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matrix representation of a graph

mci,n mgx L(D,G) = ]Ex~p,(x)[|°g D(x)] + ]Ez~pz(z)[|°g(1 — D(G(2)))]

= Exp(x[log D(X)] + Expg () [log(1 — D(x)]
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matrix representation of a graph

> KL divergence measures how one probability distribution p diverges from a
second expected probability distribution g

p(x)
a0

DKL achieves the minimum zero when p(x) == q(x) everywhere.

It is noticeable according to the formula that KL divergence is asymmetric. In
cases where p(x) is close to zero, but q(x) is significantly non-zero, the gs effect is
disregarded. It could cause buggy results when we just want to measure the
similarity between two equally important distributions.
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Optimal value D*:

>
minmax L(D, G) = Ex-p,(x)[log D(X)] + Ez-p,(z)llog(1 — D(G(2)))]

= Ex~p,(x[log D(X)] + Expy(x)[log(1 — D(x)]
L(G,D)

:ﬁL@m:/(mnmwmnmvmw—mnﬂm
f(D(x))

(D(X)) = pr(x) og D) + py(x) log(1 — D))
HOK) _ 1 (p) pel0)
00 =P o5~ P51 = (B0 ~ 12000

_ Pr(¥) = (pr(x) + pg(x)) D(x)
D(x)(1 = D(x))

af(D(x)) _ -
> Let T(;) =0:

pr(x) = (pr(x) + Pg(x))D(x) _
D(x)(1 — D(x))
= pr(x) = (pr(x) + pg(x))D(x) = 0
o Pr(X)

0
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global optimal

> knowing D*(x) = #(:@g(x)’ then optimal pg(x) is when it becomes identifical to p,(x)

1

pr(x) = pg(x) = D*(x) = 3

L(G,D") = /X (p,(x) log(D" (x)) + pg(x) log(1 — D* (x))) dx

- /X (p,(x) log (%) + py(x) log (1 - %))dx

1 1

= log = /pr(X)dX‘F'Og*/pg(X)dX
2 Jx 2 Jx

= —2log2
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Linear Programming

» looking at:
S (%, y) = Po(x)
y
| (i} 0 0 7
0 1 0 0 ,II;’(X1)
: : : Y¥(x1,Y) r(x2)
0 0 1 0 v(Xxe,Y) :
0 0 0 1 . _ .
700 .. 070.. 0...10] 0...01 : = | Pr(%n—1)
100 .. 010.. 0...10] 0...01| |~(xo1,y) gegwg
. Y(Xn,Y) ?.}_/2
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Consider some function . Let (the least of all maxima) and (the greatest of all minima).
The argument that is simple: Any is automatically allowed as a candidate for the
infimum of , but not the other way around.

For, at least one of these statements must be true:

for some . This is only possible if is not convex in , because is already an infimum for .
for some . This is only possible if is not concave in , because is already a supremum for
. This means of course that, if is convex and is concave, then the minimax principle
applies and . In our case, we can above already see from the underbrace that the
convexity condition is met. Lets try changing to :

We see that the infimum is concave, as required. Because all functions that are
Lipschitz continuous produce the same optimal solution for , and only they are feasible
solutions of , we can turn this condition into a constraint. With that, we have the dual
form of the Wasserstein distance:

This is our case of the Kantorovich-Rubinstein duality. It actually holds for other metrics
than just the Euclidian metric we used. But the function is suitable to be approximated
by a neural network, and this version has the advantage that the Lipschitz continuity
can simply be achieved by clamping the weights.
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