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The Lie Group Bayesian Rule
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Specific Group Updates

translatlon

~-a7(g)q(0)

= qo(0 — g)
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m(g)qo(0) =

1. /0
5@0(5)

(B, 10050 — 7))

In the group setting we
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turn differentiation w.r.t.

translatlon & scaling

m(9)qo(0) = %QO(%)A «— Aexp(—al)

distribution parameters

€x Aexp(—aU)—l V/| to differenting the loss.
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A family of posteriors
with built-in group

reparametrizations is the

- where

U =E,, [(0 — b)0pl] — 7
V = AR, [0/]

correct setting for this.

Dataset Metric

Additive [Or22]
uniform i laplace

[SGD]

Acc. (1)
NLL (4)

ECE ({)

CIFAR-10

91.60:|:0.05
0.3004+0.002
0.04040.001

91.53:&0.10
0.29440.004
0.0361+0.001

LA @) 0
0.35440.006
0.050+0.001

91.14:|:0_12
0.31240.005
0.03940.001

S = uRbl
0.328 4 0.008
0.04540.001

91.0740.08
0.3654+0.003
0.052409.001

91.87 1 0.04
0.27240.002
0.02949.001

Acc. (1)
NLL (1)

ECE ({)

CIFAR-100

66.08 19,12
1.28840.007
0.09340.002

90.99-7.15
1.25540.005
0.07940.002

64.19:&0.14
1.431+0.007
0.12140.001

64.8510.13
1.3594.0.006
0.09640.001

64.61:|:0.20
1.39040.008
0.10740.001

64.29:|:0.09
1.43740.004
0.12140.001

foex g, Lq
1.247 1+ 0.006
0.07140.001

Acc. (1)
NLL (1)

ECE (1)

TinyImgNet

51.1940.12
2.0994.0.005
0.0764+0.001

51.1340.16
2.09840.004
0.070+0.002

49.48i0.10
2.23140.004
0.106+0.001

S0 TS0, 16
2.1844 09.007
0.08940.001

2.2044.0.003
0.09940.002

2.23440.008
0.1074+0.001

51.36:|:0.14
2.10140.009
0.0654+0.001
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¢(0), a loss function on model parameters 6 € O.
We solve

¢« € arg min
qeQ

o [é] — TH(Q)
N—— ———’
=:£(q)

for some family of distributions © on ©.

e The expectation Jo €(0)q(6)do
prefers regions of ¢ with low loss.

e The entropy H(q — f@ q(6
prefers a higher Spread of q.

) log q(6)do

e The temperature 7 > 0, a balancing term.

Enter Lie Groups

We solve the two issues above by consider-
ing families parametrized by a Lie group G.
Let G act on ©, then it acts on a probabi-
lity distribution by the pushforward action (by
reparametrizations). For some distribution gq

Q:={qy=7(9)q0 : g € G}

dgs

Figure 1: Updating the group element is sufficient
to update the distribution. Y is a vector in the Lie
algebra (tangent space of GG at identity) in the direc-
tion of steepest ascent of £(q) at ¢ = q, with respect
to the Fisher metric. The update always produces a
group element g, and therefore a distribution in O.
And we have flexibility in the choice of qq.

Sparse and localized behavior of the multipl

Dataset Metric additive multiplicative

Acc. (1)
NLL ({)

ECE ({)

MNIST / MLP

98.3840.02
0.083+0.001
0.01240.000

98.5910.02
0.058+0.001
0.0064-0.000

Acc. (1)
NLL (1)

ECE (J)

CIFAR-10 / MLP

58.85+0.08
1.236+0.002
0.08540.001

59.1940.07
1.160+0.001
0.0264-0.001
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Figure 2: Highest activated first layer filters for the given figure in MNIST (top) or CIFAR10 (bottom); for
the additive (left) or multiplicative (right) update rule




