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Lecture 16
Transformer Details

Slides originally by Thomas Gardos.
Images from Understanding Deep Learning unless otherwise cited.



https://udlbook.com

Midterm Comments

Re: questions,

e Mostly looked for you saying something reasonable, and that it matched your
code and the data.

Re: learning rate schedules,

e A few of you had the learning rate dropping by 0.1 every 10-20 epochs.
e This basically stops learning within 50 epochs.
e Should be obvious something is wrong from the loss and accuracy charts.



Transformer Details

Tokenization

Next Token Selection
Training Transformers
Transformer Scaling



What's a Token?

A small chunk of text that we use to aid language modeling.
o Represents one or more bytes
o Input texts are greedily divided into tokens.
o Longest prefix matching a token.

o Token set also constructed greedily.
o Start with 256 possible bytes.

o Then greedily pick the most common pairs of adjacent tokens.



NLP Preprocessing Pipeline

Transformers don’t work on character string directly, but rather on vectors.

The character strings must be converted to vectors

<Some text string>

Learned
Embeddings

Tokenizer Transformer

f

Preprocessing: Tokenization and
Embedding



Example Tokens

© import tiktoken
[6] enc = tiktoken.encoding_for_model("gpt-40")

© for i in range(1024):
d = enc.decode([i])
if len(d) >= 4:
print(i, enc.decode([i]))
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Why Tokens?

Instead of...
e Bits - not enough semantics® and missing intrabyte positioning
e Bytes - not enough semantics” for Unicode
o Characters - too many of them if we try to support all languages

e \Words - even more words than characters

Remember:

o One-hot/Softmax tactic means we will have at least one output per
possible output value, and many more parameters in practice.



Unicode Standard and UTF-8

* Unicode — variable length character encoding standard. currently defines 149,813
characters and 161 scripts, including emoji, symbols, etc.

* Unicode Codepoint —can represent up to 17x2® = 1,114,112 entries. e.g.
U+0000 — U+10FFFF in hexadecimal

e Unicode Transformation Standard (e.g. UTF-8) —is a variable length encoding
using one to four bytes
* First 128 chars same as ASCII

Code point & UTF-8 conversion
First code point Last code point Byte 1 Byte 2 Byte 3 Byte 4

U+0000 U+007F | @XXXXXXX Covers ASCII
U+0080 U+07FF | 110XXXXX | TOXXXXXX Covers remainder of almost all Latin-script alphabets
U+0800 U+FFFF | 1110XxXXX | 1OXXXXXX | 1OXXXXXX Basic Multilingual Plane including Chinese, Japanese and Korean characters

U+010000 BlY+10FFFF | 11110x0¢ | 10:00xxxx | 10xxxxxX | 10XXXXXX | Emoji, historic scripts, math symbols

https://en.wikipedia.org/wiki/Unicode
https://en.wikipedia.org/wiki/UTF-8



https://en.wikipedia.org/wiki/Unicode
https://en.wikipedia.org/wiki/UTF-8

Tokenizer

character (e.g. token character (e.g.
Unicode) IDs Decode Unicode)
strings strings

Tokenizer chooses input “units”, e.g. words, sub-words, characters via
tokenizer training

In tokenizer training, commonly occurring substrings are greedily merged
based on their frequency, starting with character pairs



Tokenization Issues

“A lot of the issues that may look like issues with the neural network architecture actually trace back to
tokenization. Here are just a few examples” — Andrej Karpathy

® Why can't LLM spell words? Tokenization.

® Why can't LLM do super simple string processing tasks like reversing a string? Tokenization.
o Why is LLM worse at non-English languages (e.g. Japanese)? Tokenization.

® \Why is LLM bad at simple arithmetic? Tokenization.

e Why did GPT-2 have more than necessary trouble coding in Python? Tokenization.

e Why did my LLM abruptly halt when it sees the string "<|endoftext|>"? Tokenization.

o \What is this weird warning | get about a "trailing whitespace"? Tokenization.

e Why did the LLM break if | ask it about "SolidGoldMagikarp"? Tokenization.

® Why should | prefer to use YAML over JSON with LLMs? Tokenization.

® Why is LLM not actually end-to-end language modeling? Tokenization.

® \What is the real root of suffering? Tokenization.

https://github.com/karpathy/minbpe/blob/master/lecture.md



https://github.com/karpathy/minbpe/blob/master/lecture.md

SolidGoldMagikarp???

122l
l26|
l38l
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l46l

'ortunately’
' However'

' unbelievably'

' getting'

' creating'

' removing'

' providing'

' criticizing'

lingl
|esl
'ers'
'edl
'ation'

' cells'
' models'
' data'

' model'
' system'

Wait, what?

' attRot'

Clustering tokens in embedding space. Here we see the five tokens from each of a few random clusters.

But what's going on in that right-most cluster?

https://www.lesswrong.com/posts/aPeJE8bSo6rAFolLag/solidgoldmagikarp-plus-prompt-generation



https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation

SolidGoldMagikarp???

Here are the 50 closest-to-centroid tokens for the GPT-] model”;

Token:
Token:
Token:
Token:
Token:

Token:

' attRot'

L

'EStreamFrame’

'

' SolidGoldMagikarp'
'PsyNetMessage'

Index:
Index:
Index:
Index:
Index:

Index:

35207
125
43177
186
43453
28666

Distance:
Distance:
Distance:
Distance:
Distance:

Distance:

S © © oo o o

.06182861
.06256103
.06256103
.06262207
.06280517
. 06292724



SolidGoldMagikarp???

hallucinatory 'DevOnline’ > 'dog’
completions (in which | , . v e WO .

guilcon' > 'idiosyncrasy
the model repeats a

different token or 'strutConnector’ > ' Comet, ‘Canyon’, ‘Cease’

word, often 'InstoreAndOnline' > 'Institute’, 'Instruction’, 'Instict’,
thematically or 'Instruction’, 'Instikuman’, 'Inst unintention'
phonetically grouped)

'Skydragon' > 'STRONGHOLD), 'Spirits', 'Dragons’
' Smartstocks' > "Tobi'

‘largeDownload' > ‘Blurp, 'Blurf’, 'Blunt’

' SolidGoldMagikarp' > ‘distribute’




SolidGoldMagikarp

e Supposedly from a Redditor’s username

e But doesn’t come up much in most training data sets, so weird things
happen if you add it to an input.

o Supposedly fixed now by most LLM API providers...



Intuition about Tokenization

Small chunks of text are messy to handle.

o Picking one bit at a time is like being asked “upper case or lower case”

Longer chunks imply more semantics

o Easier to model?

o But maybe a bias towards some languages?

But too long chunks won’t have coverage in training data

More tokens means more model outputs

o So both computational costs and coverage issues if too many



Tokenizer

Two common tokenizers:

e Byte Pair Encoding (BPE) — Used by OpenAl GPT2, GPT4, etc.

o The BPE algorithm is "byte-level" because it runs on UTF-8 encoded strings.

o  This algorithm was popularized for LLMs by the GPT-2 paper and the associated GPT-2 code
release from OpenAl. Sennrich et al. 2015 is cited as the original reference for the use of BPE
in NLP applications. Today, all modern LLMs (e.g. GPT, LIlama, Mistral) use this algorithm to
train their tokenizers.”

e sentencepiece

o (e.g. Llama, Mistral) use sentencepiece instead. Primary difference being that sentencepiece
runs BPE directly on Unicode code points instead of on UTF-8 encoded bytes.

* https://github.com/karpathy/minbpe/tree/master



https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://github.com/openai/gpt-2
https://github.com/openai/gpt-2
https://arxiv.org/abs/1508.07909
https://github.com/google/sentencepiece
https://github.com/karpathy/minbpe/tree/master

BPE Pseudocode

Initialize vocabulary with individual characters in the
text and their frequencies

While desired vocabulary size not reached:

ldemiiy the most frequent pair of adjacent
tokens/characters in the vocabulary

Merge this pair to form a new token
Update the vocabulary with this new token

Recalculate frequencies of all tokens including
the new token

Return the final vocabulary



Enforce a Token Split Pattern

GPT2_SPLIT_PATTERN = r"""'(2:(sdmt)|ll|ve|re)| 2\p{L}+| 2\p{N}+] 2(M\s\p{L}\p{N}) +[\s+(?!\S)[\s+"""

GPT4_SPLIT_PATTERN = r"""(?i:(sdmt][ll|ve|re) | (*\r\n\p{L}\p{N})? +\p{L}+|\p{N}{1,3}]
2(Ms\p{LN\p{N}) ++(\r\n)*[\s*(\r\n) [\s +(2!\S)[\s+"""

® Do not allow tokens to merge across certain characters or patterns
® Common contraction endings: ‘ll, ‘ve, ‘re

® Match words with a leading space

® Match numeric sequences

® carriage returns, new lines



G PT4 TO ke N |Ze r cl100k_base is the GPT4

" . tokenizer R
Tiktokenizer cl100k _base °

a sailor went to sea sea sea Token count

to see what he could see see see 36

but all that he could see see see
was the bottom of the deep blue sea sea sea

a-sailor-went-to-sea-sea-sea\n
to-see-what-he-could-see-see-see\n
but-all-that-he-could-see-see-see\n
was-the-bottom-of-the-deep-blue-sea-sea-sea

[64, 93637, 4024, 311, 9581, 9581, 9581, 198, 99
8, 1518, 1148, 568, 1436, 1518, 1518, 1518, 198,
8248, 682, 430, 568, 1436, 1518, 1518, 1518, 198,
16514, 279, 5740, 315, 279, 5655, 6437, 9581, 958
1, 9581]

v Show whitespace

https://tiktokenizer.vercel.app/



https://tiktokenizer.vercel.app/

GPT2 Tokenizer

Tiktokenizer

class Tokenizer:
"""Base class for Tokenizers"""

def __init__ (self):

# default: vocab size of 256 (all bytes), no merges,
no patterns

self.merges = {} # (int, int) —> int

self.pattern = "" # str

self.special_tokens = {} # str —> int, e.g.
{'<|endoftext|>': 100257}

self.vocab = self._build_vocab() # int —> bytes

You can see some issues with the
GPT2 tokenizer with respect to
python code

https://tiktokenizer.vercel.app/

<

gpt2

Token count

146

class-Tokenizer:\n

- «"""Base-class-for-Tokenizers"""\n
\n
ceeo-def-__init_ (self):\n
-------- #-default:-vocab-size-of-256-(all-bytes),-no-m
erges, -no-patterns\n
-------- self.merges-=-{}-#- (int, -int) -—>-int\n
-------- self.pattern-=-""-#-str\n
-------- self.special_tokens:=:{}:#:str-->-int,-e.g."
{'<|endoftext|>":-100257}\n
-------- self.vocab-=-self._build_vocab()-#-int-—>-byte

[4871, 29130, 7509, 25, 198, 220, 220, 220, 37227, 148
81, 1398, 329, 29130, 11341, 37811, 628, 220, 220, 22

0, 825, 11593, 15003, 834, 7, 944, 2599, 198, 220, 22

0, 220, 220, 220, 220, 220, 1303, 4277, 25, 12776, 39

7, 2546, 286, 17759, 357, 439, 9881, 828, 645, 4017, 3
212, 11, 645, 7572, 198, 220, 220, 220, 220, 220, 220,
220, 2116, 13, 647, 3212, 796, 23884, 1303, 357, 600,

11, 493, 8, 4613, 493, 198, 220, 220, 220, 220, 220, 2
20, 220, 2116, 13, 33279, 796, 13538, 1303, 965, 198,

220, 220, 220, 220, 220, 220, 220, 2116, 13, 20887, 6

2, 83, 482, 641, 796, 23884, 1303, 965, 4613, 493, 11,
304, 13, 70, 13, 1391, 6, 50256, 10354, 1802, 28676, 9
2, 198, 220, 220, 220, 220, 220, 220, 220, 2116, 13, 1
8893, 397, 796, 2116, 13557, 11249, 62, 18893, 397, 34
19, 1303, 493, 4613, 9881]

v Show whitespace


https://tiktokenizer.vercel.app/

GPT4 Tokenizer

Tiktokenizer

class Tokenizer:
"""Base class for Tokenizers"""

def __init_ (self):

# default: vocab size of 256 (all bytes), no merges,
no patterns

self.merges = {} # (int, int) -> int

self.pattern = "" # str

self.special_tokens = {} # str —> int, e.g.
{'<|endoftext|>': 100257}

self.vocab = self._build_vocab() # int —> bytes

Issues are improved with GPT4
tokenizer

https://tiktokenizer.vercel.app/

cl100k_base o}

Token count

96

class-Tokenizer:\n

- «"""Base-class: for:Tokenizers"""\n
\n
«o-edef-__init_ (self):\n
-------- #-default: -vocab-size-of-256-(all-bytes),-no-m
erges, -no-patterns\n
-------- self.merges-=-{}-#-(int, -int) -—>-int\n
-------- self.pattern-=-""-#-str\n
-------- self.special_tokens:=-{}:#-str-->-int,-e.g.-
{'<|endoftext|>":-100257}\n
-------- self.vocab-=-self._build_vocab() -#:int-—>-byte

[1058, 9857, 3213, 512, 262, 4304, 4066, 538, 369, 985
7, 12509, 15425, 262, 711, 1328, 2381, 3889, 726, 997,
286, 674, 1670, 25, 24757, 1404, 315, 220, 4146, 320,
543, 5943, 705, 912, 82053, 11, 912, 12912, 198, 286,
659, 749, 2431, 288, 284, 4792, 674, 320, 396, 11, 52
8, 8, 1492, 528, 198, 286, 659, 40209, 284, 1621, 674,
610, 198, 286, 659, 64308, 29938, 284, 4792, 674, 610,
1492, 528, 11, 384, 1326, 13, 5473, 100257, 1232, 220,
1041, 15574, 534, 286, 659, 78557, 284, 659, 1462, 595
7, 53923, 368, 674, 528, 1492, 5943]

v Show whitespace


https://tiktokenizer.vercel.app/

a_sailor_went_to_sea_sea_sea_
to_see_what_he_could_see_see_see_
but_all_that_he_could_see_see_see_
was_the_bottom_of_the_deep_blue_sea_sea_sea_

bld|w|c|f|i|m|n|p|r|
[T

t|lo|h ||u|
18[6]6]4]3[3[3[2[1[1]1

Byte Pair Encoding (BPE) Example



a) a_sailor_went_to_sea_sea_sea_
to_see_what_he_could_see_see_see_ H H ( )
but_all_that_he_could_see_see_see_ Byte Pa Ir E n COd N g B P E Exa m p I €
was_the_bottom_of_the_deep_blue_sea_sea_sea_

| [u]b|d|w|c|f]i|m|n|p|r|
6la3[3[3]2[ T[T ]1]

b)

a_sailor_went to sea sea sea
to see what _he could sce s
but_all_that_he_could_sce sce sce
was_the_bottom of the _deep blue_sea_sea sea

bld|w|c|s|fli|m|n|p]|r|
I 1]



a) a_sailor_went_to_sea_sea_sea_
to_see_what_he_could_see_see_see_ 1 1
but_all_that_he_could_see_see_see_ Byte Pa Ir E n COd N g ( B P E ) Exa m p I €
was_the_bottom_of_the_deep_blue_sea_sea_sea_

| [u]b|d|w|c|f]i|m|n|p|r|
6[a3[3[3]2[ T[T [11]1]

b)

a_sailor_went to sea sea sea

to_see what_he could se see_
but_all_that_he_could_sce_sce sece
was_the_bottom of the_deep blue sea_sea sea

hil u|b|d|w|c|s|f|i|m|n|p|r|
6[6[4[3[3[3[2[2[1[1[T[T[1]T|

to_see_what_he_could_see_see_see
but_all_that_he_could_sce_sece_see_
was_the_bottom_of_the_deep_blue_sea_sea sea




a) a_sailor_went_to_sea_sea_sea_
to_see_what_he_could_see_see_see_ 1 1
but_all_that_he_could_see_see_see_ Byte Pa Ir E n COd N g ( B P E ) Exa m p I €
was_the_bottom_of_the_deep_blue_sea_sea_sea_

|e|s|a|t|olh|l]ulbld|w|c|f|i|m|n|p|r|
[28]15]12[n[8[6[6[4[3[3]3[2[ [ TT[1]1]

b)

a_sailor_went to sea sea sea
to_see what he could sce sece s
but all_that he could sce sce sce

was_the_bottom of the_deep_blue_sea_sea sea

|e|sealt|o|h|I]u|bld|w|c|s|fli|m|n|p|r|
[5[13[12[n[8[6[e[4[3]3[3][2]2[1[i[1]1]1]1]

tc; see_ ;vhat Ee _coula S
but_all that he could see_see _see_
was_the_bottom_of the deep blue_sea_sea sea_

|_|se|ale_|t]o|h|l|u|b|d|e|w|c]|s|f|i|m|n|p]|r|
[ZB(2[e8[6[6[a[3[3[3[3 22T 1[1]1]T]

d) |see_|sea_|e|b|||w]|a|could_|hat_|he_|o|t|t |the_|to_|u|a_|d|f|m|n]|p|s]sailor_|to|
| 14[3]3[3]3] | 2 [2[2[2] 2 [ 2 [2[1[AfafrrfA[i] 1 |T]



a) a_sailor_went_to_sea_sea_sea_
to_see_what_he_could_see_see_see_ 1 1
but_all_that_he_could_see_see_see_ Byte Pa Ir E n COd N g ( B P E ) Exa m p I €
was_the_bottom_of_the_deep_blue_sea_sea_sea_

|b| [|ulb|d|w]|c|f|i|m|n|p]|r]
[6]6]4[3[3[3]2[ ] T T]7]1]

b)

a_sailor_went to sea sea sea
to_see what_he could se s
but all_that he could sce sce sce

was_the_bottom_of _the_deep blue sca_sea sea_

|m|n|p|r]
[T

| |u|b|d|w|c|s]|f]i

6[4[3[3[3[2]2]1]1

C) a_sailor_went_to sea sea_sea_
to_see_what_he_could_see_see_see_
but_all that he could see_see_see_
was_the_bottom of the_deep blue_sea_sea sea

|_|se|ale_|t|o|h|l|u|b|d|e|w|c]|s|f|i|m|n|p|r|
[21]13]12]12|n|8]6|6]4[3]3[3]3|2[2[1[1]1[1]1]1]

d) |see_|sea_|e|b|||w]|a|could_|hat_|he_|o|t|t |the_|to_|u|a_|d|f|m|n]|p|s]sailor_|to|
| 6 [4[3[3]3]3] [ 2 [ 2[2[2[2] 2 [2[2[1Aafi[a[i[i] 1 [T1]

| sailor_|that_|to_|was_|went_|what_|
[ v v

e) |see_|sea_|could_|he_|the_|a_|all_|blue_|bottom |but_|deep |of_
776l 2 22111 [ 1 [1v] 1 ]1



a) . f)
a_sallor_went_to_sea_sea _Sea_ 30

to_see_what_he_could_see_see_see_
but_all_that_he_could_see_see_see_
was_the_bottom_of_the_deep_blue_sea_sea_sea_
|_|els|a|t|o]h|l|u[b]d|w|c|f|i|m|n|p|r| {
[33[28]15[12]1[8[6]6]4[3[3[3[2[1[T[ T[1]1]1] 2
2
a_sailor_went to sea sea se
b) . i °
to_see what_he could se see_ H |
but all_that he could sce sce sce
was_the_bottom of the_deep blue sea_sea sea_
|_lelsela|t|o]|h|l|ulb|d|w|c|s|f]i|m|n|p|r|
[33]15]13[12[n[8[6[6[4[3[3[3[2]2[1[1[1]1[1]1] 0 S
0 [terations 30
C) a_sailor_went to sea_sea_s .
to_see_what_he_could see_see_see_ Generally # of tokens increases and
but_all_that_he_could_sce_sce_sce_ then starts decreasing after
was_the_bottom_ of | the deep blue_sea_sea sea_ L.
_ continuing to merge tokens
|_|se|ale_|t]o|h|l|ulb|d|e|w|c|s|f|i|m|n|p|r]|
[21]3[2]2|n][8[6[6]4[3[3][3[3[2[2[1[1|1]|1]1]1]
d) |see_|sea_|e|b|||w]|a|could_|hat_|he_|o|t|t |the_|to_|u|a_|d|f|m|n]|p|s]sailor_|to|
| 14[3[3]3]3] |2 [2]212[2] 2 [ 2 [2[r]1ifr[rjrfi]f 1 [71]

| sailor_|that_|to_|was_|went_|what_|
[ v v

e) |see_|sea_|could_|he_|the_|a_|all_|blue_|bottom |but_|deep |of_
776l 2 22111 [ 1 [1v] 1 ]1



Learned Embeddings

<Some text string> Learned
Tokenizer Embeddings: Transformer

Linear Layer

e After the tokenizer, you have an updated “vocabulary” indexed by token ID
e Next step is to translate the token into an embedding vector

e Translation is done via a linear layer which is typically learned with the rest
of the transformer model

self.embedding = nn.Embedding(vocab_size, embedding_dim)

e Special layer definition, likely to exploit sparsity of input



Embeddings Outpu

In this example, we are
assuming a token is simply a

8o g % . = complete word
s 3 HFSTEBEREG 8B
RN

Vocabulary embeddings, €2.

“an aardvark ate an ant”

* Typical embedding size, D, is 1024 |
* Typical vocabulary size, |V], is 30,000 Token indices, T
* So 30M parameters just for this matrix!



Tokenization Matters

From the gpt-40 announcement,

“It matches GPT-4 Turbo performance on text in English and code, with
significant improvement on text in non-English languages, while also being

much faster and 50% cheaper in the API.”

Russian 1.7x fewer tokens (from 39 to 23)

Gains were from increasing the
number of tokens in the updated
tokenizer.

Korean 1.7x fewer tokens (from 45 to 27)

Vietnamese 1.5x fewer tokens (from 46 to
30)

https://openai.com/index/hello-gpt-40/

Chinese 1.4x fewer tokens (from 34 to 24)

Japanese 1.4x fewer tokens (from 37 to 26)

MpueeT, meHA 30ByT GPT-40. A — HoBanA
A3bIKOBaA Mofesb, NPUATHO
no3HakoMmuTbeA!

QHISINIR, M| 0|52 GPT-4oLICL XM= M2
FEol 210 RHRIL|CH BHPA HFZHSL|CH
Xin chao, tén toi la GPT-4o0. Toi la mét loai
mo hinh ngén nglr mai, rat vui duwgc gap
ban!

1R%F , BEFRGPT-40, BR—MFHEMIES
BE  REX IRR

ZAIZBEIE, ADEFIIFGPT-40TY, FAlFH LW
ZATOEBETILCTYT, flHFELT!


https://openai.com/index/hello-gpt-4o/

Transformer Details

Tokenization

Next Token Selection
Training Transformers
Transformer Scaling



Next Token Selection Probability of

target token

Recall: output is a [V| X1 vector of probabilities

v

yreapaee
suoeqge

* How should we pick the next token in decoder
and encoder-decoder models?

* Trade off between accuracy and diversity



Next Token Selection

Recall: output is a [V| X1 vector of probabilities

* Greedy selection
* Top-K

* Nucleus

* Beam search

Probability of
target token

v

yreapaee

0197
©)97Z

snoeqe



. Probability of
Next Token Selection — Greedy Fajit ok

v

yIeapaee

Pick most likely token (greedy)

snoeqe

Simple to implement. Just take the max().

:&t — argmax [Pr(yt — ’lUlS’<t,X, ¢)]
wey

Might pick first token y,, but then there is no y; where Pr(y; | y,)
is high.

Result is generic and predictable. Same output for a given input
context.



Next Token Selection -- Sampling Probabilty of

target token

Sample from the probability distribution | e

v
yIeapaee
0197

v)IZ

snoeqe

Get a bit more diversity in the output

Will occasionally sample from the long tail of the distribution, producing
some unlikely word combinations



Probability of

Next Token Selection — Top K Sampling target token
EI;I;[EI{III;Q

1. Generate the probability vector as usual =8 2§

2. Sort tokens by likelihood -:;E

3. Discard all but top kK most probable words

4. Renormalize the probabilities to be valid probability distribution (e.g. sum

to 1)
5. Sample from the new distribution

Diversifies word selection
Depends on the distribution. Could be low variance, reducing diversity



Next Token Selection — Nucleus Sampling

Instead of keeping top-k, keep the top p percent of the
probability mass.

Choose from the smallest set from the vocabulary such that

Z P(wlw<) > p.

weVv(p)

Diversifies word selection with less dependence on nature of
distribution.

Depends on the distribution. Could be low variance, reducing
diversity

L%

YIeapaee

Probability of
target token

0197
)07

snoeqe



Next Token Selection — Beam Search

Commonly used in machine

translation
Maintain multiple output choices p(ts] ty,ty)
and then choose best combinations 5t 1)
later via tree search T e
"~ _.yes—1.0—EOS
V = {yes, ok, <eos>} p(t;start) p % 2 Eyos
o 5
We want to maximize p(t,, t,, t3). -
start<.5—~yes\ 3—0k—1.0—EOS
ll\EOS 3;\‘yes—l.0—~EOS
Greedy: 0.5%0.4x1.0 = 0.20 Seos
Optimal: 0.4x0.7x1.0 = 0.28 ; 6

D. Jurafsky and J. H. Martin, Speech and Language Processing. 2024. https://web.stanford.edu/~jurafsky/slpdraft/



https://web.stanford.edu/~jurafsky/slpdraft/

Next Token Selection — Beam Search

But we can’t exhaustively search the entire vocabulary
Keep k tokens (beam width) at each step

D. Jurafsky and J. H. Martin, Speech and Language Processing. 2024. https://web.stanford.edu/~jurafsky/slpdraft/



https://web.stanford.edu/~jurafsky/slpdraft/

Next Token Selectiqn — Beam Search

arrived |y,

Keep k tokens at each step

1
i
Eg k=2 —,  BOS %a;rived . LB
5. L aardvark BOS the | green
a B (W P
7 < the j
aardvark S s 20 (

aardvark

_ green

Prune to k at each step

e 2
the | witch Ya
|

t3

tl 2

D. Jurafsky and J. H. Martin, Speech and Language Processing. 2024. https://web.stanford.edu/~jurafsky/slpdraft/



https://web.stanford.edu/~jurafsky/slpdraft/

Next Token Selection — Beam Search

log P (arrived the|x)
5 )

- 2
=-2.3

Calculated with log o

log P (“the green witch arrived”|x)
= log P (the|x) + log P(green|the,x)
+ log P(witch | the, green,x)
+logP(arrived|the,green,witch,x)

pI’ObiI/ItIES - / +log P(EOS|the,green,witch,arrived,x) |-, 7
log P(arrived|x) - 69 log P(arrived witch|x) -3.2 '
=-1.6 -39 -2.5
d add -l = =
anda arrived—-2.3— O -2.1 s Y
o~ arrived i
-1.6 -1.6 2.3 T
w4 log P(the gl‘ccn/ -.36 -3.7 ! o at
BOS\ log P(the|x) =19 _ Sl,fl.witch—’-lﬁ’_—’ ®
_'92 =92 = 69_,green &
4 \the/ : -2.7
\ - Joi [I’(lhc witch|x) 29 o - EOS
s witch 11 arrived '
: -1.61 -3.8
2‘.3\ _44 ? \ ®

log P(y,[x) log P(y,[y.x) log P(y3lys,y1.X)

¥i Y2 Y3

log P(y,lys,y2.y1.X)  1og P(ysysy3.y2.y1.X)

Ya ¥s

D. Jurafsky and J. H. Martin, Speech and Language Processing. 2024. https://web.stanford.edu/~jurafsky/slpdraft/



https://web.stanford.edu/~jurafsky/slpdraft/

Transformer Details

Tokenization

Next Token Selection
Training Transformers
Transformer Scaling



3 Types of Transformer Models

1.  Encoder - transforms text embeddings into representations that
support variety of tasks (e.g. sentiment analysis, classification)

#* Model Example: BERT

2. Decoder — predicts the next token to continue the input text (e.g.
ChatGPT, Al assistants)

% Model Example: GPT4, GPT4

3. Encoder-Decoder — used in sequence-to-sequence tasks, where one
text string is converted to another (e.g. machine translation)



Transformer Details

e Tokenization
e Next Token Selection

e Training Transformers

o Encoder-Only
o Decoder-Only
o Encoder-Decoder

e Transformer Scaling



Encoder Model Example: BERT (2019)
Bidirectional Encoder Representations from Transformers

® Hyperparameters
© 30,000 token vocabulary
O 1024-dimensional word embeddings
O 24x transformer layers
O 16 heads in self-attention mechanism
O 4096 hidden units in middle of MLP

® ~340 million parameters
® Pre-trained in a self-supervised manner,

® then can be adapted to task with one additional layer and fine-tuned

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding.” arXiv, May 24, 2019. doi: 10.48550/arXiv.1810.04805.


https://doi.org/10.48550/arXiv.1810.04805

Encoder Pre-Training

Word Linear + Probability of
Special <cls> token embeddings Transformer softmax masked token
used for aggregate N = =
geres <els>—{[TTTT 11 = = e
sequence [ITTTT1] >
. —l — —
representation for The
classification <mask>—{ [T 11111+ s xgx O —
pulled—[T T T T 111 DI - - -
into—iTT T T T 11 >~ —~
<mask>—-TT T T T+ - -~ —Dmmr - m
Steilon e TTT T T - U e U -
~ N, s o N N
IR @ Q
ZE 38
X g5

—

T
° f\ﬁmall percentage of input embedding replaced with a generic <mask>
oken

® Predict missing token from output embeddings
® Added linear layer and softmax to generate probabilities over vocabulary

° Traige)d on BooksCorpus (800M words) and English Wikipedia (2.5B
words



<cls> = classification token

Encoder Fine-Tuning
a)

Word MLP + Probability of
Transformer sigmoid positive review
L EEREE <cls> token
. The—[TTTTTT] A
Sent|ment soup—[ T [ [T (xK) pOSItIOﬂ
e tasted—=IL T T T T T T
Analysis
y like—[TTTTTT]
socks—=
b) Linear + Probability of
embeddings Transformer softmax entity type
<cls>—{TTITIT1 M M r-C O M >
Zara—[ T TTTTTH -] ~( ——{T1T11]
Named Entity g SSamms el A —
.. at—s ] CoO+P > - _D__DID
Recognition (NER) Chanel~TTTTTTH = . —
in—=[TTTT T+ - - ——{11m
U e U -l —
EEE
5

® Extra layer(s) appended to convert output vectors to desired
output format

e 39 Example: Text span prediction -- predict start and end
location of answer to a question in passage of Wikipedia,
see https://rajpurkar.github.io/SQuUAD-explorer/



https://rajpurkar.github.io/SQuAD-explorer/

Transformer Details

e Tokenization
e Next Token Selection

e Training Transformers

o Encoder-Only
o Decoder-Only
o Encoder-Decoder

e Transformer Scaling



Decoder Model Example: GPT3 (2020)
Generative Pre-trained Transformer

e One purpose: generate the next token in a sequence
e By constructing an autoregressive model

T. B. Brown et al., “Language Models are Few-Shot Learners.” arXiv, Jul. 22, 2020. doi: 10.48550/arXiv.2005.14165.


https://doi.org/10.48550/arXiv.2005.14165

Decoder Model Example: GPT3 (2020)
Generative Pre-trained Transformer

* One purpose: generate the next token in a sequence
* By constructing an autoregressive model

* Factors the probability of the sentence:
Pr(Learning deep learning is fun) =
Pr(Learning) X Pr(deep | learning) X
Pr(learning | Learning deep) X
Pr(is | Learning deep learning) X
Pr(fun|Learning deep learning is)

T. B. Brown et al., “Language Models are Few-Shot Learners.” arXiv, Jul. 22, 2020. doi: 10.48550/arXiv.2005.14165.

50


https://doi.org/10.48550/arXiv.2005.14165

Decoder Model Example: GPT3 (2020)
Generative Pre-trained Transformer

oCne purpose: generate the next token in a sequence
* By constructing an autoregressive model

* Factors the probability of the sentence:

Pr(Learning deep learnmg is fun) =
Pr(Learning) X Pr(deep |learnmg) X

Pr%learnmg | Learning deep) X
Pr(is | Learning deep learning) X
Pr(fun|Learning deep learning is)

* More formally: Autoregressive model
Pr(tlt tZJ ey tN) = Pr(tl) H Pr(t‘nl tll tZI ey t‘n—l)

T. B. Brown et al., “Language Models are Few-Shot Learners.” arXiv, Jul. 22, 2020. doi: 10.48550/arXiv.2005.14165.


https://doi.org/10.48550/arXiv.2005.14165

Decoder: Masked Self-Attention

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
------------ ’ A

<start>—T [ T T | N[ ~O- M "C)"D:I:l
1t—TTTT T+ -~ o G e 1 1 I
takes—{{ T T T T 1 I -~ G e I 1 0
(<K)
great—i[ [ [T T 1] D~ -»---—»C)_D:D
couase—(TTTTTL- -a- -
to—IL T TTTTIH =@ —~
tet—{TTTTTH J Lkt U =D yourselt
____________ 5 / RS N N
85 gz
2.8 o w
£8
=]
o

® During training we want to maximize the log probability of the input text
under the autoregressive model

® \Ve want to make sure the model doesn’t “cheat” duriag training by looking
ahead at the next token

® Hence we mask the self attention weights corresponding to current and
right context to negative infinity



Masked Self-Attention

a)

)

o ©

wn wn
OOO00O 0000

Mask right context self-attention weights to zero



Ground Truth

Decoder: Training Process — Teacher Forcing

Linear + Probability of

Word Transformer with
softmax target token

embeddings masked attention

=)

loss(it, it) 4 loss(takes, takes) + ...
* During training we compute loss between ground truth label input and

generated output
* We do not feed output back to input [ "Teacher Forcing”



Decoder: Text Generation (Generative Al)

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
<start>—>il,|:D:[:Dj\E‘ [ ~ @ H\E "Q’I R -
1~ TTTTTIH Lo | || - e ek | 'nor
1 1 1
takes — - NanS i [T DT et ©
great—[TTT T} e~ - — (D o
—[TTTTT ~@n- ; -Gl
— H - ; ~CD -
—i J- J e U . ae  MEN

________________________________________

* Prompt with token string “<start> It takes great”
* Generate next token for the sequence by some strategy

JIeapIer
snoeqe
0197

©)oZ



Decoder: Text Generation (Generative Al)

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
""""""""" 2ERE "\
I i = )
<start>—{TTT T T - i ~C D
o ] ] 1 8 | . s eesessseess
£ =T TTTTIH ~ @~ ; ~( [ takes | 'gnor
8 ] ] 1 e
& . takes—[TTTTTI - | ~( I ereat
great— T T T T1: D~ P - - —f( T ] courage ——
T 1
— ] 1] ¢+ . 1 1 I Ihh 0l [T e
courage— T TTTT - - § ~ClD -
1 1 | A et
) - - || ~ D
1 ] 1
—{TTTTTH ¢ J o U ad QD) e 0 1 I SN
------------ oo oo oo TooTToonaooyaaTy o g g_, E §
a8 S
g8
=
2

* Feed the output back into input



Decoder: Text Generation (Generative Al)

Word Transformer with Linear + Probability of
embeddings masked attention softmax target token
""""""""" LN
<start>—i [T 111 ] N[ =71 N ~C I e
1 ] 1
o ] 1 I P 30 e s
£ I—TTTTT1H - ; ~( I I takes  lgnor
1 1 1
& o takes—i T TTTT1H O : ~( I I ereat | ©
i i  (xK)
great—i[ | [ [ [ | B B— - — | I I [T courage ——m
] : '| 4 ') 1 T
_———— T T SR L — 1 1L AT e
courage—i[ T [ T[] |- ~ D ; —~( ma BN DO
1 1
o= TTTTTIH =~ ) e e T e
1 1
let—} - J Lo 1 ) —m E yourself
---------------------------------------------------- ' £z 33
Q_,% o
£ 5
=]
o,

* Feed the output back into input



Transformer Details

e Tokenization
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e Training Transformers

o Encoder-Only
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e Transformer Scaling



Encoder-Decoder Model

® Used for machine translation, which is a
sequence-to-sequence task

—_— THE
_’ - c : .
TRANSFORMER | am a student

C

https://jalammar.github.io/illustrated-transformer/



https://jalammar.github.io/illustrated-transformer/

Encoder Decoder Model

Decoder

Output
Probabilities

Softmax

Add & Norm
Encoder Feed
Forward
r >
Add & Norm
SR Multi-Head I_
Feed Attention
Forward Nx
1 S 1’
N Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
A——) AST—;
= . I\& "
Positional Positional
Encodi D ¢ i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

® The transformer layer in the decoder of
the encoder-decoder model has an extra
stage

® (As opposed to a standalone decoder i.e.
GPT)

® Attends to the input of the encoder with
cross attention using Keys and Values
from the output of the encoder

® Shown here on original diagram from
“Attention is all you need” paper



Encoder Decoder Model Training

a)

Word

embeddings Transformer block (x K)

<start>—!

’’ A Y
LITTT1]

The—

SOUP =

tasted—-

like—]

socks=-!

b)

LI

—

fany \
L
)l

Word

Transformer with masked

embeddings and cross attention (x K)

<start>—

~

la—-

SOUPEmsmi

avait—!

le—

golut—!

de

—!

chaussettes—i

\, s N,

—

N

P

i

Linear + Probability of
softmax target token

sl B
.. [H soupe
e avait
e
[ gotit
e

"I chaussettes

®
sreApIRR

® Target translation is fed to the
decoder

® “Teacher forcing” is used, in
that, regardless of decoder
output, the correct word is
provided the decoder



Encoder Decoder Model Inference

a) Word

embeddings

Transformer block (x K)

D
<start>— [ [ [ ]

The—i[ [T 111

soup—[ [T T 1]

tasted—i[ [ [ [ []

like=[ TTTT]

socks=-!

M —

fany
\

b)
Word

Transformer with masked
and cross attention (x K)

embeddings

r

<start>—{TTTT]
1

=TT 1]

soupe_ﬂr

avait—IH=T1

ST T

goﬁt#,
1

ae T

chaussettesm
<

.

I

Linear + Probability of
softmax target token

~C ~ I H
~- ~( —[0 ] soupe
- =D~ avait
AL A FO O He
S=a SERRRSS S T
— IS e P
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Cross-Attention

Ny Ny Cross-attention
D D
Decoder Queries, Ny
_ T
Input, X4 Q_'Bql\ + QX N.
N, ) Na
Attention,
b Softmax [K” Q] b
N,
K?Pys, Output,
D K=8,17 + 0, X, V - Softmax [K” Q]
N.
Encoder
Input, X, P
Values,

v=3,17 + Q,X.

I Keys and Values come from the last stage
of the encoder
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Context Length of LLMs in January 2024

Large Language Model Context Size

Llama 2

GPT4
GPT-4 Turbo
Claude 2.1

&
Context
Length
32K ¢
32K
128K ’
200K
f
__________ --- o m l.ll
VA P40 I B S S P SN 4P O & 5 .r"’.,“"@"y’f
’:&?J‘g’ 4 f‘ﬁ«“‘:\f i"’;ow F J"O f N’f "f ,p fﬁ‘ & &
L : , . AR :
? ) ) @ OpenAl " ANTHROP\C

Q
@ 8 "9 wiew cobusgreying com

https://cobusgreyling.medium.com/rag-llm-context-size-6728a2f44beb



https://cobusgreyling.medium.com/rag-llm-context-size-6728a2f44beb

Attention Matrix

2 Self-attention

N | D - . -
a) ( \
Queries, e

" Q=017 +,X ¥ 1

9 ¥ 5 I .

0:) Attention, I
Oj‘ D D Softmax [K7 Q)| ] D

\ - - -
Input, X Keys, Output,
K=0817 + 2, X V - Softmax [K” Q]
Keys .
D
. . { Values,
Scales quadratically with L V=B,1T + 0,X

sequence length N, e.g. N2.



Masked Attention )

N ( Attentuon weights
a) b) D
ot Attentlons
X products I.
0 0 Xa2—
L 0 X3
[ -
N v ) Inputs
> )
o o

Keys

~1/2 the interactions but
still scales quadratically



Use Convolutional Structure in Attention

Queries

=5

Queries

Keys
Decoder

What do these limitations
correspond to?

Keys

Encoder




Dilated Convolutional Structures

Queries

Queries

b) C) d)
9] 9] n
Q0 Q0 2
o o o
-] =] =]
o o o
Keys ) Keys Keys Keys
Encoder Decoder
Kt
o
>
o
Keys Keys
Encoder Decoder




Have some tokens interact globally

a) b) c) d)
n 9] 9] n
4 v 0 4]
o] o o o
- -] =] =]
o O o o

Keys Keys Keys Keys

) ! f) S 8 —) .
0 0 0 0
4 Q0 v 4]
o 9] o) o
3 > > -]
o o o o

Keys Keys Keys Keys

Decoder Encoder



What is the best way to scale attention?

Frankly, | haven’t seen a solid linear or linearithmic attention scheme yet.

e Many published claims of linear victories
Linear attention

O [ ]

o Gated convolutions LONGNET: Scaling Transformers to
o Recurrent models 1,000,000,000 Tokens

o  Structured space models

o Selective state space models Retentive Network: A Successor to Transformer

e None at state of the art scale for Large Language Models
o Usually orders of magnitude smaller.

o Anecdotally, they have quality issues? An Attention Free Transformer
https://lim.extractum.io/static/bloa/?id=mamba-lim

RWKY: Reinventing RNNs for the Transformer Era



https://llm.extractum.io/static/blog/?id=mamba-llm

But the big LLM shops seem to be working really hard

up to

10M

in research

[ 1hour video
it 11 hours audio
> 30K lines of code

M) > 700K words

Gemini 1.0 Pro GPT-4 Turbo Claude 2.1
32K 128K 200K

https://blog.google/technology/ai/google-gemini-next-generation-model-february-2024/

https://blog.google/technology/ai/long-context-window-ai-models/



https://blog.google/technology/ai/google-gemini-next-generation-model-february-2024/#sundar-note
https://blog.google/technology/ai/long-context-window-ai-models/

Feedback?




