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Embeddings and Word2Vec

Based on Jay Almar Blog and others[Efficient Estimation of Word Representations in Vector Space, Mikolov et al. 2013]

Word Embeddings
• From Linguistic Corpus to Embedding Space



Vector Space Structure

• Operations

• Similarity

Learning the Embedding
• The Skip-Gram Model


- Maximize the probability of each context word given the center word

‣ Objective Function

‣ Prediction

‣ Data Likelihood

centeroutput

Sliding Context Window

vocabulary



Word2Vec
• Architecture (Skip-Gram)

(vc ⋅ uo)

1 Hot 1 Hot

word i word j

Word2Vec Feed Forward
• Predicting the Neighboring Word
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Training Word2Vec
• Skipgram

• Negative Sampling

From Word2Vec to Transformers

Based on Slides by Davi Geiger (NYU)



Revisiting Word2Vec
• Affinity = σ(e ⋅ c)

on
e-

ho
t e

nc
od

ed
 w

or
d

on
e-

ho
t e

nc
od

ed
 n

ei
gh

bo
r w

or
d

Output: neighbor or not

e c

O  = 1
1+𝑒𝑒−𝜆𝜆 𝑐𝑐�𝑒𝑒

word 1

word 2

word 9

⋮

embedding context

word 1

word 2

word 9

⋮

We

We

Wc

Wc+

+

+

x

x

x

x

WordtoVec

dimensions     d=4
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σ(e ⋅ c)



Telescoping the Embedding

word i-th embedding a j-th neighbor embedding
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Transformers: One Head
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• From Affinity to Attention  
                                

Query, Key and Value
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Attention Intuition 
(Q K V)

Slides from Deep Learning Course (MIT)



I.

2.



Self-Attention and Transformers

Based on Slides by Ben Edelman (Harvard)

input tokens

output tokens



Red = optimized with SGD
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Red = optimized with SGD

"value"

Red = optimized with SGD

LEARNED



Multihead

Multihead



Multihead

Skip Connection    

Multihead



Skip Connection    
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Biases of Attention

Based on Slides by Ben Edelman (Harvard)



What inductive biases does 
self-attention have?

Inductive biases of attention

Source: “What Does BERT Look At? An Analysis 
of BERT’s Attention”
Clark, Khandelwal, Levy, Manning, 2019

Attention weights are sparse
(or close to uniform)



Inductive biases of attention

Source: “Owine Reinforcement Learning as One Big
Sequence Modeling Problem”
Janner, Li, Levine

Attention weights are sparse
(or close to uniform)Head A Head B

(long range dependencies)

Inductive biases of attention

Generalization:
Can we prove 

Transformers won’t 
overwt?

Representation:
What functions can  

Transformers 
approximate?

Optimization:
Do Transformers 

learn these functions 
in practice?

Theory Experiments



Main result: Sparse variable creation

The class of s-sparse functions of length-T inputs

can be learned by

the class of Transformers layers with weight norms 2O(s)

with sample complexity scaling as log(T)

MLP

optimal

Inductive biases of attention

Generalization:
Can we prove 

Transformers won’t 
overwt?

Representation:
What functions can  

Transformers 
approximate?

Optimization:
Do Transformers 

learn these functions 
in practice?

Theory Experiments
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Generalization result

|error on training set−error on distribution|=~
O(√poly (C )⋅ log (T )

m ) .

Number of 
training samples

Sequence length

h1 h2 h3 h4

h5

h6h8
h9

h11
h10

h13

h12
h14

Technique: w-covering numbers

h7

When learning any bounded distribution using a Transformer layer,

Norms of attention
& MLP weight matrices
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Transformer layers learn sparse parities
x⃗∼ unif ( {0,1}T )

y=xi1+xi2+xi3  mod 2

Related: “Grokking: 
Generalization Beyond Overwtting 
on Small Algorithmic Datasets”
Power, Burda, Edwards, 
Babuschkin, Misra

3 - 

A Glimpse int the Future

Based on Slides by Ben Edelman (Harvard)



Features Circuits







Seeing and Believing

• Visualization Tools

- Bertviz

- AttentionViz

- Induction Heads

Bertviz

• https://github.com/jessevig/bertviz

https://github.com/jessevig/bertviz
https://colab.research.google.com/drive/1hXIQ77A4TYS4y3UthWF-Ci7V7vVUoxmQ?usp=sharing


AttentionViz

• https://catherinesyeh.github.io/attn-docs/

https://catherinesyeh.github.io/attn-docs/
http://attentionviz.com/

