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1 Proof of Theorem 1 and Corollary 1

We demonstrate the following three lemmas to prove
Theorem 1 and Corollary 1.

Lemma 1. (Donsker and Varadhan, 1975;
McAllester, 2003) Let ¢ : F — R be any mea-

surable function. Then, the following inequality
holds:

E [6(5)] < Dcp(DIF (D] +log £ [#D]. (1)
p(f) p'(f)

Here, p and p’ are the probability distributions on F.
Lemma 2. (Simic, 2008) Let h : X — R be a concave
function, where X € [a,b]. p is a probability distribu-
tion with respect to X. We denote the difference of
Jensen’s inequality by J(p, X), that is,

Ip.X) = hEX)-ERXL ()
Then, the following inequality holds:
J0.X) <Y “h@) - ne). @)

2

Lemma 3. Let q(f|S) and q(f|S") be the posteriors
with respect to f given S = (X,Y) and 8" = (X', Y’),
respectively. We assume that the prior of q(f|S) is the
same as that of ¢(f|S"). Then, the following inequality
holds:

Dgr [a(f19)la(f]S")] = Dkr [Q(fx+|5))||Q(fX+|5')A)’
where X4 := X U X',

Proof. Let Xq be a universal set of input data. We
denote Xq/X by X.. Then, from the chain rule of
KL divergence (Gray, 2011), the following equation
hold:

Drr [q(f19)]la(f1S")] (5)
=Dk [q(fx, [9)lq(fx, [S")]
E [Dkr [¢(fx, |fx,,S)|la(fx.

fx.,9]].
(6)

q(fx, |5)
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We denote the prior of ¢(fx, ,fx |S) and
q(fx, . fx [S") by »p(fx.,fx,). Then, from the
Bayesian theorem, the following equation holds:

_p(fx., fx.,|S)

q(fx.|fx,,9)) = p(Ex|S) (7)
:p(Y|fX+ , X)p(fx, [fx, )p(fx, )
p(Y]X)
p(Y]X)
X SV TEx s X)p(Ex,) ®)
p(g(‘;:);” =p(fx.lfx.). (9)

Similarly, ¢(fx,|fx.,S") = p(fx.|fx,) also holds.
Therefore, if the prior of ¢(f|S) is the same as that
of q(f|5’), the second term of Eq. (6) is zero. O

Proof of Theorem 1

Proof. By using Lemmas 1 and 2, the upper bound
for R(q(f|S),q(f|S")) is obtained as follows:

R(q(£19),q(f15") (10)
<Dkr [g(fI9)la(f15)]

+log E [eﬁ”(f)]— E [logeﬂv(f)} (11)
a(f1s") a(f15")

et + e?

<Dk~ [q(f19)|lq(f]5")] + 21log

—a—1"b. (12)

By applying Lemma 1 to Eq. (1), we obtain Eq. (11).
Because the sum of the second and third terms
of Eq. (11) is the difference of Jensen’s inequality,
Lemma 2 can be applied to it. Moreover, from [ €
[a,b], Lp(f) € [a,b] holds. Therefore, we obtain
Eq. (12). O

Proof of Corollary 1

Proof. The proof is evident from Theorem 1 and
Lemma 3. O
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2 Calculation of KL divergence
between GPs

Lemma 4. Let q(f|St) and q(f|St+1) be the GP poste-
riors given Sy = {(xi,y:)}i—y and Sppr = {(zi, y:) i1,
respectively. We assume that the prior of q(f|St) is
the same as that of q(f|Si+1). Let py and oy and B
be the mean and covariance functions of q(f|S:) and
accuracy of Gaussian noise, respectively. Then the fol-

lowing equation holds:

Drcr [q(f1Se)||a(f]Se41)]
:%ﬂgt($t+17 Tpp1) — %108; (1+ Boy(xig1,T441))

Bot(Tey1,Tey1)

; 2
il - o
20¢(Te41, Te1) + 871 (Y41 — pe(@e41))”. (13)

Proof. From Lemma 3, the following equation holds:

D [a(fIS)llq(f[Se41)] = Drcr [q(£15¢)||a(£]Ses1)]

(14
where f := (f(x1)7 f(Z'Q), t af(xt-l-l))' When St‘i‘l -
(X¢41,Yi41) is observed, ¢(f|Si4+1) can be described as
follows:

~—

p(Yit1lf, Xiq1)p(f)
1(E1Ser) = P(Yer1|Xey1)
_ pyenlf, me)p(Vilf, Xo)p(£)
a fp(yt+1‘f/,xt+1)p(}/t‘f/,Xt p(f)df’
 pWegalf, o) p(Ye| Xt )q(]Sh)
e |F w1 ) p(Ye| Xt ) q(£7].Se) df
Pyes1lf, we1)q(£]Sy)

B P(Yes1|Tis1) . (15)

From this equation, Dy, [q(f]S:i—1)||g(f]S¢)] can be
rewritten as follows:

D1 [q(£]5:) lg(£]Se+1)]

_ [10 q(£1S)p(yey1|mis1)
a(£]S0) P(Yer1 |, zep1)q(f]Se)

=logp(ytr1lree1) — E
q(f]St)

log p(yes1/f, 2141)]
:10g/P(yt+1\ft+1)Q(ft+1|St)dft+1
= [atfials)logptunil i) i, (19)

where fiy1 = f(z441). The first term of Eq. (16)
becomes logarithm of a mnormal distribution since
P(Ytr1|fe+1) and ¢(fi41]St) are normal distributions.
Specifically, from p(yet1|fi+1) = N(Yer1lferr, 571)
and p(fr41[St) = N (fer1lpe(@es1), 00 (i1, 3e41)), the

following equation holds:

log / Dl fei)a(fear|Se)dfoin

=log N (yes1lpe(Tes1), o4 (wes1, meqn) + B71)  (17)
The second term can be rewritten as follows:

- /q(ft+1|5t> log p(yes1lfev1)dfea

1
= E {ﬁ(yt+l - ft+1)2} + - log2rB™"
a(frialSe) L2 2

B 1 -
=5 (0711 = 21 Elfera] + E[f2]) + 5 log 275~

1
:g(yt—&-l — pu(ze41))? + gUt(l’tH,SEtH) t3 log 23"
(18)

From the above, the lemma is derived as follows:

Dk [q(f15)lqa(f1St+1)]
(Y41 — Ht($t+1))2

1
= — ) — 5 log 271'(0',5(33,5.:,.1,33t+1) + ﬁ_l)

2(0¢(@q1, Teq1) + 7L

| ™

B 1 _
(a1 — pe(e41))” + 504 (@41, Tegr) + B} log 273~

* 2

1 1
ZgﬂUt(th, 95t+1) ~3 log (1 + ﬂat($t+17 $t+1))
Boy(Ti41, Tev1)

; 2
- B o
2 04(T41, Teg1) + 71 (Yt+1 — pe(we41))". (19)

O

3 Tightness of the proposed upper
bound

We experimentally evaluated the tightness of the pro-
posed upper bound of a gap between expected gener-
alization errors before and after adding a new sample
by comparing to the true gap approximated by using
a large amount of test data.

For the regression task, we used the artificial data
used in the experiment of Section 5, while, for the
classification task, we used the generated data y; =
sgn(sin(27z;)), where sgn(-) is the sign function. The
kernel function and its hyperparameter are determined
in the same manner explained in Section 5.

Figures 1 (a) and 1 (b) show the gaps between the
expected generalization errors and their upper bounds
for (a) regression and (b) classification tasks. We see
that (1) increasing the data size leads to a tight upper
bound in both cases of regression and classification,
and the KL-divergence term converges to zero. More-
over, (2) the bound could be trivial when the KL diver-
gence takes a large value (> 1), particularly in classi-
fication setting. Also, as the KL-divergence is always



Hideaki Ishibashi, Hideitsu Hino

350
—— Truega
300 gap
= | Upper bound
T250
v é
= 2001 i
S :
1501 it
n
E
T 100
® 5
0 .
0 20 40 60 80 100
data size
(a) regression
1.0
: —— True gap
—~0.8 I R Upper bound
— \
.
W 0.6 I
= '
[Sy i
0.4 |
%) "
E | e
So2
&
0.0 ~ N A

0 20 40 60 80 100
data size

(b) classification

Figure 1: Gap between the expected generalization
errors, and its upper bound for (a) regression and (b)
classification settings.

non-negative, when the gap of the expected general-
ization error is negative, the bound is meaningless. As
can be seen from Fig. 1 (a), the bound works well in a
regression setting and the offers reasonable tightness.
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