[IE1

Pletykaalapu gepi tanulas teljesen
elosztott kornyezetben

arch Group on Artificial Intelligence

Rese

Hegedus Istvan

lasity Mark Szegedi Tudomanyegyetem
Je gi;};zetéa MTA-SZTE Mesterseges

Intelligencia Kutatocsopot



[IE1

Motivacio

- Az adat adatkzpontokban QYUh =

» Koltséges tarolas es adatfe
— karbantartas, infrastruktura,

.+ Korlatozott hozzaféresiil 7 3 <. ——~gq
— még kutatok szamara is - D

arch Group on Artificial Intelligence

Rese

 « De az adatot az eszkdzeink allitjak elé




Motivacio — ML Alkalmazasok

« Szemeélyre szabott lekerdezese

* Ajanlorendszerek

* Dokumentum klaszterez
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Pletykaalapu tanulas

« ML altalaban egy optimalizalasi problema
* A lokalis adat nem elegendo
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Pletykaalapu tanulas

« ML altalaban egy optimalizalasi problema
* A lokalis adat nem elegendo
« A modellt a eszkozok kuldozgetik és frissitik

— Véletlen seta Qﬁi;.i/ %.i/ Q%E/
~ B

— Példankeénti frissité =
— Adat helyben marad! W
f A &
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Pletykaalapu tanulas

« ML altalaban egy optimalizalasi problema
* A lokalis adat nem elegendo
« A modellt a eszkozok kuldozgetik és frissitik

— Véletlen séta ; E/ - Q%E
Q%Fése D) D%E/
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SGD

Celfuggveny A

w = argman Zf (fulxi), vi) §||’LU||2
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SGD

Celfuggveny A

w = argmmJ Zf (fulxi), vi) §||’LU||2

. , 8J
Gradiens modszer w1 = w: — m(%)
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feldolgozhatd We1 = Wi = N (AW + VI fo(T0), Yi)
(példankent) i A
-+ Pletykaalapu tanulas o T




X1

Pletykaalapu tanulas

« SGD-alapu gepi tanulé modszerek hasznalhatok
— Logistic Regression
— Support Vector Machines
— Perceptron
— Artificial Neural Networks

* Tanitd adat soha sem hagyja el az eszkozt

* A tanult modell lokalisan hasznalhatod, tovabbi
kommunikacios koltseg nelkul
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Boosting

« Boosting modszer online tanuldk segitségeve
* Online FilterBoost algoritmus
* Versenykepes az AdaBoost-hoz képes
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Fogalomsodrodas kezelese

« Ket adaptiv tanulé6 modszer
— Modell életkor eloszlas karbantartasaval
— Modell teljesitmeény monitorozassal

 Fogalomsodrddas kezelés és detekcio
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Szingularis felbontas

 SGD alapu alacsony rangu matrix kozelites

1 1 Jn 7 k
J(X,Y) = 5\ A—XYE = 5 YN (ai; =Y xqyi)?
i=1j=1 [=1
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« Egy valtozat, amely az SVD-hez konvergal

Felhasznalhato
— Ajanlorendszerekhez
— Dimenzid redukciohoz

Az érzekeny adat nem hagyja el az eszkozt
IEEE P2P’14 legjobb cikk dij



X1

Konkluzio

 Egy modszer lett ajanlva a teljesen elosztott gepi
tanulas megvalositasara

* Egy pletykaalapu keretrendszer lett bemutatva
kulonféle tanulo algoritmusokkal

— Logistic regression, SVM, Perceptron, Boosting, SVD
* A fogalomsodrodas kezelesenek megoldasaval
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Kerdesek (Alberto Montresor)

What are the advantages of executing your approach not
In completely decentralized systems (like P2P networks),
but instead in a cluster of distributed machines. This
should be answered for all the proposed techniques.

o
<@
s
S
20
©
s
=
8
&
=
=
[ ]
<L
s
(-]
a
=
(=]
|
(3]
=
]
b
1]
o
]
L]
o




Kérdések (Kiss Attila) .

In these algorithms, nodes exchange model parameters. While this is better
than sharing personal data, it is well-known that exchanging such information
can still leak some sensitive information about the data used to compute
these parameters/gradients. In machine learning, the most popular notion of
privacy is differential privacy, which gives strong probabilistic guarantees.
Differential privacy can be achieved by adding noise to various quantities:
either the data itself, the model updates, the objective function, or the output
(see e.qg. C. Dwork. Differential privacy: A survey of results. In Proceedings of
the 5th International Conference on Theory and Applications of Models of
Computation, pages 1-19, 2008.)Could the algorithms in the thesis be
extended merits and drawbacks in terms of convergence rate and
communication cost?
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Kérdések (Kiss Attila) Il.

The author assumes that the homogenous network graph reflects the
similarity between nodes (i.e., neighbors in the network graph have similar
objectives). However, in practical scenarios, nodes could be different, one
node can store larger or more reliable data than the other nodes,
communicates faster, has more computing capacity or providing more useful
information. This requires strategies to discover good peers and combining
this information with the algorithms in the thesis to obtain more efficient
decentralized protocols. What could be a good trade-off between exploration
and exploitation in peer discovery to improve decentralized learning?
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Kérdések (Kiss Attila) lll.

What is the impact of the network topology on the convergence speed of the
algorithm in the thesis? How does this speed depend from the usual graph
parameters e.g. from clustering coefficient of the network in general or in
special cases?
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Kérdések (Kiss Attila) IV.

Could the author give negative cases, machine learning methods in the field
of classification, clustering or association rules, where gossip based approach
Is not applicable?
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