Gossip-Based Machine Learning and
Matrix Decomposition

arch Group on Artificial Intelligence

Rese

Istvan Hegedus
- Rober Ormandi
Mark Jelasity
N — University of Szeged

MTA-SZTE Research Group on Al
Hungary



~ + But, data was produced by us
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Motivation — ML Applications

* Personalized Queries
— Web search history

« Recommender Systems
— Clicks on items and '

-« Document Clusteringy==
~« Spam Filtering

-« Image Segmentation
- _\We annotate pictures
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Motivation — ML Applications

 Build models on the data
collaboratively

-DIENSIS
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 Devices have internet connection =
« Can communicate each other
« Store data as well
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Example: compute min value
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Example: compute min value

-DIENSIS
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O Centralized Algorithm
~—— + Upload data

~ -~ « Cannotuse the model

o || B without communication
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Example: compute min value
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* Distributed Algorithm
~——* More communication

~ -~ « Canuse the model

o || B without communication
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Classification

* Binary classification

— Given a set of training samples:(z1,y1), .-, (20, Yn)
where z; € R
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Classification

* Binary classification

— Given a set of training samples: (z1,y1). ..., (0, Yn)
where 7; € RY andy: € {-1,1}
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Classification
* Binary classification
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that correctly separates

ber of misclassifications)
mfin Z(f(xz) — yi)Q i=1,..

Xo

the samples from different
classes (minimizes the numt

N

— Given (@1,y1).---, (@0, ¥2) training samples,
where z; e R? and ¥ € 1-1,1}

Cmd
— Task: looking for a model f RY—{-1,1;
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Classification

* Binary classification

— Given (@1,y1).---, (@0, ¥2) training samples,
where z; e R? and ¥ € 1-1,1}

— Task: looking for a model
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fiRY— {—1,1} % o @ o +1
minimizes the error . ° ®-1
mfin;(f(xi)—yi)Q i=1,..., n . @ . °
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Classification

* Binary classification

— Given (z1,y1).-...(zn,y2) training samples,
where z; e R* and i € {-1,1}

— Task: looking for a model
fiRY = {-1,1}
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X o @ o +1
minimizes the error 0 °.1]
m}n;(f(xi)—yi):z i=1,..., n o © ’©
— In linear case the model Is ® o
a hyper-plane (w) o o
— The label of a new mstan-\ o °
ce can be predicted ) xi
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Gossip Learning

* ML is often an optimization problem
* Local data is not enough
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2+ ML is often an optimization problem
: « Local data is not enough
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Gossip Learning

* ML is often an optimization problem
* Local data is not enough

* Models are sent and updated on nodes
— Taking random wal E

e s T
— Updated instance-b ance 2 = Q%E/
— Data is never sent E/ -
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Gossip Learning

* ML is often an optimization problem
* Local data is not enough
* Models are sent and updated on nodes

- Taking random walksi g E/YS Q%E
&WSGD) D%E/
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— Updated instance-bysnstance |5
— Data Is never sent

~» Stochastic Gradient Des




SGD

* Objective function \
w = argman ZE (fuw(xi), yi) §||w||2
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SGD

* Objective function \
w = argmmJ ZE (fuw(xi), yi) §||w||2

Gradient method wi+1 = w — m(g—i)
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SGD

* Objective function \
w = argmmJ ZF (fuw(xi), yi) §||w||2

 Gradient method w1 =w; — m(g—i)
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processed online W+t = we = ne(Aw + VI(fu (7). Y1)
(instance by instance)
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SGD

Objective function \
w = argmmJ ZF (fuw(xi), yi) §||w||2

Gradient method wi+1 = w — m(g—i)
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= wy = (M + — > VU fulxi). yi)
i=1

SGD, data can be
processed online W+t = we = ne(Aw + VI(fu (7). Y1)

(instance by instance) A
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GoLF (Gossip Learning Framework)

Algorithm 1 Skeleton of original GoLF learning protocol

1: currentModel + initModel()

2: loop 6: procedure onREcCEIVEMODEL(m)
3: wait(A) T m.updateModel(xz, y)

4: p + selectPeer() 8: currentM odel < m

O: sendModel(p, current Model)
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GoLF (Gossip Learning Framework)

Algorithm 1 Skeleton of original GoLF learning protocol

1: currentModel + initModel()

2: loop 6: procedure onREcCEIVEMODEL(m)
3: wait(A) T m.updateModel(xz, y)

4: p + selectPeer() 8: currentM odel < m

O: sendModel(p, current Model)
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GoLF (Gossip Learning Framework)

Algorithm 1 Skeleton of original GoLF learning protocol

1: currentModel + initModel()

2: loop 6: procedure onREcCEIVEMODEL(m)
3: wait(A) T m.updateModel(xz, y)

4: p + selectPeer() 8: currentM odel < m

O: sendModel(p, current Model)
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Gossip-Based Learning

« SGD-based machine learning algorithms can be
applied, e.g.
— Logistic Regression
— Support Vector Machines
— Perceptron
— Artificial Neural Networks

« Training data never leave the nodes

« Models can be used locally additional
communication is not required
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GoLF (Gossip Learning Framework)

Algorithm 1 Skeleton of original GoLF learning protocol
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Low-rank Matrix Decomposition
Xka Amx

« Gilven a matrix A

« Looking for matrices X, X, a,
Y that XYT ~ A [ I e
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¢« k<< min(n,m)
« Data compression




Low-rank Matrix Decomposition
Xka Amx

« Gilven a matrix A
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- Looking for matrices X, | . - au """
Y that Xyr~-aA [ —— - ; ---------------- ;
* k<< min(n,m) o

« Data compression : :
Movies YT
d k x

Movies

dev

R

Sparse

Users
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Low-rank Matrix Decomposition

mek Amx
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Low-rank Matrix Decomposition
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Am x

* User related data: X

a row of X and A m x Kk

& « Random walk: Y

- 1

N 1

o J(X’Y):§ A-XYT|%

:: — 9 Z Z(a’—aﬁj - Z rayj)?
i=1 j=1 =1

- 0.J 0.J

% — — (XY —Ay.

= (YXT — AhX

SGD: W41 = Wy — ntvwE'w
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Low-rank Matrix Decomposition

User related data:
Xm X K Am X

arow of X and A

Random walk: Y
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Algorithm 1 P2P low-rank factorization at node

ol I:
- 2:
o 3:
_/’ 4:
E_ 5:
— 6:
7 7
) 8:
<

L_ Ao
O 10:
> | 1

12:

a; > row 7 of A
initialize Y
initialize x; > row 7 of X
loop

wait(A)

p < selectPeer()

send Y to p
end loop

procedure ONRECEIVEY(Y")
Y «Y
(Y, x3) + update(Y, x;, a;)
end procedure




Algorithm 1 P2P low-rank factorization at node i
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Low-rank Matrix Decomposition

mek

Am x

//; I: a; > row i of A
— 2: initialize Y

foss 3: initialize > row ¢ of X
— 4: loop

— 5: wait(A) _
Ll 6.  p < selectPeer()

_/ 7 send YV to p

:“ 8: end loop

V) 9: procedure ONRECEIVEY(Y)

- 10: Y«+Y

< 11: (Y, ;) + update(Y, ., a;)

_’ 12: end procedure

- Algorithm 2 rank-% update at node i
=

< 17 > learning rate
2. procedure UPDATE(Y, x;, a;)

e 3 err < a; — ;Y L

= 4 x4 x;+n-err-Y

¥ 5 Y'+«Y +175- err! - Ty

6 return (Y, x}) O.J
— 7. end procedure

0X

= (XYT - A)Y,

0.J

dY

YXxT — AlH)Xx
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Singular Value Decomposition

 Columns of X and Y should X A
have the same directions as m X K m X
singular vectors.

« We use: r
A=UsV"T = g

i=1
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X* = L-rkz[;, Y* = L’Tkzv

« Compute rank-1 approximations k x n

x r T
XV = XYY = ougol

r
T E T
1—=2

sequentially



Singular Value Decomposition

 Columns of X and Y should X A
have the same directions as m X K m X
singular vectors.

« We use: r
A=UsV"T = g

i=1
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Algorithm 3 rank-A SVD update at node ¢ -
. n > learning rate
2: procedure UPDATE(Y. z;. a;)

3: Of;-) — a;
4: for /=1 to k do > yp : column £ of Y
5: err 4— a; — &g - yg
6: Thy — xig + 1 eil;r- Yy
7: Yp <= Yo+ m-err’ - xgy
_ . T
8: a; = a; — Tig - Yy
9: end for
10: return (Y, )

11: end procedure
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SVD in Practice

« Dimensionality reduction
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SVD in Practice

« Topic modeling (LSI) X
m x K
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Principal Components Analysis
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SVD in Practice

« Graph Spectral Clustering
Xm X K Am X
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Jo000e FIG. 18 Basic principle of the spectral algorithm by Capocci

02 1 et al. (Capocci et al., 2005). The bottom diagram shows the
values of the components of the second eigenvector of the
0 | right stochastic matrix for the graph drawn on the top. The
K R three plateaus of the eigenvector components correspond to
the three evident communities of the graph. Reprinted figures
02 1 with permission from Ref. (Capocci et al., 2005). (©2005 by

T KRN R Elsevier.




Conclusion

* Machine learning without collecting data
* Prediction without extra communication
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* Federated Learning
https://research.googleblog.com/2017/04
[federated-learning-collaborative.html



