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Learning Objectives

Compare sequence-to-sequence RNNs to transformers

Compare and contrast all LM types so far
Differentiate between encoder model embeddings and older dense embeddings

Recognize useful encoder-only, encoder-decoder, and decoder-only 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),
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Review: Attention
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Compute a linear combination of the encoder hidden states.
I= a1|+a2 +azf + ... + 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.

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

3/26/2026

INTRO TO NLP - TRANSFORMERS & FOUNDATION MODELS


https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html
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Review: Transformers
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Review: Transformers.... .o
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The Encoder
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= MultiHeadAtt(HF7¢, HEC HEA6)

Multi-Head enc,
= LayerNorm( +H;)
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The Encoder
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The Decoder
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The Decoder

Masked Multi-
= MaskedMuItiHeadAtt(Hldec, Hidec’ Hidec)

Multi-Head
Add & Norm ) — LayerNorm( Hidec)
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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?

INTRO TO NLP - TRANSFORMERS & FOUNDATION MODELS

3/26/2026



For more information

The lllustrated Transformer
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https://jalammar.github.io/illustrated-transformer/

Foundation Models
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Types of Foundation Models

Encoder Only

Decoder Only

Encoder-Decoder Models




What is a foundation model?

A model that captures “foundation” or core information about a modality (e.g.,
text, speech, images)

Pretrained on a large amount of data & able to be finetuned on a particular task

Self-supervised

All non-finetuned large language models (LLMs) are foundation models
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Some Models Come Fine-tuned

ChatGPT/InstructGPT

Most/all “Instruct” or “Chat” models




LM

Evol_llj_tr;gmry B @ o £29C CTAG Wurassic e Cladm
T
etei® S iiooz#] Galacti
B 5 actica o\

[ D

— e Bparroo il
-Source BLOOM|# |
Ciosed-Sor ) mo oo \- 11D Minervd G
F@ ' PalMG
— [DAG
NG Gopher) O [ERNIES. 95 1M |
urassic- -

GPT-Neol®)

i =

apen source 11| %

XLNet[c ‘closed source 11 H

. 3 1O

GPT-2[&)] |

3 |0

D er-Onl GPT_l . 7 D
N

©

uG




Output
Probabilities

| Softmax |

Encoder-only models .

(|
| Add & Norm ]ﬁ\
Feed
enc enc Forward
h1 hT (— 1;1
e ] ~ | Add & Norm e~
> Add & Norm J Multi-Head
Feed Attention
Forward T 77 N x
A [ ‘ ]ﬁ‘
Add & Norm
Encoder N x Y
/ —(Add & Norm ) — =
Multi-Head Multi-Head
Attention Attention
At At
Si— J — )
l/m (Ented) (Ebes m (Zases) Positional (N & &R Posttional
432 2019 1234 Encoding Encoding
T T T T T Input Output
The hippo ate my homework SHlZ SR SrlZELIE

T T

Inputs Outputs
(shifted right)

3/26/2026 INTRO TO NLP - TRANSFORMERS & FOUNDATION MODELS




LLM
Evolutionary PR Fin - e 5 az
Tree @ ’ UZ LLaMA ';1'1: A0 eures = CQadm
(et ® 00 #] Galacti
B =% actica e\
Be — pal)

Bparrod0
Open-Source BLOOM|#|

|Closed-Source| uze| D00 LU Minervad

I PG
Ginchi11d0
TstructoP®
LAG

Gopher] O™ [ERNIE3. 9| (M |
e el s
krassm-

GPT-Neo(a]

CEER GRS




B E RT (Devlin et al. 2019)

Use the output of the
masked word’s position
to predict the masked word

0.1%  Aardvark

Possible classes:
All English words 10% Improvisation

0% | Zyzzyva

FFNN + Softmax

F 3

BERT
_/
Randomly mask ' ceo
15% of tokens T T T T T T T T 1
[CLSs] Lets  stick to  [MASK] in this skit
Input rrt+1 1111
[CLs] Lets  stick to improvisation in this skit

Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of deep bidirectional transformers for language understanding. Conference of the North American Chapter of

3/26/2026 the Association for Computational Linguistics: Human Language Technologies (NAACL), Volume 1 (Long and Short Papers), 4171-4186. https://doi.org/10.18653/v1/N19-1423
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Masked Language Models

long thanks
CE Loss
LM Head with Softmax
over Vocabulary
le zg Z3 1‘ Zy 3; 1 Zg T Zg 1

Bidirectional Transformer Encoder

Embeddings I p2 F3
So [mask] and [mas I-:] fﬂr all apricot f|5h
So long and thanks for all the fish
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Contextual Embeddings

German article “die”
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Uses of Encoder-Only Models

Classification tasks

Sentence embeddings
Context-dependent word embeddings

Any type of fill-in-the-blank tasks
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BERT Question

Consider the highlighted words. Which two words would contextual word
embeddings from BERT say are closest?

A. | am so excited to use my new bat at the baseball game tomorrow.
B. The favorite food of this species of bat is mosquitoes.

C. The cardinal isn’t just a lawn decoration; the species makes themselves useful
by eating mosquitoes.

PollEv.com/laramartin527
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https://pollev.com/laramartin527

Remember: word2vec is a

dense vector embedding

Word2Vec Question

Consider the highlighted words. Which two words would word2vec say are
closest?

A. | am so excited to use my new bat at the baseball game tomorrow.
B. The favorite food of this species of bat is mosquitoes.

C. The cardinal isn’t just a lawn decoration; the species makes themselves useful
by eating mosquitoes.

PollEv.com/laramartin527
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https://pollev.com/laramartin527

BERT Family of Models

* Encoder-only
* Input: Corrupted version of text sequence

* Goal: Produce an uncorrupted version of text sequence

* How to use:
* Finetune for a classification task
* Extract word/sentence embeddings
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Some important BERT family members

(in my opinion)

* ROBERTa (better version of the original BERT) — Liu et al. 2019 (Facebook)

* Sentence-BERT (BERT fine-tuned to give good sentence embeddings) —
Reimers & Gurevych 2019 (Technische Universitat Darmstadt)

* DistilBERT (lite BERT) — Sanh et al. 2019
* ALBERT (lite BERT) — Lan et al. 2020
* HuBERT (BERT for speech embeddings) — Hsu et al. 2021
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GPT Family

*Decoder-only
* Input: Text sequence

* Goal: Predict the next word given the previous ones

*How to use:
* Ask GPT* to continue from a prompt.
* Finetune smaller GPTs for more customized generation tasks.

* ChatGPT cannot be finetuned since it is already finetuned

* Use OpenAl’s APl to get them to fine-tune GPT* for you.
*Around GPT-2 was when pre-trained models became popular

*Around GPT-3 was when just prompting became a thing
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Other Decoder-Only Models

LLaMA 3/4 (Meta)
Claude 3 (Anthropic)

Gemma (Google)

OLMo 2 (Al2)
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Enc-Dec Family of Models

* Encoder-decoder
* Input: Text sequence with random word spans deleted

* Goal: Generate the deleted word spans

* How to use:
* Finetune smaller ones for either generation or classification tasks.
* Prompt tuning (train a sequence of embedding which get prefixed to the input)
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Some Enc-Dec family members

* T5 (Google)
* BART (combo of GPT and BERT) — (Facebook)

* DALL-E 2 (for caption prediction)
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All the models!

https://crfm.stanford.edu/ecosystem-
graphs/index.html?mode=home

o
® 9 L] < a -] ..I e N L ] L N am [~]
v"’ e -
® meo a eme © go 0 0 s =
] S
9 ] = e n ® e BN e o e o L ]
om = ] o o o
. B N, a o T @
B, .0 gE® NgooNgoOgoesoOgOENRNERREERESR
o nRe ] | B L
S EEEESOOEENREENEEDEESE AR BB EEEBEERNNEN,]
E S EeeEEERERERERERERESR B R BN EEEREENEENNDLE,
FEEEEEEEEEROoRERERONN
E eSS EREREEEERROOENR |EEE

3/26/2026 INTRO TO NLP - TRANSFORMERS & FOUNDATION MODELS


https://crfm.stanford.edu/ecosystem-graphs/index.html?mode=home
https://crfm.stanford.edu/ecosystem-graphs/index.html?mode=home
https://crfm.stanford.edu/ecosystem-graphs/index.html?mode=home

For next lecture!!

Please be prepared to ask questions for the review.

Go through the list of topics on Blackboard and come up with ~3 questions
about things you want clarification on.
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