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Recap: Limitations of “Count-based” Vectors
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• Each dimension represents a word in 
the vocabulary

• In this case, we assume that any two 
distinct words are orthogonal to 
each other!

• cos(car, apple) = 0
• cos(car, automobile) = 0
• cos(car, car) = 1

• However, the meanings of “car” and 
“automobile” are very similar, so we 
should have

• cos(car, automobile) > cos(car, apple)

car

automobile

apple



Recap: Limitations of “Count-based” Vectors
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• Limitation 1: Doc 1 and Doc 2 are totally irrelevant according to Boolean, TF-IDF, and BM25.
• Because we directly use the corresponding row to represent each document.
• The inner product or cosine similarity between them is 0.

• Limitation 2: Vectors are sparse (with lots of zeros)
• Zero values in the vectors do not carry any semantics.

• Limitation 3: Vectors are long (with many dimensions)
• Vector dimension = vocabulary size (usually > 10K)
• “Curse of dimensionality”: Metrics (e.g., cosine) become less meaningful in high dimensions.

abandon … chatgpt generative language models … zucchini

Doc 1 0 … 1 1 0 0 … 0

Doc 2 0 … 0 0 1 1 … 0



We hope the words are distributed in the vector space in this way!
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chatgpt

language

math
agentic

physics

protein

gene

drug
social

law

Each dimension 
represents a 
latent factor 

rather than an 
explicit word.



And queries and documents in this way!
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chatgpt

language

Doc 1
math

agentic

physics
Query 1

Doc 3

protein

gene

drug

Doc 4

Query 2 social

law

Doc 2



word2vec [Mikolov et al., NIPS 2013]
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2-dimensional Visualization of 1000-dimensional word2vec Vectors
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Idea: Distributional Hypothesis [Harris, 1954]
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• A word’s meaning is largely defined by its context.
• Words that occur in similar contexts tend to have similar meanings.
• Example:

• Suppose we don’t know the meaning of “ong choy” but see the following:
• ong choy is delicious sautéed with garlic
• ong choy is superb over rice
• … ong choy leaves with salty sauces

• And we’ve seen the following contexts:
• … spinach sautéed with garlic over rice
• … chard stems and leaves are delicious
• … collard greens and other salty leafy greens

ong choy = water spinach



Idea: Distributional Hypothesis [Harris, 1954]
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• A word’s meaning is largely defined by its context.
• Words that occur in similar contexts tend to have similar meanings.
• Example:

• openai proposes training chatgpt using reinforcement learning
• alibaba proposes training qwen using reinforcement learning

chatgpt is semantically similar to qwen



How to leverage the Distributional Hypothesis?
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• Hypothesis: A word’s meaning is largely defined by its context.
• Task: Mask a word and predict it using its context.

• Assume each word 𝑤𝑤 is represented by a vector 𝒆𝒆𝑤𝑤 (also known as embedding)

• Step 1: Sum (or average) the embedding vectors of context words → 𝒆𝒆𝑐𝑐
• Step 2: Find the word in the entire vocabulary whose embedding is most similar to 𝒆𝒆𝑐𝑐

𝒆𝒆openai 𝒆𝒆proposes 𝒆𝒆training 𝒆𝒆using 𝒆𝒆reinforcement 𝒆𝒆learning
openai proposes training [MASK] using reinforcement learning

↓
?



𝑤𝑤 abandon … chatgpt learning openai proposes … zucchini

𝒆𝒆𝑤𝑤 [0.1, 0] … [-0.2, 0.2] [-0.7, 0.1] [0.3, -0.7] [-0.9, 0.4] … [-0.1, -0.3]

How to leverage the Distributional Hypothesis?
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• Example

• Step 1: 𝒆𝒆𝑐𝑐 = [0.3, -0.7] + [-0.9, 0.4] + [0.8, 0.2] + [-0.2, -0.6] + [0.5, 0.9] + [-0.7, -0.1] 
                  = [-0.2, 0.1]
• Step 2: Learn embeddings so that “chatgpt” has the largest inner product with [-0.2, 0.1] 

among all words in the entire vocabulary

[0.3, -0.7] [-0.9, 0.4] [0.8, 0.2] [-0.2, -0.6] [0.5, 0.9] [-0.7, -0.1]

openai proposes training [MASK] using reinforcement learning

↓
chatgpt



More Details about the Learning Task
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• What are the parameters to be learned?
• Embedding vectors 𝒆𝒆𝑤𝑤 of all words 𝑤𝑤 in the vocabulary 𝒱𝒱

• If there are 10,000 words in the vocabulary, and the embedding space has 100 
dimensions, how many parameters are there in total?

• 10,000 × 100 = 1,000,000

𝑤𝑤 abandon … chatgpt learning openai proposes … zucchini

𝒆𝒆𝑤𝑤 [0.1, 0] … [-0.2, 0.2] [-0.7, 0.1] [0.3, -0.7] [-0.9, 0.4] … [-0.1, -0.3]



More Details about the Learning Task
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• What is the learning objective?

• Maximizing the probability that “chatgpt” is the center word 𝑤𝑤, given that the 
context 𝑐𝑐 is “openai proposes training ___ using reinforcement learning”:

• 𝑝𝑝 𝑤𝑤 𝑐𝑐 ∝ exp(𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐)
• In other words, 

𝑝𝑝 𝑤𝑤 𝑐𝑐 =
exp(𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐)

∑𝑣𝑣∈𝒱𝒱 exp(𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐)

[0.3, -0.7] [-0.9, 0.4] [0.8, 0.2] [-0.2, -0.6] [0.5, 0.9] [-0.7, -0.1]

openai proposes training [MASK] using reinforcement learning

↓
chatgpt

Softmax: typically employed as the 
output layer for multiclass 

classification tasks, just as Sigmoid is 
used in binary classification



More Details about the Learning Task
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• What is the learning objective?

𝑝𝑝 𝑤𝑤 𝑐𝑐 =
exp(𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐)

∑𝑣𝑣∈𝒱𝒱 exp(𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐)

• But summing over the entire vocabulary is too expensive!

• Negative sampling: Randomly sample a few negative terms 
from the vocabulary to form a negative set 𝒩𝒩

• In practice, |𝒩𝒩| is usually between 5 and 10.

• Formulate a binary classification task to predict whether 
(𝑤𝑤, 𝑐𝑐) is a real word-context pair.

𝑝𝑝 True 𝑤𝑤, 𝑐𝑐 = Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 =
1

1 + exp(−𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐)
𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐

𝑝𝑝 True 𝑤𝑤, 𝑐𝑐



More Details about the Learning Task
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• What is the learning objective?
• Negative sampling: Randomly sample a few negative terms from the vocabulary to 

form a negative set 𝒩𝒩
• Formulate a binary classification task to predict whether (𝑤𝑤, 𝑐𝑐) is a real word-

context pair.

𝑝𝑝 True 𝑤𝑤, 𝑐𝑐 = Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 =
1

1 + exp(−𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐)

• Maximize the binary classification probability for real word-context pairs, and 
minimize for negative (random) pairs.

max
{𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

log Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 + �
𝑣𝑣∈𝒩𝒩

log Sigmoid −𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐

real word-context pair negative word-context pair



More Details about the Learning Task
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• What is the learning objective?

max
{𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

log Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 + �
𝑣𝑣∈𝒩𝒩

log Sigmoid −𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐

• How to sample negatives?
• Based on the (power-smoothed) unigram distribution

• 𝑝𝑝neg 𝑣𝑣 ∝ #(𝑣𝑣)
∑𝑣𝑣∈𝒱𝒱 #(𝑣𝑣)

0.75

• Rare words get a bit boost in sampling probability



More Details about the Learning Task
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• What is the learning objective?

max
{𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

log Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 + �
𝑣𝑣∈𝒩𝒩

log Sigmoid −𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐

• How to optimize the objective?
• Gradient descent
• Given the following task, which parameters (word embeddings) will be updated 

by gradient descent?

openai proposes training [MASK] using reinforcement learning

↓
chatgpt



More Details about the Learning Task

18

• What is the training data?
• Before answering this question, we first need to define “context”.
• In word2vec, context refers to ±𝑘𝑘 words.
• Example: 𝑘𝑘 = 3

• chatgpt learns from vast amounts of text data and generates responses that sound natural 
and coherent while adapting to different topics and user intents through continuous 
optimization and large scale training

• In practice, 𝑘𝑘 is usually between 5 and 10.

openai proposes training [MASK] using reinforcement learning

↓
chatgpt



More Details about the Learning Task
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• What is the training data?
• Each word together with its context can be used as training data.
• chatgpt learns from vast amounts of text data and generates responses …
• chatgpt learns from vast amounts of text data and generates responses …
• chatgpt learns from vast amounts of text data and generates responses …
• chatgpt learns from vast amounts of text data and generates responses …
• chatgpt learns from vast amounts of text data and generates responses …
• chatgpt learns from vast amounts of text data and generates responses …
• …



Final Objective
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max
{𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

�
𝑑𝑑∈𝐷𝐷

�
𝑤𝑤∈𝑑𝑑

log Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 + �
𝑣𝑣∈𝒩𝒩

log Sigmoid −𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐

• 𝐷𝐷: a corpus (the larger, the better!)
• 𝑑𝑑: a document in the corpus

• Each word 𝑤𝑤 may appear multiple times in the corpus.
• Each time, 𝑤𝑤 may have a different context 𝑐𝑐.
• Our objective requires that 𝑤𝑤 be close not just to one context, but to all the contexts in 

the corpus.

• Can you estimate roughly where the embedding of “and” lies in the vector space?
• Close to the center of all word embeddings



Questions?
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Continuous Bag-of-Words (CBOW)
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• word2vec has two variants
• The one we just introduced is Continuous Bag-of-Words (CBOW)

• Idea: using context to predict word

openai proposes training using reinforcement learning

chatgpt



Skip-Gram
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• word2vec has two variants
• The other one is Skip-Gram

• Idea: using word to predict context

• Use word embedding to predict the sum of context embeddings?
• Hard to create negative samples!

• Use word embedding to predict each context word!

chatgpt

openai proposes training using reinforcement learning



Skip-Gram
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• Idea: using word to predict context

• Learning objective:

max
{𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

�
𝑑𝑑∈𝐷𝐷

�
𝑤𝑤∈𝑑𝑑

�
𝑥𝑥∈Context(𝑤𝑤)

log Sigmoid 𝒆𝒆𝑥𝑥𝑇𝑇𝒆𝒆𝑤𝑤 + �
𝑣𝑣∈𝒩𝒩

log Sigmoid −𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑤𝑤

   Context(𝑤𝑤): ±𝑘𝑘 words of 𝑤𝑤 in the text

chatgpt

openai proposes training using reinforcement learning



Continuous Bag-of-Words (CBOW)
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• Idea: using context to predict word

• Learning objective:

max
{𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

�
𝑑𝑑∈𝐷𝐷

�
𝑤𝑤∈𝑑𝑑

log Sigmoid 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑐𝑐 + �
𝑣𝑣∈𝒩𝒩

log Sigmoid −𝒆𝒆𝑣𝑣𝑇𝑇𝒆𝒆𝑐𝑐

   where 𝒆𝒆𝑐𝑐 = ∑𝑥𝑥∈Context(𝑤𝑤) 𝒆𝒆𝑥𝑥

openai proposes training using reinforcement learning

chatgpt



word2vec Hyperparameters
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• Context window size 𝑘𝑘 (usually 5-10)
• Smaller 𝑘𝑘 learns from immediately nearby words – more syntactic information
• Larger 𝑘𝑘 learns from longer-ranged contexts – more semantic/topical information

• Word embedding dimension 𝑑𝑑 (usually 100-300)
• Larger 𝑑𝑑 provides richer vector semantics
• Extremely large 𝑑𝑑 suffers from inefficiency and curse of dimensionality

• Number of negative samples 𝑏𝑏 = |𝒩𝒩| (usually 5-10)
• Larger 𝑏𝑏 usually makes training more stable but also more costly

• Minimum word count (usually 5-10)
• Any word that occurs fewer times than this threshold is ignored
• Setting the threshold too high may remove useful but uncommon words; setting it too low 

may make training slower and embeddings noisier.



Python Implementation
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word2vec is Self-Supervised Learning
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• Self-supervised learning: a model learns to predict parts of its input from other parts of the same 
input

• No human-labeled data
• The model seeks supervision from the unlabeled data itself

• Examples:
• word2vec – predict a word from its ±𝑘𝑘 words in a sentence

chatgpt learns from vast amounts of text data and generates responses …
• Encoder-based language models (e.g., BERT) – predict a token from all other tokens in the 

input sequence
chatgpt learns from vast amounts of text data and generates responses …

• Decoder-based language models (e.g., ChatGPT) – predict a token from all previous tokens
chatgpt learns from vast amounts of text data and generates responses …



word2vec as Matrix Factorization

29

• [Levy and Goldberg, NIPS 2014]:
• If we use the Skip-Gram variant,

• and the negative sampling strategy is 𝑝𝑝neg 𝑣𝑣 ∝ #(𝑣𝑣)
∑𝑣𝑣∈𝒱𝒱 #(𝑣𝑣)

 ,

(not raised to the power of 0.75!)

• then word2vec is implicitly factorizing the matrix

log
# 𝑤𝑤, 𝑥𝑥 � |𝒟𝒟|

#(𝑤𝑤) � # 𝑥𝑥 � 𝑏𝑏 𝑤𝑤∈𝒱𝒱,𝑥𝑥∈𝒱𝒱

# 𝑤𝑤, 𝑥𝑥 : number of times 𝑤𝑤 and 𝑥𝑥 co-occur in a context window
#(𝑤𝑤): number of times 𝑤𝑤 occurs in the corpus 𝐷𝐷 
|𝐷𝐷|: number of words in the corpus (= ∑𝑤𝑤∈𝒱𝒱 #(𝑤𝑤))



word2vec as Matrix Factorization
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𝒆𝒆𝑥𝑥𝑇𝑇𝒆𝒆𝑤𝑤 = log
# 𝑤𝑤, 𝑥𝑥 � |𝐷𝐷|

# 𝑤𝑤 � #(𝑥𝑥) � 𝑏𝑏

• Note 1: In information theory, the pointwise mutual information is defined as

• PMI 𝑤𝑤, 𝑥𝑥 = 𝑝𝑝(𝑤𝑤,𝑥𝑥)
𝑝𝑝 𝑤𝑤 𝑝𝑝(𝑥𝑥)

• PMI 𝑤𝑤, 𝑥𝑥 =
# 𝑤𝑤,𝑥𝑥

|𝐷𝐷|
# 𝑤𝑤

|𝐷𝐷| �
# 𝑥𝑥
|𝐷𝐷|

= # 𝑤𝑤,𝑥𝑥 �|𝐷𝐷|
# 𝑤𝑤 �#(𝑥𝑥)

• So Skip-Gram is implicitly factorizing log PMI 𝑤𝑤, 𝑥𝑥 − log 𝑏𝑏 𝑤𝑤∈𝒱𝒱,𝑥𝑥∈𝒱𝒱

• Note 2: What if we explicitly factorize this matrix?
• Better than word2vec [Levy and Goldberg, NIPS 2014]
• But much slower!



Other Word Embedding Techniques
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• Factorizing log # 𝑤𝑤, 𝑥𝑥 𝑤𝑤∈𝒱𝒱,𝑥𝑥∈𝒱𝒱 while taking bias into account

log # 𝑤𝑤, 𝑥𝑥 = 𝑏𝑏𝑤𝑤 + �𝑏𝑏𝑥𝑥 + 𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑥𝑥

• Learning objective:

𝐽𝐽 = �
𝑤𝑤∈𝒱𝒱

�
𝑥𝑥∈𝒱𝒱

f(# 𝑤𝑤, 𝑥𝑥 ) 𝑏𝑏𝑤𝑤 + �𝑏𝑏𝑥𝑥 + 𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑥𝑥 − log # 𝑤𝑤, 𝑥𝑥 2

   f(# 𝑤𝑤, 𝑥𝑥 ): weight word-context pairs according to their co-occurrence

GloVe [Pennington et al., EMNLP 2014]
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f(�)



word2vec vs. GloVe
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• According to [Pennington et al., EMNLP 2014]:

Model Dimension Semantic Syntactic Total

SVD 300 6.3 8.1 7.3

CBOW 300 63.6 67.4 65.7

Skip-Gram 300 73.0 66.0 69.1

GloVe 300 77.4 67.0 71.7

https://nlp.stanford.edu/projects/glove/ 

https://nlp.stanford.edu/projects/glove/


word2vec vs. GloVe
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fastText [Bojanowski et al., TACL 2017]
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• Motivation: treating each word as a whole ignores the 
internal structure of words

• Solution: representing words with character N-grams
• Example (assume character trigrams):

• The word “where” will be decomposed into: <wh, 
whe, her, ere, re>

• The word “her” will be represented as <her>
• Each word is represented by the sum of the vectors 

of its character N-grams
• Use the same training objective as word2vec
• Benefit: more robust representations for rare words



PTE [Tang et al., KDD 2015]
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• Consider word embedding from the graph perspective
• Each word is represented as a node, and an edge is added between two words if 

they co-occur within a context window.

max �
(𝑤𝑤,𝑥𝑥)∈ℰ

exp(𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑥𝑥)
∑𝑤𝑤′∈𝒱𝒱 exp(𝒆𝒆𝑤𝑤′

𝑇𝑇 �𝒆𝒆𝑥𝑥)



PTE [Tang et al., KDD 2015]
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• Consider word embedding from the graph perspective
• Each document is also represented as a node, and an edge is added between a word 

and a document if the word occurs in that document.

max �
(𝑤𝑤,𝑥𝑥)∈ℰ

exp(𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑥𝑥)
∑𝑤𝑤′∈𝒱𝒱 exp(𝒆𝒆𝑤𝑤′

𝑇𝑇 �𝒆𝒆𝑥𝑥)
+ �

(𝑤𝑤,𝑑𝑑)∈ℰ

exp(𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑑𝑑)
∑𝑤𝑤′∈𝒱𝒱 exp(𝒆𝒆𝑤𝑤′

𝑇𝑇 𝒆𝒆𝑑𝑑)



Summary: We have done this!
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chatgpt

language

math
agentic

physics

protein

gene

drug
social

law



But how do we achieve this?
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chatgpt

language

Doc 1
math

agentic

physics
Query 1

Doc 3

protein

gene

drug

Doc 4

Query 2 social

law

Doc 2



Neural Ranking with Word Embeddings
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Simplest Solution: Taking the Average/Sum
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• Query 𝑞𝑞: “large language models”

𝒆𝒆𝑞𝑞 =
1

|𝑞𝑞| �
𝑤𝑤∈𝑞𝑞

𝒆𝒆𝑤𝑤 =
1
3 𝒆𝒆large + 𝒆𝒆language + 𝒆𝒆models

• Document 𝑑𝑑: “openai proposes training chatgpt using reinforcement learning”

𝒆𝒆𝑑𝑑 =
1

|𝑑𝑑| �
𝑤𝑤∈𝑑𝑑

𝒆𝒆𝑤𝑤 =
1
7 𝒆𝒆openai + 𝒆𝒆proposes + 𝒆𝒆training + ⋯

• Skip out-of-vocabulary words (if there are any)
• Can also take the sum instead of the average

• score 𝑞𝑞,𝑑𝑑 = cos(𝒆𝒆𝑞𝑞 , 𝒆𝒆𝑑𝑑) or 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑



DESM [Nalisnick et al., WWW 2016]
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Dual Embedding Space Model
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• Idea: Each word 𝑤𝑤 can have two embeddings
• 𝒆𝒆𝑤𝑤: when 𝑤𝑤 serves as the “word” in embedding learning
• �𝒆𝒆𝑤𝑤: when 𝑤𝑤 serves as the “context” in embedding learning

• The learning objective of Skip-Gram becomes

max
{𝒆𝒆𝑣𝑣,�𝒆𝒆𝑣𝑣|𝑣𝑣∈𝒱𝒱}

�
𝑑𝑑∈𝐷𝐷

�
𝑤𝑤∈𝑑𝑑

�
𝑥𝑥∈Context(𝑤𝑤)

exp(𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑥𝑥)
∑𝑣𝑣∈𝒱𝒱 exp(𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑣𝑣)

• Analogy:
• If you factorize a user-item matrix, you get user embeddings and item embeddings in 

the same space
• If you factorize a word-word matrix, you get word embeddings (as the word) and 

word embeddings (as the context) in the same space



How to use Dual Embeddings?
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• Strategy 1 (“IN-IN”): Discard �𝒆𝒆𝑤𝑤
• score(𝑤𝑤, 𝑥𝑥) = 𝒆𝒆𝑤𝑤𝑇𝑇 𝒆𝒆𝑥𝑥

• Strategy 2 (“IN-OUT”): Keep both 𝒆𝒆𝑤𝑤 and �𝒆𝒆𝑤𝑤
• score(𝑤𝑤, 𝑥𝑥) = 𝒆𝒆𝑤𝑤𝑇𝑇 �𝒆𝒆𝑥𝑥



Which strategy is better?

45

• Why?
• Assume the query is “yale”. Which of the following sentence is more relevant?
• “He has collaborated with researchers from Yale, Harvard, NYU, and Cornell on several 

interdisciplinary projects.”
• “Many Yale faculty members are proud alumni who continue to mentor current graduate 

students.”



Similarity Calculation in DESM
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• Precompute document embedding

�𝒆𝒆𝑑𝑑 =
1

|𝑑𝑑| �
𝑤𝑤∈𝑑𝑑

�𝒆𝒆𝑤𝑤
�𝒆𝒆𝑤𝑤

• Average the similarity between each query word and the document

score 𝑞𝑞,𝑑𝑑 =
1

|𝑞𝑞| �
𝑤𝑤∈𝑞𝑞

cos(𝒆𝒆𝑤𝑤 , �𝒆𝒆𝑑𝑑)

• Any more complicated solutions?



Experiments
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• Train word2vec (CBOW) from either
• 600 million Bing queries
• 342 million web document sentences 

• Test on 7,741 randomly sampled Bing queries
• 5-level evaluation (Perfect, Excellent, Good, Fair, Bad) 

• Two approaches 
• Use DESM model to rerank top results from BM25 
• Use DESM alone or a mixture model of it and BM25



Ranking All Documents
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• DESM alone performs poorly
• Even BM25 + DESM does not significantly outperform BM25

• Recall the “Neural Hype” mentioned in the lecture of BM25



Reranking Top-𝑘𝑘 Results by BM25
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• Better at reranking somewhat relevant documents by judging their fine-grained 
relevance to the query



Questions?

50



Learning to Rank with Word Embeddings
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• DESM does not use any relevant (𝑞𝑞,𝑑𝑑) pairs to train the ranker!
• Self-supervised word embedding learning + similarity computation (without any 

learnable parameters)

• What we have some relevant (𝑞𝑞,𝑑𝑑) pairs to perform training (i.e., learning to rank)?
• Parameters?
• Learning objective?
• Optimization technique? – Will not go into detail here. You can think of it as gradient 

descent, although in reality it involves more sophisticated tricks



…

Learning to Rank with Word Embeddings
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• Parameters: How to aggregate word embeddings to query / document embedding?
• 𝒆𝒆𝑞𝑞 = f𝜽𝜽 𝒆𝒆𝑤𝑤 𝑤𝑤 ∈ 𝑞𝑞 , 𝒆𝒆𝑑𝑑 = f𝜽𝜽({�𝒆𝒆𝑤𝑤|𝑤𝑤 ∈ 𝑑𝑑})
• 𝜽𝜽 denotes all parameters of the model

• A simple (but overly ideal) example:
• Assume all queries and documents have 10 words (e.g., 𝑞𝑞 is 𝑤𝑤1𝑤𝑤2 …𝑤𝑤10)
• 𝒆𝒆𝑞𝑞 = ∑𝑖𝑖=110 𝜃𝜃𝑖𝑖𝒆𝒆𝑤𝑤𝑖𝑖

𝒆𝒆𝑤𝑤1

𝒆𝒆𝑤𝑤2

𝒆𝒆𝑤𝑤𝐿𝐿

Blackbox with
Parameter 𝜽𝜽 𝒆𝒆𝑞𝑞



Learning to Rank with Word Embeddings
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• Parameters: How to aggregate word embeddings to query / document embedding?
• In reality:

Query/Document 
Embedding

Word Embedding

Recurrent Neural Network: https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf 

https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf
https://web.stanford.edu/class/cs224n/slides/cs224n-spr2024-lecture05-rnnlm.pdf


Learning to Rank with Word Embeddings
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• Parameters: How to aggregate word embeddings to query / document embedding?
• In reality:

[CLS] Query/Document 
Embedding

𝑤𝑤1
𝑤𝑤2

𝑤𝑤𝐿𝐿

…

Word Embedding

Transformer Encoder / BERT: https://arxiv.org/pdf/1706.03762 

https://arxiv.org/pdf/1706.03762


Learning to Rank with Word Embeddings
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• Learning objective: A simple strategy is binary classification (i.e., whether 𝑞𝑞 and 𝑑𝑑 is 
relevant)

Document 𝑑𝑑Query 𝑞𝑞

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑞𝑞 𝒆𝒆𝑑𝑑

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑

Blackbox with
Parameter 𝜽𝜽

�𝑦𝑦𝑞𝑞,𝑑𝑑 = 𝑝𝑝 relevant 𝑞𝑞,𝑑𝑑 = Sigmoid 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑 =
1

1 + exp(−𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑)



Learning to Rank with Word Embeddings
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• Learning objective: A simple strategy is binary classification (i.e., whether 𝑞𝑞 and 𝑑𝑑 is 
relevant)

�𝑦𝑦𝑞𝑞,𝑑𝑑 = 𝑝𝑝 relevant 𝑞𝑞,𝑑𝑑 = Sigmoid 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑 =
1

1 + exp(−𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑)

• If 𝑞𝑞 and 𝑑𝑑 are relevant, then the ground truth 𝑦𝑦𝑞𝑞,𝑑𝑑 = 1
• If 𝑞𝑞 and 𝑑𝑑 are irrelevant, then the ground truth 𝑦𝑦𝑞𝑞,𝑑𝑑 = 0
• Cross-entropy loss: ℒ = −𝑦𝑦𝑞𝑞,𝑑𝑑log �𝑦𝑦𝑞𝑞,𝑑𝑑 − 1 − 𝑦𝑦𝑞𝑞,𝑑𝑑 log(1 − �𝑦𝑦𝑞𝑞,𝑑𝑑)

• Pulling relevant 𝒆𝒆𝑞𝑞 and 𝒆𝒆𝑑𝑑 closer

• Pushing irrelevant 𝒆𝒆𝑞𝑞 and 𝒆𝒆𝑑𝑑 apart

• Is this strategy pointwise or pairwise learning to rank?
• What if we want to perform pairwise learning to rank?



Dense Passage Retrieval [Karpukhin et al., EMNLP 2020]
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Learning to Rank with Word Embeddings
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• Learning objective (Pairwise): Given a query 𝑞𝑞 and two documents 𝑑𝑑1 and 𝑑𝑑2, the 
ground truth tells us that 𝑑𝑑1 is more relevant to 𝑞𝑞 than 𝑑𝑑2

Document 𝑑𝑑1Query 𝑞𝑞

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑞𝑞 𝒆𝒆𝑑𝑑1

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1

Blackbox with
Parameter 𝜽𝜽

Document 𝑑𝑑2

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑑𝑑2

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑2>

Sigmoid 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1 − 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑2 =
exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1)

exp 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1 + exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑2)



Learning to Rank with Word Embeddings
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• Learning objective: Given a query 𝑞𝑞 and 𝑁𝑁 documents (𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁), the ground truth 
tells us that 𝑑𝑑1 is the most relevant to 𝑞𝑞 among these documents

Document 𝑑𝑑1Query 𝑞𝑞

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑞𝑞 𝒆𝒆𝑑𝑑1

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1

Blackbox with
Parameter 𝜽𝜽

Document 𝑑𝑑2

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑑𝑑2

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑2

… Document 𝑑𝑑𝑁𝑁

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑑𝑑𝑁𝑁

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑𝑁𝑁

exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1)
∑𝑖𝑖=1𝑁𝑁 exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑𝑖𝑖)



Contrastive Learning
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• A query 𝑞𝑞
• A positive sample 𝑑𝑑+

• One or more negative samples 𝑑𝑑1−,𝑑𝑑2−, … ,𝑑𝑑𝑁𝑁−1−

• Learning objective:

max
exp score 𝑞𝑞,𝑑𝑑+

exp score 𝑞𝑞,𝑑𝑑+ + ∑𝑖𝑖=1𝑁𝑁−1 exp score(𝑞𝑞,𝑑𝑑𝑖𝑖−)

• Different choices of score 𝑞𝑞,𝑑𝑑
• score 𝑞𝑞,𝑑𝑑 = 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑

• score 𝑞𝑞,𝑑𝑑 = cos(𝒆𝒆𝑞𝑞, 𝒆𝒆𝑑𝑑)
𝜏𝜏

• 𝜏𝜏 is a hyperparameter that is usually smaller than 1 (e.g., 0.05)



Contrastive Learning
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• In-batch negative samples
• Feed 𝑁𝑁 (query, positive document) pairs together as a batch into GPU
• No need to explicitly sample negative documents for each query
• The positive documents of other queries in the same batch will be used as negative 

documents of the current query

Query 𝑞𝑞1

Query 𝑞𝑞2

…
Query 𝑞𝑞𝑁𝑁

Document 𝑑𝑑1+

Document 𝑑𝑑2+

…
Document 𝑑𝑑𝑁𝑁+



Contrastive Learning
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• The performance of contrastive learning improves as the batch size 𝑁𝑁 increases
• For Dense Passage Retrieval,

• In other contrastive learning studies,

𝑁𝑁 8 32 128

Performance 80.8 82.1 83.1



Contrastive Learning
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• Contrastive learning can be applied to scenarios far beyond retrieval
• Example 1: Citation Recommendation

• Query: A research paper
• Positive Document: A research paper cited by the query paper
• Usage: When you write a new paper, the model can suggest possible citations

• Example 2: Community Question Answering
• Query: A question from Stack Overflow
• Positive Document: The answer with the most upvotes
• Usage: When you post a new question on Stack Overflow, the model can suggest 

possible existing answers



Visualization of the Contrastive Learning Process
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chatgpt

language

reinforcement
agentic

learning

protein

gene

drug

Query 1 Document 1

Document 2
Suppose Document 1 is 

the positive document of 
Query 1; Document 2 is a 
negative document of 

Query 1.



Visualization of the Contrastive Learning Process
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chatgpt

language

reinforcement
agentic

learning

protein

gene

drug

Query 1 Document 1

Document 2

Contrastive learning 
pulls relevant (query, 
document) closer and 

pushes irrelevant 
(query, document) apart

But word embeddings 
do not change because 
they are not part of the 

model parameters 𝜃𝜃

Can we also include 
word embeddings as 
model parameters? 



Visualization of the Contrastive Learning Process
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chatgpt

language

reinforcement
agentic

learning

protein

gene

drug

Query 1 Document 1

Document 2
Before update



Visualization of the Contrastive Learning Process
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chatgpt

language

reinforcement
agentic

learning

protein

gene

drug

Query 1 Document 1

Document 2

After the model is 
trained on this sample, 
word embeddings are 

updated as well!

In practice, word 
embeddings will be 
included as model 

parameters if the training 
data (for contrastive 

learning) is large enough 
or domain-specific



Questions?
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Modeling Query-Document Interaction
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• We have introduced
• Average of word2vec
• Dense Passage Retrieval (contrastive 

learning)

• They independently encode the query and the 
document into vectors and calculate their 
similarity.

• However, the importance of a query word may 
vary across different documents; the importance 
of a document word may also vary across 
different queries.



Modeling Query-Document Interaction
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• Document: “a comprehensive survey of scientific large language models and their applications 
in scientific discovery”

• Query: “chatgpt”
• Document: “a comprehensive survey of scientific large language models and their applications 

in scientific discovery”

• Query: “drug discovery”
• Document: “a comprehensive survey of scientific large language models and their applications 

in scientific discovery”

• Capture interactions between each query word and each document word when 
predicting their relevance



Duet [Mitra et al., WWW 2017]
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Conv-KNRM [Dai et al., WSDM 2018]
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Modeling Query-Document Interaction
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• Step 1: Get the embedding (e.g., word2vec) of each query 
word and each document word

• Step 2: Build a query-document interaction matrix (e.g., 
store the cosine similarity of each pair of words)

• Step 3: Reduce this dense matrix to a score using 
convolution layers and linear layers

• Imagine how binary image classification is performed 
(i.e., predicting whether an image is a cat or a dog from 
its pixel matrix)

• We are predicting whether a query-document pair is 
relevant from its interaction matrix

• Step 4: Learn these neural layers from training data



But …
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• Query-Document Interaction models are expensive!
• We cannot aggregate embeddings of document words until we see the query!
• By contrast,

• For simple average:

• 𝒆𝒆𝑞𝑞 = 1
|𝑞𝑞|
∑𝑤𝑤∈𝑞𝑞 𝒆𝒆𝑤𝑤,    𝒆𝒆𝑑𝑑 = 1

|𝑑𝑑|
∑𝑤𝑤∈𝑑𝑑 𝒆𝒆𝑤𝑤,    score 𝑞𝑞,𝑑𝑑 = cos(𝒆𝒆𝑞𝑞 , 𝒆𝒆𝑑𝑑) or 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑

• We can precompute 𝒆𝒆𝑑𝑑 for all documents

• For DESM,

• �𝒆𝒆𝑑𝑑 = 1
|𝑑𝑑|
∑𝑤𝑤∈𝑑𝑑

�𝒆𝒆𝑤𝑤
�𝒆𝒆𝑤𝑤

,    score 𝑞𝑞,𝑑𝑑 = 1
|𝑞𝑞|
∑𝑤𝑤∈𝑞𝑞 cos(𝒆𝒆𝑤𝑤 , �𝒆𝒆𝑑𝑑)

• We can precompute �𝒆𝒆𝑑𝑑 for all documents



But …
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• Query-Document Interaction models are expensive!
• We cannot aggregate embeddings of document words until we see the query!
• By contrast,

• For Dense Passage Retrieval:
• 𝒆𝒆𝑞𝑞 = f𝜽𝜽 𝒆𝒆𝑤𝑤 𝑤𝑤 ∈ 𝑞𝑞 ,  𝒆𝒆𝑑𝑑 = f𝜽𝜽({�𝒆𝒆𝑤𝑤|𝑤𝑤 ∈ 𝑑𝑑}),    score 𝑞𝑞,𝑑𝑑 = 𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑
• We can precompute 𝒆𝒆𝑑𝑑 for all documents

• Imagine you have 1,000 queries and 1,000 documents:
• How many times do you need to call f𝜽𝜽(�) to obtain the score between each query 

and each document?
• How many times do you need to call a Query-Document Interaction model to 

obtain the score between each query and each document?



Retrieval-Reranking Paradigm
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• We want to use effective but expensive ranking models …
• … only for a more fine-grained ranking of the most relevant documents.

Retrieval 
Stage

Reranking
Stage

Candidate
Documents
(e.g., >1M)

Candidate
Documents
(e.g., <100)

Final
Ranking

Query

Efficient Methods
(E.g., BM25)

Effective but Expensive Methods
(E.g., Query-Doc Interaction, LLMs)



Limitations of word2vec-based Ranking
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• Word embeddings are applied in a context-free manner!

• Is it possible to have different vectors of the same word given different contexts?



Transformer [Vaswani et al., NIPS 2017]
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BERT [Devlin et al., NAACL 2019]

79



Thank You!
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Course Website: https://yuzhang-teaching.github.io/CSCE670-S26.html
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