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Appendix: Proof of Theorem 1

Let us first recall Theorem 1:

Theorem 1 Let S = ((x9,y)), be a dataset of m examples drawn i.i.d. according to a
probability distribution D over X x ), and let A be a Lipschitz function with constant L dominating
the 0/1 loss; further let K : X x X — R be a PDS kernel and let ® : X — H be the associated
feature mapping function. Assume that there exists R > 0 such that K (x,x) < R? forallx € X.
Then, for all 1 < & < 0, with probability at least (1 — 0) the following hierarchical multiclass
classification generalization bound holds for all g¢ € Gr,, :

m

1 NG SBRL In(2/0
Elor) < 5 o Alos ) + 2 S o)l - 1+ 3y = )
i=1 veV\Y

where, Gr, = {(x,y) € X x Y — minvqu(y)(f(x,v) — MaXy e (v) fx, ")) | f € Fs}
Fp={(x,v) € X xV = (wy,z) | W = (w1 ...,wy)), |[|W|ln < B}, and |D(v)| denotes the
number of daughters of node v.

Proof Exploiting the fact that .4 dominates the 0/1 loss and using the Rademacher data-
dependent generalization bound presented in Theorem 4.9 of [2], one has:
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where R,,, denotes the empirical Rademacher complexity of (A — 1) 0 G, on S. As z — A(z) is
a Lipschtiz function with constant L and (LA — 1)(0) = 0, we further have:
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Let us define the mapping c from Fp x X x YVinto V x V as:

of,xy)=(v,0) = (f(x0)= max f(x,v"))
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A (f(x0) = f(x,0)) = min (f(x,u) = max f(x,u)))
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This definition is similar to the one given in [1] for flat multiclass classification. Then, by construc-

tion of ¢:
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By definition, f(x®),v)—f(x®,v") = (w,—w,, ®(x)) and using Cauchy-Schwartz inequality:
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Using Jensen’s inequality, and as, Vi, 5 € {l|c(f,xV,yD) = (v,v")}2,i # j,E, [0i05] = 0, we

get:
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Plugging this bound into the first inequality yields the desired result. [J
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