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Embeddings and Word2Vec

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

Word Embeddings

* From Linguistic Corpus to Embedding Space
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Vector Space Structure

» Similarity
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* The Skip-Gram Model
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Word2Vec

* Architecture (Skip-Gram)
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* Predicting the Neighboring Word

“Thou shalt not make a machine in the likeness of a human mind” ~Dune
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~_ Training Word2Vec
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rom Word2Vec to Transformers

Based on Slides by Davi Geiger (NYU)




Revisiting Word2Vec
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Telescoping the Embedding

* From Affinity to Attention o
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Attention Intuition
QKYV)

Slides from Deep Learning Course (MIT)

Understanding Attention with Search
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Understanding Attention with Search I.
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How similar is the
key to the query?
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|. Compute attention mask: how
similar is each key to the desired query?
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Self-Attention and Transformers

Based on Slides by Ben Edelman (Harvard)

Self-attention

output tokens

X, X, X3 Xy X5 Xg input tokens

The five boxing wizards jump quickly
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Transformer
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Transformer
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Transformer
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Add & Normalize
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Transformer

Fully-connected networks

Self-attention heads
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Add & Normalize
Add & Normalize
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Biases of Attention

Based on Slides by Ben Edelman (Harvard)
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| What inductive biases does

X X

self-attention have?

Inductive biases of attention

Head 8-10
- Direct objects attend to their verbs

- 86.8% accuracy at the dobj relation

Head 8-11

- Noun modifiers (e.g., determiners) attend
to their noun

- 94.3% accuracy at the det relation
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Attention weights are sparse
(or close to uniform)

Source: “What Does BERT Look At? An Analysis
of BERT’s Attention”

Clark, Khandelwal, Levy, Manning, 2019




Inductive biases of attention

Attention weights are sparse

Head B (or close to uniform)
(long range dependencies)

Head A

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

Inductive biases of attention

“Inductive Biases and Variable Creation in Self-Attention Mechanisms”
https://arxiv.org/abs/2110.10090
With Surbhi Goel, Sham Kakade, & Cyril Zhang

Theory Experiments

Generalization: Representation: Optimization:




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 2°¢

with sample complexity scaling as log(T) «—}— optimal
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Generalization: Representation:
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Transformers won't Transformers
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Theory
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1/2 - Useful properties of softmax

For generalization bound:

Diff = 0.097
[,= 1, smoothness os
||softmax (Z )—softmax (X)||,<2||Z —X||,, 0 I
For representation results: [
Exponential saturation 10
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- exp(v;) a
fit e w | I .
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1 - Generalization result

When learning any bounded distribution using a Transformer layer,

poly C-log|T|

error on training set — error on distribution|=0

Technique: e-covering numbers

Norms of attention Sequence length
& MLP weight matrices

Number of

training samples




2 - Main representation result

Transformer layers can approximate arbitrary

sparse Boolean functions, with norms scaling
as a function of the sparsity.

Intuition: Softmax allows sparse
variable selection;
fully-connected networks allow
arbitrary functions to be applied

Add & Normalize
O O © @ © @ |ruly-connected networks

Add & Normalize

Self-attention heads

Examples: Sparse conjunctions, sparse

disjunctions, etc.

2 - Sparse variable creation
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Representation

Sample complexity for learning
sparse functions scales like:

~ f (#sparsity )- polylog (T )

| This form is optimal| Matches
sparse regression.




3 - Transformer layers learn sparse parities
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A Glimpse int the Future

Based on Slides by Ben Edelman (Harvard)




1. Feature learning

Features Circuits

@ positive (excitaton)
@ negative (mhibiton)

Car Body (46:491)
excites the car
Getecior especially at
the bottom

Windows (4 237) —r
excite the car detector
ot the 10p and inhibat
3t the bottom
“

Unsupervised Learning of Hierarchical Representations with Convolutional Deep Belief

Networks oy it
Lee et al., 2011 Sotiom and ishibe &t
thetop
‘ Thread: Circuits
Cammarata et al. 2020
I .
1. Feature learning
One story:

During the course of training, the network improves
its features in a gradual, greedy fashion—each
improvement is simple.

But are there situations where there isn’t a sequence
of locally simple improvements leading to a desired
circuit?




2. Learning combinatorial

functions

GPT-3 [Brown et al. 20]
Codex [Chen et al. 21]

* Minerva [Lewkowycz et al. ‘22]

Question: A particle moves so that it is at (3sin |
measured 1n unit of distance per unit of time.

Model output: The speed is the magnitude of the velocity vector. Therefore, we must first find the

3 t )
sin
i i

velocity vector, which is the derivative of the position vector. We have

v (suind.scnt) =3 (coel

Therefore, the magnitude of the velocity vector is

3
Therefore, the speed of the particle is :
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Test Loss

3. Emergence
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Mysteries of contemporary deep learning

1. How do neural networks learn to construct useful features?

2. How do neural networks learn to “reason” / compute
“combinatorial” functions?

3. Why are there sometimes emergent breakthroughs in capabilities
as resources are scaled up?

In some “combinatorial” tasks, like learning sparse parities, features are only useful when they are
together| and to a sufficient extent. In other words: the network needs to learn from scratch to compute a

certain circuit. In these situations, we may see a “phase transition” in the loss curve, even though there is

hidden progress inside the black box.

Still mysteries

1. How do neural networks learn tolhierarchically|construct useful
features?

2. How do neural networks learn to “reason” / compute[complex]
“combinatorial” functions?

3. Why are there sometimes emergent breakthroughs in capabilities
as resources|like network size]are scaled up?




Seeing and Believing

 Visualization Tools
- Bertviz
- AttentionViz
- Induction Heads

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

AttentionViz
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