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More data and compute (currently) leads Za:
to better Al
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But, we may be running out of both!

@ wiReD

Nvidia Chip Shortages Leave Al Startups Scrambling for
Computing Power

Trimming profits, delaying launches, begging friends. Companies are going to extreme - /f
lengths to make do with shortages of GPUs, the chips at...
24 Aug 2023
E E : signin A Home =M News Sport g Weather I3 iPlayer Il Sounds

Home | Election 2024 | InDepth | Israel-Gaza war | Cost of Living | War in Ukraine | Climate | UK | World | Business

g' Andrew Coté &
@Andercot 0.-q g

Electricity grids creak as AI demands
Europe has less than 3% of the world’s deployed H100s soar

11:32 AM - Apr 24,2024 - 176.8K Views

A The Register

Microsoft, OpenAl may be dreaming of $100B 5GW Al
'Stargate’ supercomputer

OpenAl is believed to be in talks with Microsoft to construct a massive supercomputer

code-named Stargate containing millions of Al...
1 Apr 2024 ‘ Data centre electricity needs are forecast to double between 2022 and 2026

Chris Baraniuk
Technology reporter
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But, we may be running out of both!

M nology R e e e

ARTIFICIAL INTELLIGENCE

We could run out of data to train Al language
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éPT’é 1 I ——- full stock utilization Will we run out of data? Limits of LLM scaling based on human-generated data
4 : : (5% overtraining)
101t -, 1 1
2020 2022 2024 2026 2028 2030 2032 2034 Pablo Villalobos ' Anson Ho! Jaime Sevilla!? Tamay Besiroglu !> Lennart Heim'* Marius Hobbhahn !*

Year
Abstract ) R

‘We investigate the potential constraints on LLM
scaling posed by the availability of public human-
generated text data. We forecast the growing de-
mand for training data based on current trends and
estimate the total stock of public human text data.
Our findings indicate that if current LLM devel-
opment trends continue, models will be trained
on datasets roughly equal in size to the available
stock of public human text data between 2026 and o [P
2032, or slightly earlier if models are overtrained. 2020 2022 2024 2026 2028 2030 2032 2034
‘We explore how progress in language modeling et

10

20 Stock of data
___ Median date of

Falcon-1808 full stock utilization

Dataset size projection

Median date of

——- full stock utilzation
(5x overtraining)

Effective stock (number of tokens)

PaLM

https://arxiv.org/abs/2211.04325
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But, we may be running out of both!

A Yann LeCun &
i,y @ylecun

Sources of reliable data are getting exhausted. We could run out of data to train Al language
The cost of manual "post-training" is growing quickly. programs

Yet, the performances on bemchmarks are clearly saturating.

So no, Auto-Regressive LLMs in their current form will not take us to
human-level Al.

That doesn't mean they are not useful.

How Tech Giants Cut Corners
to Harvest Data for A.I.

| am super impressed with recent progress in Al. But can we extrapolate Will we run out of data? Limits of LLM scaling based on human-generated data
that AGl is around the corner? Remember that scaling laws are

polynomial With a Coefﬁcient < 1 at beSt, and we have a|mOSt exhausted Pablo Villalobos ' Anson Ho! Jaime Sevilla!? Tamay Besiroglu !> Lennart Heim'* Marius Hobbhahn !*
the reliable data sources available. Not 100% sure but interesting times! Abstract

‘We investigate the potential constraints on LLM

. scaling posed by the availability of public human-
8:03 AM - Aug 31 > 2024 - 230.4K Views generated text data. We forecast the growing de-
mand for training data based on current trends and

estimate the total stock of public human text data.

Our findings indicate that if current LLM devel-

opment trends continue, models will be trained

on datasets roughly equal in size to the available

stock of public human text data between 2026 and i

2032, or slightly earlier if models are overtrained. 0 2022 2024 2026 2028 2030 2032 2034

Year

https . / /arxj_v . Org/abs / 2 2 1 1 . O 4 32 5 ‘We explore how progress in language modeling

el
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Is federated learning* the answer?

* and related approaches (e.g., decentralized forms of ML etc)
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Is federated learning* the answer?

* and related approaches (e.g., decentralized forms of ML etc)
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Learning user keyboard behaviors
and word selection
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Navigation and Perception of Robots

Healthcare Restaurant Education
_T_ BBQ =
ﬁ o @ LILL] ﬁé?ﬁ Personalization
= [Tl Lk d g CIDE ® ®5 Bge s ® of Speech Recognition

ri a i1

; : Sharing of Sensitive Data
. G o
e sk o Rl » between Organizations



http://mlsys.cst.cam.ac.uk/

CaMLSys http://mlsys.cst.cam.ac.uk

Data Opportunity

Centralized ML
Data
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Data Opportunity

Centralized ML Distributed and
Data Sensitive Data
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Compute Opportunity

exaFLOPS

22k
Nvidia H100s
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Compute Opportunity

exaFLOPS exaFLOPS

22k 20M
Nvidia H100s Snapdragon 8 Gen 2
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What if we can make all Al o ,ﬁ’“
infrastructure federated? LR
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What if we can make all Al e ,ﬁ?
infrastructure federated? N

e Cooperation & partnerships X AR [ % e g S

e Privacy & control - e D "z

e Scalability & flexibility

e Resource sharing '[:

e Compatibility w/ regulation

(4
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What if we can make all Al o ,ﬁ"

infrastructure federated? Yoo
e Hardware Efficiency and Utilization C A3 J .

. : . - e P
e Realizing Privacy Opportunities =~ D 4

e ML Optimization

° Governance ‘[:

e Complexity of Decentralization

e How should we design HW and Comms? <

<

(4
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“In the near future, every SOTA
Al model will be trained using
federated learning ”

- @niclane7
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“In the near future, every SOTA
Al model will be trained using
federated learning ”
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FlowerLLM

World’s 1st 3B LLM
pre-trained via
Federated Learning
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Flower

(1) Democratizing LLMs
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FlowerLLM

——————

(1) Democratizing LLMs (2) Stronger LLMs
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{3} FlowerLLM

2 ’ 5X -
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Photon Architecture and Design
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‘Algorithm 1 Photon exceution pipeline

Require: Number of rounds 7, taiaing population P, number of clieatsper round K. hyperparameters H

1: procedure PHOTONSERVER(T, K., H, P)

2 ¢« InitModel(H) & Init on the server or sample a client and extract model weights
3 foreachroundt=1,2,3,..., T do

4 C~UPK) & Sample K clients at random from the population
E fork > Each sampled client i

6 03, M} + PHOTONCLIENT(k, 6°, H)

% AL 0 -

8 A b o Al & Aggregate pseudo-gradients A, from clients
9 0 ¢ ServerOpt(6', A%, ) © Apply pseudo-gradient (o the global model

10 M hgghetrics(Mj VK € C) > Aggregate metrics across clients.
1

Checkpoint(65™!)
return ] !

procedure PHOTONCLIENT(K, 6', H)

Dy ¢ BindStreas(k)
I, 4 GetNodes(k)
if HasInfiniband([s) then

Bie

04, M}, + TrainClient(6", D, By, H)

else

for node i € / do in parallel
B}  CalcBatchSize(s, Iy)
D}, ¢ PartitionStrean(i,

& Checkpoint model

> Bind Photon Data Sources to a merged data stream Dy
act hardware configuration Iy

b Binary B suess
© Use DDP or FSDP based on model size

& In every node of the current client do FL

o Splitthe client data into || shards

(i, Di)
01, M ¢ TrainClient(6', D}, By, H) > Use DDP or FSDP based on model size.

ﬁi  th Tier 0
< hgaetrica(MiVi € )

L’h-ckpainz (04, Dx)
0L« PostProcess(of, M)

return 0, M

> Partally aggregate node models.
> Partially aggregate metrics across nodes

5 Checkpoint model and dataset state

b Eg., apply differential privacy or compress the model

iv:2405.10853v1 [cs.LG] 17 May 2024
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The Future of Large Language Model
Pre-training is Federated

Lorenzo Sani'>'  Alex Iacob'? Zeyu Cao™* Bill Marino"*

YanGao'?  TomasPaulik!  WanruZhao!  William F. Shen!

Preslav Aleksandrov' Xinchi Qin' Nicholas D. Lane'?

Abstract

. . .
sive performance over a wide range of tasks, thanks to the unprecedented amount
of data they have bee trained on. As established scaling laws indicate, LLMs”

performance improvement depends on the amount of computing and data

whichare
i 0 wcenterfocused training methodology of current LLM
presents a robust, lexible, reproducible FL approach that
Erable lrge-scle chllboraion cros mtuions 1o i LM This would
o mere compuitionl s i eoures wihle mucing o potenaly

i b il
sl et T using limited resources. This will help data-rich ac-
s o becoms the potagonists of LLMs pee training intead ofleaving the sage
to compute-rich actors
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Photon Architecture and Design
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The Future of Large Language Model
Pre-training is Federated

Lorenzo Sani'>'  Alex Iacob? Zeyu Cao™* Bill Marino™*
YanGao'?  TomasPaulik'  WanruZhao!  William F. Shen!
Preslay Aleksandrov' Xinchi Qiu' Nicholas D. Lane'*

Abstract

sive performan

L
rlormance range of tasks, thanks to the unprecedented amount

of data they have. d on. As established scaling laws indicate, LLMs’

future performancy ment depends on the amount of computing and dat

underutilized by

practice. Our wor

hing or potentially
the fed-

erated training scales with model size and present our approach for training a
billion-scale federated LLM using limited resources. This will help data-rich sc-
tors to become the protagonists of LLMs pre-training instead of leaving the stage.
to compute-rich actors alone.
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Design Principles
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Photon : Photon LLM ‘: 8 ! Photon

/\99l’egﬂmr/;:-’wJ ol .Data Sources

e Separation of Data and
Computation (broad
access to data)

B>

Limited Comms Reqgs.

AR

e Broad H/W Inclusivity

e Scalable Tuned Local

N EmEmEmEEEEEEEEEEEEE®EEE NS W EE S

_enremewee S " R S R UR—— Training Pipelines

° Private and Public Data

https://arxiv.org/abs/2405.10853
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Key Techniques
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Photon : Photon LLM ‘: ! Photon
" 8 .Data Sources

B>

e Adaptive Comms and

Optimizer to Conditions

e

e Diversity for Efficiency

e Comms/Compute for
Massive Model Updates

- EEEEEEEEEEEEEEEEEEEEEEE

e Built on experimental

N EmEmEmEEEEEEEEEEEEE®EEE NS W EE S

(for now) versions of
Pollen and Flower

https://arxiv.org/abs/2405.10853


http://mlsys.cst.cam.ac.uk/

CaMLSys http://mlsys.cst.cam.ac.uk

’
[ ]
]
[ ]
]
|
]
]
‘

4—
@)
-
C
(D)
©
C
(D)
Q.
()
©
C
C
@)
-
qv)
N
—
D)
C
60
1
C
e
)
o
C
al

=
b0
O 1
@
o ¥
@)
—
' =
- S
S sk
o
+J Pw
S B

Training + local-FL

, @.E.@.@.
S ELEY

AUIAN

}

Zero to Zero-4

“cmmmmm=?

https://arxiv.org/abs/2405.10853


http://mlsys.cst.cam.ac.uk/

CaMLSys http://mlsys.cst.cam.ac.uk

Photon: Coping with Global Optimizer m ol
Instability

254 i 1
66 : Global Model Validation
{ Client Model Train
175 \ Centralized Model Validation
} Centralized Model Train
150 \ AN i
Z
\ v Aggregated model
£ 100 : \
58 : = ; « - ) "
WINZHeap ow-up
25
0
0 5 10 15 20 25 30 35 40

Federated Round

Approach

| v —
e Tracking global model
P EPLLLT T i S TN norm after aggregation
500 il 7':» ""\1_¢:' ’V.f:f' ik
ot 1T 74 S r e Adjustment server
W

N L I R T learning rate, as required

https://arxiv.org/abs/2405.10853
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Federated Pre-training of a 1.3B LLM

225
Global Model Validation
200 - - i Client Model Train
175 1 Centralized Model Validation
Centralized Model Train L [ID C4 dataset
150 -
E e e FedMom + AdamW
<
B
5100 e 16 A100s total
75 T e 4 physical location
50 1 N » ' » . .
" e 100Mbps client links
25 1 P ———— e e e bbb\ L b
0 T T T T T T T
0 2 4 6 8 10 12 14
Federated Round
Model Size #Blocks d  #Heads Exp.Ratio (31, B82) |Vocab| #Rounds 7, u; o Nmaz T Batch Size
75M 3 896 16 4 (0.9, 0.95) 50368 40 0.2 09 1075 4x10~* 88000 256
125M 12 768 12 4 (0.9, 0.95) 50368 25 02 09 107° 3x10~% 15000 256
350M 24 1024 16 4 (0.9, 0.95) 50368 40 02 09 107! 3x10"* 13400 256
1.3B 24 2048 16 4 (0.9, 0.95) 50368 16 0.2 0.9 107! 2x10=* 24800 512

https://arxiv.org/abs/2405.10853
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Perplexity

Scaling up to Pre-training a 3B LLM

225
Global Model Validation
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175 1
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Federated Round

L2 Norm

3250 1
3000 -
2750 1
2500 1
2250 A
2000 -
1750 4
1500 4
1250 4

1000
0

CaMLSys http://mlsys.cst.cam.ac.uk

Global Model - FedMom
Global Model - FedAvg ==
Client Model al

3 6 9 12 15 18 21 24
Federated Round

C4 again, switched to H100s with similar physical topology

https://arxiv.org/abs/2405.10853
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Larger Models Appears Improves Global

Convergence

75M

CaMLSys http://mlsys.cst.cam.ac.uk

125M

200 200
& Server Validation PPL Server Validation PPL
\ Client Train PPL Client Train PPL
il Centralised Train PPL 156 Centralised Train PPL
o Centralised Evaluation PPL B Centralised Evaluation PPL
. . 2 100 2 100 3 :
e Preliminary . i |
: 50 . - 50
Observation
. . . 0 0
[ ) 0 10 20 30 40 10 15 20 25
P e r h a p S I n d I Catlve Of Federated Round Federated Round
many future
y 350M 1.3B
.. . . 200 200
e m pl rl Ca | fl n d | ngs to Server Validation PPL Server Validation PPL
1% Client Train PPL is Client Train PPL
b u i |d O n N Centralised Train PPL =8 Centralised Train PPL
b Centralised Evaluation PPL Centralised Evaluation PPL
£ 100 £ 100
o A
50 50
0 0

https://arxiv.org/abs/2405.10853
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Worldwide Federated Language Model
(WorldLM) - extending Photon

Regional Regional

Worldwide Federated Training of Language Models

Alex Iacob'? Lorenzo Sani'?

Bill Marino'  Preslav Aleksandrov'  William F. Shen'  Nicholas D. Lane'*

Abstract

The reliance of language model training on massive amounts of computation and
dally low-qualiy ighted, it

B

D Leaf .'

come into question practically, legally, and ethically. Federated leaming provides a
plausible alternative by enabling previously untapped data to be voluntarily gath-
ered from collaborating organizations. However, when scaled globally, federated
learning requires collaboration across heterogencous legal, security, and privacy
regimes while accounting for the inhcrent locality of language dat; hi further
ted statistical ‘We pro
posea Worldwide Federued Language Model Training (WorldLM) system based
on federations of federations, where each federation has the autonomy to account
for factors such s its industry, operating jurisdiction, or competitive environment.
WorldLM enables such autonomy in the presence of statistical heterogencity via
partial model localization by allowing sub-federations to attentively aggregate key
layers from their constituents. Furthermore, it can adaptively share information
across ledr.'nhnm via residual layer embeddings. Evaluations of language ey
ing on naturally heterogencous datasets show that WorldLM outperforms standar
fderatons by up o 191, approaches the personalized performance of fuly o
models, under p g

BN
https://arxiv.orqg/pdf/2405.14446

5.

2405.14446v2 [cs.LG] 27 May 2024
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orldwide Federated Language Model
(WorldLM) - extending Photon

Algorithm 1 Fit: exccution procedure for a given sub-federation.
Require: Node id g, parent backbone B,., sequence of key layers K.,
Require: Downstream residuals for aggregation D for routing DY

Regional Regional

B B EEYANG
https://arxiv.orqg/pdf/2405.14446

5.

B

D 5 Leaf .'

..l.

VAN

1: B°,K° ¢ LoadModel(g)
22U 0
3:ifq # O then
Q,K,V ¢ K%, [K°, Kp, Dal, [K°, Kp, Da]
B’ + B,
K°  Attn(Q, K, V)
for round k ¢ 0,..., K — 1do
A*, R* « RouteResiduals(Df, C)
Train(g, B*, K*)
for child ¢ € C, do
5,,/c,.ur « Fit(c, B*, K*, A%, RE)

4
5
6
7
8:
9:
0:

& Upstream residuals for parent
& If the current node is not oot

& Agg. node, parent and residual key layers

& Route using similarity to cached children K
& Train node params sequentially o in-parallel
o In parallel

& U are residuals sent upstream by the child

-B > Compute backbone pseudo-gradient
13 iC, # 0 then
14: A e o A > Aggregate pseudo-gradients
15: B!  ServerOpt(B*, —A* k) > Apply pseudo-gradient
16: QLY+ [KE,..., Kol IKE, ... K] b Pack key layers with the same index
17: K Attn(Q, K, V)
18: UM DM PartitionResiduals(g, K***, V,U*, D¥) > Based on dissimilarity

return B, K*, u*

1v:2405.14446v2 [cs.LG] 27 May 2024

Worldwide Federated Training of Language Models

Alex Iacob'? Lorenzo Sani'?

Bill Marino'  Preslav Aleksandrov'  William F. Shen'  Nicholas D. Lane'*

Abstract

The reliance of language model training on massive amounts of computation and
dally low-qualiy ighted, it

come into question practically, legally, and ethically. Federated leaming provides a

plausible alternative by enabling previously untapped data to be voluntarily gath-

ered from collaborating organizations. However, when scaled globally, federated

learning requires collaboration across heterogencous legal, security, and privacy

regimes while accounting for the inherent localiy of language data; this hmlwr
d statistical

poses Worldwide Federued Language Model Taining (WorldLJD) system b W

foc factors such as industry, upeulmg junsdlcuon or competitive orvtmment.
WorldLM enables such autonomy in the presence of statistical heterogencity via
partial model localization by allowing sub-federations to attentively aggregate key
layers from their constituents. Furthermore, it can adaptively share information
across ledr.'nhnn.\ via residual layer embeddings. Evaluations of language ey
ing on naturally heterogencous datasets show that WorldLM outperforms standar
fderatons by up o 191, approaches the personalized performance of fuly o
models, under p g
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Worldwide Federated Language Model
(WorldLM) - extending Photon

Regional Governance Silos

o Legal
e Privacy
e Security

e |Legacy FL or Al systems

K3 . === ..' '.. v, PR ._- . . ..- ...
< Leaf ; -EE;—-E l . % Leaf; * Leaf ! : G= )« Leaf : < Leaf ; : D + Leaf ;

= = =& =B NG VAIN EVAN
https://arxiv.orqg/pdf/2405.14446
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Worldwide Federated Language Model 'ﬁ?
(WorldLM) - extending Photon

RV
@ Key Techniques
] - e Federation of Federations
E K d \@\
P « = i1 ~ . .
4 ' \ e Hierarchy w/ data driven
routing
e . . .
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Comparisons to natural alternatives
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Enabling Differential Privacy

Method Pile DPco,wk DPpgc pea e The Pile variations
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f PubMed Central, and
PubMed Abstracts
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Next steps for FlowerLLM and Photon
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Next steps for FlowerLLM and Photon
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Revisiting the FL research agenda

W Rethink the key important settin

e Extreme comms and local compute/memory overhead
e Scaling to large model scales (e.g., FMs, LLMSs)

e Coping with heterogeneity (clients/devices)
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e C(Challenges of non-L.I.D data (i.e., data heterogeneity)

e Overly complex and limited tooling
e Primitive MLOps and tuning capabilities

e Gaps in theoretical understanding and/or empirical best-practices
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Open Questions for HW Design and Design
Automation

e Boring but correct answer: Anything for to model training
e Memory and storage hierarchy
o More of it, energy efficient, and considering

training data flow

e Hardware accelerated privacy algs (SA, FHE etc)
e (Co-processors, bespoke networking/comms,

algs in HW, anything goes! The opportunity it indeed that valuable
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©
import flwr as f1

class MyClient(fl.KerasClient):
def __init__(self, model, ds_train, val)
self.model = model
self.ds_train = ds_train
self.ds_val = ds_val

get_parameters():
return model.get_weights()

fit(self, weights, config):
model.set_weights(weights)
model.fit(ds_train, epochs=config["epochs"])
return model.get_weights()

evaluate(self, weights, config):
model.set_weights(weights)
return model.evaluate(ds_test)

server_address, model, ds_train, ds_test = ...
client = MyClient(model, ds_train, ds_test)
fl.app.client.start_client(server_address, client)

Flower
https://flower.ai
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OPEN SOURCE

+ Community Driven

Stars

Developers

Scientists + Al Devs ¥ Flower
Dependents

Flower
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Questions? Comments? T

(Would love to hear thoughts on the impact to University of Cambridge | Flower Labs
HW Design or Design Automation Tooling...) @niclane?
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“In the near future,
every SOTA Al model
will be trained using *
federated learning”

Worldwide Federated Training of Language Models

7.14390v5 [cs.LG] 5 Mar 2022
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