
CS769 Advanced NLP 

Word Embeddings 
and Text Classification

Junjie Hu

Slides adapted from Noah, Yulia
https://junjiehu.github.io/cs769-fall25/

1

https://junjiehu.github.io/cs769-fall25/


Goals for Today
• Lexical Semantics and Distributional Semantics 
• Word Embeddings (e.g., Skip-gram, CBOW) 
• Evaluation (intrinsic and extrinsic) 
• Text Classification
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How should we represent the 
meaning of the word?
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Lexical Semantics
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• How should we represent the meaning of the word? 
• Words, lemmas, senses, definition

Oxford English Dictionary: https://www.oed.com/

https://www.oed.com/


Lemma pepper
• Sense 1: spice from pepper plant 
• Sense 2: the pepper plant itself 
• Sense 3: another similar plant (Jamaican pepper) 
• Sense 4: plant with peppercorns (California pepper) 
• Sense 5: capsicum (i.e., chili, paprika, bell pepper, 

etc)
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Lexical Semantics
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• How should we represent the meaning of the word? 
• Words, lemmas, senses, definition 

• Relationships between words or senses 
1. Synonymity: same meaning, e.g., couch/sofa 
2. Antonymy: opposite senses, e.g., hot/cold 
3. Similarity: similar meanings, e.g., car/bicycle 
4. Relatedness: association, e.g., car/gasoline 
5. Superordinate/Subordinate: e.g., car/vehicle, mango/

fruit



Lexical Semantics
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• How should we represent the meaning of the word? 
• Words, lemmas, senses, definition 

• Relationships between words or senses 

• Taxonomy: abstract -> concrete



Taxonomy
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• abstract -> concrete



Lexical Semantics
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• How should we represent the meaning of the word? 
• Words, lemmas, senses, definition 

• Relationships between words or senses 

• Taxonomy: abstract -> concrete 

• Semantic frames and roles



Semantic Frame
• A set of words that denote perspectives or 

participants in an event 
• Tom brought a book from Bill. 

• Bill sold a book to Tom.
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event from the perspective of the buyer

event from the perspective of the seller

buyer

seller



Mismatch
• Theories of language tend to view the data (words, 

sentences, documents) and abstractions over it as 
symbolic or categorical. 
• Uses symbols to represent linguistic information 

• Machine learning algorithms built on optimization 
rely more on continuous data. 
• Uses floating-point numbers (vectors)
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https://en.wikipedia.org/wiki/Symbol


Problems with Discrete Representations
• Too coarse: expert skillful  

• Sparse 
• Subjective 
• Expensive 
• Hard to compute word relationships

↔
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One-hot vector:



Distributional Hypothesis

“The meaning of a word is its use in the language”       

                                                       [Wittgenstein 1943] 

“You shall know a word by the company it keeps” 

                                                                     [Firth 1957] 

“If A and B have almost identical environments we say that 
they are synonyms.” 

                                                                     [Harris 1954]
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Example
• What does “Ong Choy” mean? 

• Suppose you see these sentences: 
• Ong Choy is delicious sautéed with garlic 
• Ong Choy is superb over rice
• Ong Choy leaves with salty sauces 

• And you’ve also seen these: 
• … water spinach sautéed with garlic over rice 
• Chard stems and leaves are delicious 
• Collard greens and other salty leafy greens
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Ong Choy  “Water Spinach”?≈
• Ong Choy is a leafy green like spinach, chard, or 

collard greens
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Ong Choy: pronunciation of “蕹菜” in Cantonese  



Model of Meaning Focusing on Similarity
• Each word = a vector 

• Similar words are “nearby in space” 

• the standard way to represent meaning in NLP
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Distributed Word 
Embeddings
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Word Vector Models
• These models are designed to “guess” a word at 

position  given a word at a position in 
  

• “Pre-train” word vectors are used in other larger 
models (e.g., neural LM)
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Word2vec
• Continuous bag of words (CBOW):  

• Similar to feedforward neural LM w/o the feedforward 
layers in Lecture 3.  

• Skip-gram:   
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Skip-gram Prediction
• Predict vs Count
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context size = 2



Skip-gram Prediction
• Predict vs Count
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context size = 2



Skip-gram Prediction
• Predict vs Count
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Skip-gram Prediction
• Predict vs Count
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Skip-gram Prediction
• Predict vs Count
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context size = 2



Skip-gram Prediction
• Predict vs Count
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context size = 2



Skip-gram Prediction
• The same word can appear 

in different context.
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context size = 2



Skip-gram Prediction
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Wthe = LookUp(Win, “the”)) 2 Rd,Win 2 R|V |⇥d

<latexit sha1_base64="DqMubcfTFFlqT1XBTPFDUkrsIy4="></latexit>

P (Wc|Wthe) = softmax(S)

<latexit sha1_base64="vsUA29eBqmWh8VEcY0NX3pbBfAw=">AAACEnicbVC7SgNBFJ31GeMramkzGISkCbsS0UYI2lhGNImQhGV2cjcZMvtg5q4krPkGG3/FxkIRWys7/8bJo9DogQtnzrmXufd4sRQabfvLWlhcWl5Zzaxl1zc2t7ZzO7t1HSWKQ41HMlK3HtMgRQg1FCjhNlbAAk9Cw+tfjP3GHSgtovAGhzG0A9YNhS84QyO5uWK10HA5vW+4LYQBptiDUZGe0elLRz4GbDCiheuim8vbJXsC+pc4M5InM1Td3GerE/EkgBC5ZFo3HTvGdsoUCi5hlG0lGmLG+6wLTUNDFoBup5OTRvTQKB3qR8pUiHSi/pxIWaD1MPBMZ8Cwp+e9sfif10zQP22nIowThJBPP/ITSTGi43xoRyjgKIeGMK6E2ZXyHlOMo0kxa0Jw5k/+S+pHJadcOr4q5yvnszgyZJ8ckAJxyAmpkEtSJTXCyQN5Ii/k1Xq0nq03633aumDNZvbIL1gf3/5znQ8=</latexit>



• For each word in the corpus
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Skip-gram Objective



• For each word in the corpus
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Skip-gram Objective

p(wt+j |wt) = p(o|c) = exp(u>
o vc)PV

i=1 exp(u
>
i vc)

<latexit sha1_base64="xL+VMt/xhUgl8lilF2OKLEIudtI="></latexit>

dot product 
(similarity) 
between outside 
and center word 
vectors 

Notation simplification: 
o = index of outside (context) word 
c = index of center word (wt) 
V = vocab size, V can be large 50K - 30M



Skip-gram w/ negative sampling
• V=50K-30M, too large! 

• Negative sampling:  
• Treat the center word and a neighboring context 

word as positive examples. 

• Randomly sample other words in the lexicon to get 
negative samples.
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p(wt+j |wt) = p(o|c) = exp(u>
o vc)PV

i=1 exp(u
>
i vc)

<latexit sha1_base64="xL+VMt/xhUgl8lilF2OKLEIudtI="></latexit>



• Convert the task to binary classification rather than 
multiclass: 

• New objective (single context word, k negative 
samples):

31

Skip-gram w/ negative sampling



Choosing negative samples
• Pick negative samples according to unigram frequency 

P(w) 

• More common to choose according to: 

•  works well empirically 

• Gives rare words slightly higher probability 
• e.g., P(a) = 0.99, P(b) = 0.01

α = 0.75
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Available dense embeddings 
• Word2vec (Mikolov et a. 2013) 

• https://code.google.com/archive/p/word2vec/  

• GloVe (Pennington et al. 2014) 
• http://nlp.stanford.edu/projects/glove/  

• Fasttext (Bojanowsi et al. 2017) 
• http://www.fasttext.cc/ 
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https://code.google.com/archive/p/word2vec/
http://nlp.stanford.edu/projects/glove/
http://www.fasttext.cc/


Evaluation 
— how well do word vectors capture embedding similarity?
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Evaluating word vectors
• Intrinsic evaluation: test whether the representations 

align with our intuitions about word meaning. 
• How well does cosine similarity of word embeddings 

correlate with human judgements? 

• Completing analogies: a:b <-> c: ? 

• Extrinsic evaluation: test whether the representations 
are useful for downtream tasks, such as tagging, 
parsing, QA, … 
• Provide embeddings as input to the same classifier, how 

well does a model w/ pre-trained embeddings perform?
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A:B <-> C:?
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A:B <-> C:?



Text Classification
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Text Classification
• Classify sentences according to various traits 

• Topic, sentiment, subjectivity/objectivity, etc.

I   hate   this  movie
positive 
neutral 

negative



Example: Movie Review
• Predict sentiment from IMDB movie review: 

{positive, neural, negative}

positive

negative

Code: https://colab.research.google.com/github/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-%20Simple%20Sentiment%20Analysis.ipynb 
Dataset: http://ai.stanford.edu/~amaas/data/sentiment/

https://colab.research.google.com/github/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-%20Simple%20Sentiment%20Analysis.ipynb
http://ai.stanford.edu/~amaas/data/sentiment/


• Predict Amazon customer rating: {1, 2, 3, 4, 5}

Example: Customer Rating

Dataset: https://s3.amazonaws.com/amazon-reviews-pds/readme.html

https://s3.amazonaws.com/amazon-reviews-pds/readme.html


Generative and 
Discriminative Models



Generative vs. 
Discriminative Models

• Generative model: a model that calculates the 
probability of the input data itself 
 
 

• Discriminative model: a model that calculates the 
probability of the output given the input data

P(X)
stand-alone

P(X, y)
joint

P(y | X)
conditional



Application to Text 
Classification

• Generative text classification: Learn a model of 
the joint P(X, y), and find

• Discriminative text classification: Learn a model 
of the conditional P(y | X), and find



Discriminative Text 
Classification



Why Discriminative Classifiers?
• Generative models are somewhat roundabout 
→ spend lots of capacity modeling the input 

• Discriminative models directly model the probability 
of the output → what we care about 

• However, discriminative models don't have an 
easy count-based decomposition!

P (X, y) = P (y)

|X|Y

i=1

P (xi|y) =
c(y)P
ỹ c(ỹ)

|X|Y

i=1

c(xi, y)P
x̃ c(x̃, y)

<latexit sha1_base64="vfdxJFMsE2/+86XpZJph9XvVQF8="></latexit>

BOW Generative:

BOW Discriminative:
Sentence space is infinite!



Discriminative Model Training
• Instead, define model that calculates probability 

directly based on parameters θ

• And optimize the parameters directly to minimize loss

P (y|X; ✓)

<latexit sha1_base64="IpJfQ7TYH6upKp5bUYVUeWnQP2U=">AAAB9HicbVDLSgNBEJz1GeMr6tHLYBDiJexKRMFL0IvHCOYByRJmJ51kyOzDmd7AsuY7vHhQxKsf482/cZLsQRMLGoqqbrq7vEgKjbb9ba2srq1vbOa28ts7u3v7hYPDhg5jxaHOQxmqlsc0SBFAHQVKaEUKmO9JaHqj26nfHIPSIgweMInA9dkgEH3BGRrJrZWSp9Z1B4eA7KxbKNplewa6TJyMFEmGWrfw1emFPPYhQC6Z1m3HjtBNmULBJUzynVhDxPiIDaBtaMB80G46O3pCT43So/1QmQqQztTfEynztU58z3T6DId60ZuK/3ntGPtXbiqCKEYI+HxRP5YUQzpNgPaEAo4yMYRxJcytlA+ZYhxNTnkTgrP48jJpnJedSvnivlKs3mRx5MgxOSEl4pBLUiV3pEbqhJNH8kxeyZs1tl6sd+tj3rpiZTNH5A+szx8FB5Gf</latexit>

✓̂ = argmin
✓̃

Ltrain(✓̃)

<latexit sha1_base64="wk6P7M0+ceslrE0fuvIElr76sk0="></latexit>

• Define a loss function that is lower if the model is better, 
such as negative log likelihood over training data



Logistic Regression
• For binary classification of positive/negative, first 

calculate score

• Convert into a probability, e.g. using sigmoid function

P (y|X; ✓) = sigmoid(sy|X) =
1

1 + e�sy|X

<latexit sha1_base64="DI+6OH0M90OA+oVZSKDbTrqID88="></latexit>
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• Learning: maximize log likelihood of training data

Learn a feature extractor



Multi-class Classification: Softmax
• Sigmoid can be used for binary decisions 
• For multi-class decisions, calculate score for each 

class and use softmax

-3.2 
-2.9 
1.0 
2.2 
0.6 
…

s=

0.002 
0.003 
0.329 
0.444 
0.090 

…

p=

P (y|X; ✓) =
esy|X

P
ỹ e

sỹ|X

<latexit sha1_base64="W41R3e5JB8XcgFZ3y0hqjxstZYM="></latexit>



Gradient Descent
• Calculate the gradient of the loss function with respect 

to the parameters 
 

• How? Use the chain rule - more in later lectures. 
• Update to move in a direction that decreases the loss 

 
 

•  is a learning rate dictating speed of movement 
• This is the first-order gradient descent 
• Others, e.g. Newton's method, consider second-order 

(curvature) information and converge more quickly

@Ltrain(✓)

@✓

<latexit sha1_base64="YAB6gXNBIDMseKKx09pIN6g7zZY=">AAACKnicbVC7TsMwFHV4U14FRhaLCgmWKkEgGHksDAwgUUBqqurGvaEWjhPZN4gqyvew8CssDCDEyofglA68jmTp6NxzbZ8TZUpa8v03b2x8YnJqema2Nje/sLhUX165tGluBLZEqlJzHYFFJTW2SJLC68wgJJHCq+j2uJpf3aGxMtUXNMiwk8CNlrEUQE7q1g/D2IAowgwMSVA8TID6AlRxWnZDwnsqyIDU5WZIfSTYKr9Zh0rZrTf8pj8E/0uCEWmwEc669eewl4o8QU1CgbXtwM+oU1S3CoVlLcwtZiBu4QbbjmpI0HaKYdSSbzilx+PUuKOJD9XvGwUk1g6SyDmrJPb3rBL/m7Vzivc7hdRZTqjF10NxrjilvOqN96RBQWrgCAgj3V+56IPrjly7NVdC8DvyX3K53Qx2mrvnO42Do1EdM2yNrbNNFrA9dsBO2BlrMcEe2BN7Ya/eo/fsvXnvX9Yxb7Szyn7A+/gEo3ipPA==</latexit>

✓  ✓ � ↵
@Ltrain(✓)

@✓

<latexit sha1_base64="pxoZXjlUAQ8oxHFX7LHIMbVyXMc="></latexit>



BOW Discriminative Model
• Use BOW representations for 

sy|X = ✓y +

|X|X

i=1

✓y|xi

<latexit sha1_base64="Lqv0ziJwE43Lti7EEBC1Z/TcGFk=">AAACHHicbVDLSgMxFM34rPU16tJNsAiCUGa0optC0Y3LCvYBbR0yadqGZh4kd8RhOh/ixl9x40IRNy4E/8a0nYW2HggczjmXm3vcUHAFlvVtLCwuLa+s5tby6xubW9vmzm5dBZGkrEYDEcimSxQT3Gc14CBYM5SMeK5gDXd4NfYb90wqHvi3EIes45G+z3ucEtCSY54qJ4lHzRSXcRsGDIgT42PcVpHnJLxsp3fJqDlKM0snHxyeOmbBKloT4HliZ6SAMlQd87PdDWjkMR+oIEq1bCuETkIkcCpYmm9HioWEDkmftTT1icdUJ5kcl+JDrXRxL5D6+YAn6u+JhHhKxZ6rkx6BgZr1xuJ/XiuC3kUn4X4YAfPpdFEvEhgCPG4Kd7lkFESsCaGS679iOiCSUNB95nUJ9uzJ86R+UrRLxbObUqFymdWRQ/voAB0hG52jCrpGVVRDFD2iZ/SK3own48V4Nz6m0QUjm9lDf2B8/QDMMKJ9</latexit>

I hate this movie

lookup lookup lookup lookup

+ + + + =⋅( ) 
bias

θy|x1

…

θy|xV
θy



CBOW Discriminative Model
• Use CBOW representations for encoding a sentence 

sy|X = ✓y +

|X|X

i=1

✓y|xi

<latexit sha1_base64="Lqv0ziJwE43Lti7EEBC1Z/TcGFk=">AAACHHicbVDLSgMxFM34rPU16tJNsAiCUGa0optC0Y3LCvYBbR0yadqGZh4kd8RhOh/ixl9x40IRNy4E/8a0nYW2HggczjmXm3vcUHAFlvVtLCwuLa+s5tby6xubW9vmzm5dBZGkrEYDEcimSxQT3Gc14CBYM5SMeK5gDXd4NfYb90wqHvi3EIes45G+z3ucEtCSY54qJ4lHzRSXcRsGDIgT42PcVpHnJLxsp3fJqDlKM0snHxyeOmbBKloT4HliZ6SAMlQd87PdDWjkMR+oIEq1bCuETkIkcCpYmm9HioWEDkmftTT1icdUJ5kcl+JDrXRxL5D6+YAn6u+JhHhKxZ6rkx6BgZr1xuJ/XiuC3kUn4X4YAfPpdFEvEhgCPG4Kd7lkFESsCaGS679iOiCSUNB95nUJ9uzJ86R+UrRLxbObUqFymdWRQ/voAB0hG52jCrpGVVRDFD2iZ/SK3own48V4Nz6m0QUjm9lDf2B8/QDMMKJ9</latexit>

I hate this movie

lookup lookup lookup lookup

+ + + =⋅( ) 



CBOW Discriminative Model
• Use CBOW representations for encoding a sentence 

sy|X = ✓y +

|X|X

i=1

✓y|xi

<latexit sha1_base64="Lqv0ziJwE43Lti7EEBC1Z/TcGFk=">AAACHHicbVDLSgMxFM34rPU16tJNsAiCUGa0optC0Y3LCvYBbR0yadqGZh4kd8RhOh/ixl9x40IRNy4E/8a0nYW2HggczjmXm3vcUHAFlvVtLCwuLa+s5tby6xubW9vmzm5dBZGkrEYDEcimSxQT3Gc14CBYM5SMeK5gDXd4NfYb90wqHvi3EIes45G+z3ucEtCSY54qJ4lHzRSXcRsGDIgT42PcVpHnJLxsp3fJqDlKM0snHxyeOmbBKloT4HliZ6SAMlQd87PdDWjkMR+oIEq1bCuETkIkcCpYmm9HioWEDkmftTT1icdUJ5kcl+JDrXRxL5D6+YAn6u+JhHhKxZ6rkx6BgZr1xuJ/XiuC3kUn4X4YAfPpdFEvEhgCPG4Kd7lkFESsCaGS679iOiCSUNB95nUJ9uzJ86R+UrRLxbObUqFymdWRQ/voAB0hG52jCrpGVVRDFD2iZ/SK3own48V4Nz6m0QUjm9lDf2B8/QDMMKJ9</latexit>

I hate this movie

lookup lookup lookup lookup

+ + + =( ) Multiple  
Linear Layers 
with nonlinear 

activation



Covert Scores to Probabilities
• Using Softmax function 

• Optimize by gradient descent with an regularization



Neural Network Discriminative Model

• Use neural network (e.g., LSTM) to learn features f(X)



Any Questions?
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