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Average rank of closest-sounding
neighbour in vector space by 𝑓 .

𝑤 ∈ 𝒲 𝑤′ = ArgMax𝑤′∈𝒲\{𝑤}𝑆𝐻(𝑤, 𝑤′).

In 𝑆𝑉  with 𝑓 , 𝑤′ is 𝑟-th neighbour of 𝑤. Metric: 1000−𝑟
1000 .
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man : woman ↔ king : queen 𝑓(man) − 𝑓(woman) + 𝑓(king) ⇝ 𝑓(queen)

/dIn/ : /tIn/ ↔ /zIn/ : /sIn/ 𝑓(/dIn/) − 𝑓(/tIn/) + 𝑓(/zIn/) ⇝ 𝑓(/sIn/)

𝑤1 : 𝑤2 ↔ 𝑤1′ : 𝑤2′

How often is 𝑓(𝑤2′) the closest neighbour
to (𝑓(𝑤1) − 𝑓(𝑤2) + 𝑓(𝑤1′))?
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We know 𝑆𝐻(ocean, queens) and want 𝑆𝑉  with 𝑓  such that
𝑆𝑉 (𝑓(ocean), 𝑓(queens)) = 𝑆𝐻(ocean, queens))

ℒ = || ‖𝑓(ocean) − 𝑓(queens)‖2 − 𝑆𝐻(ocean, queens)||2
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