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Appendix: Proof of Theorem 1

For clarity, we recall the theorem:

Theorem 1 Let D be a distribution over, satisfyingP ,yp (|[{v:z” #L}| #1) = 0. Let
S = ((xi,y:));~, be a dataset ofn examples drawn i.i.d. according tB. Lete be the0/1
loss, and let(*,)Y_; be the view-specific deterministic classifier sets. For edet v, denote

v=1

eoH, % {(x,y)— e(h,(z",y))|h € H,}, and denote , for any sequense c (X, x J)™" of

sizem,,, R, (e o H,,S") the empirical Rademacher complexityeaf H,, on S”. Then, we have:

Baseline settingfor all 1 > § > 0, with probability at leastt — § overS:
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e(cl;l/la-n,hv) < h;g;’_(“ {6(02’1,...,”‘, )} + 22_; #Rmu (e oH,,S ) +6

where, for allv, S* %' {(z¢,y;)li = l.m andz? #1}, m, = |S¥| andh, € H, is the
empirical risk minimizer ors".

Multi-view Gibbs classification setting for all 1 > § > 0, with probability at leastt — § overS:
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e(cp? p,) < inf [G(CZ’ h/v):| JrV E Rom(eoH,, SY) + 6 n(2/4)
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where, for allv, S° %' {(z?,v;)|i = 1..m}, andh,, € H,, is the empirical risk minimizer

onsSv.
. . b
n= h;lgf-[u {E(CZZ%M/)} - hﬁ}g?f-lv |:6(chl17"'7h‘l\/>:| (1)

Proof for the Baseline Setting

We start by proving the baseline setting. Fix a datdseand lethq, ..., hy be the empirical risk
minizers on each view, trained with the examples for whiah ¢brresponding view is observed.

Thatis:
Yv, h, € argmin Z e(h, (z",y)) @)
heH, (x,y)€S:xv#L



Considering that,  , classifies an instance according to the classifier of therabdeview,
we can notice that}, “_,hv is exactly the empirical risk minimizer ovet for the set of classifiers

cl = {ch, Y Vo, h! € HV} (recall that exactly one view is observed for each exampi#) w
hy,v €V deflned as in Equation (2), we have:

b : b v
Chy,..hy € bargmln , E e(ch;,...,h'va(l‘ . Y))
Chienl, ec (x,y)€S

We then start by using the well-known inequality that boutigsgeneralization error between the
empirical risk minimizer and the error of the best-in classq e.g. lemma 1.1 of [2]):

b : ~ (b b
€(Chy,hy) — inf echy.. R, )| <2 sup elcnym, S) =€l ) (3
EAR] cb ech 19000 b b 1oty 1oty
(YA Y4 Chr n, ec
whereé (ch, ____ b ,S) = |§‘ 2 (x)es € (ch, _____ w, o (% y)) is the empirical risk, on the s, of
b
Ch’l,...,h’v'

Since e is the 0/1 loss, we haved < e (c’;l/1 h/v,(x,y)> < 1 for any (x,y). We can

.....

thus use the standard Rademacher complexity analysis &nobtdata-dependent bound on the
right-hand term of Equation (3), so we can apply McDiarmitiieorem [4] to the function

S+  sup ¢ (cﬁ’l,1 ,,,,, hb’S) —e(ch, h’v)" which can not change by more thajyn when

c? , €ct
v
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Cnl ] ec ch/l,...,h@ec
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wherem = |S].

We will now use the classical definition of the Rademacherperity (see e.g. [1]) for some class
of function F defined on the input space x :

Rn(F) £ E Ru(F.S)

whereR,,(F,S’) is the empirical Rademacher complexity8fon the datase$’, defined as:

Zabf Z?yt

whereo; are independent random variables such at; = 1) = P(o; = —1) = 1/2. With
standard arguments of the Rademacher complexity analysifave, with probability at leagt—
5/2:

n(F, ) & sup

. - 21n(2/4)

b ' b b
S/EEi)m . Sljl? o € (ch,p S ) - e(ch,pm’%)‘ <Rm(eol’S)+ (5)
wheree o C* = { (x,y) — e(ch, ,,,,, n )l e € Cb}. Plugging Equation (5) into Equa-

) R In(2/0)
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e(chl,...,hv) < inf [e(ch,““’%)} +2Rm(e0C’ 8) + 6 ST (6)

The final step consists in re-writing the empirical RadeneaclomplexityR,,,, (e o C?, S) depending
on the Rademacher complexity of the view-specific classiis. Given the datas8t we define,



for each view, the partial datasef? &' {(x?,y;)|i = 1..m andz? #.1}. We use a specific index
notation for the examples ifiv: S¥ = {(fcf;yyiz)’ k= 1..my}

Starting from the definition, we have:
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Rm(eocby‘S’) = ’E ’ sup E;Jie <czi’...’h§/,(xi,yi))
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Together with Equation (6) gives the desired result.
Proof for the Multi-view Gibbs Classification Setting

The proof follows the same steps, replacitfgby C™9 % {cZZ"M n, V0. 1, € HV}. Only the

last step (the calculation of the empirical Rademacher d¢exitg) has to be modified. Remind that
the true and empirical risks of the multi-view Gibbs clagsifire the average of empirical and true
risks of the view-specific classifiers, as the multi-view &lelassifier is supposed to be drawn from
a uniform posterior distribution [3].

Re-starting from the definition of the ampirical Rademaatwmnplexity, we have:
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whereS” &' {(z?,y,)|i = 1..m}
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