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Abstract
By introducing Rslm (Rotated Scaled Lloyd-Max), a family of training-
free vector quantization codecs compressing embeddings to 1–4 bits
per dimension, we reduce memory cost and memory bandwidth of
a typical large-scale Approximate Nearest Neighbor (ANN) search
system, while reducing its complexity and keeping or improving
recall across multiple benchmark datasets. State-of-the-art systems
filter candidates using coarse partitions, approximately score them
to narrow the set, and then rescore the best with higher preci-
sion representations (often ≥8 bits per dimension). Our relativized
codecs can bring this down to 2–4 bits per dimension.

We use the properties of the ANN system to encode residual vec-
tors instead of full vectors, both for the approximate scoring phase
and the rescoring phase. Since Maximum Inner Product Search
(MIPS) is very sensitive to vector norms, we correct the 𝐿2 norms
of quantized vectors. Our major innovation is that we correct the
𝐿2 norm of the final reconstructed vector rather than just the resid-
ual. Our rescaling replaces more complicated schemes, such as
Anisotropic loss. The residualization scheme gives us a more favor-
able quality vs size trade-off than generic quantization methods.

Our high-performance implementation leverages a block-wise
cascaded FastWalsh-Hadamard Transform (FWHT) with linear-like
complexity, AVX SIMD-optimized codebooks, and a steganographic
encoding of scaling factors for perfect cache-line alignment.

1 Introduction
High-dimensional vector embeddings serve as the foundational rep-
resentation for capturing unstructured semantic information across
various modern domain pipelines, including search [28, 33, 34],
recommendation [31, 37], and Retrieval-Augmented Generation
(RAG) [20, 38]. Approximate Nearest Neighbor (ANN) search sys-
tems are often used to locate relevant vectors within billion-scale
databases with high throughput and low latency [9]. In modern
high-throughput database systems, search index design is funda-
mentally dictated by tight hardware constraints: DRAM-to-CPU
memory bandwidth limits and physical DRAM capacity [25].

High-scale database architectures rely on clustering-based [27]
and tree-based partitioning indexes [7, 16]. These paradigms divide

Figure 1: Geometric interpretation of residual quantization
with both local and global scaling fixing the norm.

the vector space into localized Voronoi cells or spatial nodes, re-
stricting online distance evaluations to a pruned subset of candidate
vectors. For example, inverted file index (IVF) systems first identify
spatially clustered candidate partitions and subsequently perform
exhaustive Maximum Inner Product Search (MIPS) candidate re-
ranking of candidates within the selected partitions [6, 43].

Within this second stage, vector quantization serves as an impor-
tant technique to compress embeddings into compact representa-
tions [27]. This compression delivers a multi-fold system advantage:
it reduces the overall DRAM memory footprint — enabling billion-
scale in-memory indexes — while simultaneously cutting end-to-
end query latency and boosting queries per second throughput by
reducing DRAM-to-CPU transfer.

Traditional data-dependent quantization techniques, such as
product quantization [27] (see Section 2), rely on offline training to
construct dataset-specific codebooks. While data-oblivious quan-
tizers eliminate this offline complexity and overhead, they suffer
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from recall degradation in aggressive low-bitwidth regimes below
3 bits per dimension [18]. To address this, a recently emerging class
of rotation-based data-oblivious quantizers, such as EDEN [42],
TurboQuant [52] and BlockQuant [3], leverages randomized or-
thogonal transforms to homogenize coordinate variance prior to
quantization. By mapping embedding dimensions to known ana-
lytical distributions and using a fixed codebook, these frameworks
enable accurate, training-free quantization.

Our Motivation and Positioning. We improve on the existing
generic data-oblivious quantizers by respecting ANN-specific con-
straints and leveraging ANN-specific opportunities. First, dense or-
thogonal projections (such as the Haar-distributed random orthog-
onal matrices employed in TurboQuant [52] and RaBitQ [19]) scale
quadratically with vector dimensionality 𝐷 , incurring large matrix
storage overhead and query transformation latency. Second, while
Fast Walsh-Hadamard Transforms (FWHT) mitigate this computa-
tional cost by scaling in O(𝐷 log𝐷), global full-vector FWHTs are
strictly restricted to power-of-two dimensions. When deployed on
arbitrary dimensionalities (e.g., 𝐷 = 2049), global FWHT requires
zero-padding up to the next power of two, significantly increasing
both computational work and memory bandwidth requirements.
Most importantly though, existing general-purpose data-oblivious
codecs are traditionally designed as standalone, full-vector encoders
optimized for coordinate-wise reconstruction rather than an inte-
grated part of a vector search retrieval system.

1.1 Contributions
To address these limitations, we introduce Rslm (Rotated Scaled
Lloyd-Max), a training-free vector quantization family of 1- to 4-
bit codecs designed for high-performance clustering-based IVF and
tree-based ANN rescoring. Rslm is optimized to operate across both
the full vector space and the residual space of IVF/tree partitions
and/or approximate vectors. By quantizing residual vectors, Rslm
delivers near-lossless recall at extreme compression rates without
any dataset-specific training. Our main contributions follow.

Linear rotation complexity. Instead of dense quadratic projec-
tions, or O(𝐷 log𝐷) FWHT approach by EDEN, Rslm implements
a cascaded 2-pass Block-FWHT. By restricting FWHT to fixed-size
blocks of size 𝐵, the formal encoding complexity is O(𝐷 log𝐵).
Since the block size 𝐵 is a small, hardware-optimized constant (we
use 𝐵 ≤ 128), log𝐵 scales as a constant factor, yielding a linear
complexity of O(𝐷).

Final-vector 𝐿2 norm correction: MIPS ranking degrades if the
norm is not corrected [15]. Previous approaches fixed the norm for
the residual. Rslm takes this one step further, and explicitly corrects
the 𝐿2 norm of the final reconstructed vector rather than just the
residual, matching or exceeding the recall of complex anisotropic
loss formulations without requiring offline codebook training.

Zero-byte steganographic metadata: In the 4-bit Rslm4Lite vari-
ant, we embed the norm scale factor in the quantized vector. This
reduces per-vector metadata overhead to exactly zero and enables
perfect cacheline alignment for SIMD register lookups.

ANN simplification with training-free codecs: We evaluate Rslm
codecs on full vector quantization and relative quantization in

respect to approximate vectors across five datasets, and conduct an
end-to-end comparison against Faiss [17] and ScaNN [23] on glove
and openai datasets, where we employ them to encode approximate
vectors. We demonstrate that both in approximate scoring and
rescoring phase our training-free codecsmatch or exceed the quality
of the trained codecs.

Memory storage and bandwidth savings: When applied in rescor-
ing phase, our relativized codecs achieve for all five evaluated
datasets no recall@20@30 losses with 4-bit quantization (compared
to default 8 bits used by ScaNN), and our 2-bit variants achieve
99%+ recall@20@40.

1.2 Limitations
Inner Product. We focus on ANN search to retrieve items with

the maximum inner product. Because most modern embedding
models output unit-normalized vectors, rankings generated by in-
ner product, cosine similarity, and 𝐿2 distance are mathematically
identical, and computing dot-products is faster in practice. In our
evaluation, four out of five datasets are unit-normalized, while the
remaining bigann dataset exhibits minimal norm variance.

IVF Index. We focus on tree-based IVF indexes because they are
highly optimized for environments with strict physical memory
scaling limits and high-throughput requirements. As noted on ann-
benchmarks.com [5], graph-based indexes like HNSW often achieve
lower latency for a single query at a given recall target. However,
IVF architectures maintain a crucial advantage in memory footprint
and batched processing throughput. For our end-to-end comparison
in Subsection 5.5, we evaluate ScaNN—one of the fastest throughput-
optimized algorithms—and Faiss, one of the most widely deployed
indexes in industry.

Our codecs can still be very useful also for graph-based HNSW
architectures. Non-relative codecs could be used to compress node-
vectors to reduce the memory required during graph traversal. And
our relative codecs could be applied in a multistage approach simi-
lar to Milvus’s HNSW-PRQ [44], where the full precision vectors
could be replaced by quantizing residuals against the coarse routing
vectors, enabling highly accurate, training-free rescoring.

2 Background and Related Work
Scaling ANN search to billions of vectors is constrained by DRAM
costs and memory bandwidth [25]. Similarity search engines typi-
cally navigate this tradeoff via multi-stage filtering: coarse spatial
indices first prune the search space to candidate partitions, followed
by quantized in-memory scanning to efficiently rescore vectors.

2.1 Space Partitioning and Candidate Selection
Modern similarity search engines decouple candidate pruning from
final ranking using space-partitioning index structures [17]. While
graph-based architectures like DiskANN [25] achieve exceptional
recall-latency trade-offs, their reliance on in-memory graph adja-
cency lists imposes large physical RAM requirements. Similarly,
Locality-SensitiveHashing (LSH) frameworks like Fargo [54] are fre-
quently bypassed in production-grade systems due to non-optimal
empirical precision andmathematical disalignment with exact MIPS
distance properties. To address these limitations, high-throughput
engines adopt a two-stage retrieval pipeline generally built on
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IVF structures [27] or tree-based space partitions [7, 16]. For in-
stance, hybrid systems like SPANN [11] store coarse centroids in
memory and keep postings on disk, whereas IVF-RaBitQ [39] pairs
IVF with randomized hypercube projections. In the approximate
scoring stage, the system first identifies localized Voronoi cells
and uses low-bit vector quantization codecs (e.g., 1-bit or 2-bit) to
rapidly compute estimated distances and prune candidates under
strict memory bandwidth constraints. In the subsequent rescoring
stage, the system fetches full-precision vectors or higher-fidelity
quantized representations for a shortlist of top-k candidates to
re-evaluate exact MIPS distances and finalize the top ranking.

2.2 Quantization
Vector quantization (VQ) maps high-dimensional vectors 𝑥 ∈ R𝐷 to
a discrete set of codes from a codebook C = {𝑐1, . . . , 𝑐𝐾 } to reduce
their memory footprint. The standard objective is to find a quantizer
𝑞(𝑥) that minimizes the reconstruction error, typically formulated
as the mean squared error (MSE) or squared 𝐿2 distortion:

LMSE (𝑥) = ∥𝑥 − 𝑞(𝑥)∥2 (1)

Quantization frameworks can be broadly categorized as either
data-dependent or data-oblivious, depending on how their code-
books and parameters are constructed.

In data-dependent settings, codebook learning is performed offline
over a training dataset X by minimizing the empirical reconstruc-
tion error using iterative clustering algorithms such as k-means.
Once learned, online encoding deterministically maps a vector 𝑥 to
its nearest codebook centroid 𝑞(𝑥) = argmin𝑐∈C ∥𝑥 − 𝑐 ∥2. Because
the codebook size of unconstrained VQ scales exponentially with
the vector dimension 𝐷 for a fixed quantization error, three main
categories of structured codebook relaxations are widely adopted:

• Scalar Quantization (SQ): This approach quantizes each co-
ordinate independently using global or coordinate bounds
learned from X (e.g., the Faiss codecs in Section 5.5.1). For
instance, SQ8 performs scalar quantization to 28 levels, us-
ing a static per-dimension scale factor shared across the
dataset.

• Product Quantization (PQ) [27]: This scheme decomposes
the 𝐷-dimensional vector space into 𝑀 orthogonal sub-
spaces of dimension 𝐷/𝑀 , quantizing each sub-vector inde-
pendently using a learned sub-codebook C (𝑚) . Optimized
Product Quantization [21] improves PQ by using a learned
orthogonal rotation to balance subspace variances, while
Pyramid-PQ [45] adaptively merges adjacent subspaces to
accelerate online distance computation.

• Multi-Codebook and Residual Quantization (MCQ/RQ): To
achieve higher reconstruction fidelity, multi-codebookmeth-
ods such as Residual Quantization [12], Product Residual
Quantization, and implicit neural codecs like Qinco2 [41]
sequentially encode quantization residuals across cascading
stages. However, these approaches require computationally
intensive offline training phases and impose substantial
decoding overhead during online query execution.

In contrast to data-dependent techniques, data-oblivious methods
eliminate offline training by computing transformation parameters
analytically or deriving them per vector at runtime. For instance,

Scaled Scalar Quantization (SSQ) [1] applies per-vector scaling. By
storing a scale factor alongside the packed low-bit coordinates,1 SSQ
eliminates the need for offline training and guarantees robustness
against out-of-distribution data shifts. We also note that the scale
can be hidden inside the quantized vector. For instance, in Section
5 we compare the Rslm codecs against SSQ4Lite, which is a 4-bit
scalar quantization codec that hides the 32-bit scale factor within
the least significant bits of the quantized vector.2

Norm-Aware and MIPS-Oriented Quantization. While standard
vector quantization minimizes MSE and implicitly weights recon-
struction errors uniformly regardless of direction, MIPS depends on
vector lengths. Dai et al. [15] introduced Norm-Explicit Quantiza-
tion (NEQ), showing that quantization error in the vector norm has
a greater negative impact on inner product ranking than error in
vector direction. NEQ explicitly decouples and quantizes the scalar
norm separately from the normalized direction vector. Furthermore,
ScaNN [23] penalizes parallel quantization errors via an anisotropic
loss function. These methods demonstrate the necessity of norm
preservation for MIPS, but rely on offline codebook training.

Orthogonal Preconditioning and Rotation-Based Codecs. While
data-oblivious scalar quantizers perform well at high bit levels (e.g.,
8-bit), coordinate variance skew and outlier dimensions cause re-
call degradation in aggressive low-bit regimes. To overcome this
without resorting to offline k-means training, a distinct class of
data-oblivious methods leverages randomized orthogonal precon-
ditioning to homogenize coordinate variance prior to quantization.
Within this class, EDEN [42] applies a randomized FWHT over a
1D Gaussian codebook, supporting flexible, non-integer number of
bits per coordinate via coordinate sparsification. TurboQuant [52]
constructs a 1D Lloyd-Max codebook calibrated to the exact Beta
spherical coordinate marginal under a dense QR rotation, combined
with a 1-bit QJL (Quantized Johnson-Lindenstrauss) [53] residual
estimator. RaBitQ [19] and E-RaBitQ [18] project unit-normalized
vectors onto rotated hypercube vertices for 1-bit and spherical
multi-bit grids, though indexing complexity scales steeply with tar-
get bit-rate. BlockQuant [3] groups adjacent dimensions to perform
continuous spherical k-means, relying on dense Haar rotations.

LLM-Centric Quantization. Beyond similarity search, vector quan-
tization is used in post-training quantization and activation com-
pression in Large Language Models (LLMs). SmoothQuant [49]
introduces systematic 8-bit scaling, while QuIP [10] demonstrates
that randomized orthogonal preconditioning suppresses channel
outliers—a principle generalized by QuaRot [4] through computa-
tional invariance. Advanced low-bit frameworks include CRVQ [50],
which applies codebook relaxation to critical weight channels, and
LiftQuant [24], which enables quasi-continuous bit-widths. For
memory-efficient attention serving, KIVI [32] enables 2-bit Key-
Value (KV) cache compression, PolarQuant [48] applies recursive
polar coordinate transformations, and HARP [51] leverages learn-
able butterfly orthogonal transforms. While LLM quantization tech-
niques share preconditioning foundations with search codecs, they

1In practice, this per-vector scale factor is derived from coordinate min/max bounds
[1], vector norms [42, 52], or scalar multipliers optimized for MSE [19, 42].
2Specifically, for vectors with at least 64 dimensions, the 32-bit scale factor is embedded
directly into the least significant bits of the quantized coordinates.
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optimize for matrix multiplication throughput and perplexity rather
than fast MIPS candidate rescoring.

Positioning of Rslm. As shown in Table 1, our proposed Rslm
family occupies a unique operating point. We systematically cate-
gorize state-of-the-art training-free, rotation-based ANNS quantiz-
ers based on three key dimensions: their geometric precondition-
ing operator, the computational complexity of the projection step,
and their per-vector metadata footprint. While classical oblivious
quantizers operate exclusively on the full vector space, Rslm is de-
signed to quantize both full vectors and relative residuals relative to
coarse tree/IVF partitions. By operating on the residual space, Rslm
compresses highly concentrated error vectors, drastically reducing
quantization distortion.

Furthermore, while existing preconditioning methods require
either quadratic O(𝐷2) dense rotations or super-linear O(𝐷 log𝐷)
projections (as in EDEN [42]), Rslm implements a block-wise cas-
caded Block-FWHT that enforces a strict linear complexity of O(𝐷).
Finally, while competing schemes rely on explicit per-vector scal-
ing metadata to preserve distance estimation accuracy under inner
product search, Rslm scales the reconstructed vector length to pre-
serve the original 𝐿2 norm, and through its Rslm4Lite variant, it
hides this metadata steganographically, achieving zero storage over-
head and enabling highly optimized prefetching.

Table 1: Taxonomy of state-of-the-art training-free, rotation-
based ANNS quantizers, compared with Rslm and Rslm4Lite.

Method Rotation
Rotation

Complexity Overhead-Free

EDEN [42] Randomized
Hadamard

O(𝐷 log𝐷 )† ✗

RaBitQ [19] Dense Orthogonal
Rotation

O(𝐷2 ) ✗

E-RaBitQ [18] Dense Orthogonal
Rotation

O(𝐷2 ) ✗

TurboQuant [52] Dense Orthogonal
Rotation

O(𝐷2 ) ✗

BlockQuant [3] Dense Orthogonal
Rotation

O(𝐷2 ) ✗

Rslm (Ours) Randomized
Block-Hadamard

O(𝐷 )† ✗

Rslm4Lite (Ours) Randomized
Block-Hadamard

O(𝐷 )† ✓

† Hadamard-based transforms are computed via FWHT.

3 Rslm codec family
In this section, we describe the Rslm codec family, which provides
vector quantization across 4, 3, 2, and 1-bit rates. Each codec in the
Rslm family implements three main steps. First, it applies efficient
pre-quantization transformations such that all coordinates have
uniform variance. Second, it maps the rotated coordinates onto pre-
computed optimal Lloyd-Max codebooks calibrated for the standard
normal distribution. Third, it appends a 2-byte per-vector scale to
restore vector length and prevent under-scoring in MIPS.

3.1 Pre-Quantization Transformations
Direct quantization of raw embedding vectors can lead to subopti-
mal codebook capacity utilization due to uneven coordinate vari-
ance and outliers. To mitigate this, we follow existing quantization

techniques [30, 42, 52] and apply orthogonal transformations to
the original embeddings. These transformations distribute energy
uniformly across all coordinates, shaping the transformed data to-
ward a standard normal distribution while guaranteeing that inner
product distances are preserved.

We implement a fast transformation as a cascaded 2-pass rota-
tion combining three main components: the Fast Walsh-Hadamard
Transform (FWHT), static sign-flipping, and block-wise coordinate
permutations. These components are detailed below, followed by
the complete execution pipeline in Section 3.1.3.

3.1.1 Fast Walsh Hadamard Transform. While applying a full ran-
dom orthogonal transformation (e.g., via a Haar-distributed random
matrix) achieves the desired properties of data uniformization, it
is computationally prohibitive. For an embedding vector 𝑥 ∈ R𝐷 ,
general matrix multiplication requires 𝑂 (𝐷2) operations. To over-
come this computational bottleneck, we employ the Fast Walsh-
Hadamard Transform. The unnormalized Walsh-Hadamard matrix
𝐻̂𝑛 ∈ {−1,+1}𝑛×𝑛 of dimension 𝑛 = 2𝑘 is recursively defined as:

𝐻̂2𝑘 =

[
𝐻̂2𝑘−1 𝐻̂2𝑘−1

𝐻̂2𝑘−1 −𝐻̂2𝑘−1

]
,

𝐻̂1 = [1]
(2)

The orthonormal transform is given by 𝐻𝑛 = 1√
𝑛
𝐻̂𝑛 . The FWHT

algorithm exploits this recursive structure to apply the transforma-
tion in-place in𝑂 (𝑛 log𝑛) timewithout requiring auxiliarymemory.
Because the entries of 𝐻̂𝑛 are restricted to ±1, the transformation
reduces to a sequence of additions and subtractions, with a single
scaling factor of 1/

√
𝑛 applied at the end. This avoids expensive

multiplications.
To optimize for hardware efficiency and memory bandwidth, we

partition the vectors into blocks of constant size 𝐵 = 128 and apply
the FWHT to each block independently. This block-wise application
bounds the overall computational complexity to𝑂 (𝐷 log𝐵)—which
is linear in the embedding dimension 𝐷 . Furthermore, to maximize
throughput, we implement the block-wise FWHT using SIMD vec-
tor instructions (e.g., AVX2). We optimize memory bandwidth by
performing the initial stages of the transform entirely in-register
before resolving the remaining stages across registers, maximizing
instruction-level parallelism.

To handle arbitrary vector dimensions, we adjust the block-wise
application in two ways. First, if the dimension is strictly smaller
than 128, we dynamically shrink the block size to the largest power
of 2 that fits. Second, if the dimension is not a multiple of the active
block size, we use an overlapping approach: we process the vector
in standard blocks, and handle the leftover elements by running a
final block of the same size that overlaps with the preceding one.
Because these block operations are non-commutative, they must
be applied in reverse order during vector decompression to achieve
exact invertibility.

3.1.2 Sign Flips and Dimension Permutation. The deterministic na-
ture of the Hadamard transform means that it may not sufficiently
uniformize certain input distributions (e.g., vectors aligned with the
transform axes). To guarantee robust uniformization, we introduce
pseudo-randomness using fixed, pre-computed sign-flip and permu-
tation tables. Using static tables ensures that the transformations
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remain strictly orthogonal while requiring zero metadata overhead.
Specifically, the pipeline utilizes:

• Sign Flips: A static table of 256 pseudo-random signs (±1)
𝑆1 is tiled across the vector coordinates before the trans-
form.

• Dimension Permutation: A static 128-element permuta-
tion 𝑃 shuffles coordinates within each block. For blocks
smaller than 128, a dynamic bit-reversal permutation is
used instead.

For vectors exceeding 128 dimensions (𝐷 > 128), coordinates
are interleaved across blocks using a strided transpose to break
local block boundaries. For an arbitrary dimension 𝐷 with active
block size 𝐵 = 128, for 𝑀 = ⌊𝐷/𝐵⌋ complete blocks, the prefix of
length𝑀 ·𝐵 is permuted and transposed by mapping 𝑥 ′ [𝑘 ·𝑀+𝑏] =
𝑥 [𝑏 ·𝐵 +𝑃 (𝑘)] for 0 ≤ 𝑏 < 𝑀 and 0 ≤ 𝑘 < 𝐵, while any leftover tail
coordinates (𝑖 ≥ 𝑀 · 𝐵) are left unchanged (𝑥 ′ [𝑖] = 𝑥 [𝑖]). These un-
transposed tail coordinates are subsequently rotated and mixed into
the global embedding space by the overlapping trailing FWHT block
covering indices [𝐷 − 𝐵, 𝐷) in the second pass. This ensures strict
orthogonality, exact invertibility, and comprehensive dimension
uniformization for arbitrary dimensions without requiring zero-
padding or truncation.

3.1.3 Cascaded Rotation Pipeline. With the individual components
defined in Sections 3.1.1 and 3.1.2, the pre-quantization transfor-
mation is executed. For the 4-bit codecs (Rslm4 and Rslm4Lite), we
apply a single-pass optimization if the vector dimension is small
(𝐷 ≤ 256). In this case, we only apply the first-pass sign flips and
the overlapping FWHT, bypassing the permutation, transpose, and
second pass entirely to maximize query throughput. For larger
dimensions (𝐷 > 256, or always for Rslm1/2/3), the complete trans-
formation is executed in a two-pass cascade. For an input vector
𝑥 ∈ R𝐷 , the operations are performed in the following order:

(1) First-Pass Sign Flips: Multiply coordinates by the static
sign-flip sequence 𝑆1.

(2) First-Pass FWHT: Apply the block-wise FWHT.
(3) Dimension Permutation and Interleaving: Permute co-

ordinates within each block, and interleave them across
blocks using the strided transpose operation.

(4) Second-Pass Sign Flips: Apply the second static sign-flip
sequence 𝑆2 (which is 𝑆1 offset by 127 elements).

(5) Second-Pass FWHT: Apply the final block-wise FWHT.

3.2 Quantization Using Lloyd-Max Codebook
Following pre-quantization transformations, coordinate values ap-
proximate a zero-mean Gaussian distribution 𝑁 (0, 𝜎2) [42]. To map
these coordinates onto our fixed Lloyd-Max codebooks – which are
calibrated for the standard normal distribution 𝑁 (0, 1) – we scale
the transformed coordinates prior to centroid assignment.

While the theoretical average coordinate variance is given by
𝜎2 = 1

𝐷
∥𝑥 ∥2, individual rotated vectors might exhibit heavy-tailed

coordinate peaks. Scaling strictly by sample variance can cause
extreme coordinate outliers to saturate at the codebook boundaries,
degrading quantization accuracy. Tomaintain robust dynamic range
control and prevent outlier clipping, we apply Extreme Value The-
ory (EVT) [14] to compute a vector-adaptive initial scale factor

𝑠initial. Under the assumption that rotated coordinates behave as
i.i.d. Gaussians, the expected maximum absolute coordinate value
of a 𝐷-dimensional standard Gaussian vector is a known constant
𝐸max (𝐷). We set 𝑠initial dynamically based on the observed maxi-
mum coordinate magnitude of the vector |𝑧𝑖 |:

𝑠initial =
max𝑖 |𝑧𝑖 |
𝐸max (𝐷)

(3)

Because 1/𝐸max (𝐷) is pre-computed, determining 𝑠initial requires
only a single pass to locate max𝑖 |𝑧𝑖 | followed by a scalar multiplica-
tion. Normalizing coordinates by 1/𝑠initial dynamically anchors the
codebook range to the vector’s actual peak coordinate, mitigating
tail-clipping errors.

After normalizing the rotated vector by 1/𝑠initial, we map its coor-
dinates to the centroids. Depending on the target bit rate𝑏, we adapt
the codebook dimensionality and centroid count 𝐾 . Specifically, for
𝑏 = 1 we use a 4D codebook with 𝐾 = 16, for 𝑏 = 2 a 2D codebook
with 𝐾 = 16, and for 𝑏 = 3 and 𝑏 = 4 we utilize 1D codebooks with
𝐾 = 8 and 𝐾 = 16 centroids, respectively. When the embedding
dimensionality 𝐷 is not an exact multiple of the sub-vector size (4
for 𝑏 = 1 or 2 for 𝑏 = 2), the vector is zero-padded to the nearest
multiple prior to centroid assignment; during query scoring and
norm correction, only the valid 𝐷 coordinates are accumulated by
zeroing out trailing query terms, preserving exact inner-product
evaluation without requiring separate 1D fallback codebooks.

As detailed in Section 5.4, restricting codebooks to at most 16 cen-
troids is critical for hardware SIMD acceleration. To obtain the fixed
Lloyd Max codebooks, we performed k-means clustering on a large
set of synthetic samples drawn from a standard normal distribution
of the corresponding dimensionality using 𝐾 clusters. The result-
ing cluster centroids define the optimal quantization levels that
minimize the mean squared error under the Gaussian assumption.
Importantly, the codebooks that we use are data-independent.

3.3 Norm Correction
The Rslm codecs append a 2-byte per-vector scale factor to the
quantized vector (except for Rslm4Lite, where the scale factor is
embedded into the first dimensions, see Section 3.4) in order to re-
store vector length and improve MIPS ranking [15, 23]. Concretely,
for an embedding vector 𝑥 and its first-stage quantization 𝑥 , the
reconstructed vector representation is 𝑥 = 𝑠 · 𝑥 . The scale factor
𝑠 = ∥𝑥 ∥2/∥𝑥 ∥2 guarantees that the 𝐿2 norm of the reconstructed
vector matches that of the original vector.

This exact norm restoration contrasts with standard scaled scalar
quantization, which inflates the expected norm, and product quanti-
zation, which deflates it (and while doing so they introduce variance
in the norm across encoded vectors):

• SSQ models rounding error as independent uniform noise
bounded by the quantization step size Δ. This uniform er-
ror over [− Δ

2 ,
Δ
2 ] has a variance of 𝜎2 = Δ2

12 , causing the
expected squared magnitude of the quantized vector to
inflate according to E[∥𝑥 ∥22] ≈ ∥𝑥 ∥22 + 𝐷

Δ2

12 [47].
• PQ centroids represent the conditional means of their cor-

responding Voronoi cells. Under this centroid property of
optimal vector quantization, the expected quantized norm
is deflated: E[∥𝑞(𝑥)∥22] = E[∥𝑥 ∥22] −MSE [22, 27].
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This theoretical discrepancy is empirically pronounced in high-
dimensional spaces. For instance, on the 1536-dimensional openai
dataset, where original vectors are unit-normalized, the mean re-
constructed norm of SSQ4Lite inflates to 1.82 (𝜎 = 0.03), whereas
4-bit per dimension PQ deflates to 0.72 (𝜎 = 0.01). Rslm eliminates
this distortion entirely by enforcing exact norm alignment.

3.3.1 Scale Encoding. For the scale encoding, Float32 (S1E8M23)
offers good range (useful for un-normalized embeddings) and good
recall, but 4 bytes is expensive, especially for use cases with lower
dimensionality and bits per dimension. The standard 16-bit floats
both have drawbacks:

• BFloat16 (S1E8M7) offers range similar to Float32, but loses
recall.

• Float16 (S1E5M10) achieves similar recall to Float32, but
limits the range.

Since scales are non-negative, the sign bit is redundant. A parameter
sweep showed UE7M9 offering a good middle ground.We implement
UE7M9 without subnormals by converting to Float32 with a few
simple ALU instructions.

3.4 Codecs Description
All Rslm variants share a unified compression pipeline: (1) apply a
2-pass cascaded orthogonal transformation as described in Section
3.1.3, (2) estimate the initial scale factor and quantize the normalized
vector (Section 3.2), (3) compute the refined scale factor to preserve
the 𝐿2 norm (Section 3.3), and (4) pack the codes and scale factor.

Table 2 summarizes the technical specifications of each variant.

Table 2: Rslm Codec Specifications.

Codec Bits/Dim Type 𝐾 Scale
Rslm1 1 4D 16 Suffix (2B)
Rslm2 2 2D 16 Suffix (2B)
Rslm3 3 1D 8 Suffix (2B)
Rslm4 4 1D 16 Suffix (2B)
Rslm4Lite 4 1D 16/8 Embedded

Rslm4Lite is designed for embedding dimensions 𝐷 ≥ 64 to elim-
inate the 2-byte storage overhead of the scale factor. For the first 16
dimensions, it uses 𝐾 = 8 (3-bit) centroids. This frees up the most
significant bit in each of the first 16 encoded dimensions. A 16-bit
float (UE7M9) scale factor is then steganographically embedded into
these 16 unused bits, yielding a packed size of exactly ⌈𝐷/2⌉ bytes.
In practice this means that, e.g., for 256-dimensional embeddings,
memory-bandwidth bound systems need only two cachelines in-
stead of three to prefetch the vector. This design was inspired by
our optimization run using AlphaEvolve [35].

3.5 Relative Quantization
The Rslm codecs can be used either for full vector quantization as
described in the previous sections, or for relative quantization (see
Figure 1). In the latter setting, an Rslm codec is used to quantize
the residual vector 𝑟 = 𝑥 − 𝑎, where 𝑥 is the original vector and 𝑎 is

the vector approximation from the initial quantization stage. 3 The
Rslm family supports two scaling options for relative quantization:

3.5.1 Local Scaling. In the default non-global mode (denoted as
RelApprox in Table 6), the residual 𝑟 is quantized on its own to 𝑟 ,
preserving its own norm via a local scale factor (see Section 3.3).

To compute the dot-product for ranking, we can reuse the already
computed dot-product of the query 𝑞 with the approximate vector
𝑎 because

⟨𝑞, (𝑎 + 𝑟 )⟩ = ⟨𝑞, 𝑎⟩ + ⟨𝑞, 𝑟 ⟩. (4)

This mode stores one 2-byte (UE7M9) float scale per vector to recon-
struct the residual, except for Rslm4Lite, which has zero storage
overhead.

3.5.2 Global Scaling. To correct for accumulated quantization er-
ror across all stages, the global mode (denoted as RelApproxGlobal
in Tables 6 and 7 or Rslm_Global in Section 5.5) scales the combined
approximation to restore the original vector length.

We compute a global scale factor 𝑠 = ∥𝑥 ∥2/∥𝑎 + 𝑟 ∥2 during en-
coding and append it as a 2-byte float to the packed data. Thus, two
2-byte floats are stored per vector (see Section 3.3). Since the global
scale is close to 1.0, we do not need as much range as the local scale,
so we use UE4M12, which devotes more bits to the mantissa, im-
proving recall. We can achieve zero metadata overhead by applying
again the trick from Rslm4Lite also to RelApproxGlobal-Rslm4Lite
variant and hiding both scalars in the first 32 dimensions.

During scoring, the final dot product is reconstructed by scaling
the combined scores, i.e. equal to 𝑠 (⟨𝑞, 𝑎⟩ + ⟨𝑞, 𝑟 ⟩).

4 Evaluation
4.1 Quality Metrics Used
Traditional vector quantization literature evaluates performance
via MSE [23]. However, in database retrieval, user satisfaction and
downstream ranking models depend on ranking accuracy rather
than coordinate fidelity. Throughout this paper, we optimize and
evaluate against ranking-centric metrics like Recall@X@Y (the
fraction of top 𝑋 ground truth exhaustive search results retrieved
at top 𝑌 positions).

We evaluate four metrics: Recall@20@30 (our default), Re-
call@20@40 (more lenient, useful for downstream post-processing),
Recall@20@20 (traditional strict recall), and 1%-Tolerant Re-
call@20 [29].

Based on findings in the recent industrial benchmarks [29],
we use Recall@20@30 as our default. As Table 3 illustrates, Re-
call@20@30 provides a necessary buffer to absorb benign mathe-
matical noise—such as equidistant noise shuffling, tiny quantization
artifacts, and borderline order swaps—that strict metrics like tradi-
tional Recall@20@20 falsely penalize. Instead, it strictly captures
genuine quality failures, such as missing high-relevance matches.
While 1%-Tolerant Recall is conceptually aligned with these goals,
Recall@20@30 is significantly easier to measure reliably in dis-
tributed database engines, requiring only candidate document IDs
to be returned rather than exact uncompressed float scores.

3We discuss how the approximate vector 𝑎 can be computed in Section 5.2.



RSLM: Training-Free Vector Quantization for Approximate Nearest Neighbor Search

Table 3: Quality Attribution Across Recall Metrics.

Retrieval Scenario Valid R@20 R@20 Tolerant
Loss? @20 @30 R@20

Missing top GT match Yes Loss Loss Loss
Swapping adjacent items No Loss Ignored Ignored
Tiny score artifacts No Loss Ignored Ignored
Dynamic index shifts No Loss Ignored Ignored
Equidistant noise shuffling No Loss Mitigated Ignored

Table 4: Overview of Evaluated Datasets

Dataset Dim. Size Description & Characteristics

glove [36] 100 1 M Word embeddings
bigann [26] 128 100 M SIFT image descriptors; strictly

non-negative coordinates with
strong inter-dimension correla-
tion; not unit normalized

openai [13] 1536 2 M OpenAI text embeddings
wiki_full 3072 2 M Gemini embeddings of Wikipedia
wiki_pca 384 2 M PCA + random rotation applied to

wiki_full

4.2 Datasets and Brute-Force Evaluation
We evaluate codecs across five standardized datasets covering di-
verse dimensionalities, dataset sizes, and coordinate distributions,
see Table 4. To decouple quantization loss from index partition-
ing errors, our quality evaluations focus on brute-force approach.
We use 500 queries per dataset and for each query, we isolate the
ground-truth top-500 nearest neighbors and evaluate ranking met-
rics directly on this candidate pool.

As we are interested in codecs with limited quantization error, it
is improbable for a candidate outside the top-500 ground truth to
reach the top 20 or 30 with this limited error. We verified this also in
practice for openai, bigann and glove datasets by comparing with
quantizing all documents for given queries (see our reproduction
Colab notebook for glove). The only statistically significant impact
was recall difference on non-relativized Rslm1 for all and Rslm2
only for bigann, i.e., when the recall was already low. Using the
best-scoring subset for the evaluation allowed us to both iterate
quickly and be closer to the real world settings, where modern ANN
systems usually score only a small fraction of all the results.

4.3 Evaluated codecs
We compare our Rslm codecs with SQ8 (default rescoring codec
used in ScaNN), SSQ4Lite (simple 4-bit scalar quantization variant
which doesn’t need a codebook), and 4-bit Turboquant representing
as a reference point EDEN, TurboQuant and BlockQuant (several
existing algorithms on which ideas we build). We specifically picked
TurboQuant as we had access to optimized C++ version of its code.

5 Results
5.1 Quality Results for Full Vector Quantization
We present the key observations based on Table 5, which shows
Recall@20@30 on full vector (non-relative) quantization with 95%
confidence intervals.

(1) Impact of Rotation: The unrotated codecs Slm44 and
SSQ4Lite suffer severe recall drops on wiki_full (79.1%
and 89.8%), bigann (60.9% and 60.2%), and openai (57.5%
and 60.6%) due to non-zero coordinate means and variance
skew. In contrast, Rslm4 and TurboQuant achieve >99%
recall on wiki_full and openai and >92% recall on bigann
by homogenizing variance prior to quantization. wiki_pca
had full random rotation applied as the last step of PCA, so
Slm4 and SSQ4Lite perform there well as expected.

(2) Dimensionality Scaling: Higher embedding dimension-
ality naturally protects against quantization noise. On
wiki_full (D=3072), even 3-bit and 2-bit codecs achieve
99% and 94% recall, respectively. These results are supported
by the theoretical properties of the behavior of random
projections and quantization noise [8, 46]. The true inner
product signal power grows quadratically, while the vari-
ance of uncorrelated, zero-mean quantization noise grows
linearly. Consequently, the Signal-to-Noise Ratio of the es-
timated inner product scales as 𝐷 · 22𝑏 [23]. Therefore, on
average, quadrupling the dimensionality allows a reduction
of one bit per dimension without degrading the statistical
reliability of the inner product.

(3) Lite vs. Standard 4-bit: Embedding the scalar avoids per-
vector storage overhead for cacheline alignment (see Sub-
section 5.4). Although this trade-off is more visible on lower-
dimensional datasets where the 16 hidden dimensions rep-
resent a larger fraction of the vector, the impact remains
negligible in high dimensions, making Rslm4Lite optimal
for high-dimensional workloads.

5.2 Quality Results for Residual (Relative)
Vector Quantization

For relative quantization (see Figure 1), we precompute approximate
vectors using a multi-stage residual quantization pipeline. First,
we partition the datasets such that there are approximately 100
vectors per partition5, and assign each vector to its nearest coarse
partition center. The resulting first-stage residual is then quantized
using ScaNN’s Asymmetric Hashing method (PQ) [23] with 1 bit
per dimension (see Section 5.5 for ScaNN codecs description and
note that we could also apply training-free codec for approximate
scoring as we do in Section 5.5).

We reconstruct the final approximate document vector by sum-
ming the assigned partition center and the decoded residual. This
reconstructed vector serves as the approximation for RelApprox
variants, which subsequently quantize the remaining secondary
residual. The following observations are based on Tables 6 and
7, which show the recall for quantized residual vectors used in
candidate rescoring:

4Slm4 (Scaled Lloyd-Max) is a codec similar to Rslm4, but without the rotation.
5For the large bigann dataset, this means using 2-level hierarchical partitioning tree.
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Table 5: Recall@20@30 Evaluation Results for Non-Relative Codecs.

Codec Bits/Dim wiki_full wiki_pca bigann glove openai

(𝐷 = 3072) (𝐷 = 384) (𝐷 = 128) (𝐷 = 100) (𝐷 = 1536)

SQ8 8 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 98.8% +0.4%
−0.5% 100.0% +0.0%

−0.0% 99.6% +0.1%
−0.2%

TurboQuant 4+s 100.0% +0.0%
−0.0% 99.3% +0.2%

−0.2% 92.2% +0.6%
−0.7% 96.9% +0.4%

−0.4% 99.3% +0.1%
−0.2%

Rslm4 4+s 99.9% +0.1%
−0.1% 99.2% +0.2%

−0.2% 92.3% +0.6%
−0.7% 97.3% +0.4%

−0.4% 98.9% +0.2%
−0.2%

Rslm4Lite 4 100.0% +0.0%
−0.0% 99.2% +0.2%

−0.2% 89.5% +0.8%
−0.9% 95.5% +0.5%

−0.5% 99.0% +0.2%
−0.2%

Slm4 4+s 79.1% +1.0%
−0.9% 98.6% +0.2%

−0.2% 60.9% +1.6%
−1.7% 93.6% +0.6%

−0.6% 57.5% +1.3%
−1.4%

SSQ4Lite 4 89.8% +0.7%
−0.8% 98.1% +0.3%

−0.3% 60.2% +1.4%
−1.6% 93.3% +0.5%

−0.6% 60.6% +1.3%
−1.2%

Rslm3 3+s 99.0% +0.2%
−0.2% 94.6% +0.4%

−0.5% 75.3% +1.0%
−1.1% 87.2% +0.8%

−0.9% 94.7% +0.5%
−0.5%

Rslm2 2+s 94.2% +0.5%
−0.5% 82.2% +0.8%

−0.9% 49.7% +1.2%
−1.2% 67.9% +1.4%

−1.4% 82.2% +0.9%
−1.0%

Rslm1 1+s 79.2% +0.9%
−0.9% 56.2% +1.1%

−1.2% 25.4% +0.9%
−0.9% 39.2% +1.7%

−1.6% 61.0% +1.2%
−1.4%

Note: ‘+s’ indicates that an extra scaling factor is stored per vector.

Table 6: Recall@20@30 Evaluation Results for Relative Codecs.

Codec Bits/Dim wiki_full wiki_pca bigann glove openai

(𝐷 = 3072) (𝐷 = 384) (𝐷 = 128) (𝐷 = 100) (𝐷 = 1536)

RelApprox-SQ8 8 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 99.9% +0.1%
−0.1% 100.0% +0.0%

−0.0% 100.0% +0.0%
−0.0%

RelApproxGlobal-Rslm4 4+s 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 100.0% +0.0%
−0.0%

RelApproxGlobal-Rslm4Lite 4 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 99.9% +0.0%
−0.1% 99.8% +0.1%

−0.1% 100.0% +0.0%
−0.0%

RelApprox-Rslm4 4+s 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 99.0% +0.2%
−0.3% 99.8% +0.1%

−0.1% 100.0% +0.0%
−0.0%

RelApprox-TurboQuant 4+s 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 98.8% +0.3%
−0.3% 99.8% +0.1%

−0.1% 100.0% +0.0%
−0.0%

RelApprox-Slm4 4+s 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.1% 97.1% +0.4%
−0.5% 99.5% +0.1%

−0.1% 98.2% +0.3%
−0.2%

RelApprox-Rslm4Lite 4 100.0% +0.0%
−0.0% 100.0% +0.0%

−0.0% 98.1% +0.4%
−0.4% 99.6% +0.1%

−0.1% 100.0% +0.0%
−0.0%

RelApprox-SSQ4Lite 4 100.0% +0.0%
−0.0% 99.9% +0.1%

−0.1% 94.8% +0.5%
−0.6% 99.2% +0.2%

−0.2% 99.9% +0.1%
−0.1%

RelApproxGlobal-Rslm3 3+s 100.0% +0.0%
−0.0% 99.6% +0.1%

−0.1% 99.6% +0.1%
−0.1% 98.9% +0.2%

−0.2% 100.0% +0.0%
−0.0%

RelApprox-Rslm3 3+s 100.0% +0.0%
−0.0% 99.4% +0.2%

−0.1% 94.0% +0.6%
−0.8% 98.2% +0.3%

−0.3% 99.7% +0.1%
−0.1%

RelApproxGlobal-Rslm2 2+s 100.0% +0.0%
−0.0% 97.2% +0.3%

−0.3% 97.2% +0.3%
−0.4% 94.2% +0.6%

−0.6% 99.7% +0.1%
−0.1%

RelApprox-Rslm2 2+s 100.0% +0.0%
−0.0% 96.5% +0.4%

−0.4% 80.9% +1.0%
−1.1% 91.7% +0.6%

−0.7% 97.4% +0.3%
−0.3%

RelApproxGlobal-Rslm1 1+s 99.5% +0.2%
−0.2% 86.9% +0.8%

−0.7% 87.7% +0.8%
−0.8% 82.1% +1.1%

−1.0% 97.3% +0.3%
−0.4%

RelApprox-Rslm1 1+s 99.2% +0.2%
−0.2% 85.1% +0.8%

−0.8% 57.6% +1.1%
−1.1% 76.0% +1.2%

−1.2% 88.6% +0.7%
−0.7%

Note: ‘+s’ indicates that one or two extra scaling factors are stored per vector.

Table 7: Recall@20@40 Evaluation Results for Selected Codecs.

Codec Bits/Dim wiki_full wiki_pca bigann glove openai

(𝐷 = 3072) (𝐷 = 384) (𝐷 = 128) (𝐷 = 100) (𝐷 = 1536)

RelApproxGlobal-Rslm2 2+s 100.0% +0.0%
−0.0% 99.4% +0.2%

−0.2% 99.3% +0.2%
−0.2% 97.7% +0.3%

−0.4% 100.0% +0.0%
−0.0%

RelApproxGlobal-Rslm1 1+s 100.0% +0.0%
−0.0% 93.1% +0.5%

−0.5% 93.5% +0.5%
−0.6% 88.2% +0.9%

−0.9% 99.4% +0.2%
−0.2%

Note: ‘+s’ indicates that one or two extra scaling factors are stored per vector.

(1) Superiority to non-relativized encodings: Across all
datasets and bit rates, having the additional information

(approximate vector to which we quantize relatively) dras-
tically reduces recall loss. Our relativized 4-bit Rslm encod-
ings achieve 100% recall, and 3-bit Rslm encodings achieve
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≥98.9% recall across all datasets, offering substantial effi-
ciency gains for the current state-of-the-art ANN systems.

(2) Extreme bandwidth efficiency for RAG systems: In
production vector databases, where downstream ranking
systems ingest a larger candidate pool, it makes more sense
to also look at metrics like Recall@20@40. We observe
that our relativized 2-bit Rslm encoding achieves 99.3%+
recall@20@40 across four out of five datasets (only for
the lowest 100 dimensional glove it is 97.7%); For high-
dimensional datasets, our relativized 1-bit Rslm encoding
achieves 100% recall@20@40 on 3072-dim wiki_full and
99.4% recall@20@40 on 1536-dim openai. This enables 4x
to 8x reduction in rescoring vectors DRAM footprint and
bandwidth.

(3) Fixing the norm is crucial: RelApproxGlobal significantly
outperforms RelApprox encodings, experimentally confirm-
ing that fixing the norm of the full reconstructed vector
(approximate + residual) is critical for MIPS ranking.

5.3 Other Recall Metrics
We provide additional recall metrics (defined in Section 4.1) in Ta-
ble 8. They trend as expected, with the exception that the bigann
dataset achieves high 1%Tolerant recall@20, even though recall@20@X
metrics are worse. Looking closer, this is explained by bigann hav-
ing clusters of documents with very similar vectors (magnified by
discretized per-dimension values – integers between 0 and 255).

Table 8: Various recall metrics comparison across selected
datasets and codecs.

Codec Metric openai glove bigann

SQ8

R@20@20 91.4% 98.0% 92.4%
R@20@30 99.6% 100.0% 98.8%
R@20@40 100.0% 100.0% 99.4%
Tolerant 100.0% 100.0% 100.0%

SSQ4Lite

R@20@20 49.9% 81.0% 49.4%
R@20@30 60.6% 93.3% 60.2%
R@20@40 68.0% 97.3% 67.6%
Tolerant 82.5% 87.4% 81.1%

Rslm4

R@20@20 90.5% 86.8% 79.6%
R@20@30 98.9% 97.3% 92.3%
R@20@40 99.9% 99.3% 96.6%
Tolerant 100.0% 92.7% 99.6%

RelApproxGlobal-
Rslm4

R@20@20 97.5% 94.9% 95.5%
R@20@30 100.0% 100.0% 100.0%
R@20@40 100.0% 100.0% 100.0%
Tolerant 100.0% 99.3% 100.0%

RelApproxGlobal-
Rslm2

R@20@20 92.9% 82.9% 86.4%
R@20@30 99.7% 94.2% 97.2%
R@20@40 100.0% 97.7% 99.3%
Tolerant 100.0% 89.0% 99.8%

5.4 Performance Impact and Memory Savings
We measure dot-product throughput and codec operation through-
put using a standardizedmicrobenchmark suite on both AMDMilan
(x86_64 AVX2) and Intel Cascade Lake (x86_64 AVX-512) server
platforms to capture different capacity and utilization of L1/L2/L3
CPU caches by those platforms.

To achieve peak speed, vector quantization algorithms (like Rslm)
perform table lookups directly inside CPU registers using byte-
shuffle instructions (VPSHUFB). However, because AVX2 hardware
restricts these shuffles to 16-byte lanes, codebooks cannot exceed
16 elements without suffering severe performance penalties [2].

The main focus of our benchmarks is OneToMany Dot-product
operation, i.e., computing the dot-product of one query vector with
many document vectors. Figure 2 shows the throughput if the
scored vectors are contiguous in memory (Plot 1) or whether they
are randomly spread within the large pool of the data (Plot 2). The
latter is modeling the real-world rescoring use-case better, while
the former shows the headroom if DRAM bandwidth was not an
issue. The plots clearly show:

• A smaller RAM footprint not only saves cost (as less RAM
is needed), but it also leads, because of higher throughput,
to much better end-to-end system performance.

• The cacheline-optimized Rslm4Lite significantly outper-
forms Rslm4 on the LargePool benchmark.

• Even though Rslm4Lite uses the fixed Lloyd-Max codebook,
in contrast to SSQ4Lite not having any codebook, it can
compete on the throughput thanks to highly optimized
SIMD CPU instructions.

We also evaluated the throughput of Compress, Decompress,
and Precompute-Query operations. Compress is applied on each
vector once at index building time, making it less critical, but it can
still be a substantial cost. For codecs utilizing rotations, it makes
a big difference whether it is full random rotation, FWHT on the
whole vector, or very efficient per-block approach we apply in Rslm
codecs family. This rotation needs to be applied also at serving time,
once per query, so that we can then directly compute dot-products
in the rotated space instead of decompressing all the vectors on
the fly. Being able to have the fast rotation, whatever the vector
dimensionality is, was one of the reasons that, even though Rslm4 is
similar to 4-bit TurboQuant, we created an Rslm4 version (see Table
1). In production, non-standard dimensionalities arise (e.g., 𝐷 =

2049, where an extra dimension encodes domain-specific metadata).
While performing comparably at 𝐷 = 256, TurboQuant experiences
significant slowdown during Compress and Precompute-Query at
𝐷 = 2049 due to its reliance on full-dimensional rotations – on
AMD Milan Turboquant can compress 3.5k items per second, while
Rslm4 compresses 128k items per second.

5.5 End-to-End Comparison with Faiss and
ScaNN

In this section, we perform an end-to-end comparison of the Rslm
codecs with the quantization methods available in the Faiss6 and
ScaNN7 libraries on the full glove and openai datasets over 500

6https://github.com/facebookresearch/faiss
7https://github.com/google-research/google-research/tree/master/scann

https://github.com/facebookresearch/faiss
https://github.com/google-research/google-research/tree/master/scann
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Figure 2: Dot product performance on random 256 dimen-
sional embeddings on AMD Milan and Intel Cascade Lake.

queries. The goal of this comparison is to evaluate how these quan-
tization methods perform in realistic vector search scenarios. In
contrast to previous subsections, where we focused on rescoring
phase (i.e., comparing encodings of vectors relative to approximate
vectors), here we show the benefits also for approximate scoring
(i.e., comparing encodings relative to partition centers).

5.5.1 Setup. The evaluation pipeline consists of three phases:

(1) Dataset Partitioning: The datasets are clustered to define
coarse search partitions.

(2) Residual Quantization: We quantize the residual vectors
(the difference between each vector and its assigned parti-
tion centroid) using the respective codecs.

(3) Query Routing and Scanning: At query time, we identify
the 𝑛probe closest partitions (defining the search budget)
based on the dot product to the centroids. We then scan the
quantized residual vectors within these active partitions to
retrieve the top-𝑘 nearest neighbors.

For the partitioning step, we configure both Faiss (using an
IVF4096 Flat index) and ScaNN (using a single-level k-means tree)
to partition the dataset into 4,096 partitions for glove and 8,192
for openai.8 To ensure a fair comparison, both partitioners are
trained using identical parameters: 25 k-means iterations, a training
sample size of 1,048,576 vectors for glove and 2,097,152 for openai
(corresponding to 256 points per centroid on average), and random
initialization. To evaluate each baseline under its optimal settings,
Faiss and ScaNN codecs are run on their respective default native
partitions (spherical k-means for Faiss, and standard Euclidean k-
means for ScaNN), while our proposed codecs are evaluated directly
on ScaNN’s partitions.

Faiss Codecs. We briefly describe the Faiss codecs which we use
in our evaluation. For more details, please see [17].

• Scalar Quantization (Faiss SQ): Maps floating-point val-
ues to equal-sized bins within a dynamically determined
range. We evaluate both the default non-uniform version,
which maintains an independent range per dimension (e.g.,
Faiss SQ4), and the uniform version, which shares a single
range across all dimensions (e.g., FaissSQ4 Uniform).

• Product Quantization (Faiss PQ): Decomposes the vec-
tor into 𝑀 sub-vectors of dimension 𝐷/𝑀 and quantizes
each subspace independently using a codebook trained
via k-means. For instance, FaissPQ50x4 partitions the 100-
dimensional GloVe vector into 50 2-dimensional sub-vectors,
quantizing each with a 4-bit (𝐾 = 16 centroids) codebook
to yield an overall rate of 2 bits/dimension.

ScaNN Codecs. From the ScaNN library, we evaluate Asymmetric
Hashing (AH), which is ScaNN’s implementation of trained PQ.
While the codebook itself is trained using standard k-means, the
vectors can be encoded based on either MSE or anisotropic loss [23].
Unlike MSE, anisotropic loss prioritizes MIPS ranking by penaliz-
ing parallel error, i.e., the quantization error component along the
vector’s direction that directly alters inner product values. A thresh-
old 𝑡 ∈ [0, 1) specifies the expected similarity regime: a higher 𝑡
assumes closer nearest neighbors and penalizes parallel error more
aggressively, whereas a lower 𝑡 converges toward MSE.

Faiss and ScaNN also provide the option to apply a random or-
thogonal projection matrix to rotate the vectors before quantization.
This distributes coordinate variance uniformly, similar in goal to
Rslm’s FWHT-based pipeline, but requires dense 𝑂 (𝐷2) matrix
multiplication. We denote by Faiss Rotated and ScaNN Rotated the
codecs for which such a rotation was applied prior to quantization.

Results. We analyze recall as a function of the search budget
𝑛probe, testing 0.1%, 0.3%, 1%, 10%, and 100% of the total parti-
tions (i.e., 𝑛probe ∈ {4, 12, 41, 410, 4096} for glove and 𝑛probe ∈
{8, 25, 82, 819, 8192} for openai). Figure 3 illustrates recall@20@30
obtained for different search budgets with 4- to 1-bit codecs.

ScaNN results obtained with anisotropic vector quantization
(AVQ) using threshold 𝑡 are marked with the suffix “Aniso𝑡”. In
our experiments, we evaluated the thresholds 𝑡 ∈ {0.1, 0.2, 0.3} for
glove, and included in the plots the value that led to the best recall.
Note that using the same thresholds for openai, ScaNN AVQ led
8This corresponds to 4 ×

√
𝑁 rounded up to the next power of 2, where 𝑁 is the size

of the considered dataset.
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to considerably worse results than standard ScaNN PQ at 2- and
especially 1-bit levels (e.g., for 𝑛probe = 82 and 1-bit level, ScaNN
PQ Aniso0.2 has 18.7% recall@20@30, while ScaNN PQ has 61.66%
recall@20@30). This is because in the anisotropic loss function, the
parameter that is used to penalize the parallel error depends on
both the threshold and the vector dimension.9 Thus, configuring
𝑡 in ScaNN AVQ requires tuning and depends on the dataset. We
evaluated the equivalent thresholds for openai that imply the same
parallel multiplier as the thresholds used for glove and included
in the plots the best one. In what follows, we discuss the glove
results, noting that the openai results exhibit similar behavior.

In an end-to-end ANN search pipeline, retrieval quality is de-
termined by both coarse partitioning errors (missing the correct
cluster) and quantization errors (distance distortion during scor-
ing). The relative impact of these two error sources depends on the
codec’s bitrate. At higher bitrates (such as 4-bits), quantization error
is negligible (see Table 5), meaning retrieval quality depends pri-
marily on partitioning errors. In this regime, increasing the search
budget yields substantial recall gains (e.g., from 54.1% at 𝑛probe = 4
to 95.8% at 𝑛probe = 410 for Rslm4_Global). Conversely, at lower bi-
trates, quantization noise becomes the primary bottleneck, capping
the maximum achievable recall even when searching the entire
database (54.0% recall for Rslm1_Global at 𝑛probe = 4096).

Similar Recall Without Codebook Training. Unlike standard PQ in
Faiss and ScaNN, which requires running k-means to train dataset-
specific codebooks, Rslm utilizes fixed Lloyd-Max codebooks. This
training-free approach is made possible by Rslm’s rotation pipeline.
Our evaluation across all bit levels shows that Rslm codecs achieve
comparable or superior recall to the trained Faiss and ScaNN config-
urations. By eliminating the k-means training phase, Rslm enables
fast deployment on new datasets (where we do not have enough
samples for training) and considerably reduces indexing complexity.

Low-Bitrate Superiority of Rslm. At highly compressed rates (1-
and 2-bit, which are also the default settings in ScaNN), Rslm_Global
codecs significantly outperform ScaNN and Faiss. For instance, for
𝑛probe = 4096, Rslm1_Global reaches 54.0% recall, outperforming
ScaNN’s AVQ (45.6%) and Faiss’s PQ (42.1%). At 2-bits, Rslm2_Global
outperforms ScaNN’s best variant by 4.3% (Faiss by 8.7%).

The superior results of Rslm low-bit codecs can be attributed
to fixing the norm of the vector for ranking. While ScaNN AVQ
improves the results compared to simple ScaNN PQ, it requires
tuning. Rslm achieves a similar effect by strictly enforcing norm
preservation in the reconstructed vector. Although this requires
storing an auxiliary scalar per vector, it avoids complex anisotropic
optimization. For low-dimensional datasets like glove, this extra
scalar increases the memory requirements by 15% for 1-bit codecs
(Faiss PQ requires 13, while Rslm1 requires 15 bytes per vector),
while for higher-dimensional datasets like openai, the increase is
modest, only 1% (192 in Faiss PQ vs. 194 in Rslm1). Furthermore,
globally scaling the combined centroid-plus-residual vector yields
an additional increase in recall (this extra scalar means that two
scalars are 31% increase in size for 1-bit codecs for glovewhile only
2% increase for high-dimensional openai). This allows us to achieve

9Specifically, the parameter is 𝜂 =
𝑡2 (𝐷−1)
1−𝑡2 and the anisotropic loss is L = 𝜂 ∥𝑒∥ ∥2 +

∥𝑒⊥ ∥2 , where 𝑒∥ and 𝑒⊥ denote the parallel and perpendicular errors, respectively.

similar recall while searching significantly fewer partitions (if this
is the final scoring), or rescoring significantly fewer documents (if
this is approximate scoring phase). We acknowledge that storing
an extra scalar on low-bit codecs makes it slightly unfair for com-
parisons on lower dimensional datasets like glove but is negligible
for higher-dimensional datasets like openai or wiki_full.

Codebook Training Differences. Finally, we note that while both
ScaNN and Faiss implement PQ, they differ in their codebook train-
ing initialization. ScaNN utilizes k-means++ initialization, whereas
Faiss relies on standard random initialization. Consequently, the
recall results for these structurally equivalent PQ configurations
are close but not identical. For instance, at 𝑛probe = 41, 4-bit Faiss
PQ slightly outperforms ScaNN PQ (81.4% recall vs. 80.1%). At 2
bits/dimension, the difference in recall is 1.3% (66.1% in Faiss, 64.8%
in ScaNN), while at 1 bit/dimension, the results are very close (
41.5% in ScaNN, 41.1% in Faiss). We also note that applying random
orthogonal rotations improves SQ, but it generally does not im-
prove PQ. This happens because random rotations spread variance
evenly across dimensions, helping SQ’s rigid coordinate ranges
avoid clipping high-variance coordinates, whereas PQ already han-
dles multi-dimensional spaces by clustering sub-vectors directly.

6 Conclusions
We introduced Rslm, a family of training-free vector quantization
codecs spanning 1 to 4 bits per dimension, designed to save memory
resources and eliminate memory-bandwidth bottlenecks in large-
scale ANN search. We optimized them for encoding the residual
vectors and demonstrated that the current state-of-the-art systems
could benefit from 2× to 4× improvements. One can take these
as direct savings. Another option is to fund with them other opti-
mizations like SOAR [40] which needs extra memory but leads to a
much smaller number of partitions that need to be searched.

Our major contribution is not only to correct the norm of the
residual vector, but of the final reconstructed vector. This is a simple
and yet highly effective solution to preserve geometric integrity
for MIPS, experimentally outperforming complex anisotropic loss
formulations at low-bitrate compressions of residual vectors.

We achieved highly scalable, hardware-efficient processing, by
focusing on details of the whole end-to-end pipeline: (1) We pro-
posed block-wise cascaded FWHT which effectively approximates
dense global rotations with linear-like complexity even for strange
input dimensionalities. (2) We kept codebooks of size at most 16
to be able to utilize fast AVX SIMD instructions. (3) We introduced
Rslm4Lite codec which hides a 16-bit scale factor to achieve perfect
cache-line alignment providing a major throughput advantage for
production vector databases.

And finally, our empirical results demonstrate that completely
training-free codecs can match or exceed the semantic recall of
highly optimized, data-dependent industry standards (Faiss PQ,
ScaNN AH) without the burden of offline k-means training. Having
training-free codecs both for the approximate scoring phase (as
shown in Section 5.5) and the rescoring phase (as shown in Sub-
section 5.2) of ANN paves the way for simplified and lower-cost
production vector database architectures.
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Figure 3: Recall@20@30 results for Faiss, ScaNN, and Rslm codecs across different search budgets.

7 Reproducibility
We provide a reference Python implementation of our codecs within
a Colab notebook which reproduces quality metrics on full glove
dataset, both for non-relative and relative quantizations.

See https://github.com/google-research/google-research/tree/
master/rslm.
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