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@ Introduction to graphical models (in particular, factor graphs).

® Inference by means of graphical models.

Joint work with Andrew Eckford (York University), Sascha Korl
(Phonak AG) and Andi Loeliger (ETH Zurich).
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Introduction
[ Jelelelo)

Inference

Estimation/Detection

Given
e Probability density/mass function p(x,y, z; 0, ).
e Observation Y =y.

Task
Estimate the random variable (vector) X and parameter (vector) 0.

Remark
We are not interested in:

e ~ = nuisance random variable

® (» = nuisance parameter.
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Inference (2)

Example (Autoregressive model with noisy observations)

Let Xi, X5, ... be a real random process defined by:
X = arXe1+ aXe_o+ -+ apXeem + Uk, U < N(o,afj)

and let the process Y = Y1, Y5,... be defined as:

Yi =X + Wy, W 'S N(o,g2w)-

Estimate as, ..., ap from observation Y.
03, oy, and X are nuisance parameters/random variables
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Applications

The problem of inference appears in many contexts

@ Digital communications:
extract transmitted information from received signal.
e.g., (wireless) LAN, 3G, CDMA, etc.
@® Signal processing:
denoize measured signal, e.g., speech processing.
© Statistical physics:
simple stochastic models for materials, e.g., ferromagnets.
® Machine learning:
recognize structure in data
e.g., gene expression, weather, stock market, etc.

1-3: true distribution (often) known = estimation/detection
4: true distribution unknown, but “guessed” = learning.

5/67



Introduction
000®0

Inference (3)

Estimation/Detection

Given

e Probability density/mass function p(x,y, z; 6, ).
e Observation Y = y.
Task
Estimate the random variable (vector) X and parameter (vector) 0.

Natural solutions

(0,%, %) = argmax p(x, y: 0, ¢) = argmax /p(x,y,z; 0,p)dz.

x,0,¢ X0, Jz

(0,%) = argmax p(x, y; 0) = argmax/ p(x,y,z;6,p)p(e)dz dp.
x,0 x,0 Z,p

Maximization/Summation/Integration often problematic!
= choose appropriate approximations.
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Approximation by Message Passing on Graphical Model

e Graphical model = graphical representation of p(x, y, z; 8, ).

e Algorithms operate on graphical model by sending “messages”
between nodes = local computations at each node.

Graphical Models

Graphical representation of mathematical model.

e Block diagrams (systems theory)

Neural networks (e.g., Boltzmann machines/spin glasses)

Markov random fields (statistics/statistical physics)

e Bayesian networks (machine learning)

Tanner graphs/factor graphs (coding theory)
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Factor graphs
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Forney-style factor graphs (FFGs)

e Factor graphs represent the factorization of a function.

e Example

f(x1,%2,x3,%a,x5) = fa(x1, x2, x3)fB(X3, Xa, X5) fc (xa).

X1 fA X3 fB X5

X2 X4

fc

e Rules for drawing a factor graph
e A node for every factor
e An edge for every variable
e Node g is connected to edge x iff variable x appears in factor g
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Factor graphs
[ Jelelelolole}

Forney-style factor graphs (FFGs)

e Factor graphs represent the factorization of a function.

e Example
f(x1, X2, X3, Xa,x5) = fa(x1,x2,x3)fg(x3, Xa, x5) fc(xa) D (x3).

b

X5

/
X1 fA X3 - X3

fig = 0(x3 — x3)0(x3 — x3)
X

fB
X4

e Rules for drawing a factor graph
e A node for every factor
e An edge for every variable
e Node g is connected to edge x iff variable x appears in factor g
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Factor graphs
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Forney-style factor graphs (FFGs)

e Factor graphs represent the factorization of a function.
e Example
f(x1, %2, X3, xa, x5) = fa(x1, X2, x3)fB(X3, Xa, X5) fc (xa) fp (x3).

b

X1 f -

A = B
fo = 5(x3 — x5)0(x3 — x4
% . “ g = 0(x3 —x3)0(xs — x3)

e Rules for drawing a factor graph

e A node for every factor
e An edge for every variable
e Node g is connected to edge x iff variable x appears in factor g
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Factor graphs
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Forney-style factor graphs (2)

Factor graphs and block diagrams

U X Z U

X Z

g h

fc

fH

w v w oy

e Block diagram: X = g(U, W), Z = h(X,Y)
e Factor graph: fg = d(x — g(u,w)), fu = d(z — h(x,y))
e Global function

f(u,w,x,y,z) = 0(x — g(u,w)) - 6(z — h(x,y))
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Factor graphs
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Forney-style factor graphs (3)

Joint Probability Distribution

e Factor graphs can represent probabilistic models.

e Given is a joint probability distribution

pxy (x,y)

of the two discrete random variables X and Y.

X Y
Pxy
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Factor graphs
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Forney-style factor graphs (4)

Factorization of Joint Probability Distribution

e Chain rule
pxy (x,y) = px(x)py|x(y]x)
e Factor graph

Px Py|x
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Factor graphs
[eleleleY Yole}

Forney-style factor graphs (5)

Independent Random Variables

e If the two random variables X and Y are independent:

pxy (x,y) = px(x)py(y).

e Factor graph

e If two components are unconnected, then every random
variable of one component is independent of every random
variable in the other component.
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Factor graphs
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Forney-style factor graphs (6)

Markov Chain

e Markov chain of the form

pxvz(x,y,z) = px(x) - PY|X(}’|X) ) PZ\Y(Z|)/)

e Factor graph

Px Py|x Pz|y
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Factor graphs
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Summary: Factor Graphs

Factor graphs represent the factorization of a function.

Equality constraint node

Block diagrams and factor graphs

Probabilistic models represented by factor graph
= statistical properties translated into graph structure

16/67



Message-passing algorithms

Approximation by Message Passing on Graphical Model

e Graphical model = graphical representation of p(x, y, z; 8, ).

e Algorithms operate on graphical model by sending “messages”
between nodes = local computations at each node.

Graphical Models

Graphical representation of mathematical model.

e Block diagrams (systems theory)

Neural networks (e.g., Boltzmann machines/spin glasses)

Markov random fields (statistics/statistical physics)

e Bayesian networks (machine learning)

Tanner graphs/factor graphs (coding theory)

17/67



Message-passing algorithms
°

Computing marginals

e Given: Probability mass function
f(X17---7X8) = (fl(Xl)fz(Xz)fé(Xl,X2,X3,X4))

(0,35, %)) (6, 37, 36)fr (1))

X; are discrete variables.

e Wanted: Marginal probability

p(xs) = > F(x, ..., XB)-

X15X2,X3,X5,X6,X7,X8

e This factorization can be represented by a factor graph.
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Message-passing algorithms
°

Computing marginals

f(x1,...,xg) = (fl(xl)fg(xz)i%(xl,xQ,X3,X4))-
(falas 35, %) (55) (fs 56, 7, 30 fr (1))

fo
fi X
f3 fa Xs
] Xo Xa
X3 Xs
fs
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Message-passing algorithms

Computing marginals

p(Xs) = (ZZZfa(xl,xz,xa,x4)f1(X1)fz(Xz))-

X X X3

Hfy— Xy

DN falXa, X5, Xo)fs(Xs) (Z > fo(Xe, X7, Xs) fr(X7)

X5 Xo X7 Xg

)

Hig—Xg

D\ﬁ b, WWXM
QD % |
X3 3




Message-passing algorithms
°

Reusing messages

Computing p(xs) f,
fe /X7
fi X >
N f3 fa 7y X
E [:] i;é = Xy -
X3 Xs
f5
Computing p(xa) f
fo /X7
f s b
N f3 fa X6 X
R AR
X e
f5
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Message-passing algorithms
°

Sum-product algorithm (“belief propagation™)

Step 1: Compute all messages (starting at the leaves)

f5
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Message-passing algorithms
°

Sum-product algorithm (“belief propagation™)

Step 2: Compute marginals

p(y) o< pi—(y)p—(y)
y
Example

fi .

N
fZ ’:} 72 — X4 = >

X3 X5

f
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Message-passing algorithms
°

Sum-product algorithm on cycle-free graphs

fs

e Finite number of computations.

e Leads to exact marginals.

e All marginals at once.
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Cyclic graph

OB E
wo o 4o o
] ] ]
L L L
e e
W H %j
] ] ]
L H H
e S N —

Still applicable, but approximate marginals; may not convergence!
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Message-passing algorithms
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Sum-product rule: continuous variables

X1
= Y
Tl b b=
Xm

u(y)oc/ h(y,x1, .y Xm)p(x1) -+ w(xm)dxy . .. dxm

1se-5Xm

May be intractable

o Xy discrete: unwieldy number of terms in sum
e X continuous: no closed-form expression for integral.

Assume integration over Xj is intractable.
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Message-passing algorithms
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Approximations vs. message types

Numerical Integration

ey

wy) o< Y / h(y, 5,0, xmp(x2) -+ plxm) o - i ‘

i Zo)g0a0s Xm I,

i X1

ula)f
wly) o h(y, X1, %2, - -, xm)u(x2) - - po(Xm)dxz . . . dxm /\

X2 5+ +e3Xm -+
seety 9 x1

(x)
H) o [ By XA G i) - ) - dim A
X P

AAAAA

X1

Particle method

p(xa)

wy) o« 3 / h(y, 347, %0, xm)wl pa(0) <+ alxm )b - J \
i X2 Xm =

..... X1
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Message-passing algorithms
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Deriving algorithms

Choosing message types

e Each of the messages may be represented differently.

e Combination of various types of algorithms

e sum/max-product algorithm

e decision-based algorithms (e.g., gradient methods/EM)
e Kalman filters

e particle filters.

Systematic derivation of inference algorithms [Wiberg, 1996]

@ Draw factor graph of pdf p(x,y, z;0, ).

® Apply sum-product rule at each node.

® If sum-product rule is infeasible at a certain node, then apply
an approximation = choose appropriate message types.

O Choose a message update schedule.
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Kalman filter/smoother
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Kalman filter

Linear system perturbed by additive Gaussian noise

Let Xi, X5, ... be a real random process defined by:

Xi = a1 Xue1 + aXe—o + -+ amXeem + Ui, U < N(o,afj)

and let the process Y = Y7, Y5, ... be defined as:

iid.

Yi = X + W, Wi~

Noo?,):

Estimate Xi, X5, ... from observation Y.

ai,...,am, 0%/, and 0"2/\/ assumed to be known.
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Kalman filter/smoother
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Kalman filter

Linear system perturbed by additive Gaussian noise

Let Xi, X5, ... be a real random process defined by:

X = a1 Xu1 + @ Xu_o + - + apXuem + Uk, U '™ /\/(o,gfj)

and let the process Y = Y7, Y5, ... be defined as:

iid.

Yi =X+ We, W~ N(o,gf/v)-

State space representation

X = AXk_1 + b U
aT
1 0

YkICTXk+Wk
cé[l,O,...,O]T aé[al,...,aM]T

(1>

2

Xi = X5 Xeemga] T A

(1>
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Kalman filter/smoother

lo] Jele}

Linear model: factor graph

X, = AX;_1 +b U
Y = CTXk + W,.
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Kalman filter/smoother
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Linear model: factor graph

X, = AX;_1 +b U
Y = CTXk + W,.
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Kalman filter/smoother

lo] Jele}

Linear model: factor graph

X, = AX;_1 + b U
Y = CTXk + W,.

sum-product message passing = Kalman filtering/smoothing

messages = Gaussian distributions
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mz = (Wx+Wy)#(Wxmx +Wymy)
1 vt Vz = Vx(Vx+Vy)#Vy
. . Wz = Wx+Wy
8(x —y)d(z —2)
myz = —mx—my
2 vt Vz = Vx+Vy
N Wy = Wx(Wx+Wy)" Wy
Sz +y+2)
my = Amy
3 Vy = AVyxA"
Wy £ AHWyA!
my = (AFWxA)PATWymy
4 Vy = AT'VyAH
3z — Ay) Wy = AFWyA

it A is invertible

Table H.2: Computation of multi-dimensional Gaussian messages con-
sisting of mean vector m and covariance matrix V or
W = V-!. Notation: (.)¥ denotes Hermitian transposi-
tion and (.)# denotes the Moore-Penrose pseudo-inverse.
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Kalman filter/smoother

lele] lo}

Gaussian message update rules

myz =mx + VxA"G (my — Amx)
Vz=Vx - VxATGAVx

5
W, =Wy + AEWyA
with G 2 (Vy + AV A#) ™!
mz = —mx — Amy

6 Vy= A1V A H

W, =Wy - WxAHAR Wy
with HZ (Wy + ATWxA)

Lif A is invertible

Table H.3: Update rules for composite blocks.
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Kalman filter/smoother
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Linear model: factor graph

Xk = AX_1 + b Uy
Y = CTXk + W.

Xk—1
— A—— +
________ —-—
Entries 3/4 Entry 6 :
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AR model
©000000000000000000

Example revisited

Example (AR model)
Let X1, X5, ... be a real random process defined by:

X = a1 Xi—1 + a2 Xea + -+ + auXem + Uk, Uk '~ No.o2)

and let the process Y = Y7, Y5, ... be defined as:

Yi =X + Wy, W 'S N(o,g2w)-

Estimate as, ..., ap from observation Y.
03, oy, and X are nuisance parameters/random variables
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AR model
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AR model: factor graph

X = AXk_1 + b U
Y = CTXk + W.

a

I U

LA]

2
u

Yk
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AR model
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AR model: factor graph

Xk = AXk_1 + b Uy
Y = CTXk + W.

-— a

| -

o7 L]

5 =1

Ul Y

[b]
':Xk_lﬁz = Gi

[+ 4
s
-

=]
LS

f
[
f
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AR model
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Approximations vs. message types

Numerical Integration

ey

wy) o< Y / h(y, 5,0, xmp(x2) -+ plxm) o - i ‘

i Zo)g0a0s Xm I,

i X1

ula)f
wly) o h(y, X1, %2, - -, xm)u(x2) - - po(Xm)dxz . . . dxm /\

X2 5+ +e3Xm -+
seety 9 x1

(x)
H) o [ By XA G i) - ) - dim A
X P

AAAAA

X1

Particle method

p(xa)

wy) o« 3 / h(y, 347, %0, xm)wl pa(0) <+ alxm )b - J \
i X2 Xm =

..... X1
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AR model
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AR model: decision-based inference

Message types

e Single value approximation for a, O'%J, and 0‘2/,,.

e Messages in X, = Gaussian distributions

Decision-based inference algorithms

The estimates &, 6%, and 6%, determined by

e Gradient methods (e.g., steepest ascent/descent)
¢ Expectation Maximization (EM)
e Gradient EM.
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AR model
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AR model: factor graph

Xk = AXk_1 + b Uy
Y = CTXk + W.

a — Single-value approximation

Single-value approximation
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AR model

00000@0000000000000

Expectation Maximization

Omax = argmax f (),

where

0
F(0) = > F(x0).
2

eg., f(a,0f,0%) =ply,x;a,07,0%,)
@ Make initial guess /(0)
® Expectation step
FO0) 23" F(x,00) log F(x, 6)

© Maximization step

6+ £ argmax F1O(9)
[%

O Repeat 2-3 until convergence.
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AR model
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Expectation Maximization (2)

Simple factorization

f(X,H) 2 fA(G)fB(x, 9)

Message passing

Upwards message h(6)
h(0) =

Yo fe(x, 9(2)) log f5(x, 0)
>, fe(x,0)
= Ep,[log fa(x, )]
Downwards message 6(¢+1)
ale+1) — arg;nax ( log fa(6) + h(0))
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AR model
000000080000 0000000

Expectation Maximization (3)

State space model
N

f(X07X13 s XNG YL, Y2, - 7yN39) é f@(e)fb(xo) H f(ykyxklxk—lye)

Upwards message h(6)
N

:Z hk(f)k ZE |:|ng yk,Xk|Xk ily )m({)
k=1

k=1

=

F (Ve Xl xi—1, 0O ) pux, — (Ve (Xk—1)
D s T 0o Xk Xa— 1, 0O ) e (k) oy — (k1)

P(Xk—1, Xk‘é(“) =
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AR model
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Sum-product algorithm (“belief propagation™)

@ Compute all messages (starting at the leaves)
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AR model
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Expectation Maximization (3)

State space model
N

f(X07X13 s XNG YL, Y2, - 7yN39) é f@(e)fb(xo) H f(ykyxklxk—lye)

Upwards message h(6)
N

N
h(O)=D he(0) = D E [log F(yko b1, )10

k=1 k=

iy

Downwards message §(‘+1) N

01 = argmax (log fs(0) + Z hi(6))
0 k=1
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AR model
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Expectation Maximization (4)

Generic E-log message

X1 h(6)
X 0

w(xm)g (X, -, Xm, 8O)

Am) 2 p(xa) - .
oy Xim, 0(0))

Dt HOX1) - plXim)E (X1 -

u(xx) are sum-product messages (or approximations, e.g., particle lists,

Gaussian distributions)
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Expectation Maximization (4)

AR model

X = AXk_1 + b U
Y = CTXk + W.

a Single-value approximation
=] E ! .
u LTJ 5 =1
T &U¢ “W(ﬂu) -
R Uy H E-log messages
ay|thy(a) b
Xk*l ‘* 1 Xk

A +
~- B = 1]
Gaussian messages

Single-value approximation
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Computation

AR model
000000000000 e000000

rules for h-messages

Table 4.2: EM Update equations for standard building blocks.

Flrm) = Nix | myn)

mean, scalar

Node EM update rule
Ganssian,
unknown ehlm) o ,-’\f(riz E[X]. s)

e

f l Gaussian

unknown Ml 'V(m E[X]'V)

! X mean

Jr.m) =Nz |m V)
e f]) e Ganssian, 1 E[X2|-2mE[X £ X.meR

] Sl 0 o To (s | =2 B 2mER m? i3

r _. *EC T f e
variance

5= Nz | ms)

Ganssian, X.meR"
nnknown MV o exp (-E [L'Xf m)T v x— 111)]) Ve R
variance Vo
Identity 9 1 X.meR"
covariance e o Ig (4 5 5B [(X—I]])H(X—Illﬂ) V=1Is
maftrix = se Rqu
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AR model
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Computation rules for h-messages

Table 4.2: (contined)

Graph Node EM update rule
Diagonal 2 n 11 ’ X.meR"
6 covariance g H Ig ("“" ) T;h[t\e—mp‘lh]) V =diag(s)
matrix = h seRt
Seal Tt Xi.XocR
7 S| | 2
) EXT] s scBy
siffa X1, X9 R
. ES Anto- pn| aER" s e RY
8 X 4 i% | regression ea) o A1 (n E[X; XF] 7 E[X; Xq], M) A=[a";10]
—TlA EH— &
it X5 =X,
(e —A ) ra A )
)X . X,ceR®
= Inner vector ? E‘[XXH] g
; = R(c) 1 5 Hi-lpry =
9 srodiiet e x N ((‘. EXX" ] EXY], f) Ye ]P;
seRy
xp (o 0
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Computation rules for h-messages

Table 4.2: {continued)

Node EM update rule
Toint coeff- | L EXuX) B[] X Xp e R
10 cient /variance € x N a | m : ahcR
i estimation L1l =t =
1 E[(Xa—aXy) 4
acalar M) o I (s ‘ 2 w) s.s ey
Joint coefhi- . B , . Epaxl
cient /variance M o N1 (n E[X1Xf]_1E[X1,\ z]—[ 3 L ]) X1. Xz aceR"
11 estimation ] ) sseRT
1 E[(X2—AX)H (Xo—AXy) :
Auto- . M) o g (h, = [(Xa 12 (Xa 1)] Xe—%;
regression &
Finite state h(A) = Z pla1,22) 10g Az, oy X1.X2 €2,
12 1,02 .
machine r1,22 ay € [0,1]
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Expectation Maximization (4)

AR model

X = AXk_1 + b U
Y = CTXk + W.

Yk
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AR model
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Expectation Maximization (3)

State space model
N

f(X07X13 s XNG YL, Y2, - 7yN39) é f@(e)fb(xo) H f(ykyxklxk—lye)

Upwards message h(6)
N

N
h(O)=D he(0) = D E [log F(yko b1, )10

k=1 k=

iy

Downwards message §(‘+1) N

01 = argmax (log fs(0) + Z hi(6))
0 k=1

54/67




AR model
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Computation rules for 0

Table 3: #-message computation rul
with standard prior ©1 =@ =---

s for standard building blocks

Graph Node f-message computation rule
Jh(m) T Lm " .
§ Gaussian, — i g - 5
K - (or1) _ 2oey ¢ B M XemeR
1 unknown m = i
o gert spe R
mean, scalar =1
e i)
i ; 5 - N
ettt |} Gaussian, N yr-1 - (k) XgmeR
W im V) b1y _ 2= Ve E[Xe i) r nxn
2 unknown M= ViR
ecte BT W '
mean, vector £ V=0
tmm—mn“w ¢
| Gaussian,
3 A8 unknown T B P Xoomg e R
(scalar) scRT
™ ,_w variance
V) | Gaussian, Xpomy € R"
4 Am, vy unknown v = Rren
covariance -
lme— ‘wxlm'\l\ matrix (=1 V=0
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~

Computation rules for 0

g —_— X,Y<R
Scalar multi- e -3
T 5 E[XY] E[X* &
7 plication ehla) oo AF-1 (n E[[Xﬂ]]' [ ]) = ]R+
g scR
XY eR"
o[l Auto- s N (a mm“’“) ;k =[5_§]]k
v regression W, — i B [XX7[a® = "
8 g [& L] » General =L [ |2 } . A= [&T ;1 10]
covariance . ki .= - V= RprEn
e m, =W; I(ZLL.«A.E (XY ~ 3 wr 1 EXX ) R
k=1 k=1 Vi-0asR
wy, = [V
XY eR"
-t Y =[Y]
. Dmgn_.»ual - /71 5 . B[XXT) Tl_
9 covariance @) o N a ‘ EXXTTEXY], —— A=[a" ;I0]
matrix $1 V = diag (s)
scR™ acR"

56/67



AR model
000000000000000e000

~

Computation rules for 0

Table 3: (continued)

Graph Node H-message computation rule
N Xe, Y, €R"
Auto- A (1) 1 syl YL
regression e (Z B [XJQ [a¢ )] ) ¥y = [Yely
10 Identity = w V,=1Is
covariance 2 ( «E [X Y, a"”} )
matrix ; ; ¥l
Xy ceR™
1 Inner vector Sk _ 5 /'y]) v e R
product et
o a4 = X, Yo €R
19 C u(.'ﬂ‘lcl('n[ + : WER
variance ] i . o -
S+ TZE [(y/ _ n““‘}(,))\d[“‘s’“] sER
st
N - .
AU+ S B [XeYija il T,
Cocfficient + ool E[XXT |atk), 5tk)] Xe, Ye,a e R
13 covariance . 1 X 7 T seRt
matrix S = LB TR[(Y - SX - XTa)TY - |y, 2y,
=
SX — cX"a)]
Xe, Vi € Ziy
Finite state N . " s
14 Iaehine D _ §cmu iy=J | AM) Ay € [0,1]
Tz X Plxe=1iye=7j|A®) (i,j=1 n)
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0000000000000000e00

Expectation Maximization (4)

AR model

X = AXk_1 + b U
Y = CTXk + W.

—

o

N

(o)

Yk
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AR model
0000000000000000e00

Expectation Maximization (4)

AR model: E-step
X = AXk_1 + b U
Y = CTXk + W.
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Expectation Maximization (4)

AR model: M-step

Xy = AX;_1 +b U
Y = CTXk + W,.

I |

il
ay

Entry 12 i

Xi—1

Yk
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AR model
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Expectation Maximization (4)

AR model

X = AXk_1 + b U
Y = CTXk + W.

a Single-value approximation
=] E ! .
u LTJ 5 =1
T &U¢ “W(ﬂu) -
R Uy H E-log messages
ay|thy(a) b
Xk*l ‘* 1 Xk

A +
~- B = 1]
Gaussian messages

Single-value approximation
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Gradient EM

O max = argmax f(6),
0

where
= " f(x,0).

eg., f(a,0f,0%) =ply,x;a,0%,0%,)

@ Make initial guess 6(0)
® Expectation step
FO (o Z f(x,0) log f(x,0)

© Gradient step
ge+1) 2 a0 )\Zvef(ﬁ)(g)bm
O Repeat 2-3 until convergence.
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AR model:

AR model
00000000000000000e0

gradient EM

Xy = AXi_1 +b Uy
Yk = CTxk + W.

R 3; [ Single-value aPprOimation
v T 2]

ot -

Xp_ i
Lty Yy D BT S

—

—
Gaussian messages

2, |
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Steepest Ascent

Brax = argmax f(6),

where

6
F(0) 2 f(x,0).

e.g., f(a,a%,o%v) = p(y,x;a,a%,aﬁv)

Steepest Ascent

@ Make initial guess 6()
® Gradient step

gD 2 01 4 XV log £(8)] -
© Repeat 2-3 until convergence.
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AR model: steepest ascent

Xk = AXk_1 + b Uy
Y = CTXk + W.

R 3; [ Single-value aPprOimation
v T 2]

Xp_ i
Llﬁig — ’?‘XL

—

—
Gaussian messages

- \
w
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Conclusion
°0

Conclusion (1)

Inference/Learning by means of graphical models
@ Draw factor graph
® Apply sum-product rule to each node
©® Choose message types (for continuous variables)

O Choose message update schedule
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Conclusion (2)

Divide and conquer

Global estimation/detection problem solved by simple local
computations.

Disciplined approach

Deriving novel algorithms systematically by listing possible message
update rules at each node in the graph.

Mix and match

Straightforward to combine several approaches, e.g.,
decision-based, particle-based etc., in a single algorithm.

Plug and play
Novel algorithms by combining tabulated message update rules.
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