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Learning Objectives

Compare sequence-to-sequence RNNs to transformers

Consider the strengths and weaknesses of LLMs/transformers
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What is a [anguage model?
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Review:
Sequence-to-Sequence / Encoder-Decoder Models
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I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to Sequence Learning with Neural Networks,” in Conference on Advances in Neural Information Processing Systems (NeurlPS),
Montréal, Canada, 2014, pp. 3104-3112. https://proceedings.neurips.cc/paper files/paper/2014/hash/aldac55a4f27472c5d894eclc3c743d2-Abstract.html
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https://jeddy92.github.io/JEddy92.github.io/ts_seq2seq_intro/
https://proceedings.neurips.cc/paper_files/paper/2014/hash/a14ac55a4f27472c5d894ec1c3c743d2-Abstract.html

Review:
Turning yt into a Probability Distribution

We can multiply the predicted embedding yt by our vocabulary embedding

matric to get a score for each vocabulary word. These scores are referred to as
logits.

The softmax function then lets us turn the logits into probabilities.
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Review: Attention

Better approach: an attention mechanism

[L,
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Compute a linear combination of the encoder hidden states.

I= 0:1I+0:2 ‘oz + ... + ar
C;

Decoder's prediction at position tis based on both the context
vector and the hidden state outputted by the RNN at that position.
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Review: Attention Decoder

Input
Hidden

Encoder ouputs

https://pytorch.org/tutorials/intermediate/seg2seq translation tutorial.html
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https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html

What are some of the
limitations of RNNs?




Transformers

Since 2018, the field has rapidly standardized on the Transformer architecture

Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
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Transformers
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Transformers
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Transformers
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Attention Mechanism
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Multi-Head Attention
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Self-attention between a sequence of
hidden states and that same sequence
of hidden states.
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Think-Pair-Share

Why might self-attention be useful?

Why do you think we don’t need recurrence anymore (i.e., why is “attention all
you need”)?
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Inputs to the Encoder

Output

The input into the encoder looks like:

Token Embeddings:

Henc —_ padding
0 =

l ]
maximum sequence length

Position Embeddings:

9z1s Buippaqua

o ——

— token embeddings + position embeddings
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The Encoder
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The Decoder
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The Decoder
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The Decoder
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The Decoder
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Strengths of the Transformer
Architecture

Training is easily parallelizable
o Larger models can be trained efficiently.

Does not “forget” information from earlier in the sequence.
° Any position can attend to any position.

What are some of its weaknesses?
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Neural Language Model Timeline

+7?77

|
o
+
+
+
L P
+ 3
T
)
© £
T @©
| -
(¢0)
o
+
+
+ 2
+ 2
© o
i)
© &
O @©
| -
(g0)
o
Q
c
o ¢
2
| -
9 S5
® O
+ 5

(InstructGPT)

(%]
(e
v
&
—
L
(%)
c
()
-
T

Seq25eq RNN

(2022)

TRANSFORMERS

9/5/2024




	Slide 1: Interactive Fiction and Text Generation
	Slide 2: Learning Objectives
	Slide 3: What is a language model?
	Slide 5: Review: Sequence-to-Sequence / Encoder-Decoder Models
	Slide 8: Review:  Turning open paren bold italic y bold italic t close paren hat  into a Probability Distribution 
	Slide 9: Review: Attention
	Slide 10: Review: Attention Decoder
	Slide 11: What are some of the limitations of RNNs?
	Slide 12: Transformers
	Slide 13: Transformers
	Slide 14: Transformers
	Slide 15: Transformers
	Slide 16: Transformers
	Slide 17: Attention Mechanism
	Slide 18: Multi-Head Attention
	Slide 19: Multi-Head Attention
	Slide 20: Attention Mechanism
	Slide 21: Scaled Dot-Product  Attention
	Slide 22: Scaled Dot-Product  Attention
	Slide 23: Scaled Dot-Product  Attention
	Slide 24: Scaled Dot-Product  Attention
	Slide 25: Multi-Head Attention
	Slide 26: Think-Pair-Share
	Slide 27: Multi-Head Attention
	Slide 28: Inputs to the Encoder
	Slide 29: The Encoder
	Slide 30: The Encoder
	Slide 31: The Encoder
	Slide 32: The Encoder
	Slide 33: The Decoder
	Slide 34: The Decoder
	Slide 35: The Decoder
	Slide 36: The Decoder
	Slide 37: The Decoder
	Slide 38: The Decoder
	Slide 39: Strengths of the Transformer Architecture
	Slide 40: Neural Language Model Timeline

