Quantization Beyond Uniform Bit Allocation
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Motivation

* Memory Bottleneck: Modern embedding models produce thousands of
dimensions (D = 3072). Storing billions of vectors in fast memory is
prohibitive (=~ 12 KB / vector).

= Capitalizing on Embedding Structure: Modern models exhibit rich
geometric structure (Matryoshka representation), yet conventional
quantization treats all dimensions equally with uniform bit budgets.

“Can a variable bit allocation scheme allow for better
quantization of vectors at the same compression rate?”

MRL and Variance Decay
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Core Insight: Uniform quantization starves high-variance
leading coordinates while wasting bits on near-constant
trailing ones.

Variable Product Quantization

* Bucket Decomposition: Partition D = 3072 dimensions into K = 8 contiguous
buckets By, ..., Bs.

* Variable Subvector Density: Allocate b, subvectors to each bucket By
(1 byte / subvector), concentrating density in high-variance buckets.

= Zero Query Overhead: Apply a single offline allocation vector b= (b1, ..., byk)
globally, maintaining standard PQ query efficiency.

Bit Allocation & Empirical Recall Wins
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Figure 1: Discovered bit allocations across 8 buckets for OpenAl text-embedding-3-large (0.25 — 1.00 bpd) on 6
BEIR benchmarks. Bits heavily concentrate in prefix buckets B; — Bs.
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Figure 2: Recall improvements (A) and absolute Recall@100 of Variable PQ over Uniform PQ across 6 BEIR benchmarks
(OpenAl text-embedding-3-large).

= Strict Dominance: Variable allocation strictly outperforms uniform PQ at identical
memory footprints.

* Low-Bitrate Advantage: Relative recall gains are largest in highly constrained
compression regimes (< 1.00 bpd).
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Greedy Bit Allocation Search
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Greedy search serves purely as a proof of concept to
demonstrate that non-uniform bit allocation strictly
dominates uniform baselines.

Open Directions

* Closed-Form Allocation: Derive analytical
formulas for optimal allocation directly from
embedding properties.

« Structure-Aware Quantizers: Design algorithms
where non-uniform allocation emerges natively,
bypassing expensive heuristics.

» Systems Challenges: Address memory-access and
SIMD alignment bottlenecks caused by non-uniform
data types.

Key Takeaways:

* Free Recall Gains: Variable allocation
improves recall at zero extra memory cost.

* MRL Alignment: Matryoshka models
naturally benefit from variable quantization.
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