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Abstract

The modern approach to search textual and multimodal data in large collections involves the transformation of the
documents into vector embeddings. To store these embeddings efficiently different approaches could be used, such as
quantization, which results in loss of precision and reduction of search accuracy. Previously, a method was proposed that
reduces the loss of precision during quantization. In that method, clustering of the embeddings with k-Means algorithm
is performed, then a bias, or delta, being the difference between the cluster centroid and vector embedding, is computed,
and then only this delta is quantized. In this article a modification of that method is proposed, with a different clustering
algorithm, the ensemble of Oblivious Decision Trees. The essence of the method lies in training an ensemble of binary
Oblivious Decision Trees. This ensemble is used to compute a hash for each of the original vectors, and the vectors with
the same hash are considered as belonging to the same cluster. In case when the resulting cluster count is too big or too
small for the dataset, a reclustering process is also performed. Each cluster is then stored using two different files: the
first file contains the per-vector biases, or deltas, and the second file contains identifiers and the positions of the data in
the first file. The data in the first file is quantized and then compressed with a general-purpose compression algorithm.
The usage of Oblivious Decision Trees allows us to reduce the size of the storage compared to the same storage
organization with k&-Means clustering. The proposed clustering method was tested on Fashion-MNIST-784-Euclidean
and NYT-256-angular dataset against the k&~-Means clustering. The proposed method demonstrates a better compression
quality compared to clustering via k~-Means, demonstrating up to 4.7 % less storage size for NF4 quantization for Brotli
compression algorithm. For other compression algorithms the storage size reduction is less noticeable. However, the
proposed clustering algorithm provides a bigger error value compared to ~-Means, up to 16 % in the worst-case scenario.
Compared to Parquet, the proposed clustering method demonstrates a lesser error value for the Fashion-MNIST-784-
Euclidean dataset when using quantizations FP8 and NF4. For the NYT-256-angular dataset, compared to Parquet, the
proposed method allows better compression for all tested quantization types. These results suggest that the proposed
clustering method can be utilized not only for the nearest neighbor search applications, but also for compression tasks,
when the increase in the quantization error can be ignored.
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AHHOTAIUA

Beenenne. CoBpeMEHHBIC MOJXO/bI K MOUCKY TEKCTOBBIX M MYJIbTHUMOIATBHBIX JAHHBIX B OOJBIIMX KOJJICKIUIX
HpPEAINOoIaraloT npeodpa3zoBanue JOKyMEHTOB B BEKTOpHbIe mpescTasieHus. s apdekTuBHOro XpaHeHHs 3THX
BEKTOPOB PUMEHSCTCS KBAHTU3ALMSL, KOTOpas CHIKAET TOYHOCTh PEICTaBICHH U, KaK CJICICTBUE, YXyAIIAeT KayeCTBO
noucka. Panee ObUT IPEANIOKEH METOJ, YMEHBLIAIOMUI TOTEPH TOYHOCTH IPU KBAHTH3AIMH, B KOTOPOM BEKTOPBI
KJIACTEPHU3YIOTCA C TIOMOIIBIO alTOPUTMA k-CPEITHUX, BEIYUCISACTCS CMEIICHNE, HIIH JICbTa, SBIAIOMICECs pasHULCH
MEXIy LEHTPOUIOM KIACTEepa M HCXOIHBIM BEKTOPOM, TIOCIIC YeTO KBAaHTYETCs TOIBKO CMeIlleHne. B HacToseid padore
TpearacTcs MOAU(pHKAIIHS TOTO METO/Ia, UCTIONB3YIOMIAs APYTOH AIITOPUTM KITACTEPU3AIUH — aHCAMOJIb HEOPEKHBIX
pemaronyx aepesbeB. MeToa. PazpaboTaHHbIi METOI OCHOBBIBACTCSI HA 00yYCHUHU aHCaMOIIsi OMHAPHBIX HEOPEIKHBIX
peUIaOIINX JACPEBbEB. ITOT aHCAMOJIb MCIOIB3YETCS JJIS BBIYMCICHHSI X3IIa KaKJJOTO MCXOJIHOIO BEKTOPHOTO
MIPEACTABJICHUS, TIOCIIC YeTO BEKTOPHBIE MTPEACTABICHUS C OJIMHAKOBBIM XAILIEM PACCMATPHUBAIOTCS KaK MPUHAUISKAIIUE
OIHOMY KJIacTepy. B ciydae, eciam 4muciao pe3ylnbTHUPYIOIUX KIACTEPOB CIMIIKOM OOJIBIIOE MM CIMIIKOM MalICHbKOE
VIS ICTIOJIb3yeMOro Habopa JaHHBIX, IPOU3BOIUTCS MpoIiece MepekiacTepusanun. Kaxaplil kinactep coxpansercs B
JIBYX OTACIBHBIX (paiiiiaX: MepBBIi COACPKUT CMELICHHS TS KaXKI0TO BEKTOPA, BTOPON — HACHTH()UKATOPHI M TIO3UIIUH
JAHHBIX B TIepBOM (haiire. [laHHBIC B TIepBOM (paiiiie MoIBEpraroTCss KBAHTU3AIMH H 3aTEM CKHMAIOTCS C MTOMOIIBIO
YHHBEPCAITBHOTO aIropuT™a cxxkatusi. OCHOBHBIE pe3yabTarhl. [IpeioKeHHbIIH MeTO/I KIIaCTepU3aui IPOTECTUPOBAH
Ha Habopax naHHbiX fashion-mnist-784-euclidean u NYT-256-angular u cpaBHHBaJCs ¢ KIIacTepU3aIMEeld METOIOM
k-cpennux. MeTon moKasal Jiydiiee KaueCTBO CXKATHUsI, IEMOHCTPUPYs 110 4,7 % MEHbIIee 3aHUMaeMOe TUCKOBOE
HPOCTPAHCTBO MPHU UCIIONb30BaHny kBaHTH3aunu NF4 u anropurma cxatus Brotli. st Apyrux aaropuTMoB ckaTust
YBEJIIMYCHUE MTPOCTPAHCTBA OKA3aJIOCh MEHEee 3HAUUTENbHbIM. OHAKO MPEACTaBICHHBIN aJrOPUTM KJIaCTEPU3aLUU
JIEMOHCTpHpYET OoJblIee 3HAYCHUE TTOKA3aTe sl OUIMOKH KBAHTH3ALUH 110 CPABHEHHIO C METOOM A-CPEIHNX, MUHUMYM
10 16 %. Ilo cpaBreHnto ¢ popmarom Parquet pazpaboTaHHBII METOA KIACTEPU3ANH TIPOJIEMOHCTPUPOBAT MEHBIITHH
MoKa3aTelb OIMOKK 11t Habopa naHHbIX fashion-mnist-784-euclidean npu ucnonp3oBanny kBanTH3anuii FP8 u NF4.
Jnst Habopa nanneix NYT-256-angular o cpaBHeHUI0 ¢ Parquet npeuiokeHHbIH METOJ| PH HCIIOJIb30BaHNH aITOPHTMA
ckatust Brotli mo3BossieT [oOUThCS JIydIIero KauecTBa CKATUs IS BCEX MPOTCCTUPOBAHHBIX THIIOB KBAHTH3AIHH.
O6cy:xnenue. [TonyueHHble pe3yabTaThl CBUACTEIBCTBYIOT O TOM, UYTO pa3pabOTaHHBIA METOJ KJIaCTEPHU3aLUU
MOYKET OBITh HCIIOJL30BaH HE TOJILKO B 3ajJa4yaxX MOMCKa OIMKAWIINX COCENel, HO U B 3a/a4ax CKaTHs JaHHBIX, KOIIa
YBEIHMUYCHHEM OIIMOKH KBAaHTU3ALMU MOXKHO PeHeOpeyb.

Karouessbie ci10Ba
BEKTOPHBIE MpEACTABIEHUs, SMOEAINHT, HEOpEkKHOE pelIalollee JepeBo, KIacTepu3anus, cxaTue BEKTOPHBIX
TpeJICTaBIEHUI

Cecpuika 15 nutupoBanus: Tommto H.A. Cxxatre BEKTOPHBIX TPEICTABICHUH € HCIIOIB30BAaHUEM KIACTEPH3ALIIHI C
TTOMOIIBIO aHCAMOJIsI HEOPEIKHBIX PEIIAONINX AEPEBLEB U PA3ICIBHOTO XpaHEHHs IEHTPOU 0B // HaydHo-TeXHUUe CKuiA
BECTHHK MH()OPMAMOHHBIX TEXHOIOTHH, MexaHuku u ontuku. 2025. T. 25, Ne 5. C. 902-909 (na auru. s3.). doi:
10.17586/2226-1494-2025-25-5-902-909

Introduction

One of the effective strategies for organizing search in
large collections of textual and multimodal data involves
transforming documents into vector embeddings, being
sequences of floating-point numbers that encode semantic
content [1]. In this framework, machine learning techniques
are used to construct such embeddings for both the
documents and the search queries. Efficient search is then
performed via nearest-neighbor retrieval in the resulting
high-dimensional space, using precomputed indices [2].
Storing uncompressed embeddings in high-precision
formats such as FP32 requires significant memory and
disk space. To address this, quantization methods are often
employed to convert values from FP32 to lower-precision
formats such as FP16 or FP8 [3], enabling substantial
space savings. However, this comes at the cost of reduced
accuracy, which may negatively affect downstream
applications, including further machine learning tasks [4].

In [5] authors explored vector embeddings compression
with the help of A-Means clustering, where we cluster
embeddings and separately store the centroids and per-vector
biases (deltas). Each embedding can thus be represented as
a pair of the index of its closest centroid and the delta vector
between the embedding and the centroid. These components
can be compressed with different levels of precision, for
instance, storing centroids in FP32 to preserve accuracy
while applying quantization to the deltas using FP16 or
FPS. In [6] authors explored the clustering algorithm via the
ensemble of Oblivious Trees, which proved to be beneficial
for improving the approximate nearest neighbor search.

In scope of this research, we combine these previous
works and present the usage of the clustering algorithm
using the ensemble of Oblivious Trees for compressing
various kinds of vector embeddings via the method of
storing centroids and deltas separately [5]. Our hypothesis
suggests that usage of this clustering algorithm will improve
the compression compared to k&-Means [7] clustering.
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Methods

Description of the clustering method used

In our previous study [6] a clustering algorithm was
proposed using an ensemble of binary Oblivious Decision
Trees (ODTs) [8]. To manage computational costs, each
tree is trained on a random subsample, having size N,
taken from the original dataset of size Nyt Such that
N = Nyaaset * TrainRatio, where TrainRatio is between
0.1 and 1. We transform each original vector embedding
into multiple low-dimensional variants by randomly
selecting subsets of its components. This results in M so-
called subvectors, having dimension d,,, per each of the
original vector embedding. These subvectors are essentially
different views of the data, each used to train a separate
tree. A mapping table is maintained to associate the indices
of the projected components with their positions in the
original vector, allowing reconstruction during ensemble
creation.

Each ODT partitions the input space hierarchically. At
cach tree level j, we select a component Kj; and a threshold
X; splitting the data into two groups depending on whether
the value of the selected component is less than or equal
to Xj, or bigger than X;. The rule by which the component
and threshold is selected is called a partitioning rule and
is a hyper-parameter of the algorithm, and in scope of our
research we find the values that perform the partition to
minimize the variance of distances between each vector
embedding and the average vector embedding for that group.

The same splitting rule is applied across all branches
at a given level, which is a defining property of oblivious
trees. This process repeats until the tree reaches the desired
depth depth. Due to the nature of the splits, it is possible
for some groups to be empty at deeper levels, which is
expected and does not affect the structure.

After training, each tree encodes a vector as a binary
string of zeros and ones, depending on the comparison
outcome on each tree level with respect to the
corresponding threshold ;. This binary string is effectively
a hash for each vector. This hash is called SH and has
length of depth. With M trees, each vector receives M such
hashes which are then concatenated into a single composite
hash string TH. This final hash effectively clusters vectors,
as those with the same composite hash are placed into the
same group, or cluster.

It is worth mentioning that this method does not have
precise control over the resulting number of clusters

and can lead to a huge number of them, in the worst-
case scenario being comparable to the amount of vector
embeddings in the dataset. Since the maximum resulting
cluster number is 2M depth having 5 trees of depth 4 can
result in 1,048,576 clusters. This is inappropriate for
datasets having comparable or lower numbers of vectors. To
mitigate this problem, we introduce so-called reclustering
with the parameter F and threshold 7. If the maximum
resulting number of clusters R is less than 7, we perform
the clustering as normal, and then split each of the resulting
clusters up to F sub-clusters with the different clustering
algorithm, such as k-Means, so that the maximum number
of resulting sub-clusters is R; x F. We call this process
reclustering up. If the maximum resulting number of
clusters R, is more than 7, we pick the centroids of the
resulting clusters, and then cluster those centroids using
different clustering algorithms, such as k&~-Means, with such
parameters, that the maximum number of resulting sub-
clusters is R,/F. We then use these new centroids to cluster
the original dataset via k-Nearest Neighbors algorithm. We
call this process reclustering down.

The example resulting clusters count for 7= 4,000 are
presented in Table 1.

As a result of this reclustering we gain more precise
control over the maximum number of clusters. It is worth
mentioning that such reclustering is only necessary for
relatively small datasets and is not necessary for such
combinations of M and depth so that the resulting maximum
number of clusters is significantly less than the number of
vectors in the source dataset.

This research has four important differences
compared to [6]. Firstly, in this research we focus on data
compression instead of approximate nearest neighbor
search. Secondly, we were able to optimize the training
phase of the ODTs, so that now we can train the ODTs
on more embeddings, specifically 15 % of the original
dataset (7TrainRatio = 0.15), instead of the first five
thousand vectors of the dataset as it was in the previous
research. Also, we focus only on binary trees, since ternary
trees proved to create too many clusters for compression
purposes, and introduce reclustering to mitigate the issue
with having too many clusters.

Description of the storing method used

To validate the compression quality of the Oblivious
Tree clustering algorithm compared to k-Means clustering
algorithm, we use the storage method [5] with some
key differences. The essence of the method is to store

Table 1. Reclustering for 7'= 4,000

Maximum number Maximum number Maximum number
Depth of each tree aximum numboe of clusters after of clusters after
Number of trees M of clusters without . .
(depth) lusteri reclustering up reclustering down
reclustering with F =10 with F =30
4 2 2,560 —
4 3 4,096 — 137
4 4 65,536 — 2,185
5 2 1,024 10,240 —
5 3 32,768 — 1,092
5 4 1,048,576 — 34,953
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clustered embeddings in binary files, so that each cluster is
represented by two files. The first binary file, called page
file, contains entries for a given document index, where
an entry contains the metadata, such as segment index,
followed by the serialized floating-point values array.
This array is generated by subtracting the original vector
embedding value from the centroid of the respective cluster.
During serialization, this floating-point values array can be
quantized from their original FP32 representation via any
scalar quantization, such as FP8 [9], to reduce space.

The second binary file, called the page index file, serves
as an index, mapping each primary identifier to its byte
offset in the page file, indicating where the entry for a given
document index is. All offsets in this index file, as well as
indexes in the page file, are encoded using variable length
encoding to reduce overhead. After the page is finalized,
meaning there are no more vector embeddings for this
page, the page file is compressed using any general-purpose
compression algorithm, to further reduce space.

To convert the dataset to the proposed storage, it is
necessary to cluster the vector embeddings and generate
the page files and page index files as described above.
To retrieve the vector embedding for a given document
index, it is necessary to traverse page index files to find the
precise page that contains the necessary embedding, then
decompress the necessary page file, and fetch the entry for
the retrieved offset. After that, it is necessary to deserialize
the floating-point array, containing the vector embedding
delta, and sum it with the respective vector centroid to
restore the original vector embedding.

It is worth mentioning that this storage organization
method can be used with different clustering algorithms,
which is why we can use it to compare Oblivious Tree
clustering against k-Means clustering in the context of
vector embeddings compression while having the storage
layer similar for both clustering algorithms.

The key difference between the method presented in
this research and what was explored in [5] is that in this
research the whole page file is compressed, while in [5]
the compression was used for each vector embedding
individually. Working with the full page will improve
compression as there will be more data to find repetitive
patterns to utilize during compression. However, it also
increases the vector retrieval time, which is out of the scope
of the research. On top of that, NF4 [10] is also considered
as another quantization method that can pack a floating-
point value to just 4 bits.

Storage implementation

To perform the experiments, we implemented the
proposed storage solution in Kotlin programming
language. To serialize the entries, we used an Apache Avro
library. Each of the entries contains a byte array that was
constructed by converting the delta value directly from
the FP32 representation to specified quantization format
to one of the target quantizations, namely FP16, FP8 and
NF4, reducing the storage space from four bytes per the
component of delta representation to two, one or half of a
byte respectively. The centroids of the clusters are stored
separately, serialized via the built-in Java serialization
mechanism, in their original FP32 representation. As an
additional metadata, the entry contains a segment index

that is always zero for the datasets used to conduct the
experiment.

To convert the datasets to store them using the proposed
storage implementation, we perform clustering of the
dataset via the k~~-Means algorithm, and via the ensemble
of the Oblivious Trees. Then, vectors belonging to each of
the clusters get converted into the page files. After that, the
page files are compressed using the following compression
algorithms: LZMA, Zstandard, Brotli [11]. To use these
algorithms in Kotlin, the Apache Commons Compress!,
zstd-jni2 and brotli4j3 libraries were used. For Zstandard
and Brotli, the compression level value was set to 22
and 11, respectively. For LZMA, the default parameters
provided by the library were used.

Results

Experiment setup

To verify the compression quality when using the
Oblivious Tree clustering algorithm, we selected the same
two datasets as before, NYT-256-angular* and Fashion-
MNIST-784-Euclidean [12], taken from the popular
ANN-Benchmarks [13] collection. These datasets, as
well as others from the same collection, are often used
to benchmark average nearest neighbor vector search
algorithms. They differ from each other in the way the
data was originally created.

These datasets were clustered using the following
clustering algorithms:

1. k-Means clustering, with the maximum number of
clusters K being an arbitrary number between 1,000
and 15,000.

2. ODT ensemble with the following parameters:

a. M=35;

b. d, = 196 for the Fashion-MNIST dataset, 32 for
the NYT dataset (meaning, 25 % from the source
dataset dimensionality for Fashion-MNIST and
12.5 % for NYT);
depth=12,4;

TrainRatio = 0.15 %;

F =10 for depth =2 and 30 for depth = 4;

. T=4,000.

For both clustering algorithms we then calculate the
delta values and quantize them to their FP16, FP8 and
NF4 representations, after which the data is compressed
using LZMA, ZStd and Brotli algorithms. The centroids
are stored in their original FP32 representation and are
not compressed. The exact FP8 quantization type used
is E3M4, meaning 3 bits for the exponent, 4 bits for the
mantissa, and one sign bit.

oo

I Commons Compress — Overview. URL: https://commons.
apache.org/proper/commons-compress/index.html (accessed:
11.05.2025).

2 luben/zstd-jni: JNI binding for Zstd. URL: https://github.
com/luben/zstd-jni (accessed: 11.05.2025).

3 hyperxpro/Brotli4j: Brotli4j provides Brotli compression
and decompression for Java. URL: https://github.com/hyperxpro/
Brotli4j (accessed: 11.05.2025).

4 Newman D. Bag of Words // UCI Machine Learning
Repository. 2008. URL: https://archive.ics.uci.edu/dataset/164/
bag+oft+words (accessed: 11.05.2025). DOI: 10.24432/C5ZG6P
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Upon creating the storage files, we measure the storage
size represented as the sum of the sizes of each of the
individual files generated for each of these clustering
methods, against the error value, represented as Euclidean
or Angular distance, depending on the dataset used, between
the retrieved vector embedding and the original vector
embedding. Assuming the vector embedding of size n,
retrieved from the storage and having the component values
(veg, ..., vc,), as ve, and the original vector embedding of
the same size n, having component values (vsg, ..., vs,),
as vs, the error value e, being the distance metric, can be
calculated using the following equations:

— Euclidean distance

n
e=_| Y (vep—vs)?,
k=0

— Angular distance

n
> Vegvsy
=0

e = ﬁ
Yver [ Yvsi
=0 =0

The lower the metric, the closer the retrieved vector
embedding to the original one, meaning the lesser the error
caused by lossy compression via quantization.

We then select only the best two parameter combinations
for the k-Means and Oblivious Tree clustering, judging

by the lowest possible storage size, and provide the
values for all combinations of compression algorithm and
quantization type for these value combinations. To provide
a baseline, we also store the clustered values in Parquet [14]
format in both lossless (float array) and lossy (byte arrays
of quantized float arrays) for the specified compression
algorithms supported by Parquet with compression levels
configured similarly to the proposed solution.

The test setup has the following specifications: AMD
Ryzen 7 7700X 8C16T; 64 GB RAM; NVMe WD SN850X
2TB; OS Ubuntu 22.04; OpenJDK 22; a tool for comparing
vector search algorithms, developed in previous research
[15], using Java Microbenchmark Harness [16].

Experiment results

The results for the Fashion-MNIST-784-Euclidean
dataset are presented in Table 2. The vector embeddings in
this dataset are grayscale 28 by 28-pixel images of clothing
having the values from 0 to 255, with a lot of values being
zero indicating the black pixels, making this a sparse dataset.
The size of the original dataset, excluding the data that
was not part of the experiment like precomputed closest
neighbors, in HDF'5 file without any compression and in the
original FP32 formatis 179.44 MB. This value is also present
in the table as the Original HDFS5 file row. The notation
for the ODT clustering corresponds to M/d,,/depth/F/{up,
down}, where M, d,,, depth, F are the parameters specified
above, and up or down indicate reclustering direction.

Table 2. Storage size and error value (as Euclidean distance) for Fashion-MNIST-784-Euclidean dataset, for different compression
algorithms and quantizations

Storage size for compression algorithm, MB
Storage Quantization cofnvri)tr}glsliton LZMA 75td Brotli Error value
Original HDFS file FP32 179.44 — — — —
Parquet FP32 34.81 — 26.78 27.42 —
FP16 91.43 — 32.88 34.11 0.02 +£0.01
FP8 46.56 — 18.17 18.65 85.23 +£29.23
NF4 24.12 — 9.53 10.02 380.86 £211.83
k-Means, K = 1,000 FP32 182.48 29.18 32.59 30.83 —
FP16 93.58 44.42 47.17 44.24 0.25+0.20
FP8 48.73 20.44 21.29 20.39 55.04 +13.29
NF4 26.25 12.21 12.63 12.24 155.90 £50.78
k-Means, K = 10,000 FP32 182.49 29.44 33.14 30.80 —
FP16 94.79 45.54 48.10 45.17 0.24+0.18
FP8 49.93 21.66 22.39 21.57 53.36 + 14.26
NF4 27.50 13.53 13.78 13.47 152.80 £47.02
ODT, 5/192/4/30/down FP32 182.55 29.18 32.22 3091 —
FP16 92.88 43.48 47.20 43.36 0.29+0.13
FP8 48.02 19.90 21.12 19.80 60.91 +8.99
NF4 25.58 11.63 12.14 11.66 169.57 +32.90
ODT, 5/192/2/10/up FP32 183.48 31.10 34.84 31.90 —
FP16 93.85 45.00 49.25 44.47 0.24+0.13
FP8 48.98 20.77 21.98 20.69 54.41 +£12.80
NF4 26.54 12.74 13.11 12.57 151.71 £ 37.53

906 Hay4yHO-TexHn4eckuii BECTHUK MHDOPMALMOHHBLIX TEXHONOMMIA, MeXaHUKN 1 onTukn, 2025, Tom 25, N2 5
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2025, vol. 25, no 5



N.A. Tomilov

For this dataset, the Oblivious Tree clustering method
demonstrates worse compression compared to k-Means for
original FP32 vector embedding representations, but better
compression when using delta storage with quantization.
This can be seen for both selected parameter combinations
for both LZMA and Brotli compression algorithms, and
for the first parameter combination for ZStd compression
algorithm. For example, for FP16 quantization and Brotli
compression, the Oblivious Tree clustering requires
43.36 MB of size in the best-case scenario, compared to
44.24 MB for k-Means clustering. It means that Oblivious
Tree clustering can use 0.88 MB less compared to k&-Means
clustering. Relative to the storage size of k-Means
clustering this difference equals to around 2 % less storage
size. For NF4 quantization and Brotli compression, the
values are 12.24 and 11.66 MB respectively, which is
0.58 MB less storage size, or 4.7 % less relative to ~-Means
clustering.

This advantage is offset by the fact that Oblivious Tree
clustering demonstrates bigger error value, showing bigger
loss during quantization. For the combinations mentioned
above, the average error value for ODTs is 0.04 and 14
more than for k-Means clustering, or 16 % and 9 % more
relative to k-Means clustering, respectively. On top of
that, for this dataset, when using original FP32 vector
representations and without delta storage both clustering
methods cannot demonstrate better compression compared

to Parquet, which is able to effectively encode repeating
zero values in the vector embeddings. This encoding is
so effective that its lossless compression is better than the
lossy compression for FP16 encoding for the proposed
method and both clustering algorithms. Overall, using
ODT clustering combined with delta storage cannot offer
better compression compared to quantized Parquet storage,
however it can demonstrate less error value for some of the
quantizations. Compared to Parquet, using ODTs can lower
the error value from around 85 and 380 for FP8 and NF4
quantizations, respectively, to around 61 and 170 for the
parameter combinations demonstrating the least storage size.

The results for the NYT-256-angular dataset are
presented in Table 3. The vector embeddings in this
dataset are text embeddings of the NYT articles, having
dimensionality 256 and all the values between —0.342 and
0.346, making it a dense dataset. As the angular distance
is usually smaller, in the table the error value is multiplied
by 1,000. The size of the original dataset, excluding the
data that was not part of the experiment like precomputed
closest neighbors, in HDF5 file without any compression
and in the original FP32 format is 283.21 MB.

For this dataset, the results are comparable to the
results of the previous dataset, represented in Table 2.
The Oblivious Tree clustering method demonstrates better
compression when using delta storage with quantization.
For example, for FP8 quantization and Brotli compression,

Table 3. Storage size and error value (as angular distance) for NYT-256-angular dataset, for different compression algorithms and

quantizations
Storage size for compression algorithm, MB
Storage Quantization Without . Error value,
compression LZMA 7Std Brotli multiplied by 1.000
Original HDFS5 file FP32 283.21 — — — —
Parquet FP32 289.82 — 244 .85 239.05 —
FP16 156.95 — 133.18 133.53 0.00 +0.00
FP8 85.14 — 47.89 46.12 6.94 +0.89
NF4 49.73 — 28.58 27.98 74.70 £ 12.58
k-Means, K = 1,000 FP32 298.27 239.04 239.20 237.14 —
FP16 157.65 124.43 126.95 121.89 0.00 = 0.00
FP8 86.80 45.71 45.01 44.88 6.93 +1.49
NF4 51.37 28.27 27.06 26.92 70.12 £ 14.35
k-Means, K = 10,000 FP32 298.44 240.24 239.73 238.29 —
FP16 166.48 134.46 136.47 131.74 0.00 = 0.00
FP8 95.74 55.30 53.96 53.64 7.27+4.24
NF4 60.28 39.14 36.24 35.93 63.90 + 34.65
ODT, 5/32/4/30/down FP32 298.62 239.76 239.67 237.90 —
FP16 157.18 124.55 125.03 121.82 0.00 = 0.00
FP8 86.32 45.19 46.94 44.00 7.44+1.31
NF4 50.87 28.68 28.32 26.18 73.27 £ 8.88
ODT, 5/32/2/10/up FP32 303.23 244.36 244.34 242.29 —
FP16 161.83 128.82 131.26 126.21 0.00 + 0.00
FP8 90.97 50.60 49.80 49.62 6.53+1.13
NF4 55.48 33.13 31.68 31.47 71.18 +£15.58
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the Oblivious Tree clustering requires 44 MB of size
in the best-case scenario, compared to 44.88 MB for
k-Means clustering, which is 0.88 MB less storage size or
almost 2 % less relative to k&-Means clustering. For NF4
quantization and Brotli compression, the values are 26.18
and 26.92 MB respectively, which is 0.74 MB less or is
around 2.7 % less size relative to k-Means clustering. For
FP16 compression the difference between compression
algorithms is negligible. However, for this dataset both
clustering methods demonstrate better compression than
Parquet for the same compression algorithm.

The error value for the FP16 encoding for this dataset
is almost zero, making FP16 a good choice for this
dataset, allowing the storage size to significantly decrease
without compromising the precision. As for more lossy
quantizations, the results are also the same as for the
previous dataset. The Oblivious Tree quantization also has a
bigger error value. For the combinations mentioned above,
the average error value for ODTs is 0.00051 and 0.00315
more than for k&-Means clustering, or 7.4 % and 4.5 % more
relative to k-Means clustering, respectively. Compared
to Parquet, for this dataset ODT clustering demonstrates
better compression with comparable error value. For NF4
quantization, ODT clustering achieves an error value of up
to about 73, while for Parquet the value is around 75. For
this quantization and Brotli compression, Parquet requires
27.98 MB of storage, which is 1.8 MB more than for ODT
clustering, or 6.8 % more relative to ODT clustering.
Overall, using ODT clustering in combination with delta
storage can offer better compression compared to quantized
Parquet storage with a comparable error value.

Conclusion

In this work, we proposed a storage solution for
vector embeddings that combines oblivious decision tree
clustering with delta encoding and quantization. Our
experiments demonstrated that this method reduces storage
requirements compared to k-Means clustering, with savings
of up to 4.7 % for FP8 and NF4 quantization. We also
showed its loss in precision compared to k-Means, which
indicates that the method is most effective when storage
efficiency is prioritized over absolute precision.

The main advantages of the method are the improved
compression through delta quantization, the retention of
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