set − for each
positive example w,cpos.

The noise words are chosen according to their weighted unigram frequency
pα(w), where α is a weight. If we were sampling according to unweighted fre-
quency p(w), it would mean that with unigram probability p(“the”) we would choose
the word the as a noise word, with unigram probability p(“aardvark”) we would
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2. 基于嵌入相似度的概率计算
模型的核心假设是：若一个候选上下文词的嵌入向量与目标词的嵌

入向量相似，则该词更有可能在目标词的上下文中出现。直观地，向量
之间的相似性可以由它们的点积（内积）来衡量，即

Similarity(w, c) ≈ c · w

但由于点积值的范围是 −∞ 到 +∞，无法直接解释为概率。
3. 点积到概率的转换：使用 Sigmoid 函数
为了将点积转化为概率，模型使用 Logistic 回归中的 Sigmoid 函数：

σ(x) = 1

1 + exp(−x)

正例概率表达：将目标词 w 与候选上下文 c 的点积经过 Sigmoid 转
换后，得到

P(+|w, c) = σ(c · w) = 1

1 + exp(−c · w)
这一概率值介于 0 和 1 之间，高值表示 c 很可能为真实上下文词。

zjzhang (HZNU) 文本挖掘 2025-02-01 39 / 60



8. Word2vec

对应地，负例的概率定义为：

P(−|w, c) = 1− P(+|w, c) = σ(−c · w)

4. 整体分类器模型与多上下文处理
当目标词 w 拥有多个上下文词（记为 c1, c2, . . . , cL）时，模型假设

这些上下文词相互独立，则整个上下文窗口为正样本的联合概率为：

P(+|w, c1:L) =
L∏

i=1

σ(ci · w)

其对数形式为

log P(+|w, c1:L) =
L∑

i=1

logσ(ci · w)
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整体上，Skip-gram 模型训练一个二元分类器，其输入为目标词与
候选上下文词对，通过计算二者嵌入向量的点积并经过 Sigmoid 转换，
得到该候选词是否为真实上下文的概率。

模型参数：每个词的两种嵌入，¬ 作为目标词时的向量表示，­ 作
为上下文词或噪音词时的向量表示。120 CHAPTER 6 • VECTOR SEMANTICS AND EMBEDDINGS
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embeddings for each word, the target embedding (sometimes called the input embedding)
and the context embedding (sometimes called the output embedding). The parameter θ that
the algorithm learns is thus a matrix of 2|V | vectors, each of dimension d, formed by concate-
nating two matrices, the target embeddings W and the context+noise embeddings C.

6.8.2 Learning skip-gram embeddings
The learning algorithm for skip-gram embeddings takes as input a corpus of text,
and a chosen vocabulary size N. It begins by assigning a random embedding vector
for each of the N vocabulary words, and then proceeds to iteratively shift the em-
bedding of each word w to be more like the embeddings of words that occur nearby
in texts, and less like the embeddings of words that don’t occur nearby. Let’s start
by considering a single piece of training data:

... lemon, a [tablespoon of apricot jam, a] pinch ...

c1 c2 w c3 c4

This example has a target word w (apricot), and 4 context words in the L = ±2
window, resulting in 4 positive training instances (on the left below):

positive examples +
w cpos

apricot tablespoon
apricot of
apricot jam
apricot a

negative examples -
w cneg w cneg
apricot aardvark apricot seven
apricot my apricot forever
apricot where apricot dear
apricot coaxial apricot if

For training a binary classifier we also need negative examples. In fact skip-
gram with negative sampling (SGNS) uses more negative examples than positive
examples (with the ratio between them set by a parameter k). So for each of these
(w,cpos) training instances we’ll create k negative samples, each consisting of the
target w plus a ‘noise word’ cneg. A noise word is a random word from the lexicon,
constrained not to be the target word w. The right above shows the setting where
k = 2, so we’ll have 2 negative examples in the negative training set − for each
positive example w,cpos.

The noise words are chosen according to their weighted unigram frequency
pα(w), where α is a weight. If we were sampling according to unweighted fre-
quency p(w), it would mean that with unigram probability p(“the”) we would choose
the word the as a noise word, with unigram probability p(“aardvark”) we would
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参数(词嵌入向量) 学习

1. 负样本构造
为了让模型不仅学会靠近真实上下文词，还能区分噪声词，每个正

样本对应生成 k 个负样本对。负样本采用随机抽取方式，从词汇表中抽
出不与目标词 w 相同的噪声词 cneg。这一步骤中，噪声词的采样概率并
非简单的频率，而是按照加权的 unigram 分布进行采样，其概率为

Pα(w) =
count(w)α∑
w′ count(w′)α

一般选择 α = 0.75，这有助于提高低频词被采样的概率，从而减小频率
极差带来的影响。
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2. 训练目标与损失函数
为了使得模型能够区分“真实”上下文词和噪声词，构造如下目标

函数。对于一个正样本 (w, cpos) 及其 k 个负样本 (w, cnegi)
（i = 1, 2, . . . , k），定义整体损失函数为：

L = −

[
logσ(cpos · w) +

k∑
i=1

logσ(−cnegi · w)
]

其中，

- w 表示目标词的当前嵌入向量；
- cpos 表示正样本中上下文词的向量；

- cnegi 表示第 i 个负采样噪声词的向量；
- σ(x) = 1

1+exp(−x) 为 sigmoid 函数，其作用是将词向量间的点积转
换为 (0,1) 区间内的概率值。
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这样设计的损失函数反映了两个目标：

- 最大化正样本对 w 与 cpos 的点积，从而使真实上下文词对的相似
度更高；

- 最小化目标词与负样本噪声词之间的相似度（即最大化
logσ(−cnegi · w)），促使非上下文词对不具备语义相关性；

3. 模型参数 (嵌入表示)
模型为每个词同时学习了两种嵌入：一种是作为“目标词”（输入

嵌入）的向量 w，另一种是作为“上下文词”（输出嵌入）的向量 c。这
两个向量通常分别存储在目标矩阵 W 和上下文矩阵 C 中。这种双重表
示的设计有助于模型在训练过程中更好地捕捉词与词之间的相关性。

最终实际使用时，每个词语的嵌入向量表示，既可以将两种嵌入相
加（即 w + c），也可以只使用W。
上下文窗口大小 L 的选取会对训练效果产生影响，通常需要根据具

体任务进行在开发集上调参。

zjzhang (HZNU) 文本挖掘 2025-02-01 44 / 60



8. Word2vec

为最小化上述损失函数，采用随机梯度下降（SGD）方法进行优化，
具体步骤包括计算损失函数对于各个嵌入向量参数的偏导数，然后根据
这些梯度对参数进行更新。

¬ 对正样本上下文词 cpos 的梯度：

∂L
∂cpos

= [σ(cpos · w)− 1]w

­ 对每个负样本上下文词 cneg 的梯度：

∂L
∂cneg

= σ(cneg · w)w

® 对目标词 w 的梯度：

∂L
∂w = [σ(cpos · w)− 1] cpos +

k∑
i=1

σ(cnegi · w)cnegi
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基于这些梯度，令学习率为 η，可以得到参数更新公式：

¬ 正样本上下文词更新：

cpos ← cpos − η [σ(cpos · w)− 1]w

­ 负样本上下文词更新：

cneg ← cneg − η σ(cneg · w)w

® 目标词更新：

w← w− η

(
[σ(cpos · w)− 1] cpos +

k∑
i=1

σ(cnegi · w)cnegi

)

算法首先以随机初始化的目标矩阵 W 和上下文矩阵 C 作为起点，
然后遍历训练语料，采用梯度下降法对 W 和 C 进行调整。
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其他类型的静态词向量

除word2vec之外，还有其他类型的静态词嵌入模型，这些模型虽然
均生成固定、不随上下文变化的词向量，但在处理词汇覆盖和词形稀疏
性等问题上存在不同的改进策略。

1. fastText 模型 （1）fastText 是 word2vec 的一种扩展，其主要改进在
于解决未知词（在测试语料中出现但在训练中未见到的词）和词形稀疏性问题。

（2）具体做法是利用子词（subword）建模，即不仅将词视作一个整体，同
时分解为一系列字符 n-gram，并在每个词向量表示中加入这些 n-gram 的信息。
（3）例如，对于单词“where”，模型会在其左右加上特殊边界符号形成

“<where>”，再从中提取长度为 3 的 n-gram，如“<wh”, “whe”, “her”,
“ere”, “re>”。

（4）在训练过程中，会为每个 n-gram 学习一个嵌入；最终，一个词的向
量由该词自身与其所有 n-gram 嵌入的加和构成，从而不仅可以表示训练中见
过的词，还可以对未知词进行建模。
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2. GloVe 模型
（1）GloVe（Global Vectors）是另一种被广泛使用的静态词嵌入模型。
（2）其主要思想在于利用全局共现统计信息，即基于词与词之间共现概率

的比值来捕获词的语义关系。

（3）GloVe 模型既结合了类似 PPMI 这类基于计数的方法的直观优势，又
能像 word2vec 那样获得低维、连续的稠密向量表示。（4）数学上可以证明
word2vec 隐式地在优化某个与 PPMI 矩阵相关的目标函数，从而揭示了这两类
方法之间的内在联系。
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1. 可视化的重要性
虽然嵌入向量通常处于高维空间（例如100维甚至更高），但为了直

观理解词语之间的语义关系，需要将这些高维数据以易于感知 (低维)的
方式展示出来。有效地将高维向量映射到低维空间，是对词嵌入模型进
行理解、应用和改进的重要工具。

2. 基于邻近词排序的简单可视化方法
最直观的一种方法是：对给定的目标词w，通过计算其与词汇表中

所有其他词向量的余弦相似度，排序后列出最相似的词。这种方法通过
直接展示最近邻词，使得观察者能够快速捕捉到目标词在语义空间中的
邻近分布情况。

3. 基于聚类分析的层次化可视化方法
另一种方法是利用聚类算法，将嵌入向量进行分层聚类，以生成一

幅层次结构图。通过这种方式，可以直观地看出哪些词在语义上更为接
近，从而以树状或层次结构的方式展示不同类别的词汇之间的相互关联。
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下图展示了对若干名词进行层次聚类得到的树形图，反映出同属于
某一语义类（如动物、地域或其他类别）的词在向量空间中的聚集趋势。

6.9 • VISUALIZING EMBEDDINGS 123

6.8.3 Other kinds of static embeddings
There are many kinds of static embeddings. An extension of word2vec, fasttextfasttext

(Bojanowski et al., 2017), addresses a problem with word2vec as we have presented
it so far: it has no good way to deal with unknown words—words that appear in
a test corpus but were unseen in the training corpus. A related problem is word
sparsity, such as in languages with rich morphology, where some of the many forms
for each noun and verb may only occur rarely. Fasttext deals with these problems
by using subword models, representing each word as itself plus a bag of constituent
n-grams, with special boundary symbols< and> added to each word. For example,
with n = 3 the word where would be represented by the sequence <where> plus the
character n-grams:

<wh, whe, her, ere, re>

Then a skipgram embedding is learned for each constituent n-gram, and the word
where is represented by the sum of all of the embeddings of its constituent n-grams.
Unknown words can then be presented only by the sum of the constituent n-grams.
A fasttext open-source library, including pretrained embeddings for 157 languages,
is available at https://fasttext.cc.

Another very widely used static embedding model is GloVe (Pennington et al.,
2014), short for Global Vectors, because the model is based on capturing global
corpus statistics. GloVe is based on ratios of probabilities from the word-word co-
occurrence matrix, combining the intuitions of count-based models like PPMI while
also capturing the linear structures used by methods like word2vec.

It turns out that dense embeddings like word2vec actually have an elegant math-
ematical relationship with sparse embeddings like PPMI, in which word2vec can
be seen as implicitly optimizing a function of a PPMI matrix (Levy and Goldberg,
2014c).

6.9 Visualizing Embeddings

“I see well in many dimensions as long as the dimensions are around two.”
The late economist Martin Shubik

Visualizing embeddings is an important goal in helping understand, apply, and
improve these models of word meaning. But how can we visualize a (for example)
100-dimensional vector?

Rohde, Gonnerman, Plaut Modeling Word Meaning Using Lexical Co-Occurrence
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Figure 8: Multidimensional scaling for three noun classes.
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Figure 9: Hierarchical clustering for three noun classes using distances based on vector correlations.

20

The simplest way to visualize the meaning of a word
w embedded in a space is to list the most similar words to
w by sorting the vectors for all words in the vocabulary by
their cosine with the vector for w. For example the 7 closest
words to frog using a particular embeddings computed with
the GloVe algorithm are: frogs, toad, litoria, leptodactyli-
dae, rana, lizard, and eleutherodactylus (Pennington et al.,
2014).

Yet another visualization method is to use a clustering
algorithm to show a hierarchical representation of which
words are similar to others in the embedding space. The
uncaptioned figure on the left uses hierarchical clustering
of some embedding vectors for nouns as a visualization
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4. 低维投影技术的应用
目前最为常用的可视化技术是利用降维方法（如t-SNE算法）将高

维嵌入向量投影到二维平面上。通过这种投影，不仅能够保留词向量之
间的局部邻近关系，还能揭示出整体的聚类结构和全局语义布局。下图
采用了t-SNE方法，将原本维度较高的嵌入向量降到二维，从而直观展
示了词与词之间的相似性和分布特征。
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Figure 6.1 A two-dimensional (t-SNE) projection of embeddings for some words and
phrases, showing that words with similar meanings are nearby in space. The original 60-
dimensional embeddings were trained for sentiment analysis. Simplified from Li et al. (2015)
with colors added for explanation.

Fig. 6.1 shows a visualization of embeddings learned for sentiment analysis,
showing the location of selected words projected down from 60-dimensional space
into a two dimensional space. Notice the distinct regions containing positive words,
negative words, and neutral function words.

The fine-grained model of word similarity of vector semantics offers enormous
power to NLP applications. NLP applications like the sentiment classifiers of Chap-
ter 4 or Chapter 5 depend on the same words appearing in the training and test sets.
But by representing words as embeddings, a classifier can assign sentiment as long
as it sees some words with similar meanings. And as we’ll see, vector semantic
models can be learned automatically from text without supervision.

In this chapter we’ll introduce the two most commonly used models. In the tf-idf
model, an important baseline, the meaning of a word is defined by a simple function
of the counts of nearby words. We will see that this method results in very long
vectors that are sparse, i.e. mostly zeros (since most words simply never occur in
the context of others). We’ll introduce the word2vec model family for construct-
ing short, dense vectors that have useful semantic properties. We’ll also introduce
the cosine, the standard way to use embeddings to compute semantic similarity, be-
tween two words, two sentences, or two documents, an important tool in practical
applications like question answering, summarization, or automatic essay grading.

6.3 Words and Vectors

“The most important attributes of a vector in 3-space are {Location, Location, Location}”
Randall Munroe, https://xkcd.com/2358/

Vector or distributional models of meaning are generally based on a co-occurrence
matrix, a way of representing how often words co-occur. We’ll look at two popular
matrices: the term-document matrix and the term-term matrix.

6.3.1 Vectors and documents
In a term-document matrix, each row represents a word in the vocabulary and eachterm-document

matrix
column represents a document from some collection of documents. Fig. 6.2 shows a
small selection from a term-document matrix showing the occurrence of four words
in four plays by Shakespeare. Each cell in this matrix represents the number of times
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上下文窗口与词相似性的细分

词嵌入模型能刻画多种语义属性：词之间的表层相似性、隐含的关
系性、抽象语义信息。

1. 上下文窗口大小的影响
短窗口（例如 ±2 词）：主要捕捉局部语法信息及直接共现特征，因此在

最近邻排序中返回的词语通常在词性与具体意义上与目标词高度一致，如，杭
师大、浙师大。

长窗口（例如 ±5 词）：捕获更大范围内的主题或话题相关信息，返回的
相似词虽然在语法上可能存在差异，但在语义或话题上具有较高关联性，如，
杭师大、阿里巴巴商学院。

2. 第一阶与第二阶共现
第一阶共现（Syntagmatic Association）：指两个词直接在文本中相邻出现

的现象，例如wrote常与book或poem共现，此类关系主要反映词的搭配和语法
结构。

第二阶共现（Paradigmatic Association）：关注的是不同词在相似上下文环
境中出现，即虽然它们不直接相邻，仍表现出潜在的语义相似性。例如，said、
wrote、remarked。
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类比与关系相似性

1. 平行四边形模型
经典类比问题：apple is to tree as grape is to vine.
平行四边形模型：

−−→tree−−−−→apple +−−−→grape ≈ −−→vine
平行四边形模型数学上可表示为：

b̂∗ = argminx distance(x, b− a + a∗)

其中 a、b 和 a∗ 分别对应类比问题中的已知词向量，b̂∗ 为预测输出。6.10 • SEMANTIC PROPERTIES OF EMBEDDINGS 125

tree

apple

grape
vine

Figure 6.15 The parallelogram model for analogy problems (Rumelhart and Abrahamson,
1973): the location of

#     »
vine can be found by subtracting

#       »
apple from #   »tree and adding #       »grape.

#     »man+ #            »woman is a vector close to #         »queen. Similarly,
#      »
Paris− #           »

France+
#     »
Italy results

in a vector that is close to
#         »
Rome. The embedding model thus seems to be extract-

ing representations of relations like MALE-FEMALE, or CAPITAL-CITY-OF, or even
COMPARATIVE/SUPERLATIVE, as shown in Fig. 6.16 from GloVe.

(a) (b)

Figure 6.16 Relational properties of the GloVe vector space, shown by projecting vectors onto two dimen-
sions. (a)

#     »
king− #     »man+ #            »woman is close to #        »queen. (b) offsets seem to capture comparative and superlative

morphology (Pennington et al., 2014).

For a a : b :: a∗ : b∗ problem, meaning the algorithm is given vectors a, b, and
a∗ and must find b∗, the parallelogram method is thus:

b̂∗ = argmin
x

distance(x,b−a+a∗) (6.41)

with some distance function, such as Euclidean distance.
There are some caveats. For example, the closest value returned by the paral-

lelogram algorithm in word2vec or GloVe embedding spaces is usually not in fact
b* but one of the 3 input words or their morphological variants (i.e., cherry:red ::
potato:x returns potato or potatoes instead of brown), so these must be explicitly
excluded. Furthermore while embedding spaces perform well if the task involves
frequent words, small distances, and certain relations (like relating countries with
their capitals or verbs/nouns with their inflected forms), the parallelogram method
with embeddings doesn’t work as well for other relations (Linzen 2016, Gladkova
et al. 2016, Schluter 2018, Ethayarajh et al. 2019a), and indeed Peterson et al. (2020)
argue that the parallelogram method is in general too simple to model the human
cognitive process of forming analogies of this kind.
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词嵌入向量模型能够通过向量运算捕捉一些简单的词语之间关系信
息，可应用于平行四边形模型。下图左侧显示了词向量对“男-女”性别
关系的刻画，右侧为“比较级-最高级”关系。
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king− #     »man+ #            »woman is close to #        »queen. (b) offsets seem to capture comparative and superlative

morphology (Pennington et al., 2014).

For a a : b :: a∗ : b∗ problem, meaning the algorithm is given vectors a, b, and
a∗ and must find b∗, the parallelogram method is thus:

b̂∗ = argmin
x

distance(x,b−a+a∗) (6.41)

with some distance function, such as Euclidean distance.
There are some caveats. For example, the closest value returned by the paral-

lelogram algorithm in word2vec or GloVe embedding spaces is usually not in fact
b* but one of the 3 input words or their morphological variants (i.e., cherry:red ::
potato:x returns potato or potatoes instead of brown), so these must be explicitly
excluded. Furthermore while embedding spaces perform well if the task involves
frequent words, small distances, and certain relations (like relating countries with
their capitals or verbs/nouns with their inflected forms), the parallelogram method
with embeddings doesn’t work as well for other relations (Linzen 2016, Gladkova
et al. 2016, Schluter 2018, Ethayarajh et al. 2019a), and indeed Peterson et al. (2020)
argue that the parallelogram method is in general too simple to model the human
cognitive process of forming analogies of this kind.
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历史语义学的应用

1. 跨时代语义漂移分析
利用嵌入模型，可以在不同历史时期构建独立的语义空间，并比较

同一词在各时间段的向量位置变化，从而揭示词义随时间的演变。下图
展示了“broadcast”、“awful”等单词从旧义到新义的转变趋势。

2. 降维与可视化技术
通过使用 t-SNE 等降维方法，将各历史时期的高维嵌入向量映射到

二维空间，直观展示词义变化的轨迹。

126 CHAPTER 6 • VECTOR SEMANTICS AND EMBEDDINGS

6.10.1 Embeddings and Historical Semantics
Embeddings can also be a useful tool for studying how meaning changes over time,
by computing multiple embedding spaces, each from texts written in a particular
time period. For example Fig. 6.17 shows a visualization of changes in meaning in
English words over the last two centuries, computed by building separate embed-
ding spaces for each decade from historical corpora like Google n-grams (Lin et al.,
2012b) and the Corpus of Historical American English (Davies, 2012).
CHAPTER 5. DYNAMIC SOCIAL REPRESENTATIONS OF WORD MEANING79

Figure 5.1: Two-dimensional visualization of semantic change in English using SGNS
vectors (see Section 5.8 for the visualization algorithm). A, The word gay shifted
from meaning “cheerful” or “frolicsome” to referring to homosexuality. A, In the early
20th century broadcast referred to “casting out seeds”; with the rise of television and
radio its meaning shifted to “transmitting signals”. C, Awful underwent a process of
pejoration, as it shifted from meaning “full of awe” to meaning “terrible or appalling”
[212].

that adverbials (e.g., actually) have a general tendency to undergo subjectification

where they shift from objective statements about the world (e.g., “Sorry, the car is

actually broken”) to subjective statements (e.g., “I can’t believe he actually did that”,

indicating surprise/disbelief).

5.2.2 Computational linguistic studies

There are also a number of recent works analyzing semantic change using computational

methods. [200] use latent semantic analysis to analyze how word meanings broaden

and narrow over time. [113] use raw co-occurrence vectors to perform a number of

historical case-studies on semantic change, and [252] perform a similar set of small-

scale case-studies using temporal topic models. [87] construct point-wise mutual

information-based embeddings and found that semantic changes uncovered by their

method had reasonable agreement with human judgments. [129] and [119] use “neural”

word-embedding methods to detect linguistic change points. Finally, [257] analyze

historical co-occurrences to test whether synonyms tend to change in similar ways.

Figure 6.17 A t-SNE visualization of the semantic change of 3 words in English using
word2vec vectors. The modern sense of each word, and the grey context words, are com-
puted from the most recent (modern) time-point embedding space. Earlier points are com-
puted from earlier historical embedding spaces. The visualizations show the changes in the
word gay from meanings related to “cheerful” or “frolicsome” to referring to homosexuality,
the development of the modern “transmission” sense of broadcast from its original sense of
sowing seeds, and the pejoration of the word awful as it shifted from meaning “full of awe”
to meaning “terrible or appalling” (Hamilton et al., 2016b).

6.11 Bias and Embeddings

In addition to their ability to learn word meaning from text, embeddings, alas,
also reproduce the implicit biases and stereotypes that were latent in the text. As
the prior section just showed, embeddings can roughly model relational similar-
ity: ‘queen’ as the closest word to ‘king’ - ‘man’ + ‘woman’ implies the analogy
man:woman::king:queen. But these same embedding analogies also exhibit gender
stereotypes. For example Bolukbasi et al. (2016) find that the closest occupation
to ‘computer programmer’ - ‘man’ + ‘woman’ in word2vec embeddings trained on
news text is ‘homemaker’, and that the embeddings similarly suggest the analogy
‘father’ is to ‘doctor’ as ‘mother’ is to ‘nurse’. This could result in what Crawford
(2017) and Blodgett et al. (2020) call an allocational harm, when a system allo-allocational

harm
cates resources (jobs or credit) unfairly to different groups. For example algorithms
that use embeddings as part of a search for hiring potential programmers or doctors
might thus incorrectly downweight documents with women’s names.

It turns out that embeddings don’t just reflect the statistics of their input, but also
amplify bias; gendered terms become more gendered in embedding space than theybias

amplification
were in the input text statistics (Zhao et al. 2017, Ethayarajh et al. 2019b, Jia et al.
2020), and biases are more exaggerated than in actual labor employment statistics
(Garg et al., 2018).

Embeddings also encode the implicit associations that are a property of human
reasoning. The Implicit Association Test (Greenwald et al., 1998) measures peo-
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10. 词嵌入的语义属性

词嵌入中的偏见

¬ 嵌入模型在自动学习词义的同时，也不可避免地重现并放大了训
练文本中存在的隐性偏见与社会刻板印象，这一现象在类比任务中表现
尤为明显，并可能导致实际应用中的不公平配置，构成“配置伤害”。

例如，有研究发现，在 word2vec 模型中，“computer programmer - man +
woman”得到的最近邻词竟是“homemaker”；类似的，“father”与“doctor”
的对应关系被模型映射为“mother”与“nurse”的相似性。

­ 虽然已有研究尝试通过变换嵌入空间或修改训练策略来缓解这些
偏见，但完全消除偏见仍然面临挑战。

® 使用历史语料训练词嵌入提供了一种检测和分析语义偏见随时间
演变的新视角。
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10. 词嵌入的语义属性

词嵌入评估

外部评估：强调词向量在实际应用场景中的效用，通过在具体 NLP
任务上的表现比较不同向量模型的效果；

内部评估：侧重于直接测量向量之间的相似度与人类语义判断之间
的相关性，通过词相似性、同义词选择、上下文语义相似性以及类比等
任务来直接度量模型捕捉语义关系的能力；

模型不稳定性与结果平均：由于嵌入模型存在固有的随机性和不稳
定性，采用多次训练并平均结果是一种必要的评估策略。
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THE END
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