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Appendix A. FAQ

o What is the purpose of Zirue set?
In the Alquier bound we need to compute the Moment

Uy rp(\n) =1 Es By yrpn exp [An (,c%( £) = Ly f))} .

To estimate the Moment we do Monte Carlo sampling f ~ 7w and X', Y’ ~ D". We
use the Zie set to sample X', Y’ ~ D",

e How is the case where you learn the prior and posterior mean using the Ziam and
then the posterior variance using Zyalidation Telated to the standard Laplace approxi-
mation/ Variational Inference?

Our case can be seen as a greatly simplified case of Online Variational Inference
Chérief-Abdellatif et al. (2019) for the set Zialidation U Ztrain- In fact, in a truly
Bayesian approach we would typically optimize with Zaiidation U Ztrain @S the poste-
rior is assumed to reflect our best guess after seeing the data, making a validation
set redundant. We include the Standard Isotropic and standard KFAC case (where
Zalidation 18 not used for training but simply to provide a generalization certificate) so
as to demonstrate that the behaviour of our approach is relevant for standard practice.

o Isn’t the fact that X > 1 well known in the PAC-Bayes literature?
We are aware of results such as the one in Catoni (2007) p13 where for fized prior and
posterior distributions the optimal A is shown to be approximately

N \/ 2a(KL(p||m) — log(c))
nE L% v (F)(1 = EppL v (f))

for a > 1 (note the change in the scaling of A to match our own text). Taking this
into account, for small KL the value of A will be through this analysis most likely less
than 1. More importantly, the relevant setting for the cold-posterior effect is the one
where we optimize the posterior for different values of A\, and not for fixed posteriors
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which is the setting of Catoni (2007). In particular it is not obvious that the result
of Catoni (2007) is the same when changing p based on .

Can you explain the Gradients as Gaussian mizture: V f(x; wp) ~ Zle oiN (i, 02,1)
assumption?

The gradients per sample Vs, f(2; W;) act as a non-linear feature vector for each x.
When the linearization of a neural network is plausible (and therefore the neural net-
work is a linear classifier for high-dimensional feature vectors) it is also plausible that
the generative model of the feature vectors of the data samples is a Gaussian mixture
(see for example Bishop (2006) Section 4.2 for a discussion of Probabilistic Generative
Models). Note that for trained neural networks, previous works have also shown that
per sample gradients with respect to the weights, at w;, are clusterable (Zancato
et al., 2020) further supporting that the gradients of all the samples can be seen as
a Gaussian mixture. When analyzing minima of the loss landscape (as we do here)
linearization is reasonable even without assuming infinite width Zancato et al. (2020);
Maddox et al. (2021).

Wouldn’t the results be different if you optimized the ELBO to find MAP estimates?
The ELBO would force the MAP minima to be flat and the “noise” from the posterior
would affect less the test accuracy.

We use weight decay in our SGD implementation which should regularize somewhat
our learned network. Furthermore when explicitly penalizing for the minima curvature
Foret et al. (2020) researchers observe a consistent but overall small improvement
compared to standard SGD. This leads us to believe that optimizing the ELBO and
then computing the Laplace approximation would not significantly alter our results.

Hasn’t the Laplace approzimation been benchmarked before? What is the relationship
with your experiments?

We are aware of at least the following works that benchmark the Laplace approxi-
mation (Daxberger et al., 2021a; Ritter et al., 2018; Antorén et al., 2022; Daxberger
et al., 2021b; Immer et al., 2021). In Daxberger et al. (2021a) p23 Figure 8 (part of
the Appendix) it is evident that when trying to fit the Laplace approximation over all
the weights in the neural network there is some deterioration of the test accuracy with
a corresponding improvement in AUROC. Even if for some MAP estimates fitting the
Laplace improves both the accuracy and the AUROC, on average the Laplace accu-
racy is as good as the average MAP accuracy. In Ritter et al. (2018) p15 Tables 1 and
2 (part of the Appendix) we see that the accuracy is in both MNIST and CIFAR-100
cases slightly worse than the MAP accuracy. In Immer et al. (2021) p28 Table B4
(part of the Appendix) the difference between the best Laplace and the MAP estimate
in terms of test accuracy is on the order of 0.1% or even 0.01% and the gains in terms
of ECE and OD-AUC are not consistent. In Antorédn et al. (2022) p26 Figure 13 (part
of the Appendix) the smallest prior variance is the best in terms of test NLL. Finally
in Daxberger et al. (2021b) p15 Tables 2 and 15 (part of the Appendix) for the cases
without corruptions, both in the MNIST and CIFAR-10 case the proposed Laplace
approximation (over a subsample of the weights) results in lower test accuracy, except
in the case of CIFAR-10 with gains in the ECE.
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Appendix B. Proofs of the main results
B.1. Proof of Proposition 4.1

Recall that we model our predictor as fin(z;w) = f(z;w;) — Vwf(z;ws) T (W — wp).
Then for the choice of a Gaussian likelihood, given a training signal x, a training label y
and weights w, the negative log-likelihood loss takes the form ¢, (w,x,y) = %111(27702) +

5wz (Y= f(&5wp) =V f(@;w)) T (w—w))2. We also define £y (f) = (1/n) 32, £(f, @i, yi)-
Our derivations closely follow the approach of Germain et al. (2016) p-11, section A.4.
Given the above definitions and modelling choices, we develop the empirical risk term

2n02EWNﬁ£A§(“3'Y(W) —no?In(210?) = By Z flxi;wp) — Vi f(23; Wﬁ)T(W —w;))?

= Bwslly — f(Xswp) — Ve f(Xswp) T (W -wy)l3
= Ewsllly = FXwp)[3 — 2(y — F(X;wp) Ve f(X;wp) T (w —wp)
+(w=wp) Vu f(Xswp) Vw f(Xswp) T (W — wp)]
= Bwplly — F(Xswp)l3 — 2(y — f(Xwp) "V f (X wp) T (w — w))
+(w—wp) [ 2 V(@i wp) Ve f (@i wy) | (w — wp)]
=Ewplly — F(Xswp)l3] = 2(y — f(X;wp)) Ve f (X; wp) | Ev sl —w,]
+Ewny [(W —wp) | [ Vw /(@i W) Vw f(@iwp) T] (w - Wﬁ)]

= lly = £ w3 + 02 [, 50, (T fl@is wy),)?]
= [ly — F(Xswp)lI3 + oph.

In the penultimate line, we have used the fact that a real number is the trace of itself as
well as the cyclic property of the trace. The second summation (ZJ over the parameters
of the model) results from the fact that p = N (wy, agl) is isotropic with a common scaling
factor o2. The term in blue is exactly the Gauss-Newton approximation to the Hessian of
the full neural network, for the squared loss function (Kunstner et al., 2019; Immer et al.,
2021), and in the last line we set h = [Zl > (Vw f(@i; wﬁ)j)z} . Since h is a sum of positive

numbers, taking into account that the blue term is the Gauss—Newton approximation to
the Hessian and if we assume that the Gauss—Newton approximation is diagonal, then h is
a measure of the curvature at minimum w of the loss landscape. We finally get

2
sty ooy Y= Fwp)I3 o3k 1 2
Ew Ly (W) = 9102 + o2 + 3 In(27o”).

We continue with the KL term which is known to have the following analytical expression
for Gaussian prior and posterior distributions

2
™ ™

1 Ug 1 2 Ug
KL(N(Wﬁ,J I)||/\/(W7r7 o ))25 d;—l—;”wﬁ—wﬁﬂ —d—dlna— .
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We finally develop the moment term. Using an intermediate variable A, = /\7” to simplify
the calculations, we get

Uy rp(An) =InEp BE(x ynpn exp [)\n (C%“(f) - ﬁzxny,y/(f))]
=InE; o E(x/ y/)~pn exp [)\n (E(m’y) [ln(27r) + (y — fin(x; W)Q]
— In(2m) — (1/n) 325 (4 — fuin (i3 W)?)]
=InE; <Ex/ynpn exp [An (B [y — fin (@ w)?] = (1/n) 3, (45 — fin (w3 W)?)]
<InEw~rexp [)\nE(m,y) (v — fiin(z; W))ﬂ
=InEwr eXp[AnE(m,y)(f(:B; Wﬁ) + vwf(a:; Wﬁ)T(W* - Wﬁ) +e
— (f(@;wp) + Ve f(z;wp) (W —wp)))?]
=InEywx exp[)\nE(%y)(VWf(m; wﬁ)T(w* —w)+ 6)2]
=InEwrexpMEz[(Vwf(x; wﬁ)T(w* — W))2] + )\naz].
Inequality in line 4 is because the exponential function is less than 1 on the negative half
line. In the fifth line we use our modelling choice y = f(x; W;)+ V f(x; W;) | (Wi —Wj) +¢,
where € ~ N(0,02). To obtain the final line we note that the gradient of the neural network
output with respect to w, that is Vy, f(x;w;), does not depend on the label y. We get
the last line by applying the square and taking the expectation, given that the noise € is
centered.

We now take into account the Gaussian mixture modelling for the gradients per data
k
sample, Vy f(@;wp) ~ 37 ) ;N (), 02,1). We get

Ez[(Vwf(z; Wﬁ)T(W* - W))Q] = E[(Q; Vw/f(z;wp)i(ws — W)i)Q]
=Eq | Vol (@5wp)i (W —wW)F + 237, Vi f(2;W,)i Vi f (2, W) j(We = W)i(We — w);)
= 3 Ea Ve f (@ wp) | (we — w)? = 30, 3701 (6502)) (W — W)} = 02 |[w. — wl]3.

The red term cancels out because we assumed that each weight is independent of the others.
Next, we use the Gaussian mixture modelling to get Eg [V f(z; wj)?] = Z§:1(¢j‘73¢j)7 and
we finally set 02 = Z?Zl(@aij), as each component of the mixture is isotropic, thus the
second moment of all weights is the same. By completing the square above, one obtains the
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Gaussian expectation of this squared norm and forms the moment term as follows

Uy -p(A,n) =InEw.rexp [)\nain* — WH% + )\naf]

1 An0g|[Ws — wrl[3 2]
=1In exp z + Ao
((1 — 2)\,10%07%)% 1 —2X\n0307 e

)‘naiHW* - WWH%

d 2 2 2
=5 In(1 —2\,050%) + = 20202 + A\o;
Ano2oid o2 || wWa — wel|3 o
1 =2\, 0202 1 -2\, 0202

_ Acdlodt v, el L
1 —2\,0202 e

which assumes 1 — 2\,0202 > 0. The second line above is obtained by using the moment

generating function of noncentral y? variables, while the inequality comes from In(u) < u—1
for u > 1. Setting back )‘2—" in place of A\, we get

1 o2(o2d + |we — wi||2) o2
— U, p(\,n) < 2T 24 e,
A b pAn) = 2 — 2An20202 5

We are now ready to minimize the following objective, where the moment term is absent

since it does not depend on a?)

. a0
min Eq. s L3% (w) +
1h Ew~p Xy (W) v

p

1
[KL(/\/ (wp, 31|V (W, 021)) + In 5]

The derivative of the objective function w.r.t. O'g simply writes

1 2
2no? 2no? + §ln(2ﬂ-0 )

0 <||y—f(X;Wﬁ)H§+ oh
Ho?
%b

1 1171 1 1
+)\7n [2 (C}_%dag + ?HWﬁ — W2 —d— dlnag —l—dln072r) -l—ln(s])

™
h 1 d d
:2n02+2)\n o2 o2
™ p
Now setting the above to zero we get the typical prior-to-posterior update for a Gaussian
precision term

L_ 1
O'% do? o2

The proposition is proven by replacing the terms in the bound from Theorem 3.1 with
the results derived above.
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B.2. A corollary with simplified constants

Corollary 1 For 0> =n =d = h = 02 = o2

2 =0n =Wl = ws —we|| = 02 =1,

€
|y — f(X;w,) |3 =0, and ignoring additive constants, the dependence of the Proposition 1
bound Bapproximate 0N the temperature parameter X € (0,1/2) is as follows, with probability

at least 1 — 6

1 1 101 1 1
Ey. ;Lo < - — = ——+In(A+1 In—|. 1
wetkp (WS 55y +)\{2<>\+1+n(+)>+n6} )
——
Empirical Risk KL
Proof The result is directly obtained by a simple inspection of Proposition 4.1. |

From this, we see that as we increase A the Empirical Risk term should decrease, while the
Moment term should increase. In this particular case, the KL also decreases. We see in
later experiments that this intuition is roughly correct, although on different scales for each
term.

B.3. Proof of Theorem 3.1

We include here a proof of Theorem 3.1, first presented in Germain et al. (2016), and based
on Alquier et al. (2016); Bégin et al. (2016); Germain et al. (2016) to illustrate how the
Moment term and the temperature parameter A arise in the final bound. The Donsker—
Varadhan’s change of measure states that, for any measurable function ¢ : F — R, we
have

Efp0(f) < KL(pl|7) + In(Er exp[d(f)])-

Thus, with ¢(f) :== A (E%(f) - EA&Y(f)), we obtain Vp on F:

A (Brpfh(f) = Brslioy (D) = Bpaph (£5(F) - Ly (£)
< KL(pl|m) + In (Egor exolt (L5() — £y ()]) -

Now, we apply Markov’s inequality on the random variable (- (X,Y") := Efr exp [)\ (C%( f)— E&Y( f ))]
and get

E(x/.y)epnCr(X, Y/)> >1-6.

ST

Prix,y)~pn (CW(X) Y) <

This implies that with probability at least 1 — 0 over the choice (X,Y) ~ D™, we have Vp
on F

E(X',Y')NDnEfw eXP[)\ (Eé(f) - ﬁg{,y(f))]
)

. 1 A
ELp(f) < Ef~ﬁ£§<,y(f)+x KL(p[|7) + In

Appendix C. Experiments

Includes the full set of experimental results along with experiments on regression datasets.
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C.1. Experimental setup

We run our experiments on GPUs of the type NVIDIA GeForce RTX2080ti, on our local
cluster. The total computation time was approximately 125 GPU hours. In the following
list, we include the libraries and datasets that we used together with their corresponding
licences

e Laplace-Redux Package (Daxberger et al., 2021a): MIT License
e Netcal package (Kiippers et al., 2021): Apache Software License
e Pytorch package (Paszke et al., 2019): Modified BSD Licence

e Abalone, Diamonds datasets (Dua and Graff, 2017): -

e KC_House datasets (harlfoxem, 2014): CCO0, Public Domain

e MNIST-10 dataset (Deng, 2012): MIT Licence

e CIFAR-10 dataset (Krizhevsky and Hinton, 2009): MIT Licence
e CIFAR-100 dataset (Krizhevsky and Hinton, 2009): MIT Licence
e SVHN dataset (Netzer et al., 2011): -

e FashionMnist dataset (Xiao et al., 2017): MIT Licence

C.2. Dataset splits

In all regression experiments, we will split the dataset into 4 sets: Zian the training set,
Ziest the testing set, Zyanidation the validation set, Ziu a large sample set that is used to
approximate the complete distributions. We detail the use of each split in the following
sections; refer to Table 1 for the specifics of splits for each dataset.

Ztrain Ztest Zvalidation Ztrue
Abalone 751 835 84 2000

KC_House 3923 4323 400 10406
Diamonds 9788 10788 1000 25970

Table 1: In this table we detail the number of samples that we add to each set of our
split, for each dataset. We aim to have a sufficiently high number of samples for
the Zirue- Zyalidation 18 chosen to be approximately 10% of the Zi.i, (note that
Zyalidation contains new samples). For the regression datasets, our training set is
approximately the same size as the testing set which is not a common setup in
classification. However, our aim is not to obtain the best training and testing error
but to investigate the behaviour of our models for varying A.

For the classification datasets CIFAR-10, CIFAR-100, SVHN, FMNIST we used the
standard test and train splits. We use 10% of the data for the validation set.
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C.3. Models

For our regression datasets, we use a fully connected network with two hidden layers with
100 neurons each and the ReLLU non-linearity. We train our networks to minimize the Mean
Square Error (MSE) loss. We evaluate the NLL with a Gaussian likelihood with ¢ = 1.

For the classification datasets CIFAR-10, CIFAR-100, and SVHN we use the WideRes-
Net22 (Zagoruyko and Komodakis, 2016) architecture. Because the Laplace approximation
does not interact well Antordn et al. (2022) with BatchNorm (Ioffe and Szegedy, 2015) we
instead use Fixup Initialization Zhang et al. (2019). We train our networks using the soft-
max activation and the cross-entropy loss. We use the SGD optimizer with learning rate
n = 0.1, weight decay 5e-4, and momentum 0.9 and 300 epochs. We furthermore divide the
initial learning rate by 10, at the point of 50%, 75%, and 87% of the epochs. We also use
dropout with 0.4 after all the Resnet blocks. We evaluate the NLL using the cross-entropy
loss.

For the classification dataset FMNIST we use a Convolutional Network with 3 nonlinear
convolutional layers followed by 2 non-linear fully connected layers. We use the SGD opti-
mizer with learning rate n = 0.001, weight decay 5e-4, and momentum 0.9 and 10 epochs.
We evaluate the NLL using the cross-entropy loss.

We do not use data augmentation in any experiment. This partially explains the prob-
lems with the CIFAR-100 dataset. In particular, in preliminary experiments (which we
include further in the Appendix) both the CIFAR-10 and the CIFAR-100 datasets improve
significantly in accuracy with data augmentation (random flips and random crops) and the
matrix inversion in the CIFAR-100 KFAC case is better posed and results in significantly
improved accuracy 70% over the non-augmented counterpart.

Average MAP Test Error

CIFAR-10 10.4%
CIFAR-100 40.6%
SVHN 4.2%
FMNIST 8.8%

Table 2: In this table we plot the average test 0-1 Loss of the MAP estimates of the different
networks and datasets.

C.4. Evaluation of bounds
C.4.1. ALL APPROXIMATE BOUND EVALUATION Bjpproximate

We need to evaluate the following bound
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Ew-, L2 (w) <

ly — F(X5wp)ll3 1 ho1
: — + —In(2
o + % n (,% 5 + 5 n(27) +

Empirical Risk (2)

1 [1fad 1 1 ) 1 ) 1
— St S, — —d—dln——— +dl In~|.
i 3 (g i o ) o)

™

g

KL

To estimate the bound we need to measure the following quantities

o h = S (Vwf(xi;ws)i)?| the curvature at the minimum. Note how this cor-
7 i prI

responds to the sum of the squared gradients per data sample. We can compute
this term using the Laplace-Redux package (Daxberger et al., 2021a) which has as a
backend the BackPACK package (Dangel et al., 2019) or the ASDL package (Osawa,
2021).

e w, and w; the prior and posterior means. We can also compute these terms explicitly.
We typically train a deterministic neural network with SGD on Z i, to obtain a MAP
estimate w, then we also set w; = wr, such that ||w; — wz||3 = 0 in the KL term.
This typically makes bounds tighter and is valid so long as we evaluate the other
terms in the bound on Zi ainsuffix-

e 02 the per weight variance of the per-sample gradients. We estimate these using
the data split reserved for approximating the full distribution Zi,.. We estimate

: (Vo f(@i3w5)5)° :
2 Lic i 2 (Vw (@iwp))) . Note that we do the above instead

this quantity as o7, = o Trweights
of actually fitting a Gaussian mixture on the gradients which would be tedious and
error-prone.

e ly— f(X;wp)||3 the MSE of the MAP classifier.

e 02 the aleatoric uncertainty of the data. While we could estimate this using for
example a Gaussian Process, since it is just a small constant we set it to be 02 =1 in
all experiments

e |[w. — w,||3 the £2 norm of the difference between the weights of the oracle function
that generated the labels w,, and our prior mean w,. The oracle quantity w, is
unknown. Setting [|[w, — w3 & |w; — wr[|3 = |[wr — wx[|3 = 0 might be too
optimistic so instead we set ||w, — wx||3 &~ |w;||3 = ||wr||3. (Remember that we set
W, = W, to make the bound tighter.)

The values of the following variables can be set when evaluating the bound:

e o2 the prior variance.
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e d the number of weights in the model.
e ) the temperature parameter.

e ) the confidence of the bound, we typically use § = 0.05.

C.4.2. MIXED BOUND EVALUATION Bixed

We need to evaluate the following bound

Ew~, L0 (w) <

Iy—f(X;W/a)§+< ! )mlmﬂ
2

2n %4-0% 2n

Empirical Risk

™ d o2

1 (1(d 1 1 1 1
+— |zl 5v—+ S5lws—wel3—d—dln——— +dlno? | +1n =
An[Q(aﬁ’\d’l+;% g2 F Ao 1 u 5

KL

To estimate the bound we need to measure the same quantities as in the Bapproximate
except for 02,02 and ||w, — w,||3. In their place we need to estimate

Uy rp(An) = M E By v pn exp [)\ (5%11( 1) = Lo f))} .

We can approximate this term as

VerpOm) ST ST e [ (£ — £y (1)]

firem (X5,Y])~Dn

by using Monte Carlo sampling. We note that this Moment term requires a sub-Gaussian or

more generally a sub-Weibull assumption on the random variable V' = (E%“ (fi) — EAEH}_I’Y, ( f1)> ,
so that we are sure that it is bounded. We use m = 100 samples to approximate this t]erjm in
all experiments. Even when assuming that the variable V' is sub-Gaussian or sub-Weibull
(and therefore has light tails) the exponentiated variable might have heavy tails. More
importantly for large values of A\ the variance of the corresponding naive Monte Carlo esti-
mator that we implement might have large or even infinite variance, making our empirical
estimate unreliable. We thus present the results on the bounds for the regression data with
these caveats in mind.

C.4.3. ALQUIER BOUND EVALUATION Bajquier

We need to evaluate the following bound
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Ew s L3 (w) < Ep s L300 (f) +

Empirical Risk

0

d o2 0 d o2

1(d 1 1 1 1
= (Ahl + 07||Wﬁ — w3 —-d— dlnﬁ —I—dlnazr) +1n—

KL
(4)

To estimate the bound we need to measure the same quantities as in the Bixeq €xcept
for the empirical risk. We estimate this by sampling directly from the empirical loss using
Monte Carlo sampling

~ 1 ~
¢ ¢
EfpLxy(f) = - Z Lxy(fi)-
finp
We use m = 100 samples to approximate this term in all experiments.

C.4.4. ADDITIONAL NOTES ON BOUND EVALUATION

For the regression datasets, we tested 20 different values for o2 in [0.00001,0.1].

We try to make our bounds as tight as possible. To do this we try to control the term
|w; — wr||3 which typically dominates the bound. We follow for all tasks a variation of
the approach of Dziugaite et al. (2021). Specifically we use Zi;,in to learn a prior mean w
then we set, w; = wy, such that ||w; — wr||3 = 0. Note that we can still evaluate a valid
bound so long as we set (X,Y) in Theorem 1 to be independent of the prior mean. This is
the reason why we separated a part of the training set in the form of Z,,jidation- We thus set
(X,Y) = Zalidation in Theorem 1. All bounds (Baiquiers Bmixed, Bapproximate) can then be
evaluated by taking into account this substitution. Note that our final model deviates from
what would be typically used in practice, but it shouldn’t deviate significantly. Specifically
our models are a modification of the commonly used Laplace approximation (Daxberger
et al., 2021a). We only use (X,Y) = Zialidation to learn the posterior variance of a Laplace
approximation, and in particular to estimate the curvature parameter h.

For most datasets (such as CIFAR-10) we are not aware of extended versions, and thus
we would necessarily have to draw Zi.ue from Ziain. This is why we cannot estimate the
Alquier bound for CIFAR-10, CIFAR-100, SVHN, and FMNIST, because to estimate the
Moment term we would need a large Ziu which would necessarily limit the size of the
training set significantly. Note that since in Moment term, we have to draw X', Y’ ~ D of
size |(X',Y")| = n = | Zvandation| we would need |Ziue| > | Zvalidation| S0 the decrease in the
available training samples would be significant, and consequently also the relevance for real
applications.

In our experiments, we test multiple values of A and o2. Typically one would need to
take a union bound over a grid on these parameters so as for the generalization bound to
be valid (Dziugaite and Roy, 2017). However this typically costs only logarithmically to
the actual bound. We ignore these calculations as our bounds are in general quite loose
anyway, and these calculations would result in additional terms that would make the final
bound even more complex.
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DIAMONDS
ABALONE > 0.95 - \ 75
0.98- == 80
3 0.7 = . BAlquicr -60 0.94 - \ -50)
E — 40
= 0.96 - \ 0.93 - 25
0.95 - 20
, , , : : 0
10-! 100 10t 107! 100 10t
(a) A () A
KC_HOUSE
\
0.96-. N\ 100
\
0.94 - N 50
10! 10 10!
A

(¢)

Figure 1: Balquier PAC-Bayes bound == = = and test NLL mean, as well as 10 MAP
trials (we denote A =1 by ). For varying A for the regression tasks
on the UCI Abalone, UCI Diamonds, and KC_House datasets. Baiquier bound
closely tracks the test NLL. There is a rapid improvement as A 1 followed by a
slowdown in improvements. Coldest posteriors A > 1 are always best.

For the bounds to be valid, one would typically want to show concentration inequalities
such that the Monte Carlo estimates of the Empirical Risk and the Moment terms con-
centrate close to the true expected value with high probability. We do not provide such
guarantees. Note however that, at least for the Empirical Risk term, our sample size of
m = 100 from the posterior distribution over weights is a sample size that is typically
used in practice and provides good estimates. Regarding the Moment term we typically
use m = 100. Specifically we sample 10 samples w; ~ 7 and for each w; we sample 10
samples from X;,Y; ~ D. We have tried to balance sampling sufficiently to approximate
the expectation on the one hand, and also not too much such that the computations become
prohibitive.

C.5. Additional regression results

We find ten MAP estimates for the neural network weights of the Abalone, Diamonds and
KC_House datasets by training on Zi,i, using Stochastic Gradient Descent (SGD) with
stepsize n = 1073 for ten epochs. We then fit an Isotropic Laplace approximation to each
MAP estimate using Zyalidation- For different values of A\ we then estimate the Alquier bound
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(equation 4) using X,Y = Zialidation, as well as the test NLL of the posterior predictive
on Ziest- We take a grid over prior variances 072” and we present results for 0'72|_ = 0.005
although the behaviour is similar for the other prior values.

We plot the results for all datasets in Figure 1. Somewhat surprisingly, the test NLL
always decreases with colder posteriors up to the point where the classifier is essentially
deterministic. The Bajquier bound correlates tightly with this behaviour. These results are
somewhat surprising, in that we would expect there to be a minimum in the curves, such
that some posterior variance o; > 0 gives better test results than the MAP estimate. These
results could be due to the poor (Isotropic) approximation to the posterior. We furthermore
note the caveats mentioned in the B.4.2 which make the estimates of the Moment term
unreliable.

In Figure ?? we see more detailed experiments on the regression datasets Abalone,
Diamonds and KC_House. We see that for all the neural networks that we trained across
all datasets the Bapproximate bound is very loose. Specifically for the cases we consider A
is always restricted to be A < 1 which is very limiting since we want to investigate cold
posteriors and A > 1. When comparing the Bpixed and Baiquier bounds we see that there
is little change in the bound values. Specifically estimating the Empirical Risk with Monte
Carlo sampling, instead of using a Taylor expansion of second order (as in Bapproximate)
doesn’t yield significant benefits. The big improvements are the result of estimating the
Moment term using Monte Carlo sampling.

C.6. Complete classification results

We plot in Figure 4 the standard Isotropic and standard KFAC cases for the ECE. Even
without data augmentation and even when we optimize the prior variance using the marginal
likelihood, we find that all three cases of temperatures (cold posterior, warm posterior, as
well as posterior with A = 1) can be optimal, for varying datasets. Unfortunately we are
not aware of approaches to directly bound the ECE. The ECE is notable for having a
significantly different behaviour from the NLL and the 0-1 Loss. At the same time, better
calibration in terms of ECE than a simple MAP estimate is one of the purported main
benefits of the Bayesian paradigm.

In Figure 5 we plot the Pareto front of the test 0-1 Loss with respect to the test ECE.
The top row is the standard Isotropic case and the bottom row is the standard KFAC case.
We see that in most cases there is a clear tradeoff between the test 0-1 Loss and the test
ECE. These results might be relevant for the applicability of the Laplace approximation for
improving the ECE.

In Figure 6 we see that data augmentation (random flips and crops) results in better
test accuracy and makes the matrix inversion in the Laplace approximation better posed
such that the accuracy on CIFAR-100 is within a normal range.
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Figure 2: Test 0-1 Loss mean, as well as 10 MAP trials
generalization certificate == == = (we denote A = 1 by ): Bcatoni PAC-Bayes
bound (top), standard Isotropic Laplace posterior (middle) and standard KFAC
(bottom). The Bcatoni PAC-Bayes bound closely tracks the test 0-1 Loss. For the
standard Isotropic and KFAC posteriors the test and validation 0-1 Loss behave
similar to the Catoni case, with a rapid improvement as A 1 followed by a plateau.
Coldest posteriors A > 1 are always best.
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Figure 3: Test NLL mean, as well as 10 MAP trials , along with the validation
NLL = == (we denote A = 1 by ) for the Standard Isotropic Laplace

posterior (top) and standard KFAC (bottom). The test and validation NLL show
warm posteriors (FMNIST and SVHN KFAC), cold posteriors (CIFAR-10) and
posteriors with A = 1 (SVHN Isotropic). The general trend remains a rapid
improvement as A 1 followed by a plateau, however the coldest posteriors A > 1
are not always optimal contrary to the 0-1 Loss case.
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provement as A T followed by a plateau, however the coldest posteriors A > 1 are
not always optimal contrary to the 0-1 Loss case.

Figure 4: Test ECE
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Figure 5: We plot the Pareto front of the test 0-1 Loss with respect to the test ECE. The
top row is the standard Isotropic case and the bottom row is the standard KFAC
case. We see that in most cases there seems to be a tradeoff between the test 0-1

Loss and the test ECE.
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Figure 6: Test 0-1 Loss mean, as well as 10 MAP trials , along with the
validation 0-1 Loss == == = (we denote A = 1 by ) for the Standard Isotropic
Laplace posterior (top) and standard KFAC (bottom) for CIFAR-10 and CIFAR-
100 with data augmentation (random flips and crops). The performance on both
improves significantly and the Laplace approximation becomes better posed.
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