
A Noisy K-FAC algorithm

Noisy K-FAC [56] attempts to approximate the structure of the full covariance matrix, and therefore
the updates are a bit more involved than VOGN (see Equation 4). Assuming a fully-connected layer,
we denote the weight matrix of layer by W. The Noisy K-FAC method estimates the parameters of a
matrix-variate Gaussian distribution qt(W) = MN (W|Mt,⌃2,t ⌦⌃1,t) by using the following
updates:
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eigenvalue of At divided by that of St. Similarly to the VOGN update in Equation 4, the gradients
are scaled by matrices At and St, which are related to the precision matrix of the approximation.

B Details on fast implementation of the Gauss-Newton approximation

Current codebases are only optimised to directly return the average of gradients over the minibatch. In
order to efficiently compute the Gauss-Newton (GN) approximation, we modify the backward-pass to
efficiently calculate the gradient per example in the minibatch, and extend the solution in Goodfellow
[12] to both convolutional and batch normalisation layers.

B.1 Convolutional layer

Consider a convolutional layer with a weight matrix W 2 RCout⇥Cink
2

(ignore bias for simplicity)
and an input tensor A 2 RCin⇥Hin⇥Win , where Cout, Cin are the number of output, input channels,
respectively, Hin, Win are the spatial dimensions, and k is the kernel size. For any stride and padding,
by applying torch.nn.functional.unfold function in PyTorch5, we get the extended matrix
MA 2 RCink

2⇥HoutWout so that the output tensor S is calculated by a matrix multiplication:

MA  unfold (A) 2 RCink
2⇥HoutWout , (7)

MS  WMA 2 RCout⇥HoutWout , (8)

S reshape (MS) 2 RCout⇥Hout⇥Wout , (9)

where Hout, Wout are the spatial dimensions of the output feature map. Using the matrix MA, we
can also get the gradient per example by a matrix multiplication:

rMS `(yi, fW (xi)) reshape (rS`(yi, fW (xi))) 2 RCout⇥HoutWout , (10)
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Note that in PyTorch, we can access to the inputs A and the gradientrS`(yi, fW (xi)) per example
in the computational graph during a forward-pass and a backward-pass, respectively, by using the
Function Hooks

6. Hence, to get the gradient rW `(yi, fW (xi)) per example, we only need to
perform (7), (10), and (11) after the backward-pass for this layer.

B.2 Batch normalisation layer

Consider a batch normalisation layer follows a fully-connected layer, which activation is a 2 Rd,
with the scale parameter � 2 Rd and the shift parameter � 2 Rd, we get the output of this layer

5https://pytorch.org/docs/stable/nn.functional.html#torch.nn.functional.unfold
6https://pytorch.org/tutorials/beginner/former_torchies/nnft_tutorial.html#

forward-and-backward-function-hooks
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Figure 6: Layer-wise block-diagonal Gauss-Newton approximation

s 2 Rd by,

µ E [a] 2 Rd
, (12)

�2  E

h
(a� µ)2

i
2 Rd

, (13)

â a� µp
�2
2 Rd

, (14)

s �â + � 2 Rd
, (15)

where E [·] is the average over the minibatch and â is the normalised input. We can find the gradient
with respect to parameters � and � per example by,

r�`(yi, fW (xi) rs`(yi, fW (xi) � â , (16)
r�`(yi, fW (xi) rs`(yi, fW (xi) . (17)

We can obtain the input a and the gradient rs`(yi, fW (xi) per example from the computational
graph in PyTorch in the same way as a convolutional layer.

B.3 Layer-wise block-diagonal Gauss-Newton approximation

Despite using the method above, it is still intractable to compute the Gauss-Newton matrix (and
its inverse) with respect to the weights of large-scale deep neural networks. We therefore apply
two further approximations (Figure 6). First, we view the Gauss-Newton matrix as a layer-wise
block-diagonal matrix. This corresponds to ignoring the correlation between the weights of different
layers. Hence for a network with L layers, there are L diagonal blocks, and H` is the diagonal block
corresponding to the `-th layer (` = 1, . . . , L). Second, we approximate each diagonal block H`

with H̃`, which is either a Kronecker-factored or diagonal matrix. Using a Kronecker-factored matrix
as H̃` corresponds to K-FAC; a diagonal matrix corresponds to a mean-field approximation in that
layer. By applying these two approximations, the update rule of the Gauss-Newton method can be
written in a layer-wise fashion:

W `,t+1 = W `,t � ↵tH̃`(✓t)
�1

g`(✓t) (` = 1, . . . , L) , (18)

where W ` is the weights in `-th layer, and

✓ =
�

vec(W 1)T · · · vec(W `)T · · · vec(W L)T
�T

. (19)

Since the cost of computing H̃
�1
`

is much cheaper compared to that of computing H
�1, our approxi-

mations make Gauss-Newton much more practical in deep learning.

In the distributed setting (see Figure 2), each parallel process (corresponding to 1 GPU) calculates
the GN matrix for its local minibatch. Then, one GPU adds them together and calculates the inverse.
This inversion step can also be parallelised after making the block-diagonal approximation to the GN
matrix. After inverting the GN matrix, the standard deviation � is updated (line 9 in Algorithm 1),
and sent to each parallel process, allowing each process to draw independently from the posterior.
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In the Noisy K-FAC case, a similar distributed scheme is used, except each parallel process now has
both matrices S and A (see Appendix A). When using K-FAC approximations to the Gauss-Newton
blocks for other layers, Osawa et al. [44] empirically showed that the BatchNorm layer can be
approximated with a diagonal matrix without loss of accuracy, and we find the same. We therefore
use diagonal H̃` with K-FAC and Noisy K-FAC in BatchNorm layers (see Table 2). For further
details on how to efficiently parallelise K-FAC in the distributed setting, please see Osawa et al. [44].

optimiser convolution fully-connected Batch Normalisation

OGN diagonal diagonal diagonal
VOGN diagonal diagonal diagonal
K-FAC Kronecker-factored Kronecker-factored diagonal

Noisy K-FAC Kronecker-factored Kronecker-factored diagonal

Table 2: The approximation used for each layer type’s diagonal block H̃` for the different optimisers
tested this paper.

C OGN: A deterministic version of VOGN

To easily apply the tricks and techniques of deep-learning methods, we recommend to first test them
on a deterministic version of VOGN, which we call the online Gauss-Newton (OGN) method. In this
method, we approximate the gradients at the mean of the Gaussian, rather than using MC samples7.
This results in an update without any sampling, as shown below (we have replaced µ

t
by wt since

there is no distinction between them):

wt+1  wt � ↵t

ĝ(wt) + �̃wt

st+1 + �̃
, st+1  (1� ⌧�t)st + �t

1

M

X

i2Mt

(g
i
(wt))

2
. (20)

At each iteration, we still get a Gaussian N (w|wt, ⌃̂t) with ⌃̂t := diag(1/(N(st + �̃))). It is easy
to see that, like SG methods, this algorithm converges to a local minima of the loss function, thereby
obtaining a Laplace approximation instead of a variational approximation. The advantage of OGN is
that this can be used as a stepping stone, when switching from Adam to VOGN. Since it does not
involve sampling, the tricks and techniques applied to Adam are easier to apply to OGN than VOGN.
However, due to the lack of averaging over samples, this algorithm is less effective to preserve the
benefits of Bayesian principles, and gives slightly worse uncertainty estimates.

D Hyperparameter settings

Hyperparameters for all results shown in Table 1 are given in Table 4. The settings for distributed VI
training are given in Table 5. Please see Goyal et al. [13] and Osawa et al. [44] for best practice on
these hyperparameter values.

D.1 Bayes by Backprop for CIFAR-10/LeNet-5 training

We use hyperparameter settings and training procedure for Bayes by Backprop (BBB) [4] as suggested
by Swaroop et al. [52]. This includes using the local reparameterisation trick, initialising means and
variances at small values, using 10 MC samples per minibatch during training for linear layers (1 MC
sample per minibatch for convolutional layers) and 100 MC samples per minibatch during testing for
linear layers (10 MC samples per minibatch for convolutional layers). Note that BBB has twice as
many parameters to optimise than Adam or SGD (means and variances for each weight in the deep
neural network). The fewer MC samples per minibatch for convolutional layers speed up training
time per epoch while empirically not reducing convergence rate.

7This gradient approximation used here is referred to as the zeroth-order delta approximation where
Eq[ĝ(w)] ⇡ ĝ(µ) (see Appendix A.6 in Khan [21] for details).
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Dataset/
Architecture Optimiser ↵init ↵ Epochs to decay ↵ �1 �2

Weight
decay L2 reg

CIFAR-10/
LeNet-5
(no DA)

Adam - 1e-3 - 0.1 0.001 1e-2 -
BBB - 1e-3 - 0.1 0.001 - -
MC-dropout - 1e-3 - 0.9 - - 1e-4
VOGN - 1e-2 - 0.9 0.999 - -

CIFAR-10/
AlexNet
(no DA)

Adam - 1e-3 [80, 120] 0.1 0.001 1e-4 -
MC-dropout - 1e-1 [80, 120] 0.9 - - 1e-4
VOGN - 1e-4 [80, 120] 0.9 0.999 - -

CIFAR-10/
AlexNet

Adam - 1e-3 [80, 120] 0.1 0.001 1e-4 -
MC-dropout - 1e-1 [80, 120] 0.9 - - 1e-4
VOGN - 1e-4 [80, 120] 0.9 0.999 - -

CIFAR-10/
ResNet-18

Adam - 1e-3 [80, 120] 0.1 0.001 5e-4 -
MC-dropout - 1e-1 [80, 120] 0.9 - - 1e-4
VOGN - 1e-4 [80, 120] 0.9 0.999 - -

ImageNet/
ResNet-18

SGD 1.25e-2 1.6 [30, 60, 80] 0.9 - - 1e-4
Adam 1.25e-5 1.6e-3 [30, 60, 80] 0.1 0.001 1e-4 -
MC-dropout 1.25e-2 1.6 [30, 60, 80] 0.9 - - 1e-4
OGN 1.25e-5 1.6e-3 [30, 60, 80] 0.9 0.9 - 1e-5
VOGN 1.25e-5 1.6e-3 [30, 60, 80] 0.9 0.999 - -
K-FAC 1.25e-5 1.6e-3 [15, 30, 45] 0.9 0.9 - 1e-4
Noisy K-FAC 1.25e-5 1.6e-3 [15, 30, 45] 0.9 0.9 - -

Table 4: Hyperparameters for all results in Table 1

Optimiser Dataset/
Architecture M # GPUs K ⌧ ⇢ Norig � �̃ �

VOGN

CIFAR-10/
LeNet-5
(no DA)

128 4 6 0.1 ! 1 1 50,000 100 2e-4 ! 2e-3 1e-3

CIFAR-10/
AlexNet
(no DA)

128 8 3 0.05 ! 1 1 50,000 0.5 5e-7 ! 1e-5 1e-3

CIFAR-10/
AlexNet 128 8 3 0.5 ! 1 10 50,000 0.5 5e-7 ! 1e-5 1e-3

CIFAR-10/
ResNet-18 256 8 5 1 10 50,000 50 1e-3 1e-3

ImageNet/
ResNet-18 4096 128 1 1 5 1,281,167 133.3 2e-5 1e-4

Noisy K-FAC ImageNet/
ResNet-18 4096 128 1 1 5 1,281,167 133.3 2e-5 1e-4

Table 5: Settings for distributed VI training

D.2 Continual learning experiment

Following the setup of Swaroop et al. [52], all models are run with two hidden layers, of 100 hidden
units each, with ReLU activation functions. VCL is run with the same hyperparameter settings as in
Swaroop et al. [52]. We perform a grid search over EWC’s � hyperparameter, finding that � = 100
performs the best, exactly like in Nguyen et al. [43].

VOGN is run for 100 epochs per task. Parameters are initialised before training with the default
PyTorch initialisation for linear layers. The initial precision is 1e6. A standard normal initial prior is
used, just like in VCL. Between tasks, the mean and precision are initialised in the same way as for
the first task. The learning rate ↵ = 1e� 3, the batch size M = 256, �1 = 0, �2 = 1e� 3, 10 MC
samples are used during training and 100 for testing. We run each method 20 times, with different
random seeds for both the benchmark’s permutation and for model training.

E Effect of prior variance and dataset size reweighting factor

We show the effect of changing the prior variance (��1 in Algorithm 1) in Figures 8 and 9. We can
see that increasing the prior variance improves validation performance (accuracy and log likelihood).
However, increasing prior variance also always increases the train-test gap, without exceptions, when
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the other hyperparameters are held constant. As an example, training VOGN on ResNet-18 on
ImageNet with a prior variance of 7.5e� 4 has train-test accuracy and log likelihood gaps of 2.29
and 0.12 respectively. When the prior variance is increased to 7.5e� 3, the respective train-test gaps
increase to 6.38 and 0.34 (validation accuracy and validation log likelihood also increase, see Figure
8).

With increased prior variance, VOGN (and Noisy K-FAC) reach converged solutions more like
their non-Bayesian counterparts, where overfitting is an issue. This is as expected from Bayesian
principles.

Figure 10 shows the combined effect of the dataset reweighting factor ⇢ and prior variance. When ⇢

is set to a value in the correct order of magnitude, it does not affect performance so much: instead,
we should tune �. This is our methodology when dealing with ⇢. Note that we set ⇢ for ImageNet to
be smaller than that for CIFAR-10 because the data augmentation cropping step uses a higher portion
of the initial image than in CIFAR-10: we crop images of size 224x224 from images of size 256x256.

F Effect of number of Monte Carlo samples on ImageNet

In the paper, we report results for training ResNet-18 on ImageNet using 128 GPUs, with 1 inde-
pendent Monte-Carlo (MC) sample per process during training (mc=128x1), and 10 MC samples
per validation image (val_mc= 10). We now show that increasing either of training or testing MC
samples improves performance (validation accuracy and log likelihood) at the cost of increased
computation time. See Figure 11.

Increasing the number of training MC samples per process reduces noise during training. This effect
is observed when training on CIFAR-10, where multiple MC samples per process are required to
stabilise training. On ImageNet, we have much larger minibatch size (4,096 instead of 256) and more
parallel processes (128 not 8), and so training with 1 MC sample per process is still stable. However,
as shown in Figure 11, increasing the number of training MC samples per process to from 1 to 2
speeds up convergence per epoch, and reaches a better converged solution. The time per epoch (and
hence total runtime) also increases by approximately a factor of 1.5. Increasing the number of train
MC samples per process to 3 does not increase final test performance significantly.

Increasing the number of testing MC samples from 10 to 100 (on the same trained model) also results
in better generalisation: the train accuracy and log likelihood are unchanged, but the validation
accuracy and log likelihood increase. However, as we run an entire validation on each epoch,
increasing validation MC samples also increases run-time.

These results show that, if more compute is available to the user, they can improve VOGN’s per-
formance by improving the MC approximation at either (or both) train-time or test-time (up to a
limit).

G MC-dropout’s sensitivity to dropout rate

We show MC-dropout’s sensitivity to dropout rate, p, in this Appendix. We tune MC-dropout as best
as we can, finding that p = 0.1 works best for all architectures trained on CIFAR-10 (see Figure 12
for the dropout rate’s sensitivity on LeNet-5 as an example). On ResNet-18 trained on ImageNet, we
find that MC-dropout is extremely sensitive to dropout rate, with even p = 0.1 performing badly. We
therefore use p = 0.05 for MC-dropout experiments on ImageNet. This high sensitivity to dropout
rate is an issue with MC-dropout as a method.
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Figure 12: Effect of changing the dropout rate in MC-dropout, training LeNet-5 on CIFAR-10. When
p = 0.01, the train-test gap on accuracy and log likelihood is very high (10.3% and 0.34 respectively).
When p = 0.1, gaps are 1.4% and 0.04 respectively. When p = 0.2, the gaps are -7.71% and -0.02
respectively. We therefore choose p = 0.1 as it has high accuracy and log likelihood, and small
train-test gap.

Figure 13: Effect of changing the dropout rate in MC-dropout, training Resnet-18 on ImageNet. We
use p = 0.05 for our results.

H Uncertainty metrics

We use several approaches to compare uncertainty estimates obtained by each optimiser. We follow
the same methodology for all optimisers: first, tune hyperparameters to obtain good accuracy on
the validation set. Then, test on uncertainty metrics. For multi-class classification problems, all
of these are based on the predictive probabilities. For non-Bayesian approaches, we compute the
probabilities for a validation input xi as p̂ik := p(yi = k|xi,w⇤), where w⇤ is the weight vector of
the DNN whose uncertainty we are estimating. For Bayesian methods, we can compute the predictive
probabilities for each validation example xi as follows:

p̂ik :=

Z
p(yi = k|xi,w)p(w|D)dw ⇡

Z
p(yi = k|xi,w)q(w)dw ⇡ 1

C

CX

c=1

p(yi = k|xi,w
(c)),

where w
(c) ⇠ q(w) are samples from the Gaussian approximation returned by a variational method.

We use 10 MC samples at validation-time for VOGN and MC-dropout (the effect of changing number
of validation MC samples is shown in Appendix F). This increases the computational cost during
testing for these methods when compared to Adam or SGD.
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Using the estimates p̂ik, we use three methods to compare uncertainties: validation log loss, AUROC
and calibration curves. We also compare uncertainty performance by looking at model outputs when
exposed to out-of-distribution data.

Validation log likelihood. Log likelihood (or log loss) is a common uncertainty metric. We consider
a validation set of NV a examples. For an input xi, denote the true label by y

i
, a 1-of-K encoded

vector with 1 at the true label and 0 elsewhere. Denote the full vector of all validation outputs by y.
Similarly, denote the vector of all probabilities p̂ik by p, where k 2 {1, ..., K}. The validation log
likelihood is defined as `(y, p̂) := 1

NV a

P
NV a

i=1

P
K

k=1 yik log p̂ik.

Tables 1 and 3 show final validation (negative) log likelihood. VOGN performs very well on this
metric (aside from on CIFAR-10/AlexNet, with or without DA, where MC-dropout performs the
best). All final validation log likelihoods are very similar, with VOGN usually performing similarly
to the other best-performing optimisers (usually MC-dropout).

Area Under ROC curves (AUROC). We consider Receiver Operating Characteristic (ROC) curves
for our multi-way classification tasks. A potential way that we may care about uncertainty mea-
surements would be to discard uncertain examples by thresholding each validation input’s predicted
class’ softmax output, marking them as too ambiguous to belong to a class. We can then consider
the remaining validation inputs to either be correctly or incorrectly classified, and calculate the True
Positive Rate (TPR) and False Positive Rate (FPR) accordingly. The ROC curve is summarised
by its Area Under Curve (AUROC), reported in Table 1. This metric is useful to compare uncer-
tainty performance in conjunction with the other metrics we use. The AUROC results are very
similar between optimisers, particularly on ImageNet, although MC-dropout performs marginally
better than the others, including VOGN. On all but one CIFAR-10 experiment (AlexNet, without
DA), VOGN performs the best, or tied best. Adam performs the worst, but is surprisingly good in
CIFAR-10/ResNet-18.

Calibration Curves. Calibration curves [7] test how well-calibrated a model is by plotting true
accuracy as a function of the model’s predicted accuracy p̂ik (we only consider the predicted class’
p̂ik). Perfectly calibrated models would follow the y = x diagonal line on a calibration curve. We
approximate this curve by binning the model’s predictions into M = 20 bins, as is often done.
We show calibration curves in Figures 1 and 14. We can also consider the Expected Calibration
Error (ECE) metric [40, 15], reported in Table 1. ECE calculates the expected error between the
true accuracy and the model’s predicted accuracy, averaged over all validation examples, again
approximated by using M bins. Across all datasets and architectures, with the exception of LeNet-5
(which we have argued causes underfitting), VOGN usually has better calibration curves and better
ECE than competing optimisers. Adam is consistently over-confident, with the calibration curve
below the diagonal. Conversely, MC-dropout is usually under-confident, with too much noise, as
mentioned earlier. The exception to this is on ImageNet, where MC-dropout performs well: we
excessively tuned the MC-dropout rate to achieve this (see Appendix G).

I Out-of-distribution experimental setup and additional results

We use experiments from the out-of-distribution tests literature [16, 31, 8, 32], comparing VOGN to
Adam and MC-dropout. Using trained architectures (LeNet-5, AlexNet and ResNet-18) on CIFAR-
10, we test on SVHN, LSUN (crop) and LSUN (re-size) as out-of-distribution datasets, with the
in-distribution data given by the validation set of CIFAR-10 (10,000 images). The entire training
set of SVHN (73,257 examples, 10 classes) [42] is used. The test set of LSUN (Large-scale Scene
UNderstanding dataset [55], 10,000 images from 10 different scenes) is randomly cropped to obtain
LSUN (crop), and is down-sampled to obtain LSUN (re-size). These out-of-distribution datasets have
no similar classes to CIFAR-10.

Similar to the literature [16, 30], we use 3 metrics to test performance on out-of-distribution data.
Firstly, we plot histograms of predictive entropy for the in-distribution and out-of-distribution datasets,
seen in Figure 5, 15, 16 and 17. Predictive entropy is given by

P
K

k=1�p̂ik log p̂ik. Ideally, on out-
of-distribution data, a model would have high predictive entropy, indicating it is unsure of which
class the input image belongs to. In contrast, for in-distribution data, good models should have many
examples with low entropy, as they should be confident of many input examples’ (correct) class. We
also compare AUROC and FPR at 95% TPR, also reported in the figures. By thresholding the most
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likely class’ softmax output, we assign high uncertainty images to belong to an unknown class. This
allows us to calculate the FPR and TPR, allowing the ROC curve to be plotted, and the AUROC to be
calculated.

We show results on AlexNet in Figure 15 and 16 (trained on CIFAR-10 with DA and without DA
respectively) and on LeNet-5 in Figure 17. Results on ResNet-18 is in Figure 5. These results are
discussed in Section 4.2.
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K Changes in the camera-ready version compared to the submitted version
• We added an additional experiment on a continual learning task to show the effectiveness of

VOGN (Figure 3b).
• In our experiments, we were using a damping factor �. This was unfortunately missed in

the submitted version, and we have now added it in Section 3.
• We modified the notation for Noisy K-FAC algorithm at Appendix A.
• We updated the description of our implementation of the Gauss-Newton approximation at

Appendix B. Previous description had some missing parts and was a bit unclear.
• We added a description on a new method OGN which we were using to tune hyperparameters

of VOGN. We have added its results in Table 1 and Table 3. The method details are in
Appendix C.

• We added a description on how to tune VOGN to get good performance.
• We listed all training curves (epoch/time vs accuracy), including K-FAC, Noisy K-FAC, and

OGN, along with the corresponding calibration curves in Figure 7.
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(a) LeNet-5 on CIFAR-10 (no DA)

(b) AlexNet on CIFAR-10 (no DA)

(c) AlexNet on CIFAR-10

(d) ResNet-18 on CIFAR-10

(e) ResNet-18 on ImageNet

Figure 7: All results in Table 1
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Figure 8: Effect of prior variance on VOGN training ResNet-18 on ImageNet.

Figure 9: Effect of prior variance on Noisy K-FAC training ResNet-18 on ImageNet.

Figure 10: Effect of changing the dataset size reweighting factor ⇢ and prior variance on VOGN
training ResNet-18 on ImageNet.
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Figure 11: Effect of number of training and testing Monte Carlo samples on validation accuracy and
log loss for VOGN on ResNet-18 on ImageNet.
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Figure 14: Calibration curves comparing VOGN, Adam and MC-dropout for final trained models
trained on CIFAR-10. VOGN is extremely well-calibrated compared to the other two optimisers
(except for LeNet-5, where all optimisers peform well). The calibration curve for ResNet-18 trained
on ImageNet is in Figure 1.

Figure 15: Histograms of predictive entropy for out-of-distribution tests for AlexNet trained on
CIFAR-10 with data augmentation. Going from left to right, the inputs are: the in-distribution dataset
(CIFAR-10), followed by out-of-distribution data: SVHN, LSUN (crop), LSUN (resize). Also shown
are the AUROC metric (higher is better) and FPR at 95% TPR metric (lower is better), averaged over
3 runs. The standard deviations are very small and so not reported here.
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Figure 16: Histograms of predictive entropy for out-of-distribution tests for AlexNet trained on
CIFAR-10 without data augmentation. Going from left to right, the inputs are: the in-distribution
dataset (CIFAR-10), followed by out-of-distribution data: SVHN, LSUN (crop), LSUN (resize).
Also shown are the AUROC metric (higher is better) and FPR at 95% TPR metric (lower is better),
averaged over 3 runs. The standard deviations are very small and so not reported here.

Figure 17: Histograms of predictive entropy for out-of-distribution tests for LeNet-5 trained on
CIFAR-10 without data augmentation. Going from left to right, the inputs are: the in-distribution
dataset (CIFAR-10), followed by out-of-distribution data: SVHN, LSUN (crop), LSUN (resize).
Also shown are the AUROC metric (higher is better) and FPR at 95% TPR metric (lower is better),
averaged over 3 runs. The standard deviations are very small and so not reported here.
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