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KWNG: A natural gradient optimizer with built in Optimal Transport Geometry.
v Approximately Invariant to re-parametrization

Well-conditioned parametrization lll-conditioned parametrization
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Cifar10 classification task using ResNet-18 networks.
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Cifar10 classification task using ResNet-18 networks.



KWNG: A natural gradient optimizer with built in Optimal Transport Geometry.

V' Approximately invariant to re-parametrization
v Fast and scalable
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KWNG: A natural gradient optimizer with built in Optimal Transport Geometry.

V' Approximately invariant to re-parametrization
v Fast and scalable
v~ Can be used as a drop-in optimizer

kwng KWNG, KWNGWrapper
gaussian Gaussian
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KWNGEstimator KWNG (kernel,
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eps= le-4
w_optimizer KWNGWrapper (optimizer,
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net,
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loss, pred w_optimizer.step (inputs, targets



Motivation
» Learning problem: 6* = arg miny L(py)

» Update equation: 61 = 0 + \Dy

. 1
Dy = argrrbm Vgﬁ(pek)—ru + 5”1«1”2




Motivation
» Learning problem: 6* = arg miny L(py)
» Update equation: i1 = 0 + A\Dy
Dy = argmuin VgE(Pek)Tu + %”””2

» Different re-parametrization: ¢ = s(6)




Fisher Natural Gradient

» Learning problem: §* = argminy £L(py)

» Update equation: 6,1 = 6y + A Dy

2
KL (p9k|~|p9k+u)

1
Dy = argmin VoL(pg,) '+ = u' Gp(6p)u
u N, e’

» Fisher information matrix: Gg(6)

Pros: Cons:

» Invariant to parametrization » Not scalable, but efficient approximations exist:
[Martens and Grosse, 2015, Grosse and Martens, 2016]

» Requires the density of py to be well defined.



Wasserstein Natural Gradient

» Learning problem: §* = argminy £L(py)

» Update equation: 6,1 = 6y + A Dy

1
Dy = argmin VoL(pg,) ' u+ = ' Gw(Op)u
u 2 —

W% (p9k ) p9k+u)

» Wasserstein information matrix: Gy (0)

Pros: Cons:
» Invariant to parametrization > Not-secalable
» Works with implicit model » Reqtiresthe-density-of pyto-be-welt-defined:

» Scalable approximation



The Wasserstein Information Matrix




The Wasserstein Information Matrix




The Wasserstein Information Matrix

Po — Po+u Gradient control
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The Wasserstein Information Matrix

Po — Po+u Gradient control
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Saddle-point formulation

l’nuil’l Vgﬁ(pg)Tu + %MTGw(Q)u

|

. 1
min sup VoL(ps) "+ VoEy, [F(X)]T 1~ 5By, [IVF(X)I?]
fE'HM

» H,s contains functions of the form:

M
f(x) = Z am¢m(x)
m=1



Saddle-point formulation

damping
1 €
min VoL(pe)  u+ E1Jc;w(9)u+ §y|uy|2
ﬂ damping
: T T 1 2 €112
min sup VoL(ps) "1+ VoEy, [F(X)] 1~ 5By, [IVFX)I2] + 5lul

fe€HM

» H contains functions of the form:

M
f(x) = Z am¢m(x>
m=1



Saddle-point formulation

1
min VoL (po) "+ 5" Gw(0)u + gHuHZ

I

. 1 €
sup min VL(po) u+ VoEy, [F(X)] Tt~ Epy [INFGIIP] + S u?
feHM

» H contains functions of the form:

M
f(x) = Z am¢m(x>
m=1

» Optimal /* obtained by solving a quadratic problem of size M in (a4, ..., aum)
» Wasserstein natural descent direction:
1 *

(VoL(ps,) + Vo, [F*(X)])
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How small M can be and still be sure it works?
0,
10% Gaussian Model

» Need fewer basis points M ¢,
than data points N
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» Relative error decreases
with more data (N — +o0)
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Conclusion

KWNG: A natural gradient optimizer with built in Optimal Transport Geometry.

v Approximately invariant to re-parametrization
v Fast and scalable

v Can be used as a drop-in optimizer

v" Comes with statistical guarantees

Code:
https://github.com/MichaelArbel /KWNG

Thank you !
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