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This appendix contains a proofs of the results in the main text and further analysis on the two FIM es-

timators Z; () and Z,(0). In particular, Appendix C presents an analysis of how the FIM estimators
and their covariance tensors change under reparametrization. Appendix D presents element-wise
bound alternatives to those presented in Section 3.2. Appendix E explores various results using
alternative norms to the Frobenius norm results of the main text. Appendix F presents an analy-
sis on taking a linear combination of the two FIM estimators. Appendix G presents a numerical
experiments of the FIM estimators on the MNIST dataset.
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A List of Symbols

Table A.1: Table of symbols.

Symbol Meaning Defined
7(0) Fisher information matrix (FIM) Eq. (1)
7,(0) An estimator of the FIM Eq. (2)
7,(0) Another estimator of the FIM
Var(+) Element-wise variance of input;

output is the same dimension as the input dimension Eq. (9)
Cov(-) Pair-wise covariance of input;

output is the dimension of an outer product on the input Lemma 2
h Natural parameter of exponential family Table 1
h; Hidden layer output in our neural network model Eq. 3)
hr Last layer’s output in our neural network model

and the natural parameter of the exponential family Eq. 3)
ny Size of layer [ Eq. 3)
F(hr) Log-partition function of exponential family Lemma 2
n=mn(h) Dual parameterization of exponential family Lemma 2
Z(hp) = Var Covariance matrix of ¢ Lemma 2
K(t) 4th central moment of ¢ Theorem 4
Ka,b,c,d 4th order cumulant of exponential family Lemma 5

min (M) Smallest eigenvalue of M Theorem 10

p(M) Spectral radius of M (absolute value of spectrum) Theorem 10
oe; 0%¢ Partial derivatives of likelihood w.r.t. weights Eq. (2)
Ohr;0°hy, Partial derivatives of neural network w.r.t. weights Eq. (4)
Il lle Frobenius norm / Ly-norm Proposition 1
I 12 2-norm / Lo-norm Proposition 1
Iz, Tensor spectral norm Lemma 15
|- 11 Li-norm Theorem A.6
I oo Loo-norm Theorem A.6
MT Matrix transpose Eq. (3)
& Tensor product Lemma A .4

B Variance of FIM estimators

B.1 Proof of Proposition 1

Proof. The first statement holds as both Z; (8) and Z,(6) are point-wise estimators, they are unbi-
ased (central limit theorem).

The second statement holds by the law of large numbers (and triangle inequality with /2 and a

union bound). O
B.2 Proof of Lemma 2
Proof. The statement follows as p(y | x, @) is given by an exponential family. See [1]. O
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B.3 Proof of Theorem 3

Proof. Consider the alternative formulation of the FIM.

o2 - e ot 5o P(y | x)
Ezy |~ 59597 1087 | %‘)] =K,y L’)GW} —Euy [P(Z/W)

~200) — [ 0(e) gpgrply | 0)dy da.

Thus for this to be equivalent to the Jacobian definition, we need the residual term to be zero.

As 0 € C?(R) and thus o’ is smooth, it follows by the composition of smooth functions that
p(y | ) and Op(y | x) is also a smooth function. This provides sufficient conditions for the
Leibniz integration rule to be used (switch order of integration and differentiation). As such,
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8 2
Eew |~ 0007

gy | 2)| = 2(0) ~ [ p(@) greaty | @) dyda
82
=20~ Geo67
—7(0).

/ p(@)p(y | =) dy dz

B.4 Proof of Theorem 4
Proof. Firstdefine § := d(x,y;0) = t(y) — n(hr(x)).
Cov (0i - 04,0kl - O1f) = By 2:0[(0il - 0;£) (01l - Opl)] — By 2:0[0il - Ojl] - By ;0 [Okl - OiL).
We then calculate each components. For the first:
Eyiz0l(0:€ - 0;0)(Oxl - 010)] = By i [0, (@) - 010 (@) - Ochi () - Dbl (@) - 6 - 6 - b 6]
= 0;h%(x) - 0;hY (z) - Ohi () - Oy (x) - Eyjp [0a - 0 - O - 0] -

For the second term, we can first consider the expectation:
Eyjz:0(0:f - 0;]
= Eyjai0 [0:h] () - 0;h () - 64 - 6]
= ik (2) - ;R (2) - Eyjaso 00 - 5 -
Thus the product of this gives:
Ey|a;0[0il - 0j1] - Ey|a:0 [0kl - O]
= 0;h%(z) - 0;hY (z) - OphS (z) - AR (%) - Eyjn6 [0a - 0] - Eyjase [0c - 0d) -

This gives the total covariance:

Cov (9;£ - D;0, DL - Of) = D;h% () - O;hY (x) - OxhS () - Ohl (x)-
(Eyja:6 [0a - 0 - 0c - 0a] — Eyjaso [00 - 6] - Eyjaso [0 - 0a]) -

B.5 Proof of Lemma 5

Proof. We first consider the following notation, consistent with [20] except as subscripts, to denote
the central moments and different multivariate cumulants. The non-central moment of a vector
random variable X is denoted as

Rpyoorm = ]E[Xﬁ e XT"mL
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where 7 is an integer vector denoting the dimensions in which the non-central moment is taken as.
The dimensions can be repeated, i.e., 71 = 72 efc. Note that in the notation ; . . . r,,, are not comma
separated.

Similarly, for central moments we have:

IC'rlu.r = E[(Xﬁ - E[Xﬁ]) e (X

m

-E[X,_ ])]-

Tm

For cumulants, we use a comma separated subscripts to distinguish it from central moments. In
our case (X is from an exponential family), this just reduces to m-derivative of the log-partition
function:

_ ()
Rry,orm — ahm e 8h

Tm

In addition to these moment-like quantities, we introduce the [n] notation from [20] to denote the
possible permutations in indices. For example:

Kiki k[3] = Kikjk + KjRik + Kk,

noting that the (central and non-central) moments and cumulants are index order invariant. The
numbering also must be equal to the number of available permutations. Also note that x; denotes a
cumulant and not the moment.

[20] only provides a formulation from cumulants to non-central moments. Thus we need to rewrite
Kapeq in terms of non-central moments. The following is given in [20, Equation (2.6)]:

Rij = Kij + RiKj;
Rijk = Kijk T Rifij k]3] + Rikjrn;
Kijkt = Ki gkt + Kikj gt [4] + Kk i[3] + Kikjrp (6] + Kikjrpkr.

Expanding KCypcq, the 4th central moment, yields the following:

Kabed = Kabed — ’ia’ibcd[4] + ’iaﬁb":cd[(ﬂ — 3KqKbRekd
= Kabed — Kakbed[4] + (Kakp(Ke,a + Keka))[6] — BKakpkcka
= Kabed — Kakbed|4] + Kakbke,d[6] + 3kakpkeka
= Kabed — (Ka(Kb,e,d + Kake,al3] + Kpkera))[4] + Kakpkeal6] + 3kakpkcka
= Kabed — Kakb,c,d[4] — Kakbke,d[6] — Kakbkcka

= Ra,b,c,d + Ka,b’ic,d[3]7

which when substituting for derivatives proves the Lemma. O



B.6 Proof of Theorem 6

Proof.
C B 0% - 0%
'\ 96,00, 96,00,
. 0?h% ()
= Cov (8th($)Iab(hL)8jh%($) - [ta(y) - na}mv
) 92hf ()
Ohi () Zap(hi)Ohl () — [ts(y) — UB]WL%Z
) (o) i o)
= Cov <[ta(y) - T’a]ma [ts(y) — ng] 00,00,
9%he (x) 0*hf} (x)
_E LT - L
ta(y) =10l 56,99, 1t0(W) = 151755, 56,
02hg (x) Ohi (x)
2 o) el g | |t il 5
_ O*hs () Rl (x)
=F [ta(y) - WQ}W : [tﬁ(y) - WB]W
_ 9*hg(z) 9*R(x)
~06;00; 00,00, Elbe 5s]
The theorem follows immediately. -

B.7 Proof of Theorem 7

Proof. Let 1 < p,q < oo such that 1/p + 1/(] = 1. Let Topeq = ICabcd(t) — Iab(hL) . ch(hL).
From the last inequality in the proof of Lemma A.4 we have,

. ijkl 1
[Cov (7:(8))] \ < < - 19he (@), - [95h1 @), - |0chs @), - |0thL @), - 1T -
Thus for the p-norm,

Hcov (il(e))

1/p
p
i3kl

1/p
1
<~ [Tl > |||3ihL(w)||p'||3th(w)p~|3khL(w)||p~||8zhL(w)plp)

p

{Cov (fl (0)) } o

1,5,k,0
1/p

3

1/p\ 4
= %17, (ZmL(wnz) )

= 5 I7l, (Z |aihL<w>|z) )

1
=~ [Tl 10 (@)]];.

Thus, by taking the p = g = 2 the Theorem holds. O
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B.8 Proof of Theorem 8

Proof. Let 1 < p,q < oo such that 1/p + 1/¢ = 1. From the last inequality in the proof of
Lemma A.5 we have,

oo (z20)] ™

1
<« 105RL @) - 105R @) - | Z(he)lg

Thus for the p-norm,

1/p
R . ijkl|P
HCOV (Ig (0)) = Z {COV (Ig (0))}
1 i3,k
1/p
1
< w 1Z(he)llg - > 103 (@)llp - 107k (@)l|”
2,7,k,1
2 1/p
1
= 1ol | | SR @bl
1/p\ 2
1
= IZ(he)llq- > [107 ke (@)ll,]"
0,J
1 2 2
=« IZ(he)llg - 07 (@)]];-
Thus, by taking the p = g = 2 the Theorem holds. O
B.9 Proof of Lemma 9
Proof. We first prove the second part of the Lemma, which is simpler.
IZ(he)llr = [>_ Cov?(ta ts)
a,b
\/ Z Var(t,)Var(t,) (by Cauchy-Schwarz inequality)
= \/z Var Z Var(t,
= Var(t,)
=3 Zoulhe). (A1)
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We are left with the first part of the Lemma.
IK(#) = Z(he) @ Z(he)| %

-y (E (0 — 1) (b — 1) (£ — 1) (b4 — 1))

a,b,c,d

B (b0 — 1) (s — ) E((f — 1) (ta —nd)))

<2 ¥ (Bt mt— m)lte — m)(ta — i)

a,b,c,d Suved

+E? ((ta — na) (s — ) B ((te — me) (ta — nd)))

Tabed

=2 Z (Sabcd + Tabcd)~
a,b,c,d

We have
Sabea = E? ((ta = 1a) (to — ) (tc — 0e) (ta — 1))
<E ((ta —ma)*(to — m)?) E ((tc — 1)*(ta — ma)?)
< El/Z( t, — ) El/Q(tb ) .El/Q(tc _ ﬂc)4 _El/Q(td o 77d)4
= /Kaaaa(t) - vV Kooos (t) - v/ Kecee(t) - /Kadaa(t)

At the same time,
Tabed = B ((ta — ) (b6 — 7)) B ((te — 1) (ta — Ma))
< E(ta —1a)°  E(ts —m)*  E(te — nc)” - E(ta — na)”
=Zaa(hr) - Top(hr) - Zec(hr) - Zaa(hr)-
To sum up, we have

IK(t) = Z(h) @ Z(ho)lIF <2 Y (Sabea + Tabea)
a,b,c,d

—9 ( lcaaaa(t)> +2 (ZIaa(hL)>

4
=2 (Z( V Kaaaa(t) +Iaa(hL))> :

Taking the square root of both sides gives the result.

B.10 Proof of Theorem 10

Proof. The estimator is a p.s.d. matrix subtracted by a linear combination of symmetric matrices.

N
N . - 1 T 62hL(SC)
Iy(z;0) = () — N ;[t(yz) —n(hz(z))] 90007
L 0P (x)
- I(e) - ;(ta E[ta]) aeae‘r )
where £, = + Zf\il t.(yi).
We consider the Chebyshev inequalities for
_ VN un(Z(9) -
||p||2 V Amax(z-(hL))
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Pr <|t— E[ﬂ”Q S k ]]\-[)\max(I(hL))>

o (_NE-ERB .
= <]i/')\max(I(hL)) = g )

>Pr ((t—EW (}Vzum)_ (£ Elf]) < k)

nr

>1 - =

1 || pl3Amax (Z(hz))
N (Z(9)

Thus with probability at least

B ’flLHpH%/\max(I(hL))
N (Z(0)

the following statement is true: for all unit vector v we have

. oo B 2ha (p
v L0 =v" (z(O) = (ta - ]E[ta])aa(:’(;(gT)> v

a=1

1

n

=v'Z(0)v - (t, — E[ty)) (vT O°hi () v)

p 00007
o _ 9?hg ()
— — TZ "L\
> Amin(Z(0)) a:1(ta E[t.]) (v 50007 v)

> Auin(Z(0)) ~ k[ 3 Amas Z()L) - [l

— k.
> Amin(Z(8)) — Amin(Z(6))
=0.

Thus with the specified probability, estimator T (0) is a positive semidefinite matrix.

B.11 Proof of Theorem 11

Proof. Lett, = + vazl t.(y;). As the FIM is a p.s.d. matrix, Yo such that ||v|| = 1, we have

v L)y =v" (I(0> (- E[t}])aag(g?) 0

; _9%he ()
> _opl _ Z PLA\7)
> —v ((ta E[t.]) 8080T>v
92he (z)
(n — i) .7 RLT)
= Ma—ta) v ZangT ¥
— M — ta| - p(0°RE) v v
= —p(9*h) M0 — tal -

Y

As Z5(0) is a real symmetric matrix, we can write its spectrum decomposition as

15(0) = \vav)

o)
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where {v, } are orthonormal vectors and A are the corresponding eigenvalues of 12(0).

Therefore . A -
XY =0, Ly(0)va > —p(9°hT) e — Lo -

The statement in Theorem 11 follows immediately.

B.12 Proof of Lemma 12

To prove the Lemma, we first consider a variant of the result presented in Chen [8].

Lemma A.1 (Variant of Chen [8]). For any random vector X € R™ with variances Var(X),

Pr((X -EX) (X -EX)>¢) < % : ZVar(Xi), Ve > 0.
i=1

Proof. The proofs follows closely to Chen [8], with the slight change in set of variables considered.
Lete > 0and D, := {V € R* : (V —EX)"(V — EX) > ¢}. By definition we have that for all
Veb,,

(V-EX)"(V -EX) -

M | =

>1
Thus for the probability of the set, we have:

Pr((X —EX)" (X —EX)>¢) =Pr(X € D)
=E[1xep.]

< é E[(X —EX)" (X —EX) - 1xep,|
1

<o E (X —EX)" (X —EX)]
1 n

=< Z]E [(X; — EX;)(X; — EX;)]

i=1

1 n
= - Var(X;),
=1

3

where 1 x¢g denotes the indicator function for X being in a set S. O
We can now prove the main Lemma through standard tricks:

Proof. From Lemma A.l (and utilizing the vec operator) we have that for any § > 0 and each
ze{l,2}:
1 dim(0) i
Pr(|Z-(6) - Z(O)3 < 0) > - > Var (2.(0)) .
0 i,j=1

. N ij
Letting & := - Z?ljn;(f ) Var (IZ (0)) and rearranging, we have:

Pr [ |Z.(8) —Z(0)]% >

a |

dim(0) ij
- Z Var (12(0)) <l-¢
i,j=1

dim(0) .
. 1 R ij

= P 7.(0)—-1Z(6 > — 7.(0 <1l-—c.

r\12:0) 20N > 72| 3 var (£:46) .

Substituting appropriately from Eq. (10) w.r.t. the FIM estimator considered completes the proof.
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B.13 Proof of Lemma 13

Proof. We first show that B; is the Jacobian of the mapping h; — hp, that is,

dhy, = Bydh;. (1=0,---,L) (A.2)
Obviously, this is true for [ = L, as we have

dhy =1-dhy = Byp, - dhy.
From Eq. (3), we have ~
hiy 1 = o(Wihy),

where o is abused to denote the non-linear activation function for [ = 0,--- , L — 2 and o is the
identity map for [ = L — 1. Therefore

dh;y 1 = D;- W - dhy,

where D; = diag ((T'(VVZ}_I,I)) forl =0,---,L —2,and Dy_; = I. Assume Eq. (A.2) is true for
[+ 1, then

dhy = Biy1dhiy1 = By - Dy - W, - dh; = Bdh,.
Hence B; is the Jacobian of h; — hyp forl =0,--- , L

Now we are ready to derive the expression of aaih,
dt = d(logp(y | =))
=d(t" (y)hr — F(hy))

=d(tr {t" (y)hr — F(hy)})
=tr{d(t" (y)hy — F(hr))}

= tr {d(t" (y)hr) — d(F(hr))}
=tr{t" (y)dhy — VF(hy) dh.}
=tr{t' (y)dhy —n' (hr)dhy}

= tr {(t(y) — n(hL TdhL}
= tr {(t(y) — n(hr)) Bidh}

Therefore
ot T T T
oy ((t(y) —m(hr)) ' Bi) = B/ (t(y) —n(hr)).
Next, we show the gradient w.r.t. the neural network weights, i.e. w-. We have
o\ '
al =t dh
r{(&th) l+1}
o\ ' _
=tr D;-dW;-h
(CoERES
T
D;-dW, ;.
{ (3h1+1> : l}
Therefore



varfim.pdf{}{}{}#theorem.13{}{}{}
varfim.pdf{}{}{}#equation.2.3{}{}{}

Finally, we give the gradient of h w.r.t. the neural network parameters. By definition, B, is the
Jacobian of the mapping h; 1 — hr. Therefore

dhy = By - dhyy1 = By - DidWih,.
We rewrite the above equation in the element-wise form

dh§ = tr {By1 - DidWihe, }
=tr{hie] Bis1D; - dW,} .

Therefore
oh? . T
871)[2 = (hie, Bij1Dy)
=D/ B/, e.h;
= D\B/, e.h/.
O
B.14 Proof of Lemma 14
Proof. First, we notice that
oh¢§ -
WZ =D,B/, e, h;
has rank one. Therefore
oh¢ T _
G| = IDBL el Tl
Therefore
oh| 3 ohe ||
Wil Wil p

= [ DB jeal3 - [[hull3

= D IDB] edll3 - [|hul2

= |D:B | F - [[hull2
= |Bir1Dil|F - [[hul2-

The matrix D is diagonal, with entries bounded in the range [—1,1]. Therefore a left or right
multiplication by D; does not increase the Frobenius norm. Hence

Ohy,
oW,

< [Braallr - a2
F

By the recursive definition of B, we have
B, = B WDiW,".
Therefore

|Billr < |Bitillr - [ DWW, |lp < | Bigallr - W, |lp.

11
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Applying the above inequality repeatably leads to
L—2
IBillr < IBL-allr- [] IW: |lr
i=l
L—2
= |BLD W,y llr- [ IW |Ir
i=l
L—2
= W_ille- [T I Ilr

=l

L-1
= [TIw: e
il

Hence
Ohp, -
QoL 1 Blle - R
55| < 1Beate 1At
L—-1
< T1 1wl s
i=l+1

B.15 Proof of Lemma 15

Proof. Recall the 2-spectral norm for a d-dimensional tensor is defined by
[Tz, = max {(T,z' ®...@z% : |z¥|. =1, Vk € [d]}.
Let o, 3, v be unit vectors, so that

lalz=1, [Bla=1, |v[2=1
Then

Ohy, >
ma. —, QPR
ab <8Wl pey

Oht
o (5 o)

o,B,y

= max Z aTDlBlj_leaﬁlTﬁya

a,B,y -

= ;ng)’(y aTDlBl—S_l(Z Vaea)(ﬁlTﬁ)
= max a' DB, ,~v(h/ B)
= ;n§>§<Bz+1Dza7’Y> - (hu, B)

= max || B Dyl - [l

Recall that
B, =B . «D/W,".

Therefore
BZlel(X = Bl+1DlWliDl,1a.

Moreover,

max |BiD;—1ex||2 = max |Biy1Dy - W, Di_1ax|2
< max smax (W) | Bryr Dic |5

= Smax(VVl_) H}la,X ||Bl+1Dla/||2.

12
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Hence,

ohr, > i
max { o=, x @0 ® =max ||Bi1 D2 - ||k
a,m<8Wl By ax || Brpi Dyl - [hull2

L-1

< JT swmax(W; ) max | BeDrore|lz - |[hul]2
i=l+1 «
L-1

= JI swax(W; ) max|BLDr 1> - [|Full2
i=l+1

H Smax i rnaX”II(l”2 Hh’l”?
i=l+1

H Smax(W;") max [z - [ A2
i=l+1

H Smax ||hl||2

i=l+1

C Change of Coordinates and Covariance

Reparametrization is a common technique in deep learning. See e.g. weight normalization [28].
From a geometric perspective, reparametrization corresponds to change of coordinates. We consider
how our results can be generalized in a new coordinate system {&; } instead of the default coordinates
{6.,}. By definition, the FIM w.r.t. to the new coordinates is

00, Ohy ok} 06, 90, ., .. 06,
&) = D€ agaIa (’%)Waéﬁ— 8£I (9)@~

(A3)

The FIM Z(£) can be estimated by Eq. (2), where the estimators are denoted by Z; (¢) and Z,(&).

Note that as per the main text, upper- and lower-indices in the Einstein are equivalent. Similarly, we
take an upper index for derivatives of hy w.r.t. 8 in this section — which we take as equivalent to
the lower-index notation appearing in the main text. That is 9°hj, = Oh,/00° = Ohr,/005.

Theorem A.2. Consider the FIM estimators under the coordinate transformation @ — & with the
same samples size N.

. 904 .01, 1 D0
(6 = ¢ Ilb<0)as%7 (A4)
.08, 96, 1 & 5y %05

Proof. Let ]E[X ] denote the empirical expectation of random variable X.

For the first estimator, consider the partial derivative of the log-likelihood:

ot (00\" (ot

- (%) (5)
96, 0hY
- as 80a (ta(y>_na)

13
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Thus the first FIM estimator follows immediately:

o o0 [0, ong

{65854 - las g« (t) -
00, ., [ong
T [aea
004 s 00y

aeb ahﬁ

B

(taly) - na@%@m) "

For the second estimator, we consider the second derivative:

09,
o¢T

>l

920 9 [06, Ohe
DEDET T O [ET@W(ta(y) - Wa)]
O ORS 96, ., [0 (0hg\] 96. ohy 96,
D€ 900 o7 T (Ta ") [ag <aaa )} per (b~ M) 500 BegET
00y [Dls)y Omu Obg ) RS ] 00, OhG 0,
T 9E | oeb 3h[£ 00 « 06%00e | O¢T “ 00 agagT'
Taking the empirical expectation we have:
. o2
Elo_——2°
s
_ g[8 [olhus omaomy () 0hy ) 08, 0RG 0%,
~ U 0e | 000 on? 96 T 1 og06e | geT T 90 DEDET
90, - [9lhi)s Ona OB ?hg |90, - ohg 5%6,
- agE[ 96 on’ 06 (te —710) 5550 er |t =) G DEDET
00y - 00, - ohg 520,
= 7 —E
as [ 2(0)] a&T |:( na) 800‘ agag‘r]
%0 5 gy 09 oh3 5%6,
= 3¢ RO gt ( NZ y) 00° DEDET
90 s 00 B ) ohg 0%
= B¢ 2 [12(0)]" 5T+ ( N ;ta(yz)) 365 BE0ET

Thus we have both estimators for the theorem.

Interestingly, the way to compute fl(ﬁ) under coordinate transformation follows the same rule to
compute the FIM Z(£) in the new coordinate system. See the similarity between Eq. (A.3) and
Eq. (A.4). The transformation rule of fg(é’) introduces an additional term, which depends on the
Hessian of the coordinate transform 9265/ O&OET. This term vanishes as the number of samples
increases N — oo, or the transformation 8 — £ is affine.

The results we need to generalize for coordinate transformation depend on the (co)variance of the
estimators. As such, we present a {&;} variant of Theorems 4 and 6.

Theorem A.3.
[Cov (il(

[COV (fz(ﬁ

where C*8 =
80(1% %6,
0&; 08 0§10,

5)” ijkl

" =

9°0"h§O°h); +

~ 08,08, 00. 00, [
- 0& 0€; 06, 0&
00, 00, 00, 00, [
aé.z 851 8€k agl

926, 00, 96.

D& 0€; 0&), O€;
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o <:21 (0))} abcd

ov (220))] " + 6 Tup ).

h§ 30k +

0%0, 0%6,
0;0€; 0€,0&,

(A.6)

°hs " hf .

(A7)
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Proof. For the first estimator’s covariance, immediately get the result by the way covariance inter-
acts with constant products:

2 ij 00, 00, 00, 06
Cov (&), Ta(e)) = Cov (asl 10" 5, g, 1(©) Cd@s?)
_ 06,00, 00. 00,

06 0€; 06, 0€ 28, % ([A (0)], [fl(e)]cd)

For the second estimator, we must exploit the linear combination property of covariances as well:
Cov ([Z2(&)]”, [Z2(&)")

= Cov (?Zj Ul gz]b <"“ N Zt ) ggj a?szggj
Tior % - o) 2625

B 00a o 100y D8, 01984
_cov<a&[2(0)} 5E. 8§k[1(0 8&)

0o~ o OO 1 .\ ohy 9%6,
(v

1 oh% 0%0, 00, - 00,
+Co C SNty | Soe CPa Terg (g))ed Tl
v N 1:21 (y )) 90 361(95] aé-k [ 2( )] 651 )

1 aha o2 9, 1 8h’8 820b
+ Cov ((na - N;t a(y )> 064 D€;0€;’ ( s = N;tﬁ(yi)> &05861@%) '

It follows that the first covariance term is exactly the coordinate transform of the original variance:

004 5 000y 9, Cdaed> 06, 98, 99, 98, e
Cov (G (0" Gt G- (001 Gt ) = e G G Saciow ((L(0)), [a(0)]*).

For the final covariance term we have:
(k3 )z';a 2o (- ;w)%’;%aiizb&)
et (o Zem) 8 (o Zew) 51
s o (s pn) (o)

i=1 i=1
820, 920, Ohy Ok 1
= 96.0¢, 98,06, 06+ 900 N 2 OOV (e~ ta(w) (11 — to (1)

920, 020, Ohg Oh; 1
- aﬁ(hL)v
DE0€; DE,LOE D6+ DO® N

where the second last line comes from the independence of samples.
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Thus all there is left is to calculate the middle terms. Without loss of generality, we calculate:
00, .- 00, 8h 076,
C 0 ab~™b
ov <a£Z [ ( )] afj’ ( N — N Z ) 8017 aska€l>

00,00, 9%6. s 1 on’
& 0€; 0€,0€ Cov <[IQ(0)] ’ (Uﬁ N ;%(yﬂ) RLE
00, 00, 00,
0&; 0&; 0€,0€

82 a
o0+ (- ) st (- 5 ) 55
96,00, %0, 9*h; Ok 1 1
= D€, D€, 9€.0€, 966" 96° Cov | | ms— ;tﬂ(yz> M-y ;tﬂ(yz)

00,00, 9*6. 0*hg Oh] 1 (ho).
~ ¢ 0€; D€,0€, 0096 90° N Zap(hr

Combining these 3 covariance results gives us the covariance presented in the theorem. O

As per the estimators themselves in Theorem A.2, the 4D covariances obey similar rules under coor-
dinate transformations. Equation (A.7) has an additional term %C *8T,5(hz) which depends on the
Hessian of the coordinate transformation. Notice that each of the coordinate transformed covariance
values depend on the same central moments of the exponential family — even the second estimator
with the additional term only depends on the covariance/FIM w.r.t. k. Each of these covariances
include a weighted sums of the original covariance matrices in Theorems 4 and 6. As such, our
initial element-wise considerations of the covariance will still be useful in the computation of the
covariance in the new coordinates. In-fact, our upper bounds in Lemmas A.4 and A.5 and Theo-
rem A.6 can be simply adapted by adding the appropriate norms of the coordinate transformation
(and its Hessian component for the second estimator).

D Element-wise Covariance Bounds

. ijkl
The covariance tensor {Cov (Il (0))] has the following element-wise bound.

Lemma A 4.
R ikl 1

[Cov (11(0))} < w10k (@2 - 105k ()ll2 - |Okhi ()2 - [|OhL (@)]]2

[IK(t) —Z(hr) @ Z(hL)llF,

where || - || r is the Frobenius norm of a tensor (square root of the sum of the squares of the elements
/ the Lo-norm) and ® is the tensor-product: (Z(hr) ® Z(hr)) peq = Zav(hr) - Zeca(br).

Proof. Corollary holds immediately from the use of Holder’s inequality / Cauchy-Schwarz. Let
1 <pqg< oo such that 1/p =+ 1/(] = 1. Let Tapeq = Kabcd(t) — Iab(hL> 'ch(hL). From
Theorem 4 we have:

. ijkl
[cov (11(9))]
1 ,
=N |0k (2)0;hT (2)0hy (€)0hE (®) - Tabed]
1
< N0ihi(x) © Ojhi(x) @ Ophi(x) @ Ohr (@)l - 1T g
1
= N0k (@)l - 10;h1 ()] - 1Okhr (@)l - |Ohr (@)l - [T ]q-
Thus, by taking the p = ¢ = 2 the Lemma holds. O
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We have similar element-wise and global upper bounds on the covariance of 7, (9).
Lemma A.5.

[cov (2:0)]"| < 102 s @)l - lotma @)l - 170

Proof. Corollary holds immediately from the use of Holder’s inequality / Cauchy-Schwarz. Let
1 < p,q < ocosuchthat 1/p 4+ 1/¢g = 1. From Theorem 6 we have:

. ijkl 1 N
(Cov (L20))] | = 5 - |03 b (@)% (@) Tas ()
1
< 05hi(@) © ke (@) - | Z(hL)|
1
=~ 05he @) - 105k (@) - | Z(Ro)]
Thus, by taking the p = ¢ = 2 the Lemma holds. O

E Alternative Norm Results

An alternative bound to Theorem 7 and Theorem 8 can be established by utilizing Holder’s inequality
for L,-norms.

Theorem A.6.
N 1
|Cov (22(0) | _ < - lloR @)l - IKC(t) = T(hs) & Z(he)]l (A8)
7 1 2 2
|Cov (2:(0) | _ < 5 - 10*hs (@)% - IZ(ho)l, (A.9)
where || - || oo is the Log-norm and || - ||1 is the Lyi-norm.

Proof. The Corollary holds directly from the inequalities given in the proof of Theorem 7 and The-
orem 8. Letp = ocoand g = 1.

Thus we have the inequalities for L,-norms:

IA
|

|cov (2:0))]| _ = 5 - 10hL @)l - IK®) ~ Z(he) © T(ho)ll

Cov (Z2(0) )| < — - 19°he(@)|% - IIZ(hL)]1-
o~ N

Remark A.6.1. Note that these are exactly equivalent to certain spectral and nuclear norms. How-
ever these have slight differences in their definition [6].

A
|

The p-spectral norm for a d-dimensional tensor is given by:
1Tl = max {(T,2' @... @ @t : ", = 1, Vk € [d]}.

The standard tensor spectral norm is only equivalent when p = 2, i.e.,

2, -

The p-nuclear norm for a d-dimensional tensor is given by:

I

o min{z/\i|:7‘2)\im}®...®mf | xF), =1, Vk € [d] andi,rEN}.

=1 i=1

The standard tensor nuclear norm is only equivalent whenp = 2, i.e., || -

2,
It follows that for the L, norms we have established, the L,-norm is equivalent to the 1-nuclear

norm and the Loo-norm is equal to the 1-spectral norm [6, Proposition 2.6]. However, this equality
is not true for the standard tensor nuclear and spectral norms.

Instead, we can upper bound the L.,-norm by the standard tensor spectral norm by the definition of
the p-spectral norm, ie., || - oo = || - |11, < || - |l2,. For the Li-norm, we can upper bound it by
the corresponding Lo-norm through Cauchy-Schwarz, ie., || - |1 < || - ||2 - VD, where D(-) is the
product of the dimension size of the tensor. One should note that Ly is the Frobenius norm.
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O

Notably, the L;-norm can be upper-bounded by the Frobenius norm trivially through the Cauchy-
Schwarz inequality, with || - ||; < || - || - /D, where D is the product of the dimension size of the
tensor. Thus the analysis in Lemma 9 can be useful to extend the bounds in Theorem A.6. On the
other hand, the Lo,-norm || - ||~ is upper bounded by the largest singular value of the tensor [17].
As such, the || - ||« quantities on the RHS can be interpreted as functions of the maximum singular
value of the Jacobian Ohp (x) or the Hessian 02k (x). Similar corollaries for Lemma A.4 and
Lemma A.5 can be established — which we omit for brevity.

F Combination of estimators

We consider a convex combination of estimators, i.e., Egs. (7) and (8).

In particular, for 0 < a < 1 we have:

1,(0) = aZ;(6) + (1 — a)Z5(0). (A.10)
Clearly, this is also a point-wise estimator. Thus, Proposition 1 holds for this estimator.
For the variance, we use the following linear relation:
Var(aZy (0)+(1—a)Zy(0)) = o*Var(Z1(0))+(1—a)?Var(Z(0))+20(1—a) Cov(Z1(0), Z2(9)).
Or as we have previously discussed we consider:

a0 o 02 or o o
2 P 41— a)?var (- 2a(1 — s T
o Var (aei aoj) +(1-a) V‘”( ael-ae) +20(1 — a)Cov (aoi 20, aoiaej)

We already have the variance values from Theorems 4 and 6. Thus all we have to calculate is the
covariance term.

Cov (9;¢ - 0,4, —0;) = —E[0;0 - 9;¢ - 9},€] + E[0;( - ;(]E[D},1).

The first term of the covariance can be given by:

—E[0:¢ - 0;¢ - 0}¢)

=FE[0;¢-0;¢- (0fh0thpTeq(hr) — 6.05;hy)]

=FE[0;0-0;¢- Ohp0fhpTea(hr)] — E [0;€ - 0;€ - 5.0 ]

= 0hpOfhpTea(hy) - E[0:0- 03] — 05 hyp - E[9;0 - 0, - 5]

= OfhL0fhTa(hy) - E[0i€ - 0;0) — O hy - E[0i€ - 00 - 6]

= 0;h§ - 9;hY, - Ok - Ofhy - Lea(hr) - E[5q - 6] — Oih§ () - k] () - O5;hr - E [8a - 6 - 6]
= 0;h§ - ;R - Oy - Ofhy - Lea(hy) - Tay(hr) — O;h () - O;hY () - Oy - E [5q - 0y - O]

The second term is given by:

E[0;( - 0;()E[0},(] = —0;h{, - ;h], - Ok - Ofhy - Tea(hr) - Lay(hr)
Thus, together we have the covariance:
Cov (9;€ - 0;¢, —070) = —0;hG - O;hY - O ;hp - E (84 - 6y - 6] .
This gives us the variance of the combined estimator:
a?0;h0;hY 0;h50;hY - (Kapea(t) — Zap(hi) - Zea(hr)) + (1 — a)zafjh%f?%hf “ZLop(hr)
—2a(1 — )0;h}9;RY 05y - E[0a - 6 - 6] - (A.11)
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The covariance (as per Theorems 4 and 6) can similarly be calculated by changing the variables of
the partial derivatives of h. Notably, the largest differentiating factor from the original estimator
is that the combined estimator is dependent on the third central moment of ¢. This third central
moment is equivalent to the third-order cumulant of ¢. Thus it can be directly calculated via the
derivatives of the log-partition function F'(hr,).

G Experimental Verification of Bounds

The bounds of the variance of the FIM estimators Z; (8) and Z5(8) (as presented in Section 3) can
be experimentally verified. We train a simple convolutional neural network trained on the standard
MNIST dataset. By leveraging the Jacobian and Hessian in-built functions in PyTorch, we cal-
culate the bounds in Theorems 7 and 8 applied to the variance of the estimators (as described in
Section 3.1).

0 0
50 50
100 100
150 150
200 200
250 250
300 300
0 100 200 300 0 100 200 300
(a) Z1(0) and Z2(8), where 6 is a random model. Color values are shared.
i 1

0 0
50 50
100 100
150 150
200 200
250 250
300 300

0 100 200 300 0 100 200 300

(b) Z1(6) and Z,(0), where 6 is a trained model. Color values are shared.

Figure A.1: The estimated FIM presented in heatmaps corresponding to the first layer of a CNN .


varfim.pdf{}{}{}#theorem.4{}{}{}
varfim.pdf{}{}{}#theorem.6{}{}{}
varfim.pdf{}{}{}#section.3{}{}{}
varfim.pdf{}{}{}#theorem.7{}{}{}
varfim.pdf{}{}{}#theorem.8{}{}{}
varfim.pdf{}{}{}#subsection.3.1{}{}{}

1, bound ratio 1; bound ratio

30000 -
6000 1

25000 A
5000 1

20000 -
4000 1

15000
3000 1

10000 4
2000 1

5000 -
1000+

0 1 2 3 4 04 u T T
le-15 0.00 0.05 0.10 0.15 0.20

(a) Trained model. (b) Random model.

Figure A.2: Ratio of the bound of the variance in Theorem 7 over the true estimated variance.

G.1 Dataset

We consider the MNIST dataset of 28 x 28 pixel grayscale images after normalization. The training
set consists of 60,000 examples and the test set consists of 10,000 examples.

G.2 Model Setup

The convolutional neural network considered in our experiments are given by the following layers
(in order):

Conv(in_channel=1, out_channel=32, kernel_size=(3, 3), stride=(1, 1))
Softplus()

Conv(in_channel=32, out_channel=64, kernel_size=(3, 3), stride=(1, 1))
Softplus()

MaxPool2D()

Dropout(p=0.25)

Linear(in_features=9216, out_features=128)

Softplus()

Dropout(p=0.5)

Linear(in_features=128, out_features=10)

LogSoftMax()

N

After training, the final model has a 99% test accuracy. For most of the training samples, the pre-
dicted probabilities have a low entropy and are close to a one-hot vector. Consequently, the overall
variance of the estimated FIM is very close to zero.

G.3 Evaluation

To compute the FIM, We only consider the weight and bias parameters in the first layer for simplicity.
We randomly choose a fixed = with multiple sampled y; for calculation, as per Egs. (7) and (8).
Recall that the randomness of our estimators comes from the sampling of y; ~ p(y | ). For all
related computation, we use double-precision floating point (64 bits). The FIM estimations for both
a trained model and a random model are given in Figs. A.1a and A.1b.

To calculate the “true” variance to compare against the bounds, we use Monte-Carlo estimation using
a large number (1,000 for the presented results) of samples. Then, the variance of the estimator is
approximated by the sample variance.
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(a) Trained model. (b) Random model.

Figure A.3: Ratio of the bound of the variance in Theorem 8 over the true estimated variance.
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Figure A.4: Distance between estimator Z, (6) and Z»(6).

G.4 Results

We plot the histograms of the ratio of the estimated variance of Z;(0) (Z2(@)) over the variance
bound given by Theorem 7 (Theorem 8). For the trained network, the plot is given by Fig. A.2a
(Fig. A.3a); for the random network, the plot is by Fig. A.2b (Fig. A.3b). In both the trained and
random models, the bounds are empirically verified (the ratio is always smaller than 1). When com-
paring the ratio histograms, a smaller ratio value corresponds to a looser bound. We can immediately
see that the trained network’s bounds are looser than that of the randomized network.

We also plot of the (Frobenius) distance ||Z1(8) — Z2(8)|| 7 between the two estimators over the
number of samples for calculating the estimators. See Figs. A.4a and A.4b for the cases of trained
and random networks, respectively. As the trained model has a very small variance of y;, it is

hard to observe in Fig. A.4a any change of the distance between Z;(6) and Z5(0) as the samples
increase. For the randomized model, we do observe the decrease in estimator distance as the number
of samples increase, as expected, Fig. A.4b.

H Univariant Gaussian

We consider the case where we parameterize a univariant Gaussian distribution and consider the
FIM and the corresponding estimators quantities.

Firstly, we specify Eq. (3) for a univariant Gaussian by setting:

b)) = (57 Flh) =10 4 1 (‘”) |
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where y = y € R and h = h, for readability.

In particular, the 2 dimensional output neural network parametrizes the mean p and standard devia-

tion s by:
7 1
h=|=,——].
( s?’ 2s? )
Furthermore, we have dual coordinates:

_ hi h? —2h, _ 9 9
n—(—%,W = (, p~ +5%).

The closed form for the FIM/covariance matrix is given by:

_ 1 hy

2h 2h
Z(h) = Var(t) = [ h12 2 j_ 1 ]
2h32 2h3 T 2hZ

Notably, we have that by € R and hy € (—00,0).
We present the following element-wise plots of FIM in Fig. A.S5.

05 Li(h Ii»(h) and I (h by (h
—-1.0
<
—-1.5
—2.
0—1 0 1-1 0 1-1 0 1

hy
Figure A.5: Normal distribution Z(h).

I Residual simple cases

We look into the residual term which is present in the proof of Theorem 3. Specifically, the quantity:
82
R(6) = [ @) ggrgrply | @) dyde,

Consider the simple case where we only have a single weight and neuron,

p(y | z) = exp (t(y)h — F(h)),
h = o(wx).

First consider the first derivative:

2l 4) = ply | 2) - o ()~ F(1))

()

|
S
—~~
<
8
~
—~
<
~—
I
3
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I.1 Assume that activation is identity

As 0’(z) = 1, we have the second derivative is the following:

bl 1 2) = 5 (0ly | 2) - (4) () -2

= ply | @) |(ty) = n(h)* - 2* = Tn(h) - 2*
Integrating the first term for the residual we have
// py | =) - (ty) —n(h)* - 2?dyda = /p(x)-w(h) -2? da.
Integrating the second term for the residual we have

// ply @) V”(h)'$2dyd$=/p(w)-Vn(h)-xde.

Thus by taking the difference, the residual is zero.

I.2 Assume that activation is not identity
The second derivative is the following:

2
by 12) = o (ply | 2) - (1) () - () - 2)
3 (oly | 4)) - (1(y) — () - o' ) -

Fply ] 0) o (i)~ n(h)) o' () -

| 2)- (1) — () - o (o' () -
=y | ) (1) ~n(h))? o' (wa)? - 5

Fply ] 0) A (i) () o' () -
(1(0) — () - - (o' () -

+py | z)-

=p(y | ) (ty) —n(h)*- o' (wa)? - 2
)
)

-yn(h) - o' (wx)® -z
(U() =00 - (o ()

w

—ply | 2.z’

+ply | =

By the linearity of the integral, we calculate each term of the residual. For the first term:
2 ! 2 2
[ [ p@)- w1 2) - (tt0) = 01" (w)? - 5* dy s
= [pa)- oo [ bty | 2)- (ty) ~ n(0)? dy s

- / p(z) - o’ (wa)? - a2 - (h) da.
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Given that the second term only has p(y | ) which is dependent on y, the first and second term of
the residual cancel out. Thus we only have:

w= [ [o@nty]2)- () = 0w 5~ (') -y
— [ [ p@mwly | ) tt0) - 5 (o' (we) -2 dys
// oy | z) - (h)-%(a/(wx))-xdydx
~ [ o) (@' wa)) o [ ply | o) ttg) dydo— [ o) 0t 5 (o' w) -

Given that 8
— (U’(wx)) §(wa)
and

/ f(z = £(0), (A.12)

the residual will result in zero for this case.
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