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« Parametric Gradient Regularization for MMD
« Assumptions for the convergence of MMD GAN both in the continuous and discrete case )
 New Riemannian structure and its gradient flow on the parametric statistical manifold

« Parametric Regularized MMD GAN as a gradient flow of the MMD functional w.r.t to the
new Riemannian structure
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Parametric Regularized MMD GAN

det — L9t (ft)dt
Witness
choice of f; (aD(0:) + BI)fe = pp — figs, ~ fnctionot.
= (Go,)#(v)
Theorem 1 (Parametric Regularized Flows Decrease the MM D Distance).

Assume that o, B > 0. Then the dynamic defined by the witness function of the
parametric reqularized MM D decreases the functional F (qp):

dﬁ(q%) 2

) _ 2 [2(45,) - § MMDa p(p,9,)2] <0 (1)

Moreover, we have dﬂ(qet <0 4 and only if Dp, fip—q, 7 0.




Experiments
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(a) Fixed Kernel: Trajectories of Flows for a = 0: Euclidean
Gradients Flows (b) MMD Loss
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(c) Fixed Kernel: Trajectories of Flows for & = 100: Kernelized

Gradients Flows w.r.t. dag (d) MMD Loss
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(e) Learned Kernel: Trajectories of Flows for & = 100: Kerne lized
Gradients Flows w.r.t. d“’ﬁ (f) MMD Loss

* Target Distribution is a mixture of Gaussian

* (a) Unregularized MMD GAN goes through cycles , does not converge

* (c) MMD GAN regularized with Parametric Gradients with fixed Kernel:
convergent

* (e) MMD GAN regularized with Parametric Gradients with Learned Kernel:
convergent
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Parametric Grammian Dy : # — S is defined by Dy := LJLQ.
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Parametric Regularized MMD I
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Parametric Regularized MMD GAN

df; = Lg, (f:)dt

(@D(0:) + BI) fi = pp
6, = (Go,)#(v)

choice of f; ~ Mo,
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Theorem 1 (Parametric Regularized Flows Decrease the MMD Distance).
Assume that o, § > 0. Then the dynamic defined by the witness function of the
parametric reqularized MMD decreases the functional F(gs):

dZ (q9:)

) 2 g) - puDspaa] <O ()

Moreover, we have (qs‘ < 0 if and only if D, fpgp, # 0.

Riemannian Structure and Gradient Flow

Definition 1 (Regularized MMD on a Statistical Manifold).
Define

1
do a0 0,)* =i [ (@ 1D, Sl + 8 (s Dacfi) o )t
w:fe Jo
0i0: = Lo, ft, ft € H, O1—0 = o, Oi=1 = 01.

Let a, B > 0.

F(a0) = H(ug,) 00, [H (11,)] = (he, Oo.[1q,]) 7
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MMD GAN as A Gradient Flow w.r.t d,;

¢ Parametric Gradient Regularized MMD GAN update

df; = Lg,(f+)dt
choice of f; (aD(0:) + BI)ft = pp — W,
o, = (Go,)#(v)
1 2
00, = —grad-MMD*(p, gs, )
do.p 2

* Parametric Gradient Flow of MMD w.rt d

Experiments
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(a) Fixed Kernel: Trajectories of Flows for a = 0: Euclidean

Gradients Flows

(b) MMD Loss
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(d) MMD Loss

tories of Flows for a = 100: Kernelized N
(f) MMD Loss

* Target Distribution is a mixture of Gaussian

¢ (a) Unregularized MMD GAN goes through cycles, does not converge

(c) MMD GAN regularized with Parametric Gradients with fixed Kernel:

convergent

¢ (d) MMD GAN regularized with Parametric Gradients with Learned Kernel:
convergent
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