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Reparameterisations

Consider

f(z) = wiReLU(wqx)
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Reparameterisations

Consider

f(z) = wiReLU(wqx)

Now reparameterise f with any v # 0 as

f(z) = %ReLU(vwgz)

Both 6 = (wy, w) and (%, yw,) yield
identical functions!

wi

Same function,
different densities!




Empirical estimates of reparameterisations

The kernel (null space) of the generalised Gauss-Newton (GGN) matrix

¢ Tyre 3¢ DxD
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contains parameters @ where changes to the loss are minimal®.
o Jg is a Jacobian matrix of stacked loss gradients per data point
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"Miani et al. (2025, Lemma 4.3)



VIKING

VI with kernel-image numerical Gauss-Newton
Let UgU, be the projection onto the kernel of the (loss) GGN.

a(8) = N(616, %),

29 = O—IzerUeU—Hr + O—i2m(]I - UeUg)
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VIKING

VI with kernel-image numerical Gauss-Newton
Let UgU, be the projection onto the kernel of the (loss) GGN.

a(8) = N(616, %),

Yo = 02, UgUy + 02 (I — UgUy)

Controls uncertainty outside training data Controls uncertainty everywhere



Kernel projections

Obtaining ey, is tricky, since we need

€rer = UgUj e = argmuin{llu — €|* subjectto Jyu=0}

with
e Matrix-free linear algebra for the least squares problem

e A stochastic twist on alternating projections, allowing changes to
model parameters over minibatches ¢

e+ = U (uihT (ﬁe(t) + /1 - vn(t)> , n® ~ N(0,T).



How does it perform?

MNIST

SVHN Fashion MNIST

CIFAR-10

Accuracy’

NLL

ECE*

MCE*

MAP

VIKING (ours)
Miani et al. (2025)
IVON

SWAG

Last Layer LA

0.986 +0.001
0.991 = 0.001
0.949 + 0.000
0.989 +0.001
0.982 +0.000
0.975 +0.002

0.070 +0.005
0.055 +0.003
1.225 +0.099
0.043 - 0.002
0.064 -+ 0.006
0.090 +0.005

0.247 +o0.011
0.096 +0.004
0.666 <+ 0.007
0.077 +0.005
0.788 +0.005
0.784 +0.007

0.861 +0.045
0.690 +0.102
0.894 +o.0m
0.651 +0.042
0.906 +0.013
0.887 +0.008

MAP

VIKING (ours)
Miani et al. (2025)
IVON

SWAG

Last Layer LA

0.883 +0.002
0.900 - 0.001
0.871 +0.006
0.897 +0.004
0.898 +0.001
0.896 +0.002

0.410 +0.010
0.332 +0.003
1.529 +0371
0.335 +0011
0.327 +o0.001
0.339 +o0011

0.153 +0.008
0.075 +0.002
0.617 +0.025
0.073 +0.005
0.725 +0.003
0.727 +0.004

0.590 +0.141
0.611 +o0.160
0.901 +0.013
0.683 +0.024
0.907 +0.003
0.902 +0.004

MAP

VIKING (ours)
Miani et al. (2025)
IVON

SWAG

Last Layer LA

0.947 +0.004
0.960 - 0.001
0.949 +0.003
0.943 +0.002
0.947 +0.004
0.946 +0.001

0.201 +0.014
0.177 =+ 0.002
0.191 +0.007
0.302 +0016
0.217 +0.014
0.197 +0.009

0.055 +0.010
0.028 -+ 0.002
0.734 +0.017
0.082 +0.004
0.745 +0.007
0.740 +0.007

0.608 +0.228
0.308 +0.024
0.880 +0.012
0.492 +0.248
0.874 +0.003
0.899 +0.009

MAP

VIKING (ours)
Miani et al. (2025)
IVON

SWAG

Last Layer LA

0.824 +0.012
0.877 +0.004
0.855 +0.002
0.835 +0017
0.865 +0.029
0.894 - 0.001

0.536 +0.055
0.407 +0.010
2.643 +0.205
0.817 +0.075
0.445 +0.063
0.406 - 0.005

0.075 +0.012
0.041 +0.004
0.559 +0.006
0.086 +0014
0.694 +0.018
0.704 +0.000

0.619 +0.243
0.331 +0.094
0.802 +0.005
0.436 + 0244
0.881 +0.005
0.880 =+ 0.007

Results
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e Not SotA in all cases

e Consistency is key

Results



It scales to larger models!

Accuracy’ NLLY ECE* MCE*

MAP 0.852 +0.002 0.48171 +0.000 0.084 +o0.010 0.717 +0.082
VIKING (ours) 0.887 +0.003 0.403 +0.010 0.077 +0.001 0.612 +0.162
IVON 0.876 +0.023 0.656 +0.136 0.069 +0.011 0.464 +0.230

ResNet34 (21.7M params.) trained on Imagenette

Results



Results

OOD detection and generative modelling

Evaluated on {8(*)|6(*) ~ ¢(8)}32, from VAEs trained on CelebA

IVON (Shen et al. 2024) VIKING (ours)
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Thank you for your attention!
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