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Logistics
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Announcements

Happy Thanksgiving!! ©
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Announcements

o Wainwright and Jordan Graphical Models, Exponential Families, and
Variational Inference http://www.nowpublishers.com/product.
aspx?product=MAL&doi=2200000001

@ Should have read chapters 1,2, 3, 4 in this book. Read chapter 5.

@ Also should read “Divergence measures and message passing” by
Thomas Minka, and “Structured Region Graphs: Morphing EP into
GBP”, by Welling, Minka, and Teh.

@ Assignment due Wednesday (Nov 26th) night, 11:45pm. Final project
proposal updates and progress report (one page max).
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(W1

Class Road Map - EE512a

L1 (9/29): Introduction, Families,
Semantics

L2 (10/1): MRFs, elimination, Inference
on Trees

L3 (10/6): Tree inference, message
passing, more general queries, non-tree)
L4 (10/8): Non-trees, perfect elimination,
triangulated graphs

L5 (10/13): triangulated graphs, k-trees,
the triangulation process/heuristics

L6 (10/15): multiple queries,
decomposable models, junction trees

L7 (10/20): junction trees, begin
intersection graphs

L8 (10/22): intersection graphs, inference
on junction trees

L9 (10/27): inference on junction trees,
semirings,

L10 (11/3): conditioning, hardness, LBP

L11 (11/5): LBP, exponential models,
L12 (11/10): exponential models, mean
params and polytopes,

L13 (11/12): polytopes, tree outer bound,
Bethe entropy approx.

L14 (11/17): Bethe entropy approx, loop
series correction

L15 (11/19): Hypergraphs, posets,
Mobius, Kikuchi

L16 (11/24): Kikuchi, Expectation
Propagation

L17 (11/26): Expectation Propagation,
Mean Field

L18 (12/1):

L19 (12/3):

Final Presentations: (12/10):

Finals Week: Dec 8th-12th, 2014.

Prof. Jeff Bilmes
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Review
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Term Decoupling in EP

@ Partition the d sufficient statistics into two parts, the tractable ones
(of which there are dr) and the intracxtable ones (of which there are

d]). Thus, d = dpr + dj.

@ Tractable component

gbé (d)bd)%"'?qde) (175)

@ Intractable component

o2 (o, a2 ... o%) (17.6)

® ¢; are typically univariate, while ® are typically multivariate
(b-dimensional we'll assume), although this need not always be the
case (but will be for our exposition).

o Consider exponential families associated with subcollection (¢, ®).
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Associated Distributions: base and i-augmented

@ The associated exponential family

p(w:0,0) o exp (0, 6(x))) exp (0, @() )) (17.7)
= exp ({8, ¢(x))) ﬁ exp ({7, 0'(2))) (17.8)
i=1

@ Base model is tractable
p(x;6,0) o exp ((0, ¢(x))) (17.9)
e d-augmented model

p(x;6,0") o exp (0, p(x))) exp (<0~1, <I>1(3:)>> (17.10)
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New EP-based outer bound

e For any mean parms (7,7) where 7 = (71,72,...,7%), define
coordinate “projection operation”
I (r,7) > (r.7) (17.14)

This operator simply removes all but 7 from 7.
@ Define outer bound on true means M(¢, ®) (which is still convex)

L(p, @) = {(,7)|T € M(¢),1I'(1,7) € M(¢, D), Vi} (17.15)

o Note, based on a set of projections onto M (¢, ®%).
@ Outer bound, i.e., M(¢, ) C L(¢p, D), since:

TEM(¢) e Ipst. 7= Ep[p(X)] (17.16)

(1,7) € L(¢,®) & 7 € M(¢) & Tp s.t. (1,7) = Ep[p(X), D" (X))
(17.17)
(1,7) € M(¢,®) & Fp sit. (1,7) = E,[p(X), ®(X)] (17.18)

o If ®' are edges of a graph (i.e. local consistency) then we get standard

L outer bound we saw before with Bethe approximation
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EP outer bound entropy and opt

e For any mean parms (7,7) € L(¢,®): A) There is a member of the
¢-exponential family which mean parameters 7 with entropy H(7); B)
Also, for i = 1...dy, there is a member of the (¢, ®*)-exponential
family with mean parameters (7, 7%) with entropy H (7, 7).

@ Both entropy forms are easy to compute, and so is a new entropy
approximation:

H(r,7) ~ Hep(7,7) ) + Z H(r#) - H(r)|  (7.14)

@ With outer bound and entropy expression, we get new variational form
0 <~,é> H, } 17.15
o 70+ (20) + Helre? 0735)
@ This characterizes the EP algorithms.
e Given graph G = (V, E') when we take ¢ to be unaries V and ® to be
edges F, we exactly recover Bethe approximation.
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Lagrangian optimization setup

o Make d; duplicates of vector 7 € R, call them ' € R for i € [dr].
@ This gives large set of pseudo-mean parameters

{r,(n",7),i € [df]} € R x (R x R")% (17.14)

@ We arrive at the optimization:

dr dr
max {(7‘,9>+Z<7~'i, ~i>+H(T)+Z [H(ni,%i)—H(ni)]}
i=1 i=1

{r{i 7%}
(17.15)

subject to 7 € M(¢), and for all i that 7 = 1 and that
(', 7) € M(¢, @°).

@ Use Lagrange multipliers to impose constraint n° = 7 for all 4, and for
the rest of the constraints too.
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Moment Matching — Expectation Propagation Updates

@ At iteration n = 0, initialize the Lagrange multiplier vectors
(AL .. )

@ At each iteration n = 1,2,... choose some index i(n) € {1,...,ds}.

© Under the following augmented distribution

¢'(2:0,0", \) x exp <0+Z)\l,¢(x)>+<9~i,<1>i(x)> , (17.19)

0£i
compute the mean parameters 7 as follows:
7 = [ @)o()wlde) = By [6X) (17.20)

@ Form base distribution ¢ using Equation ?? and adjust /(™) to satisfy
the moment-matching condition

Ey[¢(X)] = n'™” (17.21)

© This is a KL-divergence minimization step, but done w. exponential

family models which thus corresponds to moment-matching.
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Variational Approach Amenable to Approximation

@ Original variational representation of log partition function

A(0) = sup {(0, ) — A*()} (17.1)

where dual takes form:

A% (p) = sup (0, 1) — A(9)) =

{—H(pe(uﬂ if ue M° (172)

+o0 if p¢ M
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Variational Approach Amenable to Approximation

@ Original variational representation of log partition function

A(0) = sup {(0, 1) — A* () } (17.1)

where dual takes form:

A% (p) = sup (0, 1) — A(9)) =

{—H(pg(u)) if pe M° (17.2)

+o0 if ué M

@ Given efficient expression for A(6), we can compute marginals of
interest.
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Variational Approach Amenable to Approximation

@ Original variational representation of log partition function

A(0) = sup {(0, 1) — A* () } (17.1)

where dual takes form:

A% (p) = sup (0, 1) — A(9)) =

{—H(pg(u)) if pe M° (17.2)

+o0 if ué M

@ Given efficient expression for A(f), we can compute marginals of
interest.

@ Above expression (dual of the dual) offers strategies to approximate or
(upper or lower) bound A(f). We either approximate M or —A*(u)
or (most likely) both.
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Variational Approximations we cover

Q Set M «+ L and —A*(u) < Hpethe(T) to get Bethe variational
approximation, LBP fixed point.

Prof. Jeff Bilmes EE512a/Fall 2014 /Graphical Models - Lecture 17 - Nov 26th, 2014 F11/59 (pg.14/194)



Review
(NRRNNY ]

Variational Approximations we cover

Q Set M + L and —A* (i) < Hpgethe(T) to get Bethe variational
approximation, LBP fixed point.

@ Set M « L(G) (hypergraph marginal polytope), —A* (1) <= Happ(7)
where Happ = > s c(9)Hy(7g) (via M&bius) to get Kikuchi
variational approximation, message passing on hypergraphs.
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Variational Approximations we cover

Q Set M + L and —A* (i) < Hpgethe(T) to get Bethe variational
approximation, LBP fixed point.

@ Set M « L(G) (hypergraph marginal polytope), —A* (1) <= Happ(7)
where Happ = > iz c(9)Hy(7g) (via M&bius) to get Kikuchi
variational approximation, message passing on hypergraphs.

© Partition 7 into (7,7), and set M < L(¢,P) and set
—A*(p) < Hep(T,T) to get expectation propagation.
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EP like variants
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Example: Sum-Product, Bethe, and EP: distributions

@ EP generalizes sum-product and Bethe approximation we saw from a
few lectures ago.
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EP like variants
[ANARNNN]

Example: Sum-Product, Bethe, and EP: distributions

o EP generalizes sum-product and Bethe approximation we saw from a

few lectures ago.

@ Recall, general graph G = (V, E) and we have parameters and
statistics associated with each node ¢4(x5) for s € V and each edge
Gup(Tu, Ty) for (u,v) € E(G).
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EP like variants
[ NENNARN

Example: Sum-Product, Bethe, and EP: distributions

o EP generalizes sum-product and Bethe approximation we saw from a
few lectures ago.

@ Recall, general graph G = (V, E) and we have parameters and
statistics associated with each node ¢4(x5) for s € V and each edge
Gup(Tu, Ty) for (u,v) € E(G).

@ Base distribution is only the nodes (fully factored independent
distribuiton)

p(%~ (/)17 RN ¢m7 6) X H exp(‘)s(rs)) (17]-)

veV
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EP like variants
[ NENNARN

Example: Sum-Product, Bethe, and EP: distributions

o EP generalizes sum-product and Bethe approximation we saw from a
few lectures ago.

@ Recall, general graph G = (V, E) and we have parameters and
statistics associated with each node ¢4(x5) for s € V and each edge
Gup(Tu, Ty) for (u,v) € E(G).

@ Base distribution is only the nodes (fully factored independent
distribuiton)

p(x; b1, -, b, 0) o ] exp(bs(z)) (17.1)

veV

@ Each @’ corresponds to an edge (e.g., i = (u,v) for some edge
(u,v) € E(Q)). Hence, ®"“"-augmented distribution takes form:

p<$; @17 ) ¢m: ¢uv> 0.8 H GXP(Qs(%)) GXP(sz(l’u: xv)) (172)

veV
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EP like variants
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Example: Sum-Product, Bethe, and EP: entropies

@ Base entropy is sum of node marginal entropies

H(ry,...,mm) =Y H(r) (17.3)

seV
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EP like variants
[ENRRRRN

Example: Sum-Product, Bethe, and EP: entropies

@ Base entropy is sum of node marginal entropies

H(1i,...,™m) = ZH(TS) (17.3)

@ Augmented entropy takes the form eV
H(Tl’ < Tmy T“U) = Z H(TS) + H(Tuv) (174)
seV\{u,v}
= Z H(7s) + [H(Tuw) — H(1y) — H(7p)] (17.5)
seV
= > H(rs) + I(7u0) (17.6)
seV

where I(7, ) is the mutual information between X, and X, under
joint distribution 7y,.
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EP like variants
(LNANRRN

Example: Sum-Product, Bethe, and EP: entropies

@ Base entropy is sum of node marginal entropies

H(1i,...,™m) = ZH(TS) (17.3)

@ Augmented entropy takes the form eV
H(T1, .oy Ty Tun) = Z H(7s) + H(Tuy) (17.4)
seV\{u,v}
=Y H(7s) + [H(ruw) — H(7u) — H(7)] (17.5)
seV
=Y H(7s) + 1(rup) (17.6)
seV

where I(7,,) is the mutual information between X, and X, under
joint distribution Ty,.
@ Overall EP entropy, suming over all augmentations (u,v) € E(G), is:

Hep(r) =Y H(re) = > I(tw) (17.7)
seV (u,0)EE(G)
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EP like variants
[RERRRRN]

Example: Sum-Product, Bethe, and EP: L(¢, ®)

@ the base mean parameter M(¢) just asks that 7 = (75,s € V') are
valid unary marginals (i.e., non-negative and sum to one, in the form
of VvseV, 0 < 74(xs) <1 and sz Ts(xs) = 1.
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EP like variants
(NLRNRRN

Example: Sum-Product, Bethe, and EP: L(¢, ®)

o the base mean parameter M(¢) just asks that 7 = (75,s € V) are
valid unary marginals (i.e., non-negative and sum to one, in the form
of VvseV, 0 < 74(xs) <1 and sz Ts(xs) = 1.

e Each augmentation M(¢, "?) for edge (u,v) € E(G) also asks that
Tuw Marginalizes down to 7, and 7, i.e., ZT( Tuv (Ts Ty) = Ty (24)

and qu Tuv<l’v: :[/"u,) - 7_'1,1(351))-
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EP like variants
(NLRNRRN

Example: Sum-Product, Bethe, and EP: L(¢, ®)

o the base mean parameter M(¢) just asks that 7 = (75,s € V) are
valid unary marginals (i.e., non-negative and sum to one, in the form
of Vs € V, 0 < 1(ws) < 1and o, 7s(ws) = 1.

o Each augmentation M(¢p, ®"") for edge (u,v) € E(G) also asks that
Tuw Marginalizes down to 7, and 7, i.e., va Tuv Ty Ty) = Ty (x4)
and qu TUU(‘:UU’ xu) = Tv(xv)-

@ Then considering L(¢, ®) as defined, we must have for all
(u,v) € E(G), I"(1,7) € M(¢p, *Y) — this requires local
consistency along all edges of the graph.
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EP like variants
(NLRNRRN

Example: Sum-Product, Bethe, and EP: L(¢, ®)

o the base mean parameter M(¢) just asks that 7 = (75,s € V) are
valid unary marginals (i.e., non-negative and sum to one, in the form
of Vs € V, 0 < 1(ws) < 1and o, 7s(ws) = 1.

o Each augmentation M(¢p, ®"") for edge (u,v) € E(G) also asks that
Tuw Marginalizes down to 7, and 7, i.e., va Tuv Ty Ty) = Ty (x4)
and qu TUU(‘:UU’ xu) = Tv(xv)-

@ Then considering L(¢, ®) as defined, we must have for all
(u,v) € E(G), 1" (7,7) € M(¢, P"?) — this requires local
consistency along all edges of the graph.

@ Therefore, in this case, L(¢, ®) is the same as the local consistency
(or tree-based) polytope outer bound we encountered with LBP and
the Bethe approximation.
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EP like variants
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Ex: Sum-Prod., Bethe, and EP: moment matching, nodes

@ The base distribution with the Lagrange multipliers has the form:

q(z;0,\) o H exp(0s(zs)) H exp(Aup(Ty) + Apu(xy))  (17.8)

seV (u,v)EE

= [[exp(Os(ms) + D Mislas)) (17.9)
seV teN(s)

o< [ 7s(ze) (17.10)
seV

where 75(z5) = exp (93(.7:3) + 2 ten(s) )\ts(acs)).
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EP like variants
(NNENRRN

Ex: Sum-Prod., Bethe, and EP: moment matching, nodes

@ The base distribution with the Lagrange multipliers has the form:

q(; 6, A) o< HeXP H exp(Aup (Ty) + Apu(zy))  (17.8)
seV (u,v)EE
= [T ep@s(zs) + > Nolzs)) (17.9)
seV teN(s)
o< [] () (17.10)
seV

where 74(x5) = exp (93(953) + ZteN(s) )\ts(xs)).

@ This marginal takes the form of messages being sent along s's
neighbors to node s, just like in BP.
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EP like variants
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Example: Sum-Product, Bethe, and EP: moment matching

@ Augmented distribution takes the form, for edge ¢ = (u,v),

q(“’“) (’I’, 0, )‘> X Q(x; 0, )‘) CXP(qu(Q?u» T’b) — Aww (-731/) - )\uv(Tu))

= [H Ts (Ts)] eXP(qu (-T’ua -'EL') - )\uv<-7;v> - )\ub(TuD

seV

(17.11)
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EP like variants
[RNRR RRN

Example: Sum-Product, Bethe, and EP: moment matching

@ Augmented distribution takes the form, for edge ¢ = (u,v),
g (30, 0) o< q(; 0, A) exp(Buo (T 20) = Ao (@) = Ao (@)

= [H Ts(l's)] eXp(euv(:Euyx'u) - )\uv(xv) - )\uv(xu))

seV
(17.11)

@ Then the EP algorithm (with this set of base and augmented
statistics) is such that we repeated choose an edge (u,v) € E(G),
form distribution above, and adjust Ay, () and Ay (zy,) in
Equation (17.8) so that the marginal distributions 7,(z,) and 7, ()
match the marginals of the joint along this edge.
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EP like variants
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Example: Sum-Product, Bethe, and EP: moment matching

@ Augmented distribution takes the form, for edge ¢ = (u,v),

q(u,v) (:E; 03 )‘) 08 Q(x; 9, )\) eXp(euv(J:ua xv) - )\uv(xv) - )\uv(l‘u))

= [H Ts(ws)] exp(euv($u7xv) - )\uv(xv) - )\uv(xu))

seV
(17.11)

@ Then the EP algorithm (with this set of base and augmented
statistics) is such that we repeated choose an edge (u,v) € E(G),
form distribution above, and adjust Ay, () and Ay (zy,) in
Equation (17.8) so that the marginal distributions 7,(z,) and 7, ()
match the marginals of the joint along this edge.

@ Key point: This marginal matching in fact correspond to the marginal
updates of the standard BP algorithm!
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Example: Tree-structured EP

@ EP is much more general than this. In above case, base distribution
was all singletons (all independent) and augmentation was edges.
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EP like variants
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Example: Tree-structured EP

@ EP is much more general than this. In above case, base distribution
was all singletons (all independent) and augmentation was edges.

@ When base distribution is a tree, we get tree-structured EP

Prof. Jeff Bilmes EE512a/Fall 2014 /Graphical Models - Lecture 17 - Nov 26th, 2014 F17/59 (pg.34/194)



EP like variants
(NRANA RN

Example: Tree-structured EP

@ EP is much more general than this. In above case, base distribution
was all singletons (all independent) and augmentation was edges.

@ When base distribution is a tree, we get tree-structured EP

@ Start with a graph G = (V, E) and form a spanning tree
T = (V,E(T)) in any arbitrary way.
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EP like variants
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Example: Tree-structured EP

@ EP is much more general than this. In above case, base distribution
was all singletons (all independent) and augmentation was edges.

@ When base distribution is a tree, we get tree-structured EP

e Start with a graph G = (V, E) and form a spanning tree
T = (V,E(T)) in any arbitrary way.

@ Form base tree distribution as follows:

p(;0,0) o< [ exp(0s(zs)) ]  exp@ulws, )  (17.12)

sEV (s,t)EE(T)
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EP like variants
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Example: Tree-structured EP

@ EP is much more general than this. In above case, base distribution
was all singletons (all independent) and augmentation was edges.

@ When base distribution is a tree, we get tree-structured EP

e Start with a graph G = (V, E) and form a spanning tree
T = (V,E(T)) in any arbitrary way.

@ Form base tree distribution as follows:

p(x;0,0) o H exp(fs(xs)) H exp(Ost(xs, xt)) (17.12)

seV (s,t)eE(T)

@ Then, each @’ corresponds to an edge in E \ E(T), and gives us, for
each edge (u,v) € E\ E(T), the ¢(“*)-augmented distribution

p(x;0,0y) < (230, 6) exp(Ou,o(Tu, Tv)) (17.13)
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EP as variational: Summary of key points

@ Fixed points of EP exist assuming Lagrangian form has at least one
optimum.
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EP like variants
(NNANRA N

EP as variational: Summary of key points

@ Fixed points of EP exist assuming Lagrangian form has at least one

optimum.
@ No guarantees that EP will converge, but if it does it will be at a

stationary point of the Lagrangian.
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EP like variants
(NNANRA N

EP as variational: Summary of key points

@ Fixed points of EP exist assuming Lagrangian form has at least one
optimum.
@ No guarantees that EP will converge, but if it does it will be at a

stationary point of the Lagrangian.
@ EP can be seen to be based on variational framework, using Bethe-like

entropy and convex outer bound for the mean parameters.
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EP like variants
(NNANRA N

EP as variational: Summary of key points

@ Fixed points of EP exist assuming Lagrangian form has at least one
optimum.

@ No guarantees that EP will converge, but if it does it will be at a
stationary point of the Lagrangian.

@ EP can be seen to be based on variational framework, using Bethe-like
entropy and convex outer bound for the mean parameters.

@ When base distribution is unaries and ® is the edges of a graph, we
in fact get standard Bethe approximation, and standard sum-product
LBP.
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EP like variants
(NNANRA N

EP as variational: Summary of key points

@ Fixed points of EP exist assuming Lagrangian form has at least one
optimum.

@ No guarantees that EP will converge, but if it does it will be at a
stationary point of the Lagrangian.

@ EP can be seen to be based on variational framework, using Bethe-like
entropy and convex outer bound for the mean parameters.

@ When base distribution is unaries and ® is the edges of a graph, we
in fact get standard Bethe approximation, and standard sum-product
LBP.

@ Moment matching of EP can be seen as striving for solution of
associated Lagrangian.
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EP like variants
(NNANRA N

EP as variational: Summary of key points

Fixed points of EP exist assuming Lagrangian form has at least one
optimum.

No guarantees that EP will converge, but if it does it will be at a
stationary point of the Lagrangian.

EP can be seen to be based on variational framework, using Bethe-like
entropy and convex outer bound for the mean parameters.

When base distribution is unaries and ®’ is the edges of a graph, we
in fact get standard Bethe approximation, and standard sum-product
LBP.

Moment matching of EP can be seen as striving for solution of
associated Lagrangian.

Lost of flexibility here, depending on what the base distribution is
(e.g., could be a k-tree, clusters, or many other structures as well).
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EP like variants
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EP as variational: Summary of key points

Fixed points of EP exist assuming Lagrangian form has at least one
optimum.

No guarantees that EP will converge, but if it does it will be at a
stationary point of the Lagrangian.

EP can be seen to be based on variational framework, using Bethe-like
entropy and convex outer bound for the mean parameters.

When base distribution is unaries and ®’ is the edges of a graph, we
in fact get standard Bethe approximation, and standard sum-product
LBP.

Moment matching of EP can be seen as striving for solution of
associated Lagrangian.

Lost of flexibility here, depending on what the base distribution is
(e.g., could be a k-tree, clusters, or many other structures as well).
Can also be done for Gaussian mixture and other distributions.
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EP like variants
(NNANRA N

EP as variational: Summary of key points

@ Fixed points of EP exist assuming Lagrangian form has at least one
optimum.

@ No guarantees that EP will converge, but if it does it will be at a
stationary point of the Lagrangian.

@ EP can be seen to be based on variational framework, using Bethe-like
entropy and convex outer bound for the mean parameters.

@ When base distribution is unaries and ® is the edges of a graph, we
in fact get standard Bethe approximation, and standard sum-product
LBP.

@ Moment matching of EP can be seen as striving for solution of
associated Lagrangian.

@ Lost of flexibility here, depending on what the base distribution is
(e.g., could be a k-tree, clusters, or many other structures as well).

@ Can also be done for Gaussian mixture and other distributions.
@ Many more details, variations, and possible roads to new research.

See text and also see Tom Minka's papers.

http://research.microsoft.com/en-us/um/people/minka/papers/
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EP like variants
(RNRRRNY

Variational Approximations we cover

Q Set M + L and —A* (i) < Hpgethe(T) to get Bethe variational
approximation, LBP fixed point.

@ Set M « L(G) (hypergraph marginal polytope), —A* (1) <= Happ(7)
where Happ = > iz c(9)Hy(7g) (via M&bius) to get Kikuchi
variational approximation, message passing on hypergraphs.

© Partition 7 into (7,7), and set M <« L(¢, P) and set
—A*(p) < Hep(T,T) to get expectation propagation.
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Mean Field
[ERRRNRRNRRARRRRERRAT]

Mean Field

@ So far, we have been using an outer bound on M.
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Mean Field
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Mean Field

@ So far, we have been using an outer bound on M.

@ In mean-field methods, we use an “inner bound”, a subset of M
constructed so as to make the optimization of A(f) easier.
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Mean Field
[ERRRNRRNRRARRRRERRAT]

Mean Field

@ So far, we have been using an outer bound on M.

@ In mean-field methods, we use an “inner bound”, a subset of M
constructed so as to make the optimization of A(f) easier.

@ Since subset, we get immediate bound on A(6), all else (i.e., the
entropy) being equal.

Prof. Jeff Bilmes EE512a/Fall 2014 /Graphical Models - Lecture 17 - Nov 26th, 2014 F20/59 (pg.49/194)



Mean Field
[ERRRNRRNRRARRRRERRAT]

Mean Field

@ So far, we have been using an outer bound on M.

@ In mean-field methods, we use an “inner bound”, a subset of M
constructed so as to make the optimization of A(f) easier.

@ Since subset, we get immediate bound on A(6), all else (i.e., the
entropy) being equal.

o Key: we based the inner bound on a “tractable family” like a 1-tree or
even a O-tree (all independent) so that the variational problem can be
computed efficiently.
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Mean Field
[ERRRNRRNRRARRRRERRAT]

Mean Field

@ So far, we have been using an outer bound on M.

@ In mean-field methods, we use an “inner bound”, a subset of M
constructed so as to make the optimization of A(f) easier.

@ Since subset, we get immediate bound on A(6), all else (i.e., the
entropy) being equal.

o Key: we based the inner bound on a “tractable family” like a 1-tree or
even a O-tree (all independent) so that the variational problem can be
computed efficiently.

@ Convexity of the optimization problem is often lost still, however, in
the general case.
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Mean Field
(ENARRRRRRRARRARNARAN]

Tractable Families

@ We have graph G = (V, E') which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F = (V, Er) where Ep C E.
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Tractable Families

e We have graph G = (V, E) which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V,0)
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Tractable Families

e We have graph G = (V, E) which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V) all independence model.
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Tractable Families

e We have graph G = (V, E) which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V) all independence model.

@ Tree example: F' = (V, Er) where edges Ep C E constitute a
spanning tree.
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Mean Field
(ENARRRRRRRARRARNARAN]

Tractable Families

e We have graph G = (V, E) which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V) all independence model.

o Tree example: ' = (V, E1) where edges Er C E constitute a
spanning tree.

e Exponential family, sufficient statistics ¢ = (¢4, € Z) associated
with this family Z(F') C Z. These are the statistics that need respect
the Markov properties of only the subgraph F'.
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Tractable Families

e We have graph G = (V, E) which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V) all independence model.

o Tree example: ' = (V, E1) where edges Er C E constitute a
spanning tree.

e Exponential family, sufficient statistics ¢ = (¢, « € Z) associated
with this family Z(F') C Z. These are the statistics that need respect
the Markov properties of only the subgraph F'.

@ () gets smaller too. The parameters that respect F' are of the form:

RIS QF)2{0e€Qb,=0VaecI\I(F)}CQ  (17.14)
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Tractable Families

e We have graph G = (V, E) which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V) all independence model.

@ Tree example: F' = (V| Ep) where edges Ep C E constitute a
spanning tree.

e Exponential family, sufficient statistics ¢ = (¢, « € Z) associated
with this family Z(F') C Z. These are the statistics that need respect
the Markov properties of only the subgraph F'.

@ () gets smaller too. The parameters that respect F' are of the form:
RISQF)2{0e€Qb,=0VaecI\I(F)}CQ  (17.14)
notice, all parameters associated with sufficient statistic not in Z(F)

are set to zero, those statistics are nonexistent in F.
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Tractable Families

We have graph G = (V, E') which is intractable and we find a
spanning subgraph (recall, spanning = all nodes, subgraph = subset
of edges), i..e, F' = (V, Er) where Er C E.

@ Simplest example: F' = (V) all independence model.
@ Tree example: F' = (V| Ep) where edges Ep C E constitute a

spanning tree.

Exponential family, sufficient statistics ¢ = (¢, @ € ) associated
with this family Z(F') C Z. These are the statistics that need respect
the Markov properties of only the subgraph F'.

Q) gets smaller too. The parameters that respect I are of the form:

RISQF)2{0e€Qb,=0VaecI\I(F)}CQ  (17.14)

notice, all parameters associated with sufficient statistic not in Z(F)
are set to zero, those statistics are nonexistent in F.

If parameter was not zero, model would not respect the familiy of F'.
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Mean Field
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Tractable Subgraphs: All Independent Example

@ Ex: MRF with potential functions for nodes and edges.
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Tractable Subgraphs: All Independent Example

o Ex: MRF with potential functions for nodes and edges.
@ For each (s,t) € E(G), we have 0, ;).
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Tractable Subgraphs: All Independent Example

o Ex: MRF with potential functions for nodes and edges.
e For each (s,t) € E(G), we have 0, ;).
e [y = (V,0) which yields

Q(Fy) = {0 € Qf54) =0 Y(s,t) € E(G)} (17.15)
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Tractable Subgraphs: All Independent Example

Ex: MRF with potential functions for nodes and edges.
For each (s,t) € E(G), we have 0, ;).
Fy = (V,0) which yields

Q(Fo) = {0 € Qfs) =0 Y(s,t) € E(G)} (17.15)
@ This is the all independence model, giving family of distributions

pg(:ﬂ) = Hp(x8;08> (17'16)

seV
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Tractable Subgraphs: Tree Example

@ Ex: MRF with potential functions for nodes and edges.
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Tractable Subgraphs: Tree Example

@ Ex: MRF with potential functions for nodes and edges.
e For each (s,t) € E(G), we have 0, ;).
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Tractable Subgraphs: Tree Example

@ Ex: MRF with potential functions for nodes and edges.

e For each (s,t) € E(G), we have 0, .

e F'r = (V,T) where T' C E are edges that constitute a spanning tree
of G, giving

Q(Fy) = {0 € Qb5 =0 V(s,t) ¢ T} (17.17)
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Tractable Subgraphs: Tree Example

@ Ex: MRF with potential functions for nodes and edges.

e For each (s,t) € E(G), we have 0, .

o Fp = (V,T) where T C E are edges that constitute a spanning tree
of G, giving

Q(Fy) = {0 € b =0 Y(s,t) ¢ T} (17.17)
@ This gives a tree-dependent family

po(z) = [ [ p(asi6s) ] P(@s, 21 Ost) (17.18)

& b e 0)p (s 0)
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Inner bound Approximate Polytope

o Before, we had M(G; ¢)(= M¢a(G; ¢)), all possible mean parameters
associated with G and associated set of sufficient statistics ¢.
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Inner bound Approximate Polytope

o Before, we had M(G; ¢)(= M¢a(G; ¢)), all possible mean parameters
associated with G and associated set of sufficient statistics ¢.

@ For a given subgraph F', we only consider those mean parameters
possible under F'-respecting models. l.e.,

Mp(G; ) = {u e RY|u = Egé()] for some 6 € Q(F)} (17.19)
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Inner bound Approximate Polytope

o Before, we had M(G; ¢)(= M¢a(G; ¢)), all possible mean parameters
associated with G and associated set of sufficient statistics ¢.

@ For a given subgraph F', we only consider those mean parameters
possible under F'-respecting models. l.e.,

Mp(G;¢) = {,u € R = Eg[¢(x)] for some 6 € Q(F)} (17.19)
@ Therefore, since 6 € Q(F) C 2, we have that
Mp(G; ) € M°(G; 9) (17.20)

and so M%.(G; ¢) is an inner approximation of the set of realizable
mean parameters.
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Inner bound Approximate Polytope

o Before, we had M(G; ¢)(= M¢a(G; ¢)), all possible mean parameters
associated with G and associated set of sufficient statistics ¢.

@ For a given subgraph F', we only consider those mean parameters
possible under F'-respecting models. l.e.,

Mp(G;¢) = {,u € R = Eg[¢(x)] for some 6 € Q(F)} (17.19)
@ Therefore, since 6 € Q(F') C €2, we have that
M5(G; 9) € M°(G; 9) (17.20)

and so M%.(G; @) is an inner approximation of the set of realizable
mean parameters.

@ Shorthand notation: M7 (G) = M3 (G;¢) and M°(G) = M°(G; ¢)
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(NEARE ARNRRANRARNARAN]

Mean field variational lower bound

@ Mean field methods generate lower bounds on their estimated A(f)
and approximate mean parameters 1 = Eg[¢(X)].

Proposition 17.4.1 (mean field lower bound)

Any mean parameter i € M° yields a lower bound on the cumulant
function:

A(6) > (6, 1) — A (n) (17.21)

Moreover, equality holds if and only if @ and p are dually coupled (i.e.,
pn = Eq[o(X)]).
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Mean field variational lower bound

@ On the one hand, obvious due to A(6) = sup,cq {(0, 1) — A™ (1) }
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Mean field variational lower bound

@ On the one hand, obvious due to A(0) = sup,cq {(0, ) — A" (1)}

@ More traditional proof, let ¢ be any distribution that satisfies moment
matching E,[¢(X)] = p, then:

A(f) = log/m exp (0, ¢(x))v(dx) (17.22)
oo | o &R0 0@)
1 g/ | ala) 2 (17.23)
> [ a@(0,0(a)) - logg(w)lw(da) (17.24)
= (0, Eqg[op(X)]) — H(q) = (0, ) — H(q) (17.25)
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Mean field variational lower bound

@ On the one hand, obvious due to A(f) = sup,caq {(0, ) — A* (1) }

@ More traditional proof, let ¢ be any distribution that satisfies moment
matching E,[¢(X)] = p, then:

A(9) = log/mexp 0, d(z))v(dx) (17.22)
b &R 0.6(@)
1 g/mq( ) ZE v (day (17.23)
> [ a@(0,0(a)) - logg(w)lw(da) (17.24)
= (0, Eg[p(X)]) — H(q) = (0, u) — H(q) (17.25)

o If we optimize ¢ over all M(G), then we'll get equality.
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Mean field variational lower bound

@ On the one hand, obvious due to A(f) = sup,caq {(0, ) — A* (1) }

@ More traditional proof, let ¢ be any distribution that satisfies moment
matching E,[¢(X)] = p, then:

A(9) = log/mexp 0, d(z))v(dx) (17.22)
b &R 0.6(@)
1 g/mq( ) ZE v (day (17.23)
> [ a@(0,0(a)) - logg(w)lw(da) (17.24)
= (0, Eg[p(X)]) — H(q) = (0, u) — H(q) (17.25)

o If we optimize ¢ over all M(G), then we'll get equality.

o If we optimize ¢ over a subset of M(G) (e.g., such as Mp(G), then
we'll get inequality.
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Tractable Dual

e Normally dual A* (1) = supgeq ((6, ) — A(0)) is intractable or
unavailable, but key idea is that if 4 € Mp(G) it will be possible to
compute easily.
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Tractable Dual

o Normally dual A*(11) = supgeq ((68, ) — A(0)) is intractable or
unavailable, but key idea is that if 4 € Mp(G) it will be possible to
compute easily.

@ Thus, goal of mean field (from variational approximation perspective)
is to form Amp(6) where:

A(0) > max {{u,0) — Ap(u)} = Awr(9) (17.26)

HEMp(G)

where A7.(11) corresponds to dual function restricted to inner bound
set F(G). l.e., when we expand A7,(x), we can take advantage of the
fact that p is restricted in all cases, so A}.(x) might be greatly
simplified relative to A* ().
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Tractable Dual

o Normally dual A*(11) = supgeq ((68, ) — A(0)) is intractable or
unavailable, but key idea is that if 4 € Mp(G) it will be possible to
compute easily.

@ Thus, goal of mean field (from variational approximation perspective)
is to form Amg(0) where:

A0) = max {{1,0) = Ap(p)} 2 Avr(9) (17.26)

where A7.(11) corresponds to dual function restricted to inner bound
set F(G). l.e., when we expand A7.(x), we can take advantage of the
fact that p is restricted in all cases, so A}.(41) might be greatly
simplified relative to A*(u).

e Note, for 1 € Mp(G) and since Mp(G) C M(G), A}(n) is not an
approximation, rather it is just easy to compute.
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Recall

Recall the following slide from lecture 13.
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Conjugate Duality, Maximum Likelihood, Negative Entropy

Theorem 17.4.3 (Relationship between A and A*)

(a) For any u € M°, O(u) unique canonical parameter sat. matching
condition, then conj. dual takes form:

—H(pg( )) if,LL e M°
A*(p) = sup ({0, u) — A(9)) = - 7 17.3
(1) = sup (9.1 — A®)) {+OO o 73
(b) Partition function has variational representation (dual of dual)

A(0) = sup {(0, ) — A*(1)} (17.4)

HEM

(c) For 6 € 2, sup occurs at 1 € M° of moment matching conditions

n= ¢(z)pe(x)v(dr) = Eg[p(X)] = VA(0) (17.5)
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Mean field, KL-Divergence, Exponential Model Families

@ The conjugae dual optimizations associated with the above, in the
mean field framework has a nice interpretation in terms of minimizing
a KL divergence.
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Mean field, KL-Divergence, Exponential Model Families

@ The conjugae dual optimizations associated with the above, in the
mean field framework has a nice interpretation in terms of minimizing
a KL divergence.

@ In particular, mean field can be seen as finding the best, in a
KL-divergence minimization sense, approximation to a distribution
from among a family of tractable distributions.
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Mean field, KL-Divergence, Exponential Model Families

@ Given two distributions p, ¢, KL-Divergence of p w.r.t. ¢ is defined as

DGln) = [ a(o) log 453 via) (17.27)

p(z)
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Mean field, KL-Divergence, Exponential Model Families

@ Given two distributions p, ¢, KL-Divergence of p w.r.t. ¢ is defined as
q(x)
qu:/ qx[log ]I/dx 17.27
) = [ o) |rog 825 | vid) (@727
@ In summation form, we have

Dl = Y alx) [mg “’”] (17.28)

rexm ])(71)
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Mean field, KL-Divergence, Exponential Model Families

@ Given two distributions p, ¢, KL-Divergence of p w.r.t. ¢ is defined as

Dl = [ o [l 50| via)
@ In summation form, we have

Dllp) = 3 a(a) [bg M] (17.28)

TeEX™ p(l’)

@ For exponential models this takes on some interesting forms, and more
over, we can see the variational approximation above as a
KL-divergence minimization problem.
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Mean field, KL-Divergence, Exponential Model Families

Given two distributions p, ¢, KL-Divergence of p w.r.t. ¢ is defined as

Dlally) = [ ate) fiog 453 viae) (17.27)

p(z)
@ In summation form, we have

Dllp) = 3 a(a) [bg q”] (17.28)

TeEX™ p(l’)

@ For exponential models this takes on some interesting forms, and more
over, we can see the variational approximation above as a
KL-divergence minimization problem.

@ Recall, exponential models can be parameterized using canonical
parameters 6 or mean parameters . We will use notational shortcuts:
D(6|6%) = D(pg1||pg2), and D(ut||pu?) = D(p,1||p,z2), and even
D(u'|6%) = D(py[Ipe2)-
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Mean field, KL-Divergence, Exponential Model Families

o Consider 1,0 €
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Mean field, KL-Divergence, Exponential Model Families

e Consider §1,0% € Q

e Let D(6']|6) have aforementioned meaning (KL-divergence between
the two corresponding distributions), and let u’ = Ey:[¢(X)],
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Mean field, KL-Divergence, Exponential Model Families

e Consider §1,0% € Q

o Let D(6']|6) have aforementioned meaning (KL-divergence between
the two corresponding distributions), and let u’ = Eg: [¢(X)],

@ Then we have a Bregman divergence form:

D(010%) = Epn {mg ﬁzm (17.29)
= A(6?) — A(0") — (p', 07 — ") (17.30)

= A(6?) — [A(el) +(VA(0Y), 0% — 01>} (17.31)

where 1! = VA(6!) can be seen as the gradient/slope of A(f)
evaluated at 6.

Prof. Jeff Bilmes EE512a/Fall 2014 /Graphical Models - Lecture 17 - Nov 26th, 2014 F32/59 (pg.90/194)



D(0|6%) = A(6?) — A(0") — (u', 0% — 01) (17.32)
— A(6?) — [A(el) +(VA(0Y), 0% - 91>] (17.33)

A(6?)
A(6Y)
—
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Mean field, KL-Divergence, Exponential Model Families

@ We can also express a mixed/hybrid form of KL in terms of dual
A*(p) = supgpeq ((0, 1) — A(0)) > (0, u) — A(0') for any 6’ € Q.
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Mean field, KL-Divergence, Exponential Model Families

@ We can also express a mixed/hybrid form of KL in terms of dual
A*(p) = supgeq ((0, ) — A(0)) = (0, ) — A(¢") for any 0" € .
@ We can also write the KL as:

D(0|0%) = A(6*) — A(0") — (u', 0% — 0") (17.34)
= A(6%) — (p',0%) — [A(0") — (u',0")] (17.35)
= A(0%) — (u',0%) + A*(u') £ D(p'[|6%)  (17.36)

which comes from dual expression A*(u') = (6, ') — A(6') which
holds for the dually coupled parameters ! = Eg [¢(X)].
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Mean field, KL-Divergence, Exponential Model Families

@ We can also express a mixed/hybrid form of KL in terms of dual
A*(p) = supgeq (0, ) — A(0)) = (0, ) — A(¢") for any 0" € €.
@ We can also write the KL as:

D(6|0%) = A(6*) — A(0") — (u', 0% — 0") (17.34)
= A6%) — (i, 92> [A8Y) — (u,01)]  (17.35)
= A(6%) — <u 92> + A* (') £ D(ub|6?) (17.36)
which comes from dual expression A*(u <01,,u1> A(6Y) which

holds for the dually coupled parameters ,u = Egi [p(X)].
@ In particular, this equation (variational expression for the cumulant):

A(0) = sup {(0, 1) — A" ()} (13.7)
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Mean field, KL-Divergence, Exponential Model Families

@ We can also express a mixed/hybrid form of KL in terms of dual
A% (1) = suppeq (0, 11) — A(9)) = (0, 1) — A(8") for any ¢/ € .
@ We can also write the KL as:

D(6|0%) = A(6*) — A(0") — (u', 0% — 0") (17.34)
= A(0%) = (', 92> [A@®Y) = (u'.0%)]  (17.35)
= A(6%) — <u 92> + A* (') £ D(ub|6?) (17.36)
which comes from dual expression A*(u <01,,u1> A(6Y) which

holds for the dually coupled parameters ,u = Egi [p(X)].
@ In particular, this equation (variational expression for the cumulant):

A(0) = sup {(0,1) — A* ()} (13.7)
HeEM
@ ...can be written as:
inf {A(0) + A*(u) — (0, )} = inf D(u||@) =0 (17.37)
pneM pneM
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Mean field, KL-Divergence, Exponential Model Families

@ Thus, solving the mean-field variational problem (see Eqn. (17.26)) of:

max 1,0) — A% ()} =  max 1,60) — A*(u 17 38
opax A 0) = Ap(w} = max {{p,0) = A"} (17.38)

is identical to minimizing KL Divergence D(u||f) subject to constraint
we Mp(G).
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Mean field, KL-Divergence, Exponential Model Families

@ Thus, solving the mean-field variational problem (see Eqn. (17.26)) of:

L {{n, ) — Ap(p)} = L {{u, 0) — A*(n)}  (17.38)

is identical to minimizing KL Divergence D(u||f) subject to constraint
we Mp(G).
@ |.e., mean field can be seen as finding the best approximation, in

terms of this particular KL-divergence, to py, over a family of “nice”
distributions Mp(G).

Prof. Jeff Bilmes EE512a/Fall 2014 /Graphical Models - Lecture 17 - Nov 26th, 2014 F35/59 (pg.97/194)



Mean Field
(NNARRRRNRRANRART NRAN]

Naive Mean field for Ising Model

@ A classic example of mean-field (goes back to statistical physics)
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Naive Mean field for Ising Model

@ A classic example of mean-field (goes back to statistical physics)

@ Mean parameters for Ising: pus = E[X ] = p(Xs = 1),
pst = B[ X X)) = p(X, =1,X, = 1), thus pu € RIVIHIEL
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Naive Mean field for Ising Model

@ A classic example of mean-field (goes back to statistical physics)

@ Mean parameters for Ising: ps = E[X] = p(Xs = 1),
pst = B[ XX = p(Xs =1, X; = 1), thus p € RIVIHIEL

@ Let Fy = (V, () be our mean field approximation family. Thus,

Mg (G) = {,u, eRVHEN) < g <1 Vs eV, and g = pspue V}
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Naive Mean field for Ising Model

@ A classic example of mean-field (goes back to statistical physics)

@ Mean parameters for Ising: ps = E[X] = p(Xs = 1),
pst = B[ XX = p(Xs =1, X; = 1), thus p € RIVIHIEL

@ Let Fy = (V, () be our mean field approximation family. Thus,
Mg, (G) = {,u € R'V‘HE'\O <pus <1 VseV, and g = pspit V}
e Key is that for p € Mg, (G), dual is not hard to calculate, that is

() = > Helps) (17.39)

seV

which are sum of unary entropy terms, very cheap.
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Naive Mean field for Ising Model

@ A classic example of mean-field (goes back to statistical physics)

@ Mean parameters for Ising: ps = E[X] = p(Xs = 1),
pst = E[X X¢) = p(Xs = 1,X; = 1), thus g € RIVIHIEL
@ Let Fy = (V, () be our mean field approximation family. Thus,

Mg, (G) = {,u € R'V‘HE'\O <pus <1 VseV, and g = pspit V}

e Key is that for u € Mg, (G), dual is not hard to calculate, that is
— Ay (1) =Y Hy(ps) (17.39)
seV

which are sum of unary entropy terms, very cheap.

@ Moreover, polytope for Mg, (G) is also very simple, namely the
hypercube [0, 1]™
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Naive Mean field for Ising Model

@ We get variational lower bound problem

A(0) > max O pts + Ot ps i + Hy ()
©) (11 ,5eees i ) €[0,1]™ Z (stg);E aliat ;/

(17.40)
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Naive Mean field for Ising Model

@ We get variational lower bound problem

AO)>  max IO+ Y Oupspe + Y Holpo)
(K15, ) €[0,1] sev (s,t)EE s€V
(17.40)

@ Have constrained form of edge mean parameters pis; = s/t
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Naive Mean field for Ising Model

@ We get variational lower bound problem

A(Q) > max Z Hs,us + Z estﬂs,ut + Z H, (Ms)

(“1)"'7#m)€[0’1]yn seV (S t)EE s&V
(17.40)

@ Have constrained form of edge mean parameters g = s/t

@ ({1, pm) €[0,1]™ is m-D hypercube.
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Naive Mean field for Ising Model

@ We get variational lower bound problem

A(Q) > max Z Hs,us + Z estﬂs,ut + Z H, (Ms)

(“1)"'7#m)€[0’1]yn seV (S t)EE s&V
(17.40)

@ Have constrained form of edge mean parameters g = s/t
® (U1,...,m) € [0,1]™ is m-D hypercube.

@ Once again, we have a non-convex problem.
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Naive Mean field for Ising Model

@ We get variational lower bound problem

A(Q) > max Z Hs,us + Z estﬂs,ut + Z H, (Ms)

(“1)"'7#m)€[0’1]yn seV (S t)EE s&V
(17.40)

Have constrained form of edge mean parameters pg = s
(1. pm) € 10,1]™ is m-D hypercube.

Once again, we have a non-convex problem.

One way to optimize is to do coordinate ascent (given otherwise fixed
vector, optimize one value at a time).
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Naive Mean field for Ising Model

@ We get variational lower bound problem

A(Q) > max Z Hs,us + Z estﬂs,ut + Z H, (Ms)

(“1)"'7#m)€[0’1]yn seV (S t)EE s&V
(17.40)

Have constrained form of edge mean parameters pg = s
(1. pm) € 10,1]™ is m-D hypercube.

Once again, we have a non-convex problem.

One way to optimize is to do coordinate ascent (given otherwise fixed
vector, optimize one value at a time).

If each coordinate optimization is optimal, we'll get a stationary point.

Prof. Jeff Bilmes EE512a/Fall 2014/Graphical Models - Lecture 17 - Nov 26th, 2014 F37/59 (pg.108/194



Mean Field
(NNARRRRNRRANRARNA RRN]

Naive Mean field for Ising Model

@ We get variational lower bound problem

A(Q) > max Z Hs,us + Z estﬂs,ut + Z H, (Ms)

(“1)"'7#m)€[0’1]yn seV (S t)EE s&V
(17.40)

Have constrained form of edge mean parameters pg = s
(1. pm) € 10,1]™ is m-D hypercube.

Once again, we have a non-convex problem.

One way to optimize is to do coordinate ascent (given otherwise fixed
vector, optimize one value at a time).

@ If each coordinate optimization is optimal, we'll get a stationary point.

@ Fortunately, each coordinate optimization is concave!
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Naive Mean field for Ising Model

@ coordinate ascent: choose some s and optimize p5 fixing all pu; for

t#s.
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Naive Mean field for Ising Model

@ coordinate ascent: choose some s and optimize p5 fixing all u; for
t#s.

@ Taking derivatives w.r.t. us, we get the following update rule for
element pg

Hs < O 95 + Z e.st/it (1741)
teN(s)

where 0(z) = [1 + exp(—2)] ! is the sigmoid (logistic) function.
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Naive Mean field for Ising Model

@ coordinate ascent: choose some s and optimize p5 fixing all u; for
t#s.

o Taking derivatives w.r.t. us, we get the following update rule for
element p

Hs < O 05 + Z estﬂt (1741)
teEN(s)

where o(z) = [1 + exp(—2z)] " is the sigmoid (logistic) function.
@ This is the classic mean-field update that is quite well known, but

derived from coordinate assent optimization of a variational
perspective of the problem.
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Naive Mean field for Ising Model

@ coordinate ascent: choose some s and optimize p5 fixing all u; for
t#s.

o Taking derivatives w.r.t. us, we get the following update rule for
element p

Hs < O 03 + Z estﬂt (1741)
teEN(s)

where o(z) = [1 + exp(—2z)] " is the sigmoid (logistic) function.
@ This is the classic mean-field update that is quite well known, but

derived from coordinate assent optimization of a variational
perspective of the problem.

@ The variational approach indeed seems quite general and powerful.
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Example of Lack of Convexity

e Consider simple two variable example (X1, X»3), X; € {—1,+1}.
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Example of Lack of Convexity

o Consider simple two variable example (X1, X2), X; € {—1,+1}.
@ Exponential family form

po(x) < exp(bhx1 + Ooxo + O122112) (17.42)
having mean parameters p; = E[X;] and p12 = E[X; X5].
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Example of Lack of Convexity

o Consider simple two variable example (X, X»2), X; € {—1,+1}.
@ Exponential family form

po(x) ox exp(b121 + O229 + O127122) (17.42)

having mean parameters p; = E[X;] and p12 = E[X; X5).
@ Impose constraint p12 = pq 2, we get mean field objective

fpa, p2;0) = Orapipe + O1p1 + Oapo + H(pn) + H(po)  (17.43)

where H(p;) = —3(1+ pi) log 2(1 + 1) — 3(1 — i) log (1 — 3)
Note that p(X; = +1) = 3 (1 4 )
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Example of Lack of Convexity

o Consider simple two variable example (X1, X2), X; € {—1,+1}.
@ Exponential family form

po(x) o< exp(brx1 + Ooxo + O122112) (17.42)
having mean parameters p; = E[X;] and p12 = E[X X5).
@ Impose constraint 1o = 1o, we get mean field objective
f(pa, po; 0) = Grapipo + O1p1 + Oapio + H(pa) + H(pz)  (17.43)

where H (p1;) = —5(1 + pi)log 5 (1 + i) — 5(1 — ) log 5 (1 — pi)
@ Consider sub-models of the form:
1
(61,0, 012) = (0,0, > log —L— ) 2 4(q) (17.44)
4 1—gq
where ¢ € (0,1) is a parameter such that, for any ¢ we have
E[X;] = 0. It turns out that in this form, we have ¢ = p(X; = X2).
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Example of Lack of Convexity

o Consider simple two variable example (X1, X»), X; € {—1,+1}.
@ Exponential family form
po(x) o< exp(brx1 + Ooxo + O122112) (17.42)
having mean parameters p; = E[X;] and p12 = E[X X5).
@ Impose constraint 1o = 1o, we get mean field objective
fur, p2;0) = Grapapio + 011 + O2p + H(pa) + H(pe)  (17.43)

where H (p1;) = —5(1 + pi)log 5 (1 + i) — 5(1 — ) log 5 (1 — pi)
@ Consider sub-models of the form:
1
(01,02,012) = <0,0,10g a > = 6(q) (17.44)
4 1—gq
where ¢ € (0,1) is a parameter such that, for any ¢ we have
E[X;] = 0. It turns out that in this form, we have ¢ = p(X; = X2).
@ Is mean field objective in this case convex for all ¢7

Prof. Jeff Bilmes EE512a/Fall 2014/Graphical Models - Lecture 17 - Nov 26th, 2014 F39/59 (pg.118/194



Mean Field
(NRRRRRRNRRNNRARNANA] |

Lack of Convexity example

@ For ¢ = 0.5, objective f(u1,u2;6(0.5)) has global maximum at
(p1, p2) = (0,0) so mean field is exact and convex. This corresponds
to p(X1 = X2) = 0.
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Lack of Convexity example

e For ¢ = 0.5, objective f(u1,p2;6(0.5)) has global maximum at
(p1, p2) = (0,0) so mean field is exact and convex. This corresponds
to p(X1 = X2) =0.

@ When ¢ gets small, f becomes non-convex, e.g., has multiple modes
in figure.
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Lack of Convexity example

e For ¢ = 0.5, objective f(u1,p2;6(0.5)) has global maximum at
(1, p2) = (0,0) so mean field is exact and convex. This corresponds
to p(X1 = X2) =0.

@ When ¢ gets small, f becomes non-convex, e.g., has multiple modes
in figure.

Symmetry breaking in naive mean field
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Structured Mean Field

o key idea, set of sufficient statistics that yield efficient inference need
not be all independence. Could be a tree, or a chain, or a set of
trees/chains.
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Structured Mean Field

o key idea, set of sufficient statistics that yield efficient inference need
not be all independence. Could be a tree, or a chain, or a set of
trees/chains.

@ ‘“structured” in general means that it is not a monolithic single
variable, but is a vector with some decomposability properties.
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Structured Mean Field

o key idea, set of sufficient statistics that yield efficient inference need
not be all independence. Could be a tree, or a chain, or a set of
trees/chains.

@ “structured” in general means that it is not a monolithic single
variable, but is a vector with some decomposability properties.

@ In Structured mean field, we exploit this and it again can be seen in
our variational framework.
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Structured Mean Field

o key idea, set of sufficient statistics that yield efficient inference need
not be all independence. Could be a tree, or a chain, or a set of
trees/chains.

@ “structured” in general means that it is not a monolithic single
variable, but is a vector with some decomposability properties.

@ In Structured mean field, we exploit this and it again can be seen in
our variational framework.

@ We first see a nice way that we can use fixed points of the mean field
primal/dual equations to derive a general form of the mean field
update.
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Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector p(F') = (o, @ € Z(F)).
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Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector pu(F) = (pq, @ € Z(F)).

@ Define M(F) be set of realizable mean parameters associated with F,
so that u(F) € M(F). Thus, M(F) C R,
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Str. Mean Field
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Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector pu(F) = (pq, @ € Z(F)).

o Define M(F') be set of realizable mean parameters associated with F,
so that u(F) € M(F). Thus, M(F) C REEI,

e Note also, M(F') # Mp(G), their dimensions are entirely different.
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Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector pu(F) = (pq, @ € Z(F)).

o Define M(F') be set of realizable mean parameters associated with F,
so that u(F) € M(F). Thus, M(F) C REEI,

e Note also, M(F') # Mp(G), their dimensions are entirely different.

e Key thing: in mean field, u(F) € M(F') and there is no real need to
mention the full M7 (G). Also, the dual A7, depends on only (F')
not j (the other values are derivations from entries within p(F').

Prof. Jeff Bilmes EE512a/Fall 2014/Graphical Models - Lecture 17 - Nov 26th, 2014 F42/59 (pg.129/194



Str. Mean Field
[ENRRRRRRN

Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector pu(F) = (pq, @ € Z(F)).

o Define M(F') be set of realizable mean parameters associated with F,
so that u(F) € M(F). Thus, M(F) C REEI,

e Note also, M(F') # Mp(G), their dimensions are entirely different.

o Key thing: in mean field, u(F) € M(F') and there is no real need to
mention the full My (G). Also, the dual A7, depends on only (F')
not p (the other values are derivations from entries within p(F).

@ Other mean parameters g for 5 € Z\ Z(F') do play a role in the
value of the mean field variational problem but their value is derivable

from values p(F"), thus we can express the s in functional form
based on values p(F).
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Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector pu(F) = (pq, @ € Z(F)).

o Define M(F') be set of realizable mean parameters associated with F,
so that p(F) € M(F). Thus, M(F) C REFE),
e Note also, M(F') # Mp(G), their dimensions are entirely different.

o Key thing: in mean field, u(F) € M(F') and there is no real need to
mention the full My (G). Also, the dual A7, depends on only (F')
not p (the other values are derivations from entries within p(F).

o Other mean parameters pg for 5 € Z\ Z(F') do play a role in the
value of the mean field variational problem but their value is derivable
from values p(F"), thus we can express the s in functional form
based on values u(F).

@ Thus, for each 5 € Z\ Z(F), we set ug = gg(u(F')) for function gg.
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Structured Mean Field

e Again, Z(F) is set of suff. stats. corresponding to F', and we have
corresponding mean vector pu(F) = (pq, @ € Z(F)).

o Define M(F') be set of realizable mean parameters associated with F,
so that p(F) € M(F). Thus, M(F) C REFE),
e Note also, M(F') # Mp(G), their dimensions are entirely different.

o Key thing: in mean field, u(F) € M(F') and there is no real need to
mention the full My (G). Also, the dual A7, depends on only (F')
not p (the other values are derivations from entries within p(F).

o Other mean parameters pg for 5 € Z\ Z(F') do play a role in the
value of the mean field variational problem but their value is derivable
from values p(F"), thus we can express the s in functional form
based on values u(F).

@ Thus, for each 5 € Z\ Z(F), we set ug = gg(u(F')) for function gg.
e Example: mean field Ising, st = g(u(F)) = pspiz.
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Structured Mean Field

@ The mean field optimization problem becomes

max 1, 0) — A (u 17.45
ME’MF(G){O, ) — Ap(p)} ( )
= Onfhe + 0aga ) — Ap(pu(F

/L(F)QJM(F){ G%(:F g (YE;F g (,u( ))}

F(p(F))
(17.46)
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Structured Mean Field

@ The mean field optimization problem becomes

) — A 17.45
e (. 6) = Ap(w) (17.45)
= max { Z Oatba + Z Oaga(p(F)) — A} (N(F))}
€Z(F) a€Ze(F)
F(u(P))
(17.46)

@ With this, we can recover our sigmoid mean field coordinate update
process by iterating fixed point equations of f, i.e., for § € Z(F),

of - JGa 0A*
SN =05+ > g )~ S ur)

a€Z(G)\I(F)

(17.47)
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Structured Mean Field

@ Setting to zero and aggregating over 8 € Z(F'), vector fix point
condition is:

VAR =0+ S 0uVga(u(F)) (17.48)
a€T(G)\I(F)
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Structured Mean Field

@ Setting to zero and aggregating over 8 € Z(F'), vector fix point
condition is:

VAR =0+ S 0uVga(u(F)) (17.48)
a€T(G)\I(F)

@ VA is the forward mapping, maps from canonical to mean
parameters, and VA* does the reverse. Hence, naming
Y(F) = VA(u(F)), gives a parameter update equation for § € Z(F)

a (8

W(F) 85+ > b, 8-"' (u(F)) (17.49)
1
a€Z(G)\I(F) :
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Structured Mean Field

@ Setting to zero and aggregating over 8 € Z(F'), vector fix point
condition is:

VAR =0+ S 0uVga(u(F)) (17.48)
a€T(G)\I(F)

@ VA is the forward mapping, maps from canonical to mean
parameters, and VA* does the reverse. Hence, naming
Y(F) = VA(u(F)), gives a parameter update equation for 8 € Z(F')

09a
WE) O+ Y bagti(u(F))  (1749)
acz(GNT(F) HP

@ Above is the mean field update, mapping from a canonical parameters
(05 for 8 € Z(F')) and using the mean parameters ;(F) to new
updated canonical parameters vg(F') for § € Z(F')). It is to be
repeated over and over.
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Structured Mean Field

@ After each update of Eqn. (17.49), a mean parameter, say u(F)g,
that depends on any of the updated canonical parameter also needs to
be updated before doing the next update.
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Structured Mean Field

o After each update of Eqn. (17.49), a mean parameter, say u(F)s,
that depends on any of the updated canonical parameter also needs to
be updated before doing the next update.

@ Since we're using a tractable sub-structure F', we can then update the
out-of-date mean parameters using any exact inference algorithm
(e.g., junction tree, possible since sub-structure is tractable), and then
repeat Eqn. (17.49).
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Structured Mean Field

@ Alternatively, we can transform back to mean parameters right away
using VA is the forward mapping, maping from mean to canonical.

Prof. Jeff Bilmes EE512a/Fall 2014/Graphical Models - Lecture 17 - Nov 26th, 2014 F46/59 (pg.140/194



Str. Mean Field
[NRRRT RRRN

Structured Mean Field

@ Alternatively, we can transform back to mean parameters right away
using VA is the forward mapping, maping from mean to canonical.

@ |.e., we can derive a mean field mean parameter to mean parameter
update equation using Ar since VApr(y(F)) = u(F),
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Structured Mean Field

@ Alternatively, we can transform back to mean parameters right away
using VA is the forward mapping, maping from mean to canonical.

@ |l.e., we can derive a mean field mean parameter to mean parameter
update equation using A since VAp(y(F)) = u(F),
e We get update, for g € Z(F):

ps(F) ¢ S0 [0g >0 0aVaalu(F)) | (1750)
* a€T(G)\Z(F)
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Structured Mean Field

@ Alternatively, we can transform back to mean parameters right away
using VA is the forward mapping, maping from mean to canonical.

@ |l.e., we can derive a mean field mean parameter to mean parameter
update equation using A since VAp(y(F)) = u(F),
o We get update, for 5 € Z(F):

P = G 0 Y AV | 750

a€Z(G)\Z(F)

@ This generalizes our mean field coordinate ascent update from before,

where in that case we would have % being the sigmoid mapping.
1P
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Structured Mean Field Factorial HMMs

@ This idea was developed and applied using factorial HMMs.
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Structured Mean Field Factorial HMMs

@ This idea was developed and applied using factorial HMMs.

@ Graph consists of M 1st-order Markov chains yt.,. for i € [M],

coupled together at each time via factor p(7|z}, z7, ..., zM).
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Structured Mean Field Factorial HMMs

@ This idea was developed and applied using factorial HMMs.

o Graph consists of M 1st-order Markov chains y¢.,. for i € [M],
coupled together at each time via factor p(7|z}, z7, ..., zM).

@ While each HMM chain is simple (it is only a chain, so a 1-tree), the
common observation induces a dependence between each. Thus, if

there are M chains, we have a clique of size M.
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Structured Mean Field Factorial HMMs

@ This idea was developed and applied using factorial HMMs.

o Graph consists of M 1st-order Markov chains y¢.,. for i € [M],
coupled together at each time via factor p(7|z}, z7, ..., zM).

@ While each HMM chain is simple (it is only a chain, so a 1-tree), the
common observation induces a dependence between each. Thus, if
there are M chains, we have a clique of size M.

@ Here, after moralization, covering hypergraph consists of tractable
sub-substructure hyperedges F' = {{Lt Lt+l} i€ [M],te[l} and
remaining structure £\ F = {{a},27,...,2}"} : t € [T]}.
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Structured Mean Field Factorial HMMs

@ The induced dependencies (cliques as dotted ellipses)

Or—Or—Cr—O
IU‘ ’\J\

\
'
1
'
|

|
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Structured Mean Field Factorial HMMs

@ The induced dependencies (cliques as dotted ellipses)

~ -~ ’

O Ol OO,
\

@ Tree width of this model is?
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Structured Mean Field Factorial HMMs

@ The induced dependencies (cliques as dotted ellipses)

~ -~ ’

O Ol OO,
\

@ Tree width of this model is? M
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Structured Mean Field Factorial HMMs

@ The induced dependencies (cliques as dotted ellipses)

~ -~ “
e ) ~ e

O AN ) L@)

1 \ 1 \ 1 \ 1 \
1 \ I 1 1 \ I 1
i [ [ [ !
I 1 1 1 I 1 1 1
i [ [ [ i
! ! | ! | ! | !
'O O70O—0
! 1 | 1
1 1 1 I
| 1 1 I
l ' [

@ Tree width of this model is? M

@ Thus, if r states per chain, then complexity rM*1.
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Structured Mean Field Factorial HMMs

A “natural” choice of approximat- :'
ing distribution is a set of coupled :

® chains, natural, perhaps primarily
for computational reasons.
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Structured Mean Field Factorial HMMs

\O O / O—0
A “natural” choice of approximat- [
ing distribution is a set of coupled b
® chains, natural, perhaps primarily i O : O O O
for computational reasons. '.\ ‘.'
9s

@ Under this independent chains case, we have that for each
B € Z\Z(F), derivable functions have form
gs(u(F)) =TI, fi({ui(F)}), for some functions f;. This is fully
factored, so is easy to work with, maintains separate chains.
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Structured Mean Field Factorial HMMs

'U«Q\ Hs

_ _ O—0 / O—0
A “natural” choice of approximat- [
ing distribution is a set of coupled b

® chains, natural, perhaps primarily ' O—0 O O
for computational reasons. '.| ‘.'

\\\:’I : : :

9s

@ Under this independent chains case, we have that for each
B € Z\Z(F), derivable functions have form
gs(u(F)) =TI, fi({ui(F)}), for some functions f;. This is fully
factored, so is easy to work with, maintains separate chains.

e Each update of form Eqn. (17.49) updates parameters forg € Z(F)),
corresponds to all edges of all M Markov chains.
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Structured Mean Field Factorial HMMs
[ Hs

\O O / O—0
A “natural” choice of approximat- [
ing distribution is a set of coupled b
® chains, natural, perhaps primarily i O : O O O
for computational reasons. '.| ‘.'
9s

@ Under this independent chains case, we have that for each
B € Z\Z(F), derivable functions have form
gs(u(F)) =TI, fi({ui(F)}), for some functions f;. This is fully
factored, so is easy to work with, maintains separate chains.

e Each update of form Eqn. (17.49) updates parameters forg € Z(F)),
corresponds to all edges of all M Markov chains.

@ To recover mean parameters (or do Eqn. (17.50)), need only
forward-backward procedure on each chain separately, O(MT7r?).
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Variational Approximations we cover

Q Set M + L and —A* (i) < Hpgethe(T) to get Bethe variational
approximation, LBP fixed point.

@ Set M « L(G) (hypergraph marginal polytope), —A* (1) <= Happ(7)
where Happ = > iz c(9)Hy(7g) (via M&bius) to get Kikuchi
variational approximation, message passing on hypergraphs.

@ Partition 7 into (7,7), and set M < L(¢, P) and set
—A*(p) < Hep(T,T) to get expectation propagation.

© Mean field (from variational perspective) is (with Mp(G) C M)

AO) 2 max {n0) ~ A} = Aw®)  (171)
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Convex Relaxations and Upper Bounds

A(f) = sup {(0, 1) — A" ()} (17.51)

@ What about upper bounds?
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Cnvx Relax/Up. Bounds
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Convex Relaxations and Upper Bounds

A(f) = sup {(0, 1) — A" ()} (17.51)

@ What about upper bounds?

@ Other than mean field, none of the other approximation methods have
been anything other than approximation methods.
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Convex Relaxations and Upper Bounds

A(f) = sup {(0, 1) — A" ()} (17.51)

@ What about upper bounds?

@ Other than mean field, none of the other approximation methods have
been anything other than approximation methods.

@ We would like both lower and upper bounds of A(€) since that will
allow us to produce upper and lower bounds of the probabilistic
queries we wish to perform.
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Convex Relaxations and Upper Bounds

A(f) = sup {(0, 1) — A" ()} (17.51)

@ What about upper bounds?

@ Other than mean field, none of the other approximation methods have
been anything other than approximation methods.

e We would like both lower and upper bounds of A(f) since that will
allow us to produce upper and lower bounds of the probabilistic
queries we wish to perform.

@ If the upper and lower bounds between a given probably p is small,
pr < p < py, with pyy — pr, < €, we have guarantees, for a particular
instance of a model.
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Convex Relaxations and Upper Bounds

A(f) = sup {(0, 1) — A" ()} (17.51)

(]

What about upper bounds?

@ Other than mean field, none of the other approximation methods have
been anything other than approximation methods.

e We would like both lower and upper bounds of A(f) since that will
allow us to produce upper and lower bounds of the probabilistic
queries we wish to perform.

@ If the upper and lower bounds between a given probably p is small,
pr < p < py, with pyy — pr, < €, we have guarantees, for a particular
instance of a model.

@ In this next chapter (Chap 7), we will “convexify” H(x) and at the

same time produce upper bounds.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, « € Z) and canonical parameters
0= (0n,ael).
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, @ € Z) and canonical parameters

0= (0n,el).
@ In general, inference (computing mean parameters) is hard for a given
G.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, @ € Z) and canonical parameters

0= (0n,el).
@ In general, inference (computing mean parameters) is hard for a given
G.

@ For a tractable subgraph F, it is not so hard, as we saw in the mean
field case. Note in mean field case, we had one particular F.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, @ € Z) and canonical parameters

0= (0n,el).
@ In general, inference (computing mean parameters) is hard for a given
G.

@ For a tractable subgraph F', it is not so hard, as we saw in the mean
field case. Note in mean field case, we had one particular F'.
@ Let © be a set of subfamilies that are tractable.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, @ € Z) and canonical parameters

0= (0n,el).
@ In general, inference (computing mean parameters) is hard for a given
G.

@ For a tractable subgraph F', it is not so hard, as we saw in the mean
field case. Note in mean field case, we had one particular F'.

Let © be a set of subfamilies that are tractable.

l.e., ® might be all spanning trees of (G, or some subset of spanning
trees that we like.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, @ € Z) and canonical parameters

0= (0n,el).
@ In general, inference (computing mean parameters) is hard for a given
G.

@ For a tractable subgraph F', it is not so hard, as we saw in the mean
field case. Note in mean field case, we had one particular F'.

Let © be a set of subfamilies that are tractable.

l.e., © might be all spanning trees of GG, or some subset of spanning
trees that we like.

As before, Z(F') C T are the indices of the suff. stats. that abide by
F, and |Z(F)| = d(F) < d = |Z| suff. stats.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Recall sufficient stats ¢ = (¢, @ € Z) and canonical parameters

0= (0n,el).
@ In general, inference (computing mean parameters) is hard for a given
G.

@ For a tractable subgraph F', it is not so hard, as we saw in the mean
field case. Note in mean field case, we had one particular F'.

o Let ® be a set of subfamilies that are tractable.

@ l.e., ® might be all spanning trees of G, or some subset of spanning
trees that we like.

@ As before, Z(F') C T are the indices of the suff. stats. that abide by
F,and |Z(F)| = d(F) < d = |Z| suff. stats.

@ As before, M(F') is set of realizable mean parameters associated with
F, so that u(F) € M(F). Thus, M(F) € R and

M(F) = {u e RIPI|Tp st. pig = Ep[da(X)] Vo € I(F)}
(17.52)
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Convex Relaxations and Upper Bounds - Relaxed Entropy

e Given € M, pu(F) € M(F) projects from Z to Z(F').
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Convex Relaxations and Upper Bounds - Relaxed Entropy

e Given € M, pu(F) € M(F) projects from Z to Z(F').
@ Thus, for any u € M C R?, we have that u(F) € M(F) C R¥),

Prof. Jeff Bilmes EE512a/Fall 2014/Graphical Models - Lecture 17 - Nov 26th, 2014 F53/59 (pg.170/194



Cnvx Relax/Up. Bounds
(NRRRERN

Convex Relaxations and Upper Bounds - Relaxed Entropy

e Given € M, pu(F) € M(F) projects from Z to Z(F').
e Thus, for any € M C RY, we have that u(F) € M(F) C RUF),

@ We can moreover define the entropy associated with projected mean,
namely H(u(F)) £ H(py(r)) = —A*(u(F)).
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Convex Relaxations and Upper Bounds - Relaxed Entropy

e Given € M, pu(F) € M(F) projects from Z to Z(F').
e Thus, for any € M C RY, we have that u(F) € M(F) C RUF),

@ We can moreover define the entropy associated with projected mean,
namely H(u(F)) £ H(py(r)) = —A*(u(F)).
e Critically, we have that H(u(F)) > H(pn) = H(py), as we show next.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

Proposition 17.6.1
Maximum Entropy Bounds Given any mean parameter n € M and its

projection p(F') onto any subgraph F', we have the bound

A" (u(F)) < A*(p)

(17.53)

or alternatively stated, H(u(F')) > H(u).

o Intuition: H(pu) = H(py) is the entropy of the exponential family
model with mean parameters .
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Convex Relaxations and Upper Bounds - Relaxed Entropy

Proposition 17.6.1
Maximum Entropy Bounds Given any mean parameter n € M and its
projection p(F') onto any subgraph F', we have the bound

A% (u(F)) < A () (17.53)

or alternatively stated, H(u(F')) > H(u).

o Intuition: H(u) = H(py) is the entropy of the exponential family

model with mean parameters p.
e equivalently H(u) = H(p,) is the entropy of the distribution that is
the solution to the maximum entropy problem subject to the

constraints that it has pu = E,, [¢(X)].
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Convex Relaxations and Upper Bounds - Relaxed Entropy

Proposition 17.6.1

Maximum Entropy Bounds Given any mean parameter n € M and its
projection p(F') onto any subgraph F', we have the bound

A% (u(F)) < A () (17.53)

or alternatively stated, H(u(F')) > H(u).

o Intuition: H(u) = H(py) is the entropy of the exponential family

model with mean parameters .
e equivalently H(u) = H(p,) is the entropy of the distribution that is
the solution to the maximum entropy problem subject to the

constraints that it has pu = E,, [¢(X)].
@ When we form p(F), there are fewer constraints, so the entropy in the

corresponding maximum entropy problem may get larger.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

Proposition 17.6.1

Maximum Entropy Bounds Given any mean parameter n € M and its
projection p(F') onto any subgraph F', we have the bound

A" (u(F)) < A*(p) (17.53)

or alternatively stated, H(u(F')) > H(u).

o Intuition: H(u) = H(py) is the entropy of the exponential family
model with mean parameters .

e equivalently H(u) = H(p,) is the entropy of the distribution that is
the solution to the maximum entropy problem subject to the

constraints that it has pu = E,, [¢(X)].
@ When we form p(F’), there are fewer constraints, so the entropy in the

corresponding maximum entropy problem may get larger.
@ Thus, H(u(F)) > H(p).
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Dual problem

A*(p) = sup {(u,0) — A(6)} (17.54)
HeR
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Dual problem

A*(p) = sup, {{u, 0) — A(6)} (17.54)

@ Dual problem in sub-graph case.

A" (u(F)) = L. {(u(F),0(F)) — A(6(F))} (17.55)
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Dual problem

A*(p) = sup, {{u, 0) — A(6)} (17.54)

@ Dual problem in sub-graph case.

AT (u(F)) = L {(u(F),0(F)) — A(6(F))} (17.55)

@ Dual problem in sub-graph case — alternate expression

A@F)= mp w40} G750
€
0, = 0Va ¢ I(F)
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Dual problem

A*(p) = sup, {{u, 0) — A(6)} (17.54)

@ Dual problem in sub-graph case.

AT (u(F)) = L {(u(F),0(F)) — A(6(F))} (17.55)

@ Dual problem in sub-graph case — alternate expression

A*(u(F)) = sup {{u, 0) — A(0)} (17.56)
6 € R?
0 = 0 Vo ¢ I(F)

@ Thus, A*(u) > A*(u(F)).
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Note that the upper bound is true for each F' € ®, and thus would be
true for mixtures of different F' € ©.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Note that the upper bound is true for each F' € ©, and thus would be
true for mixtures of different F' € ©.

@ We can form a distribution over tractable structures, i.e., p € RI®I
e, p(F')>0for Fe®and ) peqp(F) =1
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Note that the upper bound is true for each F' € ©, and thus would be
true for mixtures of different F' € ©.

@ We can form a distribution over tractable structures, i.e., p € RI®I
e, p(F')>0for Fe®and ) peqp(F) =1

@ Convex combination, gives general upper bound

H(p) < B [H(u(F)] = > p(F)H(u(F)) (17.57)
Fe®

Prof. Jeff Bilmes EE512a/Fall 2014/Graphical Models - Lecture 17 - Nov 26th, 2014 F56/59 (pg.183/194



Cnvx x/Up. Bounds
(NRRRE AN

Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Note that the upper bound is true for each F' € ©, and thus would be
true for mixtures of different F' € ©.

@ We can form a distribution over tractable structures, i.e., p € RI®I
e, p(F')>0for Fe®and ) peqp(F) =1

@ Convex combination, gives general upper bound

H(p) S E[H(u(F)] = Y p(F)H(u(F)) (17.57)
Fe®

@ This will be our convexified upper bound on entropy.
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Convex Relaxations and Upper Bounds - Relaxed Entropy

@ Note that the upper bound is true for each F' € ©, and thus would be
true for mixtures of different F' € ©.

@ We can form a distribution over tractable structures, i.e., p € RI®I
e, p(F')>0for Fe®and ) peqp(F) =1

@ Convex combination, gives general upper bound

H(p) < E [H(u(F)] =Y p(F)H(u(F)) (17.57)
Fe®
@ This will be our convexified upper bound on entropy.
@ compared to mean field, we are not choosing only one structure, but

many of them, and mixing them together in certain ways.
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Convex Relaxations and Upper Bounds - Outer bound

@ When we form the mixture, and we wish to evaluate a given pu(F') on
it, we need to make sure that each component can properly evaluate
any possible u(F), so logical constraint is to make sure any u(F)
works for all of them.
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Convex Relaxations and Upper Bounds - Outer bound

@ When we form the mixture, and we wish to evaluate a given pu(F') on
it, we need to make sure that each component can properly evaluate
any possible p(F'), so logical constraint is to make sure any u(F')
works for all of them.

@ Constraint set as follows:

L(G;D) = {7 € RYr(F) € M(F) VF € @} (17.58)
= () M(F) (17.59)
Fe®
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Convex Relaxations and Upper Bounds - Outer bound

@ When we form the mixture, and we wish to evaluate a given pu(F') on
it, we need to make sure that each component can properly evaluate
any possible p(F'), so logical constraint is to make sure any u(F')
works for all of them.

@ Constraint set as follows:

L(G;D) = {7’ € RYr(F) € M(F) VF € @} (17.58)
= () M(F) (17.59)
Fe®

@ Note this is an outer bound i.e., L(G;®) O M(G) since any member
of M(G) (any valid mean parameter for G) must also be a member
of any M(F) (i.e., non-neg, sums to 1, and consistency).
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Convex Relaxations and Upper Bounds - Outer bound

@ When we form the mixture, and we wish to evaluate a given pu(F') on
it, we need to make sure that each component can properly evaluate
any possible p(F'), so logical constraint is to make sure any u(F')
works for all of them.

@ Constraint set as follows:

L(G;D) = {7’ € RYr(F) € M(F) VF € @} (17.58)
= () M(F) (17.59)
Fe®

@ Note this is an outer bound i.e., £L(G;®) D M(G) since any member
of M(G) (any valid mean parameter for G) must also be a member
of any M(F) (i.e., non-neg, sums to 1, and consistency).

@ Also note, £(G;D) is convex since it is the intersection of a set of
convex sets.
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Convex Upper Bounds

@ Combining the upper bound on entropy, and the outer bound on M,
we get a new variational approximation to the cumulant function.

Bo(B:) 2 sup {<7,9>+Zp<F>H<T<F>>} (17.60)

TEL(GD) Fed
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Convex Upper Bounds

@ Combining the upper bound on entropy, and the outer bound on M,
we get a new variational approximation to the cumulant function.

Bo(B:) 2 sup {<n0>+2p<F>H<f(F>)} (17.60)

TEL(G;D) FeD

@ Objective is convex in 0 since it is a max over a set of affine functions
of 0 (i.e., g(0) = max, (1,0) + c;)
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Convex Upper Bounds

@ Combining the upper bound on entropy, and the outer bound on M,
we get a new variational approximation to the cumulant function.

A

Bo(6:p) = sup {<r, 0+ p(F)H(r(F))} (17.60)
TEL(G;D) FeD

@ Objective is convex in # since it is a max over a set of affine functions

of 0 (i.e., g(6) = max, (1,60) + ¢;)
e Also, L(G;D) is a convex outer bound on M(G)
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Convex Upper Bounds

@ Combining the upper bound on entropy, and the outer bound on M,
we get a new variational approximation to the cumulant function.

Bo(B:) 2 sup {<n0>+2p<F>H<f(F>)} (17.60)

TEL(G;D) FeD

@ Objective is convex in # since it is a max over a set of affine functions
of 0 (i.e., g(6) = max, (1,60) + ¢;)
@ Also, L(G;D) is a convex outer bound on M(G)

@ Thus Bgo(0; p) is convex, has a global optimal solution, it
approximates A(f), and best of all is an upper bound,
A(0) < Bo(6;p)
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Sources for Today's Lecture

o Wainwright and Jordan Graphical Models, Exponential Families, and
Variational Inference http://www.nowpublishers.com/product.
aspx?product=MAL&d0oi=2200000001
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