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As vector databases become increasingly critical to supporting large language models (LLMs), efficient and

effective vector data retrieval has become imperative. Filtered vector search, which retrieves relevant vectors

under scalar filter constraints, has recently attracted significant attention. However, existing benchmarks for

evaluating filtered vector search have three major limitations. First, they rely on simple, low-dimensional

datasets that fail to reflect real-world scenarios involving thousands of dimensions and millions of records.

Second, they use random filter values, resulting in trivial query plans that do not adequately challenge

modern vector database optimizers. Third, they lack a unified evaluation metric to comprehensively quantify

end-to-end performance.

In this work, we propose VecBench, a controllable benchmark for holistic evaluation of filtered vector search.

Designing such a benchmark poses three key challenges: (1) generating high-dimensional and large-scale

vector data while preserving the original similarity distribution, (2) constructing representative benchmark

queries that capture diverse filtered search strategies, and (3) developing a unified metric that enables fair and

comprehensive comparisons under both static and dynamic scenarios. VecBench addresses these challenges
through controllable data generation, adjustable query synthesis, and end-to-end holistic benchmarking. First,
it can generate massive vector data with flexible dimensionality and scale while preserving the original

distribution with a provable error bound. Second, it supports fine-grained workload control by varying

selectivity and filter correlation, enabling systematic stress testing of different filtered search strategies. Third,

it introduces a unified evaluation framework covering six phases, including concurrent query processing and

dynamic update scenarios. To demonstrate the effectiveness of VecBench and to shed light on the strengths and
weaknesses of different filtered vector search methods, we conduct extensive experiments on ten representative

approaches across four popular vector databases.
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1 Introduction
Efficient and high-recall vector search has become a critical component for large language models

(LLMs), as it underpins retrieval-augmented generation (RAG) and effectively mitigates halluci-

nation issues [7, 10, 33, 50, 51]. Vector databases serve as external memory to support complex

inference processes in LLMs [9, 28, 32, 35]. Beyond plain similarity search, many real-world ap-

plications require filtered vector search [4, 38, 41], where similarity search over embeddings is

combined with structured attribute constraints (e.g., equality or range filters). For example, an

e-commerce user may specify size and price filters when retrieving similar product images [44, 46],

or a marketing team may search internal documents within a specific time period. To meet such

demands, mainstream vector databases have incorporated filtered vector search as a core func-

tionality, adopting different indexing methods (e.g., HNSW [29, 30] and IVFFLAT [8]) and search

strategies (e.g., pre-filtering, post-filtering, and in-filtering) [4, 35, 44]. However, the diversity of

these techniques calls for a tailored and comprehensive benchmark to evaluate the performance of

filtered vector search methods.

Limitations of Existing Benchmarks. Lately, several benchmarks have been proposed for

filtered vector search, including Big-ANN [40], VectorDBBench [53], and BigVectorBench [22].

While the benchmarks provide data and workloads for evaluating filtered vector search, they remain

insufficient due to three limitations:

• Limited data realism. Existing datasets have fixed, relatively low dimensionality (typically

below 1,000), making them inadequate to reflect realistic high-dimensional, large-scale scenarios.

• Simplistic workload design. The workloads of existing benchmarks typically use only a single

type of filter (equality or range) with randomly sampled values from a small data domain, offering

little challenge for modern query optimization where filters are often diverse and correlated with

the vector distribution.

• Lack of dynamic evaluation.Most benchmarks focus solely on static query workloads, over-

looking dynamic update scenarios that are common in real-world applications.

(a) Effect of Dimensionality on Latency (b) Effect of Dataset Scale on Latency

(c) Effect of Correlation on Recall (d) Effect of Correlation on Latency

Fig. 1. Comparison of average query latency in (a, b, d) and recall in (c) across three vector databases on the
YFCC dataset [31].
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Fig. 2. Comparison of query-only and query+update execution times for three vector databases. Left values
represent query-only times, while right values represent the combined query+update times.

These limitations hinder a comprehensive understanding of vector database performance under

realistic, heterogeneous workloads.

Motivations, Challenges, and Solutions. To address the limitations, we propose VecBench, a
controllable benchmark for holistic evaluation of filtered vector search. Table 1 compares existing

benchmarks with VecBench, highlighting six key features. Unlike prior work that primarily targets

approximate nearest neighbor (ANN) search with simple filters over static data, VecBench supports
controllable data generation, adjustable selectivity, steerable filter correlation, multi-type predicates,

and dynamic update scenarios. Specifically, VecBench addresses three key challenges.

C1. Controllable vector data generation with realistic distribution. Existing benchmarks

typically rely on datasets with fixed dimensionality and scale, lacking controllability to adapt to

diverse benchmarking scenarios. However, in practice, variations in these factors can significantly

affect system performance [47]. As illustrated in Figure 1a and 1b, increasing dimensionality and

scale by 10x leads to substantial latency increases in Pgvector, Milvus, and Qdrant (e.g., 15x and

2x higher latency for Pgvector). This observation underscores the need to evaluate systems under

diverse data distribution for a comprehensive performance understanding.

However, generating vector data that is both controllable in dimension and scale and can closely

approximate realistic distributions is non-trivial. Naive methods, such as randomly dropping

or selecting columns, may distort the original distribution, while deep generative models (e.g.,

Generative Adversarial Network [14], Variational Autoencoder [23], and diffusion models [18])

may incur prohibitive training and generation costs at a large scale. To address this challenge,

VecBench introduces a controllable data generation method that preserves the essential structure of

the original distribution while allowing flexible control over dimensionality and scale. Specifically,

it applies random linear projection based on the Johnson–Lindenstrauss lemma [24], ensuring both

efficiency and a provable error bound.

C2. Filter vector search query synthesis with adjustable selectivity and filter correlation.
Existing benchmarks typically adopt simple filter types and randomly sample filter values, failing

to reflect realistic query patterns where filters often include equality, range, or contain predicates,

and their values may correlate with the distribution of the underlying vectors. For example, when

the correlation between filter values and vector distribution is zero, the nearest neighbors are

unlikely to satisfy the filter conditions. As shown in Figure 1c and 1d, varying filter correlation

significantly impacts system behavior: Milvus achieves the highest recall when correlation = 0,

whereas Pgvector performs best when correlation = 0.5. In terms of latency, Milvus exhibits an
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Table 1. Comparison of Existing Benchmarks on Filtered Vector Search.

Features ANN-
Benchmarks [2] Big-ANN [40] Vector

DBBench [53]
BigVector
Bench [22] VecBench

Approximate Nearest Neighbor Search ✓ ✓ ✓ ✓ ✓
Controllable Data Generation × × × × ✓

Adjustable Selectivity × × × × ✓
Steerable Filter Correlation × × × × ✓

Multi-type predicates that include
equal, range and in filters. × × × ✓ ✓

Dynamic test cases that include
insert, update, and delete × × × ✓ ✓

order-of-magnitude increase when correlation = 0, highlighting that query characteristics can

drastically affect performance.

However, generating queries with a target criterion (such as selectivity and correlation) is

challenging due to the complex joint distribution between structured and vector features. To

address this, VecBench introduces a distribution-aware query synthesis method that enables fine-

grained control over the correlation between vector features and filter values, enabling precise

evaluation and better explainability of filtered vector search performance.

C3. Unified metric for holistic comparison of filtered vector search. Existing benchmarks

typically report isolated metrics such as latency, recall, or throughput, which fail to capture the

inherent system-level trade-offs. For example, fast index construction may come at the cost of slow

updates. Focusing on a single dimension (e.g., query latency) risks overlooking critical bottlenecks

in indexing or maintenance. As shown in Figure 2, Pgvector and Milvus achieve the lowest and

highest latency in query-only scenarios, respectively. However, we observe the opposite results

when updates are introduced, allowing Pgvector and Milvus to achieve the worst and best overall

latency. This observation highlights the necessity of evaluating both static and dynamic workloads.

However, defining a unified metric for holistic comparison across systems is non-trivial due to

the large exploration space and diverse performance dimensions [48]. To address the challenge,

VecBench proposes an end-to-end evaluation framework covering six execution phases, considering

concurrent query processing and dynamic updates. We further introduce a unified ranking-based

metric that aggregates multi-phase performance into a single comparable score, enabling holistic

benchmarking of filtered vector search systems.

In summary, we make the following contributions:

• We propose VecBench, a controllable benchmark for holistic evaluation of filtered vector search.

• For understanding of vector database performance under realistic, heterogeneous workloads,

we develop novel techniques for controllable data generation, adjustable query synthesis, and

end-to-end holistic benchmarking.

• We demonstrate the effectiveness of VecBench by evaluating four widely used vector databases

with ten representative filtered vector search techniques. The results show that VecBench enables
a more principled and comprehensive evaluation of filtered vector search, providing clearer

insights into system trade-offs and performance characteristics. The source code of VecBench is

publicly available at Github
1
, along with a leaderboard for tracking benchmark results.

2 Preliminary
In this section, we formally define the research problem of filtered vector search, along with two

essential concepts, selectivity and filter correlation. We then introduce representative vector storage

formats and index types, followed by a detailed review of the principles of various filtered search

1
https://github.com/ruc-datalab/VecBench
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strategies as well as their respective advantages and challenges. Finally, we introduce the CRUD

mechanisms and concurrent query processing in vector databases.

2.1 Definitions
Definition 2.1 (Filtered Search Query Q). A filtered search query is a triple Q = (q, 𝑃, 𝐾), where

q ∈ R𝑑 is the query vector; 𝑃 (·) is a logical predicate set over scalar attributes, possibly involving

multiple columns; and 𝐾 is the number of nearest neighbors to retrieve. Given a dataset D =

{(v𝑖 , S𝑖 ) | 𝑖 = 1, 2, . . . , 𝑁 }, where v𝑖 ∈ R𝑑 denotes the vector embedding and S𝑖 = (𝑠𝑖1, 𝑠𝑖2, . . . , 𝑠𝑖𝑚)
the multi-column scalar attributes, the predicate-filtered subset is

D𝑃 = {(v𝑖 , S𝑖 ) ∈ D | 𝑃 (s𝑖 ) = true}.

The execution of query Q over dataset D yields the top-𝐾 nearest vectors to q within the filtered

subset D𝑃 :

R(Q) = Top-𝐾v𝑖 ∈D𝑃
dist(q, v𝑖 ), (1)

where dist(·, ·) is a vector distance function (e.g., Euclidean or cosine). In other words, Q specifies

both the filtering predicate and similarity criterion that jointly determine the final result R(Q). Our
work evaluates a system’s ability to execute filtered vector search under diverse benchmarking

tasks, specifically investigating how it minimizes latency while maintaining high recall under

different data dimension, scale, and filtering conditions.

A filtered vector search query can be expressed as follows:

SELECT ∗ FROM T

WHERE c o l 1 = t ag AND c o l 2 > value
ORDER BY d i s t a n c e ( q , v e c t o r _ c o l )

LIMIT K ;

The above query retrieves the top-𝐾 nearest vectors to q from table T, e.g., vector_col, restricted to

the subset of records satisfying the predicate 𝑃 (·) over the target columns e.g., col1 and col2.

Definition 2.2 (Filter Correlation 𝑐 (𝑘 )
𝑓

). The filter correlation quantifies the local dependency

between the scalar predicate 𝑃 (·) and the spatial distribution of vectors in the embedding space.

Unlike the selectivity 𝑠𝑓 , which reflects overall selectivity, 𝑐
(𝑘 )
𝑓

characterizes how strongly the

predicate is correlated with the local vector neighborhood around a query.

Formally, for a query vector q, letN𝑘 (q) ⊆ D denote its 𝑘 nearest neighbors. We define the filter
correlation 𝑐 (𝑘 )

𝑓
for predicate 𝑃 (·) over query q within this neighborhood as

𝑐
(𝑘 )
𝑓

(q) = |N𝑘 (q) ∩ D𝑃 |
|N𝑘 (q) |

. (2)

where 𝑐
(𝑘 )
𝑓

(q) reflects how densely the predicate is satisfied within the local neighborhood of q: a

higher 𝑐
(𝑘 )
𝑓

(q) indicates that predicate-satisfying records are concentrated near q, while a lower
value suggests sparsity.

example 1. Considering the same SQL above. If the query q lies in a region where 80 of its 𝑘 =

100 nearest neighbors satisfy the predicate, then 𝑐 (100)
𝑓

(q) = 80/100 = 0.8, indicating strong filter

correlation. Conversely, if none of the 100 neighbors satisfy the predicate (𝑐 (100)
𝑓

(q) = 0), reflecting
weak filter correlation.
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2.2 Vector Storage and Indexes
Existing systems can be broadly categorized into two categories [34]: relational-extended databases
that embed vector types into traditional engines (e.g., PostgreSQL+pgvector, AnalyticDB-V [44],

ClickHouse [39]), and native vector databases that adopt purpose-built architectures (e.g., Milvus

and Qdrant). Their design ideas lead to fundamental differences in storage layout and indexing

behavior, which in turn influence performance characteristics between different databases.

Storage Models. Relational-extended systems inherit the page-based storage model of traditional

databases, where vectors are stored as column values within fixed-size pages. This design benefits

from mature transaction and recovery mechanisms but suffers from limited spatial locality and

coarse-grained I/O. Moreover, page-level locking and fixed-size allocation restrict concurrent or

asynchronous index construction, and queries typically traverse entire tables or indexes within a

unified execution plan. In contrast, native vector databases employ segment-based data layouts,

where data are partitioned into independently managed segments. Each segment can be indexed,

searched, or compacted asynchronously, allowing batch index construction and concurrent queries.

During search, multiple segments are searched in parallel, and partial results are merged to form

the final top-𝐾 , yielding better scalability and recall. Although such systems often relax strict

ACID guarantees, their lightweight design significantly improves indexing and query efficiency at

scale [1, 27].

Index Structures. Existing vector databases primarily adopt either table-based or graph-based
structures, each offering distinct trade-offs between retrieval precision, update efficiency, and

memory overhead. Table-based indexes, such as IVFFLAT and IVFADC, partitions the vector space

into clusters (e.g., via 𝑘-means [3] and restricts search to a subset of clusters. It supports efficient

updates and controllable recall–latency trade-offs but is sensitive to clustering quality and the

number of probed partitions. Graph-based indexes such as HNSW [30], NSG [11], and KGraph [6]

construct the navigable small-world graph where each node represents a vector connected to its

neighbors by similarity. However, they typically incur higher memory overhead and maintenance

costs. Besides, efficient online updates on them remain non-trivial. Recently, several hybrid indexes
(e.g., NHQ [43], Filtered-DiskANN [13], ACORN [36], SeRF [54], UNIFY [26]) have been proposed

to integrate vector similarity with scalar predicates for filtered search. While some of these designs

have begun to be integrated into production systems (e.g., DiskANN in Milvus and ACORN in

Weaviate), broad adoption remains challenging as many existing hybrid indexes still struggle to

handle complex query predicates, high-concurrency processing, and frequent dynamic updates.

2.3 Filtered Search Strategies
Filtered search strategies in vector databases can be categorized into four approaches: pre-filtering,
post-filtering, in-filtering, and expanded-filtering, depending on when scalar predicates are checked

relative to approximate nearest neighbor search (ANNS), e.g. before, during, or after the ANNS

process and whether scalar attributes are integrated into the index structure itself [34] [4]. As

shown in Figure 3, pre-filtering and post-filtering refer to sequentially performing ANNS and scalar

filtering operations in different orders, in-filtering refers to performing filtering operations while

conducting ANNS, and expanded-filtering achieves filtered search on an expanded index structure

by modifying the original index structure to integrate scalar information.

(1) Pre-filtering. It first applies scalar indices like B+-tree [15] to obtain a subset of data satisfying

the filtering predicates, followed by a brute-force vector searchwithin this subset since vector indices

constructed based on the entire dataset cannot be reused on filtered subsets. Such method performs

well in scenarios with low selectivity, as the reduced candidate set lowers the computational cost.

However, it becomes prohibitively expensive when selectivity is high because the time overhead is
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Fig. 3. Comparison of four mainstream filter search strategies in vector databases: pre-filtering, post-filtering,
in-filtering, and expanded-filtering.

extremely high due to the need to perform brute-force searches on a large number of candidate

data points.

(2) Post-filtering. This strategy first performs ANNS using vector indexes to retrieve a candidate

set, and then applies scalar filters to produce final results. Post-filtering is efficient when the

selectivity is high, since vector search dominates the cost. However, the candidate set may contain

too few items that satisfy the predicate conditions with low selectivity, risking insufficient results.

To compensate, relational systems like Pgvector employ iterative post-filtering, which performs

iterative index scans to fetch candidates in batches until the required number of results is met.

However, this approach still faces performance challenges as it is hard to tune the specific expansion

ratio due to the influence of data and query distribution.

(3) In-filtering. This strategy integrates predicate checks during the ANNS process, e.g., by

verifying each visited candidate directly or using a precomputed bitset. While in-filtering mitigates

the “insufficient results” issue of post-filtering, its performance can still be compromised in complex

data distributions since the underlying index structure remains unchanged. To address this, recent

advancements like NHQ guide the search using a hybrid distance metric that fuses vector similarity

with scalar constraints, while UNIFY adaptively selects between skip-lists and joint-filtering based

on query selectivity.

(4) Expanded-filtering. This strategy integrates scalar information directly into the vector index

structure and adapts the search logic accordingly. Representative hybrid indexes leverage this by

modifying the index topology or traversal rules. For example, iRangeGraph and SeRF organize

subgraphs into hierarchies or use attribute-sorted insertion to encode constraints into the graph. To

handle diverse distributions, RWalks employs attribute-aware random walks to diffuse constraint

signals, steering the search towards nodes satisfying the predicates. This design achieves high

efficiency and accuracy by tightly coupling filtering and similarity computation. Its main drawbacks

lie in increased index construction complexity, higher storage overhead, and potentially higher

query cost due to more elaborate index structures.

Dynamic Strategy Selection. Existing vector databases tend to employ multiple of these strategies

and choose among them dynamically to optimize filtered search performance. Overall, relational sys-

tems make cost-driven decisions at query planning time, while native systems employ lightweight

runtime heuristics to balance efficiency and recall across varying query conditions. Relationally-

extended systems such as PostgreSQL with Pgvector typically rely on a cost-based optimizer, which

estimates the computational cost of different query plans based on factors such as filter selectivity,

index statistics, and data size. During query planning, the optimizer evaluates whether it is more

efficient to perform pre-filtering or post-filtering. In contrast, native vector databases such asMilvus
and Qdrant typically employ threshold-based heuristics to decide whether to utilize vector indexes
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or fall back to full scans when filters are applied. When the estimated number of filtered data points

exceeds this threshold, the system executes an indexed ANNS (e.g., IVF or HNSW) and applies the

filter condition either during or after the vector search.

2.4 CRUD Mechanisms
CRUD operations—Create, Read, Update, and Delete—form the foundation of vector database man-

agement can significantly influence index maintenance overhead, recall and latency [5, 17, 21, 49].

Specially, in relational-extended systems, inserts and updates are executed synchronously through

SQL operations, with corresponding vector index entries updated in place. This design provides

immediate query visibility and strong consistency but incurs higher write latency and CPU over-

head due to transactional coupling between data and indexes. Native systems, by contrast, adopt

asynchronous ingestion pipelines in which new vectors are first written to in-memory buffers or

write-ahead logs and indexed lazily during background compaction. Such decoupling achieves

high ingestion throughput and scalability but delays index availability until the next merge cy-

cle. For read operations, relational systems typically employ multi-version concurrency control

(MVCC) [45] and cost-based optimization to ensure snapshot consistency and unified query plan-

ning, whereas native systems rely on lightweight snapshot isolation over immutable segment

files, enabling highly concurrent and low-latency retrieval. Updates and deletions in relational

systems trigger synchronous index maintenance to preserve correctness, while native systems use

lazy invalidation—marking outdated entries as inactive and periodically rebuilding indexes—to

avoid online disruption. This deferred maintenance enhances availability and write efficiency but

introduces transient staleness and additional storage overhead.

2.5 ConcurrentQuery Processing
Concurrent query processing in vector databases requires balancing throughput, isolation, and

latency under multiple read requests in parallel. Relational-extended systems, such as PostgreSQL

with Pgvector, execute concurrent hybrid queries within the SQL engine under snapshot isolation.

Each query plan is optimized independently using a cost-based model, enabling efficient scheduling

and resource utilization even under high connection concurrency. Although these systems carry

transactional overhead, their sophisticated execution pipelines and caching mechanisms often yield

stable performance for concurrent workloads. Native systems adopt a more data-parallel model

where queries are decomposed into subtasks (e.g., candidate generation and distance computation)

executed concurrently across threads or segments. This design achieves high throughput through

shared, read-optimized indexes but lacks global query optimization, which can lead to less efficient

resource sharing under many simultaneous queries. Overall, while native systems emphasize

throughput-oriented parallelism, relational systems can exhibit superior performance in pure read

concurrency due to optimized planning and efficient I/O scheduling.

3 Benchmark Details
In this section, we provide an overview of VecBench and introduce three key components within

the framework. Based on this foundation, we then discuss the detailed contributions of VecBench,
including JL-based data synthesis, distribution-aware query generation, and a unified metric.

3.1 Overview
To enable a comprehensive evaluation of filtered vector search, we develop an end-to-end framework.

As shown in Figure 4, VecBench is a modular benchmarking framework and composed of three

key components: a data synthesizer, a filtered query generator and a workload executor.
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Fig. 4. The VecBench Framework, which consists of three key components: a data synthesizer, a filtered query
generator and a workload executor.

The entire evaluation process is controlled based on a configuration file. By integrating het-

erogeneous datasets and utilizing modular components, it achieves fully automated execution of

filtered search testing workflows for vector databases. Within this framework, the data synthesizer

flexibly adjusts the dimensions and scale of raw data to generate test data meeting diverse testing

needs. The filtered query generator automatically constructs filtering query tasks with varying

selectivity and filter correlation. Specifically, it generates queries with different filtering conditions

based on the existing query set by modifying the structured predicates on scalar attributes. The

workload executor supports typical filtered vector search tasks and dynamic data update operations.

It coordinates two types of workloads, query and update, according to a set of predefined execution

rules, while simultaneously measuring various key metrics and ranking databases based on these

metrics for comparison.

3.2 Data Synthesizer
By systematically adjusting vector dimension and data scale, we can generate datasets that not only

preserve realistic statistical properties but also challenge vector database systems under increasingly

complex conditions.

3.2.1 Datasets. In our benchmark, we adopt the YFCC [31] dataset, a large-scale collection derived

from Flickr, covering a wide range of real-world scenes alongwith rich textual metadata. The version

used in our study corresponds to the subset aligned with the Big-ANN benchmark. We observed that

most studies use traditional vector datasets such as SIFT [20] and GIST [19]. Since these datasets lack

metadata, they often employ simple random scalar generation methods to support filtered search.

This leads to minimal variance in scalar column values, posing little challenge to filtered search

in vector databases. Therefore, we choose the YFCC dataset that incorporates 192-dimensional
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encoded image vectors and associated metadata. Since its tags support IN or contain operations,

this metadata exhibits extremely high cardinality, reflecting the inherent complexity of scalar

information in real-world data. To further enrich scalar attributes and support diverse filtering

operations, we additionally generate two synthetic scalar columns based on the Zipf distribution

tailored for equality and range queries.

3.2.2 Controllable Data Generation with Varied Dimension. Dimensionality adjustment aims to

investigate how varying embedding dimensions affect retrieval behavior while preserving the

distribution of the overall dataset for high fidelity. A naive approach is to duplicate vectors, which

exactly preserves pairwise distances but can only scale dimensions by integer multiples and fails

to introduce any structural variation. Alternatively, truncating or sampling dimensions leads to

severe local distortions and low fidelity. To achieve smooth and globally consistent transformation,

we adopt a linear mapping of the form 𝑓 (x) = Mx, where x ∈ R𝑑 denotes the original feature

vector andM ∈ R𝑘×𝑑 is a projection matrix with entries that maps the data from the 𝑑-dimensional

source space to a 𝑘-dimensional target space. The choice of M critically determines the geometric

fidelity of the transformed data. Fixed projection matrices (e.g,𝑚𝑖 𝑗 = 𝑐) often lack robustness across

datasets, whereas random linear projection ((e.g,𝑚𝑖 𝑗 ∼N(0, 1/𝑘)) provides a statistically stable

and theoretically grounded mechanism for adjusting dimensionality. We define this approach as

Johnson–Lindenstrauss (JL)–based data synthesis, as it leverages the JL lemma to project data into

a target space while bounding distortion. It introduces slight random perturbations while approxi-

mately preserving pairwise relationships [42], enabling controlled and generalizable evaluation of

dimensionality effects. Figure 5 intuitively shows the effects of two different methods. It can be

found that compared with random selection, the linear projection based on JL can keep the points

near the same query point basically unchanged.

The Johnson–Lindenstrauss (JL) lemma [24] provides the theoretical foundation for the linear

projection we use. It states that for any 0 < 𝜀 < 1 and any set 𝑋 of 𝑁 points in R𝑑 , there exists a
linear mapping 𝑓 : R𝑑→R𝑘 such that

(1 − 𝜀) ∥𝑢 − 𝑣 ∥2
2
≤ ∥ 𝑓 (𝑢) − 𝑓 (𝑣)∥2

2
≤ (1 + 𝜀) ∥𝑢 − 𝑣 ∥2

2
, (3)

for all 𝑢, 𝑣 ∈ 𝑋 , provided that

𝑘 =𝑂

(
log𝑁

𝜀2

)
. (4)

This theorem guarantees that random linear projection approximately preserves pairwise distances

when reducing the dimensionality of data. Although the JL lemma is conventionally applied

to dimensionality reduction (𝑘 < 𝑑), the same random projection principle can be extended to

dimensionality expansion (𝑘 > 𝑑), since the concentration property of Gaussian projections does

not depend on the relative magnitudes of 𝑘 and 𝑑 . We further derive the theoretical error of random

linear projection under arbitrary dimensionality transformations.

Theorem 3.1 (Expected Error Bound). Let 𝑋 = {𝑥1, . . . , 𝑥𝑁 } ⊂ R𝑑 and𝑀 ∈ R𝑘×𝑑 be a random
Gaussian projection matrix with entries𝑚𝑖 𝑗 ∼N(0, 1/𝑘). Then, with probability at least 𝛿 , all pairwise
distances in the transformed space satisfy��∥ 𝑓 (𝑢) − 𝑓 (𝑣)∥2

2
− ∥𝑢 − 𝑣 ∥2

2

�� ≤ 𝜀 ∥𝑢 − 𝑣 ∥2
2
, (5)

for all 𝑢, 𝑣 ∈ 𝑋 , where the expected relative error bound is

𝜀 (𝑁,𝑘, 𝛿) =

√︄
4

𝑘

(
2 ln𝑁 + ln

1

𝛿

)
. (6)
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Fig. 5. Comparison between JL-based Projection and Random Selection during dimension upscaling (from
low to high dim.). Note that the JL-based method maintains the same nearest neighbors (id 1-4).

Proof (Sketch). For any fixed vector 𝑣 = 𝑢 − 𝑣 ′ ∈ R𝑑 , we have ∥𝑅𝑣 ∥2
2
= ∥𝑣 ∥2

2
· 1

𝑘

∑𝑘
𝑖=1 𝑍𝑖 , where

𝑍𝑖 ∼ 𝜒2 (1) are i.i.d. random variables with E[𝑍𝑖 ] = 1. By the standard concentration bound of the

chi-square distribution,

Pr

(��� 1𝑘 𝑘∑︁
𝑖=1

𝑍𝑖 − 1

��� ≥ 𝜀) ≤ 2 exp

(
−𝑘𝜀2

4

)
.

Applying the union bound over all

(
𝑁
2

)
pairs [25] and setting the total failure probability to 𝛿 yields

2

(
𝑁

2

)
exp

(
−𝑘𝜀2

4

)
≤ 𝛿,

which gives

𝜀 (𝑁,𝑘, 𝛿) =

√︄
4

𝑘
ln

2

(
𝑁
2

)
𝛿

≈

√︄
4

𝑘

(
2 ln𝑁 + ln

1

𝛿

)
. (7)

This establishes the claimed probabilistic error bound. Note that a larger 𝛿 relaxes the distance

preservation guarantee, thereby allowing for larger deviations with higher probability. This holds

for both dimensionality reduction and expansion since the concentration property depends only

on 𝑘 , not on 𝑑 . As a sufficient condition for neighborhood consistency, the top-𝐾 structure is

guaranteed to remain unchanged if

𝑑𝐾+1
𝑑𝑖

>

√︂
1 + 𝜀
1 − 𝜀 , ∀𝑖 ≤ 𝐾, (8)

where 𝑑𝑖 denotes the 𝑖-th nearest neighbor distance. Next, we explain this theory through an

example.

example 2. Consider 𝑁 = 10
6 points projected to 𝑘 = 2000 dimensions with a failure probability

𝛿 = 0.01. Using Theorem 3.1, the expected relative error is 𝜀 (𝑁,𝑘, 𝛿) ≈ 0.254. This means that, for any
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pair of points 𝑢, 𝑣 , the squared distance after projection satisfies the following equation:

∥ 𝑓 (𝑢) − 𝑓 (𝑣)∥2
2
∈ [(1 − 𝜀)∥𝑢 − 𝑣 ∥2

2
, (1 + 𝜀)∥𝑢 − 𝑣 ∥2

2
],

i.e., the distance changes by at most roughly 25% in squared magnitude. Taking square roots to interpret
in terms of actual distances gives an approximate deviation of

√
1 − 𝜀 ≈ 0.87 to

√
1 + 𝜀 ≈ 1.13, so

pairwise distances are preserved within about ±13% in length.
Consequently, the ordering of the top-𝐾 nearest neighbors remains unchanged as long as the ratio

between the (𝐾 + 1)-th distance 𝑑𝐾+1 and the 𝑖-th distance 𝑑𝑖 satisfies the following equation:

𝑑𝐾+1
𝑑𝑖

>

√︂
1 + 𝜀
1 − 𝜀 ≈ 1.30.

In other words, in the worst case, as long as the distance of the (𝐾 + 1)-th point is at least 30% larger
than the 𝑖-th nearest neighbor distance, their relative order is guaranteed to remain unchanged after
projection.

3.2.3 Controllable Data Generation with Varied Scale. Controlled scaling is crucial for benchmark-

ing how indexing, filtering and retrieval performance of different database systems varies with

data size. To analyze different approaches, we formally define scale generation as the process of

increasing the size of a heterogeneous dataset containing both vector and scalar attributes, while

preserving the joint distribution between vectors and scalars. A straightforward approach is to

directly duplicate the dataset, but this is not feasible because modern databases can easily perform

a distinct operation to automatically remove duplicate entries. Alternatively, copying vector fea-

tures while reassigning scalar attributes can avoid exact duplicates but destroys the conditional

relationships between vector and scalar. To address these issues, we adopt a strategy of copying

the data while incorporating small perturbations to the vectors, named DisturbGen approach. Such

a approach generates non-duplicate samples while maintaining the overall relationships between

vector and scalar, effectively preserving the joint distribution in the expanded dataset.

To quantitatively assess the preservation of conditional distributions, we introduce a new metric,

Average Maximum Mean Discrepancy (AMMD), defined as follows:

Definition 3.2 (Average Maximum Mean Discrepancy AMMD). To evaluate conditional distri-

bution alignment, we group samples by scalar values and compute the squared Maximum Mean

Discrepancy [16] [12] (MMD) within each group, we can assess whether the conditional distribu-

tions are preserved. The metric is defined as:

AMMD =
1

|R |
∑︁
𝑟 ∈R

MMD
2 (𝑋𝑟 , 𝑌𝑟 ), (9)

where R denotes the set of scalar attribute values that appear in both datasets, and 𝑋𝑟 , 𝑌𝑟 denote

subsets of samples corresponding to scalar condition 𝑟 .

3.3 FilteredQuery Generator
To understand the behavior of filtered vector search in practice, we conducted a large-scale statis-

tical analysis over 3000 filtered queries executed on Pgvector. These queries were synthetically
generated based on the YFCC10M dataset: we randomly sampled 1,000 base vectors and, for each,

produced three distinct scalar predicates to cover a diverse range of query characteristics. Specifi-

cally, the selectivity of these queries range from 33.87% to 0.01%, and the filter correlations span

from 18.57% to 0.01%, providing a representative sample of real-world complexity. As shown in

Figure 6, the recall and latency of different queries exhibit substantial variation, revealing that

search performance is highly sensitive to query characteristics. Two major factors are particularly
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Fig. 6. Distribution of recall and latency in Pgvector.

important: the selectivity, which determines the proportion of data remaining after scalar filtering,

and the filter correlation, which reflects the dependency between scalar predicates and vector

similarity (See definition 2.2). To systematically control these factors, we design a Filtered Query
Generator that enables distribution-aware query generation. It constructs parameterized filtered

queries by adapting filtering conditions to match specified selectivity and correlation levels. This

design provides a flexible mechanism for synthesizing diverse filtered search workloads, supporting

the controlled evaluation of vector databases under varying hybrid search conditions. Below, we

describe methods for controlling selectivity and filter correlation, respectively.

3.3.1 Controllable Selectivity. Our workload employs three types of predicates (equality, range, and

containment) to construct filtered queries. For the simplicity of benchmarking, we select one type

of predicate for each query. We control the selectivity by varying the filter parameters based on the

distribution by the following three steps. First, we perform a statistical analysis of the dataset’s

distribution to get the value counts and selectivity of all scalar attributes. Second, given a target

selectivity 𝑠𝑓 , we randomly select a scalar attribute 𝐴, and gradually constitute the target rate by

selecting its values in a descending order based on each value’s selectivity. Concerning equality and

containment predicates, we combine multiple values using OR semantics in filtered vector search

to reach a target rate. Concerning range predicate, our approach finds the range upper bound 𝑢𝑏

by accumulating the value counts in an ascending order until the target selectivity is reached, then

it produces the range predicate 𝐴 < 𝑢𝑏. Or we can accumulate the value counts in a descending

order to produce lower bound 𝐴 > 𝑙𝑏. While exact cardinality is feasible for small datasets, we

employ cardinality estimators as a scalable optimization for large-scale datasets with complex

joint distributions, where exact pre-computation for all predicate combinations is computationally

expensive. This allows our generator to efficiently approximate the target selectivity 𝑠𝑓 with

minimal overhead. Suppose the dataset contains a scalar attribute country with the distribution

USA: 60%, UK: 20%, France: 10%, Others: 10%. If the goal is to construct a query with a low selectivity

(e.g., 10%), the generator may select a predicate with country = ’France’, which keeps only a small

portion of the dataset. Conversely, if the target is a high selectivity (e.g., 70%), the generator may

select country = ’USA’ or ’UK’, thus retaining most of the dataset. This ensures that queries can

systematically span different levels of selectivity.

3.3.2 Controllable Filter Correlation. We develop two methods for controlling the filter correlation,

the selection method and the generation method. The former one handles the cases where the input

dataset already contains the vector and structured data, and the latter one tackles the cases where

only the vector data is available.
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Fig. 7. Impact of Data Distribution on Search Difficulty with Respect to the Varied Correlation.

Given a target correlation 𝑐
(𝑘 )
𝑓

, the selection method first randomly selects a query vector 𝑞, then

calculates its top-𝐾 ′
(𝐾 ′

>𝐾 ) results. The generator then obtain the value counts and corresponding

ratio. Among the top-𝐾 ′
results, we can also accumulate the ratio to reach the 𝑐

(𝑘 )
𝑓

using OR

semantics for equality or containment or range filters. Consider a query vector representing

a romantic movie. If its top-100 nearest neighbors contain 80% romantic movies with genre =

’Romance’, while other scalar attributes (e.g., ’Horror‘) account for only 20%. We can directly select

the ’Romance’ as its scalar value for a correlation of 0.8, or selecting ’Horror’ as the scalar value for

a correlation of 0.2.

Next, we present the generation method. Our goal is to generate queries with different levels

of correlation between vectors and scalar predicates (low, medium, and high), given only a vector

dataset as input. To achieve this, we construct a joint vector–scalar distribution in two steps. The

first step partitions the vector dataset into 𝐾 clusters using K-means, and set 𝐾 = 3 to correspond

to the above three correlation levels, which ensures that each cluster contains a sufficiently large

number of vectors (approximately 𝑁 /3). Then, we assign scalar values to vectors according as

follows: (1) vectors in the first cluster are assigned scalar label “A”, (2) vectors in the second cluster

are assigned label “B”, and vectors in the third cluster are assigned labels “C” and “D” uniformly

at random. The second step generates queries by selecting cluster centroids as query vectors and

pairing them with specific scalar values. Specifically, we generate three types of queries as follows:

(1) High correlation: selecting the first cluster centroid with scalar “A”, so that the data vectors near

the query are highly likely to satisfy the scalar predicate; (2) Low correlation: selecting the first

cluster centroid with scalar “B”, so that the data vectors near the query are unlikely to satisfy the

scalar predicate; (3) Medium correlation: selecting the third cluster centroid with scalar “C” or “D”,
where approximately half of the nearest neighbors satisfy the predicate.

3.4 Workload Executor
3.4.1 End-to-End Framework. We present the end-to-end benchmarking workflow designed to

evaluate vector databases under different workloads. As illustrated in Figure 8, the framework

consists of six consecutive phases—Initialization, Query Execution, Concurrent Execution, Incre-
mental Load, Update, and Deletion. These phases are grouped into two major scenarios: Filtered
Search, which assesses query quality, latency, and scalability; and Update Scenario, which evaluates

index construction and maintenance under dynamic data. Each phase is associated with specific
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Fig. 8. Execution Phases and Associated Metrics.

performance metrics (e.g., latency, recall, throughput) to provide a comprehensive view of system

behavior. We next detail the execution rules of each phase and the metrics used in our evaluation.

3.4.2 Execution Rules and Metrics. The end-to-end workflow enforces a sequential execution of six

phases to emulate realistic database operations under both query and update workloads. And the

evaluation metrics are designed to capture both query effectiveness and system efficiency under

diverse scenarios.

• Initialization Phase. Insert the initial 𝑎 proportion of the dataset and build the vector index.

The index construction latency is recorded as T0.

• Query Execution Phase. Perform filtered search queries over the indexed dataset. We record

the average query latency (Latency) and measure average query accuracy in terms of recall

(Recall).

• Concurrent Phase. Concurrently execute multiple filtered search queries to evaluate the sys-

tem’s concurrency capabilities. The throughput of the system is measured in queries per second

(QPS).

• Incremental Load Phase. Insert the remaining (1 − 𝑎) proportion of the dataset and trigger

index maintenance. The sum of data insertion and index maintenance time is measured as T1.

• Update Phase. Update a proportion 𝑏 of data by modifying both vectors and scalar attributes,

requiring maintenance of both vector and scalar indexes. The latency is recorded as T2.

• Deletion Phase. Delete a proportion 𝑐 of the dataset and measure the delay of this operation,

reported as T3.

Consequently, we propose a unified metric, named 𝑉rank, which employs the average relative

ranking to quantify the overall end-to-end performance of different vector databases:

𝑉rank (VDB) =
6∑︁
𝑖=1

RelativeRank(𝑃𝑖 , SUT)/6 (10)

where VDB denotes a tested vector database, 𝑃𝑖 represents the 𝑖-th stage in the E2E workflow, and

SUT refers to the systems under test. The function RelativeRank(𝑃𝑖 , SUT) computes the relative

ranking of the system with respect to all evaluation metrics at stage 𝑃𝑖 .

4 Experiments
Experimental Environment. We deploy VecBench on a server with an Intel(R) Xeon(R) Gold

6330 CPU (28 cores, 56 threads, 3.10 GHz, 42MB cache). The server is equipped with 251 GiB of

system memory and 8 GiB of swap space.

Benchmark Configuration. We conduct our benchmark experiments on four well-known vector

databases, including PostgreSQL 16.1 with Pgvector 0.8.1, Milvus 2.5.0, Qdrant 1.13.6 and Weaviate
1.35.1. All systems are deployed in a standalone mode. The benchmark dataset is based on YFCC,

originally containing 100K 192-dimensional vectors, and expanded by our methods to 1M and 10M
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samples with 1920 dimensions. The query workload is randomly generated from the raw data with

3,000 queries.

Index Configuration. Our dataset consists of scalar and vector columns, where scalar columns

cover three representative data types: categorical (equality), numerical (range), and set-based (con-
tainment) attributes. Accordingly, we employed different index mechanisms suited to each database:

B+-tree index for scalar data in Pgvector, inverted indexes [37] in Milvus and Weaviate, and

payload indexes in Qdrant. For vector indexing, we evaluated two representative types: HNSW
and IVFFLAT. The HNSW index was configured with parameters M = 16, ef_construction = 64, and

query-time ef_search = 100. For IVFFLAT, the number of clusters (nlist) was determined adaptively:

rows / 1000 for datasets up to 1M entries and

√
rows for larger ones. The corresponding query

parameter nprobe was set to 1% of nlist.
Systems Under Test (SUT).We evaluate four vector databases with various techniques as follows:

(1) Pgvector. Pgvector is a PostgreSQL extension that introduces a native vector data type and

similarity operators. Vectors are stored as regular table columns in PostgreSQL’s row-oriented

storage and can be directly combined with relational predicates. It supports well-known ANN

indexes such as IVFFLAT and HNSW, managed by PostgreSQL’s storage engine and buffer/cache.

For filtered queries, Pgvector relies on PostgreSQL’s cost-based optimizer to choose between

pre-filtering and post-filtering.

(2) Milvus. Milvus is a native vector database designed for large-scale similarity search, organized

around a distributed microservice architecture. Data are partitioned into segments, each storing

its own vectors and indexes. Milvus supports a wide range of index types (FLAT, IVF, PQ, HNSW,

DiskANN, etc.). For filtered search, Milvus performs cardinality estimation to predict predicate

selectivity, and dynamically switches between pre-filtering and in-filtering to balance efficiency

and accuracy.

(3) Qdrant. Qdrant is a Rust-based vector search engine optimized for low-latency retrieval,

adopting a segment-oriented storage model. Its primary index is HNSW, complemented by payload

indexes for scalar attributes, supporting both in-memory and persistent modes. For filtered queries,

Qdrant also leverages cardinality estimation and adaptively selects the search strategy between

pre-filtering and expanded-filtering.

(4) Weaviate. Weaviate is a Go-based vector database that stores both objects and vectors, allowing

for the combination of vector search with structured filtering. It has implemented the hybrid index

of ACORN [36] supporting expanded-filtering.

We selected these four SUTs to represent the two primary architectures: (i) relational-extended

and (ii) native vector databases, ensuring a comprehensive evaluation of the design trade-offs

discussed in Section 2. First, Pgvector represents the page-based, synchronous CRUD model of

relational engines, while Milvus and Qdrant represent the segment-oriented, asynchronous native

model. Second, these four systems collectively cover all four mainstream filtered search strategies:

pre-filtering and post-filtering (Pgvector), in-filtering (Milvus), and expanded-filtering (Qdrant). We

further include Weaviate with ACORN as a representative hybrid indexing approach to complement

expanded-filtering, improving coverage of hybrid designs. Together, they provide a comprehensive

and representative baseline for filtered vector search.

4.1 Overall Performance
Table 2 presents the end-to-end experimental results on YFCC 10M dataset and their corresponding

rankings across seven evaluation dimensions. The workload comprises 3,000 queries (1,000 points

per Equality, Range, and Containment predicate) to measure Recall, Latency, and QPS. Dynamic

updates and deletions (P4-P6) are performed on a 2M-record scale. The compared methods include

four vectors databases, each tested representative vector index types. The metrics (T0, Recall,
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Table 2. End-to-End Benchmarking Results of Six Filtered Vector Search Methods.

Method T0 (P1) Recall (P2) Latency (P2) QPS (P3) T1 (P4) T2 (P5) T3 (P6)

𝑉𝑟𝑎𝑛𝑘
Value Rank Value Rank Value Rank Value Rank Value Rank Value Rank Value Rank

Milvus-HNSW 229.99 1 0.993 2 0.0586 7 19.41 9 146.29 1 171.36 3 7.75 2 4.2

Milvus-IVFFLAT 425.39 2 0.970 5 0.0327 5 21.26 8 157.04 2 132.96 1 7.94 4 4.5

Pgvector-IVFFLAT 562.10 3 0.960 6 0.0828 8 101.83 3 495.09 4 622.06 6 7.00 1 5.2

Pgvector-IVFFLAT-ite 562.10 3 0.975 4 0.0842 9 87.65 4 495.09 4 622.06 6 7.00 1 5.2

Pgvector-HNSW-ite 6727.25 5 0.897 7 0.0159 2 455.19 2 5207.49 8 5547.22 8 7.82 3 5.8

Pgvector-HNSW 6727.25 5 0.257 10 0.0020 1 1963.25 1 5207.49 8 5547.22 8 7.82 3 6.0

Qdrant-HNSW* — 5 0.995 1 0.0250 4 47.78 7 2523.77 6 785.43 7 10.12 6 6.0

Milvus-DiskANN 978.38 4 0.988 3 0.5869 10 7.05 10 186.92 3 145.90 2 8.92 5 6.2

Qdrant-HNSW — 5 0.455 9 0.0200 3 51.17 5 640.64 5 441.96 4 11.12 7 6.3

Weaviate-ACORN — 5 0.704 8 0.0473 6 50.24 6 3060.54 7 516.50 5 182.29 8 7.5

Fig. 9. Radar charts for representative methods of various systems in overall, update and filtered search
scenario.

Latency, QPS, T1, T2, T3) jointly reflect the systems’ search efficiency, filtering capability, and

scalability under hybrid workloads. Note that (1) Qdrant-HNSW* refers to HNSWwith the expanded

filtering that has additional shortcut edges and (2) we set NULL 𝑇0 for Qdrant as it loads the data

and creates the index at the same time, and we cannot record its index construction time.

Overall,Milvus-HNSW achieves the best comprehensive performance with the lowest dynamic

data maintenance overhead and superior filtered search capability, resulting in the top rank with

𝑉𝑟𝑎𝑛𝑘 = 4.2. Its better performance reflects Milvus’ incremental delta management for index

maintenance and data updates. Surprisingly,Milvus-HNSW has the fast index construction time

that even exceeds Milvus-IVFFLAT. In principle, IVFFLAT should have lower construction overhead

than HNSW. According to its official documentation, we speculate that Milvus-HNSW may have

employed parallel computing like SIMD [1] to speed up the construction process. Regarding Milvus-

IVFFLAT, it has also good performance on update cases (e.g., P4 and P5). And Pgvector-IVFFLAT

also excels at DML operations at P6 and P1. Besides, it has superior throughput, which suggests that

its cost model prioritize low-latency execution. Moreover, its matured concurrent query processing

engine gives the highest QPS. Unfortunately, Pgvector-HNSW has the lowest recall, indicating

that its limitation on searching for target remote neighbors. However, increasing the iteration

depth helps mitigate this (from 0.257 to 0.897) by broadening the search area. Moreover, it has the

largest 𝑇0 values of 6727.25s for constructing the HNSW index. Interestingly, Qdrant-HNSW* has

the best recall in P2 phase because of its expanded filtering strategy. However, this leads to highest

cost in index maintenance and data-update handling, leading to the lowest ranks. Furthermore,

Qdrant-HNSW has low recall of 0.455 without the expanded filtering.

Figure 9 provides three radar charts to investigate the trade-offs of both static and dynamic cases

with the end-to-end framework of VecBench. Specifically, it is clearly visible that Milvus-HNSW
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Table 3. Filtered Search Results under Different Selectivity across Multiple Datasets.

Dataset Method
High Selectivity Middle Selectivity Low Selectivity

Recall Latency Recall Latency Recall Latency
E R C E R C E R C E R C E R C E R C

YFCC

100K

192

Pgvector-HNSW 0.5800 0.5100 0.5100 0.0010 0.0011 0.0008 0.0900 0.1600 0.1500 0.0011 0.0010 0.0010 1.0000 1.0000 1.0000 0.0003 0.0003 0.0243

Milvus-HNSW 1.0000 0.9800 1.0000 0.0072 0.0067 0.0068 1.0000 1.0000 1.0000 0.0101 0.0101 0.0103 1.0000 1.0000 1.0000 0.1281 0.1230 0.1546

Qdrant-HNSW 1.0000 1.0000 1.0000 0.0158 0.0165 0.0158 1.0000 1.0000 1.0000 0.0120 0.0136 0.0133 1.0000 1.0000 1.0000 0.0095 0.0085 0.0108

Qdrant-HNSW* 1.0000 1.0000 1.0000 0.0130 0.0161 0.0144 1.0000 1.0000 1.0000 0.0112 0.0131 0.0124 1.0000 1.0000 1.0000 0.0093 0.0086 0.0100

Pgvector-IVFFLAT 0.5600 0.3800 0.5200 0.0019 0.0012 0.0012 0.4900 0.0800 0.5700 0.0025 0.0005 0.0018 1.0000 1.0000 1.0000 0.0004 0.0004 0.0288

Milvus-IVFFLAT 0.6300 0.4700 0.6400 0.0063 0.0058 0.0059 0.5800 0.6800 0.7300 0.0067 0.0071 0.0072 1.0000 1.0000 1.0000 0.0839 0.0838 0.0977

YFCC
100K
1920

Pgvector-HNSW 1.0000 1.0000 1.0000 0.2982 0.2732 0.2639 1.0000 1.0000 1.0000 0.0812 0.0792 0.0735 1.0000 1.0000 1.0000 0.0011 0.0009 0.0187

Milvus-HNSW 1.0000 1.0000 1.0000 0.0096 0.0101 0.0090 1.0000 1.0000 1.0000 0.0163 0.0155 0.0158 1.0000 1.0000 1.0000 0.0644 0.0647 0.0682

Qdrant-HNSW 1.0000 0.9900 0.9900 0.0210 0.0197 0.0184 0.7900 0.4200 0.5100 0.0208 0.0196 0.0187 1.0000 1.0000 1.0000 0.0161 0.0152 0.0161

Qdrant-HNSW* 1.0000 1.0000 1.0000 0.0255 0.0307 0.0232 1.0000 1.0000 1.0000 0.0258 0.0249 0.0224 1.0000 1.0000 1.0000 0.0195 0.0162 0.0169

Pgvector-IVFFLAT 0.4100 0.2900 0.4500 0.0025 0.0021 0.0032 1.0000 1.0000 1.0000 0.0804 0.0789 0.0943 1.0000 1.0000 1.0000 0.0011 0.0011 0.0277

Milvus-IVFFLAT 0.8300 0.6400 0.8200 0.0072 0.0069 0.0068 0.5200 0.5200 0.7000 0.0085 0.0099 0.0102 1.0000 1.0000 1.0000 0.1309 0.1295 0.1447

YFCC

1M

192

Pgvector-HNSW 0.5500 0.5700 0.5100 0.0043 0.0016 0.0016 0.1700 0.1100 0.0700 0.0030 0.0030 0.0023 1.0000 0.0100 1.0000 0.0025 0.0025 0.2723

Milvus-HNSW 0.9900 0.9800 0.9800 0.0088 0.0072 0.0073 0.9700 0.9800 0.9800 0.0114 0.0125 0.0114 1.0000 1.0000 1.0000 0.1795 0.1743 0.1100

Qdrant-HNSW 0.9700 0.9700 0.9700 0.0116 0.0134 0.0137 0.4500 0.3000 0.4600 0.0199 0.0216 0.0202 1.0000 1.0000 1.0000 0.0115 0.0135 0.0153

Qdrant-HNSW* 1.0000 1.0000 1.0000 0.0137 0.0167 0.0179 1.0000 1.0000 1.0000 0.0191 0.0221 0.0224 1.0000 1.0000 1.0000 0.0136 0.0143 0.0157

Pgvector-IVFFLAT 0.3300 0.3200 0.3500 0.0010 0.0008 0.0008 0.2700 0.1000 0.6800 0.0013 0.0007 0.0023 1.0000 0.0200 1.0000 0.0016 0.0024 0.2060

Milvus-IVFFLAT 0.6100 0.6200 0.6400 0.0072 0.0066 0.0065 0.5100 0.5000 0.6200 0.0076 0.0081 0.0078 0.5300 0.7900 0.6200 0.0953 0.0898 0.0899

YFCC
1M
1920

Pgvector-HNSW 0.5500 0.5500 0.5200 0.0073 0.0041 0.0031 0.1300 0.1000 0.0700 0.0039 0.0039 0.0030 1.0000 1.0000 1.0000 0.0135 0.0133 0.1138

Milvus-HNSW 1.0000 1.0000 1.0000 0.0389 0.0355 0.0375 1.0000 1.0000 1.0000 0.0567 0.0598 0.0702 1.0000 1.0000 1.0000 0.2138 0.2445 0.2358

Qdrant-HNSW 0.9800 0.9800 0.9900 0.0249 0.0230 0.0240 0.4200 0.3400 0.3800 0.0200 0.0196 0.0220 1.0000 1.0000 1.0000 0.0174 0.0183 0.0215

Qdrant-HNSW* 1.0000 1.0000 1.0000 0.0360 0.0360 0.0376 1.0000 1.0000 1.0000 0.0333 0.0326 0.0326 1.0000 1.0000 1.0000 0.0214 0.0193 0.0202

Pgvector-IVFFLAT 0.2500 0.2400 0.2600 0.0047 0.0075 0.0109 0.3700 0.0900 0.2000 0.0068 0.0066 0.0065 1.0000 1.0000 1.0000 0.0168 0.0207 0.1371

Milvus-IVFFLAT 0.6400 0.5800 0.7000 0.0136 0.0085 0.0106 0.8400 0.7000 0.9200 0.0153 0.0127 0.0151 1.0000 1.0000 1.0000 0.1919 0.1931 0.2949

YFCC

10M

192

Pgvector-HNSW 0.6100 0.5600 0.8200 0.0012 0.0010 0.0010 0.1500 0.1600 0.1100 0.0014 0.0007 0.0009 1.0000 0.0100 0.0200 0.0102 0.0009 0.0012

Milvus-HNSW 1.0000 1.0000 1.0000 0.0089 0.0078 0.0089 1.0000 1.0000 1.0000 0.0127 0.0112 0.0153 1.0000 1.0000 1.0000 0.2884 0.2379 0.3918

Qdrant-HNSW 0.9700 0.9900 1.0000 0.0143 0.0142 0.0153 0.2400 0.4300 0.2500 0.0122 0.0149 0.0124 1.0000 1.0000 1.0000 0.0130 0.0137 0.0171

Qdrant-HNSW* 1.0000 1.0000 1.0000 0.0322 0.0283 0.0340 1.0000 1.0000 1.0000 0.0207 0.0223 0.0309 1.0000 1.0000 1.0000 0.0161 0.0176 0.0203

Pgvector-IVFFLAT 0.9100 0.9400 0.9600 0.0128 0.0085 0.0083 0.6400 0.7600 0.8300 0.0076 0.0057 0.0088 1.0000 0.0800 0.0300 0.0184 0.0146 0.0182

Milvus-IVFFLAT 0.7300 0.7100 0.7600 0.0106 0.0098 0.0095 0.7700 0.9900 0.7900 0.0110 0.0115 0.0124 0.9700 0.9700 0.9200 0.1135 0.1256 0.2228

YFCC
10M
1920

Pgvector-HNSW 0.2600 0.2200 0.3200 0.0086 0.0018 0.0018 0.0500 0.1000 0.0600 0.0083 0.0028 0.0012 1.0000 0.0100 1.0000 0.4077 0.0040 1.1028

Milvus-HNSW 1.0000 1.0000 1.0000 0.2046 0.1592 0.1499 1.0000 1.0000 1.0000 0.4378 0.3538 0.3902 1.0000 1.0000 1.0000 1.4654 1.3972 1.4551

Qdrant-HNSW 0.9800 0.9800 1.0000 0.0307 0.0341 0.0328 0.1500 0.2500 0.1500 0.0290 0.0307 0.0291 1.0000 0.9500 1.0000 0.0454 0.0270 0.0445

Qdrant-HNSW* 1.0000 1.0000 1.0000 0.5312 0.2588 0.2031 0.9400 1.0000 1.0000 0.1404 0.1641 0.1278 1.0000 0.9500 1.0000 0.0670 0.0608 0.0615

Pgvector-IVFFLAT 0.9700 0.9200 0.9900 0.0790 0.0444 0.0427 0.5300 0.8000 0.8000 0.0646 0.0445 0.0525 1.0000 0.0900 1.0000 0.4240 0.0810 1.1193

Milvus-IVFFLAT 0.9100 0.9300 0.9200 0.0438 0.0385 0.0390 0.9800 1.0000 0.9900 0.0454 0.0440 0.0525 1.0000 1.0000 1.0000 0.8853 0.9759 1.1716

Fig. 10. Search Performance under Different Selectivity (based on YFCC-10M-192).

covers the largest area in sub-graph (a), the same result is shown in (b), while the area is extremely

small in (c). Such observation indicates that since Milvus-HNSW performs extremely well in the

update scenario, it achieves the overall best results even though it is not prominent in the filtered

search. Moreover, we observe that in sub-graph (c), Pgvector-HNSW.ite and Qdrant-HNSW* both

have large areas but focus on different aspects. Pgvector-HNSW.ite achieves the best latency and

QPS but it suffers from low recall, showing its cost model prioritizes execution speed over retrieval

quality. While Qdrant-HNSW* achieves highest recall with balanced throughput, reflecting its

design for accuracy and search stability. In summary, the overall performance indicate that Milvus

best balances recall and maintenance overhead, Pgvector excels in throughput-oriented workloads,

and Qdrant offers flexible filtering at the expense of dynamic efficiency.
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Table 4. Search Performance under Varied Filter Correlation.

Dataset Method Low Middle High
Recall Latency Recall Latency Recall Latency

YFCC

100K

192

Pgvector-HNSW 0.0000 0.0012 0.4900 0.0008 0.9000 0.0012

Milvus-HNSW 0.9400 0.0215 1.0000 0.0073 0.9900 0.0081

Qdrant-HNSW 1.0000 0.0166 1.0000 0.0136 1.0000 0.0159

Qdrant-HNSW* 1.0000 0.0174 1.0000 0.0143 1.0000 0.0180

Pgvector-IVFFLAT 0.0000 0.0021 0.9700 0.0022 0.3900 0.0012

Milvus-IVFFLAT 0.1100 0.0158 0.9600 0.0069 0.4500 0.0068

YFCC

1M

192

Pgvector-HNSW 0.0000 0.0037 0.5000 0.0031 0.9600 0.0034

Milvus-HNSW 1.0000 0.0403 0.9900 0.0094 1.0000 0.0072

Qdrant-HNSW 0.8600 0.0125 0.5400 0.0113 1.0000 0.0141

Qdrant-HNSW* 1.0000 0.0156 1.0000 0.0167 1.0000 0.0226

Pgvector-IVFFLAT 0.1000 0.0173 0.9900 0.0172 0.7800 0.0066

Milvus-IVFFLAT 0.3000 0.0245 0.9500 0.0105 0.8100 0.0096

YFCC

10M

192

Pgvector-HNSW 0.0000 0.0035 0.9700 0.0023 0.9300 0.0032

Milvus-HNSW 0.9900 0.1029 0.6200 0.0083 0.9900 0.0100

Qdrant-HNSW 0.8800 0.0171 0.4000 0.0141 0.9600 0.0190

Qdrant-HNSW* 0.9200 0.0309 0.7800 0.0187 1.0000 0.0288

Pgvector-IVFFLAT 0.1000 0.1809 1.0000 0.1613 0.7100 0.0557

Milvus-IVFFLAT 0.2700 0.0361 0.9900 0.0116 0.6200 0.0114

Fig. 11. Search Performance under Different Filter Correlation (based on YFCC-10M-192).

4.2 Evaluation of Filtered Search Strategies
4.2.1 Varying Selectivity. Table 3 summarizes the recall and latency results across multiple datasets

with different scales and vector dimensions. We define three levels of selectivity, namely High
(> 50%), Middle (1% < 𝑋 < 50%), and Low (< 1%), corresponding to different selectivity levels

of scalar filtering. Three representative filtering operations are adopted: E, R, and C, standing for

equality, range, and contain conditions, respectively.

We observe that when the selectivity is low, all databases achieve nearly perfect recall (close

to 1.0) while experiencing the highest latency. This is because they all employ pre-filtering in

this case. An exception is the Milvus-IVFFLAT’s bad performance on YFCC-1M-192. The main

reason is it leverages threshold-based method to obtain the wrong size of intermediate results,

hence the selection of post-filtering strategy. As the selectivity increases from middle to high, the

recall is lower and latency decreases because of the utilization of vector indices. We also notice

that Qdrant-HNSW* always achieves the best recall and relatively-low latency with its expanded

filtering. Besides, Milvus-HNSW also maintains a consistently high recall rate across all filtering

thresholds at the cost of higher latency. Pgvector exhibits low latency with its cost-based strategy.
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Table 5. Evaluation of Data Generation with two datasets.

Dataset Method DCR AMMD Overhead (s)

YFCC

RandomGen 2.278 4.1×10−3 0.36

FrequencyGen 2.278 4.1×10−3 0.38

DisturbGen 2.279 7.6×10−4 3.59

IMDB

RandomGen 5.25×10−2 1.7×10−2 1.02

FrequencyGen 5.25×10−2 1.7×10−2 2.03

DisturbGen 5.88×10−2 1.5×10−3 8.14

Fig. 12. Evaluation of Dimension Scaling Methods.

However, it lacks the consideration of recall optimization. Another observation is that the overall

trend indicates that VecBench can challenge the performance of existing vector databases with

larger datasets and higher dimensionality. Particularly, they leads to higher latency (up to 10x).

As for different filter types, we find that contain filter poses the largest challenge for the vector

databases, especially for low selectivity.

4.2.2 Varying Filter Correlation. Table 4 summarizes the recall and latency results under various

filter correlation (i.e.„ we define three levels for better illustration, namely, High= 1, Middle = 0.5,

Low = 0). Overall, the results show that vector databases perform disparately regarding different

filter correlations. For instance, Pgvector has extremely low recall (0 or 0.1) on low correlation due

to its limited filtered search. Milvus-HNSW can improve the recall with in-filtering search on low

correlation but may have trouble to achieve high recall in middle correlation. A side observation is

that Milvus-HNSW has also the highest latency concerning low correlation. The main reason is

that in-filtering search spends more time exploring irrelevant candidates. Qdrant-HNSW displays

a significant drop in recall under middle correlation because post filtering tends to break graph

traversal paths when intermediate nodes fail to meet scalar predicates, preventing the search from

reaching relevant neighbors. Nevertheless, Qdrant-HNSW* achieves 100% recall in nearly all cases

with its expanded filtering. Another observation is that larger datasets amplify the performance gap

under different correlation, where recall fluctuates more sharply and latency increases substantially.

For example, when YFCC 1M is augmented to 10M, Milvus-HNSW’s recall decreases from 0.99 to

0.62, and Pgvector-IVFFLAT increases the latency by 10x.

4.3 Ablation Study of VecBench
(1) Data Generation. We study the data generation methods of VecBench in two aspects. For

dimension scaling, we compare our JL-based projection method with two baselines, Random

Selection (RS) and Fixed Projection (FP). Unlike JL or RS, FP employs a fixed projection matrix with
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(a) Query Selectivity

(b) Query Filter Correlation

Fig. 13. Evaluation of Query Selectivity and Filter Correlation.

constant values for all samples to achieve mapping. For size scaling, we contrast our disturbance-

based generation method (DisturbGen) against two baselines, RandomGen, and FrequencyGen. We

employ three metrics, Distance to Closest Record (DCR) for quantifying vector distribution quality,

AMMD (See definition 3.2) for evaluating filtered vector search, and the generation overhead in

seconds. Note that trivially copying the data for augmentation will not work for the purpose of

benchmarking as it can be easily recognized as duplication and be bypassed by existing vector

databases.

Table 5 demonstrates that DisturbGen achieves the best performance. By introducing small

random perturbations to vectors while keeping scalar attributes fixed, it yields highest DCR and

lowest AMMD. Although this results in a slight increase in overhead due to additional vector-level

computation operations (e.g., noise injection and normalization) compared to the simple scalar

shuffling, the cost remains within a few seconds for millions of points. In contrast, RandomGen

and FrequencyGen, which reuse identical vectors with shuffled scalars, break the vector–scalar

dependency, leading to smaller DCR and larger AMMD. Therefore, the controlled-noise strategy

of DisturbGen provides the best trade-off between statistical fidelity and diversity, making it a

simple yet effective technique for large-scale vector data augmentation. Figure 12 presents the

evaluation results of dimension scaling methods, indicating that our JL method achieves better

performance than the other two baselines. As the dimension increases, the recall of the queries’

top-𝐾 also increases, meaning that our method is also applicable to high-dimensional vectors.

(2) Query Generation.We compare the query generation methods of VecBenchwith a randomized

method [36] that randomly selects scalar parameters for each filter. As defined in Section 4.2, we

categorize selectivity and filter correlation into three levels (High, Middle, and Low). Figure 13a

depicts the distributions of the nine specific query instances used for our benchmark experiments.

It is clearly visible that the random queries have a narrow range (between 5% and 33%), covering

only scenarios with middle selectivity. While the controlled queries in VecBench are specifically
chosen to span the predefined levels, covering a wide range from 0.1% to over 55%. Figure 13b

illustrates the distribution of filter correlation. Random queries are clustered between 37% and 62%,

while the nine instances in VecBench are distributed across the High, Middle, and Low correlation

levels (ranging from 1% to 98%), posing much higher search complexity. It is worth noting that

while we use these representative instances for benchmarking, VecBench is capable of generating

queries with even wider or tighter ranges to satisfy diverse evaluation needs.
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Table 6. Benchmark Results on IMDB Datasets.

Dataset Method Recall Latency QPS

IMDB

100K

2000

Pgvector-HNSW 0.7080 0.0018 556.35

Milvus-HNSW 0.9670 0.0130 76.91

Qdrant-HNSW 0.9510 0.0481 20.78

Qdrant-HNSW* 0.9920 0.0502 19.92

Pgvector-IVFFLAT 0.8360 0.0035 288.42

Milvus-IVFFLAT 0.7930 0.0311 32.18

IMDB

1M

2000

Pgvector-HNSW 0.7400 0.0130 76.44

Milvus-HNSW 0.9930 0.0129 77.83

Qdrant-HNSW 0.8649 0.0557 17.95

Qdrant-HNSW* 0.9900 0.0775 12.90

Pgvector-IVFFLAT 0.8920 0.0141 71.03

Milvus-IVFFLAT 0.8454 0.0396 25.22

Fig. 14. QPS vs. Recall performance across different datasets.

(3) Dataset Diversity. In addition to YFCC datasets, we extended our evaluation to IMDB, SIFT,
GloVe, and GIST, covering diverse distributions and dimensionalities. As shown in Table 6, we

find that Milvus-HNSW shows the best overall performance on IMDB datasets, producing the

consistent results with YFCC datasets. Moreover, Figure 14 shows that the performance trends

and rankings are highly sensitive to data characteristics. While Milvus-HNSW remains the most

stable across all datasets, we observe that Pgvector-HNSW performs best on the simpler SIFT

dataset but exhibits significant QPS fluctuations. This is because Pgvector’s cost-based optimizer

dynamically adjusts execution plans based on parameters, whereas native databases like Milvus

and Qdrant utilize heuristic-based strategies that are less sensitive to search parameter tuning.

On the more challenging GloVe and GIST datasets, Qdrant-HNSW with payload indexing shows

superior efficiency.

4.4 Comparison with Existing Benchmarks
To verify the effectiveness of VecBench, we compare VecBench with BigVectorBench [22]. We

employ datasets of the same scale (1M and 10M, corresponding to cc_news and amazon_books
in BigVectorBench). We evaluate Milvus-HNSW by varying data dimensionality based on YFCC

with matched scales and filter correlation. As illustrated in Figure 15, as dimensionality increases,

Milvus-HNSW’s throughput in VecBench drops from 26.5 to 6.0 QPS, a significantly decrease

compared to the 80.0 to 55.3 QPS transition in BigVectorBench. This demonstrates that VecBench can

exert significantly higher empirical stress by exploring extreme data characteristics. Furthermore,
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(a) Scale = 1M

(b) Scale = 10M

Fig. 15. Performance comparison between VecBench and BigVectorBench across different data scales.

at the 1M scale, VecBench exposes a significant latency increase (7.2 ms to 40.3 ms) under low

correlation, which remains obscured under the random filters used by existing benchmarks. Notably,

VecBench also captures a severe recall degradation (0.99 to 0.62) in middle correlation settings

as scale grows, demonstrating that filtered search complexity scales non-linearly. These findings

highlight VecBench’s comprehensive ability to evaluate system behaviors that existing benchmarks

cannot cover.

5 Related Work
Vector database benchmarking efforts have recently evolved from evaluating approximate nearest

neighbor (ANN) algorithms [52] to assessing filtered vector search on heterogeneous data.

ANN-Benchmarks [2] are widely used for comparing ANN algorithms under common metrics,

but it focuses solely on pure vector retrieval. Although the Big-ANN Challenge [40] (based on

ANN-Benchmarks) has expanded its evaluation scope to include filtered search, it only introduces

simple filtered vector search without involving any update cases. Furthermore, it focuses on

algorithms rather than conducting end-to-end evaluation from a system-level perspective. More

recently, VectorDBBench [53] introduced system-level evaluations covering indexing, querying, and

concurrent processing. However, they fall short in covering complex filtered search tasks and lack

micro-level analysis for filtered search operations. BigVectorBench [22] is a recent advancement

that further emphasizes the necessity of benchmarking vector databases with a variety of datasets

and workloads. The designed filtering query task specifically evaluates filtered search performance

under scalar constraints (such as timestamps or ratings), revealing how filtering mechanisms

alter the recall-latency trade-off across different index types. Its design follows the approach of

ANN-Benchmarks, meaning that it cannot control the data generation and query generation in a

fine-grained way. In summary, existing benchmarks are not enough to make a holistic evaluation

of filtered vector search.

6 Takeaways
We synthesize our findings into insights for system design and selection under filtered vector search

workloads.
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(1) Database architecture comparison: Relationally extended systems such as Pgvector achieve

higher throughput, benefiting from cost-based query optimization and efficient memory manage-

ment. Native vector systems such as Milvus provide a more balanced trade-off between performance

and recall, owing to their segment-based storage design and parallel query execution.

(2) Hybrid execution strategy: Different query selectivity and filter correlations have a signifi-

cant impact on search performance. Specifically, both pre-filtering and in-filtering perform poorly

under low selectivity due to the large candidate set and interrupted traversal paths. Post-filtering

becomes ineffective when filter correlation is low, as the resulting candidate set may be insufficient.

Extended filtering is generally more robust across settings, but incurs higher index construction

and query-time overhead. Overall, our evaluation indicates that selecting an optimal strategy across

varying selectivity and correlations remains an open problem.

(3) Dynamic update performance: Vector database performance is strongly influenced by how

systems handle dynamic updates. In-place update mechanisms (e.g., Pgvector) are more efficient

in read-dominated workloads with infrequent modifications, whereas append-based designs (e.g.,

Milvus) offer more stable performance under high update rates by decoupling writes from index

maintenance through asynchronous processing.

(4) The impact of data scaling: Different vector index types exhibit different performance

characteristics as data scale increases. IVFFlat performs well on small-scale datasets with moderate

dimensionality, benefiting from efficient space partitioning. However, as dataset size or dimen-

sionality grows, its performance degrades due to reduced clustering accuracy and increasingly

expensive linear scans within inverted lists. In contrast, HNSW scales more effectively to large,

high-dimensional datasets by enabling efficient graph-based search, at the cost of higher memory

consumption and longer indexing time.

(5) The comparison of libraries vs. systems: Compared with vector database systems with

integrated support for filtered vector search, vector search libraries have three key limitations.

First, they do not natively support filter predicates, requiring applications to handle filtering logic

externally. Second, they lack the ability to dynamically adapt execution strategies under different

query characteristics. Third, they provide no system-level memory management or optimized

storage layouts, which leads to higher overhead under concurrent workloads.

7 Conclusion
In this work, we propose a controllable benchmark, named VecBench. We make three contributions.

First, we propose a controllable data generationmethod for providing dataset with diverse dimension

and scale as well as a theoretical error bound. Second, we propose a distribution-aware query

generation method with varied selectivity and filtered correlation. Third, we propose a unified

metric to quantify the overall performance. Experimental results over four representative vector

databases verify the effectiveness of VecBench on benchmarking filtered vector search.
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