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1 Proofs

Upper bound on loss. For any pair (x, y), the loss `(ΘTf(sgn(Wx)), y) is upper bounded by:

`(ΘTf(sgn(Wx)), y) ≤ max
g∈Hm

{
gTWx + `(ΘTf(g), y)

}
− max

h∈Hm

{
hTWx

}
. (1)

Proof.

RHS = max
g∈Hm

{
gTWx + `(ΘTf(g), y)

}
− max

h∈Hm

{
hTWx

}
= max

g∈Hm

{
gTWx + `(ΘTf(g), y)

}
− sgn(Wx)TWx

≥ max
g∈{sgn(Wx)}

{
gTWx + `(ΘTf(g), y)

}
− sgn(Wx)TWx

= sgn(Wx)TWx + `(ΘTf(sgn(Wx)), y)− sgn(Wx)TWx

= `(ΘTf(sgn(Wx)), y)

= LHS

Proposition 1. The upper bound on the loss becomes tighter as a constant multiple ofW gets larger.
More formally, for any α > β > 0, we have:

max
g∈Hm

{
αgTWx + `(ΘTf(g), y)

}
− max

h∈Hm

{
αhTWx

}
≤

max
g′∈Hm

{
βg′

T
Wx + `(ΘTf(g′), y)

}
− max

h′∈Hm

{
βh′

T
Wx

}
. (2)

Proof. Let

ĝα = argmax
g∈Hm

{
αgTWx + `(ΘTf(g), y)

}
, ĝβ = argmax

g∈Hm

{
β gTWx + `(ΘTf(g), y)

}
,

then we have:

β ĝT
αWx + `(ΘTf(ĝα), y) ≤ β ĝT

βWx + `(ΘTf(ĝβ), y) . (3)

We also have:

max
h∈Hm

{
α hTWx

}
= α sgn(Wx)

T
Wx , and max

h∈Hm

{
β hTWx

}
= β sgn(Wx)

T
Wx .

(4)
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Moreover,

ĝT
αWx ≤ sgn(Wx)

T
Wx =⇒

(α− β) ĝT
αWx ≤ (α− β) sgn(Wx)

T
Wx =⇒

(α− β) ĝT
αWx− α sgn(Wx)

T
Wx ≤ −β sgn(Wx)

T
Wx . (5)

Now, summing the two sides of (3) and (5), and using (4), the inequality is proved.

2


	Proofs

