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ABSTRACT

Quantization is a fundamental technique to handle the growing
sizes of embeddings generated by modern models. Existing quan-
tization schemes are largely embedding agnostic and allocate bits
uniformly across dimensions. However, recent models produce em-
beddings with significant geometric structure. In this work, we
investigate whether a variable bit allocation scheme can improve
quantization quality under a fixed memory budget. We propose a
simple variable bit allocation framework that partitions an embed-
ding into contiguous buckets and allocates storage non-uniformly
across them. Using a greedy allocation strategy, we instantiate this
framework for both Product Quantization (PQ) and Scalar Quan-
tization (SQ). We perform a series of experiments on embeddings
known to have the Matryoshka property (MRL), and consistently
observe that non-uniform allocations outperform uniform baselines
at identical storage budgets. The largest improvements occur in the
low-bit regime, where uniform allocation is particularly inefficient
for MRL embeddings. At the same compression rates, variable allo-
cation improves recall by up to 8% for PQ and up to 18% for SQ. Our
results suggest a new direction for structure-aware compression
and indexing techniques for large-scale retrieval systems.
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1 INTRODUCTION

Nearest neighbor search is a crucial component of nearly all forms
of information retrieval in large ML systems that use embeddings:
from search [16, 22], to recommendations [8]. However, due to
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the curse of dimensionality, nearest neighbor search becomes in-
feasible [18, 30]; even the more popular approximate versions of
nearest neighbor search used in practice [9, 14, 24, 33, 34] face
challenges related to scalability [11]. Modern embeddings routinely
have thousands of dimensions; a single 3000 dimensional vector
has a disk footprint of 12 kilobytes, implying a total footprint of
several terabytes for billion scale datasets. Quantization provides
some reprieve in these situations: these techniques aim to reduce
the storage and memory footprints by replacing each full vector
with a quantized code that approximates the geometric structure of
the dataset [9, 20]. Reducing the data type’s footprint from a 32 bit
float representation to a custom 1 bit binary representation reduces
the footprint by a factor of 32, albeit at the cost of some loss in
embedding quality.

Several quantization schemes have shown excellent performance
on real-world data and are routinely used in large scale industrial
systems. Of these, Product Quantization (PQ) [20, 25] and Scalar
Quantization (SQ) [1, 9, 40] are perhaps the most well-known and
widely used.

Methods such as this stand out for not just their impressive
performance, but also their relative conceptual simplicity.

Furthermore, many modern embeddings [2, 7, 28, 29, 31, 37, 38,
42] are known to exhibit the Matryoshka property (MRL) [21], where
the leading dimensions capture a disproportionate fraction of the
structure of the embeddings. This implies that even if the full vector
itself is quite large, truncating it to a fraction of its length and retain-
ing only the first few dimensions can preserve the vector’s quality
sufficiently well for most downstream tasks, including retrieval.
In fact, prior work observes that across many real-world datasets,
retaining just the top 15% of dimensions achieves over 70% recall
from modern embeddings that have the MRL property (Figure 4 of
[21]).

So far, post training quantization schemes have been largely
embedding agnostic. We ask the following question at this juncture:

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

Specifically, in the setting of MRL embeddings, this manifests as an
interesting hypothesis: given the outsized importance of the initial
dimensions, a strategy that assigns more bits to the initial dimen-
sions may outperform existing techniques that provide uniform (or
amortized uniform) bit budgets to all dimensions.
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Bits per Dimension (bpd)

Figure 1: A comprehensive account of the gains in recall across different datasets. We compare gains on embeddings generated
using OpenAl’s text-embedding-3-large and Cohere’s embed-v4 models, using both Product Quantization (PQ) and Scalar
Quantization (SQ). In addition to the relative recall improvement, we also present the absolute 100-recall@ 100 achieved by the
uniform and variable allocation schemes.



This paper affirms this hypothesis. We show that variable al-
location strategies allow us to beat standard uniform allocation
quantization schemes at the same bit budgets. All embeddings used
in our experiments are known to have the MRL property (refer to
Figure 2). While our allocation scheme does not explicitly make use
of the Matryoshka property, the “optimized” bit allocation scheme
strongly reflects the property, with more bits being assigned to the
leading dimensions. Specifically, at low bit budgets, we observe that
aggressively assigning more bits to the leading dimensions leads to
noticeable gains over uniform allocation for the same quantization
techniques. We evaluate Scalar and Product Quantization (hereafter
referred to as SQ and PQ respectively) using a greedy bit alloca-
tion scheme with fixed buckets that group consecutive dimensions.
Under this scheme, the algorithm is granted a bit budget in fixed
increments, and assigns the additional bits to the bucket which
gives the greatest improvement. Under this scheme, we see that
there is up to an 8% relative improvement over uniform for PQ and
over 18% for SQ when measuring 100-recall@100. The gains are
asymmetric and both model and dataset dependent; however, even
if margins are thin, there are consistent gains. An important feature
of this approach is the improvement in the sub-1 bit regime. Here,
uniform bit allocation is demonstrably suboptimal for vectors with
the MRL property (refer to Figure 1). Unsurprisingly, our biggest
wins are consistently in this regime.

This work adopts an exploratory, data-driven approach to this
problem. However, the greedy allocation scheme as described here
is inefficient and especially slow on large datasets. An interesting
future direction would be to design a fast algorithm to determine
optimal allocation, and explore a closed form expression for bit
allocation under the Matryoshka property.

2 RELATED WORK

Vector quantization finds its roots in Shannon’s work in compres-
sion and rate distortion functions [13, 17, 32]. The simplest of these
is Scalar Quantization (SQ) [1, 9, 40], which involves discretizing
the range of values in a representation uniformly to fewer bits
of precision. In the context of embeddings, Product Quantization
(PQ) [20, 25] has found ubiquity in reducing the sizes of indices for
nearest neighbor search. PQ is used very commonly in industry
and is integrated into several nearest-neighbor libraries as a de-
fault. While PQ uses k-means on a group of dimensions (commonly
referred to as “subvectors”/“chunks”), other techniques inspired
by it have also tried out other clustering variants. Recent work
has also adapted PQ for online settings by removing the need for
pre-processing and look up tables, and modern SIMD-based im-
plementations are incredibly fast [3, 4]. However, typically, these
techniques do not provide any guarantees on the quality of the
quantized vector in terms of error bounds. More recently, RaBitQ
[12] provided a quantization scheme that produces a bit string and
provides an unbiased distance estimator with provable, asymptoti-
cally optimal error bounds. Moreover, RaBitQ and its variants show
superior performance over PQ-style quantizers.

Matryoshka Representation Learning (MRL) was first proposed
by Kusupati et al. [21], to allow a single representation to capture
information at multiple granularities. Specifically, vectors exhibit-
ing this property allow users to drastically reduce the footprint

and computational overhead of using the full vector, with mini-
mal preprocessing (such as truncation). This allows for the same
embedding to be used in multiple downstream tasks with vary-
ing computational capacities with virtually no additional cost. In
the years since its introduction, multiple large embedding models
have defaulted to producing vectors that exhibit the Matryoshka
property.

There has been recent work on dynamic quantization schemes
[5, 35] that adaptively adjust precision at query time under latency
constraints. However, they are embedding-agnostic and impose sig-
nificant computational overhead. Our approach, instead, leverages
the inherent structural properties of the embeddings. The adaptiv-
ity in our scenario occurs offline during index construction. We
use the inherent variance decay in MRL embeddings to perform
offline bit allocation. While our work does not focus on an efficient
implementation, we still maintain query time performance of static,
uniform-width codebooks. There is also a growing body of work
on quantization aware training [19, 41]; these methods simulate
low-precision arithmetic during the training process with great
success. However, they incur significant training overhead. Our
approach, in contrast, is post-training quantization, which is more
commonly used in practice for its ease in deployment and lower
cost.

3 A GREEDY BIT ALLOCATION SCHEME

The core idea behind quantization is that lower precision in data is
often sufficient to maintain the global structure of the data. This
indicates that for most practical purposes, one can reduce the range
of values required to represent the data. Therefore, unlike the tra-
ditional 32-bit float data type that is typically used by default, one
can reduce the bit complexity and use data types with a smaller bit
footprint.

3.1 Matryoshka embeddings

Our work focuses on embeddings generated by Matryoshka Rep-
resentation Learning (MRL) training, a line of investigation initi-
ated by Kusupati et al. [21]. Suppose we have a labeled dataset
D ={(x1,y1),-.., (xn,yn)}, where x; € X and y; € [L]. MRL opti-
mizes a multi-class softmax cross-entropy loss £ : RE x [L] — R,
across a set of nested dimensions m € M.

Each nested dimension m utilizes a separate linear classifier
parameterized by W(™ e RIX™ The overall objective minimizes
the weighted empirical risk over the feature extractor parameters
Or and classifiers:

1
min —
Wy pn0r N

Z cm- L (W(m) - F(xi30F)1.m 5 yi)- (1)

i€e[N] meM

Here F(x;i; 0F)1.m denotes the truncation of the extracted feature
to its first m coordinates. ¢, > 0 denotes the relative importance
scale of dimension m (set to ¢, = 1,Vm € M by default).

While the MRL property is inherent to the loss function, a strict
mathematical or geometric definition for the resulting embeddings
remains elusive. Through empirical investigation, however, we iden-
tify an exploitable geometric proxy: the decay in variance across
dimensions as the dimension index increases. By construction, the



nested objective concentrates information in the initial coordinates,
resulting in higher variance in the early dimensions and lower
residual variance in the later dimensions.

This hierarchy of variances manifests in embeddings from mod-
els trained with MRL; Figure 2 illustrates this decay in recent models
from both Cohere and OpenAl This variance decay provides an
intuitive explanation for why Matryoshka embeddings succeed
in practice. When all dimensions of an embedding exhibit similar
levels of variance, they carry equal importance. However, concen-
trating variance in the initial dimensions mimics the leading digits
of a numerical value, creating a standalone, coarser (but still infor-
mative) representation without the trailing dimensions.

o Cohere embed-v4 (1536 dims) OpenAl text-embedding-3-large (3072 dims)
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Figure 2: Observed variance differences by dimension in em-
beddings produced by two different embedding models: Ope-
nAD’s text-embedding-3-large and Cohere’s embed-v4. We
plot the rolling window average variance per dimension
across different datasets and observe very prominent iso-
variance “levels” across the dimensions. The rolling window
is 128 dimensions in length.

3.2 Greedy Allocation Framework

To systematically evaluate the paper’s hypothesis, we propose a
variable-bit allocation scheme that allows room for exploiting geo-
metric structure in the embeddings. The framework partitions con-
secutive dimensions into contiguous buckets and assigns varying
bit budgets to each, naturally leading to a structure-aware, variable-
bit quantization scheme.

We partition the total embedding dimensionality D into K con-
tiguous buckets By, By, . . ., Bk. The size of bucket By, is represented
as di = |Bg|, such that Zle di = D. Instead of starting the search
from zero bits—which would trivially yield zero recall—the search
initializes with a uniform byte allocation vector b = (binits + - +» binit)
across all buckets.

We perform a greedy local search to find an optimized bit alloca-
tion vector b = (b1, ...,bk), where by > 0 represents the budget (in
bytes) allocated to bucket By. At each iteration, the algorithm eval-
uates the marginal utility of allocating more memory to a specific
region of the embedding. We consider candidate configurations by
temporarily increasing the bit budget of each bucket in turn by a
fixed step-size increment § (in bytes). We then evaluate the search
recall R(l;, V) on a validation query set V using exact distance
computation over the quantized dataset. The candidate bucket that
yields the maximum empirical recall "wins" the iteration and per-
manently receives the § bits. The search proceeds iteratively until

the predefined global target memory budget is achieved. This pro-
cedure is detailed in Algorithm 1. Note that our algorithm does not
explicitly focus on MRL embeddings. However, our results show
that this scheme heavily concentrates bits in the leading dimen-
sions, thereby recovering the latent MRL structure that we know
these embeddings possess.

Algorithm 1 Greedy Bit Allocation

Input: Initial uniform allocation b = (Dinits - - - » Dinit), step-
size increment &, validation set V
Output: Optimized allocation vector b

1: E — E(O)

2: repeat

4: l_; — l_; + 5Ek*

5. until target budget is achieved

6: returnl;

Note that the algorithm’s runtime is linearly proportional to K
times the number of increments needed to reach the target budget.

3.2.1 Greedy Product Quantization. In standard Product Quantiza-
tion (PQ) [20], a high-dimensional vector space is decomposed
into lower-dimensional, mutually orthogonal subspaces. These
subspaces are quantized independently using separate k-means
codebooks, allowing a massive number of effective centroids to be
represented compactly. In our greedy variable-bit paradigm, we
apply PQ locally within each bucket By, strictly constrained by its
dynamically assigned byte budget.

Specifically, when a bucket By of size di receives a budget of
b bytes, we must partition its dy dimensions into exactly by con-
tiguous subvectors. By utilizing codebooks with C = 256 centers,
the integer index of the nearest centroid for each subvector fits
perfectly into exactly log,(256) = 8 bits (1 byte) of storage. Thus,
the total byte budget precisely dictates the number of subvectors a
bucket is split into.

Because dy is rarely perfectly divisible by by during a dynamic
allocation, we handle dimension remainders by front-loading them.
The remainder dimensions r = dy mod by are distributed evenly
by adding exactly one extra dimension to the first r subvectors.
For example, if a bucket of 10 dimensions is allocated a 3-byte
budget, it is partitioned into three subvectors of lengths 4, 3, and 3.
This dynamic subvector partitioning and quantization procedure is
outlined in Algorithm 2.

In every iteration of the greedy search, the algorithm evaluates K candidate alloca-
tions. For PQ, evaluating a candidate requires training new k-means codebooks for
the upgraded bucket. To keep offline index construction tractable, the trained code-
books Ci (b) are cached for each bucket k and byte-budget b, ensuring the clustering
algorithm is executed only once per configuration.



Algorithm 2 PQ Dimension Partitioning

Algorithm 3 SQ Bit-Width Allocation

Input: Sub-vector x!) € R% of bucket By, budget by, (in bytes),
bucket training data Xt(r];i)n
Output: Quantized code vector §¥) € {0, ...,255}%

1: s « |dr/br], r < dr mod by

2: Partition x*) and Xt(r];)n into by contiguous subvectors, where
the first r subvectors have dimension s + 1 and the remaining
have dimension s.

3: for each subvector index j = 1 to by do

4 Train codebook Cy ; with 256 centers using k-means
on the j-th partition of Xt(rl;)n

5 Quantize x](.k> to closest centroid:
. . : k
GO [j] < argmineec, , I —cll,

6: end for

7. return g(®)

3.2.2 Greedy Scalar Quantization. Scalar Quantization (SQ) [9]
compresses embeddings by independently discretizing the con-
tinuous coordinate values of each dimension into a finite set of
representation levels. In our variable-bit paradigm, we represent
each dimension using a code with a specific bit-width w; selected
from {0, 2, 4, 8}2.

A budget of by bytes allocates Np;ts = 8by. total bits to the bucket
of size d.. While standard SQ operates comfortably at higher, uni-
form bit-widths, modern scale often pushes systems into the ex-
treme sub-1 bit or sub-2 bit regime. In these constrained environ-
ments, it is impossible to allocate even the minimum 2-bit width
to every dimension. The algorithm must selectively drop (assign 0
bits to) a fraction of the coordinates.

To maintain structural integrity without introducing complex
indexing metadata, we distribute these sparse bits as evenly as
possible across the dj. dimensions using a uniform stride allocation.
We begin by establishing a baseline bit-width Wp,se € {0,2,4}
across all dimensions in the bucket. To allocate any remaining
bits, we select u dimensions to upgrade to the next higher level
Whext € {2, 4,8} by stepping through the bucket with a uniform
stride A = | di/u]. For instance, a 192-dimension bucket with a bit
budget Nyits = 192 has a baseline of 0 bits and receives 96 2-bit
upgrades — we assign 2 bits to every second dimension (A = 2) and
discard the other dimensions.

Once the bit-widths {w;} are assigned, each dimension is quan-
tized using standard SQ at its respective bit-width. This determinis-
tic allocation and scaling procedure is detailed in Algorithm 3.

2A 1-bit quantization splits the distribution directly at its mode, artificially pushing
high-density central values to the extremes. To preserve the unimodal nature of
standard embedding coordinates, 1-bit widths are explicitly avoided. A bit-width of 0
corresponds to completely discarding, or pruning, the dimension.

Input: Sub-vector x5} € R% of bucket By, budget by (in bytes)
Output: Quantized code vector §*)

1: Define allowed bit-widths: S « {0, 2, 4, 8}

2 Npits < 8 by

3: Whase < maX{W €S | w- dk < Nbits}

4: if Whase = 8 then

5: Wnext «—38

6: u«—2>0

7: else

8: Whext < min{w € S | w > Whaee }

9: U (Nbits - dk . Wbase)/(Wnext - Wbase)

10: end if

11: W «— Whase fori=1,...,dx

12: if u > 0 then

13 A —di/u

14: Upgrade dimensions along the stride:
Wround(j-A)+1 €~ Whext fOI‘j =0,...,u-1

15: end if

16: for each dimension i = 1 to dy do

17: GRi] ScalarQuantize(xi(k), w;)

18: end for

19: return §*)

4 EXPERIMENTS

System. All experiments were run on a Linux x86_64 machine
with 16 hardware threads on an Intel Xeon Platinum 8272CL CPU
at 2.60 GHz and 32 GiB of main memory, with no GPU. We built
DiskANN to use its quantization utilities, using the repository’s
standard CMake/ C++17 toolchain and the documented Linux de-
pendencies for OpenMP, Boost, and Inte]l MKL. We do not use
DiskANN’s graph indexing. We use brute-force L2 distance com-
putation to compute exact Nearest Neighbors at all instances. The
code is branched from Microsoft’s DiskANN repository in C++ and
a link to our implementation is provided in the list of artifacts.

Datasets. We evaluate our results on MS Marco [27], DBpedia-
Entity [15], FiQA [23], SciDocs [6], SciFact [39] and Quora; some of
the standard datasets for evaluating quantization techniques (MTEB
[10, 26]). We draw these datasets from the BEIR benchmark [36] to
ensure standardization and reproducibility. For the larger datasets
(MS Marco, DBpedia, Quora), the base corpus is truncated to the
first 500,000 entries. The smaller datasets are used in their entirety.
The evaluation queries are taken from the standard evaluation split,
as detailed in Table 1.

Quora represents a symmetric duplicate question detection task
(where queries and corpus entries are short questions of similar
length), complementing the asymmetric retrieval characteristics of
MS Marco and DBpedia-Entity. Furthermore, we also include results
on some smaller datasets: FIQA, SciDocs, and SciFact. Structurally,
they offer a mix of retrieval paradigms: FiQA and SciFact feature
asymmetric tasks mapping short questions or claims to longer text
paragraphs, whereas SciDocs evaluates document-to-document
retrieval where both queries and corpus entries are of similar length.
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Figure 3: Optimized bit allocation across buckets at different bit budgets, noted by bits per dimension (bpd). Observe that
optimized allocation concentrates bits towards the initial buckets, in line with what we expect due to the MRL property.

Dataset Base Vectors Queries Split
MS Marco 500,000 6,980 Dev
DBpedia-Entity 500,000 400  Test
Quora 500,000 10,000 Test
FiQA 57,638 648  Test
SciDocs 25,657 1,000 Test
SciFact 5,183 300 Test

Table 1: Datasets.

Embedding models. We use one of OpenAlI’s most capable com-
mercial embedding models, text-embedding-3-large [29], and
Cohere’s latest embedding model, embed-v4 [7]. The full dimen-
sionality of text-embedding-3-large is 3072, and that of embe
d-v4 is 1536. We generate full-dimension embeddings from both
models.

Metric. We compute the average 100-recall@100 over the query
set. Crucially, the recall is measured via brute-force exact L2 (Eu-
clidean) distance search over the dequantized (inflated) database
vectors. This isolates the quantization error itself, ensuring the met-
ric is independent of any error introduced by approximate indexing
schemes.

Setup. The baseline uses uniform allocation of bits across all
dimensions. To facilitate a direct comparison between embeddings
of different dimensionalities, we present our results in terms of Bits
per Dimension (bpd). We evaluate budgets starting from ~ 0.17 bits
per dimension (1/6 bpd) up to 1 bit per dimension, with a step size
of 1/12 bits per dimension. For greedy allocation, we split the full
dimensions into 8 equal contiguous buckets. Each bucket has 384
dimensions for text-embedding-3-large (3072/8 = 384) and 192
dimensions for embed-v4 (1536/8 = 192).

Hyperparameters. The greedy search starts with an initial uni-
form allocation of 64 bytes (8 bytes for each of the 8 buckets) for
embeddings from text-embedding-3-large and of 32 bytes (4
bytes for each of the 8 buckets) for embeddings from embed-v4. At
each iteration, we consider candidate configurations by increasing
the bit budget of each bucket in turn by a step-size increment of
d = 8 bytes and § = 4 bytes respectively for text-embedding-3-1la
rge and embed-v4. The sweep runs for 40 iterations, at which point
it reaches the target total budget of 1 bit per dimension, which is 384
bytes and 192 bytes for text-embedding-3-large and embed-v4
respectively. During the training phase (e.g. for computing product
quantization codebooks or scalar quantization scaling factors), we
random-sample exactly 10% of the base corpus vectors.

Observations. Figure 1 shows the gains over uniform achieved by
our greedy allocation scheme. Moreover, the winning bit allocations



assign more bits to the initial dimensions, as noted in Figure 3. The
asymmetry of the optimal bit allocations discovered by our greedy
algorithm varies across settings; overall, it is more pronounced in
scalar quantizers, and this coincides with the instances of highest
relative gains. On the other hand, the PQ case exhibits smoother
decay in bit allocation from the leading to the trailing dimensions.
For completeness, we also compare with straightforward trunca-
tion to the leading dimensions according to the bit budgets (see
Table 2). While Figure 1 focuses on the improvement over the uni-
form baseline, it also plots the actual recall achieved in both the
uniform and variable cases. Note the diminishing returns at higher
bit budgets, which correspond to the already high baseline recall.
We observe that the gains from a variable bit allocation scheme are
typically higher for the OpenAl embeddings; this is in line with our
observation in Figure 2, where we notice that the variance levels
are more distinct in case of the embeddings generated by text-em
bedding-3-large.

5 LIMITATIONS AND FUTURE WORK

We present this work as a preliminary, exploratory exposition on
variable allocation schemes for Matryoshka embeddings. Our re-
sults tell us that it is possible to improve over the uniform bit alloca-
tion process using a variable scheme. However, several important
questions remain, we list some concrete directions below:

(1) A concrete mathematical description of MRL embeddings:
The variance observations in Figure 2 show that the vari-
ance is a good proxy for the MRL property. However, it
remains to show whether a concrete mathematical or geo-
metric description of the embeddings can be derived from
the loss function. This would also help formalize a quanti-
zation scheme that explicitly exploits the MRL property.

(2) An efficient allocation algorithm: The current greedy ap-
proach is extremely expensive as it iterates over a lot of
candidate allocations. Moreover, this is not a practical ap-
proach to finding the best scheme. Moreover, our experi-
ments are limited to fixed, discrete buckets; it is possible
that a better quantization exists by taking finer buckets; in
our greedy approach, this would blow up the complexity
of finding the optimized scheme even more. A practical
quantizer requires a more efficient implementation, poten-
tially leveraging a deterministic heuristic, or a lightweight
randomized/iterative process.

(3) Systems challenges: Dynamic bit allocation introduces sig-
nificant systems challenges. Storing large volumes of data
using custom-sized data types requires adapting existing
architectures. This sacrifices the memory access efficiency
provided by uniform data types, posing a particular chal-
lenge for SIMD-friendly architectures. Especially with con-
straints like latency, this poses a challenging problem.

(4) Ablation studies: A thorough, ablation study of the setup
with different numbers of buckets, further metrics (such
as recall at different thresholds), and further hyperparam-
eter tuning across further models is required for a better
understanding of this landscape.

Cohere embed-v4

Bits per Dimension

Dataset 0.17 0.33 0.50 0.67 0.83 1.00
(32B) (64B) (96B) (128B) (160B) (192B)
(6d)  (16d) (24d) (32d) (40d)  (48d)

MS Marco  0.24 1.04 2.30 3.87 5.92 8.64
DBpedia 0.20 0.68 1.54 2.38 3.76 5.47

Quora 1.95 7.13 12.59 17.46 22.62 27.62
FiQA 1.19 2.98 5.52 7.72 9.70 12.61
SciFact 5.73 8.22 10.66 12.66 15.36 17.79

SciDocs 2.08 4.15 6.75 8.76 10.61 12.93

OpenAl text-embedding-3-large

Bits per Dimension

Dataset 0.17 0.33 0.50 0.67 0.83 1.00
(64B) (128B) (192B) (256B) (320B) (384B)
(16d) (32d) (48d)  (64d)  (80d)  (96d)

MSMarco  1.80 6.65 13.53 19.98 25.97 31.38
DBpedia 1.21 4.60 9.63 14.86 20.02 24.73
Quora 7.18 19.32 31.13 39.85 46.05 50.97
FiQA 5.67 13.59 21.34 27.93 34.02 38.96
SciFact 10.68  17.93 24.52 29.58 34.02 38.19
SciDocs 5.84 12.71 20.77 27.41 32.96 37.63

Table 2: Recall@100 for simple dimension truncation (no
quantization) across different compression rates (bits per
dimension). The absolute memory limits (in bytes) and their
corresponding 32-bit float truncation dimensions are shown
in parentheses.
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