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◮ A protocol exchanging k bits ⇒ rank(f) ≤ 2k

◮ CC(f) ≥ log rank(f)
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Conjecture (Lovász & Saks ’88)

CC(f) ≤ (log rank(f))O(1).

Theorem (Lovett ’14)

CC(f) ≤ Õ(
√

rank(f)).

◮ Here: A much shorter and direct proof by me.
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Lemma
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◮ For any regular matrix T : u′
i := Tui & v′j := (T−1)Tvj
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〈

u′
i, v

′
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〉
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Lemma

Vectors can be chosen so that ‖ui‖2, ‖vj‖2 ≤ r1/4 ∀i, j
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◮ T : Rn → R
n linear map ⇒ T (ball) is an ellipsoid
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John’s Theorem (2)

Proof:

K

0
x

E

◮ Suppose the maximum volume ellipsoid in K is a unit
ball.

◮ Suppose some point x ∈ K has ‖x‖2 >
√
n

◮ Stretch ball along x; shrink orthogonal

◮ vol(E) > vol(ball)
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Thanks for your attention


