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High-dimensional vectors have become a fundamental data representation in modern applications, such as information retrieval and
large language model systems, making vector databases and their query processing an essential research area. While approximate
nearest neighbor search has long been the central primitive, modern vector workloads increasingly involve richer query types,
including filtered similarity search, multi-vector similarity search, and similarity join. These developments substantially expand
the design space of vector query processing and make it harder to obtain a clear and structured view of existing techniques. This
survey presents a comprehensive review of query processing in vector databases. We first formalize four query types: similarity
search, filtered similarity search, multi-vector similarity search, and similarity join. We then organize existing studies under a unified
taxonomy. In particular, we review proximity graphs and quantizations, the two state-of-the-art approaches for similarity search,
together with related directions such as distance computation, hard-query processing, and secure search. We further summarize
universal and dedicated approaches for filtered similarity search, different methods for multi-vector similarity search, and both exact
and approximate algorithms for similarity join. Through this survey, we provide a structured view of current approaches, highlight
their connections and differences, and discuss open challenges and future directions.

CCS Concepts: • Information systems→ Information retrieval query processing.

Additional Key Words and Phrases: High-Dimensional Vector, Vector Database, Similarity Search, Similarity Join

ACM Reference Format:
Jiadong Xie, Yingfan Liu, and Jeffrey Xu Yu. 2026. A Survey on Query Processing in Vector Databases. 1, 1 (April 2026), 35 pages.
https://doi.org/XXXXXXX.XXXXXXX

1 Introduction

In the era of big data and AI, high-dimensional vectors have become a fundamental representation for modern
applications. A wide range of data objects, such as texts [114], images [121], audio [14], and graphs [53], are increasingly
represented as dense or sparse vectors produced by embedding models. As a result, managing and querying vector data
has become a core functionality in many emerging systems, including information retrieval [103], and recommendation
systems [116]. More recently, the rapid development of retrieval-augmented generation (RAG) [57, 86], large language
model (LLM) powered data processing [61, 126], and agentic systems [30, 193] has further strengthened this trend. These
new embedding settings make vector databases no longer used only for similarity search. Beyond similarity search,
they increasingly need to support a broader spectrum of query types and workloads required by these applications.
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Among the supported queries in vector databases, similarity search has long been the central primitive. Given a query
vector, it aims to retrieve the most similar vectors under metrics such as Euclidean distance, inner product, and cosine
similarity. Its approximate variant, i.e., approximate nearest neighbor (ANN) search, has been extensively studied because
it can substantially reduce query latency with slight accuracy loss. Indeed, recent similarity search research has led to a
rich collection of effective techniques, especially proximity graphs [41, 110, 128, 170] and quantizations [45, 47, 72],
together with many advances in reducing indexing and search cost [181, 200], supporting dynamic maintenance [75, 176],
accelerating distance computation [29, 143], handling hard or out-of-distribution queries [22, 63], and enabling secure
search [104, 137]. However, as vector databases are increasingly adopted in real-world applications, user demands
have quickly moved beyond classical ANN search. Practical workloads often require retrieval to be combined with
structured predicates, multiple vector representations, or large-scale matching across datasets; such needs are also
increasingly reflected in real-world datasets and benchmark workloads, especially mixed and hybrid query workloads.
For example, filtered similarity search must jointly consider vector similarity and predicate satisfaction [127, 171, 195];
multi-vector similarity search must support multiple dense or sparse vector representations and richer matching
semantics [26, 153, 168, 184]. These recent developments make query processing in vector databases substantially more
complex. On the one hand, the method space has expanded rapidly: even within a single query type, multiple index
structures, pruning strategies, search paradigms, and system optimizations have been proposed, with related studies
emerging from multiple research communities. On the other hand, the boundaries between different query types are
becoming increasingly blurred in practice. For instance, recent studies have already begun to unify retrieval with and
without predicates [171], dense, sparse and text hybrid search [96]. As a result, obtaining a clear and structured view of
the algorithmic landscape has become increasingly difficult.

To address this issue, this survey presents a comprehensive review of query processing techniques in vector databases.
We organize existing studies according to four query types that have been widely studied in the literature: similarity
search, filtered similarity search, multi-vector similarity search, and similarity join. Fig. 1 provides an overview of the
method landscape covered in this survey and summarizes the major categories that will be discussed in the subsequent
sections. For similarity search, we review both proximity graph based and quantization based approaches, as well
as related directions such as distance computation acceleration, hard-query processing, and secure similarity search.
For filtered similarity search, we summarize universal and dedicated index approaches for categorical, numerical,
interval, and timestamp predicates. For multi-vector similarity search, we discuss one-to-one, one-to-many, all/any,
and dense-sparse combined settings. For similarity join, we cover both exact and approximate methods, including
selection-based and reuse-aware approaches. Through this taxonomy, we aim to provide a unified view of a rapidly
expanding research area and clarify the connections and differences among these lines of work.

Compared with prior surveys, our focus is not on vector database systems as a whole, which have mainly been
reviewed from the perspectives of system architecture, and system challenges [58, 124, 125, 144], or on ANN search in
isolation [93, 149, 158, 161], filtered ANN search in isolation [92, 99, 205], and the interplay between vector databases
and LLM-based applications [77], but specifically on query processing on different query types in vector databases.
This perspective allows us to place a broad range of recent techniques under a common framework and to analyze
how different query types give rise to different indexing, search, maintenance, and optimization strategies. At the same
time, it also highlights several emerging directions that are not yet fully captured by existing taxonomies, such as
unified query processing frameworks, theory-aware evaluation, and new workloads brought by RAG, LLMs, and agentic
systems. We aim to present this survey as a useful reference for researchers and practitioners seeking a systematic
understanding of the current landscape and future directions of vector query processing.
Manuscript submitted to ACM
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Proximity Graph

Index Design and Search Algorithms
NN-Descent [1], KGraph [32], EFANNA [39], SPTAG [23], DPG [93], HNSW [110], FANNG [59],
MRNG/NSG [41], SSG [40], Vamana/DiskANN [71], IEH [76], 𝜏-MG/𝜏-MNG [128], NSW [109],
𝛼-CG/𝛼-CNG [87], LMG/ALMG [170], FastHNSW [181], NGT [67], HCNNG [119], CSPG [177]

Reducing Indexing and Search Cost

DiskANN [71], FreshDiskANN [141], XN-Graph [191], BAMG [91], Starling [157], PageANN [80],
Gorgeous [183], PipeANN [55], VeloANN [198], CXL-ANNS [70], SONG [199], DGAI [105],
Second-tier Memory [27], GGNN [52], GANNS [187], CAGRA [123], Tagore [95], FastPG [181],
ParlayANN [111], Flash [156], RNN-Descent [122], LSH-APG [200], DST [74], P. Routing [106],
LAET [88], DARTH [20]

Index Maintenance ADBV [165, 189], Milvus [153], SimJoin [169], NSW [109], HNSW [110], FreshDiskANN [141], IP-DiskANN [173],
Wolverine++ [100], PRO-HNSW [75]

Parameter Tuning Grid Search [98], Random Search [13], VDTuner [182], PGTuner [34], FastPGT [204]

Quantization

Scalar Quantization SQ4/SQ8 [33], LVQ [2], RaBitQ [47], RaBitQ+ [45], SAQ [89]

Product Quantization PQ [72], FastScan [4], OPQ [48], LOPQ [78], ScaNN [56], JPQ [190], UNQ [117], LSQ [112], AQ [8], TQ [10]

Combinations with Indexes IVFPQ [72], IMI [9], IVF-HNSW [11], DiskANN [71], SLB [102], SVS [2], SymphonyQG [51], IVF-RaBitQ [138]

Distance Computation
Approximate Computation Product Quantization [56, 72], Quicker ADC [3, 4], Hashing-based Methods [154]

Pruning-Based Computation Lower-bound Pruning [102], ADSampling [46], DADE [29], BSA [179], Tribase [174], TRIM [143]

Hard and Out-of-Distribution Queries
Query Hardness LID [6], QE [6], LRC [6], Steiner-hardness [162], Escape Hardness [63]

Query Processing RobustVamana [69], RoarGraph [22], NGFix [63]

Secure Search
Privacy-Preserving AES/DES [142], HE [54, 201], AME [202], ASPE [166, 197, 206], DCPE [42], DCE [104], PACMANN [203]

Federated Secure FedKNN [196], FedSQ [207], FedVSE [36], FedVS [37]
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Universal Index Approaches Milvus [153], ADBV [165, 189], VBASE [195], ACORN [127], NaviX [136], NHQ [155], UniFilter [171], SIEVE [94]

Dedicated Index Approaches

Categorical Filter Filtered-DiskANN [50], UNG [19], ELI [180], VecFlow [167]

Numerical Filter

Range SeRF [208], iRangeGraph [175], DIGRA [73], WoW [164], RangePQ [192], UNIFY [97],
SuperPostfiltering [35], Dynamic Range-Filtering ANNS [130]

Interval Hi-PNG [178]

Timestamp TSANN [159]
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Multi-Dense One-to-One Milvus [153], VBASE [195], DEG [184], FCVI [60]

Multi-Dense One-to-Many MUVERA [31], PLAID [134], ColBERTv2 [135], EMVB [120], IGP [15], GEM [148]

One-Modality Multi-Vector RadiusSearch/RadiusSearch+ [168]

Dense-Sparse Combined AdaptiveSearch [194], Allan-Poe [96], OneSparse [26]

Si
m
ila
rit
y
Jo
in Approximate Similarity Join

Selection-Based Hu et al. [62], Yu et al. [186], C2Net [90], Yuan et al. [188], MRS-join [132], HSJ [133], VBASE [195],
Aumüller and Ceccarello [7], XJoin [160]

Reuse-Aware SimJoin [169], ES+MI+Adapt [83]

Exact Similarity Join Brinkhoff et al. [18], Jacox and Samet [68], Ukey et al. [150–152], EGO [16], Super-EGO [79], FGF-Hilbert [131], DiskJoin [25]

Fig. 1. A taxonomy of approaches for query processing in vector databases

The remainder of this survey is organized as follows. Section 2 introduces preliminaries and formalizes the four
query types considered in this paper. Sections 3-6 review techniques for similarity search, filtered similarity search,
multi-vector similarity search, and similarity join, respectively. Section 7 discusses future directions and open challenges,
and Section 8 concludes the survey.

2 Preliminaries

In this paper, we focus on four query types that are widely studied in vector databases: similarity search, filtered
similarity search, multi-vector similarity search, and similarity join. In this section, we first formalize these queries and
present their definitions in the context of vector databases.
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Given a size-𝑛 object set 𝑂 , each object 𝑜𝑖 ∈ 𝑂 is represented as a 𝑑-dimensional vector and stored in a vector
database. We denote the collection of stored vectors as a dataset 𝐷 ⊆ R𝑑 , where |𝐷 | = 𝑛.
Distance/Similarity Metrics: For any two vectors 𝑢, 𝑣 ∈ 𝐷 , we denote their distance (or similarity) by 𝛿 (𝑢, 𝑣), which
can be instantiated by different metrics. The most commonly used measures include Euclidean distance (𝐿2 norm), inner
product, and cosine distance. Specifically, for two 𝑑-dimensional vectors 𝑢 = (𝑢1 𝑢2 · · ·𝑢𝑑 ) and 𝑣 = (𝑣1 𝑣2 · · · 𝑣𝑑 ): (1) the
Euclidean distance between them is 𝛿ℓ2 (𝑢, 𝑣) = ∥𝑢 − 𝑣 ∥2 =

√︃∑𝑑
𝑗=1 (𝑢 𝑗 − 𝑣 𝑗 )2; (2) the inner product between them

is 𝛿ip (𝑢, 𝑣) = ⟨𝑢, 𝑣⟩ =
∑𝑑

𝑗=1 𝑢 𝑗𝑣 𝑗 ; (3) the cosine distance between them is 𝛿cos (𝑢, 𝑣) = 1 − ⟨𝑢, 𝑣⟩/(∥𝑢∥2 ∥𝑣 ∥2), where

∥𝑢∥2 =

√︃∑𝑑
𝑗=1 𝑢

2
𝑗
. Note that the inner product is a similarity measure (larger is better), whereas cosine and Euclidean

are distance measures (smaller is better). For simplicity, unless otherwise specified, we use 𝛿 (𝑢, 𝑣) to denote the distance
between two vectors 𝑢 and 𝑣 , and assume that smaller values indicate higher similarity.

2.1 Similarity Search

Similarity search in vector databases refers to nearest neighbor (NN) search.
NN/𝑘-NN: Given a dataset 𝐷 ⊆ R𝑑 with |𝐷 | = 𝑛 vectors and a query vector 𝑞 ∈ R𝑑 , NN search aims to find the vector
𝑝★ ∈ 𝐷 closest to 𝑞, i.e., 𝑝★ = arg min𝑥∈𝐷 𝛿 (𝑥, 𝑞) . This naturally extends to 𝑘-NN search, which returns the 𝑘 vectors in
𝐷 with the smallest distances to 𝑞.

Exact NN search is often costly in high dimensions and may require scanning a large fraction of the dataset due to
the curse of dimensionality [66]. Therefore, similarity search in modern vector databases typically refers to approximate

nearest neighbor (ANN) search.
ANN/𝑘-ANN:ANN search aims to retrieve vectors that are sufficiently close to 𝑞 while substantially reducing query cost.
The 𝑘-ANN variant returns a size-𝑘 result set 𝑅 = {𝑝1, . . . , 𝑝𝑘 } ⊆ 𝐷 that approximates the exact 𝑘 nearest neighbors.

For modeling and evaluation, we use recall to quantify the approximation quality. For a query vector 𝑞, let 𝑃 denote the
set of exact 𝑘 nearest neighbors of 𝑞 in 𝐷 . Given a retrieved set 𝑅 ⊆ 𝐷 , the recall is defined as recall@𝑘 (𝑅) = |𝑃 ∩ 𝑅 |/𝑘 .

2.2 Filtered Similarity Search

Filtered similarity search assumes that each object stored in a vector database is associated not only with a vector
representation, but also with (one or more) attributes. Formally, each object 𝑜𝑖 ∈ 𝑂 is represented as a pair (𝑣𝑖 , 𝑎𝑖 ), where
𝑣𝑖 ∈ R𝑑 is a 𝑑-dimensional vector and 𝑎𝑖 denotes its attribute(s). A filtered similarity search query likewise consists
of two components: a query vector 𝑣𝑞 ∈ R𝑑 and an attribute predicate 𝑝𝑞 . Let 𝑂𝑝𝑞 = { 𝑜𝑖 ∈ 𝑂 | 𝑝𝑞 (𝑎𝑖 ) is true } ⊆ 𝑂
denote the subset of objects whose attributes satisfy 𝑝𝑞 . Filtered similarity search aims to perform (approximate)
similarity search over the vectors of objects in 𝑂𝑝𝑞 with respect to 𝑣𝑞 , i.e., it aims to return the 𝑘-ANN of 𝑣𝑞 from the
set {𝑣𝑖 | 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) ∈ 𝑂𝑝𝑞 }. We use 𝑆𝑒𝑙 (𝑝𝑞) to denote the selectivity of 𝑝𝑞 , i.e., the fraction of objects that satisfy the
predicate 𝑝𝑞 , such that 𝑆𝑒𝑙 (𝑝𝑞) = |O𝑝𝑞 |/|O|. In the literature, beyond works that treat 𝑝𝑞 abstractly without committing
to a specific predicate form, attributes are commonly modeled as either numerical or categorical.
Numerical Attributes: Let 𝐴𝑁 denote a numerical domain. For each object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ), the attribute 𝑎𝑖 can be either
(i) a single value 𝑎𝑖 ∈ 𝐴𝑁 or (ii) an closed interval 𝑎𝑖 ⊆ 𝐴𝑁 , i.e., 𝑎𝑖 = [𝑙𝑖 , 𝑟𝑖 ], where 𝑙𝑖 ≤ 𝑟𝑖 and 𝑙𝑖 , 𝑟𝑖 ∈ 𝐴𝑁 .

A filtered query specifies, in addition to the query vector 𝑣𝑞 , a constraint 𝑐𝑞 over𝐴𝑁 , which induces a predicate 𝑝𝑞 (·) on
attributes.We next define several studied variants on numerical attributes. (1) Range-Filtered ANN (RFANN) [73, 175, 208]:
In RFANN, each attribute is a single value 𝑎𝑖 ∈ 𝐴𝑁 , while the query constraint is a numerical range 𝑐𝑞 ⊆ 𝐴𝑁 . An
object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) satisfies the filter if 𝑎𝑖 is included in the interval of query constraint, i.e., 𝑝𝑞 (𝑎𝑖 ) =

[
𝑎𝑖 ∈ 𝑐𝑞

]
.
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(2) Interval-Filtered ANN (IFANN) [178]: In IFANN, each attribute is an interval 𝑎𝑖 ⊆ 𝐴𝑁 , and the query constraint
is also a numerical range 𝑐𝑞 ⊆ 𝐴𝑁 . An object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) satisfies the filter if its interval is contained in the query
range, i.e., 𝑝𝑞 (𝑎𝑖 ) =

[
𝑎𝑖 ⊆ 𝑐𝑞

]
. (3) Timestamp-Filtered ANN (TFANN) [159]: In TFANN, each attribute is a time interval

𝑎𝑖 ⊆ 𝐴𝑁 (where 𝐴𝑁 represents a time interval), and the query constraint is a single timestamp 𝑐𝑞 ∈ 𝐴𝑁 . An object
𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) satisfies the filter if the timestamp falls within the interval, i.e., 𝑝𝑞 (𝑎𝑖 ) =

[
𝑐𝑞 ∈ 𝑎𝑖

]
.

Categorical Attributes: Let 𝐴𝐶 denote a categorical domain. For each object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ), the attribute is a set of labels
𝑎𝑖 = { ℓ1, ℓ2, . . . , ℓ|𝑎𝑖 | }, where ℓ𝑗 ∈ 𝐴𝐶 . A query specifies a constraint set 𝑐𝑞 ⊆ 𝐴𝐶 (e.g., a list of required labels), which
induces the predicate 𝑝𝑞 (·). The existing studies on categorical attributes assume 𝑜𝑖 satisfies the predicate if it contains
all required labels, i.e., 𝑝𝑞 (𝑎𝑖 ) =

[
𝑐𝑞 ⊆ 𝑎𝑖

]
.

2.3 Multi-Vector Similarity Search

In multi-vector similarity search, queries can be categorized into two classes depending on whether each object is
associated with a single vector or multiple vectors.
Multi-Vector Objects: This setting assumes that each object 𝑜𝑖 ∈ 𝑂 is associated with multiple vectors. Existing
studies mainly consider two variants. (1) One-to-One Vector Matching [153, 184, 195]: Each object is represented as
𝑜𝑖 = (𝑣𝑖,1, 𝑣𝑖,2, . . . , 𝑣𝑖,𝑚), and the vectors 𝑣𝑖,1, . . . , 𝑣𝑖,𝑚 may lie in different embedding spaces and thus may have different
dimensionalities (e.g., produced by different embedding models). A query is similarly specified as 𝑞 = (𝑞1, 𝑞2, . . . , 𝑞𝑚),
and the query distance (or similarity) is defined by aggregating per-field distances between corresponding vector pairs
(𝑣𝑖, 𝑗 , 𝑞 𝑗 ) for 𝑗 ∈ {1, . . . ,𝑚}, e.g., a weighted sum dist(𝑜𝑖 , 𝑞) =

∑𝑚
𝑗=1𝑤 𝑗 𝛿 𝑗 (𝑣𝑖, 𝑗 , 𝑞 𝑗 ), where 𝛿 𝑗 (·, ·) denotes the distance

(or similarity) measure used in the 𝑗-th vector space and 𝑤 𝑗 is an optional weight. The goal is to return the top-𝑘
objects with the smallest (or largest) aggregated value1, depending on whether distances or similarities are used. A
special case in this variant is hybrid search [26], where some of the vectors are a sparse vector (e.g., BM25-style
term-weight vectors), while the others are dense vectors produced by embedding models. Dense vectors are effective
at capturing semantic similarity, whereas sparse vectors are well-suited for lexical or keyword matching. Sparse
vectors typically have very high dimensionality (often on the order of the vocabulary size) and are therefore mostly
zero. (2) One-to-Many Vector Matching [15, 31]: Each object is represented as a set of vectors 𝑜𝑖 = {𝑣𝑖,1, 𝑣𝑖,2, . . . , 𝑣𝑖,𝑚𝑖

},
where 𝑚𝑖 may vary across objects, and each 𝑣𝑖, 𝑗 ∈ R𝑑 is a embedding. Similarly, a query is represented as 𝑞 =

{𝑞1, 𝑞2, . . . , 𝑞𝑡 }, where each 𝑞ℓ ∈ R𝑑 . Unlike one-to-one matching, the vectors in 𝑜𝑖 and 𝑞 are not pre-aligned. Instead, the
relevance is computed by fine-grained interactions between the two vector sets. A common formulation is score(𝑜𝑖 , 𝑞) =∑𝑡

ℓ=1 max1≤ 𝑗≤𝑚𝑖
𝑠 (𝑞ℓ , 𝑣𝑖, 𝑗 ), where 𝑠 (·, ·) is a similarity function, e.g., inner product. That is, each query vector 𝑞ℓ is

matched to its best counterpart in the object, and the final score is obtained by aggregating these best-match similarities.
The goal is to return the top-𝑘 objects with the largest scores.
Single-Vector Objects: In this setting, each object is represented by a single vector 𝑣𝑖 ∈ 𝐷 , but the query contains
multiple vectors 𝑞 = [𝑞1, . . . , 𝑞𝑚]. Two representative semantics are all and any, depending on whether the result
must be close to all query vectors or to at least one of them. (1) All-𝑘 NN [168]: Given a dataset 𝐷 and a query
𝑞 = [𝑞1, . . . , 𝑞𝑚], define R∀𝑟 =

⋂𝑚
𝑖=1{𝑢 ∈ 𝐷 | 𝛿 (𝑢, 𝑞𝑖 ) ≤ 𝑟 }. Let 𝑟★ = min{ 𝑟 | |R∀𝑟 | ≥ 𝑘 }. The all-𝑘 NN result is then R∀

𝑟★
.

(2) Any-𝑘 NN [168]: Given a dataset 𝐷 and a query 𝑞 = [𝑞1, . . . , 𝑞𝑚], define R∃𝑟 =
⋃𝑚

𝑖=1{𝑢 ∈ 𝐷 | 𝛿 (𝑢, 𝑞𝑖 ) ≤ 𝑟 }, and let
𝑟★ = min{ 𝑟 | |R∃𝑟 | ≥ 𝑘 }. The any-𝑘 NN result is R∃

𝑟★
. Both queries can be extended to their approximate counterparts,

i.e., all/any-𝑘 ANN. As in ANN evaluation, recall (e.g., recall@𝑘) is commonly used to quantify approximation quality.

1If 𝛿 𝑗 is a similarity (e.g., inner product), the objective becomes maximizing the aggregated score rather than minimizing dist( ·, · ) .
Manuscript submitted to ACM
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2.4 Similarity Join

There are two types of similarity join in vector databases: 𝜖-similarity join and 𝑘-similarity join.
𝜖-Similarity Join: Given two sets of vectors, 𝑋 = {𝑥1, 𝑥2, · · · , 𝑥𝑛} and 𝑌 = {𝑦1, 𝑦2, · · · , 𝑦𝑚}, in R𝑑 , for 𝑑 > 0, the
𝜖-similarity join 𝑋 Z𝜖 𝑌 is defined as 𝑋 Z𝜖 𝑌 = {(𝑥𝑘 , 𝑦𝑙 ) ∈ 𝑋 ×𝑌 | 𝛿 (𝑥𝑘 , 𝑦𝑙 ) ≤ 𝜖}, where 𝛿 (𝑥𝑘 , 𝑦𝑙 ) is the distance metric,
e.g., Euclidean distance, between 𝑥𝑘 ∈ 𝑋 and 𝑦𝑙 ∈ 𝑌 , and 𝜖 is a user-given threshold where 𝜖 > 0. When two given
datasets are identical, we refer to the 𝜖-similarity join as 𝜖-similarity self-join.
𝑘-Similarity Join: The 𝑘-similarity join 𝑋 Z𝑘 𝑌 between two 𝑑-dimensional dataset 𝑋 and 𝑌 is defined as 𝑋 Z𝑘 𝑌 ≜

{(𝑥𝑖 , 𝑦 𝑗 ) ∈ 𝑋 × 𝑌 | 𝑦 𝑗 ∈ 𝑇𝑜𝑝𝐾 (𝑥𝑖 )}, where 𝑇𝑜𝑝𝐾 (𝑥𝑖 ) is the set of top-𝑘 nearest neighbors of 𝑥𝑖 in 𝑌 . When two given
datasets are identical, we refer to the 𝑘-similarity join as 𝑘-similarity self-join.

3 Similarity Search

Similarity search aims to find the 𝑘-approximate nearest neighbors of a query vector 𝑞 from a dataset 𝐷 . According
to recent studies [5, 88, 93, 158], among the various types of approaches for similarity search, such as hashing-based
methods [44, 65, 101, 107, 145, 146], tree-based methods [12, 82, 118, 140], and others, the state-of-the-art methods
are mainly proximity graph-based and quantization-based approaches. Therefore, in this paper, and in this section in
particular, we focus on these two types of approaches.

Beyond these two categories, this section also summarizes three related directions in similarity search: (1) approaches
for accelerating distance computation, which can be utilized in both proximity graph-based and quantization-based
methods; (2) approaches for addressing hard or out-of-distribution queries, for which it is difficult to find high-quality
𝑘-ANN results; and (3) secure 𝑘-ANN search, which supports similarity search while preserving privacy.

3.1 Proximity Graph Based Approaches

A proximity graph (PG)𝐺 = (𝑉 , 𝐸) on a dataset 𝐷 is a directed graph in which each node in𝑉 uniquely corresponds to a
vector, and two nodes are connected by an edge in 𝐸 if their corresponding vectors satisfy a certain proximity property.
Beam Search: Given a PG, the standard search algorithm on it is beam search. Starting from one or more entry points,
it maintains a candidate pool of the currently best vectors with respect to the query, repeatedly expands the closest
unvisited node in the pool, and inserts its neighbors into the pool until no promising unvisited node remains. Greedy
search is a special case of beam search with beam width 1.

3.1.1 Pruning Strategies. PG-based ANNS algorithms share a common search framework, while existing studies mainly
differ in proximity properties on edges, i.e., how graph edges are selected and pruned during index construction. Thus,
before reviewing the individual graph indexes, we first summarize the pruning strategies adopted in existing approaches.
𝑘-ANN Pruning Strategy: The simplest pruning strategy is to retain, for each node 𝑢, only the nearest 𝑘 candidates
according to their distances, i.e., a top-𝑘 nearest-neighbor selection [32]. This strategy is adopted as a basic pruning
strategy in existing approaches, whereas other pruning strategies are proposed based on the 𝑘-ANN pruning.
RNG Pruning Strategy: A more widely used pruning strategy is RNG pruning, which removes a candidate edge if it is
occluded by another shorter edge [41, 59, 110, 128]. Concretely, as shown in Fig. 2(a), for a node 𝑢 and two candidate
neighbors 𝑣 and𝑤 , the edge (𝑢, 𝑣) is pruned if 𝛿 (𝑢,𝑤) < 𝛿 (𝑢, 𝑣) and 𝛿 (𝑣,𝑤) < 𝛿 (𝑢, 𝑣) . Intuitively, if there exists a closer
neighbor𝑤 of 𝑢 that is also close to 𝑣 , then (𝑢, 𝑣) is redundant, since the search can first move from 𝑢 to𝑤 and then to 𝑣 .
Parameterized RNG Pruning Strategy: Parameterized RNG pruning augments RNG pruning with extra parameters,
yielding several variants. (1) Robust Pruning [71]. Vamana [71] adopts a parameterized pruning, called RobustPrune.
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(f) ALMG pruning [170]

Fig. 2. Different pruning strategies for similarity search

As shown in Fig. 2(b), for a node 𝑢, it repeatedly keeps the closest candidate neighbor 𝑣 and prunes each remaining
candidate𝑤 satisfying 𝛼 · 𝛿 (𝑣,𝑤) ≤ 𝛿 (𝑢,𝑤). The parameter 𝛼 ≥ 1 controls pruning aggressiveness: a larger 𝛼 preserves
more long-range edges and thus helps reduce graph diameter. (2) Query-Aware Pruning [128]. 𝜏-MG [128]/𝜏-MNG [128]
introduces a threshold parameter 𝜏 . As shown in Fig. 2(c), for a node 𝑢 and a candidate neighbor 𝑣 , the pruning radius
is defined as 𝑟 = 𝛿 (𝑢, 𝑣) − 3𝜏 . Then 𝑣 is pruned if there exists a neighbor 𝑤 lying in the intersection of the two balls
centered at 𝑢 and 𝑣 with radius 𝛿 (𝑢, 𝑣) and 𝑟 , respectively. (3) 𝛼-CG Pruning [87]. 𝛼-CG [87] jointly uses 𝛼 and 𝜏 in the
pruning radius. As shown in Fig. 2(d), for a node 𝑢 and a candidate neighbor 𝑣 , it defines 𝑟 = 1

𝛼

(
𝛿 (𝑢, 𝑣) − (𝛼 + 1)𝜏

)
.

Then 𝑣 is pruned if there exists a selected neighbor𝑤 inside the corresponding pruning region induced by 𝑢, 𝑣 , and 𝑟 .
(4) Pruning at Index Construction [181]. FastPG [181] introduces an 𝛼-pruning strategy for neighbor selection during
index construction. As shown in Fig. 2(e), for a node 𝑢 and a candidate neighbor 𝑣 , the edge (𝑢, 𝑣) is pruned if there
exists a selected neighbor𝑤 such that 𝑑𝑒𝑙𝑡𝑎(𝑢,𝑤) < 𝛿 (𝑢, 𝑣), 𝛿 (𝑣,𝑤) < 𝛿 (𝑢, 𝑣), ∠𝑢𝑤𝑣 > 𝛼. Compared with RNG pruning,
this rule further controls pruning by the angle threshold 𝛼 : when 𝛼 = 60◦, it degenerates to RNG pruning; when 𝛼 > 60◦,
pruning becomes weaker and more edges are preserved.
Distribution-Aware Pruning: Some approaches preserve directionally diverse neighbors. (1) DPG Pruning [93]. For a
node 𝑢, DPG selects neighbors that are not only close but also directionally diverse: after sorting candidate neighbors
by 𝛿 (𝑢, 𝑣), it incrementally keeps candidates whose directions differ sufficiently from those already selected, i.e., for
selected neighbors 𝑣,𝑤 ∈ 𝑁 (𝑢), the angle ∠𝑣𝑢𝑤 should be as large as possible. Thus, DPG approximately minimizes
{𝛿 (𝑢, 𝑣) | 𝑣 ∈ 𝑁 (𝑢)} while maximizing the angular spread of {−→𝑢𝑣 | 𝑣 ∈ 𝑁 (𝑢)}. (2) NSSG Pruning [40]. NSSG favors
candidates whose directions are not covered by the already selected neighbors. For a node 𝑢 in 𝐷 and a candidate
neighbor 𝑣 , an edge (𝑢, 𝑣) is kept only if there is no other vector inside the cone centered at (𝑢, 𝑣) with angular diameter
2𝛼 and radius 𝛿 (𝑢, 𝑣), i.e., Cone(−→𝑢𝑣, 𝛼) ∩ 𝐵(𝑢, 𝛿 (𝑢, 𝑣)) ∩ 𝐷 = ∅.
Labeled Pruning: LMG [170] proposes a labeled pruning strategy. Instead of permanently removing an occluded edge,
LMG keeps all edges and assigns each edge (𝑢, 𝑣) a label 𝜆(𝑢, 𝑣). Specifically, as shown in Fig. 2(f), if (𝑢, 𝑣) ∈ 𝐸0, then
𝜆(𝑢, 𝑣) = 0; otherwise, 𝜆(𝑢, 𝑣) = (𝛿 (𝑢, 𝑣) − Δ(𝑢, 𝑣))/3,Δ(𝑢, 𝑣) = min𝑤∈𝑁< (𝑢,𝑣) 𝛿 (𝑣,𝑤), where 𝑁< (𝑢, 𝑣) = {𝑤 | (𝑢,𝑤) ∈
𝐸0 ∧ 𝛿 (𝑢,𝑤) < 𝛿 (𝑢, 𝑣) },, and 𝐸0 is the edge set based on the RNG pruning strategy. Given a query-dependent threshold
𝜏★, the search is conducted on the induced subgraph 𝐸𝜏★ = {(𝑢, 𝑣) ∈ 𝐸 | 𝜆(𝑢, 𝑣) ≤ 𝜏★}. In this way, labeled pruning
transforms static edge deletion into dynamic query-dependent edge extraction.

3.1.2 Index Design and Search Algorithms. We first summarize the existing PG-based approaches for similarity search.
Taxonomy: Existing approaches for index design and search algorithms can be categorized based on their edge-selection
strategies: KNNG-based, RNG-based, NSWG-based, and Partition-based. Table 1 summarizes these methods from several
perspectives, including their graph index category, whether the index is directed or undirected, whether they provide a
guarantee for exact 1-NN search or exact 𝑘-NN search, and the pruning strategy adopted in index construction.
(1) KNNG-Based Approaches. A 𝑘-nearest neighbor graph (KNNG) connects each node to its 𝑘 nearest neighbors. Its
main advantage is the bounded out-degree, but the graph may have weak global connectivity, which is unfavorable for
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Table 1. Summary of proximity graph based approaches for similarity search

Type Method Edge Theoretical Guarantee
1-NN 𝑘-NN

KNNG

NN-Descent [1] Directed ✗ ✗
KGraph [32] Directed ✗ ✗

EFANNA [39] Directed ✗ ✗
SPTAG [23] Directed ✗ ✗

IEH [76] Directed ✗ ✗
DPG [93] Undirected ✗ ✗

RNG

MRNG/NSG [41] Directed for MRNG: △ (exact if 𝛿 (𝑞, 𝑝1 ) = 0); for NSG: ✗ ✗
FANNG [59] Directed △ (exact if 𝛿 (𝑞, 𝑝1 ) < 𝜏 ) ✗

SSG/NSSG [40] Directed ✗ ✗

Vamana/DiskANN [71] Directed for Vamana: △ (exact if 𝛿 (𝑞, 𝑝1 ) = 0; otherwise
(
𝛼+1
𝛼−1 + 𝜖

)
-ANN); for DiskANN: ✗ ✗

𝜏-MG/𝜏-MNG [128] Directed for 𝜏-MG: △ (exact if 𝛿 (𝑞, 𝑝1 ) < 𝜏 ); for 𝜏-MNG:✗ ✗

𝛼-CG/𝛼-CNG [87] Directed for 𝛼-CG: △ (exact if 𝛿 (𝑞, 𝑝1 ) < 𝜏 ; otherwise
(
𝛼+1
𝛼−1 + 𝜖

)
-ANN); for 𝛼-CNG: ✗ ✗

LMG/ALMG [170] Directed for LMG: ✓; for ALMG ✗ for LMG: ✓; for ALMG ✗

NSWG
NSW [109] Undirected ✗ ✗

HNSW [110] Directed ✗ ✗
FastHNSW [181] Directed ✗ ✗

Partition
HCNNG [119] Directed ✗ ✗

NGT [67] Directed ✗ ✗
CSPG [177] Directed ✗ ✗

greedy search [93, 158]. (1-i) NN-Descent [1] is a representative early approach for constructing an approximate KNNG,
which iteratively refines the graph based on the principle that the neighbors of a node’s neighbors are likely to also be
its neighbors. (1-ii) KGraph [32] is an upgraded version of this line, which improves the update strategy and constructs
a larger intermediate neighbor set before returning the final top-𝑘 neighbors. (1-iii) EFANNA [39] improves KGraph
by using multiple KD-trees to obtain better initial candidates before running iteratively neighbor refinement. (1-iv)
SPTAG [23] adopts a divide-and-conquer strategy: it first recursively partitions the dataset into clusters, builds a local
KNNG in each partition, and then merges them into a global graph. (1-v) IEH [76] improves KNNG-based search from
the query side by using hash-based seeds to initialize the graph traversal, thereby reducing the risk of starting from
poor entry points. (1-vi) DPG [93] considers diversifying the angular distribution of neighbors, so that the outgoing
edges of a node are spread in different directions rather than concentrated in a small region.
(2) RNG-Based Approaches. RNG is constructed based on KNNG, it removes some edges from KNNG by different
pruning strategies to limit the out-degree of each node to a small constant. Except various pruning strategies, they will
further enhance their connectivity by adding extra edges between connected components.

Among the RNG methods, the majority of them do not have a theoretical guarantee for finding 1-NN, e.g., NSG [41],
SSG [40]. They apply different pruning strategies to limit the out-degree of each node as discussed in Section 3.1.1.
Some existing approaches do have theoretical guarantees for 1-NN but are with constraints. Let 𝑝1 denote the 1-NN of
the query vector 𝑞. MRNG [41] and Vamana [71] provide a theoretical guarantee to find 1-NN of a query vector 𝑞 only
if 𝑞 exists in 𝐷 (i.e., 𝛿 (𝑞, 𝑝1) = 0). FANNG [59], 𝜏-MG [128] and 𝛼-CG [87] relax the condition but request the 1-NN, 𝑝1,
of a query point 𝑞 that exists near 𝑞 in 𝐷 within a distance less than a predefined parameter 𝜏 (denoted as 𝛿 (𝑞, 𝑝1) < 𝜏 ).
Their PG-based index is built based on the predefined 𝜏 . Vamana [71] and 𝛼-CG [87] further ensure the identification of
the

(
𝛼+1
𝛼−1 + 𝜖

)
-ANN when 𝛿 (𝑞, 𝑝1) > 0 and 𝛿 (𝑞, 𝑝1) > 𝜏 respectively. Here, the term

(
𝛼+1
𝛼−1 + 𝜖

)
-ANN signifies that the

result of algorithm, 𝑝′1, adhere to the rule that 𝛿 (𝑝′1, 𝑞) ≤
(
𝛼+1
𝛼−1 + 𝜖

)
· 𝛿 (𝑝1, 𝑞). Recently, LMG [170] has been proposed

to ensure the finding of both the 1-NN and 𝑘-NN without any constraints on 𝛿 (𝑝1, 𝑞). Its key idea is to combine the
labeled pruning strategy introduced above with a two-phase search algorithm. In the first phase, LMG dynamically
activates edges according to their labels and searches the induced subgraph to find 1-NN. In the second phase, it further
traverses the neighbors of the found 1-NN to guarantee the exact 𝑘-NN result set.

However, although these methods provide theoretical guarantees for exact 1-NN/𝑘-NN search, they generally incur
high construction cost, since the guarantees rely on graph properties, which need expensive edge selection. Thus, each
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of them further proposes a practical version for 𝑘-ANN search without theoretical guarantees, such as DiskANN [71], 𝜏-
MNG [128], 𝛼-CNG [87], and ALMG [170]. The design pattern is to first construct an approximate KNNG and then apply
the corresponding pruning strategy to derive the final PG, where the pruning strategies are introduced in Section 3.1.1.
Therefore, while these practical versions inherit the overall construction philosophy of their theoretical counterparts,
they trade exact guarantees for significantly lower construction cost and better practical 𝑘-ANN performance.
(3) NSWG-Based Approaches. Navigable small-world graph (NSWG) based approaches are motivated by the small-world
phenomenon [115], namely that two nodes in a large graph can often be connected by a short path discoverable by
greedy routing. Accordingly, they are typically built incrementally, inserting nodes one by one and linking each new
node to nearby nodes in the current graph. (3-i) NSW [109] is the basic representative of this line. (3-ii) HNSW [110]
further introduces a hierarchical multilayer structure so that search starts from the upper layers and progressively
descends to lower layers, which contain more nodes, for greatly improving search efficiency. (3-iii) FastHNSW [181]
improves HNSW through a layer-by-layer construction. Instead of directly following HNSW’s incremental insertion
strategy, it first assigns layer assignments to all vectors, then constructs each layer from top to bottom. For each layer,
FastHNSW builds an RNG graph index, making the graph in that layer more navigable. The lower layers are further
refined by 𝛼-pruning strategy introduced before, which improves both search performance and construction efficiency.
(4) Partition-Based Approaches. This line first partitions the dataset and then builds local graphs on the partitions,
aiming to reduce construction cost and improve search efficiency by exploiting intra-partition locality while preserving
global navigability through inter-partition connections. (4-i) NGT [67] combines tree-based partitioning with neighbor-
graph construction: it organizes nearby vectors into local regions via a tree, builds neighbor graphs on the partitions,
refines them with a path adjustment to improve cross-region connectivity, and at query time uses the tree to find
promising entry points and candidate regions. (4-ii)HCNNG [119] uses multiple hierarchical clusterings for partitioning;
for each cluster, it constructs an MST to obtain a sparse yet connected structure, fuses the induced graphs into a unified
compact graph, and at query time uses multiple global KD-trees to generate seeds for guided search on the fused
graph. (4-iii) CSPG [177] partitions the dataset into multiple overlapping subsets, where shared overlap preserves
cross-partition reachability, builds a PG on each partition separately, and searches within these local graphs so that fewer
vectors are explored than in a single global graph, thereby combining partition-level locality with global connectivity.

3.1.3 Reducing Indexing and Search Cost to Enhance Scalability. A major issue of PG is the high indexing cost. In
particular, for many PG indexes, the construction process is tightly coupled with search; for example, inserting a node
typically requires repeatedly searching the current graph to find candidate neighbors before pruning or refinement.
Thus, indexing and search should not be viewed as two isolated problems: reducing the cost of graph search helps
reduce indexing overhead, while better construction pipelines can in turn improve the search efficiency. Recent studies
have therefore explored how to reduce the index and search cost, as summarized in Table 2, we indicate whether each
approach accelerates indexing, search, or both, as well as the platform it targets and the type of graph index it supports.
(1) Storage-Based Scalability. One direction improves scalability by leveraging external storage or richer memory
hierarchies [24]. (1-i) Major-in-Disk SSD Indexing. DiskANN [71] keeps compressed vectors in memory to guide
traversal, while storing the full graph and raw vectors on SSD. To scale construction, it first partitions the data into
overlapping clusters, builds a Vamana graph for each cluster, and then merges their edges into a single graph, thereby
preserving cross-cluster connectivity. FreshDiskANN [141] extends this design to streaming settings through localized
rebuilding. XN-Graph [191] reduces SSD I/O by expanding neighbors before pruning, thereby shortening search
paths. BAMG [91] further co-designs graph construction and storage layout through a block-aware monotonic graph,
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Table 2. Summary of approaches for reducing indexing and search cost in proximity graph based ANNS

Type Method Index Search Platform Supported Graph Index

Storage

DiskANN [71] ✓ ✓ SSD RNG
FreshDiskANN [141] ✓ ✓ SSD RNG

XN-Graph [191] ✓ ✓ SSD XN-Graph
BAMG [91] ✓ ✓ SSD RNG

Starling [157] ✓ ✓ SSD No restriction
PageANN [80] ✓ ✓ SSD Page-aligned graph
Gorgeous [183] ✓ ✓ SSD No restriction
PipeANN [55] ✗ ✓ SSD No restriction
VeloANN [198] ✓ ✓ SSD No restriction

AiSAQ [147] ✓ ✓ SSD No restriction
DGAI [105] ✓ ✓ SSD No restriction

CXL-ANNS [70] ✓ ✓ CXL memory No restriction
Second-tier Memory [27] ✓ ✓ Remote DRAM/NVM No restriction

GPU

SONG [199] ✗ ✓ GPU NSWG
GGNN [52] ✓ ✓ GPU No restriction

GANNS [187] ✓ ✓ GPU KNNG/NSWG
CAGRA [123] ✓ ✓ GPU No restriction
Tagore [95] ✓ ✗ GPU RNG

CPU ParlayANN [111] ✓ ✓ CPU No restriction
Flash [156] ✓ ✗ CPU NSWG

Algorithm

RNN-Descent [122] ✓ ✗ CPU RNG
LSH-APG [200] ✓ ✓ CPU No restriction

Probabilistic Routing [106] ✗ ✓ CPU No restriction
FastPG [181] ✓ ✓ CPU RNG/NSWG

DST [74] ✗ ✓ CPU/FPGA No restriction

Learning LAET [88] ✗ ✓ CPU No restriction
DARTH [20] ✗ ✓ CPU No restriction

decoupled storage, and block-first traversal, so that each disk read yields more progress. (1-ii) Layout-Aware and
Block-Aware Search. Starling [157] jointly optimizes disk layout and traversal. It uses an in-memory navigation
graph on sampled points to provide query-aware entry points, reorders disk-resident nodes to improve locality, and
introduces block search that treats blocks rather than individual vertices as the retrieval unit. PageANN [80] aligns graph
search with SSD pages by grouping similar vectors into page nodes and co-designing page layout and traversal around
page-level access. Gorgeous [183] instead prioritizes frequently accessed graph topology in memory and augments
disk blocks with neighbors’ adjacency information to improve locality during traversal. (1-iii) Overlapping I/O
and Computation. PipeANN [55] observes that the computation-I/O dependency in beam search is often only a
pseudo-dependency: the next blocks to fetch can often be inferred from the in-memory frontier before the current
iteration fully completes. It therefore pipelines candidate evaluation and SSD fetching, dynamically adjusts beam width,
and limits speculative exploration to avoid wasted bandwidth. VeloANN [198] further redesigns the SSD-resident
execution engine with hierarchical compression, affinity-based placement, a record-level buffer pool, asynchronous
prefetching, and cache-aware beam search, thereby reducing storage stalls and improving throughput under a small
memory budget. (1-iv) All-in-Disk Designs. AiSAQ [147] advocates an all-in-storage design that offloads compressed
vectors to SSD, substantially reducing DRAM usage and enabling DRAM-free search. DGAI [105] explores a decoupled
on-disk architecture that separates vectors from adjacency lists, making updates more efficient than in coupled layouts;
to reduce the resulting query overhead, it further introduces multi-stage filtering and incremental page-level topological
reordering. (1-v) Richer Memory Hierarchies Beyond SSD. CXL-ANNS [70] scales graph search through CXL-based
memory disaggregation by placing the full graph and vector data in a large CXL memory pool, and reducing far-memory
latency via relationship-aware caching and ANNS-aware prefetching. [27] identifies a fundamental dilemma of SSD-
based vector indexes: improving throughput often requires substantial index amplification because SSD block accesses
are too coarse for graph search. It therefore advocates second-tier memory, such as RDMA- or CXL-connected remote
DRAM/NVM, and redesigns graph and cluster indexes around fine-grained remote access.
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(2) GPU-Based Acceleration. Another direction exploits the massive parallelism of GPUs. (2-i) SONG [199] reuses an
NSWG graph and redesigns GPU search by decoupling it into candidate locating, bulk distance computation, and
data-structure maintenance, together with GPU-oriented data structures and memory optimizations to reduce overhead.
(2-ii) GGNN [52] proposes a GPU-friendly graph search structure based on nearest-neighbor graphs with information
propagation, and supports both hierarchical index construction and query-time search on GPUs. (2-iii) GANNS [187]
redesigns both PG search and construction for GPUs. It parallelizes search stages such as candidate locating, neighbor
exploration, distance computation, and candidate update, and constructs the index by partitioning the data, building
local NSWG graphs in parallel, and then progressively merging them. The same framework is also extended to KNNG
construction. (2-iv) CAGRA [123] proposes a GPU-native PG framework that first builds an approximate high-degree
KNNG and then prunes it with a GPU-friendly heuristic to obtain a sparse graph; its search is likewise tailored to GPU
execution through parallel candidate evaluation and bulk distance computation. (2-v) Tagore [95] targets RNG indexes
with a more complete GPU indexing pipeline. It proposes GNN-Descent for GPU-specific KNNG initialization, introduces
a unified CFS (Collect-Filter-Store) framework for different pruning strategies, and further supports out-of-memory
datasets through an asynchronous GPU-CPU-disk indexing framework with cluster-aware caching.
(3) CPU-Based Acceleration. Recent work revisits PG indexing on modern CPU architectures. (3-i) ParlayANN [111]
parallelizes graph construction on multi-core CPUs via batch updates, where vectors in the same batch obtain neighbors
on a snapshot of the graph and the generated edges are merged in parallel. This improves scalability for indexes such as
DiskANN and HNSW, but large batches may hurt index quality by deviating from sequential insertion semantics. (3-ii)
Flash [156] identifies distance computation as the main bottleneck during graph indexing on modern CPUs. It replaces
full-precision distance computation with a SIMD-friendly compact-code approximation: vectors are partitioned into
subspaces and encoded so that lookup distances fit into SIMD-register tables. This reduces random memory accesses
and enables in-register distance lookup and accumulation, improving both cache efficiency and arithmetic throughput.
(4) Algorithmic Redesign. Several studies reduce indexing/search cost by redesigning graph construction or traversal
algorithms. (4-i) RNN-Descent [122] accelerates RNG construction by unifying NN-Descent and RNG pruning into a
direct construction process. It simultaneously adds candidate neighbors via Relative NN-Descent and removes redundant
edges by RNG pruning, thus bypassing the costly KNNG construction used by methods such as NSG, substantially
reducing build time while preserving search quality. (4-ii) LSH-APG [200] speeds up construction by introducing a
lightweight LSH framework into PG indexing. LSH provides better entry points and pruning opportunities, reducing
unnecessary distance computations during both insertion and search, though the approximate nature of LSH may trade
some final search performance for higher construction efficiency. (4-iii) Probabilistic Routing [106] reduces search cost
by redesigning neighbor exploration during traversal as a probabilistic routing problem. Given the current node 𝑣 , a
threshold 𝛿 , and an error bound 𝜀, any neighbor 𝑢 within distance 𝛿 should be explored with probability at least 1 − 𝜀.
Based on this, it proposes PEOs to identify promising neighbors for exact distance computation while pruning many
unpromising ones. This reduces exact distance computations during search without modifying the graph index, and
is orthogonal to graph construction. (4-iv) FastPG [181] reduces construction cost without sacrificing index quality
of both RNG and NSWG construction. For RNG, it replaces the traditional search-before-refinement pipeline with
refinement-before-search plus 𝛼-pruning to obtain higher-quality candidate neighbors more efficiently. For NSWG,
it further replaces node-by-node insertion with layer-by-layer insertion to improve candidate quality during build.
(4-v) Delayed-synchronization traversal (DST) [74] reduces synchronization overhead in PG search by transforming
strictly synchronized beam search into a grouped, block-style traversal. Instead of waiting for all candidates in one
beam step to finish before globally re-sorting, DST maintains up to𝑚𝑔 candidate groups, each with up to𝑚𝑐 candidates,
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and launches new groups non-blockingly as earlier groups complete. This keeps the pipeline full, enables concurrent
fetching and evaluation of multiple candidates, improves hardware utilization and throughput.
(5) Learning-Based Early Termination. Another line of work studies whether PG search can stop earlier while still
meeting a target quality level. (5-i) LAET [88] replaces a fixed beam width with a query-specific stopping point predicted
by a GBDT model. After a short initial search, it extracts both static and runtime features from intermediate search state
and predicts the minimum search effort needed for the query. (5-ii) DARTH [20] extends this to declarative recall. It
trains a recall predictor from search-state features and periodically estimates recall during search. The search stops once
the predicted recall reaches the user-specified target, with an adaptive prediction interval to reduce inference overhead.

3.1.4 Index Maintenance. As one of the basic indices in vector databases, proximity graphs need to support dynamic
maintenance under insertions and deletions.
(1) Out-of-Place Updates. A common design decouples online updates from the base index and periodically rebuilds
the graph. ADBV [165, 189] and Milvus [153] follow this approach: newly inserted vectors are buffered in a secondary
in-memory index, while deleted vectors are only logically removed via a bitmap; buffered insertions are later merged
into the base index, and logically deleted vectors are physically removed during periodic global rebuilds. This avoids
expensive per-update structural modifications, but the rebuild phase dominates the maintenance cost. To reduce this
cost, SimJoin [169] leverages approximate similarity join to accelerate rebuilding. It performs a 𝑘-similarity join 𝑋 Z𝑘 𝑌
between the new vectors and the base dataset using the existing graph indexes on both sides to obtain cross-partition
candidate neighbors, then combines them with the old graphs before pruning. For deletions, it first marks deleted points
and later repairs affected in-neighbors using a sliding-based routine to find replacement neighbors.
(2) In-Place Updates. Another line of work maintains the PG index directly without periodic global rebuilds. (2-i)
NSWG indexes, such as HNSW [110] and NSW [109], naturally support incremental insertions, but deletions remain
challenging. (2-ii) FreshDiskANN [141] handles deletions by locally reconnecting the neighbors of the deleted point:
it treats them as candidate neighbors for one another and reapplies pruning to restore connectivity. This avoids full
reconstruction, though quality may degrade after long update sequences. (2-iii) IP-DiskANN [173] observes that only
out-neighbors are stored, so it first approximately reconstructs the deleted points’ in-neighbors, and then repairs
each affected out-neighbor using only a restricted nearby candidate set rather than exhaustive reconnection. This
substantially reduces repair costs. (2-iv) Wolverine++ [100] improves deletion repair by expanding the candidate space
from 1-hop to 2-hop neighbors, since replacement edges may not exist among direct neighbors alone. To control the
enlarged search space, it first filters candidates, then performs distance computation and pruning. (2-v) PRO-HNSW [75]
repairs HNSW after updates through three lightweight modules: RemoveObsoleteEdges, which removes edges to deleted
nodes while preserving a minimum number of alive outgoing neighbors; RepairDisconnectedNodes, which reconnects
disconnected components via limited-hop BFS and available neighbor slots; and ResolveUnidirectionalEdges, which
scans level 0 for missing reciprocal edges and inserts reverse links when possible.

3.1.5 Parameter Tuning. The performance of PG-based approaches is highly sensitive to hyperparameters, such as the
degree limit, construction beam width, and search beam width, since these parameters jointly determine the trade-off
between index cost and search performance. A straightforward way to tune them is Grid Search or Random Search. (1)
Grid search [98] evaluates configurations on a predefined grid, while (2) Random search [13] samples directly from
the search space and is more efficient when only a few parameters are truly important. However, both still require
repeatedly building and evaluating indexes, which is costly. To reduce this cost, (3) VDTuner [182] formulates tuning
as a constrained optimization problem under a target recall and uses constrained Bayesian optimization to iteratively
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Table 3. Summary of quantization-based ANN approaches

Category Method Sub-family Codebook unit Combination Bits/dim Learned? Theory?

SQ

SQ4 / SQ8 [33] Uniform SQ Scalar (per dim) Independent 4 or 8 ✗ ✗

RaBitQ [47] Non-uniform SQ Scalar (per dim) Independent 1 ✗ ✓

RaBitQ+ [45] Non-uniform SQ Scalar (per dim) Independent 𝑏 (multi-bit) ✗ ✓

LVQ [2] Non-uniform SQ Scalar (per dim) Independent 4 or 8 ✗ ✗

SAQ [89] Non-uniform SQ Scalar (per dim) Independent Variable ✗ ✗

PQ

PQ [72] Vanilla PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✗ ✗

FastScan [4] Vanilla PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✗ ✗

OPQ [48] Vanilla PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✓ ✗

LOPQ [78] Vanilla PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✓ ✗

ScaNN [56] Learned PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✓ ✗

JPQ [190] Learned PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✓ ✗

UNQ / LSQ [112, 117] Learned PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✓ ✗

AQ [8] Other PQ Full vector (𝑑 dims) Addition Variable ✓ ✗

TQ [10] Other PQ Full vector (tree-assigned) Addition Variable ✓ ✗

Hybrid

IVFPQ [72] Inverted file + PQ Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✗ ✗

IMI [9] Product IVF Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✗ ✗

IVF-HNSW [11] Graph-assisted IVF Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✗ ✗

DiskANN [71] Graph + PQ on disk Sub-vector (𝑑/𝑚 dims) Concatenation 32 ✗ ✗

SVS [2] Graph + LVQ Scalar (per dim) Independent 4 or 8 ✗ ✗

SLB [102] Plugin lower bound Sub-vector (𝑑/𝑚 dims) Concatenation ∼8𝑚/𝑑 ✗ ✗

SymphonyQG [51] Graph + RaBitQ Scalar (per dim) Independent 1 (+ refinement) ✗ ✓

IVF-RaBitQ [138] GPU IVF + RaBitQ Scalar (per dim) Independent Variable ✗ ✓

recommend promising configurations, substantially reducing the number of trials. (4) PGTuner [34] targets automatic
and transferable tuning for PGs by combining a pre-trained query-performance predictor with a deep reinforcement
learning-based recommendation model, and further supports efficient retuning through out-of-distribution detection
and deep active learning. (5) FastPGT [204] observes that the main bottleneck lies in repeatedly constructing and
evaluating PGs, rather than recommending parameters. It therefore builds multiple PGs simultaneously, shares repeated
computations across configurations, and recommends multiple promising configurations for joint evaluation, thereby
accelerating tuning without sacrificing quality.

3.2 Quantization-Based Approaches

Quantization-based ANN methods compress each high-dimensional vector into a short discrete code, reducing memory
and accelerating distance estimation at the cost of approximation error.
Taxonomy: Existing approaches are commonly divided into scalar quantization (SQ) and product quantization (PQ).
SQ quantizes each dimension independently into a 𝑏-bit integer. PQ quantizes groups of dimensions jointly using multi-
dimensional codewords; in the standard form, the vector is partitioned into disjoint subspaces and the approximation
is formed by concatenating sub-code indices, while more general variants relax the disjoint-subspace constraint
and combine multiple codewords additively. Table 3 summarizes quantization-based ANN methods from several
perspectives, including the granularity of the codebook unit, the way in which multiple codewords are combined for
vector reconstruction, whether the quantizer is learned via gradient-based optimization beyond k-means, and whether
the method comes with a provable distance estimation error bound.
(1) Scalar Quantization (SQ). SQ quantizes each coordinate independently to a 𝑏-bit integer, so a compressed vector is
simply a short integer array. Approximate distances are then computed directly on the quantized coordinates, often
with SIMD-friendly integer arithmetic. The central design question is how the floating-point range of each dimension
is mapped to discrete bins. (i) Uniform SQ. Uniform SQ partitions each dimension range into 2𝑏 equal-width bins and
stores the bin index. SQ4 and SQ8 in FAISS [33] are canonical implementations using 4-bit and 8-bit integers. Their
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appeal is simplicity: encoding is a linear rescaling, decoding is a multiply-add, and storage drops by about 8× for
SQ4 or 4× for SQ8 relative to float32. Their weakness is that one global range per dimension must serve all vectors,
which can cause severe distortion when the data distribution is skewed or contains outliers. (ii) Non-Uniform SQ.
Non-uniform SQ adapts binning or scaling to the data distribution and usually yields lower error at the same bit
budget. LVQ [2] is designed for graph-based ANN search and modern SIMD hardware. It subtracts the global mean
and then performs per-vector scaling before scalar quantization, so each vector is quantized within its own centered
dynamic range. This local scaling substantially reduces the distortion caused by a single global range and can also
be used in a two-level residual scheme. RaBitQ [47] takes a different route. After normalizing vectors onto the unit
hypersphere, it uses a randomly rotated binary codebook derived from the vertices of a hypercube. This yields an
unbiased inner-product estimator together with an 𝑂 (1/

√
𝑑) error bound, making it notable for providing a sharp

theoretical guarantee. RaBitQ+ [45] extends the idea from 1 bit to multi-bit quantization by replacing the binary
grid with a shifted integer grid, again followed by normalization and random rotation. The resulting scheme offers a
tunable trade-off between code length and estimation error and can reach a higher recall than 1-bit RaBitQ without
relying as heavily on re-ranking. SAQ [89] targets two practical issues of SQ: expensive encoding and uniform bit
allocation across dimensions. It first generates a scalar code and then refines it by coordinate-wise code adjustment to
improve directional alignment with the original vector. After PCA, it groups dimensions by variance and uses dynamic
programming to allocate more bits to higher-variance segments. Its multi-stage estimator can terminate early after
evaluating only the most informative segments.
(2) Product Quantization (PQ): PQ quantizes groups of dimensions jointly, which lets it capture cross-dimensional
structure missed by SQ. In the common multi-codebook setting, a vector is encoded by𝑚 code indices from𝑚 codebooks,
producing an effective codebook of size 𝑘𝑚 while keeping storage and lookup cost linear in𝑚. We group PQ methods
into vanilla PQ, learned PQ, and more general additive or full-space variants. (i) Vanilla PQ. Vanilla PQ partitions a 𝑑-
dimensional vector into𝑚 disjoint subspaces of dimension 𝑑/𝑚, trains one K-Means codebook per subspace, and encodes
the vector by concatenating the𝑚 centroid indices. The key runtime primitive is asymmetric distance computation
(ADC): for a query, distances to all 𝑘 codewords in each subspace are precomputed into 𝑚 lookup tables, and the
approximate distance to any database code is obtained by summing one entry from each table in 𝑂 (𝑚) time. PQ [72]
establishes this framework, but its axis-aligned partition is often suboptimal when the data covariance is not aligned
with the coordinate axes. OPQ [48] addresses this by learning an orthogonal rotation that better aligns the data with
the subspace decomposition, thereby reducing inter-subspace correlation and balancing distortion. LOPQ [78] further
localizes this idea by learning a separate rotation and product quantizer inside each coarse IVF cell, yielding lower
distortion on residual vectors at the price of a more tightly coupled two-stage system. FastScan [4] keeps the PQ model
unchanged but accelerates ADC by compressing lookup tables into SIMD-register-sized structures for in-register access.
(ii) Learned PQ. Learned PQ preserves the subspace structure but replaces pure K-Means training with gradient-based
optimization. ScaNN [56] introduces anisotropic quantization loss for inner-product search, emphasizing errors that
matter more for ranking. JPQ [190] jointly trains a dense encoder and PQ embeddings with a ranking-oriented loss so
that the encoder produces representations more compatible with PQ. UNQ [117] learns a universal codebook with
both reconstruction and task loss to obtain quantization-friendly embeddings, while LSQ [112] focuses on faster code
assignment by casting additive quantization encoding as a least-squares problem, reducing beam-search encoding cost.
(iii) Other PQ Methods. Some methods allow codewords to cover the full vector and combine them additively. AQ [8]
represents a vector as the sum of𝑚 full-dimensional codewords from jointly optimized codebooks. This can reduce
distortion relative to vanilla PQ at the same rate, but finding the best code combination is NP-hard and is handled
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approximately with beam search. TQ [10] places codebooks on the vertices of a coding tree and assigns dimensions to
edges, producing an additive representation that interpolates between flat subspace PQ and full additive quantization.
(3) Combinations with Indexes: At a billion scale, quantization alone is rarely enough: even scanning compressed
codes exhaustively is too slow, and retrieval quality remains limited by quantization distortion. Many systems therefore
combine quantization with an index that narrows the candidate set before approximate distance evaluation. In these
hybrids, quantization mainly serves one of two roles: it is either the primary distance-computation primitive, or it
is a lightweight signal used to guide graph or list traversal. (i) Distance Computation Primitive. In methods such as
IVFPQ [72], IMI [9], and IVF-HNSW [11], the stored compressed code is the object on which most distance evaluations
are performed. IVFPQ combines an inverted file partition with PQ-compressed residuals and searches only the top-𝑤
coarse cells. IMI replaces the flat coarse quantizer with a product coarse partition, generating 𝐾2 implicit cells from
two subspace codebooks while storing only 2𝐾 centroids. IVF-HNSW accelerates coarse assignment by organizing
centroids in an HNSW graph rather than scanning them exhaustively; inside each selected cell, PQ residual codes
are still compared via ADC. (ii) Compressed Codes Guide Graph Traversal. In DiskANN [71], SLB [102], and SVS [2],
compressed codes mainly help navigation, while final distances are obtained more accurately later. DiskANN stores the
graph and full vectors on SSD but keeps PQ codes in memory, using them to rank candidate neighbors during traversal
before fetching only a small final shortlist for exact re-ranking. SLB reinterprets ADC as a statistical lower bound on
the true distance and uses it as a plugin pruning rule on top of existing indexes. SVS combines a Vamana graph with
LVQ-compressed in-memory vectors; LVQ reduces traversal distortion, and Turbo LVQ improves SIMD decoding by
permuting dimensions to better match AVX-512 layouts. (iii) Tightly Co-design. A more recent direction co-designs
quantization and the index together. SymphonyQG [51] replaces PQ with RaBitQ, exploits RaBitQ’s error bounds for
implicit candidate filtering, and aligns graph out-degree with FastScan’s SIMD batch size to reduce wasted computation.
IVF-RaBitQ [138] integrates IVF and RaBitQ into a GPU-oriented pipeline that explicitly targets device-memory limits,
parallel execution, and memory-access efficiency.

3.3 Distance Computation Acceleration

Distance computation is the dominant source of query latency in 𝑘-ANN search. Therefore, accelerating distance
computation is an important direction that can benefit both proximity graph-based and quantization-based methods.
Existing approaches mainly fall into two categories [163]: (i) approximate distance computation, which replaces exact
distance computation with a cheaper approximation; and (ii) pruning-based computation, which first computes a cheap
estimate or lower bound and only evaluates the exact distance when necessary.
(1) Approximate Distance Computation. A common approach is to approximate distances using compressed or trans-
formed vector representations. Quantization-based methods, such as product quantization [56, 72], reduce the cost of
distance computations by representing vectors with compact codes and computing approximate distances through
lookup tables or codeword comparisons. Quicker ADC [3, 4] improves the efficiency of code-based distance evaluation
by optimizing asymmetric distance computation for PQ with SIMD instructions. Hashing-based methods, e.g., [154], pro-
vide another way to accelerate distance computation by mapping vectors into binary codes, so that distance estimation
can be performed efficiently in the hash space.
(2) Pruning Based Computation. Exploiting lower bounds [102] studies another way to accelerate distance computation,
which is by first computing a cheap estimate or lower bound on the distance between a query and a candidate vector.
For each candidate, this bound is evaluated before the exact distance. If the bound is already worse than the current
top-𝑘 threshold, the candidate can be pruned; otherwise, its exact distance is computed. (2-i) ADSampling [46] proposes
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a randomized distance comparison algorithm based on dimension sampling. It progressively samples dimensions
to estimate the distance and stops early once the estimate is sufficient for reliable comparison, enabling sublinear-
time distance comparison with high probability. (2-ii) DADE [29] improves this idea by approximating distances
in a data-aware lower-dimensional space rather than randomly sampling original dimensions. It uses an unbiased
estimator together with adaptive hypothesis testing, so that only the necessary amount of distance computation
is performed. (2-iii) BSA [179] proposes replacing the random projection used in ADSampling with a data-aware
orthogonal projection, so that the approximate distance can better fit the data distribution. It also decouples distance
correction from distance approximation through a data-driven correction mechanism, which improves the tightness
of the estimation. (2-iv) Tribase [174] enhances cluster-based search by refining cluster granularity and combining
distance-based and angle-based triangle pruning at multiple levels, so that many candidates can be safely filtered before
exact evaluation. (2-v) TRIM [143] strengthens this line of pruning by optimizing landmark vectors used to form the
triangles and introducing relaxed lower bounds whose tightness can be tuned according to user needs.

3.4 Hard and Out-of-DistributionQueries

An important issue in similarity search is robustness to hard queries, i.e., queries for which standard ANN indexes
require substantially more effort to reach the same recall. Such hard queries are often related to out-of-distribution (OOD)
settings, where the query distribution differs from the data distribution used to construct the index. For instance, in tasks
like image-text retrieval, image and text embeddings are generated by separate encoders. In existing studies [22, 64, 69],
to quantify these distribution disparities, the Wasserstein distance [81] is employed to mathematically measure the
distinctions between the two distributions, and the Mahalanobis distance [108] is utilized to measure the distance from
a vector to a distribution. A vector 𝑞 is considered out-of-distribution if its Mahalanobis distance 𝐷𝑀 (𝑞,𝑋 ) to the base
dataset 𝑋 significantly differs from the distances between base vectors [22, 69], e.g., 𝐷𝑀 (𝑥𝑖 , 𝑋 ) for 𝑥𝑖 ∈ 𝑋 .
Taxonomy: Existing approaches for hard and OOD queries can be categorized into two groups: one focuses on
estimating query hardness to distinguish hard queries from easy ones, while the other focuses on designing index or
search algorithms to better handle such hard or OOD queries.
Query Hardness Estimation: Existing methods for query hardness estimation mainly fall into two categories: (1)
distribution-based measures and (2) graph-nativemeasures. (1) Distribution-Based Measures. A commonly used measure
is the local intrinsic dimensionality (LID) [6]. Given the distances from a query 𝑞 to its 𝑘 nearest neighbors, 𝑑1 (𝑞) ≤
· · · ≤ 𝑑𝑘 (𝑞), LID is estimated as L̂ID𝑘 (𝑞) = −

(
1
𝑘

∑𝑘
𝑖=1 log 𝑑𝑖 (𝑞)

𝑑𝑘 (𝑞)

)−1
. A larger LID means neighbor distances expand faster

around 𝑞, making nearby candidates less distinguishable and ANN search harder. [6] also discusses query expansion
(QE) and local relative contrast (LRC). For a dataset 𝐷 , query 𝑞, and 𝑘 ′ > 𝑘 , QE is defined as QE𝑘,𝑘′ (𝑞) = 𝑑𝑘′ (𝑞)/𝑑𝑘 (𝑞),
where 𝑑𝑘 (𝑞) and 𝑑𝑘′ (𝑞) are the distances from 𝑞 to its 𝑘-th and 𝑘 ′-th nearest neighbors. A larger QE indicates slower
neighbor growth and usually an easier query. LRC is defined as LRC𝑘 (𝑞) = 𝑑mean (𝑞)/𝑑𝑘 (𝑞), where 𝑑mean (𝑞) is the
average distance from 𝑞 to all vectors in 𝐷 . A larger LRC means the nearest neighbors are more distinguishable from
average vectors and the query tends to be easier. (2) Graph-Native Measures. These approaches estimate query hardness
from the graph index used for ANN search. Steiner-hardness [162] models hardness from graph connectivity. Let 𝑁𝑘 be
the 𝑘-NN of query 𝑞, and let 𝑑𝑘 = 𝐷 (𝑞, 𝑛𝑘 ) be the distance from 𝑞 to its 𝑘-th nearest neighbor. Given a recall requirement
Acc ∈ [0, 1], a probability lower bound 𝑝 ∈ (0, 1], and a threshold 𝜏 , it defines a constrained minimum-effort subgraph
𝑌 = (𝑉𝑌 , 𝐸𝑌 ) such that some 𝑁 ′

𝑘
⊆ 𝑁𝑘 with |𝑁 ′

𝑘
| ≥ 𝑝 · 𝑘 is sufficiently connected within distance (1 + 𝜏)𝑑𝑘 . To reflect

greedy-search cost, it defines the decision set 𝐷𝑆 (𝑣) and the decision cost 𝐶𝑜𝑠𝑡 (𝑌 ) = |⋃𝑣∈𝑌 𝐷𝑆 (𝑣) |, and then defines
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Steiner-hardness as the minimum such cost at the critical threshold 𝜏0: SH(𝑞) =𝑀𝐸𝑝
𝜏0@Acc-exh (𝑞) . This formulation can

be reduced to a Directed Steiner Tree problem for efficient computation. Escape Hardness [63] instead models hardness
from graph reachability. Let𝐺𝑡 (𝑞) be the neighboring subgraph induced by the top-𝑡 nearest neighbors of 𝑞. The Escape
Hardness from 𝑢 to 𝑣 is 𝐸𝐻𝑞 (𝑢→𝑣) = min{𝑡 | 𝑢 { 𝑣 in 𝐺𝑡 (𝑞)}, namely, the smallest NN-rank radius needed before 𝑣
becomes reachable from 𝑢. These values form an Escape Hardness matrix for the query. The method computes them by
constructing 𝐺𝑡 (𝑞) and then applying Floyd-Warshall [38] to derive all-pairs reachability/distances.
Out-of-Distribution Query Processing: OOD query processing aims to improve ANN performance when the query
distribution differs from the indexed data distribution. Existing approaches mainly fall into two categories: OOD-aware
index construction and search-time graph rectification. (1) OOD-Aware Index Construction. RobustVamana [69] improves
graph-based ANN search by incorporating historical OOD queries during index construction: it inserts these queries into
the graph as auxiliary navigators so that the index better reflects the query distribution. RoarGraph [22] improves this
design by avoiding permanent query-node insertion. It first builds a bipartite graph between base vectors and historical
OOD queries, then eliminates query nodes via a neighbor-aware projection: for each base node, it gathers candidates
from the adjacent query nodes’ base-side neighbors and projects back at most 𝑀 neighbors using distance-aware
sorting and RNG pruning, thereby preserving the neighbor relationships revealed by OOD queries. (2) Search-Time
Graph Rectification. NGFix [63] repairs defective graph regions at search time based on Escape Hardness. Its NGFix
component repairs the neighboring graph around a historical query and greedily inserts edges to reduce the Escape
Hardness. Its RFix component focuses on the first search stage: if greedy search from the entry point fails to reach the
vicinity of a historical query, it adds edges from the nearest point found so far to nodes closer to the query.

3.5 Secure Similarity Search

Secure similarity search aims to support 𝑘-NN/ANN queries over cloud or distributed environments without revealing
sensitive information about the data or queries. Existing solutions mainly fall into two paradigms: privacy-preserving
ANN search, where encrypted data are hosted on a (semi-honest) cloud server, and federated secure similarity search,
where data remain decentralized across multiple parties and queries are answered collaboratively.
Privacy-Preserving ANN Search (PP-ANNS): PP-ANNS methods [42, 43, 137, 166, 202, 203] typically encrypt vectors
and build auxiliary indexes over ciphertexts to improve efficiency, often by adapting existing ANN indexes. Proximity
graphs are used in [104, 203], while locality-sensitive hashing is adopted in [129, 137]. Depending on whether distance
comparison is supported over ciphertexts, existing methods can be divided into three categories.
(1) Distance-Incomparable Encryption. Traditional encryption schemes such as AES and DES [142] ensure strong
confidentiality but do not support distance comparison over ciphertexts. Thus, the server can only return a set of
encrypted candidates, and the user must decrypt them locally to compute exact distances. This paradigm incurs
substantial communication overhead and limits the utilization of cloud computation.
(2) Distance-Comparable Encryption. Distance-comparable encryption enables direct distance comparison on encrypted
vectors. Representative approaches include homomorphic encryption (HE) [54, 201], asymmetric matrix encryption
(AME) [202], asymmetric scalar-product-preserving encryption (ASPE) [166, 197, 206], and distance-comparison-
preserving encryption (DCPE) [42]. These schemes offer different trade-offs: HE and AME are computationally expensive;
ASPE has 𝑂 (𝑑) complexity but leaks some privacy [104]; DCPE supports only approximate comparison; and the recent
distance comparison encryption (DCE) [104] supports exact comparison in 𝑂 (𝑑) time.
(3) Client-Assisted Secure Search. Another line of work offloads graph traversal and distance evaluation to the client
while preserving access privacy via primitives such as private information retrieval (PIR) and oblivious RAM (ORAM) [28,
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Table 4. Summary of filtered similarity search approaches

Type Method Graph Graph index type Quantization Platform

General

Milvus [153] ✓ Unrestricted ✓ CPU/GPU
ADBV [165, 189] ✓ Unrestricted ✓ CPU

VBASE [195] ✓ Unrestricted ✓ CPU
ACORN [127] ✓ HNSW ✗ CPU

NHQ [155] ✓ Unrestricted ✗ CPU
NaviX [136] ✓ HNSW ✓ CPU/Disk
JAG [172] ✓ Unrestricted ✗ CPU

UniFilter [171] ✓ Unrestricted ✗ CPU
SIEVE [94] ✓ Unrestricted ✗ CPU

Categorical

FilteredVamana/StitchedVamana [50] ✓ Vamana ✗ CPU/Disk
UNG [19] ✓ Unrestricted ✗ CPU
ELI [180] ✓ HNSW ✗ CPU

VecFlow [167] ✓ Unrestricted ✗ GPU

Numerical

SeRF [208] ✓ HNSW ✗ CPU
HSIG [97] ✓ HNSW ✗ CPU

SuperPostfiltering [35] ✓ Unrestricted ✗ CPU
iRangeGraph [175] ✓ HNSW ✗ CPU

DIGRA [73] ✓ HNSW ✗ CPU
WoW [164] ✓ Unrestricted ✗ CPU

RangePQ [192] ✗ N/A ✓ CPU
Dynamic Range-Filtering ANNS [130] ✓ Unrestricted ✗ CPU

Hi-PNG [178] ✓ Unrestricted ✗ CPU
TS-Graph [159] ✓ Unrestricted ✗ CPU

49]. For example, PACMANN [203] lets the client privately retrieve local subgraphs and compute distances locally,
avoiding expensive server-side cryptographic distance computation.
Federated Secure Similarity Search: Federated approaches assume that data are distributed across multiple parties
and cannot be centralized. (i) FedKNN [196] supports secure federated 𝑘-NN search by letting each provider compute
local results and using a secure central aggregator based on trusted execution environments and oblivious primitives. It
further proposes DANN for adaptive workload allocation, and its secure variant DANN∗ provides (𝜖, 𝛿)-differential
obliviousness. (ii) FedSQ [207] improves the efficiency-accuracy trade-off by selectively probing only a subset of
participants using a cost-aware framework, together with sampling and pruning for approximate global top-𝑘 search.
(iii) FedVSE [36] supports both 𝑘-NN and hybrid queries by combining trusted execution environments with vector and
learned indexes. It uses a two-stage pipeline in which local candidates are first generated at each party and then securely
aggregated within enclaves. (iv) FedVS [37] further studies federated vector search with attribute filters. It adopts a
TEE-based two-phase framework for filter-aware local refinement and secure global top-𝑘 aggregation, together with
cost-aware scheduling and adaptive allocation to reduce load imbalance and unnecessary computation.

4 Filtered Similarity Search

Filtered similarity search (also called filtered vector search) augments ANN search with constraints over structured
attributes. Each object 𝑜𝑖 ∈ 𝑂 is represented as (𝑣𝑖 , 𝑎𝑖 ), where 𝑣𝑖 ∈ R𝑑 is the embedding vector and 𝑎𝑖 denotes its
attribute(s). A filtered query is specified as 𝑞 = (𝑣𝑞, 𝑝𝑞), where 𝑣𝑞 ∈ R𝑑 is the query vector and 𝑐𝑞 associating with 𝑝𝑞 is
an attribute constraint (e.g., a label set, a numeric range, or an interval/timestamp condition), which induces a predicate
𝑝𝑞 (𝑎𝑖 ). Let 𝑂𝑐𝑞 = {𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) ∈ 𝑂 | 𝑝𝑞 (𝑎𝑖 ) is true} be the valid subset. Filtered 𝑘-ANN then returns a size-𝑘 set from
{𝑣𝑖 | 𝑜𝑖 ∈ 𝑂𝑐𝑞 } that is approximately closest to 𝑣𝑞 . In this section, we denote 𝑘-ANN search without predicates as 𝑐𝑞 = ∅.
Taxonomy. Existing approaches for filtered similarity search can be broadly categorized into universal and dedicated

index approaches. Universal approaches aim to support arbitrary attributes and predicates using a single (or lightly
modified) vector index, whereas dedicated approaches build specialized index structures tailored to a specific attribute
type and predicate family. Table 4 summarizes these approaches from several perspectives, including whether they
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support general filters or focus specifically on categorical or numerical attributes, whether they are based on proximity-
graph indexes, quantization-based indexes, or both, whether they impose restrictions on the underlying graph index
type, and the target platform they are designed for.

4.1 Universal Index Approaches

Universal index approaches support filtered 𝑘-ANN queries 𝑞 = (𝑣𝑞, 𝑝𝑞) with arbitrary attributes and predicates by
reusing a single ANN index and making minimal changes to query processing or the index structure. Existing methods
mainly fall into four categories: (i) search-algorithm-based methods, which keep the index unchanged and only modify
query execution; (ii) index-augmentation-based methods, which modify or augment a PG/HNSW-style index to improve
reachability under filtering; (iii) index-introduction-based methods, which introduce an auxiliary predicate graph to
form an enhanced PG that supports both 𝑐𝑞 = ∅ and 𝑐𝑞 ≠ ∅ efficiently; and (iv) workload-aware methods, which build a
collection of indexes and use an analytical model to choose the best one at query time.
(1) Search Algorithms: This category keeps the index unchanged and incorporates the predicate only at query time.
(1-i) Pre-Filtering and Post-Filtering: Milvus [153] and ADBV [165, 189] propose two strategies: (1) pre-filtering, which
first materializes the valid subset O𝑝𝑞 and then obtain the 𝑘-ANN restricted to O𝑝𝑞 by brute-force scanning; and (2)
post-filtering, which first retrieves 𝑘 ′ candidates (𝑘 ′ > 𝑘) by ANN search on 𝑣𝑞 and then filters them by 𝑐𝑞 to obtain 𝑘
valid results. Post-filtering is simple but may require a large 𝑘 ′ when 𝑆𝑒𝑙 (𝑝𝑞) is small or when predicate satisfaction is
poorly aligned with the embedding neighbors in 𝐺 .
(1-ii) Two-Phase Execution: VBASE [195] proposes a search algorithm based on relaxed monotonicity. It unfolds in
two phases: it first navigates toward vectors close to 𝑣𝑞 while disregarding 𝑐𝑞 , and then iteratively expands the search
frontier while taking 𝑐𝑞 into account, so that the algorithm can continue exploring beyond the initial candidates when
they contain insufficient valid results.
(2) Index Augmentation on PG: This category modifies/augments the PG index so that the search can traverse
predicate-satisfying nodes more effectively and reduce early terminations caused by disconnected induced subgraphs.
(2-i) 2-Hop Augmentation. (a) ACORN [127] starts from a PG 𝐺 built for 𝑐𝑞 = ∅ and builds an augmented graph G by
adding 2-hop connectivity: if (𝑣𝑖 , 𝑣 𝑗 ) and (𝑣 𝑗 , 𝑣𝑘 ) are edges in 𝐺 , then 𝑣𝑘 can be treated as an additional neighbor of 𝑣𝑖
in G. ACORN provides two variants, ACORN-𝛾 and ACORN-1, which incorporate 2-hop information during graph
construction and during query processing, respectively. Given G, ACORN answers 𝑞 = (𝑣𝑞, 𝑝𝑞) by traversing only
nodes satisfying 𝑐𝑞 , leveraging the augmented connectivity to reduce search failures. (b) NaviX [136] further proposes
an adaptive 2-hop exploration strategy. It considers three heuristics: onehop-s, which explores only selected 1-hop
neighbors of the current candidate; blind, which continues to explore 2-hop neighbors in the default scanning order of
1-hop neighbors until enough selected nodes are examined; and directed, which also explores 2-hop neighbors but first
orders the 1-hop neighbors by their distances to the query vector 𝑣𝑞 , biasing the search toward regions closer to 𝑣𝑞 .
Based on the local selectivity around the current candidate, NaviX adaptively chooses among these heuristics at each
iteration, thereby improving robustness across different selectivities.
(2-ii) Composite Index and Joint Pruning. (a) NHQ [155] argues that treating filtering and vector search as two separate
steps, i.e., pre-/post-filtering, is not a good approach. It therefore proposes to build a composite index over the proximity
graph and performs joint pruning during traversal, where beam expansion considers both vector proximity to 𝑣𝑞
and feasibility under 𝑐𝑞 to prune unpromising branches early. To further improve navigability, NHQ introduces two
navigable proximity graphs (NPGs) as indices, revising edge selection and routing to mitigate local traps caused by
nearby nodes violating 𝑐𝑞 . With NPGs, the composite-index and joint-pruning traversal becomes more constraint-aware
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in search, reducing wasted expansions on infeasible neighbors. (b) JAG [172] improves robustness across different
selectivities and filter types by building a graph that jointly captures vector proximity and attribute proximity. It
introduces attribute and filter distances, turning a binary constraint into a continuous navigational signal. By optimizing
the graph with respect to both vector similarity and attribute proximity, JAG reduces navigational dead-ends under
filtering and aims to perform consistently across diverse predicates, such as label, range, subset, and Boolean filters.
(3) Index Introduction: UniFilter [171] differs from prior universal approaches by introducing an auxiliary predicate-
aware AND/OR graph and integrating it with the PG built for 𝑐𝑞 = ∅ into a unified index. It constructs an AND graph
for categorical attributes and an OR graph for numerical attributes, where each predicate node is associated with the
objects satisfying the corresponding predicate. Given a query predicate 𝑝𝑞 , UniFilter finds a minimal coverage set
of predicate nodes covering O𝑝𝑞 , and links them to vector nodes through carefully selected cross-edges to form an
enhanced PG. This enables traversal to move between predicate space and vector space, so that when invalid vector
nodes are reached, the search can jump to regions containing valid objects, reducing wasted exploration. Since the
original PG is preserved, the same index efficiently supports both unfiltered and filtered 𝑘-ANN queries.
(4) Workload-Aware Indices: SIEVE [94] builds a collection of indexes, each tailored to different predicate forms or
selectivity ranges, motivated by the observation that a single graphmay fail to preserve navigability for all filtered queries.
To construct this collection under a memory budget, it proposes a three-dimensional analytical model capturing the
relationships among index size, search time, and recall. It uses this model to guide index selection and parameterization
jointly. At query time, the same model is used to dynamically choose both the index and its search parameters that
provide the fastest search for the target recall.

4.2 Dedicated Index Approaches

Dedicated approaches build specialized indices for a given predicate family and can substantially improve search
efficiency, but they often do so at the cost of higher index complexity and larger space or maintenance overhead.
Categorical Attributes: Dedicated index approaches for categorical attributes assume that 𝑎𝑖 ⊆ 𝐴𝐶 , 𝑐𝑞 ⊆ 𝐴𝐶 , and an
object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) satisfies the predicate if 𝑐𝑞 ⊆ 𝑎𝑖 . (1) Label-Aware PG Construction. Filtered-DiskANN [50] proposes
two Vamana-based indices for categorical filtering. FilteredVamana incrementally inserts vectors and biases neighbor
discovery and edge selection toward vectors with compatible labels, so that predicate-satisfying nodes remain well
connected in the resulting graph. StitchedVamana first builds a separate Vamana graph for each label filter and then
merges these graphs into a single index by stitching their edges together, followed by pruning to bound the out-degree.
At query time, both methods perform beam search while restricting traversal to nodes satisfying the query predicate. (2)
Multiple PGs with a Navigating Graph. UNG [19] builds a PG 𝐺 𝑓 for each distinct label set 𝑓 appearing in the dataset,
where each object is maintained in the PG corresponding to its own label set. In addition, it builds a navigating graph
𝐺𝑁 over these label sets, where an edge connects a label set to its minimum superset. Given a query predicate 𝑐𝑞 , UNG
first identifies the minimal supersets of 𝑐𝑞 in 𝐺𝑁 , and then searches the corresponding PGs. In this way, it bridges label
containment and vector proximity through an explicit graph structure over categorical predicates. (3) Elastic Index
Selection. ELI [180] selectively indexes only a subset of label sets to support all queries. Its key observation is that an
index built for a label set 𝐿 can also serve any query label set 𝐿𝑞 with 𝐿 ⊆ 𝐿𝑞 , and the extra query cost is captured
by an elastic factor : the ratio between the numbers of vectors matching 𝐿 and 𝐿𝑞 . Based on this, ELI formulates index
selection as a constrained optimization problem under space and query-efficiency requirements, and proposes greedy
algorithms to decide which label sets should be indexed. Since the selected indexes are built on top of an underlying ANN
structure, ELI is index-agnostic and offers a flexible space-performance trade-off. (4) GPU-Oriented Hybrid Indexing.
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VecFlow [167] targets categorical filtered search on GPUs. Starting from an IVF-based index, it partitions posting lists
according to their label distribution patterns. For groups with highly selective labels, VecFlow builds GPU-friendly
graph indexes to accelerate candidate retrieval and avoid exhaustive scans over long posting lists; for the remaining
groups, it falls back to brute-force scans over the posting lists. This design is particularly effective for long-tailed filters,
where a few labels are frequent while many others are highly selective.
Numerical Attributes: Range Filters. Range filters assume that 𝑎𝑖 ∈ 𝐴𝑁 , 𝑐𝑞 = [𝑙𝑞, 𝑟𝑞] ⊆ 𝐴𝑁 , and an object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 )
satisfies the predicate if 𝑎𝑖 ∈ 𝑐𝑞 . (1) Range-Dedicated Index Decomposition. (i) SeRF [208] builds a segment graph by
sorting objects according to their numerical attributes and constructing compressed graph indexes for a large collection
of ranges. Given a query range, SeRF identifies the corresponding pre-built range structures and searches on them, so
that the traversal is restricted to vectors whose attributes fall into the desired range. However, its compression is lossy,
and the index is designed for static data. (ii) iRangeGraph [175] improves this by organizing the numerical domain
into a segment tree. Each tree node corresponds to a range, and query processing decomposes 𝑐𝑞 into 𝑂 (log |𝐴𝑁 |) tree
nodes and searches the corresponding indexes. Compared with SeRF, iRangeGraph offers a more systematic range
decomposition and avoids building indexes for all possible ranges. (iii) SuperPostfiltering [35] follows a related idea by
defining multiple overlapping ranges, building one index for each range, and answering a query by choosing a covering
range and then applying post-filteringwithin that range-specific index. (iv)DIGRA [73] extends the range-decomposition
idea toward dynamic settings. Built on a B-tree style organization of numerical attributes, it supports insertions and
deletions while preserving efficient query processing on range-specific graph indexes. (v) WoW [164] targets dynamic
settings by maintaining hierarchical range-to-range indexes of different sizes. A query is answered by combining
multiple ranges that cover 𝑝𝑞 , while updates only affect a bounded number of maintained range indexes. (2) Unified
Multi-Strategy Frameworks. UNIFY [97] supports pre-filtering, post-filtering, and hybrid filtering within a single PG.
Its core structure, Segmented Inclusive Graph (SIG), partitions data by attribute values and guarantees that PG induced
by any combination of segments is a subgraph of SIG, so that a query can reconstruct or directly search the relevant
subgraph for its range. Its hierarchical variant HSIG incorporates an HNSW hierarchy to reduce filtering complexity
while preserving support for different strategies within one unified index. (3) Maintenance-Oriented Methods. Beyond
DIGRA [73] and WoW [164] discussed before, there are also other methods explicitly targeting dynamic maintenance.
RangePQ [192] represents a quantization-based alternative to graph-based RFANN indexes. Instead of building multiple
graph structures for ranges, it uses quantization to support range-filtered search with improved space efficiency and
maintenance support. For streaming scenarios, Dynamic Range-Filtering ANNS [130] further studies compact dynamic
indexing by combining range-aware compression with labeled edges, so as to support many query ranges efficiently
under continuous arrivals.
Numerical Attributes: Interval and Timestamp Filters. Numerical attributes in existing studies also include two
variants. (1) Interval Filtering. Interval filtering assumes that 𝑎𝑖 , 𝑐𝑞 ⊆ 𝐴𝑁 , and an object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) satisfies the
predicate 𝑝𝑞 if 𝑎𝑖 ⊆ 𝑐𝑞 . Hi-PNG [178] addresses this setting by transforming each object interval [𝑙𝑖 , 𝑟𝑖 ] into a point
(𝑙𝑖 , 𝑟𝑖 ) in a two-dimensional space, and transforming the query interval [𝑙𝑞, 𝑟𝑞] into a query rectangle. It then builds
a hierarchical interval-partition navigating graph over this transformed space, so that a query can first identify the
relevant interval partitions and then search the corresponding graph structures. In this way, Hi-PNG bridges interval
containment and vector proximity through a hierarchical graph index. (2) Timestamp Filtering. Timestamp filtering
assumes that 𝑎𝑖 ⊆ 𝐴𝑁 , 𝑐𝑞 ∈ 𝐴𝑁 , and an object 𝑜𝑖 = (𝑣𝑖 , 𝑎𝑖 ) satisfies the predicate 𝑝𝑞 if 𝑐𝑞 ∈ 𝑎𝑖 . TSANN [159] proposes a
timestamp graph that maintains a unified graph index for all historical timestamps, instead of building one separate
index for each timestamp. To preserve graph connectivity when vectors expire over time, it introduces backup neighbors
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Table 5. Summary of multi-vector similarity search approaches

Method Graph Quantization Dense Sparse Multi-modality Platform
Milvus [153] ✓ ✓ ✓ ✓ ✓ CPU/GPU
VBASE [195] ✓ ✓ ✓ ✗ ✓ CPU

DEG [184] ✓ ✗ ✓ ✗ ✓ CPU
FCVI [60] ✓ ✓ ✓ ✗ ✗ CPU

RadiusSearch [168] ✓ ✓ ✓ ✗ ✗ CPU
MUVERA [31] ✗ ✗ ✓ ✗ ✗ CPU
PLAID [134] ✗ ✗ ✓ ✗ ✗ CPU

ColBERTv2 [135] ✗ ✗ ✓ ✗ ✗ CPU/GPU
EMVB [120] ✗ ✓ ✓ ✗ ✗ CPU

IGP [15] ✓ ✗ ✓ ✗ ✗ CPU
OneSparse [26] ✗ ✓ ✓ ✓ ✓ CPU

AdaptiveSearch [194] ✓ ✗ ✓ ✓ ✓ CPU
Allan-Poe [96] ✓ ✗ ✓ ✓ ✓ GPU

during updates, and further compresses the historical neighbor information using a historic neighbor tree. As a result,
TSANN supports timestamp-aware ANN search together with efficient updates and substantially reduced index space.

5 Multi-Vector Similarity Search

Multi-vector similarity search extends standard vector search from a single vector representation to multiple vectors.
As defined earlier, existing studies mainly involve two basic matching patterns: one-to-one vector matching, where
corresponding vectors are aggregated field by field, and one-to-many vector matching, where the final relevance is
computed by fine-grained interactions between two vector sets.

Existing studies fall into four categories: (i) multi-dense one-to-one vector search, where each object is associated with
multiple dense vectors and the final score is obtained by aggregating similarities of corresponding vector pairs; (ii)
multi-dense one-to-many vector search, where each object and query are represented as sets of dense vectors, and the
final relevance is computed by set-to-set interaction; (iii) hybrid search, where dense semantic embeddings are combined
with sparse lexical vectors or attribute-aware vectors; and (iv) one-modality multi-vector search, where each object is
associated with a single vector while the query contains multiple vectors, and the goal is to find objects that are jointly
close to all or any of the query vectors. Table 5 summarizes these approaches from several perspectives, including
whether they support proximity graph indexes or quantization-based indexes, whether they handle dense vectors or
sparse vectors, whether they support vectors from different modalities, and the target platform they are designed for.

5.1 Multi-Dense Vector Search

(1) Multi-Dense One-to-One Vector Search: Multi-dense one-to-one vector search assumes that each object is
associated with multiple dense vectors, and the final query distance (or similarity) is obtained by aggregating the
distances between corresponding vector pairs. Existing approaches can be grouped into four categories as follows.
(1-i) Iterative Candidate Expansion: A straightforward way to support aggregated scoring is to search each vector space
separately and then aggregate the candidate union. Milvus [153] follows this idea by iteratively expanding the per-vector
candidate sets: it first retrieves the top-𝑘 ′ results for each vector, aggregates over their union, and then enlarges 𝑘 ′ until
the final top-𝑘 no longer changes. This design is general and easy to deploy on top of existing ANN indexes, but it may
incur repeated search overhead when small per-vector candidate sets do not adequately cover the aggregated top-𝑘 .
(1-ii) Multi-Index Traversal with Guidance: VBASE [195] implements the NRA algorithm natively on the ANN index
scan operator, enabling multiple vector indexes to be traversed incrementally, so that it avoids repeatedly enlarging 𝑘 ′

and restarting the search. To optimize traversal order, VBASE proceeds in rounds and maintains both local and global
signals: a local priority queue stores results from the previous round to indicate which index is currently producing
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better candidates, while a global priority queue maintains overall candidates together with their aggregated scores. It
tracks the average score of traversed entities for each index as a global quality signal, such that it can allocate more
traversals in each round to high-quality indexes, while still visiting low-quality ones at least once to avoid local optima.
(1-iii) Two Dense Vector Case: For the special case of two dense vectors with a weighted aggregate score, DEG [184]
proposes a dedicated graph index. Its key idea is to treat the two constituent distances as two objectives and use a
Greedy Pareto Frontier Search algorithm to compute, for each node, a candidate neighbor set that covers approximate
nearest neighbors under different weighted values. Based on this candidate set, DEG performs dynamic edge pruning:
it assigns each retained edge an active range, indicating the interval of weighted values for which the edge should be
used. At query time, given a query-specific weight, DEG extracts the searchable subgraph by keeping only edges whose
active ranges contain the weight, and then performs graph search on this subgraph.
(1-iv) Attribute-as-Vector: FCVI [60] can be viewed as a special case of one-to-one multi-vector search. Each object is
represented as (𝑣𝑖 , 𝑓𝑖 ) and each query as (𝑞, 𝐹𝑞), where 𝑣𝑖 , 𝑞 are embeddings and 𝑓𝑖 , 𝐹𝑞 are filter vectors. Its objective
jointly minimizes the distance between 𝑣𝑖 and 𝑞 while maximizing the similarity between 𝑓𝑖 and 𝐹𝑞 . FCVI applies a
geometric transformation𝜓 (𝑣𝑖 , 𝑓𝑖 , 𝛼) that injects the filter vector into the original space without changing dimensionality,
moving vectors with similar filter values closer while largely preserving the original semantic structure. The transformed
query is handled in the same way: reducing the two-vector search problem to ANN search on transformed vectors.
(2) Multi-Dense One-to-Many Vector Search: Multi-dense one-to-many vector search assumes that each object
and query are associated with sets of dense vectors, and the final relevance is computed through interactions between
two vector sets. One approach is to convert this problem into ANN-based searches. (i)MUVERA [31] transforms the
problem into a single-vector retrieval problem by constructing fixed-dimensional encodings for queries and objects, so
that off-the-shelf MIPS solvers can be used for candidate generation followed by exact re-ranking. Beyond single-vector
proxies, some methods focus on optimizing late-interaction search more directly: (ii) PLAID [134] introduces centroid
interaction and centroid pruning to filter low-quality candidates early, while (iii) ColBERTv2 [135] reduces the storage
footprint of token-level representations through aggressive residual compression. (iv) EMVB [120] improves this by
combining bit-vector pre-filtering with product quantization to accelerate late interaction and reduce memory usage,
and (v) IGP [15] builds a proximity graph for MaxSim-style retrieval and uses incremental greedy probing to obtain
high-quality candidates with fewer probes. (vi) GEM [148] proposes a native graph-based index. It reduces redundancy
by assigning each vector set only to the clusters of its most informative vectors, and builds a dual graph with intra-cluster
graphs for local neighbor structure and a global graph for cross-cluster navigation. At query time, GEM performs a
multi-entry beam search from multiple promising clusters while pruning paths that drift into irrelevant regions.
(3) One-Modality Multi-Vector Search: One-modality multi-vector search assumes that each object is represented by
a single vector, while the query contains multiple vectors from the same modality. The goal is to retrieve objects close to
all/any of the query vectors. RadiusSearch [168] addresses this setting by replacing the single-query distance in graph
traversal with an all/any-radius, so that search is guided by multiple query vectors simultaneously. RadiusSearch+ [168]
further improves this: for any-𝑘 , it starts from 1-ANNs of all query vectors to cover multiple promising regions; for
all-𝑘 , it first finds 1-ANN of an intersection vector, thereby shortening the search path and improving efficiency.

5.2 Dense-Sparse Combined Similarity Search

Dense-sparse combined similarity search jointly uses dense vectors for semantic matching and sparse vectors for lexical
matching. Existing approaches fall into two categories: unified graph indexes and multiple-index methods.
(1) Unified Graph Index: (i) [194] studies dense-sparse hybrid vectors using a single PG. To improve effectiveness, it
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introduces distribution alignment, which pre-samples dense and sparse vectors and analyzes their distance distributions
so that the graph can better preserve the combined neighbor structure. To improve efficiency, it adopts an adaptive
two-stage strategy: search first computes dense distances only, and computes the full hybrid distance involving the
sparse part only for promising candidates; it further applies sparse-vector pruning to reduce the cost of sparse-distance
evaluation. (ii) Allan-Poe [96] extends dense-sparse retrieval to a more general hybrid search setting on GPUs. It builds
a unified graph-based index with isolated heterogeneous edge storage, so that dense, sparse, and full-text retrieval paths
are maintained in one graph while remaining separately addressable. To support efficient construction, it designs a
GPU indexing pipeline with a warp-level hybrid distance kernel, RNG-IP joint pruning, and keyword-aware neighbor
recycling, enabling the graph to capture hybrid neighbor structure efficiently. At query time, Allan-Poe employs a
dynamic fusion framework that supports arbitrary combinations of retrieval paths and weights without reconstructing
the index, and can further leverage logical edges derived from a knowledge graph for more complex queries.
(2) Multiple Indices: OneSparse [26] proposes a unified multi-index that combines an inverted index for sparse
vectors with a quantization-based index for dense vectors. Instead of letting each index finish its own top-𝑘 ′ search and
intersecting the results afterwards, OneSparse first narrows the search to matched posting lists and performs inter-index
intersection before final scoring and ranking. To make this efficient, it reorders both sparse and dense posting lists by
document IDs, so that candidates skipped in one index can be pruned early in the other during joint traversal.

6 Similarity Join

Similarity join is a fundamental operator for vector data management. Given two vector sets 𝑋 and 𝑌 , an 𝜖-similarity
join returns all vector pairs (𝑥,𝑦) ∈ 𝑋 × 𝑌 such that 𝛿 (𝑥,𝑦) ≤ 𝜖 , while a 𝑘-NN join returns, for each vector in one set,
the 𝑘 nearest vectors in the other set.
Taxonomy. In the literature, similarity join methods can be broadly categorized into exact and approximate methods.
Exact methods guarantee complete and correct join results, but their cost grows rapidly on high-dimensional dense
vectors and large-scale datasets. Approximate methods trade recall for efficiency, and are thus more aligned with
modern vector database workloads.

6.1 Exact Similarity Join

Many works study high-dimensional similarity joins, including 𝜖-similarity join [16, 18, 25, 68, 79, 84, 113, 131, 139] and
𝑘-NN join [17, 150–152, 185]. However, the notion of “high dimensionality” has changed substantially over time. Many
early studies [17, 84, 139, 185] treated tens of dimensions (e.g., around 40) as high-dimensional, whereas modern vector
databases often manage hundreds or even thousands of dimensions. These exact methods rely on spatial or metric
indexes, such as R-trees [18], metric-space indexes [68], and HDR tree and forest [150, 151], to prune non-promising
node pairs before verifying actual distances. Their high-level idea is to recursively join index nodes and use bounding
regions, pivot-based lower bounds, or triangle inequality pruning to avoid comparing all vector pairs. [152] further
proposes cluster-based batch update and pruning over HDR-Tree. Such methods can be effective in low or moderate
dimensions, but their pruning power weakens rapidly as dimensionality grows, because bounding regions become less
selective and index traversal incurs non-trivial overhead.

For exact high-dimensional dense vectors, the dominant paradigm is filter-and-refine (or sort-and-refine) [16, 25, 79,
131]. The filtering phase identifies candidate vector pairs that may satisfy the distance predicate, while the refinement
phase computes exact distances only for the filtered candidates.

A representative line is the Epsilon Grid Order (EGO) family [16, 79]. Given a vector 𝑝 = (𝑝1, . . . , 𝑝𝑑 ) and a threshold
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𝜖 , EGO overlays a regular grid of side length 𝜖 and maps 𝑝 to its cell coordinate 𝑔(𝑝) = (⌊𝑝1/𝜖⌋ , . . . , ⌊𝑝𝑑/𝜖⌋). Vectors
are then ordered lexicographically by their cell coordinates: for two vectors 𝑝 and 𝑞, 𝑝 <ego 𝑞 iff there exists a smallest
dimension 𝑖 such that ⌊𝑝𝑖/𝜖⌋ < ⌊𝑞𝑖/𝜖⌋ and

⌊
𝑝 𝑗/𝜖

⌋
=
⌊
𝑞 𝑗/𝜖

⌋
for all 𝑗 < 𝑖 . Under this order, every true join mate of 𝑝

must lie within the 𝜖-interval [𝑝 − (𝜖, . . . , 𝜖)𝑇 , 𝑝 + (𝜖, . . . , 𝜖)𝑇 ] in the ordered file; equivalently, if 𝑞 <ego 𝑝 − (𝜖, . . . , 𝜖)𝑇

or 𝑝 + (𝜖, . . . , 𝜖)𝑇 <ego 𝑞, then ∥𝑝 − 𝑞∥2 > 𝜖 , so (𝑝, 𝑞) cannot be a join pair. Thus, EGO compares only pairs whose
cell coordinates are sufficiently close in the induced order [16]. For two EGO-ordered sequences 𝑃 = ⟨𝑝1, . . . , 𝑝𝑘 ⟩ and
𝑄 = ⟨𝑞1, . . . , 𝑞𝑚⟩, EGO defines the active dimension of a sequence as the first dimension 𝑖 such that

⌊
𝑝1,𝑖/𝜖

⌋
<

⌊
𝑝𝑘,𝑖/𝜖

⌋
and

⌊
𝑝1, 𝑗/𝜖

⌋
=
⌊
𝑝𝑘,𝑗/𝜖

⌋
for all 𝑗 < 𝑖; dimensions 𝑗 < 𝑖 are inactive. These enable recursive pruning: if 𝑃 and 𝑄 share

an inactive dimension 𝑗 with
��⌊𝑝1, 𝑗/𝜖

⌋
−
⌊
𝑞1, 𝑗/𝜖

⌋�� ≥ 2, then the two sequences cannot contain any join pair and need
not be recursively compared [16]. Super-EGO [79] improves this line as follows: it reorders dimensions so that more
discriminative ones are examined earlier, uses more aggressive sequence-level pruning without materializing full boxes,
and computes partial squared distances 𝑆𝑡 (𝑎, 𝑏) =

∑𝑡
ℓ=1 (𝑎𝜋 (ℓ ) − 𝑏𝜋 (ℓ ) )2 under a dimension order 𝜋 chosen to maximize

early termination, aborting once 𝑆𝑡 (𝑎, 𝑏) > 𝜖2. It also proposes to parallelize the processing of multiple sequence pairs.
FGF-Hilbert [131] improves EGO-based approaches from a cache perspective. It reorders candidate refinement

according to a Fast General Form Hilbert space-filling curve. The key idea is that candidate pairs with nearby cell
identifiers tend to access nearby memory regions. Processing them in a locality-preserving order substantially improves
cache behavior across the memory hierarchy, thus reducing memory stalls during refinement.

DiskJoin [25] revisits exact similarity join approaches at billion scale. Unlike prior in-memory methods, DiskJoin
targets SSD-resident vector datasets on a singlemachine. Its design reduces repetitive SSD accesses and read amplification
through carefully scheduled data access, uses mainmemory as a dynamic cache with explicit cache-evictionmanagement,
and further applies probabilistic pruning to eliminate many vector pairs before exact distance evaluation.

6.2 Approximate Similarity Join

Approximate similarity join is more aligned with modern vector database workloads, since exact joins become prohib-
itively expensive as dimensionality and data scale grow. Existing approximate methods fall into two categories: (1)
selection-based methods, which view similarity join as a collection of independent 𝜖-range queries, i.e., for each vector
in one dataset, search the other dataset for vectors within distance 𝜖 and union all returned pairs as the final join result;
and (2) reuse-aware methods, which go beyond this view by reusing intermediate results across nearby queries.
(1) Selection-Based Method: This line can be further divided into four categories. (1-i) LSH-Based Methods. One
major family is based on locality-sensitive hashing (LSH) [7, 90, 132, 186, 188]. At a high level, these methods first
project each vector to one or multiple hash values so that nearby vectors collide with high probability, then treat the join
as an equi-join over hash buckets where colliding pairs are taken as candidates, and finally verify them by exact distance
computation to remove false positives. In practice, they often employ multiple hash tables, concatenated hash functions,
or multi-probe/collision-counting techniques to balance recall and candidate size. (1-ii) Graph-Based Methods. HSJ [133]
proposes an external strategy that repeatedly issues 𝑘-ANN queries with adaptively increased 𝑘 until the threshold
condition is covered. For each vector 𝑥 , it initializes 𝑘init = 𝑒 𝑓 + (1 − 𝜏) · 𝑒 𝑓 , runs 𝑘init-ANN search on HNSW, and lets
𝑦𝑘 be the least similar vector in the returned top-𝑘 set. If sim(𝑥,𝑦𝑘 ) ≥ 𝜏 , the current result may still be truncated before
covering the full threshold answer, so it enlarges 𝑘 as 𝑘 ← 𝑘 + (1−𝜏 ) ·𝑘

1−sim(𝑥,𝑦𝑘 ) and reissues the ANN search. It stops only
when sim(𝑥,𝑦𝑘 ) < 𝜏 , and then verifies the returned set to keep vectors with similarity at least 𝜏 . (1-iii) Two-Stage Search.
VBASE [195] supports approximate 𝜖-range queries on ANN indexes through a two-stage framework based on relaxed
monotonicity. It first performs a 1-ANN search to obtain a seed close to the query, and then incrementally expands
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from this seed while filtering candidates by the threshold predicate 𝜖 . Next, VBASE supports approximate similarity
join through this 𝜖-range search operator. (1-iv) Learning-Based Pruning. Xling [160] strengthens independent-query
approximate joins with a learned filter. It trains a regression-based metric-space filter to predict whether a query has
enough 𝜖-neighbors, and skips queries unlikely to contribute sufficient join results, thereby reducing unnecessary
neighbor searches. Xling is engine-agnostic and can be plugged into loop-based similarity join methods.
(2) Reuse-Aware Join Processing: This line exploits the fact that nearby query vectors often have highly overlapping
join results or similar traversal behaviors. (2-i) SimJoin [169] observes that similarity join is not merely a bag of
independent range queries, because nearby query vectors often share highly overlapping join results. It defines the
join window of a vector 𝑥𝑖 as 𝐽𝑖 = {𝑦 ∈ 𝑌 | 𝛿 (𝑥𝑖 , 𝑦) ≤ 𝜖} and reuses results from already processed vectors. Its first
key idea is join window sliding, which incrementally slides from the join window of one vector to that of an adjacent
vector instead of restarting search from scratch; since exact adjacency is unavailable in high dimensions, SimJoin
uses a proximity graph as an approximate adjacent graph. Its second key idea is join window order selection, which
models transition costs between vectors as a weighted graph and chooses a low-cost processing order by solving
an optimization problem. SimJoin also extends this framework to support 𝑘-similarity join. (2-ii) ES+MI+Adapt [83]
extends SimJoin from output reuse to deeper traversal reuse. Its first idea is soft work sharing: instead of caching all
in-range join results of a processed query, it caches only the closest visited data point, even if it is out of range, so that
similar later queries can still reuse traversal effort under small thresholds while keeping the cache compact. Its third
idea is an adaptive hybrid BFS-BestFS traversal for OOD queries: unlike SimJoin’s BFS, which expands only in-range
points, it keeps a bounded number of out-range points in the queue, allowing traversal to cross out-range walls and
discover disconnected in-range regions. This hybrid mode is enabled only when a query is predicted to be OOD using a
local distance-ratio heuristic, thereby improving recall without always incurring the extra traversal overhead.

7 Future Directions and Open Challenges

In this section, we aim to discuss prevalent research trends addressing various challenges in this domain and offer
perspectives on potential future research opportunities.
(1) Toward Unified Query Processing Frameworks. A key future direction is to move toward unified vector query
processing along two directions. (i) Unify processing across different query types in vector databases. As reviewed in
this survey, similarity search, filtered similarity search, multi-vector similarity search, and similarity join are still largely
supported by separate index designs, search strategies, and pruning mechanisms; even when some methods begin
to blur these boundaries, they are usually limited to specific settings rather than a general framework. As a result,
practical workloads that combine vector similarity, structured predicates, multiple dense or sparse representations, and
join matching still rely on multiple disconnected techniques. A natural direction is therefore to investigate whether
one high-performance index, or one family of tightly integrated indexes, can support multiple query types efficiently.
This also motivates a declarative, non-procedural interface, similar to SQL, for expressing diverse vector queries
uniformly, together with unified optimizer abstractions and cost models for comparing alternative execution strategies.
(ii) Integrate vector query processing with traditional database systems. It can be achieved by treating vectors as native
data types rather than external objects handled outside the database engine. Most existing approaches are still developed
over vector datasets in isolation, so vector search remains largely separated from structured attributes, relations, and
standard relational operators. A promising direction is thus to support vectors as first-class data types in general-purpose
DBMSs, potentially through SQL-like interfaces with native vector predicates and operators, so that vector retrieval
can be jointly optimized with filters, joins, grouping, and aggregation. This further raises several research directions,
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including how vector predicates should be represented in the query model, e.g., as approximate selections, top-𝑘
operators, or a new class of similarity-aware joins, how optimizers should reason jointly about vector retrieval and
structured query processing, and how statistics and cost models should capture not only vector search cost but also its
interaction with filters, joins, and aggregations.
(2) Bridging the Gap between Theoretical Guarantees and Practical Performance. Another important fu-
ture direction is to bridge the gap between theoretical guarantees and practical performance along two aspects.
(i) The gap between provable guarantees and state-of-the-art index design. As reviewed in this survey, graph indexes
are among the most effective methods for similarity search in practice, yet most high-performance graph indexes
are heuristic. Although several graph-based methods, such as MRNG, Vamana, FANNG, 𝜏-MG, 𝛼-CG, and LMG,
provide theoretical guarantees, these guarantees often rely on additional assumptions or expensive graph proper-
ties, and usually incur high construction cost due to costly edge selection and graph refinement. A natural direc-
tion is therefore to revisit graph index design by jointly balancing three objectives: theoretical guarantees, practical
query performance, and index construction cost. Instead of directly adopting expensive exact theoretical construc-
tions, future work may investigate approximate or relaxed constructions that preserve the most important prov-
able properties while remaining practical to build, for example, through new pruning rules or multi-stage construc-
tion pipelines. More broadly, progress in this direction may also provide useful theoretical foundations for other
query types reviewed in this survey, such as filtered similarity search, multi-vector similarity search, and similar-
ity join. (ii) The gap between benchmark-based evaluation and theory-driven assessment. Existing methods are still
mainly compared through empirical trade-offs on selected datasets and benchmark suites, using metrics such as recall,
QPS, latency, and memory. While such evaluation is useful, it is highly data-dependent, and conclusions may vary across
datasets, query distributions, and implementation details, making it difficult to understand the intrinsic strengths and
weaknesses of an index without extensive experiments. Although some early attempts, such as query-hardness measures
and analytical models, move toward more analytical characterization, they remain local to specific tasks. A promising
direction is thus to develop theory-driven or structure-aware evaluation methods that complement benchmarking, for
example, by studying whether graph properties, navigability measures, robustness indicators, or approximation bounds
can serve as more direct predictors of query performance. Such metrics would not replace empirical evaluation, but
could provide a more principled basis for comparing vector index designs.
(3) New Query Types and Workloads Triggered by LLMs, RAG, and Agentic Systems. LLMs, RAG, and agentic
systems introduce new vector query types and workloads that go beyond the assumptions of current vector databases
in at least two aspects. (i) Multi-query workflows. Most existing methods assume that queries are issued and processed
largely independently. In contrast, agentic systems often generate a sequence of correlated subqueries [85], whose
later queries depend on earlier retrieval results, intermediate reasoning states, or tool outputs. Processing them
independently may lead to substantial redundant work, while current vector query engines still lack a principled
framework for multiple-query optimization (MQO), despite MQO having long been studied in traditional databases. A
natural direction is therefore to move from query-at-a-time execution to workload-aware optimization over query sets
or streams, for example, by generalizing reuse-aware ideas from similarity join so that traversal states and intermediate
results can be shared across correlated agent-generated subqueries, and by revisiting MQO in the vector setting
at the levels of candidate generation and graph traversal. This may further motivate new declarative abstractions
for agentic retrieval workloads, where a vector database optimizes an entire retrieval pipeline rather than a single
query. (ii) Reliability, privacy, and security. When vector retrieval becomes part of a larger LLM or agentic workflow,
retrieval must satisfy stronger reliability requirements, such as uncertainty detection, failure control, and abstention
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or clarification when retrieval is unreliable [21], while also handling privacy and security risks, including sensitive
retrieved context, access-pattern leakage, and unsafe output exposure. Future work may therefore investigate secure
and federated vector query processing frameworks that better control leakage, support filtered secure search, and scale
to interactive workloads, as well as more robust query planning and execution strategies that can dynamically adjust
search effort, trigger verification, or defer to safer fallback strategies when uncertainty is high.

8 Conclusion

Vector databases have become an important foundation for modern AI and data-intensive applications, such as RAG
and agentic systems, where query processing over high-dimensional vectors is no longer limited to classical ANN
search. To provide a structured understanding of this rapidly evolving area, this paper presents a comprehensive survey
on query processing techniques in vector databases.

We first introduce the preliminaries and formalize four query types studied in vector databases, namely similarity
search, filtered similarity search, multi-vector similarity search, and similarity join. We then review similarity search,
which is the core primitive in vector databases. In particular, we summarize the two dominant lines of approaches, i.e.,
proximity graph and quantization, and further discuss several closely related directions, including distance computation
acceleration, hard and out-of-distribution query processing, and secure similarity search. Next, we survey filtered
similarity search, where vector retrieval is combined with structured predicates. We organize existing studies into
universal and dedicated index approaches, and discuss how different methods support categorical, numerical, interval,
and timestamp filters. We further review multi-vector similarity search, where either objects or queries are represented
by multiple vectors. We summarize one-to-one and one-to-many matching for multi-vector objects, as well as one-
modality multi-vector search and dense-sparse combined search, showing how richer matching semantics lead to new
indexing and traversal designs beyond standard ANN search. After that, we survey similarity join, which extends
vector retrieval from point queries to large-scale pairwise matching, by reviewing both exact and approximate methods.
Finally, we discuss the research focus and the existing research gaps in query processing in vector databases, and
identify several future directions and open challenges.
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