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Centralized > Federated & Swarm/Distributed ML
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Proliferation of intelligent devices & mission-critical applications at the

network edge cannot be operated with centralized and best-effort ML

Learn to Communicate
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Communication-efficient, low-latency, reliable and scalable

(i) training; (ii) inference; (iii) control
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ExtFL = FL + Extreme Value Theory

Extreme Queue Length FL for Vehicular URLLC Power Control

Problem. Minimize vehicular user equipment (VUE)’s avg. uplink
power, subject to each VUE’s queue length reliability sssssssssssnsunau {PI‘ (Q - ch} =~ E J

* Following extreme value theory (EVT), an extremely large queue
length is characterized by the shape and scale parameters of the
generalized Pareto distribution (GPD) Sample

« Utilizing FL with EVT (ExtFL), vehicular user equipments Empirical dlstrlbutlon
collectively predict the GPD parameters

« ExtFL reduces communication overhead while achieving the mm —— log G(gjm 0
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Beyond Federated (server-based) Learning

Group ADMM (without any central entity)

 |ldea. Exploiting ADMM for faster training convergence without any central entity
1) Head devices update primal variables (weights) in parallel

2) Each head device transmits the weights to its (two) neighboring tail devices
3) Tail devices update primal variables in parallel

4) Each tail device transmits the weights to its neighboring head devices

5) Each device updates its dual variable
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Analog Federated ADMM

(a) Digital FL (b) Analog FL (c) A-FADMM
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Analog Federated ADMM
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Federated Distillation (FD)
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Potential Extensions Proceedings-IEEE

SPECI.

Advances in Machine Learning
and Deep Neural Networks

Take all the above and extend:

* Arbitrary and time varying topologies
* Non-convex and stochastic problems
* 2nd order methods (work in progress)

* Bayesian learning

 RL, etc.
(Section 3) (Section 6)
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What’s Next?

Creative Collision of two revolutions



Limitations Desiderata

: : . Function of data
* Obsession with accuracy

2. Minimal without
compromising the
sufficient effectiveness

In the task

* Energy BIll? Sustainability?
* Brittle, lacks robustness; Poor Generalization

* FL s the first-step towards truly intelligent
systems (6G)

. Invariant

=»Function approximators (curve fitting + . Disentangled

learning CORRELATIONS).
. Causal for extrapolating

OOD
. Emergent

» | ack reasoning

» Extrapolation + Imagination..

Objective
Learning Semantic representations satisfying D1-D6 for X

ﬂ' Tx less data ﬂ More reliable ﬂ More energy-efficient ﬂ'SampIe efficient ﬂ Intelligent



Post-Shannon Era is here

THE MATHEMATICAL THEORY
OF COMMUNICATION

THE MATHEMATICAL THEORY

r& ¥ > OF COMMUNICATION

C. Shannon W. Weaver CLAUDE E: SHANNON

and
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WARREN WEAVER

Lever A. How accurately can the symbols of communication be
transmitted ?

(LeveL B

] desired meaning? !

LeverL C. How effectively does the received meaning affect con- |

duct in the desired way?

ALL 2G-5G/6G KPlIs derived from Level-A

nformation
Source Transmitter

* NO meaning - Leverage semantics,
 NO context structure, meaning

* NO structure + Utility emerges!!

« NO memory

* Reproducing at one point either exactly-or-
approximately message (X) selected at another
point.

* Induce behavioral change through sensing and
actuation with a shared environment (emergent
property!)

* Level-A: Statistical/mathematical description of

- * Agents modeling/reasoning over other agents

intents/goals/beliefs ..
SHANNONIAN =STATISTICS SEMANTIC=STRUCTURE + STATISTICS




VisionX: Semantic Communication Meets ML

From
Departing from learning in data Learning semantic representations
space (e.g., pixel, CSI, observational of the real-world (objects/agents
data) interactions)
N D3. Invariant D4. Disentangled D5. Causal D6. Emergent
Desiderata “‘x.\x —> @< @ @®- &
o |
Departing from reconstruction tasks

Agents inducing behavioral change
and how to best encode data through  planning/imagining/reasoning

(Shannonian information) over these  high-level  semantic
representations.

Compose, Edit Reason, Extrapolate Imaqinp Mindread

. ~theory of mlnd
::Ttlr:r'IPCI"- _ _1

L
Tasks .r

E Tx less data & More reliable & More energy-efficient E Sample efficient g Intelligent




How & under what conditions cooperative communication among agents emerges
and is robust to deviations between agents?

Agentz Agent
Associntive Contextual Contextual ASSoCiative
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Communication = Belief Transport from data-hypothesis space

. Seo, J. Park, M. Bennis, and M. Debbah, “Semantics-Native Communication with Contextual Reasoning,” submitted to IEEE TCOM (invited paper)
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SHANNON SEMANTIC
COMMUNICATION COMMUNICATION

= |nformation: Scalar = |Information: Structures,
Categories & Spaces

= STATISTICS: = STRUCTURE:
o Symbol probability ‘ o System 1 + System 2 ML (D1-D6)

o Reconstruction (level A)




GUEST ARTICLE Ll ICATI

If 6G Becomes Just SG+, We’ll Have Made a Big
Mistake > [terating current tech is a bad idea; semantic
communication could be the answer

BY MEHDI EE\\IE' 16 DEC 20821 | 7 MIN READ

Thank you

VisionX coming soon
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