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There is a Supplementary Material for my talk, probably it’s contain some mistakes and confused moments.

I tried to prove most difficult moments from article “Learning Deep Structured Models”

. Maybe I am writing

this text in order to structure my knowledge and improve understanding of this article.

Let’s Introduce some definitions:

1.
2.

Z(x,w) = Zy exp(F(x,y;

(x,y) € D —dataset

Y C {y1,y2, ..., y,} — set of all possible configu-
rations
. F(x,y; w) — get score of configuration y for ob-

ject x given w

Py (f|w) o< exp(F(x, §; w)) — distribution over

configurations

w) — normalization

1 Deep Structured Models

Statement 1. Define L as Z (x.y)eD (log Zy ey exp F(x, 4’ w) —
formed difference between model and target distribution y _, \cpd_ ey (Ppy(y'lw) —

Proof

o

(log Z exp F(x,y;w)— F(x,y; W)) =

(x,y)eD y'ey

1
B (x,yéo (Zy”eY exp F(x,y”; w)ow

exp(F(x, y'; w))

.Pir)={peyY:

=)

(x,y)eD \y'eY

1

e (g'EY > ey exp F(x,y”;w) ow

0 0
- Z (Z P(X,y)(U’|W)%F(X, Y’ W)%F(X,y;w)) _

constant

r C p} — subset of parent con-
figurations, which subsumes those regions for

which we want the marginalization constraint
to hold

C(r)={ceVY:
configurations

r € P(c)} — subset of children

F(x, y;w )) then gradient L is given by trans-

oy = y)&F(x,y;w).

Zexp F(x,y; W)—i/—_(xy W)) =

9
——F(x, y’;w) — UL W)) =

0
— oy’ = Y5 Fx, y'; w)

> (pryly'w)

(x.y)eD.y’



end

Statement 2. If we assume that is decomposed as a F(x,y; w) = ) _ f.(x, y; w) that the gradient of previous one is
equal

’ ’ ’ d ’
Vi log ) exp Flx,y’,w)=Flx,yw)| = (P (Y W) = 0(y, = yr)) 5 =1 (x, yp, w)
ow
(x,y)eD y'eY (x,y)eD,y’,r

Proof It can be proved like a [Statement 1.], in this case py,y) -(y|w) means marginal distribution over subset
of configurations y,. end

2 Efficient Approximate Learning of DSM

Statement 3. We can represent In Z as

In Z(x,w) = Z exp F(x,y,w) = p:ne)xé) Epy@F (X G;w) + H(ppoy)

)

>

y

Proof There exist really true distribution p, ,), we can note that

H N 1 A; J—
i Dt (pran (0 757 9UF .05} | =0

Dis (pw)(a)

Puy(fi)-Z
b g ) R T

= pry togpxg)(y)ﬂogz Fx, gisw)) =

= Z P(x.y)(yi log pxy)(9i) + Pry (i) 109 Z — piuy (§i) F (X, i w)
Gi

= —H(ppy(9)) +1-logZ =K, o) F(x, §;w)

min(—H(piuy(§)) +1-log Z — E

P(x.y)

log Z = max(E,,, @) F (X, §; w) + H(p.y)(§))

P(x.y)

o F (X §;w)) =

p(x,y)(y)

end

Statement 4. Function Zy by (G (X G w) + Y H(by),r(9r)) is concave by b, that lay in convex set.

b(x,y),r(yr) 2 0 Zyr b(x,g),r(yr) = 1 Vr

b(x, ) € C(x, ) = ,\ A
’ ’ b(X,y).r(Ur) = ng\gr p(x,y),p(yp) Vr, Yy, p e P(r)

Proof Fist part is a linear combination of b, ) . therefor we can don’t hesitate about that, Entropy is concave
function and by, ) is given from convex set (i, ). Cx,,) is convex because constrained from linear restrictions.
Fist restrictions is just a discrete distribution constraint, second ones is a marginalization constraint. end



Statement 5. Regqularity conditions are satisfied for

max bey fo(x, y;w +ZHb(Xy
bx,y) € Cixy)

Proof We have optimization concave function in convex set that constrain from linear restrictions, then no
other condition is needed. end

Statement 6. The Lagrangian of

max bey) (O)f(x, g W)-I-ZH (y).r

bx,y) € Cry)
is

L y) — Zb(x,g),r(gr)' X yrr Z )\xy c—>r - Z Axy) f—>P + ZH b(XU

rgr ceC(r) peP(r)

Proof Redefine entropy function as barrier function if b, ) is not a distribution

Hb)=1{ > 5. b(§)logb(§:)  bpyys) 20 3, bpyrly) =1 Vr
—oQ else

Therefore we need only to introduce Lagrangian multilayer for each marginalization constant.

Z by, (§r)f )+ Z H(b.y), Z Aty).r—p(gr) Z by).p(Gp) = bpy).r(r) | =

rge rgrpeP(r) Yp\Yr
=2 byl ) + Z Hbuy )+ Y D Awprpl§) b p(8p)—
rgr rr.pEP(r) yp\y,
_Zb(w) Z Ag).r—p(gr) =
rgr eP(r
...TODO

- Zb(x,y),r(gr) : X yw Z )\Xg c—>r(yc) - Z Axg r—>p(y + ZH(b(x,g),r(g ))

rr ceC(r peP(r)
end
Statement 7. For problem
mln max bixy) Xy w)+ Hibpy) t — fr(x,y;w
X;D (b(x,y)ec(x,y) {Z o y ) ( ( g } Z ( y ))

Duality task is

an Z anEXp Xy w) + Z Apy)e—r Z Apy)r—pl — Z F(x,y;w)

ceC(r) peP(r) (x,y)eD



Proof

an max Zbe fr(X;y; Z Axg c%r Z )‘(xy) r—p y ) + ZH b(XU

(Xg buy).r ceC(r) peP(r)
—Zf,(x,g; _anZ ln Z — Zf (x, y; w)
r -
= an In Zexp Xy w) + Z Axg)e—r( Z Apy)r—pl — Z F(x,y; w)
(X_Lj r ceC(r) peP(r) (x,y)eD

end

3 Blending Learning

DA, w) = ZaneXp xyW)—I—Z)\Xy)C_ﬂy)—Z)\(Xpr ZnyW—>mm

ceC(r) peP(r) (x.y)

Let’s define behefs as
biegyr(0r) o< exp [ 06,y w) + Y Awgreor() = D Awghropldr)
ceC(r) peP(r)

Statement 8. Gradient by 32 is given by 3 o Diuy)rg, amfr(X, G W) + 2, ) o F (X, yi w)
Proof

oD Z exp (fr(X; y; W) + ZcEC(r) )\(x,y),c—w(gc) - ZpeP(r) )\(X.y),rﬁp(gr)) . %fr(X, y; W) Z 5 F( )
— = _ 9 i,y w) =
aW (X,U)rl’,gr Zgr eXp (fr(X, y; W) + ZCEC(F) A(X,y),c—ﬂ(yc) —_ ZPEP(I‘) )L(X,y),rﬁp(yr)) (X,y) aW
e o
- Z b(x,y),r(yr)%fr(X, §riw) — Z W —F(x,y;w)
(yhrfr (x.y)
end

Statement 9. Update the Axy),r—p(J) by flowing rule minimize D

Hooghp—r(07) =10 Y exp (B0 00 W) = Y Apgppop @)+ D Awgpr—p(@r)

9p\Gr p'EP(p) reC(p)\r
N 1 N N e
)\x (x,y), r—>p(y ) T fr(Xr yr; W) - Z )\x (x,y),c—>r y ) + Z uxg p—>r(y ) - U(X,y),p—ﬁ(yr)
T+ |P(r)|
ceC(r) pEP(r)
Proof
ﬁ D buypldp) = breyp(dr) = 0
(x,y).,r—p b \or

Z b(x,g),p(gp) X exp(u(x,g),par(gp) + )\(x,y),rap(gr)) X eXP fr(X: y; Z (x,y),.c—r gc Z )\x (x.y), rﬂp(g )
Fp\gr eC(r peP(r)



then

Hix)p—r(Up) + Awy)r—p(§r) = fr(x, y; w) + Z Apxy)cosr Z Apg).r—p(d

ceC(r) peP(r)

sum both sides with respect to p

(1+[P(r)| Z Asgrr—p(Gr) = [P(0)|(fr(x, ys w) + Z Apy).c-r(fc)) — Z Hix,y).p—r(Tp)

peP(r) ceC(r) pEP(r)

put that into above eq end

Statement 10. The block-coordinate descent algorithm with follow updates w and A is guaranteed to monotonically
decrease the cost function.

Proof When optimizing w.r.t. blocks of Lagrange multipliers we ensure that the cost function decreases since
we minimize a convex function analytically. Similarly via the Armijo rule we ensure that a descent step w.r.t.
w is taken, which concludes the proof. end



