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= Basics
=« Bottlenecks and solutions
= Scaling laws

« Capabilities

= How to train your large language models

« Sharding



Successes of machine and deep learning
-~ Language model is everywhere

= Secret sauce: enormous compute power

) You

Show me a code snippet of a website's sticky header in CSS and JavaScript.

@ chatcPT
Creating a sticky header for a website involves using both CSS for styling and
JavaScript for functionality. The following code snippet demonstrates how to

implement a sticky header:

Chatbot Copilot Sora

TPU datacenter 2



Likelihood distribution

po(y)
Y= (y17'°°7yT)

Sequence of tokens

Parameters:

0



- Language model

po(y) = | [ po(ue | y<2)

Model is parameterized by a transformer



Autoregressive

——Auteregressive-factorization
W TCAUWVLIUVIITLQALTVI ]
= Next token prediction

=  Predicting future
=« Every bit becomes supervision

. Natural for conversational Al



I\/Iodelm I|keI|hood

arg 1ma
555 1D 4

= D: 1.5 trillions of tokens in Llama

gy : 7 to 70 billions of parameters

0



o Learning

=« Finetuning: specializing the model for specific tasks

= Learning from feedback: improving the model with feedback on its outputs,
such as human feedback and debug message



Why unsupervised learning?

- Much more data avaable —

= Much better generalization
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Billion of tokens



« “The biggest lesson that can be read from 70 years of Al research is that
general methods that leverage computation are ultimately the most effective,
and by a large margin.” The Bitter Lesson, Richard Sutton 2019



Compute

seqguences.

Mostly many matrix multiplications (matmul)

= Unit: floating point operations (FLOPS)

Compute cost: C = 6ND(1+s/6d)

. N: parameters, D: data size, s: context size, d: hidden dimension

Adding compute by using more tokens, larger context, larger model
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| Token

= Character-based: each word requires too many tokens

=« Word-based: 'dog’ and ‘dogs’ should share meaning

=  Subword-based:
= Byte-pair encoding: replace top appearing pair with a new token

= Repeat until reach a given vocab size

11



large amount of Amazon reviews.

Negative reviews
1000- Positive reviews
800
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Value of the Sentiment Neuron

Radford, Alec, Rafal Jozefowicz, and llya Sutskever. "Learning to generate reviews and discovering sentiment.” arXiv 2017.
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Train LSTM with more compute

25 August 2003 League of Extraordinary Gentlemen: Sean Connery is one of
the all time greats and I have been a fan of his since the 1950's. I went
to this movie because Sean Connery was the main actor. I had not read
reviews or had any prior knowledge of the movie. The movie surprised me
quite a bit. The scenery and sights were spectacular, but the plot was
unreal to the point of being ridiculous. In my mind th1s was not one of
his better movies it could be the worst. Why h e

I found this to be a charming adaptation, very lively and full of fun.
With the exception of a couple of major errors, the cast is wonderful. I
have to echo some of the earlier comments -- Chynna Phillips is horribly
miscast as a teenager. At 27, she's just too old (and, yes, it DOES show)
and lacks the singing "chop for Broadway-style music. V S 5

-- with special kudos to Brigitta
Dau and Chiara Zanni. I also enjoyed Tyne Daly's performance, though I'm
not generally a fan of her work. Finally, the dancing Shriners are a riot,
especially the dorky three in the bar. The movie is suitable for the whole
family, and I highly recommend it.

Judy Holliday struck gold in 195M
"Born Yesterday," and from that t forward, her career consisted o

trying to find material good enough to allow her to strike gold again. It
never happened. In "It Should Happen to You" (I can't think of a blander
title, by the way), Holliday does yet one more variation on the dumb
blonde who's maybe not so dumb after all, but everything about this movie

feels warmed over and half hearted. Even Jack Lemmon, in what I believe
was his first film role, can't muster up enough energy to

Once in a while you get amazed over how BAD a film can be, and how in the

world anybody could raise money to make this kind of crapb-

Team Spirit is maybe made by the best intentions, but it misses the warmth
of "All Stars" (1997) by Jean van de Velde. Most scenes are identic, just
not that funn:

God bless Randy Quaid...his 1leachorous Cousin Eddie in Vacation and
y stole the

Vegas Vacation at least worth k. I will say that he tries hard

this made for TV sequel, but that the script is so NON funn

movie never really gets anywhere.| | the res the r

Dana Barron) are was

Visualizing the value of the sentiment cell as it
processes six randomly selected high contrast
IMDB reviews. Red indicates negative
sentiment while green indicates positive
sentiment. Best seen in color.

Radford, Alec, Rafal Jozefowicz, and llya Sutskever. "Learning to generate reviews and discovering sentiment.” arXiv 2017.
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large amount of Amazon reviews.

Sentiment fixed to positive

Sentiment fixed to negative

Just what I was looking for. Nice fitted pants, exactly
matched seam to color contrast with other pants I own.
Highly recommended and also very happy!

This product does what it is supposed to. I always keep
three of these in my kitchen just in case ever I need a
replacement cord.

Best hammock ever! Stays in place and holds it’s shape.
Comfy (I love the deep neon pictures on it), and looks so
cute.

Dixie is getting her Doolittle newsletter we’ll see another
new one coming out next year. Great stuff. And, here’s
the contents - information that we hardly know about or
forget.

I love this weapons look . Like I said beautiful !!! I rec-
ommend it to all. Would suggest this to many roleplayers
, And I stronge to get them for every one I know. A must
watch for any man who love Chess!

The package received was blank and has no barcode. A
waste of time and money.

Great little item. Hard to put on the crib without some
kind of embellishment. My guess is just like the screw
kind of attachment I had.

They didn’t fit either. Straight high sticks at the end. On
par with other buds I have. Lesson learned to avoid.

great product but no seller. couldn’t ascertain a cause.
Broken product. I am a prolific consumer of this company
all the time.

Like the cover, Fits good. . However, an annoying rear
piece like garbage should be out of this one. I bought this
hoping it would help with a huge pull down my back &
the black just doesn’t stay. Scrap off everytime I use it....
Very disappointed.

Radford, Alec, Rafal Jozefowicz, and llya Sutskever. "Learning to generate reviews and discovering sentiment.” arXiv 2017.
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outperform LSTMs due to |mproved use of context

Test Loss 5.4
Per-token
Test Loss 6 | 4.8
4.2
4] Parameters:
VA 400K 3.6
5 | 400K 1 Layer
M 2 Layers
2 3.0 Transformers
34 200M
300M
5 2.4
1 2 3 . ' ! : !
Token Index in 1Coontext " 0 10° 108 107 108 109
Parameters (non-embedding)
“Better usage of context” “Better model performance”

Scaling laws for neural language models. Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B, Chess, B., Child, R., ... &
Armadea D (O020)
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Transformer architecture

Scaled Dot-Product Attention

Big FFNs, highly scalable

Multi-Head Attention

Scaled Dot-Product
Attention

1A LA |

L L L1 L L
l Linear ',}' Linear 'Jl Linear',}
Vv K Q

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing
cycteame 20 (201 7)

Output
Probabilities

[ Softmax__]

Add & Norm
Feed
Forward
| Add & Norm IT:
it Mult-Head
Feed Attention
Forward 7 7 Nx
— ]
Nix Add & Norm
~—>{ Add & Norm } oS
Multi-Head Multi-Head
Attention Attention
t At
\— . —
Positional ® @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Pretraining objective
-~ Fullautoregressive: GPT, Llama

« Prefix autoregressive: T5

=« Masked: BERT, ELMO

targets
Full Language Modeling May |the force be with you]

targets
Prefix Language Modeling May the force |be with you
targets
Masked Language Modeling May be with you

Wang, Thomas, et al. "What language model architecture and pretraining objective works best for zero-shot
oeneralizatinn?” (202 2)
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objective

na |

LR Iu

« Causal decoder (GPT) used most frequently

Causal Decoder N on-causal Decoder Encoder-D ecoder
b = ' ~ ~ a) P 7= .7 ) b = N =9
3 3 3
© = N~ < 4 © . - R J &J © J = AL =7
5 [ Y B 3 )
g = g &
AN e . =/ - AN o & < 4 D J 7 J
2 2
g ° g ° s
O - - < J/ O - 7 4 7 G J/ J J J
§ 5 o| §
) S S | N— N— 8 ) S
— ————— S —
- - ]
p " N s  SEEEEEEE ) SRS
1 ¢ am a causal decoder I am a NC decoder I am an  encoder decoder
Decoder Decoder Encoder Decoder

18

Wang, Thomas, et al. "What language model architecture and pretraining objective works best for zero-shot
oeneralizatinn?” (202 2)



Model architecture

ve Log-Perplexity
\ve Log-Perplexity

Negative Log-Perplexity

Negat
Negat

(OO eT
FLOPS

(b) DConv

FLOPS

(d) Funnel

Negatjve Log-Perplexity
A

Negative Log-Perplexity

FFFFF

(g) MLP Mixer (h) MoS Transformer

(e) Transformer-GLU (f) LConv

Faa| M

(i) Performer (j) Switch Transformer (k) Universal Transformer

Upstream Negative
Log-Perplexity of vanilla
Transformer compared to other

models.

Transformer outperforms other
models.

Tay, Y., Dehghani, M., Abnar, S., Chung, H. W., Fedus, W., Rao, J., ... & Metzler, D. Scaling laws vs model architectures: How does inductive bias

infliience <caline? (2022)
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Model architecture

. Downstream accuracy of vanilla
Transformer compared to other

models.

SuperGlue Accuracy

SuperGlue Accuracy
SuperGlue Accuracy

Flops ; " Flops

(c) Evolved (d) Funnel

FLOPS FLOPS

(a) ALBERT (b) DConv

. Transformer outperforms other
models.

SuperGlue
v 38 &
SuperGlue Accur

FLOPS FLOPS

(g) MLP Mixer (h) MoS Transformer

FLOPS FLOPS

(e) Transformer-GLU (f) LConv

: &

SuperGlue Accuracy

SuperGlue Accuracy

SuperGlue Accuracy

) FLOPS -

FLOPS

(i) Performer (j) Switch Transformer (k) Universal Transformer
Tay, Y., Dehghani, M., Abnar, S., Chung, H. W., Fedus, W., Rao, J., ... & Metzler, D. Scaling laws vs model architectures: How does inductive bias 20

infliience <caline? (2022)



= C =6ND(1+s/6d): Compute increases with more data and larger model

= LLaMA (s << 6d): C =6ND = 6 * 7 billion * 2 trillion = 8.4 x 1022 FLOPs

« Shall | allocate more compute to data or model?

Nopt(C)a DOpt(C) = argmin L(Ns D)
N,D s.t. FLOPs(N,D)=C

"Scaling laws for neural language models.” 21
(7020)



Pick minimal loss (black line)

Follow power-law:

Run linear regression on log — log

Nopt X Ca,Dopt 0.6 Cb
4.2

Test Loss

L = (Cmin/2.3 - 108)~0:050

3.9

3.6

3.3

3.0

2.7

—— L=(D/5.4-1013)70:0%

Train model of different sizes and number of tokens (light blue lines)

5.6
4.8

4.0

3.2

2.4

107 105 10-3 10-!

Compute

PF-days, non-embedding

"Scaling laws for neural language models.”

108 10°
Dataset Size
tokens

—— L=(N/8.8-103)70076

Parameters
non-embedding



Allocate compute

Emoirical E
Nopt < C, Dy C?
. We have a + b = 1 because C = 6ND

Allocate more compute to parameters (a) or tokens (b)?

23



distribution

Coeff. a where Coeff. b where

Approach
PP Nopt(Mopt) < €% Dopt oc CP
OpenAl (OpenWebText2) 0.73 0.27
Chinchilla (MassiveText) 0.49 0.51
Ours (Early Data) 0.450 0.550
Ours (Current Data) 0.524 0.476
Ours (OpenWebText2) 0.578 0.422
. OpenAT(2020) gives more compute to parameters
. DeepMind (2022) gives more compute to tokens
. Best practice: train different small models and data sizes, and fit the constants yourself.

"DeepSeek LLM Scaling Open-Source Language Models with
| onotermicm ” (7202 4)
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~hinchill inad —04G e

Chinchilla scaling

Q.51

A~ 4~ |

=« Implication: more compute efficient than other models

1T

100B

Parameters

100M

"Training Compute-Optimal Large Language Models."

10B

1.0B

(2022).

1019

1021
FLOPs

1023

1025

Approach 1
Approach 2
Approach 3
Kaplan et al (2020)

Chinchilla (70B)

Gopher (280B)

GPT-3 (175B)
Megatron-Turing NLG (530B)

25
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Determine to

=« It’s best to double the estimate: tokens = 40x parameters

Parameters FLOPs FLOPs (in Gopher unit) Tokens
400 Million 1.92e+19 1/29,968 8.0 Billion
1 Billion 1.21e+20 1/4,761 20.2 Billion

10 Billion 1.23e+22 1/46  205.1 Billion
67 Billion 5.76e+23 1 1.5 Trillion
175 Billion 3.85e+24 6.7 3.7 Trillion
280 Billion 9.90e+24 17.2 5.9 Trillion
520 Billion 3.43e+25 59.5 11.0 Trillion
1 Trillion 1.27e+26 221.3  21.2 Trillion
10 Trillion 1.30e+28 22515.9 216.2 Trillion

"Training Compute-Optimal Large Language Models." (2022). 27



| Inference optimal
~ Train small model and more tokens to achieve better inference

. E.g. Llama 7b is trained on 7 times of Chinchilla optimal

2.2
—— LLaMA 7B
2.11 — LLaMA 13B
5 —— LLaMA 33B
o —— LLaMA 65B
o) 1.9
£
C 1.8-
@
= 1.7
1.6
1.5

0 200 400 600 800 1000 1200 1400
Billion of tokens

Touvron, Hugo, et al. "Llama: Open and efficient foundation language models." (2023). 28



Loss predlcts performance

models have the same performance if they have the same loss.

2 ] 2 TriviaQA . HellaSwag NaturalQuestions
—— LLaMA 7B s o i i e
2 . 1 7 75
—— LLaMA 13B . . 251
571 1 20
A 5 G- —— LLaMA 33B g I o )
(7] . £ 404 ] | 15
| I i
o LLaMA 65B ol o LI 10
1 . 9 T 55 1 I 5
g 20 I, l 50 ; : 0 :
— 0 250 500, 750 1000 1250 1500 = 0 bso 500! 750 1000 1250 1500 0 250 500 750 1000 1250 1500
.E 1 . 8 T SIQA WinoGrande PIQA
E 82.5
= 1.7 1 80.0
- 775
1.6 - § 75.0
' o — —— LLaMA 78
I 1 1 < ’ —— LLaMA 13B
70.0 —— LLaMA 338
1.5 T —— LLaMA 658

67.5 ~== Chinchilla

1 1
T v T L i L] T T
0 200 400 600 800 1000 1200 1400 o N o I
L L 0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500
B I I I I O n Of tO ke nS Billion of tokens Billion of tokens Billion of tokens

Touvron, Hugo, et al. "Llama: Open and efficient foundation language models." (2023). 29



. Predicting performance of larger models and larger datasets

—_
00

* 7B MHA 2T Token
67B GQA 2T Token

o —_ —_ —_ -
o] o N H [e)}
o
@
[
%

Bits-per-Byte on Validation Set
é

o

o
I
I

o
-
o—b

16 1018 1020 1022 1024
Training FLOPs (C = MD)

"DeepSeek LLM Scaling Open-Source Language Models with 30

| onotermicm ” (7202 4)



Transformers. Needed for agent, world modeling, codebase, and
hyperlinked web.

Codebase

@ monalisa
Write a set of unit test functions for the selected ct

Observatig
GitHub Copilot

test_parse_expenses_with_valid_iny

expenses_string )1-02

expected_output = [(datetime.date
tEqual(parse enses(e

penses_with_empty_iny

Hyperlinked web Genome st i = 0

rtEqual(parse_ enses(e

1600 Pennsyhania Avenue* radects hre. For othr uses se 1600 Panns whie
if __name__

The White House s the ofical residence and workplace of the prosident of the United States. It s located
at 1600 Ponnsylvania Avenue NW in Washinglon, D.C., and has beon the residenco of avery U.

i rn Adams in moved from Philadelphia I The term
"White House" is often used as matonymy for the president and his advisers

Whits House
unittest.main()

The code assumes that the datetime module is imported. The test

t ban in style.”I Hoban

modele th buking on Lonste House n Dubln, a buing which oday houses the Ofcachas,he lish cases cover different scenarios such as valid input, empty input, input
e et Tt e dases with comments, invalid date format, and invalid value format.
avcbe » “in 1614,
g tha War o 191, v mansion wa s ablaze by B forces i th buring of Washiglo,
destoying th nerior e ot oy, and
Prosiden James Monroe Exacuive Resdonc 017

e Porico n 1624 and e Norh
Poricoin 1825

o Th Exculve Reddene’sorem
Bocause of crowding witin th exscutive mansion s, Pesiden Theadore Roosovel had allwork e
West Wingn 101 n 1908 o

val Office, Botom:

the o
‘South Lawn and Th Ellpse

31



Blockwise parallel transformers

D o
| 'u.

» Exact attention and feedforward.

N layers >Nx

Inner loop on KV

Outer loop over g

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.
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Anal;ésis of memory cost

. Peak of attention: O(s**2)

. Peak of FFN: 8bsh

. Memory efficient attention + standard FFN
. Peak of attention: max(4bch, 2bsh) = 2bsh

. Peak of FFEN: 8bsh

vy

BPT 4x times smaller peak

activation memory
. Peak of attention: 2bsh P
. Peak of FFN: max(8bch, 2bsh) = 2bsh because s >>

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.



| Evaluatlon

34

« Faster speed thanks to fusion opportunities of attention and FFN

= Vanilla Attention = FlashAttention / Memory Efficient Attention = BlockWise Parallel Transformer

150000 150000 40000

30000
100000 , 100000

Four times longer context than FlashAttention

I P I R

13B 30B 30B

1 A100 8 A100 64 TPUv4

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.

70B



Generally applicable

Parameters 2B 7B

d_model 2048 3072

Layers 18 28 16x times expanded MLP
Feedforward hidden dims 32768 49152Ahldden dimension

Num heads 8 16

Num KV heads 1 16 k

Head size 256 256 Blockwi ransformers
Vocab size 256128 256128 allows 16x memory saving

without overhead
Table 1 | Key model parameters.

Gemma: Open Models Based on Gemini Research and Technology
https://blog.google/technology/developers/gemma-open-models/

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.


https://blog.google/technology/developers/gemma-open-models/

Still cannot do million-length sequence

36

Memory cost (2bsh) scales linearly with sequence length s.

Chip memory cannot scale arbitrarily, and we are already pushing against
physics limitations.

Using multiple GPUs doesn’t help because attention requires pairwise
interactions.



. Circulating key-value in a ring, and computing attention and FFN for local query

Blockwise Blockwise Blockwise Blockwise
FeedForward FeedForward FeedForward FeedForward

L G ! Blockwise Blockwise Blockwise Blockwise
: v 1 Attention Attention Attention Attention

query loop is distributed
across devices

:Query2! 75 N

_______ Key1 ! Key2 Key3 Key4

______ Value1 Value2 Value3 Value4

receive from
previous device

compute, send to
next device
G

Query Outer Loop

4._-____._-
s Fae -

(o] [}

c c

@ @

LA

/ﬁ

Key and Value Inner Loop

Key-value loop overlaps communication / computation

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.
Liu, H., Zaharia, M., Abbeel, P. “Ring Attention with Blockwise Transformers for Near-Infinite Context”. ICLR 2024.
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~Analysis of arithmetic intensity

Regtire-btock-sizetargeenougirstch-that-comptte—time-{btockwiseattentionr—

+ blockwise FFN) >= communication_time(block size of key and value)

= Require each device to 2x from key + value, 3x from sending next one,
receiving previous one, and computing using current one

Interconnect  Minimal Minimal

spec ber Host HLOPS  HEM Bandwidth  Blocksize Sequence Len

(TF) (GB) (GBY/s) (x1e3) (x1ed)
A100 NVLink 312 80 300 1.0 6.2
A100 InfiniBand 312 80 12.5 24.5 149.5
TPU v3 123 16 112 1.1 6.6
TPU v4 275 32 268 1.0 6.2
TPU v5e 196 16 186 1.1 6.3

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.
Liu, H., Zaharia, M., Abbeel, P. “Ring Attention with Blockwise Transformers for Near-Infinite Context”. ICLR 2024.
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—valuation of max sequence length
o At et teat : : tetard
context configurations.

B Memogy Efficient Attention & FFN

35
30
§ 25
E 20
=15
10

5

0

7B on A100-8 13B on A100-8 13B on A100-32 30B on TPUv4-1024 65B on TPUv4-1024
32K vs 256K 16K vs 128K 64K vs 2048K 16K vs 2048K 8K vs 1024K
Training config

Ring attention (expected)

B Ring attention

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.
Liu, H., Zaharia, M., Abbeel, P. “Ring Attention with Blockwise Transformers for Near-Infinite Context”. ICLR 2024.
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—valuation of max sequence length
_ GllLEl] AT v b -

10M

1M

Max Context Size
S
o
~

3B

Liu, H., Abbeel, P. “Blockwise Parallel Transformer for Large Context Models”. NeurlPS 2023 Spotlight.

Liu, H., Zaharia, M., Abbeel, P. “Ring Attention with Blockwise Transformers for Near-Infinite Context”. ICLR 2024.

0 512 t|m nger cont
times long
10K

mmw Ring Attention

than blockwise transfor
han flash ntion

Model Size



Stage 1: LLM
Context Extension

Text: Books3

Doc Length
10k - 100k

Context: 32k
Tokens: 7B
Examples: 78K

Large World Model

|:“> Stage 2: Vision-Language Training

Images: LAION-2B-en + COYO700M n Data (495B Tokens)

. °
w L3
@ ¢ Context: ik
Tokens: 4008
Examples: 1B

Brown Dog Rootheerfloat  Rose petals in @
Camo

Hoodie

¢ = Images (4006)
Popsicles heart shape = Video 30 frames (908)

Text: Books3

Doc Length
100k - 200k

Context: 128k
Tokens: 128
Examples: 92K

Video (30 frames): Webvid10M + InternVid10M (3M Subset) G e P00M)
—

Context: 8k
Tokens: 90B
Examples: 13M

Text Data (338 Tokens)

= Books3 10k-100K (76)
00k

Text: Books3

Doc Length
200k - 500k

Context: 256k
Tokens: 10B
Examples: 37K

= Book3 200K 500K (108)
0oks3 50014 (38)
= Books3 10+ (16)

Context: 32k
Tokens: 3.28
| Examples: 173K

User: What is happening in the video? Assistant: Awomanis =2

dealing cards and chips at a black jack table...

Text: Books3

Doc Length
500k - 1M

Context: 512k
Tokens: 3B

Examples: 3.5K

Video (450 frames): Valley-Instruct-73k + Video-Instruct 100k

User: What are some of the highlights of the video? Assistant: The video captures

Context: 128k
various exhilarating moments of dirt biking, including bikers jumping into the ar, ...

Tokens: 1.2
Examples: 173K

Text: Books3
Doc Length:
M+

Context: 1M

Tokens: 1B
Examples: 0.8K

Video (4000 frames): Valley-Instruct-73k + Video-Instruct 100k

t=10min

Context: 1M
Tokens: 200M

User: Could you provide a brief summary of the employee's actions? Assistant: In the
video, an employee prepares a sub. After assembling the bread, ham, pepperoni,
salami, and cheese, he toasts the sub in the oven...

Examples: 173K

“World Model on Million-Length Video and Language with RingAttention”. (2024) largeworldmode.aithub.io


http://www.largeworldmode.github.io/
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1M effective context

= EWAVgetsearperfectaccuracyomthepoputar-“needtemmahaystack™task—

Needle Retrieval (1M Context Model)

(% N I ) S O L4
5% [ — N
T =
T = -
T I :
2 e s e =
()]
O o s s = _ _ _
k: N - " LWM achieves highly effective context
N i g “ost i iddle”
< ———t——+1— — 02 over 1M tokens. No “lost in the middle
e I s s | — observed.
3 EE e e 7
a) - T T
T R T b
T o T :
St | o s | -
9 e S Y e [
100% --i---{-i—-{—-{—-i—-i-i-i--{—-{-{--%-i- 0.0
N AR IO R s ¥ S g

Context Length

“World Model on Million-Length Video and Language with RingAttention”. (2024) largeworldmode.aithub.io


http://www.largeworldmode.github.io/

1M effective context

————Nearperfectaccuracy onthepoputar-‘needtemahaystack™task:

. Outperform Gemini 1.0 Pro (max 32K)

. Outperform GPT4 (max 128K)

Single Needle Retrieval Comparison

43

=
o

o
o

o
>
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P GPT-4

B | WM-Text-Chat-1M (Ours)
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Needle P05|t|on |n Context

“World Model on Million-Length Video and Language with RingAttention”. (2024) largeworldmode.aithub.io
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http://www.largeworldmode.github.io/

A ball thown in the air Slow motion flower A burning campire in a A boat sailing on a
petals falling on the forest stormy ocean
ground

“World Model on Million-Length Video and Language with RingAttention”. (2024) largeworldmode.aithub.io



http://www.largeworldmode.github.io/

Fireworks exploding in ~ Waves crashing against A bustling street in Camera pans left to right

the sky the shore London with red on mago slices sitting on
telephone booths and a table
Big Ben in the
background

“World Model on Million-Length Video and Language with RingAttention”. (2024) largeworldmode.aithub.io


http://www.largeworldmode.github.io/

00:00:00

User: What vehicle was the person dressed in the t-rex costume riding?

\‘ GPT-4V: I'm sorry, | can't provide assistance with that request. X

| Gemini Pro Vision: A motorized scooter. Y

{Video-LLaVA: The person dressed in a t-rex costume was riding a truck. X

D — S S

{LWM (Ours): The person dressed in a t-rex costume was riding a motorcycle. /

User: What color jacket was the girl on the trampoline wearing?

(GPT—4V: The sequence provided does not include a definitive image of a girl on a trampoline; therefore, | cannot
| describe the color of the jacket.

[ Gemini Pro Vision: The girl on the trampoline was wearing a green jacket. x

[VVideo-LLaVA: The girl on the trampoline was wearing a black jacket. x

[LWM (Ours): The girl on the trampoline was wearing a blue jacket. \/

“World Model on Million-Length Video and Language with RingAttention”. (2024) largeworldmode.aithub.io



http://www.largeworldmode.github.io/

——055-goes-down-wihlongercontex

Negative Log-Likelihood
(lower is better)

% ¢

Scaling of long context

Cumulative Average NLL for Long Documents

Gemini 1.0 Pro
Gemini 1.5 Pro

N ~== Power law fit (r> = 0.998)

I
+ gt

256 1K 4K 16K
Sequence position

64K 256K IM

Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context. 2024

Negative Log-Likelihood
(lower is better)

Cumulative Average NLL for Code

Gemini 1.0 Pro
Gemini 1.5 Pro

Power law fit (7> = 0.998)

\\. +

\ [p—

128 512 2K 8K 32K 128K 512K 2M
Sequence position
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Understand code repo
——large-contexi-alowsunderstanding-coderepesitones—————

4 ) e N
= User prompt + 4+ Model output
long context 3 "

( : The backward pass for autodifferentiation is implemented in the file jax/_src/
interpreters/ad.py.

In what file is the backward pass for

autodifferentiation implemented in JAX? T R e
jax/_src/interpreters/ad.py:
> def backward_pass(jaxpr: core.Jaxpr, reduce_axes, transform_stack,
consts, primals_in, cotangents_in):
JAX Core Codebase if all(type(ct) is Zero for ct in cotangents_in) and not jaxpr.effects:

return map(lambda v: Zero(v.aval), joxpr.invars)
Tokens: 746,152 tokens

Total files: 116

48

Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context. 2024



e context applications

S N\ i M\
= Long context & User prompt 4+ Model output
i a R

Look at the event in this Thisisianpage 1097

File: les_miserables.pdf draWing. What page is
Les Miserables by Victor this on? Page 1099
Hugo:

PREFACE

Solong as there shall exist, by

virtue of law and custom, “My friend,” resumed the Bishop,

decrees of damnation H -

pronounced by society. before you go, here are your
ificiall ing hell: . "

o Ty e candlesticks. Take them.

the civilization of earth, and
adding the element of human
fate to divine destiny;

He stepped to the chimney-piece,
took the two silver candlesticks, and
Parsed PDF les_miserables.pdf brought them to Jean Valjean. The two
women looked on without uttering a
word, without a gesture, without a look
which could disconcert the Bishop.

//‘

1382 pages, 732162 tokens
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Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context. 2024



e context applications

S N\ i M\
= Long context & User prompt 4+ Model output
i a R

Look at the event in this Thisisianpage 1097

File: les_miserables.pdf draWing. What page is
Les Miserables by Victor this on? Page 1099
Hugo:

PREFACE

Solong as there shall exist, by

virtue of law and custom, “My friend,” resumed the Bishop,

decrees of damnation H -

pronounced by society. before you go, here are your
ificiall ing hell: . "

o Ty e candlesticks. Take them.

the civilization of earth, and
adding the element of human
fate to divine destiny;

He stepped to the chimney-piece,
took the two silver candlesticks, and
Parsed PDF les_miserables.pdf brought them to Jean Valjean. The two
women looked on without uttering a
word, without a gesture, without a look
which could disconcert the Bishop.

//‘

1382 pages, 732162 tokens
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Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context. 2024



Large context applications

) Gemini 1.5 Pro: From 12 minutes to 11 hours Up to 22 hours
10-
—
& 30-
N -
S 50-
o -
A 70-
90-
© ' 36 84 132 180 228 276 324 372 420 468 516 564 612 660 o5 Wi, 555 1060 To0g. T3
Minutes Minutes
) Whisper + GPT-4 Turbo: From 12 minutes to 11 hours
10- L
—_ u .. ] | -
S 30-
L L m m -
S s0- = = m u
L70- I
A ||
90- u HE B
36 84 132 180 228 276 324 372 420 468 516 564 612 660
Minutes

Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context. 2024
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= Long context

Grammar 4  Dictionary
book

250K tokens

& User prompt

Given the reference
materials as context,
translate the following
sentence from English
to Kalamang:

I'm getting pandanus, | want
to make a mat.

Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context. 2024

7 ™
4 Model output
i b
An padanual repte, irar
paruotkin.
\ J
& J
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. Implementation of memory efficient attention in CUDA

Outer Loop

K:dxN
Copy Block to SRAM
Q:Nxd Outer Loop

]
A=\ SRAM: 19 TB/s (20 MB) FHEE 1
SRAM %I 0 i i i
E (R 1

HBM: 1.5TB/s (40 GB) 2 o1 yy !
HBM 3 4+ Compute Block |
.. \ 5 o on SRAM |
RUUETLT LTI DRAM: 12.8 GB/s £ | |
(CPUDRAM) (>17TB) | |
| |
Mem9ry Hierarchy wit!l Output to HBM

Bandwidth & Memory Size smQK)V: Nxd

Inner Loop
FlashAttention

"Flashattention: Fast and memory-efficient exact attention with io-awareness.” (2022)

V:NXd

N

=}
o
<

doo Jauy|

doon 121N
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——Query-oopisparalietable-be-the-outertoop:

"Flashattention-2:

Optimization

54

Key-value loop be the inner loop.

(KD)T (K@)

|

1
3 |
1 _ T T
Q —>3 s = Q (K(l)) J s@ = Q (K(ZJ) :
I I
: | |
\ A !
\ oo g s = \ e e o g i
Al J Output
g R R B \
i \ ) AD
| ] ! v oW =T - VO
Stored in HBM : | i
@ = 1y |1 A@ = ) ' = 1)
F-———- _ : A exp(5*) 1 A exp($'¥) | = 0® = l_ ow
1 | Computed in SRAM | | 1 12
L~ — = =" (not materialized in HBM) ! : ! 14O)] A® @
' il 1 A @ 4

i

= Z exp(S™), 1®=1m 4 Z exp(s@),
7

Faster attention with better parallelism and work partitioning.” (2023)

Rescaling to
correct
denominator



Higher throughput

Attention forward + backward speed (A100 80GB SXM4) Attention forward + backward speed (A100 80GB SXM4)
B Pytorch B Pytorch
I FlashAttention mmm FlashAttention
2007 B xformers 2001 mmm xformers
E BN FlashAttention Triton 162 s L E B FlashAttention Triton
4 EEE FlashAttention-2 2 mEE FlashAttention-2
o 150 4 o 150 4
pus} |
E E '
< 1001 < 100} . FlashAttention outperform
[} [}
o Q H H
@ g @ 5! standard attention computation

1k 2k ak 8k 1k 2k ak 8k
Sequence length Sequence length . FIaS hAttent|on‘2 fu rther
(a) Without causal mask, head dimension 64 (b) Without causal mask, head dimension 128 Outperfo rm FIaSh Attentl on

Attention forward + backward speed (A100 80GB SXM4) Attention forward + backward speed (A100 80GB SXM4) . .

= rytorh =yt significantly

W FlashAttention B FlashAttention
. 200 s xformers N 200w xformers 189
v BB FlashAttention Triton 165 171 v B FlashAttention Triton 113
g B FlashAttention-2 158 g W FlashAttention-2 155
o 150 140 o 150 T
- -
™ 119 w
E o £ %
T 100 4 88 i o o =z . s 100 72 o W Y o2
] 6 8 67 Q s2mm61] o
2 58,5 ) 5558,

50 50
2 32 3. 3
2
1 1 1 | 1 1
512 1k 2k ak 8k 16k 512 1k 2k ak 8k 16k
Sequence length Sequence length
(c) With causal mask, head dimension 64 (d) With causal mask, head dimension 128

"Flashattention: Fast and memory-efficient exact attention with io-awareness.” (2022)
"Flashattention-2: Faster attention with better parallelism and work partitioning.” (2023)



Tool use and retrieval

LN 1t Aate |nfnrmq+|nn

Aol S = = L L TTICACTNITT

. LM needs access to search to answer questions about news

More factual knowledge

. Some questions require factual knowledge that may not encoded in weights

External tools

. Accessing calculator, calendar, and tools can make LM more capable
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Tool use and retrieval

ance

T TN

Encoded neighbours
- === =g
E, % I Chunked cross-attention (CCA) 1
! 1
1 5 I
Encoded neighbours

| [ 0 @ m| : I
I

1 E E
Attend ! 2 I
! CITTT) (N 1
TP SE P [0 el [EPS o PP ! 100 I 0 T [
Input f ! 1 1
tokens | K v | 1 "
N G A e N ™ = 1 H, "

I |

e : : ! [
| 5 I
I : | CA(H"E) "
1 Q I . !
G —>| ATIN =1 CCA | FFW —;> | 1
| [ : CA(H," E,) I
I | !
[ | ' !
% | [ 1 !
P\ > A N 7 : CCA(H,E) I
X | I'RO blocl i | - !

Borgeaud, Sebastian, et al. "Improving language models by retrieving from trillions of tokens." PMLR, 2022.



Tool use and retrieval

- Eorm

of N.

. Metric: d(C, N) = ||[BERT(C) - BERT(N)||. RET(C) = (N1, FA1], ..., [NAk, FAK]).

- : Neighbours :
BERT i
—

BERT

r--—
vy

58

Borgeaud, Sebastian, et al. "Improving language models by retrieving from trillions of tokens." PMLR, 2022.



—Tool use and retrieval

database are also of length 64.

Chunked cross-attention (CCA)

Encoded neighbours

Borgeaud, Sebastian, et al. "Improving language models by retrieving from trillions of tokens." PMLR, 2022.
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Tool use and retrieval

—o— 172M —@— 425M —— 1.5B —— 7.5B —A— Baseline —%— RETRO [OFF] —@— RETRO [ON]

a) LAMBADA Accuracy 0.70- b) Curation Corpus bpb c) Wikitext103 Perplexity d) Wikipedia Sept 21 bpb
204 0.854
0.704
0.651 g 0.80+
0.654 10
0.754
0.601 0.60+ 51
0.55- 0.701
0.50+ 0.551 2 0.65+
0.454
| 0.60
S O S SO o 1o B A S S » 2
200 400 800 1600 7500 200 400 800 1600 7500 200 400 800 1600 7500 200 400 800 1600 7500
Non-Embedding Params (M) Non-Embedding Params (M) Non-Embedding Params (M) Non-Embedding Params (M)

n RE I RO leads 10 better pertormance

Borgeaud, Sebastian, et al. "Improving language models by retrieving from trillions of tokens." PMLR, 2022. 60



Tool use and retrieval

)

Relative bits-per-byte improvement over our 7B baseline without retrieval

B Jurassic-1 (178B)
go W Gopher (280B)

100

mmm RETRO (7.5B)

o o o
< N

Juswanosdwl %

qnyb

61 bd Biaquainb

|eJiuad pawgnd

20 9d

€5%00q

syoelysqe” pawgnd

IEEIN

abueydxayoels

SmauJaxdey

siaded|iyd

soangnsuado

spunoubxoeq oidsn

AIXJe

Jayodxa yiu

241 nungn

solewaylew” wp
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Alternative: sliding window attention

Expand to further tokens explicitly in deeper layers

The cat sat on the The cat sat on the window size
The HNREERRN
cat
sat Layers
on
Il
the
Tokens
Vanilla Attention Sliding Window Attention Effective Context Length

sequences with sparse transformers." (2019).
sch, A., Bamford, C., Chaplot, D. S., Casas, D. D. L., ... & Sayed, W. E. (2023). Mistral 7B. (2023)
, A. Longformer: The long-document transformer. (2020)

Child, Rewon, et al. "Generating long
Jiang, A. Q., Sablayrolles, A., Men:
Beltagy, I., Peters, M. E., & Cohan



Alternative: state space model

RQI“I |rren+ architcctire

= SITATT TTUO CAT VT ITTUUOU U CUAT

. Promising idea with faster inference than transformer and faster training than RNN

. Unclear how it would scale compared with transformer

—uf Mizg

/_v

x = Ax + Bu
y =Cx+ Du

Continuous
State Space

B &

Long-Range
Dependencies

{1 HHHHP A

. /\/‘L S
x=/}x+l_?u y=l?*u
y =Cx+ Du

Discrete Representations

Gu et al. “Efficiently Modeling Long Sequences with Structured State Spaces”. (2022)
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o Alternative; state space model

Scaling Laws on The Pile (Sequence Length 2048)

2x 10’
Hyena
@ RWKV
o Transformer
g RetNet
o H3++
: Transformer++
= 107
’5 Mamba
a
- =
()
m - i
6 x 100 1 | 1 T 1 1 1 1 | | 1 1 1 T I 1 1 | 1
1019 1020
FLOPs (log scale)

Gu, A., & Dao, T. “Mamba: Linear-time sequence modeling with selective state spaces”. (2023)

64



Alternative: attention + SSM

- Combine compression-and-attention

= Sliding window attention to model long range dependency

- State space model for inference efficiency

Taylor approximation

Limited memory for long
V provides large memory for X

range recall
recall
X Precise local token shifts ‘/ Precise local token shifts
and comparison and comparison

“Simple linear attention language models balance the recall-throughput tradeof” (2024)

Taylor approximation
provides large memory for
recall

Precise local token shifts
and comparison
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Based

- Eix

. SSM plus attention can match Transformer on some tasks

Associative G4 Co F1 B3 D2 A4 C? 1.0 g ®@ ©9% 0 o
—— —
Recall o e v - N
Ilealmntsmeg—)-)6 § 0.8 ° %O 08 O’
------------------- 8 . O O
O (@] o
= o e
e —————, S 06 o 8o
Attention KV-cache i2d & © ° o
) FU” @ Slldlng ........... S. é'd[l'e'ﬁc'é',é',;'g't ............. .g "
. . LR L L LR PP T LT TEPES +— 0.4
Linear attention P d S ° .
® Based 7 Featuredim. 2 < %
SSM i d 02 e °
OMamba @ H3 Statedim. . ?
Conroliton d 214 g1 218 220 922
@ Hyena Filter width Recurrent state size (bytes)

“Simple linear attention language models balance the recall-throughput tradeof” (2024)



Griffin

- Eixed hidden size SSM underperforms Transformer

. SSM plus attention can match Transformer on some tasks

MLP block

RMSNorm
Repeat —
N times >
\V

Temporal
iIngIeeH (e.g. MQA or Recurrent block)

N

(a) Residual block

"Griffin: Mixing Gated Linear Recurrences with Local Attention for Efficient Language Models." (2024).

Temporal
ConviD

(c) Recurrent block

67/



- Pure SSM underperforms Transformer

. Adding attention alleviate performance gap

Griffin

Madel Nfodel Lraining MMLU HellaSwag PIQA WinoGrande ARC-E ARC-C | Average
Type Size Tokens
Mamba 3B 600B 26.2 71.0 78.1 65.9 68.2 41.7 58.5
7B 2T 45.3 77.2 78.8 69.2 75.2 45.9 65.3
Llama-2
13B 2T 54.8 80.7 80.5 72.8 77.3 49.4 69.3
MQA 1B 300B 28.9 64.8 75.0 62.0 60.2 354 54.4
Transformer 3B 300B 31.7 71.0 77.6 66.1 68.1 39.2 59.0
(Baseline) 6B 300B 38.9 77.0 79.5 70.4 74.1 45.2 64.2
1B 300B 29.7 63.3 76.1 57.2 60.6 34.6 53.6
Hawk 3B 300B 31.3 71.7 78.8 66.5 68.4 40.2 59.5
7B 300B 35.0 77.6 80.0 69.9 74.4 45.9 63.8
1B 300B 29.5 67.2 77.4 65.2 67.0 36.9 57.2
Griffin 3B 300B 32.6 73.5 78.1 67.2 71.5 41.4 60.7
7B 300B 39.3 78.6 81.0 72.6 75.4 47.9 65.8
14B 300B 49.5 81.4 81.8 74.1 79.1 50.8 69.5

"Griffin: Mixing Gated Linear Recurrences with Local Attention for Efficient Language Models." (2024).
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Griffin

- Easterinference due to smallto no linear growing K\V-cache

14.8x

== MQA .
20000 7' e Griffin
s Hawk
15000 -
10000 -
5000 -~
10x
10x
0 i CETT— T F | R

1024 2048 4096
Num tokens decoded

Max tokens/s decoded

"Griffin: Mixing Gated Linear Recurrences with Local Attention for Efficient Language Models." (2024).
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KV cache

Autoregressive output:
= ‘It has FFN and attention”

= Each word (query) only needs to attend to a cached input prompt (key-value)

70



KV cache

Daciicoa Acomruico oot

Nitovuuvuuv U\JIIIVULU UUIL

(Q * K*T) * V computation process with caching

Keys_Transpose
Step 1 d
Queries Values Results
4 x 64 x — 4
|
64 64 64
4
lCaching K lCaching \
Restoring Restoring
from cache K from cache V
Step N Keys_Transpose
d Values
Queries Results
I
— ) ¢ —
64 64
64

5

Values that will be computed on this step Values that will be taken from cache



KV cache

Daciicoa Acomruico oot

Nitovuuvuuv U\JIIIVULU UUIL

Q KT QK" v Attention
- QK Value Token 1 ‘ | Token 1
D
~ <
S
S& =
(1, emb_size) (emb_size, 1) (1,1 (1, emb_size) (1, emb_size)
Q KT QK™ v Attention
QK Value Token 1 ‘ I Token 1
2
S o s
¢ x |2 - x -
& 3
(1, emb_size) (emb_size, 1) 1.1 (1, emb_size) (1, emb_size)

D Values that will be masked D Values that will be taken from cache
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__..S0ompute and mermory bandwidith

Inference is dominated by loading KV cache

COMPUTE AND MEMORY BW GAP IS GROWING

20,000
18,000
16,000
14,000
12,000
10,000
8,000
6,000
4,000
2,000

«@=FP64 (GFlops)

=8=[Vlemory BW (GB/s)

TensorCore
HBM2

NVLink 2.0

HBM DRAM
NVLink

: Amgy

DP TensorCore
Large Caches

: Kepler
Fermi i)
e e f — 11x I k
_' —
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

<

26x

Znvioa
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KV cache compression

SeqglLen 512, Batch Size 1 SeglLen 128K, Batch Size 1
Weights

3o KV Cache 28%
o

Weights 72%
KV Cache
Short sequence length Long Sequence Lengths
Weights are the bottleneck KV Cache is the bottleneck

Hooper, Coleman, et al. "KVQuant: Towards 10 Million Context Length LLM Inference with KV Cache Quantization.” (2024)
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KV cache compression

- Comupr i tion
1
LLaMA-2-7B-32K KV Cache (SeglLen 32K) LLaMA-2-70B-32K KV Cache (SeglLen 32K)
3.7
8
5.8
-é- 7 ‘? 3.6
X 5.6 6 X
() =N ()
‘_& g —8_3.5
g o &
N S, N34
2 £ %
P s3 p
~ 52 ~33
= 2 =
5.0 1 3.2
2K 4K 8K 16K 32K 4 fpl6  nuqd-1% nug3-1% 2K 4k 8K 16K 32K # fpl6  nuqd-1% nug3-1%
Evaluation Sequence Length Datatype Evaluation Sequence Length Datatype

— fpl6 — nug4-1% —— nug3-1%

Hooper, Coleman, et al. "KVQuant: Towards 10 Million Context Length LLM Inference with KV Cache Quantization.” (2024)



Values

Keys

Queries

.

Multi-query attention

Multi-head

—n

| N—
—

=

'
ey

p—

—

PR—

Multi-query

........

Joaooaon
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Group query attention

ﬂll L
’ arcoc

Multi-head Grouped-query Multi-query

e T - — - J— —
Values
% A B §E N R B ) L L = L
e — — — — —
Keys

1
{
{
-{
{
{
{
{

,,,,,,,

........

- . - el T
Py o o4 4 By N,
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}
}
}
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}
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| Trade off
-~ GQA trade off inference speed and performance

I
e OGQ Axx)  MHA-XXL
3]
=
8 4651 moaxxL A
>
A
46
.MHA-Large
l
0 0.5 1 1.5

Time per sample (ms)
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—.—eemmﬁe-mmg-te-eewea-%é;—eeme-mw

Performance

Group query attention

ot ot Ot Ot
- ot O

W

--II------I--W

| | | | |

i

=w=: MHA
== GQA
—4— MQA

0.02 0.04 0.06 0.08 0.1

Uptraining proportion o
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DRAM stacking on GPU

Both compute and memory bandwidth scale with GPU die area

DRAM STACKING ON GPU

Eliminate the GPU Perimeter Bottleneck

Memory Stack

Lots of Bandwidth

GPU Die

SM

Opportunity to increase bandwidth to compute ratio 40x
1. Area-based interface
2. Through-silicon vias (TSVs)
3. Energy/speed optimized simple channels
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Mixture of experts

PaVaS B L 2N

wwUlu.

- Decouple compute from parameters.

r /MoE layer R

»{ x
G(x),| |G(X)ny
Gating
. \ Network /

==

g(x) = softmax(keep_top_k( faating(), k))

Ui if v; is in the top k el ts of v.
keep_top k(v, k); = {_oo e p k elements of v

Shazeer, Noam, et al. "Outrageously large neural networks: The sparsely-gated mixture-of-experts layer." (2017).



Mixtral 8x7B

. attoar noavfarvnancoao
| \ A aw] | rJ\Jl | A J BB ERIZ1BAYAY]

80 [ Mistral 7B w LLaMA 2 7B LLaMA 1 34B & [ Mistral 7B m LLaMA 2 7B LLaMA 1 34B
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Mistral Al. "Mixtral of experts." (2024).
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Mixtral 8x7B
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Mistral Al. "Mixtral of experts." (2024).



Mixtral 8x7B

Mistral Al. "Mixtral of experts." (2024).

Selection proportion
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layer: 0

Expert ID

. ArXiv . Github . PhilPapers . StackExchange

. DM Mathematics . Gutenberg . PubMed Abstracts . Wikipedia (en)
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Reasoning

Problem: Beth bakes 4, 2 dozen batches of cookies in a week. If these cookies are shared amongst 16 people equally, how many cookies does
each person consume?

Solution: Beth bakes 4 2 dozen batches of cookies for a total of 4*2 = <<4*2=8>>8 dozen cookies

There are 12 cookies in a dozen and she makes 8 dozen cookies for a total of 12*8 = <<12*8=96>>96 cookies

She splits the 96 cookies equally amongst 16 people so they each eat 96/16 = <<96/16=6>>6 cookies

Final Answer: 6

Problem: Mrs. Lim milks her cows twice a day. Yesterday morning, she got 68 gallons of milk and in the evening, she got 82 gallons. This morning,
she got 18 gallons fewer than she had yesterday morning. After selling some gallons of milk in the afternoon, Mrs. Lim has only 24 gallons left. How
much was her revenue for the milk if each gallon costs $3.50?

Mrs. Lim got 68 gallons - 18 gallons = <<68-18=50>>50 gallons this morning.

So she was able to get a total of 68 gallons + 82 gallons + 50 gallons = <<68+82+50=200>>200 gallons.

She was able to sell 200 gallons - 24 gallons = <<200-24=176>>176 gallons.

Thus, her total revenue for the milk is $3.50/gallon x 176 gallons = $<<3.50*176=616>>616.

Final Answer: 616

Problem: Tina buys 3 12-packs of soda for a party. Including Tina, 6 people are at the party. Half of the people at the party have 3 sodas each, 2
of the people have 4, and 1 person has 5. How many sodas are left over when the party is over?

Solution: Tina buys 3 12-packs of soda, for 3*12= <<3*12=36>>36 sodas

6 people attend the party, so half of them is 6/2= <<6/2=3>>3 people

Each of those people drinks 3 sodas, so they drink 3*3=<<3*3=9>>9 sodas

Two people drink 4 sodas, which means they drink 2*4=<<4*2=8>>8 sodas

With one person drinking 5, that brings the total drank to 5+9+8+3= <<5+9+8+3=25>>25 sodas

As Tina started off with 36 sodas, that means there are 36-25=<<36-25=11>>11 sodas left

Final Answer: 11

Cobbe, K., Kosaraju, V., Bavarian, M., Chen, M., Jun, H., Kaiser, L., ... & Schulman, J. Training verifiers to solve math word problems. (2021)
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Finetuning requires lots of data

351
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| |
251 /
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©
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o
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—— 3B model
& —— 6B model
—— 12B model
175B model
0 ; ; . :
500 1000 2000 4000 8000

Training Set Size

Not scalable to rely on humans to
curate reasoning data

to achieve > 80%, needs 100
times more fine-tuning data for
175B model

Cobbe, K., Kosaraju, V., Bavarian, M., Chen, M., Jun, H., Kaiser, L., ... & Schulman, J. Training verifiers to solve math word problems. (2021) 86



Input:
29 +57

Target:
<scratch>
PRONHE5 N7 NG
2+ 5 6 C:

, 86 C: 0 # ad
9 86

</scratch>

8 6

Nye, Maxwell, et al. "Show your work: Scratchpads for intermediate computation with language models.” (2021)

6 carry 1
8 carry 0
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= Improved reasoning

Addition: In-Distribution Accuracy

100 p—o—o—o
-e- baseline /
__ 80 - scratchpad /
X /
> 60 /./
: /
3 40 -
o /
< /.
20 4
.
107 108 10°

Parameter Count

Scratch nad

Addition: OOD Accuracy (9 digits)

100
-e- baseline e
Vi
80 -e- scratchpad /
60 -
/
40 /
20 /,s"'
0 : - o—o—o L]
107 108 10°

Parameter Count

Nye, Maxwell, et al. "Show your work: Scratchpads for intermediate computation with language models.” (2021)

Addition: OOD Accuracy (10 digits)

100
-o- baseline
80 - scratchpad
60
/'/@
40 4
//
20 4
e
0 Z o—o—e ®
107 108 10°

Parameter Count
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Standard Prompting

| Model Input }

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

y

—

Model Output

A: The answer is 27. x

Wei, Jason, et al. "Chain-of-thought prompting elicits reasoning in large language models." (2022)

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have? J

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answeris 9.
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Wei, Jason, et al. "Chain-of-thought prompting elicits reasoning in large language models." (2022)
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(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of ter&

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: Ajuggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A

(b) Few-shot-CoT

ﬁRoger has 5 tennis balls. He buys 2 more cans of te@
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

B i

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(c) Zero-shot

(Output) The juggler can juggle 16 balls. Half of the balls are golf
balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
We. So there are 8/ 2 = 4 blue golf balls. The answer is 4. .//

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) 8 X

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v

Kojima, T., Gu, S. S., Reid, M., Matsuo, Y., & lwasawa, Y. Large language models are zero-shot reasoners. (2022).



[1st prompt]
Reasoning Extraction

Q: On average Joe throws 25 punches per

minute. A fight lasts 5 rounds of 3 minutes. How —

many punches did he throw?
A: Let's think step by step.

iy p

LLM ,
U ;

In one minute, Joe throws 25 punches. )
In three minutes, Joe throws 3 * 25 = 75 punches.
In five rounds, Joe throws 5 * 75 = 375 punches.

[2nd prompt]
Answer Extraction

/Q: On average Joe throws 25 punches per I

minute. A fight lasts 5 rounds of 3 - --
A: Let's think step by step.

In one minute, Joe throws 25 punches. - - -In five

rounds, Joe throws 5 * 75 = 375 punches. .
KTherefore, the answer (arabic numerals) is

/

b

LLM

.

[ 375.

Kojima, T., Gu, S. S., Reid, M., Matsuo, Y., & lwasawa, Y. Large language models are zero-shot reasoners. (2022).



® Zero-shot = Zero-shot-CoT ® Zero-shot = Zero-shot-CoT
80 80
60 60
40 40
20 20

0.3B 1.3B 6.7B 175B S M L XL

(a) MultiArith on Original GPT-3  (b) MultiArith on Instruct GPT-3

Kojima, T., Gu, S. S., Reid, M., Matsuo, Y., & lwasawa, Y. Large language models are zero-shot reasoners. (2022).

® Zero-shot = Zero-shot-CoT
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(c) GMS8K on PaL.M
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claude-3-sonnet-20240229

(4§ Expand to see the descriptions of 37 models

= Model A

Sure, let's break it down step by step.

Given:
s Janet's ducks lay 16 eggs per day.
¢ Janet eats 3 eggs for breakfast every morning.
¢ Janetuses 4 eggs to bake muffins for her friends every day.
e Janet sells the remaining eggs at the farmers' market for $2 per fresh duck egg.

Step 1: Calculate the number of eggs Janet consumes or uses for baking each day.
Number of eggs consumed or used for baking = 3 (for breakfast) + 4 (for muffins) = 7 eggs

Step 2: Calculate the number of eggs remaining for sale at the farmers' market.

Number of eggs remaining for sale = Total eggs laid - Number of eggs consumed or used for
baking

Number of eggs remaining forsale =16 - 7=9 eggs

Step 3: Calculate the amount of money Janet makes by selling the remaining eggs at the
farmers' market.

Amount of money made = Number of eggs remaining for sale x Price per egg

Amount of money made =9 eggs x $2 per egg = $18

Therefore, Janet makes $18 every day by selling the remaining fresh duck eggs at the farmers'
market.

Ais better Bis better

mistral-7b-instruct-v0.2 »

& Model B

Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning and bakes muffins
for her friends every day with four. She sells the remainder at the farmers' market daily for $2
per fresh duck egg. How much in dollars does she make every day at the farmers' market? Let's
think step by step.

Let's first find out how many eggs Janet has left to sell after using some for her own
consumption.

1. Janet uses 3 eggs for breakfast, so she has 16 - 3 =<<16-3=13>>13 eggs left.

2. She uses 4 eggs to make muffins, so she has 13 - 4= <<13-4=9>>9 eggs left.

Now let's calculate how much she makes by selling these eggs at the farmers' market.
1. She sells the remaining eggs for $2 each, so her daily earnings are 9 * $2 = $<<9*2=18>>18.
Answer: \boxed{18}.

> Tie " Both are bad

Kojima, T., Gu, S. S., Reid, M., Matsuo, Y., & lwasawa, Y. Large language models are zero-shot reasoners. (2022). 94



Process feedback

| et’s ”eFif‘-‘ Step b‘( ~tan
\JLU'&J

The denominator of a fraction is 7 less than 3 times the numerator. If the fraction is equivalent to 2/5, what is the numerator of
the fraction? (Answer: ,ﬂb

@ @ & Let's call the numerator x.
() ® @ So the denominator is 3x-7.
@ ® @ | We knov.s) tﬁat‘x/(é>;-7) = 2/5.
OO sosezexn.
®E® 5x=6x-14.

Lightman, H., Kosaraju, V., Burda, Y., Edwards, H., Baker, B., Lee, T., ... & Cobbe, K. Let's Verify Step by Step. (2023).
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Process feedback

ORM | PRM | Majority Voting
% Solved (Best-of-1860) | 72.4 | 78.2 69.6
78 1 /
76 A
z
»CI—) 74 1
0
[
m 724
°
[
>
© 70 %
(2]
w
£
L 68
Qo
(e}
a
X 66
64 —— Process-Supervised RM
—— QOutcome-Supervised RM
62 —— Majority Voting
10t 102 10°

N = number of solutions per problem

Lightman, H., Kosaraju, V., Burda, Y., Edwards, H., Baker, B., Lee, T., ... & Cobbe, K. Let's Verify Step by Step. (2023).

Process supervision does
not saturate early

However, process

supervision is very
expensive
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- Collecting-demaonstration for supervised finetuning

RLHF

. Train a reward model for reinforcement learning

Step1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our Explainhemm

prompt dataset. landing to a 6 year old

\

A labeler

demonstrates the @

desired output 2

behavior. Some peo‘ple went
to the moon...

This data is used SET

to fine-tune GPT-3 ./}?7&.

with supervised s

learning. 2

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Quyang, Long, et al. "Training language models to follow instructions with human feedback." (2022)

Explain the moon
landing to a 6 year old

o

Explain gravity. Explain .

Moonisnatural  People went to
satellte of. the moon.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

is sampled from Wri:smw
the dataset. about frogs

|

\J
The policy .

enerates 2o

2 S
an output. W

|

\J

\J

The reward model .
el
r r

%
the output.
The reward is
used to update I
the policy
using PPO.
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RLHF

a RLHE cutperforms SET and scales well to larger model size

|

m /
o] =
s
8 > |
L
%)
B
‘T 0.4 1
(@]
©
9
©
=
S 021

1.3B 6B 1758

Model size

Quyang, Long, et al. "Training language models to follow instructions with human feedback." (2022)

Model
-8 PPO-ptx

PPO
SFT
GPT (prompted)
GPT
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_.Code generation |oss scaling

= lestloss shows power-law w.r.t model parameter

Codex Loss Scaling

S

( N )—0.13
2 X 100 A 5.92e + 07
%))
0
- 0
- 10° -
7] -
R
6x 1071 -
®
lll'l L | kB '1"'] Ll L 'I'I"l Ll L VIIIII T LIS "'lll l"'l L
10° 106 107 108 10° 10%

Non-embedding parameters

Chen, Mark, et al. "Evaluating large language models trained on code." (2021).
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Pass Rate vs Model Size

0.7 4 — pass@1 (T*=0.2)
—— pass@100 (T*=0.8) /
0.6 y

0.5 - Z
X J
© 0.4
a
S 0.3 1

.
0.2 -
01 =
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Non-embedding parameters

Chen, Mark, et al. "Evaluating large language models trained on code." (2021). 1 OC



Large context code loss

= Loss on code are generally lower compared with on text

Claude 3 Haiku on 1M Context Data

1 LOSS (log scale)
°
P4
" @ Haiku on code
\.ﬂ ® Haiku on text
[ ] ®

The Claude 3 Model Family: Opus, Sonnet, Haiku. 2024 101



GitHub CodeContests

A
1
1
1
:
|

Problems !
1
1
1
1
!

____________________________________

“Competition-Level Code Generation with AlphaCode” (2022)
“AlphaCode 2 Technical Report” (2023)

Pre-training —> Fine-tuning —

Codeforces

Problems

Large scale
sampling

-

-

Large set
of potential
solutions

Selected
small set
of candidates

©

Filtering
& clustering

Execute
& evaluate



~ AlphaCode -
——ference-optirmization-bylarge-seale-samplingand-fterirg————

0.35{ = pass@k
~—— 10@k with filtering + clustering
0301 T 10@k Wlth. flltgrlng
— 10@k no filtering
0.251
9
0.201
(0]
>
©
»n 0.15
0.101
0.051
0.00+—, ; i : : :
10! 102 103 104 10° 106
Sample budget
“Competition-Level Code Generation with AlphaCode” (2022) 1 0‘:

“AlphaCode 2 Technical Report” (2023)



~ AlphaCode -
——ference-optirmization-bylarge-seale-samplingand-fterirg————

0.35{ = pass@k
——— 10@k with filtering + clustering
0.301 T 10@k Wlth. flltgrlng
— 10@k no filtering
0.251
9
0.201
(0]
>
©
»n 0.15
0.101
0.051
0.00+—, ; i : : :
10! 102 103 104 10° 106
Sample budget
“Competition-Level Code Generation with AlphaCode” (2022) 1 0 4

“AlphaCode 2 Technical Report” (2023)



AlphaCode?2
-~ AlphaCode? replaces base model with Geminipro

=« A good pretrained model plus inference time sampling

= 100%

% —— Human contestants
T 75%

N

©

é — AlphaCode 2
o

g P » . .

o 25% A AlphaCode (estimated)
50

[av]

o 0%

> 0 ]

<

0% 20% 40% 46%  60% 80% 87% 100%
Percentile of contestants below score

“Competition-Level Code Generation with AlphaCode” (2022) 1 O C
“AlphaCode 2 Technical Report” (2023) =



| Pretraining data

Component Raw Size Weight Epochs Effective Size Mean Document Size
Pile-CC 227.12GiB 18.11% 1.0 227.12 GiB 4.33 KiB
PubMed Central 90.27 GiB  14.40% 2.0 180.55 GiB 30.55 KiB
Books3' 100.96 GiB 12.07% 1.5 151.44 GiB 538.36 KiB
OpenWebText2 62.77 GiB  10.01% 2.0 125.54 GiB 3.85 KiB
ArXiv 56.21 GiB  8.96% 2.0 112.42 GiB 46.61 KiB
Github 9516 GiB  7.59% 1.0 95.16 GiB 5.25KiB
FreeLaw 51.15GiB  6.12% 1.5 76.73 GiB 15.06 KiB
Stack Exchange 3220GiB  5.13% 2.0 64.39 GiB 2.16 KiB
USPTO Backgrounds 2290 GiB  3.65% 2.0 45.81 GiB 4.08 KiB
PubMed Abstracts 1926 GiB  3.07% 2.0 38.53 GiB 1.30 KiB
Gutenberg (PG-19)* 1088 GiB  2.17% 2.5 27.19 GiB 398.73 KiB
OpenSubtitles 1298 GiB  1.55% 1.5 19.47 GiB 30.48 KiB
Wikipedia (en)" 638GiB  1.53% 3.0 19.13 GiB 1.11 KiB
DM Mathematics’ 7.75 GiB 1.24% 2.0 15.49 GiB 8.00 KiB
Ubuntu IRC 552GiB  0.88% 2.0 11.03 GiB 545.48 KiB
BookCorpus2 630GiB  0.75% 1.5 9.45 GiB 369.87 KiB
EuroParl 459GiB  0.73% 2.0 9.17 GiB 68.87 KiB
HackerNews 390GiB  0.62% 2.0 7.80 GiB 4.92 KiB
YoutubeSubtitles 373 GiB  0.60% 2.0 7.47 GiB 22.55 KiB
PhilPapers 238GiB  0.38% 2.0 4.76 GiB 73.37 KiB
NIH ExPorter 1.89GiB  0.30% 2.0 3.79 GiB 2.11 KiB
Enron Emails’ 088 GiB  0.14% 2.0 1.76 GiB 1.78 KiB
The Pile 825.18 GiB 1254.20 GiB 5.91 KiB

Gao, L., Biderman, S., Black, S., Golding, L., Hoppe, T., Foster, C., ... & Leahy, C. The pile: An 800gb dataset of diverse text for language modeling. (2020). 1 OE



Filtering data

——Hlama s-datasetis-ealibrateatowara-Wikipedia
II\IV\JUIM

= Outperforming GPT3 and other models

0-shot 1-shot 5-shot 64-shot

Dataset Sampling prop. Epochs Disk size

GPT-3 175B 146 23.0 - 29.9
CommonCrawl 67.0% 1.10 3.3TB Gopher 280B 10.1 - 245 282
C4 15.0% 1.06 783 GB Chinchilla 70B 16.6 - 31.5 355
Github 4.5% 0.64 328 GB 8B 84 106 - 14.6
Wikipedia 4.5% 245  83GB M s ey LA
Books 4.5% 223 85 GB = 16'8 18'7 oy 26'1
ArXiv 2.5% 1.06 92 GB 13B 201 234 281 319

LLaMA ' ' ' '
StackExchange 2.0% 1.03 78 GB 33B 249 283 329 360

65B 238 31.0 350 399

Table 4: NaturalQuestions. Exact match performance.

“LLaMA: Open and Efficient Foundation Language Models” (2023).



https://www.together.ai/blog/redpajama

CommonCrawl

Cc4

Github

Books

ArXiv

Wikipedia

StackExchange

Total

" RedPajam

RedPajama

878 billion

175 billion

59 billion

26 billion

28 billion

24 billion

20 billion

1.2 trillion

LLaMA*

852 billion

190 billion

100 billion

25 billion

33 billion

25 billion

27 billion

1.25 trillion

10¢&


https://www.together.ai/blog/redpajama

OpenlLLaMA

Training loss
Showing first 10 runs
= OpenLLaMA 3Bv2 e = OpenLLaMA 7Bv2 OpenLLaMA 13Bv1
= OpenLLaMA 7Bv1 OpenLLaMA 3Bv1

2.6

2.4

2.2

1.8

1.6 Tokens trained

200G 400G 600G 800G 1T

“OpenLLaMA: An Open Reproduction of LLaMA” (2024)



TPU / GPU

-~ Flops, HBM size and bandwidth, Iinterconnect

A S e e o e e e e e e e e S e e e S = S e 1
| Virtual Core E
: !
I
| TensorCore TensorCore f

Key specifications v4 Pod values i E
'
: Scalar Vector Scalar Vector )

Peak compute per chi 275 teraflops (bf16 or int8; High { it Ung ikl b i High

pute per chip ps ) Bandwidth  [<—», = — 4> Bandwidth

1 latrix x Matrix Matrix

HBM2 capacity and bandwidth 32 GiB, 1200 GBps Moniory ! ‘ Multiplication ‘ Multipscation ‘ Multiplication Multiplication | Metnoey
! Unit Unit Unit Unit |

Measured min/mean/max power 90/170/192 W \ Matrix Matrix Matrix Matrix H
! Multiplication Multiplication | Mutiplication ‘ Multiplication ‘ |

TPU Pod size 4096 chips ! Unit Unk Unit Unit f
f '
1 '

Interconnect topology 3D mesh 1 H

Peak compute per Pod
All-reduce bandwidth per Pod

Bisection bandwidth per Pod

1.1 exaflops (bf16 or int8)
1.1 PB/s

247TB/s

11C



GEMM

GPU compute unit is smaller but more, TPU has large compute units
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TPU, systolic array 8x128x128

GPU, many 8x4x8 ALU
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https://cloud.google.com/tpu/docs/


https://cloud.google.com/tpu/docs/intro-to-tpu#how_a_tpu_works

Matmul sharding

= Simple case: sharded matmul Y = XA

= Row sharding on A, column sharding on X

HEEE BEEEE .

'l  EEEEN
N
X = [X1,Xo] A= [ﬁj

Y="+Y;

Shoeybi M, Patwary M, Puri R, LeGresley P, Casper J, Catanzaro B. Megatron-Im: Training multi-billion parameter language models using model parallelism. (2019)



Matmul sharding

Row sharding on A, column sharding on X

=l e

Em L -

- HE " EEEE

R e
X = [X1, X5] A= {Al]

Az

Y=1+Y,

112



Matmul sharding

Row sharding on A, column sharding on X

X =Xy, Xo]

a=[]

Y=Y1+Y,

114



Matmul sharding

Row sharding on A, column sharding on X

- e e

-l | GRS

el B | [ | =

- N
X = [X1, X)) A= lAll

Az

Y=Y+Y

11E



Matmul sharding

Row sharding on A, column sharding on X

X = [Xy1, X,] A= [ﬁj

Y=Y1+Y

11¢€



Matmul sharding

Column sharding on A

Replicate X

X A= [Ay, Aj]

117



Matmul sharding

Column sharding on A

Replicate X

X A =[Ay, Ag)

Y =[Y1,Y

11¢€



Matmul sharding

Row Parallel Linear Layer Column Parallel Linear Layer
H forward: Y =Y, +Y, forward: Y = [Y¥7,Y,] U
g: (all-reduce) : (all-gather) _
H H backward: g}’,‘ = 2L (identity) backward: g—{;l_(split) U H
(] [%] (] [%]
i f o Ay
e | Ea Az - XA = A=A, A)] XA| (XA,
i) i) — i) i)
mam e X KXl x] [x]
f f f I
_ forward: X; (spht) I forward: X (1dent1ty) _
H f: backward: g)z,( [ax, Y 8x2 backward: g—)’; = |1 +

I2 H
(all-gather) (all-reduce)



MLP sharding
Y = GELU(XA)B

= Approach 1: split X column-wise and A row-wise

. GelU of sums != sum of GeLUs

X1, Xo] A= [A1] Y = GeLU(X14; + X24,)

X =
= Requires synchronization before C Az

= Approach 2: split A column-wise

- No sharding on contraction dimension of X

A=1[A1,42] [V1,Ys] =[GeLU(XA,),GeLU(X Ay)]
- INO syncnronization necessary

12C



P

e ———

Y1B,

Y;>B,

R — — — — — — —

e

all-reduce in the backward pass while g is all-reduce in forward and
identity in backward.

—— e e

=

)

[



~Attention sharding
——Nontneartytrattentton;-se-columpshardirg——mMmMm

Multi-Head Attention

Scaled Dot-Product Attention

t

Linear

lk Concat |

Scaled Dot-Product «”Z :

Attention
u[ | Atl _ u[ |
r-= r-= r-=
Linear Linear Linear
- 7 7
V K Q



Y = Self-Attention(X)

all-reduce in the backward pass while g is all-reduce in forward and
identity in backward.

L=l

Y1B,

Fn

Y;B,

Q = [Q1, Q2]
= [Kl,KQ]

Z = Dropout(Y B)

J




Y = Self-Attention(X)

all-reduce in the backward pass while g is all-reduce in forward and
identity in backward.

L=l

Y1B,

Fn

Y;B,

Q = [Q1, Q2]
= [Kl,KQ]

Z = Dropout(Y B)

J




» Data parallelism |

them by rows or columns.

. It keeps working with a linear speedup as long as you scale batch linearly with number
of TPUs

Batch * E = Batch

Activations Layer, Weights, Activations Layer,,,

C
Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 2 -



Data parallelism

NGR for 1 RG PTAR

. But A100 has only 80GB.

m
1

Batch

- .

Activations Layer, Weights, Activations Layer,

i+1

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 2 E



__Fully sharded data parallelism

. Requires storing only 1 layer at a time (next slide)

E

E E
- l | | . - I

Activations Layer. Weights, Activations Layer,,,

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 2 /



__Fully sharded data parallelism

. Requires storing only 1 layer at a time

Layer: All-gather

Layer. ,: Matrix Multiply (same as data parallelism)
E

Batch * E = Batch

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 2 (C.,



_ _FuI_IX sharded data parallelism

ELOPs =2 * BATCH PER _CHIP * E2

. The all gather requires reading ~2 * E2 bytes (assuming bfloat16)

. Arithmetic intensity (FLOPs/bytes) = 2 * BATCH_PER_CHIP * E2 / (2 * E2 bytes) =
BATCH_PER_CHIP FLOPs / byte.

. On TPU, ICI arithmetic intensity is 1018 FLOPs/byte, so we need our BATCH_PER_CHIP
to be comfortably larger than 1018.

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 2 9



Tensor parallelism

s Shard the activation dimension
E E E
Activations Layer. Weights, Activations Layer,,,

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 3 c



Tensor parallelism

s Shard the activation dimension

Layer, (part 1): Matrix I\élultiply

*
m
]

Batch

Batch

Layer, (part 2): Reduce-scatter

Batch

Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 3 1



TIh i i Teﬂsor a—rDa’.*llLQTl(i“§m L (INUM_TP_SHARDS)

. The reduce scatter requires ~2 * BATCH * E bytes (assuming bfloat16)
. Arithmetic intensity (FLOPs/bytes) = E/ NUM_TP_SHARDS.

. TPU ICI arithmetic intensity is 1018 FLOPs/byte, so we need E to be comfortably larger
1018 * NUM_TP_SHARDS.

pu
Rafi W. “Sharding Techniques Single Slice Sharding For Dense LLMs” 1 3 Z



FSDP with TP

i—1 for ESNP

. Then it just becomes TP
TP

Batch = Batch

Activations Layer, Weights, Activations Layer,

132



FSDP with TP

i—1 for ESNP

. Then it just becomes TP

TP
Overall
Batch = Batch
After the
weight
all-gather
Activations Layer, Weights, Activations Layer,,,

134



FSDP with TP

Given NUM_TP_SHARDS and NUM_ESDP_SHARD

When both:
E>2*1018 * NUM_TP_SHARDS

NUM_TP_SHARD * BATCH_PER_CHIP >2 * 1018

256 TPU: 16 for TP and 16 for FSDP
E > ~32k

BATCH_PER_CHIP > 125

13E



| ~ Practical guideline
——Secaling-model-size-and-datasize— oo ———

. Use FSDP as much as possible

. Use TP/DP/SP to reduce batch size

=« Scaling context size
. Use Blockwise Transformers to reduce memory cost

. Use RingAttention to increase context arbitrarily

13¢€



. Predict world realistically, including text, vision, action.

. Video conversation

=« Consistent reasoning

. With million-length “tape” but models stop step-by-step thinking after one hundred steps.

. Training and inference efficiency

. Exponentially more efficient architecture or training paradigm



