LeanVec: Searching vectors faster by making them fit
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Problem Statement
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Contributions

e High-quality graphs up to 4.9x faster than SOTA

e LeanVec-ID (query distr. agnostic) up to 3.6x faster search

o LeanVec-OOD, new optimal projection with two fast
optimization algorithms, up to 5.4x faster search

 Integrated into Scalable Vector Search for reproducibility
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2 A, B row-orthonormal matrices
New SOTA for vector min HQTATBX — QTXH Q matrix with query vectors
search for in-distribution A,BeSt(D,d) F X matrix with database vectors

and out-of-distribution
queries
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orthonormality constraints on A, B

v Theoretical guarantees

We propose two solvers:

Frank-Wolfe block-coordinate descent

Convex relaxation of the

Finds the best convex combination of
QTQ and XTX

v Fast algorithm
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Linear approx for speed

Faster search
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