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Appendix
A. Derivations for valid bound

We present again for clarity the PAC-Bayes bound by Catoni (2007).

Theorem 2.1. (Catoni, 2007) Given a distribution D over X’ x )/, a hypothesis set F, a loss function ¢/ : F x X x Y — [0, 1],
a prior distribution 7 over F, a real number § € (0, 1], and a real number 8 > 0, with probability at least 1 — § over the
choice of (X,Y) ~ D™, we have

Vpon F: By s L0(f) <O (B Ly v (f)
(1

(KL(pl|) + In 1)),

L1
Bn 1)

1—e”P®

where @gl(x) =T

Evaluating a valid PAC-Bayes bound, using empirical estimates, requires some care.

Optimizing ). For a start, when modeling w(0) = N(0, AI), it is often beneficial to optimize the hyperparameter A. As
the PAC-Bayes theorem requires the prior to be independent from the posterior, we need to take a union bound over an
appropriately chosen grid, representing different possible values of A. Following (Dziugaite & Roy, 2017), we can choose
A = cexp{—7j/b} for j € N and fixed b, ¢ > 0, where ¢ corresponds to the grid scale and b to it’s precision. Then, if
the PAC-Bayes bound for each j € N is designed to hold with probability at least 1 — -2, by union bound it will hold

T j2 s
uniformly for all j € N with probability at least 1 — (f;—‘z) > jeN J% = 1 — 0. We solve for j = blog § and substitute

this value in the probability for each term in the union bound. We get that any bound corresponding to j € N holds with

probability 1 — #‘W. Thus looking back to theorem 2.1 the term In % becomes In %. In practice we see
that even for very large numbers c, b, § when divided by the number of samples 7 the term In %{;C/’\) is negligible and

we treat j as a continuous number.

Empirical estimate of Eg. ﬁ*(g)ﬁgyy( fo). Furthermore, assuming an optimized posterior p*(0) directly evaluating
Eog. p*(g)£§é7y( fe) is intractable. Instead, since [lf;éy( fe) is a bounded random variable, one can approximate the expecta-

tion using Monte Carlo sampling and use a Chernoff bound to bound it’s tail. Let EQY (fo)=(1/m)> ", £€;7y(f9i) be
the observed failure rate of m random hypotheses drawn according to p*(8). One can then show the following (Langford &
Caruana, 2002) (presented here without proof)

Theorem 0.1. (Sample Convergence Bound) For all distributions, (*(0), for all sample sets (X,Y'), assuming that
L v (fo) € [0,1]

~ gt ~ 1 In %
Prﬁ*(o) (EGNﬁ*(O)‘Cg(,Y(fO) < ‘Cg(,Y(fO) + TTS ) )

S 5/7

where m is the number of evaluations of the stochastic hypothesis.

We take a union bound over values of A, and apply the Chernoff bound for the tail of the empirical estimate of E ¢, ﬁﬁgl(y ().
Putting everything together, one can obtain valid PAC-Bayes bounds subject to a posterior distribution 5*() that hold with
probability at least 1 — § — ¢’ and are of the form

B (o)Ll fo) <05 (£ v (fo) + —KL(7"(8)]|7)

Bn
3)
1 2% In(c/N)? In 2
T T )

where CI)El (x) = 11_76;7 . Also ¢, b are constants, m is the number of samples from / for approximating E ., [;ﬁf;;y f)

and fﬁé v (fe) the empirical estimate.
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Number of samples for Chernoff bound. In our experiments we use m = 1000 for all experiments including VI
experiments. We make a single exception due to time constraints for the case of optimizing the posterior in closed form
(Section 4.1 equation 6) where we use m = 100.

e For m = 1000 and ¢’ = 0.05, this gives bounds with confidence 1/ W ~ 0.06.

e For m = 100 and &’ = 0.05, this gives bounds with confidence 4/ % ~ 0.19.

Importantly bounds with even higher confidence % ~ 0.019 and sample size m = O(10%) are possible for all

experiments with a computational time in the order of weeks. However we consider this point a technicality as the Chernoff
bound is quite pessimistic. Empirically the estimates in our experiments converge much faster than implied by the bound
analysis, exhibiting no significant difference between m = 1000, m = 100 or even m = 10 in the isotropic cases. This is
because this particular Chernoff bound is an application of Hoeffding’s inequality for general bounded random variables
(Vershynin, 2018)[p. 25]. The only assumption is that the random variable is bounded Eé’(ﬁy( fo) € [0,1] , and thus the
variance of the random variable is significantly overestimated.
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B. Proof of Lemma 4.1

Lemma 4.1. The convex optimization problem mins:, E, 5 (g) (317 Hn] + BKL(5(0)||7(0)) where p(0) = N'(p5, )
and 7(0) = N (i, A2 ) is minimized at
B

¥ = BH+ I3 )
where H = V2 ﬁﬁgafy( fe) captures the curvature at the minimum, while 3. is the prior covariance.
Proof.
. 1 .
Cs(X,Y;p,m) = Enepro)[5m" Hn] + SKL(5(6)[|7(6))

= By (o) (")) + BKL((0)](6)

1 .
= Str(HEy (0 [mm"]) + BKL(5(0)]|7(6)) (5)
1 B, 1., 1 S
= otr(HEp) + S (tr(3E77 %)) —k+ T (ks — pa) Zr (15 — Br)
n det AX )
det Ep*
The gradient with respect to 3 is
OCH(X.Y:pm) 1. By B
=-H+ -3~ —=37"|. 6
%, GH+ 35 — 3% ] ©)
Setting it to zero, we obtain the minimizer 37 = S(H + gZ;l)‘l. O

C. Proof of Lemma 4.2

Lemma 4.2. The optimal prior and posterior covariances for ming, -, Cs(X, Y’ p,7) = ming, o, Eywp(0) [%nTHn] +
BKL(p(0)||7(0)) with 5(0) = N (p,05) and 7(0) = N (g, Ao ) have elements

-1 Lo 2 4Bhi
(05 = gl \/hi s — um)Q]’ @
* \—1 A 2 4th
L= A2 — i, 8
(o) 25[\/ it (ip — 1n)? ] ®)

where H = V2£%", (fg) captures the curvature at the the minimum. Then

. . 1
min Cg(X,Y;p,m) > 5(2 ai(pip — phin)?

050 ,

K2

+5Zm<’%%>,

where a; £ a;(8, pip, pims hi) = [\ 13 + G2y — hil.

€))
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Proof. The developed objective (5) is

R 1 B, 1., 1 S det A,
Cs(X,Y; = Str(HE)) + - (tr(2,125) — b+ —(p, — S, — In(—5"
/3( ) 710’ 7T) 2 I‘( P) + 2( I‘()\ ™ P) + )\(Mp u’ﬂ') iy (u'p p’Tr) + n det Eﬁ

We substitute the precision matrix A, = X Land © 5 with the minimizer Ez =pH+ gA,,)_1 in (10), we

Cs(X,Y5p,m)|s,=55 = %tr(Hﬂ(H + §Aﬂ)71) + g(tréAﬂﬂ(H + §Aﬁ)71)
[ o det AA?
:ﬁtr(H(H+ Ba )+ j(tr(A (H+ A )h)
2 AT 200 T A
51 - det AAS?
+§(+X(Hﬁ_uﬂ) Aﬂ'(p’ﬁ_p’ﬂ)_k’.—’_ln (detﬁ(H-i—fAn)l))
B B B\
] . det AAS?
X(ll’ﬁ_u’w) Aﬂ(“ﬁ_“w)_k+1n (detB(H+§Aﬂ)l>)
1 - det AA?
=g T3~ pia) Anpty = ) 1 (det B(H + wa)]'

Substituting A, = diag(A1r, Aor, ..., Agr) and H = diag(hq, ha, ..., hy) in the above expression we get

~ ﬂ 1 Aiﬂ- hz + éAi‘n’
Cp(X,Y;p,m)|s,=5r = g(x ZAiw(Hiﬁ — in)® — Zln( h )+ ZIH(T/\))

The above expression is easy to optimize. We see that the sole stationary point exists at

A= )\[\/h? + m — h].

23 Hip — .ui'fr)2

)) (10)

obtain

Y

12)

(13)

We now need to calculate second derivatives so as to prove that the stationary point is a local optimum. We go back to
the developed objective (10), and substitute 3; = diag(o;) and X, = diag(o,). For the diagonal approximation the

objective turns into a sum of separable functions.

) hi B aip p Bpip — pin)? 1
CB(X’Y;p’W):ZEz%J’Zﬁf—ZngZ%?

i

+ g[z In(Aoir) — Z In(;p)]

(14)

= ZAZU'Lﬁ + ZBZ O-iﬁ — Z g + Z CZ% + DZ[Z ln()\om) — Zln(olﬁ)}

Oin

Oin 2 Oin

=S i+ B:Z2 — 2 0L 1 Do) — In(oi0))]
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)2
B C’L — /5(#:/12)\#1,7\—) , Dl — g.

where we have set A; = %, B; = 5., -4

We take the derivatives of one of these functions with respect to 0;4, 03 and drop the indices 4 for clarity

ICs(X,Y;p, ) a4 B D’ 0Cs(X,Y;p,m) _B‘;ﬁ _%JFQ (15)
0o Or  Op Jdo, o2 02 op
and
aCﬁ(X,Y;ﬁ, ) D an(X,Y;[% ) 1
— 1 == 77 - —9(Bo, — - — 16
%0 o3’ 2o, (Bop +C) o3 o2 (16)

2

R 27 ~
00,00, o 0000, o2

We need to check whether the Hessian matrix is PSD so that the stationary point we found is a local minimum and the
function is convex. We do that by calculating whether all principal minors of the Hessian are positive.

D B
V2Cs(0p,0x) = l i D] (18)

(o0

We see easily that det(£) > 0. While
p

D 1 D B?
det(VZOg(O'ﬁ,O'ﬂ,)) = g (2(BO'[) + 0)0_73 — 0_2) — 0_—4
p ™ ™ T
1
= o1 (2CDo, — (Do — Boy)?) (19)

N 0 alom

(p — pr)? Lo ffﬁ)2>

\
VR
Q
mqm —
S
M‘Qw
~
S

The determinant is not always positive and the function is not convex. We now check whether the sole stationary point
is always a local minimum. We start by substituting o3 = 3 (h+ g%)_l in the multiplicand of (19) as the multiplier is
positive by definition

2 * 1 572 (p — pr) 1 B Bl 0
_ 1 52 (Mﬁ — Mw)z 1 B T 2
_0320;%2( ) "”_2("”_A(maﬂ+ﬁ>))
1 B2 (1p — fir)? _ oz _ B 2

1 2 p — Hm 2 ™ h ™

p o T
_ 1 By —pa)®  NhPo}
o503 2 A 2(hAox + )2
1

= 2 A_7T2]/I/A7r+ 2—)\3h23

1
= 20 (1 — pir )2 (RN + A B)? — N3R2
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Where we substituted o, = A_! as this will make the calculations easier. We now show a useful identity for A* =

s5(y/h? + Gty — ]

A

5( (1p — fir) _Qh\/ L reaymE )

A(( - s )* )

45 (21)
hA A

Bﬁ((h_ e <up—uw>>+<uﬁ—uw>2>

hA A .
B ((up — pr)? A”)

We substitute A, = A% in (20) and again develop only the multiplicand

1
ox2\(hAAE ! 4 B)?
= AL (1p — pe)* (hA+ AL B)° = N°1%)
= AL (15 — pe)*(W2N7 + 20AAL B + (A3)*B%) — APh?)

det(V2Cp(0},07)) = (2% (ip — pox) (A + A7 B)? — X°D%)

hA A
= A2A5 (pp — pur )2 (W2N% 4+ 2hAANE B 4+ — < —A*> B%) — \3h?
( ( P ) ( 5 (Hﬁ*#w) )
. ) A2h
= A(QATF(/’(/ﬁ — Mﬂ—)Q(hQ)\Q + hAAY B + (/1118_/1)2) — /\3h2)
p T
* 201,212 ﬂ>\2h *\2 2 37,2
= AQ2A7(pp — px) " (h7A +m)+2(1\ﬁ) (1p — pr)"hAB — A°R7)
P (22)
= AN (1 — 22N 4
A (1p = )
hA A N
+2? <(,UA —u )2 _Aﬂ') (:uﬁ _Uﬂ')2h/\ﬁ_ )\3h2)
p ™
x 207,212 BA*h 312 242 245 _ \332
= AQCA(pp — pr) (RN + —————5) + 2X°h° — 2h“ A" (s — pa)“As — X°h
e (5 — n)? ? -
p— HMm
* 207212 BA%h 372 242 2 p%
= AQ2A7 (s — o) (R7A +m)+>\ h™ = 20" A" (pp — pix)"A%)
p T
= A(2A5BN2h 4+ A\3h?)
>0

> (. We have used (21) in lines 4 and 7.

_ 1
where we have set A = TN (AL) B

Indeed the stationary point is a local minimum. We now show that there are no other local minima at the boundaries
of the domain. From (14) we see that we only need to evaluate expressions of the form f(o;) = o; — In(op) and
g(ox) = & +In(0p). By application of L'Hopital’s rule it’s easy to show that

p

lim Cg(os,0-) = lim Cg(os,0x)

o;—0 op—+00
ox=cCt o =Ct (23)
= lim Cg(os,0-) = lim Cg(os,0x) =400

ops=ct op=ct
or—0 Or—+00



Dissecting Non-Vacuous Generalization Bounds—-Appendix

D. Proof of Lemma 5.1

Preliminaries We remind that a neural network transforms it’s inputs ap = @ to an output fg(x) = a; through a series of [
layers, each of which consists of a bank of units/neurons. The computation performed by each layer i € {1, ...,1} is given as

s; = Wia;_q,

a; = ¢;(s;).

We also denote the vectorization of the weights as @ = [vec(W )vec(Wy7) - - - vec(W( )], where vec(W?") are the
weights corresponding to layer ¢ and neuron j. We assume trained vectorized weights p;; and trained weights in matrix
form W ; for layer <. We will be adding bounded perturbations to the weights of each layer  so that ||[W; — W || < C.
We will want to quantify the effect of these perturbations on the latent representations of the network.

We then define A; = [a?,- -+, a?], where ag is the unperturbed latent representation of sample j at layer ¢, where A; is
produced by the operation A; = rect(W ;A;_1). We perturb only layer 7 and define A, as the representations resulting
from the new perturbed matrix W, Ai = rect(W,;A;_1). We then define Ai as the representations at layer 7 with
accumulated error from layers < 4. Similarly we can define the same quantities for the pre-activations s/, we denote the

corresponding matrices as S; and S;.

We can then define the layerwise mean square error from perturbing only layer ¢

&t = (1/n)||A; — Aill%,

B} = (1/n)l|S;: = Sill%,
as well as the accumulated mean square error

& = (1/n)]|Ai - Aill%,

E? = (1/n)||S; — Sil[F

where the true representations are considered as constants. We make a simplifying assumption, assuming that the mean
square error of our trained classifier is 0. In this case we can set £ﬁ}‘“§, (fo) = €2 = (1/n)||A; — Ay||%, as A; now

correspond to the ground truth vectors. We can easily extend to the non-zero error case using the triangle inequality.

These errors are difficult to analyze theoretically. As such we will make the useful assumption that they are well approximated
by a quadratic, which will make the analysis tractable. This assumption is quite strong and we do not claim that the
approximation is tight. Furthermore Figure 3 of the main text does not directly apply in this setting; we will be dealing with
the mean-square error instead of the categorical cross-entropy and we will be analyzing layerwise errors instead of the error
at the output. At the same time our aim is only to derive a useful surrogate objective. The empirical results in Section 5
provide evidence that the surrogate we propose is indeed useful in providing tighter bounds.

Useful Lemmata We prove the following Lemma which will be useful later. We first show that the mean square error at the
output of a deep neural network can be decomposed as a sum of mean square errors for intermediate representations.

Lemma 0.2. Assuming layerwise perturbations that are bounded by a constant ||W; — W 5;
mean square error é; at layer | can be bounded as

|r < C, the accumulated

l
(1/n)| A = Al <D eil/n)l|A; = AjlE + O(!) (24)
=0

where Vi <1, ¢; = Hic:H»l ||[W||%, e = 1 and c is some constant.

Proof. We denote a1 a single element of &;,; and w} the corresponding row of W; where we drop the indices for
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individual samples and neurons for clarity. One can easily see through the properties of the rectifier function that

Giy1 = rect(wi,a; + Wi (a; — &)

< Giq1 + rect(wi (a; — &;)) (25)

< @i + Wiy (a; — &)

Similarly we can obtain a;1 < d;11 + |vviTJrl (a; — a;)| and therefore we can write

|Gis1 — i | < Wi (@ — a)].
In matrix notation this becomes
1Aii1 = Asil[r < Wit (A = A)|lr < [[Wira||rl|As — Aillr
By the triangle inequality we can then write

Eipr = (L/VR)l|Airs — Avnllr < (1/VR)l|Airs — Ava|lr + (1/V0)||Ais — Aspal e
< (V)W pl|Ai = Adlle + (1/ V) |[Ai — Aiga ||

A 1+1
< CIT Wl Ar = Adllr) + (1/VR)[[Ai — Aspallr (26)
t=0 k=t+1
i i+1
=S CIT IWkllpér) + éipa
t=0 k=t+1

If [[W; — W || < C, then the errors é; = ||A; — Ay|| and also all terms [T:E | [[W4||#é; are bounded. We raise

k=t+1 _
both sides to the power of 2. We get the desired terms as well as terms of the form H;;la 41 [WellF H;;lb 1 [IWi[[Féaéy
assuming that ||W;||r < \/c we see that these are of the order O((,/c)?') = O(c!) and we get the desired result. O

In the following it will be useful to deal with the preactivations sf instead of the representations a'z so as to avoid taking
derivatives of the rectifier non-linearity. We will then find useful the following simple Lemma.

Lemma 0.3. Given the true preactivations S; and representations A;, as well as the perturbed S, and A for layer i the
following holds

(1/n)l|A; = Asll < (1/n)IS; = Sil[- 27)
Proof. We assume (rect(x) — rect(y))? < (z — y)? and check that it holds for different signs of x, y. O

We will now approximate the precativation error for each layer using a second order Taylor expansion. We prove the
following.

Lemma 0.4. We apply a Taylor expansion of the layerwise preactivation error Ef (0) of layer i, around a point p. Given j
neurons and n training samples, E2(0) can be approximated as

EF(6) = (1/n)l|Ss = Sill =Y (8i5 — 1) "Hi(8i; — pyy) + O(110; — il *). (28)

J

where H; = (1/n) Yp_gak_jab 7.

Proof. It will be easier to work with the vectorized weights per neuron 8;; directly. We note that the unperturbed
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representations .S; are considered as constants, and get

OE? ) .
- 1/n)]|8; — S;||2
26, 80”( /n)] |7
0
= 5, 1/MIW:iAizs = Silli
= 0 )3 (Waalk, — 2
aeij prer A (29)
= 1/” ZZHaztaz 1 thg
k=0t
n s 2 n T
Z ztaz 1 zt||§:EZ(0£ f 1 S?j>a£€71

0 k=0

where in the third line we expand with respect to the samples and in the fourth line we expand with respect to each neuron.
Then we can calculate the second order derivatives.

D2E? D 2K, .1 T 2L T
i z 0L ak kyak = =2 k gk * 30
020, 89@71;:0( -1~ 8 nkzz:oalflal’l (30)

From the above, it is clear that the Hessian is block diagonal, with identical blocks for each neuron j. We can the approximate
the layerwise error é2 using a second order Taylor expansion around a point p as

o OF? 1 P E? f
B} = 50— m)" + 5(6’1« 1) g (0 = ) + O(16: — )
Z 31)
= 1(8i; — miy) Z ~af al 1 (05 — pi)] + 016 — il )

J

where we assume that the derivatives with respect to the layer weights of order other than two are negligible. This is a strong
but useful assumption to make, and one that will make the analysis tractable. O

We are now ready to prove our main lemma.

Lemma 5.1. The differentiable surrogate objective

L KL(p(0) [N (1 AT) + 10 -

Almse
Eos0) L5 (fo) + Bn 5) (32)
, assuming that the layerwise derivatives of order other than 2 are negligible, has the following upper bound
1 1 .
D [En i o) [5mi Himis] + %KL(K)U(O)HT(U(G)]
i,j (33)

+0O(c)

where p;;(0) = N (ppi5, Zpiz)> mij(0) = N (priz A1), Hy = (2/n) 321 aiﬂlafflT, are neuronwise posteriors, priors
and Hessians.

Proof. We assume that the prior 7(0) and posterior 5(0) are block diagonal, with blocks corresponding to weights in each
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neuron.

ci(1/n)|A; = Al + O(c!)]

MN

Eo~0) [ﬁﬁ?fix(fe)] < Egp0)l

K2

~ |l
=)

< Eo 0> ci(1/n)||S: — Sil[7 + O(c)]

K2

l
= Eoj0)[cilBo~po)(1/n)]|S: — Sil[7] + O(c')]
i:lO (34)
< Eopo)l(1/n)l|S: — Sill7] + O(c)

=0
l
= By, 0D miHim ) + O(c)
i=0 J

= Z C*EnijNﬁrlij(G) [nz;Hinij] + O(Cl)‘

.3

In line 3 we used the fact that the constant ¢; for layer ¢ depends only on layers k > ¢ 4 1, thus the two random variables are
independent and the expectation operator is multiplicative. In line 4 we assume that the terms ¢; = Hizz 41 [[W]|3 are
upper bounded by the constant c¢*. This is reasonable as in practice we will be adding Gaussian noise with bounded variance
to the layer weights. In line 5 we approximate the error E? = (1/n)||S; — S,||3 using (28) at point {5 wWhich is the mean
of the posterior (@), then we use that /' (8) is a centered version of /(). We finally assume that the term O(c!) dominates
the remainders from the Taylor expansion.

We then absorb the constant ¢* in the hyperparameter 5. By noting that the KL divergence of block-diagonal Gaussians can
be decomposed as KL(N (5(8)||7(0)) = >, KL(N (p;(0)]|7:;(8)) we get the desired result. O

Importantly we don’t require that the deep neural network was trained using the mean square error. Rather we can optimize
(33) for any network and assume that it’s representations remain close based on the mean square error. Our experiments
however show that optimizing (33) is also a good surrogate for keeping the 01-error small.

E. Experimental Setup

Experiments for Variational Inference were performed on NVIDIA Tesla K40c GPU. All other experiments were performed
on an NVIDIA GEFORCE GTX 1080 GPU. The libraries used were Tensoflow 1.15.0 (Abadi et al., 2015), Keras 2.2.4
(Chollet et al., 2015) and Tensorflow-Probability 0.8.0 (Dillon et al., 2017).

When training the original deterministic classifiers, for the MNIST architectures we used the Keras implementation SGD
with a learning rate of 0.01, momentum value of 0.9 and exponential decay with decay factor 0.001. For CIFAR architectures
we used the Keras implementation of Adam with a learning rate of 0.001, 5; = 0.9, 82 = 0.999, decay value of 0.00005
and the default value for the epsilon parameter. We used the softmax activation as well as the categorical cross-entropy
in both cases. MNIST architectures were trained for 10 epochs while CIFAR architectures where trained for 200 epochs,
which was sufficient for the training loss to stop decreasing.

When optimizing the posterior distributions centered at the deterministic classifier we used a grid search over /3 and/or A
where appropriate, with limits specified in the following tables. The computational time reported refers to the total time
required to compute the plots in the main text for each setup, including computing the posterior and/or prior distributions as
well as sampling m number of samples for estimating the expected empirical risk of the stochastic classifier.

MNIST. We report the following values for the MNIST experiments.
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Experiment B8 A Time
MNIST Is@0 - [0.031,0.3] 14h
MNIST Is@Init - [0.031,0.3] 14h
MNIST VI [1,5] [0.03,0.1] 11h
MNIST Post [0.001,0.07] [0.00005,0.01] 33h
MNIST Post+Prior [0.000007,0.001] - 10h
MNIST sK-FAC [0.001,0.02] [0.001,0.1] 33h

The 8 and )\ ranges are identical for MNIST10, MNISTS, MNIST2 while computation times are of the same order of
magnitude.

CIFAR. We report the following values for the CIFAR experiments.

Experiment I3 A Time
CIFAR Is@0 - [0.031,0.3] 15h
CIFAR Is@Init - [0.031,0.3] 15h
CIFAR VI [1,2] [0.1,0.3] 10h
CIFAR Post [0.001,0.1] [0.001,0.1] 32h
CIFAR Post+Prior [0.0001,0.001] - 11h
CIFAR sK-FAC - - -

The g and ) ranges are identical for CIFAR10, CIFARS, CIFAR2 while computation times are of the same order of
magnitude.

For the Variational Inference experiments we used the Adam (Kingma & Ba, 2014) optimizer with a learning rate of le — 1
for 5 epochs of training. For efficient inference we used the Tensorflow-Probability (Dillon et al., 2017) implementation of
the Flipout (Wen et al., 2018) estimator.

F. Notes on PAC-Bayes

We note here some important differences between the PAC-Bayesian setting and the standard Bayesian treatment of deep
neural networks, as there are some important overlaps in the terms used.

First, while PAC-Bayes refers to a “posterior” p this distribution is not required to be a posterior in the Bayesian sense. On
the contrary it can be chosen to be any distribution. As such we are free to model p using different distributions centered
on the deterministic neural networks, decoupled from how we trained the original deterministic network. In particular in
Section 5 we can minimize the mean square error surrogate from Lemma 5.1. even though the deterministic networks are
trained using the categorical cross-entropy loss.

Second, as noted in the main text the prior 7 in PAC-Bayes has to be independent of the training set but can depend on the
data distribution.
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