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Abstract

In [2] and [1] a proof was provided for the statement that the attractor set for the
weights of herding would lie within a ball of finite radius. A small bug in that
proof was pointed out by Olivier Delalleau. This note is a correction to that proof.

1 Old Proof of “Recurrence”

Below we repeat the proposition:

Proposition 2: ∃ radiusR such that an idealized herding update performed outside this radius, will
always decrease the norm||w||2.

and its corollary:

Corollary: ∃ radiusR′ such that a herding algorithm initialized inside a ball withradiusR′ will
never generate weightsw with norm||w||2 > R′.

We first recall the following lemma:

Lemma 1: If |gα(sα)| < ∞, ∀s, α, then∃ B such that||∇ℓ0||2 < B.

In the following section, we describe the corrected proof ofproposition 2.

2 Correction to Proof

We will use the following three facts:

1.
∑

α
wα∇wα

ℓ0 = ℓ0 < 0 outside the origin,

2. B is constant,

3. ℓ0(βw) = βℓ0(w)

These properties are only sufficient to prove that in any direction ofw, represented byu, ‖u‖ = 1,
there is a radiusR(u) beyond which the norm ofw will decrease whenw is in that direction, (i.e.
in mathδ‖w‖2 < 0, ∀w = ru, r > R). But we can’t claim that there exists a constantR irrelevant
to u beyond which the norm of anyw will decrease. The corrected proof is as follows:

Write the herding update asw′

α
= wα + ∇wα

ℓ0. Take the inner product withw′

α
leading to,

‖w′‖2

2
= ‖w‖2

2
+ 2

∑
α

wα∇wα
ℓ0 + ‖∇wα

ℓ0‖
2

2
, which leads toδ‖w‖2

2
< 2ℓ0 + B2.

Denote the unit hypersphere asU = {w|‖w‖2

2
= 1}. Sinceℓ0 is continuous onU , andU is a

bounded closed set,ℓ0 can achieve its supremum onU , that is, we can find a maximum pointw
∗ on

U whereℓ0(w
∗) ≥ ℓ0(w), ∀w ∈ U .

Now combining this with fact 1, the maximum ofℓ0 onU is negative. And taking into account fact
2, there is some radiusR for whichRℓ0(w

∗) < −B2/2. Together with the scaling property ofℓ0

1



from fact 3, we can now prove that anyℓ0 with a norm larger thanR is smaller than−B2/2:

ℓ0(w) = ‖w‖2ℓ0(w/‖w‖2) ≤ Rℓ0(w
∗) < −B2/2, ∀‖w‖ > R (1)

(2)

Thus, the norm ofw will decrease when it’s beyond the bound ofR becauseδ‖w‖2

2
< 2ℓ0(w) +

B2 < 0, ∀‖w‖2 > R.
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