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Abstract
The increasing demand for faster and more scalable systems
for Approximate Nearest Neighbor (ANN) vector search has led,
in recent years, to the development of several novel methods
that achieve significantly faster query execution times. These
advances typically rely on parallel and distributed processing,
support for streaming and evolving data, and early termination
approaches, which have demonstrated state-of-the-art perfor-
mance for ANN vector search tasks. In this tutorial, we provide
a comprehensive review of recent advances in the field of vector
search along these directions, and we identify challenges and
open problems.
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1 Introduction
Approximate Nearest Neighbor (ANN) vector search is a funda-
mental component of a wide variety of modern tasks, including
applications of Retrieval Augmented Generation (RAG) [30], mul-
timedia databases [47], and recommendation systems [46], as it
enables fast approximate retrieval of the top-k nearest vectors to
a given query vector from a large collection of database vectors.
In recent years, we have witnessed a rapidly growing demand for
vector search, which has led to the development of purpose-built
vector search systems [44, 51, 53] and the integration of vec-
tor search capabilities into non-relational [35, 52] and relational
database systems [3, 13, 38].

To meet modern performance demands, vector search moves
beyond single-threaded execution. Parallel processing exploits
the capabilities of multi-core CPUs and GPUs by distributing the
computational workload, accelerating both index construction
and search response times [17, 18, 43]. In addition, distributed
systems become essential to provide the necessary storage ca-
pacity, computational throughput, and overall system resilience.
Cutting-edge solutions [16, 57, 63] implement advanced par-
titioning and data-locality strategies to maintain low latency
across billions of vectors. In the meantime, workloads can be
dynamic with continuous updates and evolving query distribu-
tions [24]. This challenges traditional ANN indexes that mostly
operate on static data, updates are not immediately searchable,
and changes in data distribution require effort to rebuild the
index from scratch. Recent work handles vector search as a
core streaming operation, enabling incremental indexing, pro-
gressive query answering, and adaptive query execution that
enable fast search and high recall under continuous changes
in the data distribution [33, 48, 54, 56, 60, 64]. Finally, several
novel solutions have demonstrated that early termination is
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a promising direction for achieving significantly faster vector
search [8, 10, 26, 31, 37, 60, 61], by controlling the termination
points of each query search individually, without relying on
predefined static search hyperparameters. Some recent studies
are exploring solutions that combine ideas from all these three
directions (i.e., parallel, streaming, and early termination) [37].

In this tutorial, we provide a comprehensive review of state-
of-the-art advancements for faster vector search through parallel
and distributed processing, novel search methods for stream-
ing and evolving workloads, and early termination approaches,
and identify directions for future research, open problems, and
challenges.
Target Audience and Expected Background. This tutorial is
designed to be suitable for both data management researchers and
practitioners interested in the domain of vector search. During
this tutorial, we cover the background information necessary to
follow the entire presentation, along with the technical details
of the presented approaches. Thus, both experts in the field and
interested newcomers will be able to follow the material.
Relation to Previous Tutorials. In ANN vector search, existing
tutorials have mainly focused on different types and taxonomies
of indexing methods [7, 45], while [12] provided a comprehensive
overview of filtered ANN vector search. This tutorial is comple-
mentary, presenting the most recent advancements in efficient
ANN vector search, with a particular focus on parallel and dis-
tributed approaches, streaming support, and early termination
methods, which have proven to be very promising in optimiz-
ing vector search performance. Finally, previous tutorials have
presented overviews of exact nearest neighbor search for data
series, a different type of high-dimensional vectors [19, 21].

2 Tutorial Scope
In this 1.5-hour tutorial, we cover recent advancements in data
management that enable highly efficient and faster vector search.
Below, we present a summary of the sections of the tutorial, along
with a brief outline of the contents of each section.
(1) Vector Search Basics (Themis Palpanas, 10 min)

• Introduction and motivation for vector search.
• Background and preliminaries.
• Connections to data series similarity search solutions.

(2) Parallel and Distributed Vector Search (Francesca Del
Gaudio, 20 min)
• Motivation and setup.
• Parallel processing approaches.
• Distributed processing approaches.

(3) Streaming Vector Search (Sophia Sideri, 20 min)
• Vector search challenges with evolving data.
• Approaches for streaming vector search.
• Open problems and future directions.

(4) Early Termination (Manos Chatzakis, 20 min)
• Motivation and gains of early termination.
• Challenges of hyperparameter tuning.
• Review of early termination methods.
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(5) Concluding Remarks (Manos Chatzakis, 10 min)
• Remarks on quality evaluation.
• Future directions and challenges.

2.1 Vector Search Basics
The tutorial introduces the problem of vector search and demon-
strates the numerous applications in which vector search serves
as a backbone element. Then, it presents the essential information
related to indexing with different types of structures [18, 27, 34],
as well as quantization techniques [22, 28]. Additionally, it intro-
duces some key research advancements from the field of exact
nearest neighbor data series search [39], and it connects the
solutions the data series community developed for similar prob-
lems to vector search, including parallel and distributed process-
ing [9, 41, 58], streaming [29], and early termination [20, 23].

2.2 Parallel and Distributed Vector Search
In this part, we motivate the need for parallel and distributed pro-
cessing to accelerate vector search. We highlight the limitations
of standalone approaches and provide an overview of existing
parallel and distributed solutions, summarized in Table 1.

We begin by presenting methods for parallel query process-
ing in vector search, exploring the spectrum of intra-query and
inter-query parallelism, as well as approaches that combine both.
These include graph-based ANN approaches that exploit intra-
query parallelism during search [5, 43] and frameworks that
focus on scalable parallel index construction and execution [17].
Furthermore, we discuss GPU-accelerated systems, which lever-
age massive hardware parallelism to improve query throughput,
parallelizing distance computations and top-k selection [18, 32].
We also examine recent adaptive ANN approaches, which com-
bine parallel processing with query-specific optimizations, by an
indexing scheme that adjusts to dynamic query distribution [37].

We then present different distributed processing techniques
for vector search, explain how they can be combined with paral-
lel processing, and discuss how they generalize across different
index types. These include approaches based on hierarchical data
partitioning and routing [1, 16], as well as systems that distrib-
ute ANN processing across nodes while combining local parallel
search with coordination mechanisms, [14, 57]. We further dis-
cuss recent distributed approaches that integrate cooperative and
adaptive search strategies to improve scalability and robustness
under large-scale and heterogeneous workloads [63]. We also
highlight how early termination is widely adopted in distributed
vector search, and how approaches differ in the degree of commu-
nication and synchronization required, from global coordination
to local pruning [55, 61].

We conclude this part by summarizing open problems and
future directions in parallel and distributed processing, and by
discussing open research challenges.

2.3 Streaming
In the following part, we shift our focus to vector search in
dynamic and streaming environments, where data collections
and query workloads evolve and change over time.

Table 2 summarizes the approaches of interest and their key
features, including information about the index type, and the
hardware used for query processing. We distinguish whether up-
dates are served in batches or incrementally, and for incremental
updates, whether the index is modified in-place [36, 50, 54, 56, 62]

Method Index Storage Hardware Optimization Target Execution
iQAN [43] k-NN Graph In-memory CPU Latency Parallel

ParlayANN [17] k-NN Graph In-memory CPU Throughput Parallel
Quake [37] IVF In-memory CPU Latency Parallel
ELPIS [5] Tree / k-NN Graph In-memory CPU Recall/Throughput Parallel
FAISS [18] IVF In-memory GPU Throughput Parallel

DistributedANN [1] k-NN Graph Both CPU Latency + Throughput Distributed
Pyramid [16] k-NN Graph In-memory CPU Throughput Distributed
BatANN [14] k-NN Graph On-Disk CPU Throughput Distributed

Spire [57] k-NN Graph Both CPU Throughput Both
CoTra [63] k-NN Graph In-memory CPU Latency + Throughput Distributed
Tagore [32] k-NN Graph Both GPU Index Construction Parallel
Auncel [61] IVF In-memory CPU Latency Distributed

Harmony [55] IVF In-memory CPU Throughput Both

Table 1: Parallel and distributed approaches.

Method Index Type Hardware Incremental Updates Execution
FreshDiskANN [48] k-NN Graph CPU I, D, U batched parallel

SPFresh* [56] k-NN Graph CPU I, D, U in-place parallel
CleANN [62] k-NN Graph CPU I, D, U in-place parallel

IP-DiskANN [54] k-NN Graph CPU I, D, U in-place parallel
DEG [25] K-NN Graph CPU I batched parallel
SVS [2] k-NN Graph CPU - batched parallel

Ada-IVF* [36] IVF CPU I, D, U in-place parallel
VStream [24] IVF CPU I, D, U out-of-place both
Quake* [37] IVF CPU I batched parallel

VectraFlow [33] OPList CPU I batched parallel
RTAMS-GANNS [50] IVF GPU I in-place parallel

Table 2: Streaming approaches; we list the characteristics
of the Insert (I), Delete (D), and Update (U) operations.

Method Index Dist. Meas. Training Tuning Termination
LAET [31] k-nn Graph / IVF any ✓ ✓ when neighbors foundPatienceEE [8] IVF any ✓

SPANN [11] IVF any ✓ based on thresholdsConANN [26] IVF any ✓
Auncel [61] IVF any ✓

based on target recallQuake [37] IVF any
DARTH [10] k-nn Graph / IVF any ✓
Ada-ef [60] k-nn Graph inner product

Table 3: Early termination methods in vector search.

(i.e., the state of the index immediately reflects the new state), out-
of-place [24] (i.e., the modifications are first marked in the index
and materialized at a later point) or in batches [2, 33, 37, 48]. The
approaches that partially rebuild the index [37, 56] are indicated
by an asterisk; the last column shows if the approach supports
parallel or distributed execution.

In this part of the tutorial, we motivate the need for streaming-
aware vector search by discussing how modern systems work
with frequent insertions, deletions, and updates, as well as exam-
ining why traditional ANN indexes, designed for static data and
offline index construction, struggle in such conditions [24, 33, 60].
We then present the main goals of a streaming vector search sys-
tem, namely, supporting low-latency and high-recall queries,
enabling updates on vectors to become immediately searchable,
and avoiding expensive re-builds of the index [24, 62]. Based on
these goals, we describe solutions that support incremental and
in-place index updates [36, 50, 54, 56, 62]. We further explore
extensions of streaming vector search, including dynamic and
adaptive query execution techniques, indexing compression [2],
and integration with stream processing [33, 37, 42].

Finally, we conclude by outlining open key challenges re-
lated to update efficiency, recall preservation, and consistency in
streaming scenarios.

2.4 Early Termination
Early termination approaches have emerged as a promising di-
rection for performance optimization in ANN vector search. This
family of methods achieves better performance than vector search
approaches that focus on hyperparameter tuning to obtain good
average performance for a query workload [15, 49, 59]. The main
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reason is that early termination is based on dynamic query sig-
nals, which improve the search of each query individually.

In this part of the tutorial, we cover the most recent advance-
ments in early termination, presenting a wide variety of methods
with different components and characteristics. We describe meth-
ods that early terminate the search once all the nearest neighbors
of a query have been found (LAET [31], PatienceEE [8]), meth-
ods that terminate using predefined thresholds (SPANN [11],
ConANN [26]), and methods that early terminate based on user-
defined declarative recall targets (Auncel [61], Quake [37], Ada-
ef [60], DARTH [10]). These methods, along with their main char-
acteristics, are summarized in Table 3. Note that all the above
methods are agnostic to the distance measure used by the index,
except for Ada-ef [60], which only works for the inner product
distance measure. We also discuss future promising research
directions and open challenges for early termination.

2.5 Concluding Remarks
The final part of this tutorial provides directions for assessing
the quality of vector search results. Current vector search bench-
marks evaluate the average recall over a query workload [4, 6].
However, previous works [10, 40] demonstrated that fully assess-
ing the result quality of a vector search algorithm should involve
additional measures, such as the Ratio of Queries Under the recall
Target (RQUT) [10], the Relative Distance Error (RDE) [40], recall
distributions [10] and recall percentiles [10, 60].

We conclude the tutorial by summarizing recent research
trends in ANN vector search, and summarizing the key chal-
lenges and open research directions.
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