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Vector data is prevalent across business and scientific applications, and its popularity is growing with the
proliferation of learned embeddings. Vector data collections often reach billions of vectors with thousands of
dimensions, thus, increasing the complexity of their analysis. Vector search is the backbone of many critical
analytical tasks, and graph-based methods have become the best choice for analytical tasks that do not require
guarantees on the quality of the answers. We briefly survey in-memory graph-based vector search, outline
the chronology of the different methods and classify them according to five main design paradigms: seed
selection, incremental insertion, neighborhood propagation, neighborhood diversification, and divide-and-
conquer. We conduct an exhaustive experimental evaluation of twelve state-of-the-art methods on seven real
data collections, with sizes up to 1 billion vectors. We share key insights about the strengths and limitations
of these methods; e.g., the best approaches are typically based on incremental insertion and neighborhood
diversification, and the choice of the base graph can hurt scalability. Finally, we discuss open research direc-
tions, such as the importance of devising more sophisticated data-adaptive seed selection and diversification
strategies.
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1 Introduction

Vector data is common in various scientific and business domains, and its prevalence is expected to
grow in the future with the proliferation of learned embeddings [43, 107]. The volume and dimen-
sionality of this data, which can exceed multiple terabytes and thousands of dimensions, make
its analysis very challenging [107]. A critical component of these data analysis tasks is vector
search [40, 42, 43, 107]. It supports recommendation [91, 139], information retrieval [154], cluster-
ing [21, 150], classification [114] and outlier detection [19, 20, 22, 78, 118] in many fields including
bioinformatics, computer vision, security, finance and medicine. In data integration, vector search
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is used for entity resolution [38], missing values imputation [61], and data discovery [164]. Besides,
it is exploited in software engineering [4, 105] to automate API mappings and in cybersecurity to
profile network usage and detect malware [37]. More recently, vector search has been playing
a crucial role in improving the performance and interpretability of Large Language Models and
reducing their hallucinations [18, 76, 83, 84].

A vector search algorithm over a dataset S of n d-dimensional vectors returns answers in S
that are similar to a given input vector V,. The brute-force approach (a.k.a. a sequential or serial
scan) compares V, to every single element in S. The time complexity of this approach is O (nd),
which becomes impractical when dealing with large collections of data with high dimensional-
ity. State-of-the-art approaches typically improve this time complexity by reducing the dimen-
sionality d using concise and precise summarization techniques and/or decreasing the number of
processed vectors n, by developing efficient indexing data structures and search algorithms that
prune unnecessary comparisons to V. Some approaches compute exact answers, while others
€- and d-e-approximate answers (with deterministic and probabilistic guarantees, respectively, on
the accuracy of the answers), or ng-approximate answers (without any theoretical guarantees, but
high accuracy in practice) [44, 45]. One popular vector search algorithm is k-nearest neighbor (k-
NN) search, which returns the & vectors in .S closest to VQ according to a similarity measure, such
as the Euclidean distance.

The efficiency of exact vector search has significantly improved over the last decade [25, 44, 108,
112, 148]. However, exact techniques still do not address the query latency constraints of many
analytical tasks. Therefore, a large body of work has been dedicated to approximate vector search,
which trades off accuracy for efficiency [45, 86, 147]. These approaches are based on scans [49, 152],
trees [6, 23, 26, 81, 89, 101, 110, 113, 143, 144, 146, 149, 156], graphs [52, 54, 97,102, 129, 140], inverted
indexes [12, 70, 71, 155], hashing [67, 131, 132], or a combination of these data structures [11, 29,
52,72,102, 153, 163]. Over the last decade, graph-based techniques have emerged as the method of
choice for vector search in many real applications that can relax theoretical guarantees to achieve
a query latency of a few milliseconds on terabyte-scale collections [73, 125, 128, 162].

Figure 1 illustrates vector search in an image retrieval use case. We produce embeddings for
ImageNet [121] using a ResNet50 model [65]. We report the time at which a best-so-far (bsf) answer
is found (i.e., the image in the database most similar to the query) by vector search techniques from
different families: ELPIS [11] and EFANNA [52] for ng-approximate search, QALSH [66] for §-¢-
approximate search, and a serial scan for exact search. We observe that: (i) ELPIS returns the same
answer as the serial scan and QALSH over three orders of magnitude faster, which explains the
popularity of graph-based vector search in many real applications; and (ii) not all graph-based
methods have the same performance, e.g. ELPIS is 3x faster than EFANNA, which motivates this
experimental study to help the community better understand the strengths and limitations of the
existing graph-based vector search techniques.

Graph-based methods typically structure a dataset S as a proximity graph G (V, E) where V is
the set of n vertices representing the n data points in .S, and F is the set of edges that connect sim-
ilar vertices. Answering a query V(, usually consists of running an ng-approximate beam search
algorithm that warms up the results queue with an initial list of candidate nodes in G known as
seed nodes, selects one of them as an entry node, i.e., the node that will be traversed first, and per-
forms a greedy graph traversal following the edges of the traversed nodes to return all nodes that
are similar to V,. State-of-the-Art (SotA) graph-based vector search methods, such as HNSW [97],
NSG [54], ELPIS [11], Vamana [129], and NSSG [53] adopt the same beam search algorithm to
retrieve ng-approximate answers from the graph. However, they differ in how they construct the
graph and initiate the beam search.
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Fig. 1. Image retrieval using different vector search methods. Each row shows the bsf
answer returned by each method (y-axis) at a given timestamp (x-axis). The graph-based
approach ELPIS: (i) returns the same answer as the serial scan and QALSH over three
orders of magnitude faster; and (ii) is 3x faster than the graph-based method EFANNA.

A number of studies have evaluated vector search methods. Some focus on exact search [44]
while others cover approximate search with and without guarantees [7, 85, 103]. Given the in-
creased interest in graph-based vector search, a recent experimental evaluation [142] has been
dedicated entirely to this family of techniques. However, the results of this study are inconclusive,
because the experimental evaluation was conducted on very small datasets, not exceeding 1M vec-
tors (we will show in Section 4 that trends change as dataset size increases, e.g. some methods
that are efficient on 1M datasets do not perform well on large collections and vice-versa). Besides,
our study proposes a new taxonomy that classifies SotA graph-based vector search methods ac-
cording to five key design paradigms. It also highlights the impact of these design choices on the
indexing and search performance, and how this impact changes with dataset size. In parallel, some
benchmarks [8, 126] also evaluate vector search methods, but they do not focus on graph-based
approaches, and thus, do not shed light on why the best methods have superior query performance.
In contrast, our study covers real datasets reaching one billion vectors from different domains such
as deep network embeddings, computer vision, neuroscience, and seismology, includes more re-
cent approaches, and uncovers interesting insights that have not been reported before, such as the
impact of seed selection and neighborhood diversification on indexing and search performance.

In this paper, we make the following contributions.

e We identify five main paradigms exploited by state-of-the-art vector search methods: (1) Seed
Selection (SS) determines the node(s) in the graph where the search initiates. (2) Neighborhood
Propagation (NP) approximates the k-NN graph, where each node is connected to its exact k near-
est neighbors, by propagating neighborhood lists between connected nodes. (3) Incremental In-
sertion (II) builds a proximity graph incrementally connecting vertices with short links to their
closest neighbors and long links that model small-world phenomena. (4) Neighborhood Diversifi-
cation (ND) sparsifies the graph by pruning edges that lead to redundant directions at each node.
(5) Divide-and-Conquer (DC) splits a large dataset into partitions and builds individual graphs
separately. We provide a brief overview of these five paradigms, and study in depth the two key
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paradigms that have a strong impact on query performance (as shown in Section 4), namely SS
and ND.

e We propose a new taxonomy that categorizes graph-based vector search methods according to
the five paradigms described earlier, and highlights the chronological development of the different
techniques and their influence map.

e We provide a brief survey of the SotA graph-based vector search methods. We describe their
design principles and pinpoint their strengths and limitations.

e We conduct an exhaustive experimental evaluation of twelve SotA methods using synthetic and
real-world datasets from neuroscience, computer vision and seismology, with sizes reaching up
to 1 billion vectors. We provide a rich discussion of the results. We confirm some conventional
wisdom, e.g., methods that construct graphs through incremental insertion exhibit superior query
performance and scalability compared to other existing methods [11, 142]. We also explain results
that differ from the literature, in particular with respect to the most recent study on the same
topic [142]. For instance, in the recent study, SPTAG-BKT [29] and HNSW [97] rank low in terms
of query and indexing efficiency, respectively. However, our experiments show that SPTAG-BKT
is among the most efficient techniques in query answering on small-sized datasets (1M-25GB), and
that many methods lag behind HNSW in terms of indexing time, including on small datasets. In
addition, contrary to previous works [11], we demonstrate that Vamana [129] is also competitive
with ELPIS and HNSW [11, 97].

e We share new insights about vector search that have never been published before. For instance,
(i) we show that not all ND techniques are equally effective, and we identify the one that is most
effective for large dataset sizes; and (ii) we illustrate how different SS strategies affect query an-
swering and index building (some methods perform a beam search during graph construction).

® Based on the results of the comprehensive experimental study, we pinpoint some promising re-
search directions in this field: (i) novel graph structures that can scale to large data collections
should be proposed for methods based on NP and ND strategies; (ii) more effective and data-
adaptive seed selection strategies should be developed to further improve indexing and search
performance on large-scale datasets; (iii) a deeper theoretical understanding of ND approaches
could pave the way for the development of enhanced methods that can adapt to data distributions;
and (iv) devising techniques (e.g., clustering, neighborhood diversification) tailored to DC-based
methods has the potential to improve their performance.

Scope: The goal of this study is to conduct an experimental evaluation of the SotA graph-based
methods designed for in-memory dense vector search. A theoretical analysis of the indexing and
search algorithms is an open research question (no existing graph-based vector search method
provides this analysis), and is out-of-scope. The extension to the out-of-core scenario and the the-
oretical analysis are both part of our future work.

2 Preliminaries

The ng-approximate vector search problem is typically modeled as an ng-approximate k-NN search
problem in high-dimensional vector space. Data points are represented as d-dimensional vectors
in R%, and the dissimilarity between the points is measured using the Euclidean distance dist. We
consider a dataset collection S = {VC1 Ve Ve, } of n d-dimensional points and a query vector
V-

DEFINITION 1. Given a positive integer k, an J0000 0000 DOOO0 over a dataset S retrieves the set of
vectors A = {{V¢ ;... Vo, } ©S|VVe € Aand Ve ¢ A, dist (Vo, Vo) < dist (Vig, Ve ) } [45].
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DEFINITION 2. (An equivalent definition has appeared in [45].) Given a positive integer k, an U0
00000000000 0000 00000 over a dataset S retrieves the set A = {V¢ ..., Ve, } € S in a heuristic
manner, i.e., there are no theoretical guarantees about the quality of the answers.

We use the terms vector search, similarity search, ng-approximate search, and approximate
search interchangeably.

2.1 Approximate Vector Search Methods

Vector search has been heavily studied for over fifty years. Proposed approaches are either based
on scans, trees, graphs, hashing, inverted indexes, or on hybrid designs combining two or more of
these data structures. Vector search methods often rely on summarization to reduce the complex-
ity of the search. In this section, we provide an overview of the main summarization techniques
exploited by state-of-the-art approaches, then describe the fundamental concepts of each family,
discussing its strengths and limitations.

Summarization Techniques Random projections project the original high-dimensional vector
into a lower dimensional space using a random matrix. The pairwise distances are guaranteed to be
nearly preserved with high probability if the dimension of the projected space is large enough [74].
Quantization compresses a vector of infinite values to a finite set of codewords that constitute the
codebook. Scalar quantization maps each vector dimension independently, whereas vector quanti-
zation maps the whole vector at once exploiting inter-dimension correlations [60]. Product quanti-
zation [70] divides the vector and operates a vector quantizer on the subvectors. Optimized Product
Quantization (OPQ) optimizes the space decomposition of a product quantizer by decorrelating the
dimensions. The Karhunen-Loéve Transform (KLT) [75, 92] performs a linear transformation that
adapts to a given signal to decorrelate the dimensions, then applies scalar quantization. Recent
work has shown that some summarizations that were developed for data series are equally effi-
cient for generic vectors [41, 45]. In particular, Piecewise Aggregate Approximation (PAA) [77] and
Adaptive Piecewise Constant Approximation (APCA) [24] segment a vector into equal or variable
length segments, respectively, and summarize each segment with its mean value. Extended APCA
(EAPCA) [146] improves upon APCA by using both the mean and standard deviation to summa-
rize each segment. Symbolic Aggregate Approximation (SAX) [87] transforms a vector using PAA
and discretizes the values using a scalar quantizer. Deep Embedding Approximation (DEA) learns
summarizations using the SEAnet deep neural network [145].

Tree-based indexes organize the data using a tree structure and have been the method of choice
for exact vector search for data series and generic high-dimensional vectors [16, 25, 27, 28, 39, 48,
62, 82,90, 111-113, 122, 145, 146, 148, 157, 166]. Some works have proposed using tree indexes to
support approximate search with [30, 45] or without guarantees [6, 45, 101, 148]. The tree-based
methods that support ng-approximate search either build multiple randomized K-D Trees that are
searched in parallel [101], segment the space into smaller dimensions indexed by an RDB tree [6],
or use heuristics to select candidates from some leaf node(s) [45, 148]. The ng-approximate search
accuracy/efficiency tradeoff is tuned with user-defined parameters specific to each method, e.g.,
specifying the maximum number of leaves to visit during search.

Scan-based approaches have been designed primarily for exact search. Sequential scans com-
pare the query to each single candidate in a dataset. Skip-sequential scans summarize the high-
dimensional data in a filter file that fits in memory and only search the original data, typically
stored out-of-core, if a candidate cannot be pruned using the filter file. Some scan-based methods
can also support ANN search with [45] or without guarantees [45, 49, 152]. These methods tune the
ng-approximate search accuracy/efficiency tradeoff with a user-defined parameter that specifies
the maximum number of vectors to be visited.
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Inverted indexes typically compress the original high-dimensional vector data using quanti-
zation to reduce the space overhead and improve efficiency. Popular methods such as the In-
verted Multi-Index (IMI) [12], and the IVF-PQ [70] organize the data by associating lists of data
points (a.k.a. posting lists) with their proximity to a codeword. These codewords are representa-
tive points, e.g. the medoid/centroid of the posting list, derived after clustering the original data,
collectively forming a codebook. The ng-approximate search algorithm accesses the codebook to
retrieve points linked to the closest codeword(s). The accuracy/efficiency tradeoff is tuned with a
user-defined parameter that specifies the maximum number of posting lists to be explored during
the search. This tradeoff is also affected by the index building parameters such as the codebook
size and the quantization bit budget.

Hash-based approaches belong primarily to the family of locality-sensitive hashing (LSH) [67,
69]. They are designed to support J-e-approximate vector search [45] by exploiting hash func-
tions that group with high-probability similar data points into the same bucket and non-similar
data points into different buckets. Numerous LSH variants exist, each with its unique strengths.
Among these, the SRS [132] and QALSH [66] methods stand out. SRS provides efficient search
results with a relatively small index size, while QALSH enhances bucketing precision by using the
incoming query as a reference point. The d-e-approximate search accuracy/efficiency tradeoff is
tuned with user-defined parameters that specify the approximation error and probability thresh-
olds. This tradeof is also affected by the index building parameters, e.g., the number of hash tables
and the number of random projections.

Graph-Based approaches support ng-approximate vector search. They often employ a proxim-
ity graph structure [56, 123, 137], where each vertex represents a data point, and edges connect
similar vertices. Two vertices are linked if the data points they represent are close in their respec-
tive spaces, usually determined by a common distance measure such as the Euclidean distance [46].
When searching for a specific query point, the process typically begins from a set of initial points
or seeds. These seeds can be chosen randomly or based on certain criteria. The search uses one
of these seeds as an entry node and the others as initial candidate answers. It then progresses
by visiting the neighboring vertices of the current node in a best-first, greedy manner, conclud-
ing when no better matches are identified [119]. State-of-the-art graph-based methods, includ-
ing KGraph [35], EFANNA [52], HNSW [97], DPG [86], NSG [54], SPTAG [141], SSG [53], Va-
mana [129], HCNNG [102], ELPIS [11] and others [63, 72, 96] use the same search algorithm [119]
but differ in how they construct the graph and select seed points.

Hybrid approaches combine ideas from the different families described earlier. IEH [72] retrieves
initial neighbors to build the graph using hash-based methods, such as LSH [57] and ITQ [161].
EFANNA [52] builds an initial graph using randomized K-D Trees where nodes are connected to
the neighbors returned by K-D Trees, and exploits these trees during search to find initial can-
didates. SPTAG [29] divides the dataset using multiple Trinary-Projection Trees (TP Trees) [141]
before merging multiple graphs constructed for each of the subsets, and constructs multiple K-D
Trees or BKTrees to retrieve initial seeds. HCNNG [102] divides the dataset using random hierar-
chical clusterings, and builds multiple Minimum Spanning Tree (MST) structures on the different
subsets. The graph is built by merging the multiple MSTs. HCNNG also exploits K-D Trees to re-
trieve seeds to initiate the search. ELPIS [11] builds a Hercules tree [41] to divide the dataset into
subsets, and constructs an HNSW [97] graph on each subset. During search, ELPIS prunes subsets
using the EAPCA [146] lower-bounding distance.

Summary. Tree-based approaches typically demonstrate efficient indexing performance, boasting
low index construction time and memory usage [11, 45, 141]. Many of these methods support
various search flavors, from exact to approximate, with some offering guarantees. However, tree-
based methods often fall short in search efficiency, especially when faced with challenging query
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RVFSZ BOTXFSJOH UP WOE UIF FOUSZ QPJOUT JO UIF HSBQI )P
OPOFPGUIFTFNFUIPETIBWF QSPWJEFE TVYDJFOU UIFPSFUJDI
DIPJDFTGPSTFFETFMFDUJPO *OUIJTQBQFS XFDPOEVDUBOJ
UFDIOJRVFT QSPQPTFEJO UIF MJUFSBUVSF

4UBDLFE /48 *O/ITQJSFE CZ TERIJQ/MI KUY DROTUSVDUT IJFSBSDI
SFTPMVUIJPOHKSFEQIFKE TFMFDUJPO &BDIMFWFM DPOUBJOT BE
BTBNQMF PG OPEFT GSPNUIF MFWFM CFMPX XJUIUIF MPXFTU
4UBDLFE /48 JT DPOTUSVDUFE CZ BTTJHOJOH FBDI OPEF B NBY
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JODSFNFOUBMMZ JOTFSUFE JOUP UIFHSBQIT GSPN MBZFS - EP)
TMQ@
MO ?

XIFYBTBVOJGPSNMZ SBOEPNOVNCFSTBUXRKB®JINONEP VBIOEFHS
HSBQIT DPOUSPMMJOHUIFQSPCBCJMJUZEJTUSJCVUJPOPGB.
OVNCFSPGOPEFTSFQSFTFOUFEJOIJFSBSDIJDBMMBZFSTBT X|
BMMPDBUFT NPSF OPEFTUP UIF IJFSBSDIJDBM MBZFST UIVT HI
RVFSZ BOTXFSJOH JU T TUBSUT B HSFFEZ TFBSDI GSPN B WYFE |
MBZFS CZMBZFS FBDIUJNFTUBSUJOHGSPNUIFDMPTFTU OPEF
UIFCPRPNMBZFS FOPEFTFMFDUFEJOUIFCPRPNMBZFS BOE |
OPEFT

, % 5SFFT BWIMJI[FE CZ &% /A18"( ,%5x< BOE )$//(= UIJT UFDI
OJRVFJOWPMWFTDPOTUSVDUJOH TIPEBEBS BVMUTBNEM Pb %/
BTFUPG TFFE QPJOUTJT SFUSJFWFE CZ SVOOJOH B EFQUI WS
TUSVDUVSF T XBSNJOHVQUIFTFUPGDBOEJEBUFBOTXFST
BOFOUSZ OPEF

-4) BUJMJ[FECZ U&JE TUSBUFHZ DPOTUSVDUTBO -4)JOEFY PC
VTFTJUEVSJOH T TFBSDIUP SFUVSOBTFUPG TFFE QPJOUT VTJ(

.FEPJE .%JTTUSBUFHZWYFTUIFNFEPJEOPEFBTFOUSZQPJ
VIFTJUT OFJHICPSTBT TFFET

4JOHMF 'JYFE 3BOEPN &0 U SBOEPNUOREF JT TFMFDUFE BOE W
QPJOU GPSBMM TFBSDIFT _JTOPEFBOEUIFOPEFTDPOOFDUF|

, ABNQMFE 3BOEPN 4FFSFBRI REB®EPN OPEFT BSF TFMFDUF
UIFTFUPG DBOEJEBUFBOTXFST _JTBQQ%#(BDIBDEVSRRSBKE .
X1JDIDIPPTFUIF NFEPJEBTUIFFOUSZ QPJOUBOE FOIBODF UIF
OPEFT

#BMBODFE , NFBOT 58EHBMJI[FE CZ 415" #J6J¥ UFDIOJRVF DPC
#BMBODFE, NFBOT 5SPFPTB EfSUBTFU TBNQMF %VSJOH TFBSDI 1
WJB EFQUI WSTU TFBSDI %'4 POUIF#,5 TUSVDUVSF T

&R &

/[FIJHICPSIPPE %JWFSTJGJDBUJPO

_FHPBMPG/FJHICPSIPPE JWFSTJWDBUJPO /% JTUPDSFBUF
BSFDPOOFDUFE CPUI UP UIFJS DMPTF OFJHICPST BOE UP TPNF
JOHBHSBQIJO XIJDIOPEFTBSFPOMZDPOOFDUFEUPUIFJSDM
DPNQBSJTPOT CFGPSF SFBDIJOH UIF QSPNJTJOH SFHIJPOT _JT
/IFJHICPSIPPE (SBQI 3#%( X<JDICVIMETBOVOEJSFDUFEHSBQI G*¢
JOHBOFYJTUJOH %FMBVOBZ (SBQI UIFOSFNPWFTUIFMPOHFTL
QPJOUT _JTBQQSPBDI BOEPUIFSWBSJBUJPOTUIBUFYQMPJU
IBWFCFFOBEBQUFEGPSEJSFDUFEHSBQITCZTFWFSBMHSBQI
PET < > 8FJEFOUJGZ UISFFNBJO/% TUSBUFHJFT VTI
UIJWF /FIJHICPSIPPE %JWFSTJWDBUJPO 3/% 3FMBYFE 3FMBUJ\
BOE .BYJNVN 0SJFOUFE /FJHICPSIPPE %JWFSTJWDBUJPO .0/%
GFSFOUGSPN ,MFJOCFSHYT TNBMM X FIMPEOBFUXPISE M3BQRT IO |
BDIJFWFE UISPVHI B SBOEPN TFMFDUJPO PG OPEFT XIJMF JO /
UIFDMPTF OFJHICPST PG FBDIOPEF "TTVNF

r «JTUIFRVFSZOPEF JF UIFOPEFUPCFJOTFSUFE JO UIF
r « WIFMJTUPGDVSSFOUDMPTFTU OFJHICPST UP
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B 3/% C 33/% D .0/%

'JH IFJHICPSIPPEEJWFSTJQDBUJPO BQQSPBDIF

r 6 UIFMJTU PG DBOEJERUFWERBHICP ST UP
r JTBDBOEJERDPGBPNSFE GPSZJODMVTJPO JO
r JTBOPEFBMSFBEZJOUIFTFU

rEJUOU VITUIF &VDMJEFBO EJTRBBDF CFUXFFO

%klotozout XKMBOPERTBEEFEGMOE POMZJG UIFGPMMPXJOH
P n ¢EJUY V EJOU V &R

%klotozout 33F%B SFMBYBWIPOQUGBOBBE BEEFEIGRBOE POMZ .
UIFGPMMPXJOHDPOEJUJPO IPMET

P n ¢EJUY V kAJOU V &R

%klotozout .0/ BO BPOHM¥F UIF OPBFR BEEFEJGPBOE POMZ JG
GPMMPXJOHDPOEJUJPO IPMET

P n gfU & V r &R

'JHVSFIPXT UIF SFTVMUT BOFS BQQMZJOH EJVFSFOU /% BQQS
IPPE M@TU z 5 ; <~"GPS OREB/% 'JH\BS¥BT WSTU VTFE JO UIF
PG WFDUPS TFBSD*% CIU)/R8 KFUIPET BEPQUFE 3/% JOIBMMEJIJOH /
BOE &-1"4 4FS %FW ®RI%IPQFSBUFT PWFS UIF DBOEJEBUF OFJHI
_UP&JG JUT EJTUBODRNBMMFS UIBO UIF EJBOECIIZCFRIHAE® S
PGg *OUIF FYBNQMBPEITHPSOH UP DRODIOFDAJIWPIT UIF DMPTFT
| "#Ug o #PUJBOE BSFQSVOFE GOFNHIGPSIPPEMJTUBTUIF
UPLUIBQ: BOE XJMM CF BEFREFOR)VBMMZTJOERNERTU *O DPO
USBTU 33/%C JGIYSGPTFE CZ »2BNBOBREVDFTB SKENBYBUJPO GBL
XIFSFJTBEEFEIGRUT EJT B BIODNBIMMWRSINFBFQIUT EJ T BEOFD F UFP S
PGglOg SFMBYJOHUIF QSPQFSUZ UP QSVOF MEXIMDNB O B UEBRUG SV
JOUIJTDBTFT@BWOFE EVF UP JUT @SR JN BBZ% PT SFEVDFE UP
'JOBMMZ .0/% DXBUSGSPQPTFEEB@EAYIFE JO>/BA(XFMM *U BJIN
NBYJNJ[JOH BOHMFT JO UIF HSBQI URQPIMPHIZU IFGT RAFVDQ J B DPQ
BOHMF UIBFTHPMEC .0/% QSVOFT UIF DBOEJEBUF OFJHICPST PG
QPJOUJOH JO EJVFSFOWBMFBURPOFF X XIIMEgDPOOFDUT XJUI
TIODR ¢; XBOE XJUTJOMDFK ¢s XBOE ; ¢ X /PUFUIBUBO:
OPEFT QSVOFE CZ 33/% BOE .0/% XJMM FWFOUVBMMZ CF QSVOF
UPx<GPSBEFUBJMFE QSPPG

1SPD "$..BOBH %BUB 7PM /P 4*(.0% "SUJDMF 1vCMJIJDBUJPO EBUF 'F



(SBQI #BTFE 7TFDUPS 4FBSDI "O &YQFSJIJNFOUBM &WBMVBUJPO PG UIF4UBUF PC

"5BYPOPNZ

'"JHVSHFFQJDUT UIF 4PU"HSBQI CBTFEBQQSPBDIFT DMBTTJWFE
44 |1 ** /% BOE %$ _FUBYPOPNZBMTP SFXFDUTUIFDISPOPMI
%JSFDUFEBSSPXTJOEJDBUFUIFJOXVFODFPGPOFNFUIPEPOE
UJPOTBSF NBEF CFUXFFO EJVFSFOU TUSBUFHJFT J F /P /FJH
33/% BOE .0/% DG 4F®UIPEOUIGZ UIF 44 TUSBUFHZ PG FBDI NF
-4) BOE,. 4'"JTOPUVTFECZBOZ4PU" NFUIPE CVU XF DPOTJET
"EEJUJPOBMMZ TPNFNFUIPETVTFNPSFUIBOPOFTUSBUFHZ F
PSPVFSUIFXFYJCIMJUZUPVTFEJVFSFOUTUSBUFHJFT F H 4
B NFUIPEDBO FYQMPJU POF PS NPSF QBSBEJHNT F H )/48 VTI
QSVOFTFBDIOPEFYTOFJHICPSTVTJOHUIF3/%BQQSPBDI UIFS
,(SBQI®*XBTUIFWSTUUPVTF/1UPBQQSPYJIJNBUFUIFFYBDUL //
DPNQMFYJUZ BOEJOXVFODFEOVNFSPVTTVCBRREVEONU"NFUIPE
*OQBSBMMFMIMBSPEVDFE UIF** TUSBUFHZ GPSHBBRMIKATUS
MFWFSBHFE /% UP FOIBODF /48SBFOR FBBIWEMZ _FHPPE QFSGP
BOE %1( FODPVSBHFE NPSF NFUIPET UP BEPQU UIP/%4QBSBEJH
BOE 44(><XI1JDIBQQMZ /% PO UIF /1 CBTFE HHABQD'ANGCGIOFE % $
XJUI/% 7BNBOBEPQUT/4(YTJEFBPGDPOTUSVDUJOHUIFHSBQI
JPXFWFS 7BNBOBDPOTUSVDUTJUTHSBQICZ SFWOJOHBO JOJL
QSVOJOH VTIJOH33/%BOE3/% *OTQJSFECZ)/48 7TBNBOBBOE/
QPSUJODSFNFOUBM HSBCMIWAMENMBREKIGZUIFNBT /% CBTFE QF
JOUIFPSJHIOBM QBQFSHT JIXWFODFE CBOIBEBEPQUFE B %$ BQ
GPSDPOTUSVDUJOHUIFHSBQI XJWBWUBBE®R®QUFTHE Bin& -TIUSRBU
BHFECPUI**BOE®BQE44L)"1(><CPUIQSPQPTFOFXTFFETFMFDU
)/48 XJUIUIF MBRFSBEEJUJPOBMMZ BEPQUJOHB OFX QSPCBC.
MIJFSBQQSPBDIFT FYDFQU GSPN /48 XFSF NBJOMZ /1 CBTFE |
POEFWJTJOH NFUIPET UIBU MFWFSBHF UIF /% ** BOE %$ QBSE
QFSGPSNBODF DG 4FDUJPO

4UBUF PG UIF "SU"QQSPBDIFT

,(SBQ¥ > SFEVDFTUIFDPOTUSVDUJPODPTUPGBO FYBDU L //(

DPNQMFYJUZ *UDPOTUSVDUTBOBQQSPYJIJNBUFL //(CZSFWOJ
JDBMDPTAPG > JTSFWOFNFOUQSPDFTT BMTP UBPKICBSIPRE
1SPQBHBUJPO BJNTBUJNQSPWJIJOHHUHEBRQQRAEBYINBUOPAQPEBUIU
CPSTPGC BBEFSNPSF MILFMZUPCFOFJHICPSTPG FBDIPUIFS _F
WFSWDFTGPS FBDISMMPEUFEIF G JUT OFJHICPBAH UIB BEEA(ICPST
BOEWJDF WFSTB LFFQROD-HHORBSDWMBTFTU

/I BWIJHBCMF 4NBMM &P SMEJT4BO BQQSPYIJNBUJPO PG B %FMBVO
BOUFFT UIF TNBMM XPSMEFQBPRGENZ KSHUX FF@TUXP SBOEPNM?Z
WFSUJDFTHSPXTUPUIFMPRABBIUIRW®PG HSBQHSTHI$B QI JT CBTFE |
UIF 7PSP/FU BSBQIRYUFOUJPO PG ,MFJOCFSHYTWBSJBOUPG 8B
HSBQI<> _F7PSP/FUHSBQIJTCVJMUJODSFNFOUBMMZ CZJOTF
UIFHSBQIBOEDPOOFDUJOHJUUP E OFJHICPSTTFMFDUFEVT.
JOUIFHSBQI OODFUIJTQSPDFTTDPNQMFUFT UIFWSTU CVJIMU
RVIDLMZDPOWFSHFUPXBSE OFBSFAVMMUOUBOHI BB KXBT QSPWFE
TNBMM XPSME OFUXPSL QSPQFSUZ <
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"JH (SBQI CBTFE "//JOEFYJOH QBSBEJHNT

*UFSBUJWF &YQBOEJOK BERMMPX&)UIF TBNF QSPDFTT BT ,(SB
BQQSPYJIJNBUFL //( IPXFWFS JUSFWOFTBO JOJUJBM HSBQI XI
HFOFSBUFEVTJOHBIBTIJOH GVODUJPO 5XPFYUFOTJPOTPG *&
BEWBODFEIBTIJOHNFUIPET GPS HFOFSBUJ>@BOEOCXR) I DBRE JI
UIFTFNFUIPET VTF//%FTDFOUUP WOBMJ[FUIFHSBQIDPOOFDU
&'"//" < >TFMFDUT TFFET TINJMBOSMZ &HPBOEBSHWOFT DBOEJEB
/[TEFTDFOU *U CVIMET BO( EQQFRMFINBIOAH JOJUIBM OFJHICPST
SBOEPNJ[FEUSVODBUYBBDE®BBEWPOREDH UIFHSBQI ¥T%VIS J/OHTPEFS
&"//"VTFTUIFQSF CVIMUUSFFTUPTFMFDUTFFET UIFO SVOT
)JJFSBSDIJDBM /BWJHBCMF 4ANBMNMBRSMWF)T4ABF TDBMBC¥MJUZ
CZQSPQPTIJOH3/% UP TQBSTJGZUIFHSBQIBOEBIJFSBSDIJDBN
UIF TFBSDI QBUI EVSJOH JOEFY CVIMEJOH BOE RVFSZ BOTXFSJ
OPEFTJOUIFMBZFSBCPWF JWBIRBAAS CPBBRIBIOB BMM QPJO
)/ 48 CVIJMETBO /48 HSBQIJODSFNFOUBMMZ )PXFWFS )/48 EJWF
UIFDBOEJEBUF OFBSFTUOFJHICPST JEFOUJWFE UISPVHICFBN
VTIJOH3/% %VSJOHRVFSZBOTXFSJOH )/48 VUJMJ[FT 4/ UP RV
MBZFS UP TUBSUUIF CFBN TFBSDI

%IWFSTJQFE 1SPYJNJUZ ¢SBYUF®HRET ,(SEQIKIWFSTIGZJOH UIF
IPPETPGIJUTOPEFTUISPVHIFEHFPSJFOUBUJPO BUFDIOJRVF
CPSIPPE %JWFSTJWDBUJPO .0/% JO4FDUJPO .0/% YT NBJOF
CFUXFFO OFJHICPSJOH OPEFT DPOUSJCVUJOHUPBTQBSTFE F
BQQMIJFEUPBMMOPEFT "OFSUIBU UIFEJSFDUFEHSBQIJT US
JOHJUTDPOOFDUJWJUZ /FWFSUIFMFTT OPUF UIBUS%WIUYNMIJWT
3/% SBUIFS UIBO .0/% GPS OFJHICPSIPPE EJWFSTJWDBUJPO
/(5 < >JTBOBQQSPYIJNBUFOFBSFTUOFJHICPS "// TEBSDIMJC
PVFSTUXPDPOTUSVDUJPO NFUIPET POFFYUFOET ,//HSBQIT X.
JIHSBQIP<XIIMFUIFPUIFSJODSFNFOUBMMZ CVIJMETHSBQIT T.
TFBSDITUSBUYMHUIKIT TUVEZ XFDPOPIEEBIUFREAPENMSE UIF MJC
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NFUIPETUIBUFNQMPZRVBOUJ[BUJPOGPSIJHIMZFYDJFOU  TFB!
OFJHICPST WJB 3/% BOE VTJOH 7B QWPBHMEPILOTFEEFFRAKFT GPS
SFTVMUT

/BWIJHBUJOH 4QSFBEJOH PWUTSBOMB/EMZ UP %1( CVIJMET BO BC
WSTU #VU VOMJLF %1( JUCVJIJMET BO &'"//" HSBQI SBUIFS UIB
HSBQIVTJOH 3/% "UUIF FOE /4(DSFBUFT B EFQUI WSTU TFBSI
UIF HSBQI *G UIFSFJT B WFSUFY UIBUJTEJTDPOOFDUFE GSPN
OPEFJOUIFUSFFUPFOTVSFHSBQIDPOOFDUJWJUZ

415"(< >JTBMJCSBSZ GPSBQQSPYJNBUF WFDUPS TFBSDI QSP
%$BQQSPBDIBOEJTCBTFEPONVMUJQME FYJTUJOH XPSLT *U"
CVIMETFJUIFS > RSSBNMBODFE, NPBOFRBBSFEEYUVSFT XJMM CF*
TFMFDUJPO EVSJOHRVFSZBOTXFSJOH _FOJUDMVTUFSTUIF G
EPNEJWJTJPOTPG5CBSWMET BO FYBDUL //HSBQIPO FBDIDMVTI
FBDIHSBQIVTJOH /% _FHSBQITBSFNFSHFEJOUP POF MBSHF
7BNBGB>JT TINJMBS UP /4(JODPOTJEFSJOHUIFTFUPG WJTJU
FEHFT XJUIJOUIFHSBQI )PXFWFS JOSTUBBBPB VTFOIB SBOERN
BUFEHSBQIXJUIOPEF EJPHSFFVSFUIFJOJUJBM HSBRPODEGP®FBD
OPEF 7BNBOB SVOTBCFBNTFBSDIPO UIFHSBQI TUSMDUXS$MMF
CFSFWOFEJOUIFWSTU SPVOE VTJOH 33/% "OFSBEEJOHCJ EJ
UIF OFJHICPST UIBU FYDFFE UIF NBYJNVN BMMPXFE PVU EFHS|
GPMMPXJOH BO 3/% QSPDFTT _FO 7BNBOB SFQFBUT UIF TBNF !
JNQSPWF UIF HSBQIRVBMJUZ UKT UURBWDISEB TR IMHXDOBPOOFDU
UIFHSBQI

44(< >JOUFHSBUFTUIF.0/% BQQSBREIBMPNFMZ(GPMMPXT UIFT
BOE %16<JOJOEFYCVIJMEJOHGSPNBGPVOEBUJPOBMHSBQI *O
OPEF UP BDRVJSF DBOENGBWFZT BACSFBEUI WSTU TFBSDI PO F
DBOEJEBUF OFJHICPST UISPVHI MPDBM FYQBOTJPO PO B CBTF
TIJ[FGPSUIFDBOEJEBUF OFJHICPSTJTBDIJFWFE 44(SFEVDFT'
.0/% EJWFSTJWDBUJPO TUSBUFHZ QSVOJOHUIFDBOEJEBUF OF
EFWOFE QBrS8INAWAB BMSFBEZ FYJTUJOH OFJHICPST PG UIF DP(
BQQMZJOH UIJT NFUIPE UP BB @PEFDPOIGRDUIWIUZ CZ DPOTL
USFFTGSPNWBSJPVT SBOEPN QPJOTIOHU DRSO hSBEQ QHPPBDYT -
)JFSBSDIJDBM $MVTUFSJOH CBTFE /FBSFTW/PJKBTPID ISBIGIFB ¢
415"( *UFNQMPZT IJFSBSDIJDBM DMVTUFSJOH UP SBOEPNMZ E
_JTTVCEJWJTJPO QSPDFTTJTFYFDVUFE TFWFSBM UJNFT SFT\
00 FBDITVCTFU )$//(DPOTUSVDUT B .JOJNVN 4QBOOJOH 5SFF
WFSUJDFT BOE FEHFT GSPN BMM UIF .45T BSF NFSHFE UP GPSN
UIFTFBSDIQSPDFTT )$//(DPOTUSVDUURYBMAIQMFZJIBI5SPUSZ
RVFSZ TFBSDI

)74< >FYUFOET)/48YT CBTF MBZFS CZ SFWOJOH UIFDPOTUSVD
PG SBOEPN TFMFDUJPO OPEFT BSF BTTJHOFE UP MBZFST CBT|
EJTUSJCVUJPO &BDI MBZFS GPSNT B 7PSPOPJ EJBHSBN BOE V
EJNFOTJPOBMJUZ CZ B GBDUPS PG JO FBDI MPXFS MBZFS 4FB
)/438

-4)"1(< >DPNCJOFT )/48 HSBQIT XJUI NVMUJQMF IBTI UBCMFT
UVSFxUP FOIBODF TFBSDI FYDJIBJD 2 B*UMWAWPSSHFIIFWF TFFE"
PO UIF CBTF MBZFS VOMJLF )/48 XIJDI TEFMFDUT B TJOHMF TFF
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UIFTFIBTIUBCMFTGPSQSPCBCJIJMJTUJD SPPUJOHEVSJOHTFBS
EJTUBODFCFGPSF FWBMVBUJOHBOE QSVOJOH UIF SBXWFDUP:
&-1*4 >JTB %$ CBTFEBQQSPBDIUIBUTQMJUTUIFEBUBTFU JOL
USFPR<XIFSF FBDIMFBG DPSSFTQPOET UP BEJVFSFOU TVCTFU
JOEFYGPSFBDIMFBGVHYCGHQHIBKBSDI &-1*4 WSTUTFMFDUT IF
BOEFYFDVUFTBCFBNTFBSDIPOJUT SFTQFDUJWF HSBQI _F S
QSJPSJUZRVFVFTGPSUIFPUIFS MFBWFT OOMZB TVCTFUPG M
UIFMPXFS CPVOEJOHEJTUBODFTPGUIFRVFSZUPUIF&"1$"TV
JOJUJBUFTNVMUJOQOMFDPODVSSFOUCFBNTFBSDIFTPOUIFHSB
&-1*4BHHSFHBUFTBMM SFTVMUT GSPNDBOEJEBUFDMVTUFST |

&YQFSIJNFOUBM &WBMVBUJPO

8FFYQFSINFOUBMMZ FWBMVBUF UXFMWF TUBUF PG UIF BSU H!
UIF UXP LFZ QBSBEJHNT EFTDSFIC#£EBOHA PP USIPDIJOHMF PVU UIF
TUSBUFHZ XFWSTUJNQMFNFOUBCBTJD ** CBTFE NFUIPE XIF¢
FBDI OPBEFRVJSFTJUT MJTU PG DBOEJEBUF OFJHICPST UISPVHI
HSBQIPGBMSFBEZJOTFSUFEOPEFT _FO XFJIJNQMFNFOUFBDI"
HSBQI 'JOBMMZ XFBTTFTT UIFJOEFYJOH BOE RVFSZ BOTXFSJ
WBSJFUZ PG SFBMBOETZOUIFUJD EBUB¥FUT "MM BSUJGBDUT |

'SBNFXPSL

AFUVBUIPET XFSF DPNQJMFE XJUI ($$ VOEFS 6CVOUV -JOV"
)1$ VTJOH EFGBVMU DPNQJMBUJPO XBHT BOE PQUJNJ[BUJPO |
BO *OUFM 9FPO 1MBUJOVN TESWFS XJUI TPDLFUT FBDI XJU
$16 DBDIF DPOWHVSBUJPOJT ,#-E #-1J #- BOE
JODMVEFTB 5#3".WJB Y (J# %%3 %*..T
"MHPSJWMNDPWFS UIF GPMMPXJOHNFY(RET7BMBOB %1 ( x
&"/I"< > )$//(< > ,(SBQb</(5<> %1(x BOEUXPWFSTJPOTPG 4
415"( #,5BOE 415"( ,%5 VTJOH#,5BOE, %5SFFT SFTQFDUJWFI
BOE-4)"1(% OFXUFDIOJRVFTOPUFWBMVBbYFR)® BOEMBURETU T
BSFFYDMVEFEEVFUP  TVCPQUINBOR)FIEN S NPEDIFBVMUJIFT SV
PYDJBM IJNQMFNFBBERBUTBFRIOKNPTU FYDJFOU QVCMJIJDMZ BWBJMB
GPS FBDI BMHPSJUIN MFWFSBHJOH NVMUJUISFBEJOH BOE 4*.9
8FBMTP DBSFGVMMZ JOTQFDUFEBMMDPEF CBTFTBOE BT JT DF
> EJTBCMFEUIFPQUJNJ[BUJPOTUIBUXPVME MFBEUPBOVOG
JO7BNBOBBOE- OPSNBMJ[FE &/DMJEFBO EJTUBODF JO /4( &"
PETFYDFQU&-1*4BOE)/48VTFBTJOHMFMJOFBSCVVFSBTBQS
JNQMFNFOUBUJPOT PG UIFTF UXP BMHPSJUINT XIJDITHFE UXP
NPEJWDBUJPOT UP FBDIDPEFCBTFBSFEPDVNFOUFE JO <
%BUBTBFUTF TFWFO SFBM XPSME EBUBTFUT GSPN WBSJPVT EP
CFEEJOHT DPNQVUFS WJTJPO OFVS®FBQRODAFO BBEOTFJTHIKAM
EJNFOTJPOBM WFDUPSTFYUSBDUFE GSPN UIF WOBMAIRZFST P
>DPOTJTUTPG CJMMJPO EJNFOTJPOBM 4*'5 WFDUPST SFC
4"-%< > QSPWJEFT OFVSPTDJFODF .3* EBUB XJUI NJMMJPO
AFJTNPODPOUBJOT NJMMJIPO EJNFOTJPOBM UJNF TFSJFTS
GSPN TFJTNJD TUBUJPSFI X PSAEXBPEFFSW CJMMJIPO EJNFOT
FNCFEEJOHT GSPN 4F 3FT/FYU BMPOH XJUI NJMMJPO %44.
NPEBM SFUSJFWBM VOERS45P NBIROUIBOTT WWIMMJIPO EJNFO
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using GIST descriptors [106] to capture spatial structure and color layout of images; and (vii)
ImageNet1M, a new dataset that we generated from the original ImageNet [121], producing em-
beddings of 1 million original vectors using the ResNet50 model [65], with PCA applied to reduce
dimensionality to 256. We select subsets of different sizes from the Sift, Deep, SALD and Seismic
datasets, and we refer to each subset with the name of the dataset followed by the subset size in
GBs (e.g., Deep25GB). We refer to the 1-million and 1-billion datasets with the 1M and 1B prefixes,
respectively. To evaluate the methods on datasets with different distributions, we generate three
random 25GB datasets RandPow0, RandPow5 and RandPow50, each with 256 dimensions, follow-
ing the power law distribution [104] using three power law exponents: 0 (uniform [117]), 5 and
50 (very skewed). The power law distribution models many real world phenomena (including in
economics, physics, social networks, etc.). It is a relationship of type Y = kX?, where Y and X
are variables of interest, a is the power law exponent and k is a constant. The skewness of a dataset
distribution increases with a. When a = 0, the dataset is evenly distributed.

Dataset Complexity. The complexity of the datasets in our experimental evaluation is assessed
using Local Intrinsic Dimensionality (LID) [5, 9] and Local Relative Contrast (LRC) [9, 64]. The LID
and LRC for a query point x are defined as follows:

L dist(a))
ist; (x
LID(z) = — (k > log W) (Eq. 5)

i=1

diStmean (x)
LRC(x) = dist, (7) (Eq. 6)
where dist;(x) is the Euclidean distance between point x and its i-th true nearest neighbor, & is
the number of nearest neighbors, and dist,,.,,, () is the average distance of z to all other points
in the dataset. LID represents the intrinsic dimensionality of the data (and can be significantly
lower than the original dimensionality of the data space): the lower the LID, the easier the search
is. LRC is an intuitive measure of separability of the nearest neighbor of a query from the rest of
the points in the dataset: the higher the LRC, the easier the search is. Figure 4 shows that the LID
and LRC results are consistent. The graphs were produced using a subset of 1M points randomly
sampled from each dataset, and k£ = 100. Note that the orange horizontal lines in Figures 4a and 4b
denote the mean LID and LRC values of each dataset, respectively. The Pow0, Pow5, Pow50, Seismic
and Text2Img datasets have the highest LID and lowest LRC values, indicating that they are hard
datasets for vector search [9]. Sift, Deep and ImageNet, on the other hand, are the easiest datasets
in our workload, with the lowest LID and highest LRC values.
Queries. Query sets include 100 vectors processed sequentially, not in batches, mimicking a real-
world scenario where queries are unpredictable [58, 59, 109]. Results with 1 million queries are
extrapolated from 100 query sets. For Deep, Sift, GIST, and Text-to-Image, queries are randomly
sampled from available query workloads. For SALD, ImageNet, and Seismic, 100 queries are ran-
domly selected from the datasets and excluded from the index-building phase.For hardness exper-
iments, we use Deep query vectors of varying complexity, denoted as a percentage ranging from
1% to 10%. These vectors were obtained by adding Gaussian noise (11 = 0, 02 ranging from 0.01
to 0.1) to randomly choose dataset vectors, with the percentage reflecting the o2 value [167]. The
100-query workloads for the power law distribution datasets are generated following the same
distributions using different seeds. Unless otherwise stated, all experiments were conducted with
10-NN queries per the standard in the community [2, 8, 126]. We use 100-NN queries to evaluate
dataset complexity because a higher k improves the estimation of LID and LRC (Egs. 5-6), and to
assess the different SS strategies because the higher the k the more overhead for seed selection.
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Fig. 4. Dataset Complexity

Measures. We measure the wall clock time and distance calculations for both indexing and query
answering. We also measure the accuracy of each k-NN query using Recall which quantifies the
fraction of the true nearest neighbors that the query S, successfully returns.

Procedure. We tune each method to achieve the best trade-offs in accuracy/efficiency. Then, we
carry experiments in two steps: indexing building and query answering, with caches cleared before
each step and kept warm during the same query workload. Methods were allowed at most 48
hours to build a single index. During timed experiments, the server was used exclusively to ensure
accurate measurements. For each query workload, we ran the experiment six times; we excluded
the two best and worst, and reported the mean of the remaining performances. For reproducibility,
all parametrization details are provided in [3].

4.2 Neighborhood Diversification

We now evaluate the ND strategies covered in Section 3, i.e., RND, RRND, and MOND against a
baseline without ND (NoND). We apply each strategy individually to an II-based graph, where each
node is inserted sequentially and linked with a pruned list of neighbors, determined via a beam
search with maximum out-degree R = 60 and beam width L = 800. Bi-directional edges are added
to neighbors, and the neighborhood list is pruned to size R using the same ND strategy. Graphs
are built on Deep and Sift (25GB, 100GB and 1B). For RRND and MOND, we run experiments with
different values of a (1 — 2) and 6 (50° — 80°), respectively, and use & = 1.3 and 6 = 60° because
they lead to the best performance. Then, we execute workloads with 100 queries against each
dataset, and measure the accuracy/efficiency tradeoff using the recall and the number of distance
calculations incurred during the search. The results in Figure 5 indicate that both RND and MOND
consistently outperform, followed by RRND. NoND is the worst performer overall. As the dataset
size increases, the performance gap between NoND and ND methods widens, particularly at high
Recall (Figures 5f, 5¢). This is due to the higher number of hops needed to find the answers and
the density of the neighborhoods in the NoND nodes since no pruning was applied. These results
indicate the key role played by the ND paradigm in improving query-answering performance and
the superiority of the RND and MOND strategies.

In Table 1, we report the pruning ratios of the three neighborhood ND methods on the Deep
and Sift 25GB datasets. The pruning ratio quantifies the percentage reduction in the size of the
candidate neighbor list before and after the diversification step. Higher pruning ratios indicate
more aggressive pruning, which directly affects the graph size and memory usage. RND achieves
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Fig. 5. ND methods performance on real-world datasets

RND MOND RRND

Deep 20% 2% 0.6%
Sift 25% 4% 0.7%

Table 1. Pruning ratios of ND methods on Deep and Sift datasets.

the highest pruning ratios, MOND provides moderate pruning, and RRND exhibits the least prun-
ing. As a result, RND leads to smaller graph sizes and reduced memory requirements, while RRND
creates larger graphs with higher memory usage.

4.3 Seed Selection

In these experiments, we focus on the four most common SS strategies for the beam search algo-
rithm: SN [11, 97], MD [54, 129], KS [35, 53, 86, 115, 129], and KD [29, 52, 102] (KM and LSH were
excluded because they are not among the commonly used seed selection strategies in graph-based
methods). We consider the baseline method SF which has not been used in the literature before. In
these experiments, we focus on the four most common SS strategies for the beam search algorithm:
SN [11,97], MD [54, 129], KS [35, 53, 86, 115, 129], and KD [29, 52, 102] (KM and LSH were excluded
because they are not among the commonly used seed selection strategies in graph-based methods).
We consider the baseline method SF which has not been used in the literature before. These strate-
gies are compared using the same insertion-based graph structure that exploits RND pruning since
this is the best baseline from the results in Section 4.2. We run 100 queries for each strategy on the
Deep and Sift datasets with sizes 25GB, 100GB, and 1B. We extrapolate the results to 1M queries
and report the number of distance calculations to achieve a 0.99 accuracy in Figure 6. We observe
that SN and KS are the most efficient strategies across all scenarios, while SF and MD are the least
efficient overall. The KD strategy is competitive on 25GB and 100GB Deep and Sift datasets but
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Fig. 6. The impact of SS Methods on query answering

its performance deteriorates on billion-scale datasets. KS outperforms SN on dataset sizes 25GB
and 100GB; however, this trend reverses with the 1B size dataset. The difference in distance calcu-
lations between SN and KS on the 25GB and 1B datasets is ~1M and ~10M, respectively. As the
dataset size increases, it becomes imperative to sample more nodes (beyond the beam width uti-
lized during search in KS) to obtain a representative sample of the dataset, thereby enhancing the
likelihood of initiating the search closer to the graph region where the query resides (SN adapts
its size logarithmically with the growth of the dataset, leading to a better representation of the
dataset). Figure 6 also illustrates that both MD and SF are among the least performing strategies,
with MD performing better than SF on Deep and vice-versa on Sift. This indicates neither MD nor
SF are effective and robust seed selection strategies.

We now study the effect of SS strategies on indexing performance. We focus on the two best
strategies KS and SN and study their effect on the same baseline based on II and RND [11, 29,
53, 54, 86, 97, 115, 129]. This is because these methods are the most impacted by the SS strategy
used, since they perform a beam search, which includes a seed selection step, at the insertion
of each node. We build an index using each strategy on DeeplM and Deep25GB and measure
distance calculations. We calculate the distance overhead of SN compared to KS, and we estimate
the number of additional 100-NN queries that the KS-based graph can answer, with 0.99 recall,
before the SN-based graph completes its construction. We observe (Table 2) that the SN-based
graph requires 182 million and 22.3 billion more distance calculations than the KS-based graph
on DeeplM and Deep25GB respectively. Furthermore, the KS-based graph can answer 45K and
1.17 million queries on Deep1M and Deep25GB respectively before the SN-based graph finishes
construction.

4.4 Indexing Performance

We evaluate twelve state-of-the-art vector search methods, varying dataset sizes and reporting
total indexing time and memory footprint. For brevity, we present results only for the Deep dataset
as trends are consistent across other datasets. Full results are in [3]. We use subsets of Deep ranging
from 1 million to 1 billion vectors (equivalent to 350GB). Indexes are built to allow a 0.99 recall
efficiently. Initial experiments on 1 million vectors include all methods. Methods that could not
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DeeplM  Deep25GB

Dist. Calculations (SN) 4.3 billion  1.49 trillion
Dist. Calculations (KS) 4.1 billion  1.46 trillion

Overhead (SN vs. KS) 182 million 22.3 billion
Additional Queries 44,959 1,165,870

Table 2. The impact of SS methods on Indexing Performance

scale to larger datasets are excluded from subsequent experiments. Specifically, HCNNG, SPTAG-
BKT, NGT, and SPTAG-KDT take over 24 hours to build indexes on 25GB datasets and exceed 48
hours on 100GB datasets. KGraph, DPG, EFANNA, and LSHAPG delivered unsatisfactory results
on 25GB, so they were not included in larger datasets.Furthermore, KGraph and EFANNA require
over 300GB and 1.4TB of RAM for 25GB and 100GB datasets, respectively. As DPG, NSG, and SSG
rely on KGraph and EFANNA, they were also excluded from larger datasets.

Indexing Time. Figure 7 demonstrates that II-based approaches have the lowest indexing time
across dataset sizes. In particular, the I and DC-based approach ELPIS, is 2.7x faster than HNSW
and 4x faster than NSG for both 1M and 25GB dataset sizes, while HNSW is 1.4x faster than NGT.
Note that NSG’s indexing time includes both the construction of its base graph, EFANNA, which is
time-intensive, and the refinement with NSG. SPTAG-BKT and SPTAG-KDT exhibit high indexing
times, requiring over 25 hours to index the Deep25GB dataset-24 times more than ELPIS, the fastest
method. This inefficiency in SPTAG arises from its design, which involves constructing multiple
TP Trees and graphs, becoming increasingly costly with larger datasets. On datasets with 100GB
and 1B vectors (=350GB), only HNSW, ELPIS, and Vamana scale with acceptable indexing time,
with ELPIS being 2 and 2.7 times faster than HNSW and Vamana, respectively.

Indexing Footprint. Figure 8 reports the memory footprint for each index, including the raw data.
To perform the evaluation, we record the peak virtual memory usage during construction'. SPTAG-
BKT and SPTAG-KDT demonstrate efficient memory utilization (1M and 25GB) despite having
the highest indexing time. For larger datasets, ELPIS has the lowest indexing memory footprint,
occupying up to 40% less memory than HNSW and 30% less than Vamana during indexing. This is
because ELPIS needs a smaller maximum out-degree and beam width compared to its competitors.
HNSW has a higher indexing memory footprint due to its use of a graph layout optimized for
direct access to node edges through a large contiguous block allocation [1]. This layout offers a
time advantage over adjacency lists by reducing memory indirections and cache misses. However,
it can result in quadratic memory growth when using a large maximum out-degree on large-scale
datasets. In Figure 9, we compare the size of method indices, including the raw data. The figure
shows that certain methods, such as EFANNA, HCNNG, KGraph, and consequently NSG, SSG, and
DPG (which use one of these base graphs), exhibit a significantly larger memory footprint relative
to their final index size. For instance, HCNNG consumes substantial memory during indexing,
requiring over 200GB for Deep25GB (Fig. 8) due to merging multiple MST from numerous samples
generated during hierarchical clusterings. In contrast, its final index size is less than 50GB (Fig. 9).

4.5 Search Performance

We now evaluate the search performance of the different methods. All methods were included
in the 1M experiments. Some methods were excluded in 25GB plots (KGraph, DPG, SPTAG-KDT,

IReadings are taken from the proc pseudo filesystem’s Virtual Memory Peak.
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HCNNG, and EFANNA) for the sake of clarity, as their search was significantly slower than the
best baselines. Full results are in [3]. Other methods were omitted from the 100GB and 1B dataset
sizes due to various limitations. The indexes for SPTAG and NGT could not be built on the larger
datasets within 48 hours. EFANNA was excluded due to its high footprint, and likewise for meth-
ods based on it such as NSG and SSG. Finally, KGraph, DPG, and LSHAPG were excluded due to
unsatisfactory results on 1M and 25GB.

Query Memory Footprint and Beam Width. Figure 10 indicates that Vamana, followed by
ELPIS, have the lowest memory footprint during search. Even though ELPIS has a smaller index
size, it adopts a contiguous memory storing during search, which increases the index footprint
when loaded into memory. Besides, Figure 11 shows that Elpis requires the smallest beam width
to reach similar query accuracy. Having a very high beam width indicates that the beam search
requires to visit a wider area to and making more distance calculations to retrieves the NN answers.
Real Datasets. On datasets with 1M vectors (Figure 12), ELPIS and NSG/SSG perform best on
Sift1M, achieving the highest performance for 0.99 and lower recall, respectively. For Seismic1M,
HCNNG and ELPIS share the top rank. NGT, SSG, and NSG excel on DeeplM, while HCNNG
leads on SALD1M at the highest recall, followed by SPTAG and NSG at lower recall levels. In Ima-
geNet1M, NSG/SSG and HNSW rank as the top performers. Across most scenarios, SSG and NSG
show similar performance. However, LSHAPG demonstrates limitations, requiring more compu-
tation to achieve high accuracy. Its probabilistic rooting prunes promising neighbors, requiring a
larger beam width and tighter L-bsf lower-bound distance during search.When moving to 25GB
datasets (Figure 13), SSG, NSG, NGT and HCNNG experience a drop in performance, and ELPIS
takes the lead with the best overall performance together with SPTAG-BKT for SALD25GB .It
is worth noting that none of the methods achieved an accuracy over 0.8 on the Seismic dataset,
leading us to report results for these lower recall values. The significant indexing footprint of
NSG prevented us from extending its evaluation to larger datasets, as constructing the EFANNA
graph (which NSG depends on) requires more memory than the available 1.4TB. For hard query
workloads in Figure 15 we compare the best-performing methods from the two most performing
graph paradigms, ND-based and DC-based methods, including HNSW, NSG, ELPIS and SPTAG-
BKT. SPTAG-BKT achieves the overall best performance for 1% noise query set, as we increase
the noise up to 10%, SPTAG-BKT’s performance deteriorates, which we can relate to SPTAG BKT
structures failing to identify good seed points. At the same time, the other competitors gain an
advantage, with ELPIS taking the lead. When analyzing very large datasets of 1 billion vectors,
Figure 16 shows the superiority of ELPIS which is up to an order of magnitude faster at achieving
0.95 accuracy, thanks to its design that supports multi-threading for single query answering This
trend is consistent across subsets ranging from 100GB (Figure 14) to 250GB (detailed results are
reported in [3]).
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