Networked Al Learning

A non-federated learning approach

Dr. Wen Tong

CTO, Huawei Wireless

International Workshop on Federated Learning and Foundation Models for Multi-Media
Keynote

HUAWEI July 15t 2024

Niagara Falls, CANADA




X + v ) A d _
- N 1 . Ay ’ L9 er R
- v . - 1 -

Al Model Complexity (1)~ .~ ™

'i_‘raih_ing ';.Iﬁferen'cing

He S

- T
wiuui)ﬁ&iﬁﬁ%
Vo

Y. ”-.,,m

'100B = 500B

| 10B 2008

 100M 100B

10M 10B A

100M .




. " pat
S .

Tf_'ainihg 'Lﬁfe.r_en_c'ing_'

W

HUAWEI
- .

- | 100T-

Sl 10+T

"100+T

10+T

| 500B

50B

1T

500B

10B

100B

10B




D

_HUAWEI

Al Model :SCa'I'ing..Law '

"More intelligence “for free” by Scalihg'
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Tralnlng Dataset Scallng

Kolmogorov Compressmn
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Wen Tong and Yiqun Ge “Information Theory and Learning-AN INFORMATION THEORY VIEW ON LEARNING PROBLEMS”

Cambridge University Press 2022
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Federated Learnmg

: Share model not the Data

Sh.are Data

Local data Local data
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Issue of Federated Learnlng (1)
& Thé Need of a Trusted Host =
Share Model
Federated:
& 3k Set up a single controlled center within which each state division keeps
22 some internal autonomy
) )

Local data Local data



Issue of Federated Learnmg L S

.°The Communlcatlons Cost

Constant
Communication Cost = * * Nyrounds
oo Reduce model size Quantization for transmitting Reduce participants Reduce the number of rounds

N7 3? o E.g.: using smaller models E.g.: Mixed precision training E.g.: Partial participation E.g.: Fast-convergence methods

Rejte Up to reduction or scheduling or higher local training
Require additional information Additional computation on clients
Up to reduction Upto reduction

N
siis S e, i :
_ The total communication cost of 10 participants sending
~— Llama2-7B to a server in 100 rounds of FL is:

Local data

"14 GB x 10 = 100 * 2 = 28 TB"
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Wen Tong: “IEEE SPAWC-2022" July, 2022
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I\/Iodel Communlcatlons (1)

Model- FoIIow Data Concept

Data In Model Out
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I\/Iodel Commumcatlons (2) e

Model- Follow Data Concept

Al Packet Routing Compute Data Interest Update Routing Algorithm

9 Internet Routing Table
)64 Destinatio ateway
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} 'I\/Iodel Commumcatlons (3)
. Model- Follow Data Concept '
Model Version Management Autonomous Model Training Model Distributed Ledger System

Data In Model Out A—->B

B->D
E->G




.Heterogenous I\/Iodel Commumcatlons g

Model- FoIIow Data Concept

Model size

Wen Tong: “IEEE SPAWC-2022” July, 2022



Standard Model Globallvlodel . | A

Heterogenous Model Scallng with Local Data Tramlng (DS : e
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.."In Network Model Processmg | o

' Heterogenous Model-Re- Normallzatlon and Updates
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DIStrlbUted Learnlng Algorlthm —(Knowledge Dlstllllng)

Heterogenous Model
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.:'DIStrlbUtEd Learnlng Algorlthm —(Generatlve Model) =

Heterogenous Model
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DIStrIbUtEd Learnlng Algorlthm —(Informatlon Bottleneck)

Heterogenous Model
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Dlstrlbuted Learmng Algorlthm —(LoRA)

Heterogenous Model
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Dlstrlbuted Learnlng Algorlthm - (LoRA)

Heterogenous Model
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© === Ul fine-tuning Lora tuning - r==8
O gg =_Classifier fine-tuning Lora tuning - r=4
= = | gra tuning - r=16 == = | ora tuning - r=2
Topology: 10 Clients, 5 clients participating
in each .round _ _ .-:'I.D
docastent | reeesas i 10" 101 102 103 104 10° 106
Distribution: Heavy label shift, Dirichlet(0.1) . .
One base model: ViT-base (86M), pre- Communication Cost {MB}

trained on ImageNet21K images
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Federated and Dlstrlbuted Comparlson

" Reduced Commumcatlons Cost

« Federated Learning -100n

= Distributed Learning

= Knowledge Distilling 4n
= Generative 2N
= |[nformation Bottleneck 2N

= | ORA 2N
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Federated and Dlstrlbuted Algorlthms

* Remove Inferlor Model Contrlbutlons '

» Federated Learning

= Distributed Learning

(((WO + A1B1) + A;B;) + A3Bg) +
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Model- Follow Data Concept
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Conventional:

*Randomly chosen next hop

Neither the model architecture nor the data
characteristics have any impact on the
decision

ours:

Next hop selection based on new metric
The model node obtains random
minibatches from network nodes

The model node computes a metric for
each node based on its minibatch and
current state of the model.
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Dlstrlbuted Tralmng for RAN

I SGPPArchltecture

OTT Model Plane
RAN Model Plane

B cNB Model Plane
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(Wen Tong, Keynote IEEE-CTW-2021)
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Neuron Agent (10B) Neuron Edge (100B) Neuron Center (1T)

(Wen Tong, Keynote 6G SUMMIT Abu Dhabi Nov.16™, 2023)
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