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The Community is Getting There

Center for
SessarLn on HELM Lite v Leaderboard Models Scenarios Predictions GitHub Release: v1.0.0

Models

b

. e
Model Mean winrate

Scenarios Models

GPT-4 Turbo (1106 preview)  0.834

Palmyra X V3 (72B) 0.821
Palmyra X V2 (33B) 0.783
PaLM-2 (Unicorn) 0.776

Yi (34B) 0.772

SEE MORE




There are also challenges
that we are facing




Data Compute

Community manages to get computation resources that

Great Datasets Exist (Pile, C4, The Stack, etc.), but... : . .
made several amazing projects possible, but...

Data Recipe is Missing — How can we map “raw” data to a Availability of Compute is Still Hindering Progress —

high-quality core to maximize model quality? How can we Low availability and high price. And it is amazing how much

clean them? How can we mix them? How can we reproduce a impact that even a small, sustainable amount (e.g., 8x A100)
recipe given a new domain? compute can make on open source and research projects.

Strong requirements on connectivity and locality of
computes — 200Gbps-3.2Tbps connections and growing.

Diversity of Data is Lacking — How can we go beyond
Internet / Code / Synthetic data? Is there a way to open up the
channel for the open source community to access a more
diverse pool of data? Reuse is lacking — As a community, we have so many 7B

base models for 1-27T tokens in 2023; They don't build on each
other, and they don’t from a systematic path of exploration to
maximize our understanding.

These questions need the whole community to work out

together; and we hope to help stimulate it in our own way.
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Tensions

Volume® Complexityh A Requirement: FLOPS, GB
Cleaning & Acq. Costh A Specialization + & Scale out
Data Infra & System
@ ﬁ

G

25

Model

Size* Complexity



Our Belief

® Infrastructure (and its trend) decides the fundamental cost of compute and data
movement

® Model architecture (and algorithm) defines the fundamental limit of utilization of the

infrastructure, and (potential) tradeoff on quality

® Data enables capacity and decides requirements on compute and data movement

® These three dimensions will to come together and we will find the right balance as a
community.
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Our Efforts

Data and Data Recipe that
maps data quality to model
quality in a principled,
reproducible, scalable way.

RedPajama-v1; RedPajama-v2

Infra & System .

S———>

Mamba; Striped Hyena

b ) FlashAttention;
SN [lashDecoding;
N [cxGen; CocktailSGD

.

Improving the economics —
A joint optimization
between System (kernel,
communication,

architecture), Algorithm,
Modeling, & Hardware.

Bring Beyond-Transtormer
Architecture from Research to
Production.
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RedPajama v2: 30T
Tokens and a Mlodulal
View of Data Quality







RedPajama-v1: A Best Effort LIama Reproduction

 CommonCrawl: Five dumps of CommonCrawl, processed using
the CCNet pipeline, and filtered via several quality filters
including a linear classifier that selects for Wikipedia-like pages.

e C4: Standard C4 dataset

e GitHub: GitHub data, filtered by licenses and quality

* arXiv: Scientific articles removing boilerplate

* Books: A corpus of open books, deduplicated by content
similarity

* Wikipedia: A subset of Wikipedia pages, removing boilerplate

» StackExchange: A subset of popular websites under
StackExchange, removing boilerplate

RedPajama LLaMA*
CommonCrawl | 878 billion 852 billion
C4 175 billion 190 billion
Github 59 billion 100 billion
Books 26 billion 25 billion
ArXiv 28 billion 33 billion
Wikipedia 24 billion 25 billion
StackExchange | 20 billion 27 billion
Total 1.2 trillion 1.25 trillion
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Fueling an Exciting Generation of Open Models and Data

together.ai
RedPajama-INCITE

7/7
Slices

L

u

OpenLlama

7/7
Slices

WA mosaicVt

Mosaic
MPT-7B

5/10
Slices

Salesforce XGen

5/12
Slices
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Data, and Measures of Quality

® Lessons from RedPajama-vl

® Being able to flexibly twist data recipe is important — degree of deduplication, different filtering criteria, different
combinations of filters, etc.

® Systematically mapping data quality to model quality is an open problem; it might be more usetful to build up the
framework to help the community to explore data quality than building yet another model with a fixed, “magical” dataset.

® RedPajama-v2

® All CommonCrawl dumps passing through ccNet => 100T Raw Tokens, 5 Languages
® Very basic, minimum filtering (exact dedup) => 30T Tokens

® Keeping both filtered and unfiltered (so you can study the impact of deduplication)
® Overlay tokens with 40+ quality signals:

® ML Heuristics: e.g., DSIR (Xie et al.): Given a bag of {1,2j-wordgram model trained on Wikipedia articles p,
and a model trained on the source domain g, this is the logarithm of the ratio p(doc)/q(doc).

® All Quality rules from C4, Pretrainer’s Guide, RefinedWeb, Gopher: E.g., The number of occurrences of the word
“javascript” in each line; The ratio between the number of uppercase letters and total number of
characters in each line.

® Fuzzy Deduplication Signals: E.g., Banded mznhash signature of the document , for fuzzy deduplication at

T 7 P MN\ -  rrT1 7 7 A /N 1 P P 1 A 1 7 T N
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1 CommonCrawl Dump, 40 Ways of Measuring Quality

ccnet_language_score
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RedPajama v2: A Modular View of Data Quality

gopher_rules_pass(sample) —> bool: rpvl_rules_pass(sample) —> bool:
""" function returns True if the sample complies with Gopher rules """ function returns True if the sample complies with the filtering
rules used in RP-V1 """

signals = json.loads(sample['"quality_signals"])

signals = json.loads(sample['"quality_signals"])

word_count = signals["rps_doc_word_count"][0][2]

word_count < 50 word _count > 10 _000:
- - - wikiref_score = signals["rps_doc_ml wikiref_score"][0][2]

wikiref _score < 0.25:

mean_word_length = signals["rps_doc_mean_word ’
mean_word_length < 3 mean_word_length >

And potentially, learn to
symbol_word_ratio = signals["rps_doc_symbol . . yle) —> bool:
symbol_word_ratio > 0.1: Comblne all the fllterS, -ns True if the sample complies with the filtering
potentially dynamically at ads (sample["quality signals"])
n_lines = signals["ccnet_nlines"][0] [2] . . o
n_lines_bulletpoint_start = sum(map( L dlfferent Stages Of traln]_ng.

signals["rps_lines_start_with_bulletpoint"])) ignals["rps_doc_num_sentences"] [0] [2]
n_lines_bulletpoint_start / n_lines > 0.9 2 3a

n_bad_words = signals["rps_doc_ldnoobw_words"][0] [2]

n_bad _words > 0:
top_2_gram_frac = signals["rps_doc_frac_chars_top_2gram"]1[0] [2] '

top_2 _gram_frac > 0.2:

lorem_ipsum = signals["rps_doc_lorem_ipsum"] [0] [2]
lorem_ipsum > 0:

ds = load_dataset("togethercomputer/RedPajama-Data-V2", name='"sample")
filtered_dataset = list(filter(gopher_rules_pass, ds["train"]))




StripedHyena:

Towards
State-of-the-art
Beyond-Transformer
Models




Can alternative architecture
matches top modern
transformers in quality?




An Transformer / Hyena Hybrid Short Contex

AVERAGE SCORE OF SHORT-CONTEXT BENCHMARKS
BENCHMARKS ON ARC-CHALLENGE, MMLU, BOOLQ, WINOGRANDE, HELLASWAG, TRUTHFULQA

StripedHyena-7B

Attention Attention

B Beyond Transformers [ Transformers

Attention | | |
Base: Only 2-3 points behind Mistral

Further Instruction-tuning helps
_ Long Context

MLP
Attention Attention Benchmark (shot) SH 7B Mistral 7B
GovReport, F1 (0) 27.9 17.5

Average 27 24

NarrativeQA, F1 (0) 25.8 24.7
Attention Qasper, F1 (0) 28.8 30.3
A A




An Transformer / Hyena Hybrid

StripedHyena-7B END-TO-END LATENCY

Attention Attention

MLP
Attention
B StripedHyena-Hessian-7B GQA Transformer 7B

MEMORY FOOTPRINT OF CACHE

KEY-VALUE CACHE AND CONVOLUTION STATES (FIR & IIR)
|
Attention Attention

A

Attention

- StripedHyena-Hessian-/B GQA Transformer 7B



Early Lessons

StripedHyena-7B

. e Alternative Architectures can achieve SOTA
Attention against the strongest Transformer baselines.

* Alternative Architectures can provide benefit
against the strongest Transtormer baselines.

Attention Attention

A

* There are so much more todo, but there is hope.

Attention
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Towards Architecture-aware Scaling Law

27 ® [C$= Lama? 13 FLOPS:

12 W 5H (25% Attn) 12 Bl 4e18 W 4el9
- BN 8el8 8el9

11 4@ I 2e19

11
10

(o
Best Eval. PPL

Eval. PPL | Opt. Model Size
Qo

~J

10** 104V 25 50
FLOPS Attention (%)

100
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Eval. PPL

Towards Architecture-aware Scaling Law

100% Attention SH (50% Attention) SH (8.3% Attention)

108 10°
Model Size Model Size Model Size
FLOPS:
Bl 4e18 B 8el8 B 2e19 i 4e19 8el9 *

20

optima

100% Gated-conv
®

108 10°
Model Size
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Pulsar: Economics of
Serving and Training




Cost of Inference

together.ai =

CHAT, LANGUAGE, AND CODE MODELS =

The day will come when
ipme - people count tokens in
418 -8B 02 Billions not Millions.
81B - 21B $0.3
211B - 41B $0.8

41B - 70B S0.9



Cost of Inference

together.ai

CHAT, LANGUAGE, AND CODE MODELS

MODEL SIZE
Up to 4B
41B - 8B
81B - 21B
211B - 41B

41B - 70B

PRICE 1M TOKENS

SO

Our Dream

The day will come when
people count tokens in
Billions not Millions.
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Cost of Inference

together.ai

CHAT, LANGUAGE, AND CODE MODELS

MODEL SIZE
Up to 4B
41B - 8B
81B - 21B
211B - 41B

41B - 70B

PRICE 1M TOKENS

SO

Our Dream

The day will come when
people count tokens in
Billions not Millions.

(Llama-guard is already there)
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Working Hypothesis on Infrastructure

Agegregation Disaggregation



Aggregation

Working Hypothesis: Continued aggregation of Compute of

Hardware via Memory System

C
S ? (?(\ “

1: 19 TB/s (20 MB)

HBM: 1.5 TB/s (40 GB)

, DRAM: 12.8 GB/s
(>1TB)

A100 GPU

Hardware Cohere

IH 44
100 GB/s
VYYYY

. GRACE .
. CPUO .
HEDE

900GB/s

llllllll
EEEEREEEN
B B
BERHOPPERE B
HEE GPUO BN
me LS ]
EEEEERER
EEEEEEER

— e —

Hardw

vare Coherency

100 GB/s

L AAAAAS

BLUEFIELD
DPU 1

il
. GRACE .
. CPU 1 -
LI
l”:ALlMllulTH—

EEEEEEEE
EEERENEE
mm 0H
EmHOPPERE N
N GPU1 EE
1 BH

" If ftt? fI
900 GB/s
 AAAAA

NVIDIA NVLink Switch System

J

1

Coherency

Hardware

. GRACE .

s If fﬁﬂI
900 GB/s
YYYYVY

DIA Qua

t11114

100 GB/s

BLUEFIELD
DPU 255

.U"U 25'3.
fanms

st da

TIITIIII
EEEEEEEE
m m m m
= mHOPPERE B
HEGPU 255 E
B ==
TIT11111
EEEEEEEE

J

OO
. GRAC
. CPU
e

100 G

BLUEFI
DPU

mq;
M (b

11 {{IU

]
SEEEEN
EEEEEN

I m
m mHOPPEREE
EE GPUO ENR
" m frl=
EEEENEEEN
EEEEEEESN

44114

900 GB/s

I

Cc

Hardware

M2 Ultra

;]H‘]”I”r‘
lllll 1111

1
EEEEEER
EEEEEEN
i}

$ 4444

900 GB/s

Hardware Cc

URA

URA

LK e }ﬂﬂ
el

llIlllll
EEEEEREERN
Om o |
BEeHOPPERE B
HEGPU 2550 N
Om om

31



Disaggregation Y
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Working Hypothesis: Continued

[ ] [ ] “ i | ‘LA. \
disaggregation of Compute across the world ® @ & |
¢
Namibia ~ " indian ' Py
16 26 0 Lf e .d. n South Alfrics 10 80
Argentina 39 New 42 : —
GCP Infrastructure o = |
o . s Ti f
6 regions, 18 zones, over 100 points of presence, and a well-provisioned global Network € ¢ .. comice 9 oo nemai e Buting wih mume o Kwdsﬁms{mpfmm?n — =
hundreds of thousands of miles of fiber optic cable. -
Table 3. Per component power usage
Netherlands Finland Equipment Maximum Power
FASTER (US, JP, TW) 2016 Belgium | € DGX A100 system 6.50 kW
Canada London 8 Management nodes 0.60 kW
s 1 _ NVIDIA Quantum QM8790 switch 0.65 kW
= Tokyo —~ ///::{_;— ——— NVIDIA SN34600C switch 0.50 kW
e — Cglr(\)llii:‘g;nia Taiwan ,/’” T =l NVIDIA AS4610 switch 0.10 kW

Each SU requires 139 kW. The maximum power draw for a single rack is 26 kW. The total
power required for the full DGX SuperPOD including storage (assumed at 20 kW) is
approximately 1 MW. The rack layouts can be altered to match the power distribution
and per-rack cooling requirements for a specific data center.

Mumbai

SJC (JP, HK, SG) 2013
Unity (US, JP) 2010

But maybe even more for GPU clouds:

R » e Power consumption
O St (10 i e Environmental factors
- s 2 e Cost
* Limited Supply
Ne <t Google Cloud e Easier to scale individual components
®
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Working Hypothesis: What we see today might be fundamental in

some way.

Within a Machine

Continued aggregation of
compute of hardware
(via memory system)

Optimizing data movement across the whole stack
(Offloading among different compute units; eg FlexGen)

Across Data Centers

Continued disaggregation
of compute globally

Compressing data movement across weak
communication links

33



Computes are there, but scattered

1/5B Parameters
@ 3.14E+23
GPT-3 Floating Point Ops.

[t the community decides to build up an Open Model at GPT-3 Scale...

Could be 35 Hours
2.43 exaFLOPS (April 2020)

we do not lack compute!

... we have even been successtul in designing incentives for people to contribute computes
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1/5B Parameters

3.14E+23 Could be 35 Hours
Floating Point Ops. 2.43 exaFLOPS (April 2020)

0"5" G-/]

Communicat
ion Gap

Heterogeneit

WEE Sl v of Devices
and

N=WS8 Networks




Communication Bottlenecks across Infrastructure

) Ideal
400 7 =500 GPUs “idle”

Real Run

Samples / Seconds
0,
o
o

600
400
200 »
0 o
O D O O O O O O
Data Center be ,19 A 'OIQ <\Q CD/Q ({/\Q ‘bq’Q
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Communication Bottlenecks across Infrastructure

communication becomes slower, open up more choices (and some can be cheaper

AAzu re

Google Cloud

Data Center (Multi-cloud) Spot Instances Serverless Environment Decentralized Network

The more we can optimize communications, the more choices we have when
building our infrastructure.
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Neural Networks
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Neural Networks
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Neural Networks
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“Cocktail SGD”: Data Parallel over 1Gbps

Comm.

Accumulate

Aslong as Communication
fully fills the Comm. Slot,
no slow down caused by

communication.

Different communication compression techniques
complement each other and compose well!

et LocalSGD (100x) vz

2.5
e LocalSGD (100x)
o 234
E AllReduce (ip16) 2.2 AllReaN (fp16)

1.7 | 2

GPT-J-6B Instruct GPT-NeoX-20B Instruct
1-5 Tommyg 18 Tuning

> (D A (D A (D > (D A (D A (D

] ;15000 = AllReduce
- - . |Data parallel
' over ~1Gbps
Toie Toes e cifivbee i iy 100 Baif.?,".ithmwbps 2°°Mbps network!

(b) GPT-J-6B (c) GPT-NeoX-20B
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Machine 1

Machine 3

All Challenges Can Be Compressed
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Open Data and Data Recipe
that maps data quality to
model quality in a
principled, reproducible,
scalable way:.

RedPajama-v1; RedPajama-v2

Infra & System e

S———>

Mamba; Striped Hyena

b ) FlashAttention;
SN [lashDecoding;

.

2 l FlexGen; CocktailSGD

Figuring out the economics
— A joint optimization
between System (Kernel,
Communication,
Architecture), Algorithm,

Modeling, & Hardware.

Production.

Bring Beyond-Transformer
Architecture from Research to
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The Open Source Community, Thank
you!




