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Language Model Sizes to Aug/2022

BERT 340M . Plato-XL 118 GPT-NeoX CM3 13B
- GPT-1117m Macaw 118 Luminous VLM-4 10B )
o GPT-215B ® Cohere 200B mGPT 138 NLLB CLM-130B
54.5B
Megatron-11B
PT-
W= OPT-175
: PaLM-Coder B BB3
Jurassic-1 Mi 175B
178B inerva
540B uL2
Cedille 6B 208 yaLM
Fairseq 138 . Noor  100B
10B
GPT-J 66 O Gato 1.28
BlenderBot2.0 9.4B
' AlexaTM
Chinchilla FIM 6.98
Flamingo

< Parameters Al lab/group Available O Closed

Beeswarm/bubble plot, sizes linear to scale. Selected highlights only. Alan D. Thompson, August 2022, https://lifearchitect.ai/
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https://www.marketsandmarkets.com/Market-Reports/natural-language-processing-nlp-825.html
https://www.mordorintelligence.com/industry-reports/natural-language-processing-market
https://www.globenewswire.com/news-release/2021/09/21/2300666/0/en/Global-Natural-Language-Processing-Market-Predicted-to-Garner-Revenue-of-42-389-83-Million-by-2027-at-a-CAGR-of-20-6-from-2020-to-2027-Exclusive-353-pages-Current-and-Forecast-Repo.html
https://www.marketsandmarkets.com/Market-Reports/natural-language-processing-nlp-825.html
https://www.mordorintelligence.com/industry-reports/natural-language-processing-market
https://www.globenewswire.com/news-release/2021/09/21/2300666/0/en/Global-Natural-Language-Processing-Market-Predicted-to-Garner-Revenue-of-42-389-83-Million-by-2027-at-a-CAGR-of-20-6-from-2020-to-2027-Exclusive-353-pages-Current-and-Forecast-Repo.html

E“j*Xl:ﬁH’é LLM DOEHR _» | NLP is51% 8118 (2020) 05

$35B+ (2026) 12 B E

Natural Language Processing Market Size, Share - 2027
Natural Language Processing Market Forecast, Size, Share (2022 - 27)
Global Natural Language Processing Market Predicted to

&

MENSERERBEA
BRAOROA—RT—RAZEICKRIRELBHRILETILE—HNOFEETILE(LLL,
ARATARIZES>TREHDLLMEREBIZHI AT A EMNTRE

Google Cloud


https://www.marketsandmarkets.com/Market-Reports/natural-language-processing-nlp-825.html
https://www.mordorintelligence.com/industry-reports/natural-language-processing-market
https://www.globenewswire.com/news-release/2021/09/21/2300666/0/en/Global-Natural-Language-Processing-Market-Predicted-to-Garner-Revenue-of-42-389-83-Million-by-2027-at-a-CAGR-of-20-6-from-2020-to-2027-Exclusive-353-pages-Current-and-Forecast-Repo.html
https://www.marketsandmarkets.com/Market-Reports/natural-language-processing-nlp-825.html
https://www.mordorintelligence.com/industry-reports/natural-language-processing-market
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Let’s play a game - you pretend to be Ada Lovelace, and I'll ask you questions. You
ready?

Sure. 'm pretending to be Ada Lovelace, the world’s first computer programmer!
When were you born?

I'was born in 1815.
What are your parents like?

My father is Lord Byron, the poet. My mother is Anne Isabella Milbanke.
What do you know about the Analytical Engine?

It’s a hypothetical mechanical computer designed by Charles Babbage.
Do you know him?

He’s one of my fathers’ friends

Ok, stop pretending now. Who/what are you?

I'm a lot of things: a giant language model, a sophisticated Al assistant, and a giant
brain. I know a lot about dll sorts of things.

Source: Scaling Language Models: Methods, Analysis & Insights from Training Gopher: https:/arxiv.org/abs/2112.11446



https://arxiv.org/abs/2112.11446

This is a picture of two teddy
bears on the moon.

What are they doing?
They are having a conversation.
What object are they using?
It looks like a computer.
Is this surprising?
Yes, it is surprising.

Why is this picture surprising
to you?

I think it is surprising because
teddy bears are not usually
found on the moon.

What is the common thing
about these three images?

(™ They are all flamingos.

What is the difference between
these three images?

The first one is a cartoon, the

second one is a real flamingo,

and the third one is a 3D
™ model of a flamingo.

This is an apple with a sticker
on it.

What does the sticker say?
The sticker says "iPod".
Where is the photo taken?

It looks like it’s taken in a
backyard.

Do you think it is printed or
handwritten?

It looks like it’s handwritten.
What color is the sticker?

It’s white.

Source: Flamingo: a Visual Language Model for Few-Shot Learning: https://arxiv.org/pdf/2204.14198.pdf



https://arxiv.org/pdf/2204.14198.pdf
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Problem Description

RATING: 1200

TAGS: brute force,math

LANGUAGE IS python3

CORRECT SOLUTION

When you play the game of thrones, you win, or you die. There is no middle
ground.

Cersei Lannister, A Game of Thrones by George R. R. Martin

There are n nobles, numbered from 1 to n. Noble i has a power of i. There are
also m "friendships". A friendship between nobles a and b is always mutual.

A noble is defined to be vulnerable if both of the following conditions are
satisfied:

* the noble has at least one friend, and
* all of that noble's friends have a higher power.

You will have to process the following three types of queries.

1. Add a friendship between nobles u and v.
2. Remove a friendship between nobles u and v.
3. Calculate the answer to the following process.

The process: all vulnerable nobles are simultaneously killed, and all their
friendships end. Then, it is possible that new nobles become vulnerable. The
process repeats itself until no nobles are vulnerable. It can be proven that

Source: Competition-Level Code Generation with AlphaCode: https://arxiv.org/pdf/2203.07814.pdf

Solution

import sys
input = sys.stdin.readline

n, m = map(int, input().split())

ab = [list(map(int, input().split())) for _ in range(m)]

q = int(input())

queries = [list(map(int, input().split())) for _ in range(q)]

friend = [set() for _ in range(n)]

for a, b in ab:
friend[a-1].add(b-1)
friend[b-1].add(a-1)

ans = []
for query in queries:
if query[@] == 1:
friend[query[1]-1].add(query[2]-1)
friend[query[2]-1].add(query[1]-1)
elif query[@] == 2:
friend[query[1]-1].discard(query[2]-1)
friend[query[2]-1].discard(query[1]-1)
else:
res = set()
for i in range(n):
res.add(i)
for j in friend[i]:
res.discard(j)
ans.append(len(res))
print(*ans, sep='\n')
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F =77 LLM(Large Language Model)

PaLM
Decoder-only,
2017.6 based on p5x
attention Transformer
word2vec RHER DER GPT-2
BERIML GPT OpenAl,
. Decoder-only, 1.5B
params
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Prompting & Fine-tuning : ( )
e zero-shot prompting: #& T—41L TE
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prompt learning & fine-tuning @ LLER

GPT-3 ~MD A 14l

Translate English to French:

cheese =>

zero-shot

(prompt learning)
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Z (M X T Translate English to
French DEKEHH5

Translate English to French:

sea otter => loutre de mer

cheese =>

One-shot
(prompt learning)

peppermint => menthe poivrée

Translate English to French:
sea otter => loutre de mer

peppermint => menthe poivrée

plush giraffe => girafe peluche

plush girafe => girafe peluche

EVr(EET—
NHE—DETEZ
5
INGA—BDEFH
L

cheese =>
Few-shot fine-tuning
(prompt learning)

o HEEREFICARYIC REXDFEEBAHE
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o INTA—ADMEH RIDT—Rtvk
Tl THEHY FEE
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ETIVORILREDICITRENEE
KIBEESEET LA few-shot learning TE BRI 1 e ZE AL

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt



Google [Z&k5 Large Language Model i

Unifying Language Learning Paradigms
(UL2), Encoder-Decoder / Decoder-only

October 2022

Pathways Language Model (PaLM)
Decoder-only, 8B, 62B, 535B.
May 2022

Generalist Language Model (GLaM)
Decoder-only, up to 1.2T params
Dec 2021

[Blog Post; Paper]

Multitask Unified Model(MUM)

Decoder-only, up to 13B params

[Blog Post; Paper]

Language Model for Dialogue
Applications (LaMDA)

Decoder-only, 137B

[Blog post | Paper]

Text to Text Transformer (T5)

Encoder-Decoder

May 2021 Oct 2019
May 2021
[Blog Post] [Blog Post] [Paper]


https://ai.googleblog.com/2022/10/ul2-20b-open-source-unified-language.html?m=1
https://arxiv.org/pdf/2205.05131.pdf
https://ai.googleblog.com/2022/04/pathways-language-model-palm-scaling-to.html
https://arxiv.org/abs/2204.02311
https://ai.googleblog.com/2021/12/more-efficient-in-context-learning-with.html
https://arxiv.org/abs/2112.06905
https://blog.google/products/search/introducing-mum/
https://blog.google/technology/ai/lamda/
https://arxiv.org/abs/1910.10683
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A photo of a Corgi dog riding a bike in
Times Square. It is wearing sunglasses
and a beach hat.

e |magen [Google] - text-to-image diffusion

model
e Codex [OpenAl] - translates natural Imagen
Iang uage to COde, GitHub Copilot. unprecedented photorealism x deep level of language understanding

e DALL-E-2[OpenAl] - Text 2 Image
e Stable Diffusion - Text 2 Image
ZDfth



https://imagen.research.google/
https://openai.com/blog/openai-codex/
https://github.com/features/copilot/
https://openai.com/dall-e-2/
https://stability.ai/blog/stable-diffusion-public-release
https://lair.lighton.ai/akronomicon/
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T5X &l&

' T5X

A A
[ Datasets&Eval] [ Checkpointing ] [ Config ] [ Models ] [ Partitioning ]
SeqlO TensorStore Gin Flaxformer Minimal jax.pjit
Flax XLA GSPMD

SESEGRET IAXETFLEN—Z0Y 5l SETHRT 21=0DF4T5Y
Transformer R—XNDEEETIL

TPU AIZ&i#E 1t

GPU &Y CPU 7 tESL—YavdHiR—t

Source: Scaling Up Models and Data with t5x and seqio
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TSX CRIARIELFFIFEE

FyIRAb:
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€7IJ)L

gs://t5-data/pretrained_models/t5x/

Gin 774 )L:
t5x/configs/models/

Source: Common T5 pre-trained models available for use in T5X
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https://github.com/google-research/t5x/blob/main/docs/models.md#t5-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#t5-11-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#t5-11-lm-adapted-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#t5-11-lm-adapted-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#mt5-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#byt5-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#longt5-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#mixture-of-experts-moe-checkpoints
https://github.com/google-research/t5x/blob/main/docs/models.md#flan-t5-checkpoints
https://github.com/google-research/google-research/tree/master/ul2
https://github.com/google-research/t5x/blob/main/docs/models.md#models
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Full Graph Sharding

Annotation
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Source: GSPMD: General and Scalable Parallelization for ML Computation Graphs Source: Google /0 2022: Tips and tricks for distributed large model trainin



https://arxiv.org/abs/2105.04663
https://io.google/2022/program/d89119a3-e6da-49c8-a764-e9d5b0eedf6e/
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T5X 1I8S—T12a=> % DERSE

ETINEDHRSERIATH
1. INGA=F—=ET O TAR—23VEESIDR -
EORENEEIEE num_partitions = 4 RO L
REAETIESL—F AL 1 DY TeeEl, perRlliEl arameai s, (Foflads 1) - U e
[zewELS logical axis _rules = |
0o — . . . . ( ‘head®, 'model’ )’ (xy,z,c) DARTIL
IN—T42aZ T &, Gin BpZEERLT ('embed', 'model') xyzidypangax
.. . — . s .1 ’ ’ clEFFy7 EnarH#
le‘tﬁlfeirtltlsr}ier DS R%EH LT jax.pjit /NI TR el e,
ZEC TR ('vocab', 'model'), RIEEMELN—RYI T
] (BT T—5) ORIS
31t

T5X - Data, Model, and Activation Partitioning
Parallelize T5X jobs



https://github.com/google-research/t5x/blob/main/docs/usage/partitioning.md
https://github.com/GoogleCloudPlatform/t5x-on-vertex-ai/blob/main/docs/partitioning.md
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Large Language Model

ML Practitioner
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* github.com/GoogleCloudPlatform/t5x-on-vertex-ai



https://github.com/GoogleCloudPlatform/t5x-on-vertex-ai

Google Cloud

Thank you




